RGN /MGP

Rudarsko-geoloSko-naftni zbornik

The Mining-Geological-Petroleum Engineering Bulletin

Godiste XXXVII, broj 76 / Anno XXXVII, number 76



RGNZ/MGPB

Detalj eksploatacije gradevinskog pijeska i §ljunka na eksploatacijskom polju ,,Hrastovljan* koje se nalazi u
blizini Varazdina. Koncesionar na tom polju je Colas Mineral d.o.o.

Fotografiju nacinio Sasa Kolar, tehnicar Rudarsko-geolosko-naftnog fakulteta fakulteta.

Detail of the mining of construction sand and gravel at the “Hrastoviljan” mining field near Varazdin. The con-
cessionaire of this field is Colas Mineral d.o.o.

The photograph was taken by Sasa Kolar, technician at the Faculty of Mining, Geology and Petroleum Engineering.
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Evaluating LiquefaCtion Susceptibility (The Mining-Geology-Petroleum Engineering Bulletin)
Through HVSR and MASW Methods: DO 1017794/1gn 202551
A Case Study in Mamuju, West Sulawesi,  Original scientific paper

Indonesia

Andri Moh. Wahyu Laode!® *, Muh. Altin Massinai** ® %,
Muhammad Fawzy Ismullah Massinai**® ™, Erfan Syamsuddin*
! Department of Geophysics, Faculty of Mathematics and Natural Science, Hasanuddin University, South Sulawesi 90245, Indonesia.

2 Geology Program, Department of Earth Sciences and Environment, Faculty of Science and Technology, Universiti Kebangsaan Malaysia,
43600 UKM Bangi, Selangor Darul Ehsan, Malaysia.

P

Abstract

The 2021 Mamuju earthquake (Mw 6.2) highlighted the region’s high vulnerability to liquefaction due to its proximity to
active tectonic zones, as well as the presence of Holocene alluvial deposits, unconsolidated sedimentary formations, and
water-saturated soils, all of which contribute to high susceptibility to seismic shaking. This research assesses the lique-
faction potential of the Mamuju area using an integrated approach that combines the Horizontal-to-Vertical Spectral
Ratio (HVSR) and Multichannel Analysis of Surface Waves (MASW) methods. This study investigates an inverse correla-
tion between Vs30 and the seismic vulnerability index (Kg), where lower V_ values correspond to higher Kg values, indi-
cating increased liquefaction susceptibility. The HVSR analysis shows that the dominant frequency (f;) ranges from 0.4
to 11 Hz, while the amplification factor (A,) varies between 1.1 and 1. The results indicate that coastal zones with thick
alluvial deposits exhibit the lowest fy values (<2.5 Hz), which correlate with V., <175 m/s and K > 10, suggesting a
higher likelihood of liquefaction. Conversely, areas underlain by the Mamuju Formation and Adang Volcanics, character-
ized by higher Vo (>175 m/s), fy (>10 Hz), and K _(<10), show lower susceptibility. These findings contribute to develop-
ing a detailed microzonation map for liquefaction risk, which is essential for improved urban planning and disaster
mitigation in Mamuju. This study demonstrates that integrating HVSR and MASW methods is an effective approach to
characterizing soil properties and enhancing liquefaction risk assessment in seismically active regions.

Keywords:
liquefaction, HVSR, MASW, Seismic Vulnerability Index, shear wave velocity, Mamuju earthquake

1. Introduction One of the destructive impacts of earthquakes is the phe-
nomenon of soil liquefaction. Soil liquefaction is a phe-
nomenon in which saturated, loosely packed soil tempo-
rarily loses its strength and stiffness due to a sudden in-
crease in pore water pressure induced by cyclic loading
from earthquake shaking, causing it to behave like a

three tectonic plates, which are the Eurasian Plate, the liquid (Sukkarak et al., 2021; Tabrizi-Zarringhabaei
Indo-Australian Plate, and the Pacific Plate (Sompotan, "1 5019: Zhou et al 2026) This condition can ro-
2012; Supendi et al., 2021). The movement of these 2 ’ ” :

plates exerts additional stress on the tectonic setting of
Sulawesi, contributing to complex fault dynamics, in-

The Mamuju region is located in a highly earthquake-
active area of West Sulawesi. Based on the research of
(Hanifa et al., 2022; Meilano et al., 2023), such condi-
tions were due to the position near the convergence of

sult in severe damage to infrastructure and buildings,
such as ground subsidence, lateral spreading, and struc-

. . . ) > . tural collapse (Chaloulos et al., 2020). Therefore, iden-
creasing strain accumulation, and enhancing the likeli- tifying areas vulnerable to liquefaction is crucial for

hooi.(i.f fau}t ;urf\tdure, thereby aﬁ’;gmg the Selsmlfc ﬁ’ul' earthquake disaster risk mitigation efforts (Bao et al.,
nerability of the Mamuju region. The movement of these 2019; Mahmoud et al., 2020).

lat tri bducti d active fault .
that can potentially produce high-magnitude carthquakes | The 2021 Mamuju carthquake (M 6.2) underscored
P yP g g 4 the need for a detailed assessment of soil vulnerability to

Rosid et al., 2022). A It of this high tectonic ac- . L .
(. osc etat, 20 ) \5 @ TESUT OF TS Fgh tectonic as liquefaction in the region (Hanifa et al., 2022; Hossain
tivity, the Mamuju region frequently experiences signifi- S
. . et al., 2020). Indications such as ground settlement and
cant and destructive earthquakes (Meilano et al., 2023). . .
increased pore water pressure were reported in several

* Corresponding author: Muh. Altin Massinai areas (see Figure 2A-E), highlighting the importance of
e-mail address: altin@science.unhas.ac.id evaluating liquefaction susceptibility (BMKG, 2021).
Received: 12 January 2025. Accepted: 1 April 2025. This study aims to analyze soil vulnerability and map
Available online: 21 October 2025 liquefaction risks in Mamuju using the HVSR (Horizon-
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Figure 1. The geological formations and seismic activity in the study area. On January 15, 2021, a Mw 6.2
earthquake occurred near the active Makassar Strait Thrust (MST) system. Significant historical events in the
region include the Mw 7.0 earthquake in 1969 and the Mw 7.0 earthquake in 1984. The colored circles
represent seismic activity recorded from 1963 to 2024, based on data from the United States Geological Survey
(USGS) Catalog. The colors of the circles indicate differences in earthquake depth, while the circle size
represents the earthquake magnitude.

tal to Vertical Spectral Ratio) and MASW (Multichannel
Analysis of Surface Waves) methods (Quintero et al.,
2023; Roy et al., 2022). The MASW method utilizes an
active seismic wave source and records the propagation
of surface waves to obtain shear wave velocity (V) pro-
files (Alan et al., 2019; Liu et al., 2020; Mohammed et
al., 2020). In contrast, the HVSR method captures ambi-
ent vibrations at the study site (Nguyen-Tien et al.,
2022; Pina-flores et al., 2020; Sedaghati et al., 2018)
to determine natural frequency, ground amplification,
and the seismic vulnerability index (Akkaya, 2020;
Yaghmaei-Sabegh & Rupakhety, 2020), which are key

indicators in assessing liquefaction potential (Kang et
al., 2020). Integrating these two methods provides a more
comprehensive understanding of soil properties and
seismic response, essential for accurate liquefaction risk
assessments (Alkan & Akkaya, 2023; Uyanik, 2020).
Previous studies have demonstrated the effectiveness
of combining MASW and HVSR in assessing soil vul-
nerability and liquefaction risk in various regions (Chi-
aradonna et al., 2022; Kang et al., 2021; Mahajan et
al., 2012; Mase et al., 2018; Pamuk et al., 2018; Shel-
ley et al.,, 2015; Sundararajan & Seshunarayana,
2011; Syamsuddin et al., 2024). These studies highlight

Rudarsko-geolosko-nafini zbornik 2025, 40 (5), pp. 1-18, https://doi.org/10.17794/rgn.2025.5.1
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Figure 2. HVSR and MASW survey locations and geological formations of the study area. A-D indicate locations affected by
the 2021 Mamuju earthquake, showing damage features such as sand boils, ground subsidence, collapsed buildings,
and the emergence of water from previously dry holes (BMKG, 2021).

the ability of MASW to delineate shear wave velocity
profiles, while HVSR provides insight into site reso-
nance frequency, amplification factors, and seismic vul-
nerability index, making it possible to identify subsur-
face conditions that contribute to the potential for lique-
faction. However, most of these studies have been
conducted in regions with well-documented seismic
histories, whereas limited research has explored the ap-
plicability of these methods in Sulawesi, particularly in
Mamuju, where recent earthquakes have caused signifi-
cant damage.

Existing seismic studies in Mamuju have primarily
focused on macroseismic observations and general geo-
logical assessments (Supendi et al., 2021), lacking de-
tailed microzonation efforts that integrate geophysical
methods to quantitatively assess liquefaction suscepti-
bility. Furthermore, while MASW and HVSR have been
used separately in other earthquake-prone regions, their
combined application to analyze liquefaction suscepti-
bility in Mamuju remains unexplored. This study fills
this gap by integrating MASW and HVSR techniques to
obtain high-resolution V' profiles, seismic vulnerability

index, and site amplification characteristics. The find-
ings contribute to refining seismic hazard models, en-
hancing spatial planning strategies, and improving
earthquake disaster mitigation efforts, particularly in
Mamuju, a region with high seismic activity.

2. Tectonic Activity and Geological Setting

Due to its position at the triple junction of the Austral-
ian Plate, Sunda Plate, and Philippine Sea Plate, Sulawe-
si Island in eastern Indonesia experiences the relative
displacement of at least four microblocks through active
faulting (Simons et al., 2007). In West Sulawesi, the
eastern boundary of the Sunda Plate is marked by the
Makassar Block. The relative movement between the
Makassar Block and the Sunda Plate is accommodated
by the Makassar Strait Thrust (MST), which is divided
into the Somba, Mamuju (MSTM), Central (MSTC),
and Northern (MSTN) segments (Meilano et al., 2023).
Although the slip rate of the MST is about one-quarter
that of the Palu-Koro Fault, the MST remains a signifi-
cant earthquake threat to communities along the western

Rudarsko-geolosko-naftni zbornik 2025, 40 (5), pp. 1-18, https://doi.org/10.17794/rgn.2025.5.1
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Figure 3. a) HVSR measurement procedure. b) Example of HVSR curve at station AND_o4 (black line), maximum
and minimum standard deviation (dashed black line). The dashed red vertical line shows the dominant frequency processed
through GEOPSY software. The dashed blue horizontal line shows the maximum amplitude of the dominant frequency.

¢) MASW measurement procedure (TERRADAT, 2024)

Sulawesi coast, especially in Mamuju Regency (Supen-
di et al., 2021). Notable earthquakes along the MST (as
seen in Figure 1) include the 1969 Majene earthquake
Mw 7.0), the 1984 Mamuju earthquake (Mw 7.0), and
the 6.2 Mw earthquake on January 15, 2021. The 2021
earthquake occurred near the active MST system, fol-
lowing a Mw 5.9 earthquake 12 hours before the main
shock (Meilano et al., 2023; Supendi et al., 2021).

The Mamuju region consists of sedimentary, meta-
morphic, volcanic, and intrusive rock formations rang-
ing from the Mesozoic to the Quaternary (see Figure 1).
The Latimojong Formation, the oldest unit, comprises
metamorphic rocks such as quartzite, phyllite, and mar-
ble (White et al., 2017). Overlying it, the Toraja, Sekala,
and Lariang Formations are composed of sandstone,
shale, marl, and carbonate-rich deposits, representing
marine to transitional depositional settings (Ardianto et
al., 2024). Volcanic activity is recorded in the Talaya and
Adang Volcanics, which consist of volcanic breccia,
lava flows, tuff, and basaltic rocks, while Quaternary de-
posits, including the Budong-Budong Formation and al-
luvium, cover coastal and riverine areas (Perdana &
Amijaya, 2011; White et al., 2017). The structural geol-
ogy of the region is dominated by faults trending north-
east-southwest and northwest-southeast, which have re-
sulted in faulting, folding, and uplift. The highlands,
primarily composed of metamorphic and volcanic rocks,

. d) HVSR and MASW data acquisition at the research site.

contrast with the lowlands, which are covered by uncon-
solidated Quaternary sediments that are more suscepti-
ble to seismic amplification and liquefaction (Rosianna
et al., 2020).

A) The research site indicated to have experienced lig-
uefaction, marked by sand boils on the pavement blocks
and collapsed walls, with a swamp located near site A
(BMKG, 2021). B) Collapsed building accompanied by
ground subsidence at the Mamunyu Subdistrict Office,
Mamuju (BMKG, 2021). C) Ground subsidence and col-
lapsed buildings in a residential area. D) Emergence of
water in previously dry holes due to increased pore water
pressure (BMKG, 2021). E) Collapsed buildings in a
residential area near the Mamuju port (BMKG, 2021).

The study area comprises three geological forma-
tions: Alluvium, Mamuju Formation, and Adang Volcan-
ics (as shown in Figure 2). The Alluvium Formation
consists of loose sediment deposits commonly found in
lowland areas near the coast and along rivers. These
water-saturated alluvial layers are prone to liquefaction
because they are highly susceptible to deformation due
to earthquake shaking. The Mamuju Formation is com-
posed of marl, calcareous sandstone, coral limestone,
and tuffaceous sandstone, with local occurrences of con-
glomerate and claystone. This formation represents a
shallow marine depositional environment, characterized
by carbonate sedimentation interbedded with volcani-

Rudarsko-geolosko-naftni zbornik 2025, 40 (5), pp. 1-18, https://doi.org/10.17794/rgn.2025.5.1
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clastic deposits (Perdana & Amijaya, 2011; White et
al., 2017). The presence of poorly consolidated marl and
tuffaceous sandstone indicates weak lithification, mak-
ing the formation more susceptible to deformation under
seismic loading (Rosianna et al., 2023). The Adang
Volcanics consist of various volcanic rocks, primarily
phonolitic leucite, containing minerals like leucite, K-
feldspar, plagioclase, pyroxene, and small amounts of
opaque minerals (Shaban et al., 2016). These rocks tend
to undergo moderate to strong weathering (Ritonga et
al., 2021). Overall, the Mamuju region and its surround-
ings are characterized by numerous geological forma-
tions dominated by loose sediment deposits, both in low-
land areas and hills. The predominance of loose sedi-
ments increases the region’s vulnerability to the
destructive impacts of earthquakes (Rosianna et al.,
2020; Zaidani et al., 2023).

2. Data and Methods

2.1. Data

The data used in this study consist of measurements
from 72 microtremor sites and 2 MASW lines spread
across Mamuju, West Sulawesi (see Figure 2). MASW
data acquisition was conducted with a sampling rate of
0.5 ms and a sampling frequency of 2000 Hz, with a re-
cording duration of 1.024 s. The survey utilized 24 geo-
phones with a natural frequency of 4.5 Hz, arranged in a
straight line, with a near-offset of 5 meters and a spacing
of 1 meter between geophones. A sledgehammer was
used as an active source. The roll-along configuration
was employed to obtain 2D data. For line 1, the source-
receiver was shifted 2 meters with a total of 12 shots,
while for line 2, the source receiver was moved 1 meter
with a total of 13 shots. The difference in geometry be-
tween the two profiles was due to field conditions that
prevented the use of the same geometry. The documen-
tation of microtremor HVSR and MASW acquisition is
presented in Figure 3d.

Microtremor measurements were conducted for dura-
tions of 20-60 minutes with a sampling frequency of 100
Hz and a sampling rate of 0.01 s using a Digital Portable
Seismograph type TDL-303S and a seismometer type
DS-4A. The recorded data consisted of three compo-
nents of the seismogram: the horizontal components
(North-South and East-West) and the vertical compo-
nent (Up-Down) (Mihaylov et al., 2019). The recorded
data were then processed to obtain HVSR using the fol-
lowing Equation 1 (Khalili & Mirzakurdeh, 2019;
Ma et al., 2019):

[Hy +H,,’
HVSR = [ 2o (1)
Where:

HVSR - horizontal to vertical spectral ratio,

H,, —amplitude spectrum of the north-south hori-
zontal component,

H,, —amplitude spectrum of the east-west hori-
zontal,
A" —amplitude spectrum of the vertical compo-
nent.
2.2. Method

The Horizontal-to-Vertical Spectral Ratio (HVSR)
method is a passive geophysical technique used to eval-
uate the dynamic properties of soil and local site effects
(Chavez-Garcia & Raptakis, 2017; Maghami et al.,
2021; Maklad et al., 2020). The fundamental principle
of HVSR involves recording ambient vibrations using a
three-component seismometer (Bignardi, 2017; Gupta
et al., 2021). These vibrations originate from various
natural and anthropogenic sources, such as wind, ocean
waves, and human activities (Ahn et al., 2021; Yang et
al., 2019). The recorded data are then analyzed to pro-
duce the HVSR curve (see Figure 3b), which displays
the spectral amplitude ratio of the horizontal to vertical
components as a function of frequency (Fat-Helbary et
al., 2019; Molnar et al., 2022). A reliable HVSR curve
must meet the criteria established by SESAME (2004).
These criteria include the stability of the HVSR curve
across different time windows, the presence of a clear
peak (as shown in Figure 3b), a low standard deviation
within one octave of the fundamental frequency (fo), and
consistency in amplitude and shape between the three
components. Data that fulfill these conditions are con-
sidered reliable and suitable for further interpretation.
The HVSR measurement procedure can be seen in Fig-
ure 3a. Peaks in the HVSR curve indicate the dominant
frequency of the soil layers (Moon et al., 2019), which
is directly correlated with the thickness and shear wave
velocity of the sediment layers above the bedrock
(Perez, 2024). The value of the dominant frequency (f,)
for a region can be expressed by the following Equation
2 (Nakamura, 2000):

v,
fy 1 2)
Where:

fo — dominant frequency (Hz),

V — shear wave velocity (m/s),

H — thickness of the sediment layer (m).

Soil vulnerability to liquefaction is assessed using the
seismic vulnerability index (Kg) derived from HVSR. Kg
identifies the susceptibility of a soil layer to deformation
due to earthquakes (Pamuk et al., 2018). High K values
indicate that an area is prone to seismic effects (Livaoglu
et al., 2019), especially in soils with soft sedimentary
rock lithology, such as coastal zones dominated by Al-
luvium formations (Putti & Satyam, 2020). These loose
sediments, composed of sand, clay, and silt, have low
cohesion and high water content, making them more
susceptible to liquefaction during strong ground shaking
(Sana & Nath, 2016). Liquefaction occurs when water-
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saturated, loose granular soils lose their shear strength
due to increased pore water pressure during seismic
shaking, resulting in fluid-like behaviour of the ground
(Hanindya et al., 2023; Kusmanto et al., 2024). This
phenomenon may lead to ground subsidence, lateral
spreading, and structural damage (Kang et al., 2020).
The K index is particularly useful in identifying high-
risk zones where seismic and liquefaction hazards are
not immediately apparent from surface observations. A
value of K> 10 suggests potential deformation, includ-
ing liquefaction, whereas K, < 10 indicates more com-
pact and stable soils that are less prone to seismic stress-
induced failure (Akkaya, 2020; Kang et al., 2021). Sur-
face soil characteristics can be analyzed through the
dominant frequency obtained from HVSR (Chen et al.,
2020; Rong et al., 2020). Ground motion at a location is
usually associated with a dynamic strain induced by
seismic vibrations (Trifunac, 2016) and is often evalu-
ated using the seismic vulnerability index (Kg) through
the following Equation 3 (Susilo et al., 2023):

A
K, = F (©)
Where:
A, —amplification,
fo — dominant frequency (Hz),
K, — seismic vulnerability index.

In addition to the K value, V', (the average shear
wave velocity at a depth of 30 meters) is derived from V.
profiles at each microtremor site through HVSR inver-
sion (Sivaram et al., 2018). Soil layers with low V' val-
ues generally 1ndlcate soft or loose soils (Na_]aftomarel
et al., 2020), which are more vulnerable to changes in
characteristics during strong vibrations (Senkaya et al.,
2019). In contrast, high V' values indicate denser and
more stable soils, with a lower risk of structural changes
during shaking (Salleh et al., 2021). To further analyze
subsurface characteristics, spatial maps of dominant fre-
quency (fo), seismic vulnerability index (K), and V',
were generated using interpolation techniques. Specifi-
cally, the Inverse Distance Weighting (IDW) method
was applied to estimate values at unsampled locations
by computing a weighted average of nearby measured
points, where weights are inversely proportional to the
distance (Ghione et al., 2023; Odom & Doctor, 2023).
This method was chosen for its effectiveness in captur-
ing local variations in geophysical parameters while
maintaining computational efficiency (Qadri et al.,
2015). In this study, V', for shallow layers were also ob—
tained using MASW surveys conducted at locations pre-
viously identified as areas susceptible to liquefaction.
The Multichannel Analysis of Surface Waves (MASW)
utilizes surface wave analysis (Rayleigh waves) to de-
rive shear wave velocity (V) profiles in the soil layers
(Abudeif et al., 2019; Liu et al., 2020). The acquired
MASW data were processed using the Geopsy software,
where dispersion curves were extracted and inverted us-

ing the Neighborhood Algorithm (NA) to derive the 1D
shear wave velocity (V) profiles. These 1D profiles were
then interpolated to construct a 2D ¥, model to charac-
terize subsurface conditions. The interpolation method
used was kriging, which provides a statistically optimal
estimation of V_ distribution by considering spatial cor-
relations between data points, thereby ensuring a smooth
and continuous representation of subsurface velocity
variations (Ismail et al., 2014). The reliability of the V_
profile is evaluated based on the fit between the theoreti-
cal and experimental dispersion curves (Foti et al.,
2015). The misfit value is a parameter that quantifies the
discrepancy between experimental and theoretical dis-
persion curves and is calculated using the following
Equation 4 (Wathelet et al., 2004):

4

Where:
x, —experimental Rayleigh wave phase velocity
(m/s),
x, — theoretical Rayleigh wave phase velocity (m/s),
n, —number of frequency samples,
o, — the uncertainty of the frequency samples consid-
ered.

The lower the value of misfit, the better the match
between the experimental and theoretical dispersion
curve, indicating a more reliable ¥, model (Griffiths et
al., 2016). The MASW procedure is 'shown in Figure 3c.

3. Results

In evaluating the liquefaction potential in Mamuju,
West Sulawesi, the ambient noise recorded at 72 sites
met the HVSR curve criteria in accordance with SESA-
ME (2004). The results are shown in Table 1.

3.1. Dominant Frequency

The dominant frequency, which refers to the funda-
mental resonance frequency of a site, is a crucial param-
eter in assessing site response to seismic activity (Syam-
suddin et al., 2024). The frequency is inversely related
to the thickness of the soil layer above bedrock, lower
frequencies suggest deeper unconsolidated layers, while
higher frequencies correspond to shallower layers (Kang
et al., 2021; Pamuk et al., 2018). The results of the
dominant frequency obtained at each site can be seen in
Figure 4.

The dominant frequency values obtained at each site
range from 0.4 to 12.6 Hz. Sites with low dominant fre-
quencies (<2.5 Hz) are predominantly located along the
coastline, indicating thick sediment layers with an allu-
vial rock formation. Medium dominant frequencies (2.5
— 10 Hz) are mainly found in areas with higher eleva-
tions, although some are also near the coastline. Sites
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Table 1. HVSR Results at each station in Mamuju, West Sulawesi

ID Longitude Latitude f, (Hz) A, Kg V., (m/s)
AND 01 707861 9703015 1.7 7.0 16.8 178
AND 02 706320 9704472 0.5 3.5 14.4 128
AND 03 707694 9702319 1.0 3.3 6.7 125
AND 04 707338 9701954 49 6.0 4.4 187
AND 05 706937 9702350 2.4 2.3 1.3 205
AND 06 706611 9703939 1.2 2.4 2.7 164
AND 07 706564 9703439 4.6 1.9 0.5 251
AND 08 707394 9704458 0.5 2.7 8.0 143
AND 09 707020 9703381 11.0 5.0 1.3 274
AND 10 707442 9703453 0.6 4.8 22.9 126
AND 11 707358 9702582 1.5 2.6 2.6 180
AND 12 709386 9703475 2.3 5.1 6.7 187
AND 13 709526 9703857 1.2 3.3 54 197
AND 14 710384 9704778 0.9 2.5 4.1 159
AND 15 709972 9703088 1.6 5.0 9.6 178
AND 16 709054 9702977 1.0 5.5 17.9 174
AND 17 706710 9704642 2.9 6.6 9.1 164
AND 18 711084 9704010 0.7 3.5 10.0 133
AND 19 710708 9704602 0.8 7.7 44.9 164
AND 20 710888 9703433 4.7 1.8 0.4 214
AND 21 710282 9702888 5.6 2.0 0.4 282
AND 22 709688 9702492 1.4 33 4.7 179
AND 23 708347 9701854 3.0 2.1 0.9 245
AND 24 706283 9705088 5.5 4.5 2.2 222
AND 25 708959 9703487 1.0 29 5.0 180
AND 26 707966 9703520 0.9 49 15.6 122
AND 27 708453 9703556 1.2 5.2 13.8 177
AND 28 705926 9705280 4.9 3.1 1.2 220
AND 29 711357 9704358 0.4 3.9 21.8 142
AND 30 711700 9704880 1.6 54 10.8 195
AND 31 711226 9704906 1.3 4.8 10.7 166
AND 32 710618 9703401 04 2.6 9.4 129
AND 33 709496 9703066 1.5 3.7 5.6 149
AND 34 710007 9704387 6.7 3.7 1.2 268
AND 35 709843 9703728 3.9 2.9 1.3 155
AND 36 706354 9702903 0.8 6.1 27.3 155
AND 37 705546 9704538 2.7 2.7 1.6 196
AND 38 710400 9704454 3.8 3.7 2.1 185
AND 39 711083 9704569 3.8 3.7 2.1 199
AND 40 710812 9704931 1.3 2.7 34 146
AND 41 711983 9704505 0.8 3.1 7.3 170
AND 42 707216 9704024 0.5 6.1 44.3 138
AND 43 705920 9703106 10.8 3.1 0.5 243
AND 44 706941 9704225 1.0 2.8 4.9 142
AND 45 706040 9705716 04 4.4 28.1 138
AND 46 705334 9706005 1.8 3.2 3.5 157
AND 47 711194 9703685 8.3 3.7 1.0 312
AND 48 709567 9704070 0.8 5.6 24.3 140
AND 49 711473 9703421 6.7 3.5 1.1 275
AND 50 711732 9703745 24 3.7 34 209
AND 51 711789 9704287 2.3 3.2 2.7 243
AND 52 710421 9703864 3.5 3.2 1.8 282
AND 53 710421 9704144 0.8 2.8 5.6 136
AND 54 706894 9702847 1.7 7.0 16.8 147
AND 55 707373 9703016 0.5 3.6 15.6 149
AND 56 707111 9703199 2.4 2.3 1.3 137
AND 57 707493 9704010 0.7 3.5 10.0 114
AND 58 711560 9703196 4.7 1.8 04 228
AND 59 710626 9703013 4.3 1.1 0.2 165
AND 60 708391 9702772 3.2 2.4 1.1 231
AND 61 708535 9703139 0.9 4.9 16.5 151
AND 62 708150 9702440 0.7 1.5 2.2 125
AND 63 706465 9702352 3.0 2.0 0.8 154
AND 64 705596 9705093 34 2.0 0.7 204
AND 65 706028 9703999 9.9 3.7 0.8 291
AND 66 708879 9702626 3.7 3.3 1.8 231
AND 67 706966 9703681 0.6 11.0 127.8 131
TYT 01 707687 9702681 0.8 1.7 2.2 114
TYT 02 707677 9702681 1.0 1.8 1.9 159
TYT 03 707687 9702671 0.6 2.1 4.4 133
TYT 04 707697 9702681 0.8 2.0 3.0 112
TYT 05 707687 9702690 0.8 2.8 5.9 105
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Figure 4. Distribution of dominant frequency across the study area from HVSR analysis. A) The research site
indicated to have experienced liquefaction.

with high dominant frequencies (>10 Hz) are mostly lo-
cated in the eastern and western parts of the study area,
where the terrain has higher elevations compared to sites
with low and medium frequencies, this frequency indi-
cates thin sediment layers of less than 5 meters. Relating
this to the geological formations in the study area (see
Figure 2), sites with low-frequency values are found in
the Alluvium Formation, while some are in the Mamuju
Formation. According to (Kang et al., 2020; Syamsud-
din et al., 2024), the Alluvium Formation consists of li-
thology that includes sand, gravel, silt, clay, and gravel,
which is vulnerable to the destructive impacts of earth-
quakes, including liquefaction.

3.2. Shear Wave Velocity

Shear wave velocity (V) is an essential parameter for
characterizing the dynamic properties of shallow sub-
surface materials (Pandavenes et al., 2023). The aver-
age shear wave velocity in the upper 30 meters (V,)) is
often used to classify soil types and assess their potential
for amplification during an earthquake (Alkan & Ak-
kaya, 2023). Lower V, values are indicative of softer,

more vulnerable soils, while higher values represent
stiffer, less susceptible formations (Bajaj & An-
bazhagan, 2019; Kang et al., 2021). The distribution of
V., values can be seen in Figure 5.

Based on the HVSR result, the V) values obtained
are divided into two classifications: soft soil (<175 m/s)
and stiff soil (175 — 350 m/s). Areas with V', values
<175 m/s are predominantly located along the coastline,
which are generally more vulnerable to ground wave
amplification during an earthquake. In the study area,
the Alluvium Formation mostly falls into this category.
Alluvium consists of loose and unconsolidated sedi-
ments, resulting in lower shear wave velocity values.
This indicates that this formation is at a higher risk of
experiencing destructive earthquake impacts, such as
liquefaction, especially in densely populated areas built
on this soil. In contrast, the Mamuju Formation and parts
of the Adang Volcanic Formation fall into the medium
soil category, with V. values ranging from 175 to 350
m/s. These V, values are found in areas with higher el-
evations, although some are also located near the coast-
line. The lithology of these formations tends to be harder
than the Alluvium Formation, which means the defor-
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Figure 5. Distribution of Vs_ values across the study area from HVSR analysis. A) The research site indicated
to have experienced liquefaction.

mation caused by earthquakes is likely to be lower.
However, despite being less vulnerable to amplification,
the presence of discontinuities or weathered zones with-
in these formations can still pose local seismic risks.

In addition to the V', values obtained through HVSR
inversion, MASW measurements were also conducted at
locations identified as having experienced liquefaction
during the 2021 earthquake. The V_ profiles from the
MASW measurements are shown in Figure 6a and
Figure 6b. Based on the 2D V profiles from both survey
lines, the soil falls into the soft soil category. When
compared with the 1D ¥, profiles from HVSR inversion
(sites TYT 01, TYT 02, TYT 03, TYT 04, and
TYT_05), consistency is observed, where the V values
at depths of less than 30 meters are low (see Figure 7),
this indicates that the subsurface sediment layers in this
area are relatively thick.

Furthermore, a comparison between V' profiles from
HVSR and N-SPT values obtained from existing bore-
hole data by Arsyad et al. (2022) reveals a consistent
trend across several locations, including microtremor
sites AND 26 (near DH-03), AND 27 (near DH-04),
AND 25 (near DH-05), AND 40 (near DH-06), and

AND_29 (near DH-07). As shown in Figure 8, the up-
permost layer (0—10 m) exhibits V/ <175 m/s and N-SPT
values below 10, indicating very loose to loose soil char-
acteristics. This layer consists of very loose silty sand
(0—8 m) and loose silty sand (8—18 m), which are gener-
ally associated with low bearing capacity and high sus-
ceptibility to deformation under dynamic loading.

At depths greater than 10 meters, V values exceed 175
m/s, while N-SPT values also increase beyond 10. This
trend marks the transition from loose to more compact
and consolidated soils. In the 18—44 meters depth range,
classified as medium fine sand, V values range between
175 and 350 m/s, accompanied by a gradual increase in
N-SPT values. Beyond 44 meters, the subsurface consists
of dense to very dense sand, where V, values exceed 350
m/s, and N-SPT values continue to rise, reflecting a more
stable subsurface condition. The correlation between V,
and N-SPT is particularly relevant for liquefaction assess-
ment. Previous studies suggest that soils with ¥, < 200
m/s and N-SPT < 10 are highly susceptible to liquefaction
(Sundararajan & Seshunarayana, 2011). In this study,
such conditions are observed in the upper 10 meters,
where the soil remains unconsolidated.
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3.3. Seismic Vulnerability Index

The seismic vulnerability index (K ) provides a quan-
titative measure of a site’s susceptibility to seismic shak-
ing, liquefaction, and potential damage (Pamuk et al.,
2018). It is calculated by relating the amplification factor
(Ao) and the dominant frequency (fo), as seen in Equa-
tion 2, according to (Akkaya, 2020; Kang et al., 2021)
higher Kg values suggest a greater likelihood of ground
deformation, liquefaction, and structural damage. The
distribution of K_values in the study area can be seen in

Figure 9. Areas dominated by the Alluvium Formation,
which consists of loose sediments such as sand, clay, and
silt, tend to have higher K values, these results are con-
sistent with the findings of (Kang et al., 2021; Syam-
suddin et al., 2024). This is due to the Alluvium’s sus-
ceptibility to deformation and compression, increasing
the liquefaction potential, especially in densely popu-
lated or infrastructurally significant zones. To further
verify these findings, borehole data from previous inves-
tigations in Mamuju (Arsyad et al., 2022) were ana-
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lyzed. The geotechnical drillings in coastal areas re-
vealed that the first 8 m consists of very loose silty sands,
underlain by 10 m of loose silty sand, followed by 26 m
of medium-dense sands and deeper dense to very dense
sands. These layers coincide with the areas of high K
values, supporting the correlation between sediment
characteristics and liquefaction susceptibility. Further-
more, the borehole data indicate that liquefaction thick-
ness could reach up to 16 m during a deterministic Mw
7.0 earthquake with a peak surface acceleration of
0.414g, consistent with the spatial distribution of Kg val-
ues. Additionally, these findings align with the locations
of observed liquefaction during the 2021 Mw 6.2 earth-
quake, where the borehole recorded significant post-lig-
uefaction ground settlement of up to 50 cm.

4. Discussion

The integration of HVSR and MASW methods has
proven to be a robust approach for assessing liquefaction
susceptibility in Mamuju, West Sulawesi. The results of
this study align with existing literature, demonstrating
that the combined use of fo, V, and K_parameters pro-
vides a comprehensive framework for evaluating seis-
mic vulnerability. The low fo values (<2.5 Hz) observed

in coastal regions confirm the presence of thick, uncon-

solidated alluvial deposits. These findings are consistent
with prior studies (Mirzaoglu & Dykmen, 2003; Mol-
nar et al., 2022; Pamuk et al., 2018; Quintero et al.,
2023; Syamsuddin et al., 2024), which emphasize that
low-frequency resonances are indicative of significant
sediment thickness and increased susceptibility to lique-
faction. The spatial distribution of low fo values aligns
closely with areas affected by liquefaction during the
2021 earthquake, further validating the reliability of
HVSR analysis in identifying high-risk zones (Syam-
suddin et al., 2024). These affected areas correspond to
the Alluvium Formation, which is characterized by loose
sediments commonly found in lowland areas near the
coast and along riverbanks. These water-saturated allu-
vial layers are highly susceptible to liquefaction due to
their ability to deform under seismic loading (Sundara-
rajan & Seshunarayana, 2011).

The V,, results highlight the critical role of shear
wave velocity in characterizing soil stiffness and seismic
response (Anbazhagan et al., 2019; Wijayanto et al.,
2022). Coastal zones with V', values below 175 m/s are
dominated by loose alluvial deposits, which amplify
seismic waves and significantly increase the risk of
ground deformation and liquefaction. This observation
corroborates the findings of Bajaj and Anbazhagan
(2019), who reported similar amplification effects in soft
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Figure 9. Distribution of seismic vulnerability index (K) across the study area from HVSR analysis.
A) The research site indicated to have experienced liquefaction.

soils with low ¥, values. In contrast, the higher V', val-
ues (175-350 m/s) observed in elevated regions, corre-
sponding to the Mamuju and Adang Volcanic forma-
tions, suggest greater soil stability. These results demon-
strate that ¥, serves as a reliable indicator for
distinguishing between areas with varying levels of seis-
mic vulnerability. The MASW measurements in this
study were conducted at locations identified as having
experienced liquefaction during the 2021 earthquake.
This targeted approach ensured that the most vulnerable
areas were thoroughly evaluated. The two-dimensional
V_ profiles derived from MASW data revealed soft soil
conditions with low shear wave velocities, aligning with
the one-dimensional profiles obtained from HVSR in-
version. These areas are characterized by thick, uncon-
solidated sedimentary layers, further confirming their
susceptibility to seismic wave amplification and defor-
mation. By focusing on these high-risk zones, the
MASW measurements provided critical insight into the
spatial variability of subsurface properties, offering a de-
tailed understanding of soil behaviour under seismic
loading. This site-specific data not only validated the
findings from HV SR but also enhanced the reliability of

the microzonation map, reinforcing the importance of
integrating multiple geophysical methods for seismic
risk assessment.

The K parameter further enhances the understanding
of liquefaction potential by quantifying the relationship
between amplification (Ao) and dominant frequency (fo).
The high K values (>10) observed in coastal regions
correspond to the Alluvium Formation, which consists
of unconsolidated sand, silt, clay, and gravel deposits
commonly found in lowland areas near the coast and
along riverbanks. These loose, water-saturated sedi-
ments reinforce their susceptibility to seismic-induced
deformation. Previous studies (Alkan & Akkaya, 2023;
Kang et al., 2021; Livaoglu et al., 2019; Putti & Saty-
am, 2020) have demonstrated that soils with high K val-
ues are prone to liquefaction due to their inability to re-
sist dynamic stresses during earthquakes. In contrast,
lower K values (<10) are predominantly found in the
Mamuju Formation and Adang Volcanics, which consist
of more compacted geological units with greater shear
strength and lower amplification potential. This rein-
forces the reliability of the K index in identifying lique-
faction-prone areas and underscores its role in seismic
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hazard mitigation. However, while high K_values often
correlate with liquefaction occurrence, exceptions exist
where liquefaction is observed in zones with moderate
K, values, highlighting the influence of additional fac-
tors beyond amplification characteristics. Moreover, not
all zones with relatively high K values experienced lig-
uefaction after the latest earthquake. For example, at lo-
cation A, despite being within a zone classified as having
moderate Kg values, liquefaction evidence in the form of
sand boils on the pavement was observed. This phenom-
enon can be linked to the ¥, profile, which indicates low
V_values extending beyond 30 meters in depth, suggest-
ing weak soil conditions that, while generally cohesive,
may still be susceptible to localized liquefaction under
certain stress conditions. Additionally, the presence of a
swamp near location A (see Figure 2A) could have in-
fluenced subsurface water distribution and pore pressure
dynamics, potentially contributing to the occurrence of
sand boils in the area. This highlights the importance of
considering both geotechnical properties and local envi-
ronmental factors in assessing liquefaction susceptibili-
ty. Given these complexities, integrating K with fo and
V,, offers a more comprehensive approach to microzo-
nation and risk assessment, enabling a more detailed
evaluation of site response characteristics. By combin-
ing these parameters, it becomes possible to refine lique-
faction susceptibility mapping and improve the accuracy
of seismic hazard assessments, ensuring a more robust
framework for future mitigation efforts..

The findings of this study underscore the importance
of considering geological and geotechnical factors in ur-
ban planning and disaster mitigation strategies. Coastal
areas with low ¥ , low fo, and high Kg values are at the
greatest risk of liquefaction and require immediate atten-
tion for disaster risk reduction, consistent with the find-
ings of Kang et al. (2021). Mitigation measures such as
soil stabilization, reinforcement of building foundations,
and the implementation of stricter building codes are es-
sential to reduce the potential impact of future seismic
events. Additionally, the development of detailed micro-
zonation maps based on these parameters can guide pol-
icymakers in identifying high-risk areas and prioritizing
resource allocation for disaster preparedness.

While the integration of HVSR and MASW methods
has yielded valuable insight, some limitations warrant
further investigation. For instance, the accuracy of the fo
values derived from HVSR is influenced by local varia-
tions in sediment properties and environmental noise
conditions, as highlighted by Molnar et al. (2022). Sim-
ilarly, the resolution of V, profiles obtained from
MASW depends on the spacing and configuration of
geophones, which may introduce uncertainties in areas
with complex subsurface conditions (Liu et al., 2020).
Additionally, the presence and depth of groundwater
play a crucial role in liquefaction susceptibility, as satu-
rated loose sediments are more prone to excess pore wa-
ter pressure buildup during seismic events. Areas with a

high water table may exhibit stronger liquefaction ef-
fects, whereas drier soils with similar Vs characteristics
may not experience the same degree of deformation. Fu-
ture studies should consider incorporating groundwater
measurements alongside geophysical surveys to im-
prove liquefaction assessments. To address these limita-
tions, future research should integrate additional geo-
physical methods, such as electrical resistivity tomogra-
phy or borehole logging, to validate and enhance the
reliability of the findings.

Moreover, the study highlights the need for further
research on the dynamic behaviour of soils under cyclic
loading, particularly in regions with complex geological
formations like Mamuju. Laboratory testing and numer-
ical modeling can provide deeper insight into the mecha-
nisms of liquefaction and ground deformation, comple-
menting the field-based findings of this study (Abudeif
et al., 2019). Such efforts will contribute to the develop-
ment of more comprehensive seismic hazard assessment
frameworks, ultimately improving the resilience of com-
munities in seismically active regions. In summary, the
integration of HVSR and MASW methods has provided
a detailed characterization of soil properties and seismic
vulnerability in Mamuju. The findings not only align
with previous research, but also offer practical implica-
tions for disaster risk reduction and urban planning. By
addressing the limitations and expanding the scope of
future studies, this approach can serve as a valuable
model for assessing liquefaction potential in other seis-
mically active regions worldwide.

5. Conclusions

This study provides a detailed assessment of liquefac-
tion susceptibility in the Mamuju region, West Sulawesi,
using the integrated HVSR and MASW methods to
characterize subsurface conditions. The findings confirm
that shear wave velocity (V,)), dominant frequency (fo),
and seismic vulnerability index (K,) are strongly corre-
lated with underlying geological formations, significant-
ly influencing the region’s seismic response. The find-
ings confirm that variations in shear wave velocity (V,)),
dominant frequency (fo), and seismic vulnerability index
(K,) correspond closely with underlying geological for-
mations, influencing the region’s seismic response. Are-
as underlain by unconsolidated alluvial deposits, which
exhibit low V', , low fo, and high Kg values, are identified
as highly susceptible to liquefaction due to their low
shear strength and significant ground motion amplifica-
tion. In contrast, the Mamuju and Adang Volcanic for-
mations, with higher V, and fo values and lower Kg, in-
dicate more stable subsurface conditions with reduced
seismic amplification. The spatial distribution of these
parameters aligns with ground failures observed during
the 2021 Mamuju earthquake (Mw 6.2), reinforcing the
reliability of geophysical methods in identifying high-
risk zones. The results underscore the importance of in-
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tegrating seismic microzonation approaches in earth-
quake-prone regions, providing critical insight for refin-
ing seismic hazard models and improving disaster
mitigation strategies.
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SAZETAK

Procjena podloznosti na pojavu likvefakcije pomoc¢u HVSR i MASW metode:
studija slu¢aja Mamuju, Zapadni Sulawesi, Indonezija

Potres koji je pogodio Mamuju 2021. godine (Mw 6,2) istaknuo je veliku ranjivost regije na likvefakciju zbog blizine ak-
tivnih tektonskih zona, prisutnosti holocenskih aluvijalnih naslaga, nekonsolidiranih sedimentnih formacija i tla zasice-
noga vodom, $to sve pridonosi podloznosti zbog seizmicke aktivnosti. Ovo istrazivanje procjenjuje podloznosti na likve-
fakciju podru¢ja Mamuju koristenjem integriranoga pristupa koji kombinira metodu omjera horizontalnoga i vertikal-
noga spketra (HVSR) i metodu vi$ekanalne analize povr$inskih valova (MASW). Ova studija istraZuje inverznu
korelacijuizmedu V_ iindeksa seizmicke ranjivosti (Kg) gdje niZe vrijednosti V_ odgovaraju visim vrijednostima I(g $to
upuduje na povecanu podloznost na pojavu likvefakcije. HVSR analiza pokazala je kako se dominantna frekvencija (f;)
krece od 0,4 do 11 Hz, dok faktor amplifikacije (Ao) varira izmedu 1,1 i 11. Rezultati upuéuju na to da obalna podrudja s
debljim aluvijalnim naslagama pokazuju najniZe vrijednosti f, (<2,5 Hz), koje koreliraju s V,, <175 m/siK >10,asto
upuduje na vecu vjerojatnost pojave likvefakcije. Nasuprot tome, podrudja ispod formacue Mamu)u i vulkana Adang
okarakterizirana su vi$im vrijednostima V_ , (>175 m/s), f; (>10 Hz) i K, (<10) te upuéuju na manju vjerojatnost pojave
likvefakcije. Ova saznanja pridonose razvo;u detaljne karte mlkrozomran]a nuzne za definiranje rizika od likvefakcije,
§to je vazno ako se Zeli unaprijediti urbanisti¢ko planiranje i ublazavanje katastrofa u Mamujuu. Predmetno istraZivanje
pokazalo je kako integracija HVSR i MASW metoda predstavlja pouzdan pristup pri karakterizaciji svojstava tla, kao i
unaprjedenje procjene rizika od pojave likvefakcije u seizmic¢ki aktivnim regijama.

Kljucne rijeci:
likvefakcija, HVSR metoda, MASW metoda, indeks seizmicke ranjivosti, brzina posmi¢nih valova, potres u Mamujuu
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Abstract

Tambora Volcano is known as a volcano that had a catastrophic eruption in 1815, with an enormous amount of material
released, including pyroclastic flows and fall deposits. From these volcanic products, erosion and transportation pro-
cesses acted towards the coastline and formed iron sand, which contains economically valuable minerals such as mag-
netite. Iron sand is one of the important elements/components for the production of steel and titanium, but its use is
still limited. In Indonesia, iron sand has only been mined and used as a mixture in the production of cement and build-
ing materials because of its low iron content (45-48%). Therefore, it is important to know the characteristics and content
of iron sand to maximise the results of iron sand mining. The characteristics of iron sand deposits from Mount Tambora
are still unclear and have never been studied. Therefore, we conducted a study to identify the geochemical characteristics
and magnetic properties of iron sand around Tambora Volcano to determine the concentration of economic elements
from different volcanic products. This study uses magnetic susceptibility measurements, X-Ray Diffraction (XRD), X-Ray
Fluorescence (XRF), and Inductively Coupled Plasma - Optical Emission Spectrometry (ICP-OES) measurements. Sam-
pling was carried out at three locations in the area, namely Nanga Miro, Baringin Jaya, and Hodo. The Nanga Miro and
Baringin Jaya areas are the lava flow deposit zones of the 1815 eruption and lava flows from previous eruptions, while the
Hodo area is just the pyroclastic flow zone of the 1815 eruption. The results showed that the distribution of sand grain
sizes in Baringin Jaya and Nanga Miro that are from the lava flow deposit zones are dominantly medium sized (MS) and
fine sized (FS). Meanwhile, in Hodo, which is from the pyroclastic flow deposit zone, it is dominantly coarse sized (CS)
and medium sized (MS). Areas from the lava flow zones have high susceptibility values, high Fe concentrations, and
magnetic mineral content of magnetite and haematite. In addition, the REE elements (Ce, Gd, and Pr) have a high con-
centration in iron sand from the lava flow area and have a good Pearson correlation value. The combination of grain size
distribution and magnetic and geochemical properties has shown differences in the characteristics of iron sand in the
Tambora Volcano area.

Keywords:

iron sand, magnetic minerals, grain size, magnetic susceptibility, geochemistry, Tambora

arcs (Wang et al., 2015; Nugraha et al., 2016; Tiwow
et al., 2017; Satria et al., 2021; Zahra et al., 2023). The
formation of sand deposits is determined by several fac-
tors, including the original rock, the alteration process,
the transportation media, and its deposition (Maghfiroh
et al., 2023). Iron sand can come from volcanic erup-
tions or be formed from weathering of original rocks by
weather and surface water, which are then transported
and deposited along the coast or rivers (Rahmi et al.,
2022). In general, iron sand deposits resulting from vol-
canic eruptions have a higher iron content compared to
iron sand deposits resulting from weathering (Brath-
waite et al., 2017; Satria et al., 2021; Zahra et al.,

1. Introduction

Iron sand is a type of sand that has a higher concentra-
tion of iron; the main compositions can be magnetite,
ilmenite, and titanomagnetite, and it contains small
amounts of silica, titanium, manganese, calcium, and va-
nadium (McDougall, 1961; Templeton, 2025). Iron
sand is a type of titania-ferrous solution (TFSO), which
is formed from the rapid cooling of volcanic lava and is
widely distributed in coastal areas (Wright, 1964). Iron
sand is generally found in coastal areas, rivers, and
volcanic mountains with various geological settings, in-
cluding magmatic arcs, volcanic islands, or continental
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e-mail address: putubillysuryanata@gmail.com
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Available online: 21 October 2025

2023). Differences in iron type and composition can af-
fect other properties of iron sand (Leveneur et al.,
2021). According to Rochani et al. (2007), Indonesia
has a large potential for iron mineral resources, consist-
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ing of iron sand (8%), iron ore (17%), and laterite iron
ore (75%). Indonesia, with its unique geology, is home
to iron sand deposits from Aceh, at the northern tip of
Sumatra, to Sarmi, on the northern coast of Papua (Sa-
tria et al., 2021; Yulianto et al., 2003; Zahra et al.,
2023; Kurnio, 2007; Rahmi et al., 2022). The close dis-
tance between iron sand deposits and active volcanoes
indicates that most iron sand deposits originate from re-
cent volcanic eruptions, such as on volcanic islands Su-
matra, Java, Bali, the Lesser Sunda Islands, Maluku, and
Papua (Rahmi et al., 2022; Nugraha et al., 2016; To-
gibasa et al., 2018), while iron sand deposits in Sulawe-
si and Papua originate from the destruction of much
older rocks (Kurnio, 2007). Iron sand is one of the im-
portant elements/components for the production of steel
and titanium, but its use is still limited (Leveneur et al.,
2021). In addition, iron sand can be used to replace up to
15 mass% of magnetic materials for the production of
the composite magnetic without reducing its perfor-
mance, thereby reducing the cost of production materi-
als (Leveneur et al., 2021). Currently, the only country
in the world that makes steel from iron sand is New Zea-
land (Templeton, 2025). Unfortunately, because iron
sand in Indonesia has a low iron content (45-48%), so
far iron sand has only been mined and used as a mixed
ingredient in the production of cement and building ma-
terials (Yulianto et al., 2003; Rochani et al., 2007).
This type of utilisation has low economic value. One of
the iron sand deposit locations in Indonesia is on the
coast around Mount Tambora, Sumbawa Island. Sum-
bawa Island is located in the Lesser Sunda Arc, which is
a transition zone from oceanic subduction to continent-
island arc collision (Darman, 2012; Minarwan, 2012).
The source of iron sand in this area is likely from erup-
tion products and from the weathering of the eruption
products of Mount Tambora, which is famous for its
devastating eruption in 1815 (Rampino, 1982). The
eruption produced pyroclastic flows and fall deposits
with a volume of more than 50 km?* (Dense-Rock Equiv-
alent (DRE), 1.4 x 10'* kg) (Self et al., 1984; Sigurds-
son and Carey, 1989; Kandlbauer and Sparks, 2014).
The pyroclastic flow deposits from this eruption spread
around Mount Tambora (Self et al., 1984; Abrams and
Sigurdsson, 2007; Suhendro et al., 2021). In addition,
the eruption products of Mount Tambora also spread to
the Bengkulu region (Sumatra Island), Banda Island,
and Brunei Darussalam (Kandlbauer and Sparks,
2014). The eruption of Mount Tambora is included in the
category of the largest and most powerful eruptions in
history on Earth with a Volcanic Explosivity Index (VEI)
of 7 (Newhall and Self, 1982; Sigurdsson and Carey,
1989; Kandlbauer and Sparks, 2014). This eruption
also created a caldera with a diameter of 7 km with a
depth of 1.4 km (Sutawidjaja et al., 2006) (see Figure
1). There has never been any research done on the phys-
ical and chemical characteristics of iron sand deposits
from Mount Tambora. Therefore, it is important to con-

duct studies related to this at Tambora Volcano. The pur-
pose of this study is to evaluate the geochemical, mag-
netic, and physical characteristics of iron sand in the
Mount Tambora area. In order to accomplish this, iron
sand samples were subjected to a number of measure-
ments, such as identification of grain size distribution,
magnetic susceptibility measurements, geochemical
analysis (major elements and rare earth elements), and
mineralogical analysis. Thus, it is expected that the re-
sults of the combination of magnetic and geochemical
characteristics are used to determine the distribution of
economic elements (i.e. REE) and increase the value of
iron sand around Mount Tambora. By knowing the geo-
chemical and magnetic characteristics, grain size, and
sources of iron sand, it can be used as a magnetic mate-
rial, and not just as a mixture in building materials.

2. Material and Methods

Field sampling was carried out in December 2018 at
three locations, i.e. Nanga Miro (8°9°19.36 S; 117° 44’
4.45” E), Baringin Jaya (8°17°10.54” S; 117°45°32.51”
E), and Hodo (8°27°1.44” S; 118° 4° 52.75” (see Figure
1). These sampling sites are located within the Pekat
District in the Regency of Dompu, which is one of the
ten regencies in the Nusa Tenggara Barat Province of
Indonesia. Three samples were taken from each location
so that a total of 9 samples were analysed in this study.
The iron sand samples were measured in conditions
without pretreatment (no grain size separation), also
called bulk samples. In addition to measurements on
bulk samples, a grain size sorting process was also car-
ried out from the iron sand that was previously selected.
Each sample was taken as a representative for each area.
The collected samples were then prepared, and their
magnetic susceptibility was measured at the Laboratory
of Characterisation and Modelling of Physical Proper-
ties of Rocks, Institut Teknologi Bandung, West Java,
Indonesia. Preparation began by washing the samples
using running water and drying at room temperature.
Furthermore, the samples were divided into 2 groups,
namely the bulk sample group and the sample group for
grain size analysis.

First, magnetic susceptibility measurements were car-
ried out for all bulk samples (see Table 1). About 1 kg of
three bulk samples from each location were set aside as
bulk samples. The magnetic susceptibility is measured
in a Bartington MS2 magnetic susceptibility system
(Bartington Instruments Ltd., Witney, UK) with a dual
frequency (470 Hz and 4.7 kHz) MS2B sensor. For this
measurement, a portion of bulk was then placed inside a
standard cylindrical holder (2.54 cm in diameter and 2.2
cm in height) and weighed using an Ohaus precision bal-
ance. Three holders were prepared for bulk from each
location. The results of magnetic susceptibility measure-
ments are expressed as mass-specific low and high fre-
quency magnetic susceptibility (x, . and y,,.). From the
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Figure 1. Sampling sites around Tambora Volcano, West Nusa Tenggara, Indonesia. Based on Sigurdsson and Carey (1989),
the yellow colour shows the distribution area of pyroclastic flow around Tambora Volcano. Wind direction is indicated by the
red arrow, and administrative locations are marked by the black circle. Isopach of tephra fallout (pyroclastic fall) during the
1815 eruption of Tambora based on Sigurdsson and Carey (1989) and Self et al. (1984). The isopach is symbolized by a
dashed line with colour variations that indicate differences in layer thickness: blue (50 cm), orange (25 cm), green (20 cm),
purple (5 cm), and brown (1 cm). There are three iron sand sampling locations shown with earth surface imagery from Google
Earth (https://earth.google.com/): a) Nanga Miro, b) Baringin Jaya, and c¢) Hodo.

two high and low frequency values, the frequency-de-
pendent susceptibility (y,,) value is calculated accord-
ing to Suryanata et al. (2023). Second, about 3 kg of the
selected bulk samples from each location were then sub-
jected to grain-size analyses following the Wentworth
(1992) scale. The highest magnetic susceptibility value
is used to determine one sample to be selected to repre-
sent each location for grain size distribution analysis.
This selection was made because it was assumed that the
sample with the highest susceptibility value in the same
area would have a higher magnetic mineral content, and
further analysis would be carried out. Samples were
sieved using ASTM (American Society for Testing and
Materials) standard sieves. A 10-mesh sieve was first
used to eliminate particles larger than sand size. Subse-
quently, the samples were sieved through a series of
mesh sieves. Furthermore, each result of grain size sepa-
ration for different sizes will be called sub-samples.
There were five sub-samples based on their grain size,
i.e. very coarse sand (VCS), which has a grain size > 18
mesh; coarse sand (CS), which has a grain size between
18 and 35 mesh; medium sand (MS), which has a grain
size between 35 and 60 mesh; fine sand (FS), which has

a grain size between 60 and 120 mesh; and very fine
sand (VFS), which has a grain size < 120 mesh. This
sub-sample division refers to previous research conduct-
ed by Satria et al. (2021). The sub-samples were
weighed using a digital scale. Their weight percentages
(mass%) were then determined by dividing their weights
by the total weight before sieving. The values of mass%
for the sub-samples will be referred to as grain size dis-
tribution (GSD) (see Figure 2a). After the grain size
separation of iron sand was carried out, magnetic sus-
ceptibility measurements were carried out for all sub-
samples.

Figure 2b shows the particle size distribution for se-
lected samples. The coefficient of uniformity (CU) and
the coefficient of curvature (CC) of each sub-sample
could easily be calculated from the curves in Figure 2b.
These two coefficients are defined respectively as CU =
D./D,,and CC = (D,, x D,))/(D, x D,,), where 10% of
the particles are finer and 90% of the particles are coars-
er than D size, 30% of the particles are finer and 70%
of the particles are coarser than D, size, and 60% of the
particles are finer and 40% of the particles are coarser

than D size as indicated by D, D,, and D, , respec-
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Table 1. List of measurements on Bulk samples
and sub-samples of iron sand in this study

Magnetic

Susceptibility XRD

Sampling Code
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tively (Chapuis, 2021). The values of CU for Nanga
Miro, Baringin Jaya and Hodo samples are 2.32, 2.00,
and 2.13, respectively, while the values of CC are 0.44,
0.40 and 0.32, respectively. Despite slight differences in
their values of CU and CC, all samples could be classi-
fied as poorly graded, as expected for beach sand.
Based on the results of magnetic susceptibility meas-
urements, we selected samples with the highest magnet-
ic susceptibility values for the same location (NM-1, BJ-
2, and HD-1) to conduct geochemical measurements
(XRF and XRD) for bulk samples and all sub-samples
and previous studies. We selected these samples to ena-
ble correlation with the amount of magnetic minerals.
XRD analyses were carried out using a SmartLab X-Ray
Diffractometer (Rigaku Corporation, Tokyo, Japan)
equipped with Cu and Rigaku PDXL software (version
2.0) to identify crystal structures, lattice parameters, and
perform mineral quantification. XRF analyses were car-
ried out using a Supermini 200 X-ray fluorescence
(Rigaku Corporation, Tokyo, Japan) that identifies ma-
jor, minor, and trace elements contained. In this study,
only the following elements were presented: Fe, Si, Ca,
Al, Mg, Ti, Na, and K. The XRD and XRF measure-
ments are conducted at the Laboratory of the Centre for
Mineral and Coal Resources in Bandung, Indonesia.
Furthermore, we also use the ICP-OES (Inductively
Coupled Plasma Atomic-Optical Emission Spectrome-

Grain Size Distribution (GSD) of the Iron Sand Samples a
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Figure 2. a) The percentage mass of iron sand grain size
distribution sub-samples and b) The graph of cumulative
mass of particle size distribution for selected samples.
Red lines and red texts illustrate how D , D30, and D
were determined for samples NM-1. See text
for further explanation.

try) measurement method to determine the rare earth el-
ement content contained in iron sand. In this measure-
ment, we only use the same bulk samples as the XRF
and XRD measurements. This is done to determine the
REE content in the selected sample as a whole, not just
at a certain grain size. This measurement used the Agi-
lent type 700/725 (Agilent Technologies, Santa Clara,
CA, USA). REE analyses were conducted at the Labora-
tory of the Centre for Mineral and Coal Resources in
Bandung, Indonesia, that used Bushveld granite from
Transvaal, South Africa, as reference material (see
Yunginger et al., 2018). In this study, only the following
elements were presented: Ce, Lu, Nd, Pr, and Gd.

3. Results

Table 2 shows the magnetic susceptibility values (y,
and %) of iron sand samples from around Tambora
Volcano. From Table 2, we can see that in general sam-
ples from the Baringin Jaya area have y, . values that are
much larger than samples from Nanga Miro and Hodo,
where samples from Hodo have the smallest values.

As shown in Figure 2, the GSD results for the BJ-2
and NM-1 samples are rather similar, while those of
HD-1 are rather different. The predominant grain sizes
in BJ-2 and HD-1 are MS and FS, while those in Hodo
are MS and CS. In all locations, the mass% values for
VCS are rather small (1 to 3%). In Table 3, the y, . val-
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Table 2. Magnetic susceptibility of all bulk samples in three sampling locations. Bulk samples selected for grain size
separation are marked in bold
. Bulk samples
Sampling Code ™5 ;) BJ-2 BJ3 | NM-1 | NM2 | NM-3 | HD-1 | HD-2 | HD-3
% (10® mi/kg) 5219.0 7253.2 3690.4 2670.9 2483.7 1217.9 1267.5 1037.0 1144.5
Yep 70 7.8 0.8 0.7 3.1 7.9 8.7 2.0 4.0 3.0
Table 3. Magnetic susceptibility of sub-samples from selected bulk samples subjected to grain size separation.
Sub-samples
Sampling Code VCS CS MS FS VES
Yo Xen 70 Yo Xen 70 Xue Xen 70 Yo Xen 70 Yo Xep 7
BJ-2 1148.9 43 1459.9 0.8 5471.4 0.9 1844.4 7.5 25188.0 0.8
NM-1 1970.8 2.3 1983.7 0.9 4766.0 0.7 1923.8 10.0 4224.6 9.7
HD-1 1319.6 1.9 1419.6 1.5 1331.3 1.7 1054.3 3.8 1328.8 4.9
Table 4. Results of XRF measurements of the major elements
Sample . s Elements (%)
Local:ion Grain Size Fe Si Ca Al Mg Ti Na K Total
BJ-2 Bulk 20.7 34.1 15.1 14.7 2.2 1.9 2.5 4.7 95.9
BJ-2 VCS 5.4 54.4 5.2 15.9 2.4 0.6 7.3 8.5 99.6
BJ-2 CS 2.7 58.2 5.7 21.0 2.1 0.4 7.5 2.2 99.8
Baringin Jaya BJ-2 MS 17.9 36.7 16.3 14.9 3.2 1.7 2.8 4.2 97.7
BJ-2 FS 30.4 29.8 15.0 11.9 3.6 2.5 2.1 23 97.6
BJ-2 VES 41.5 25.1 7.6 12.2 2.0 3.6 2.3 2.7 97.0
Average 19.8 39.7 10.8 15.1 2.6 1.8 4.1 4.1 97.9
Standard Dev. 13.5 12.3 4.7 3.0 0.6 1.1 2.4 2.2 -
NM-1 Bulk 40.8 26.4 10.3 12.4 1.2 3.5 0.8 2.9 98.3
NM-1 VCS 34 59.4 4.4 19.7 2.4 0.5 7.6 2.3 99.8
NM-1 CS 1.7 58.3 6.2 26.1 1.5 0.2 4.8 1.1 99.9
Nanga Miro NM-1 MS 25.7 335 17.8 12.9 1.9 2.0 1.1 3.5 98.4
NM-1 FS 58.4 17.4 6.5 8.6 1.6 4.7 0.5 1.1 98.8
NM-1 VES 65.3 14.0 2.5 9.1 0.8 5.2 0.4 1.3 98.5
Average 32.6 34.8 8.0 14.8 1.6 2.7 2.5 2.0 99.0
Standard Dev. 24.7 18.1 5.0 6.2 0.5 1.9 2.7 0.9 -
HD-1 Bulk 13.5 39.3 15.9 16.1 1.2 1.1 23 8.0 97.4
HD-1 VCS 4.9 57.0 4.6 15.5 1.9 0.6 8.0 7.2 99.6
HD-1 CS 5.1 543 9.8 15.5 9.8 0.5 4.0 0.8 99.8
Hodo HD-1 MS 11.6 40.6 17.6 16.5 1.5 1.0 2.6 6.7 98.0
HD-1 FS 14.6 37.8 17.0 14.2 0.7 1.4 1.4 9.6 96.7
HD-1 VFS 11.8 42.1 12.3 15.8 0.9 1.1 2.8 9.8 96.6
Average 10.2 45.2 12.9 15.6 2.6 1.0 3.5 7.0 98.0
Standard Dev. 3.9 7.5 4.6 0.7 3.2 0.3 2.1 3.0 -

ues representing the magnetic susceptibility of the sub-
samples are listed. For BJ-2 sub-samples, the VFS has
the highest y, . value, while the NM-1 sub-sample has
the highest y, . value in the MS sub-sample. In all loca-
tions, finer grain sizes do not necessarily have higher , .
values and vice versa. Each location has its own pattern
of the y, . values and GSD. The bulk samples as well as
the VCS, CS, and MS samples from the three locations
have relatively low values of y,, (0.7 to 4.9%), infer-
ring the absence of SP (superparamagnetic) grains. The
Xse, Values tend to be higher in finer grain sizes of FS
and VES, inferring the presence of SP grains. However,
there is no clear pattern on y,, values with GSD. The

VFS sample from BJ-2 has the highest y, . value with a
very small y, ., value.

Geochemical test results consist of XRF, XRD, and
REE measurement results. The XRF analysis for the
bulk samples as well as the VCS, CS, MS, FS, and VFS
sub-samples is listed in Table 4. The Fe content varies in
bulk samples, ranging from 13.5% for HD-1 to 40.8%
for NM-1. Likewise for Ti element content, NM-1 bulk
samples generally have the highest Ti element content,
and HD-1 samples have the lowest Ti element content
(see Figure 3; Table 4). Looking into sub-samples, Fe
content tends to be higher in finer grain sizes, with the
exception of that in HD-1 sub-samples. The FS sub-sam-
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Figure 3. Element concentrations trends for bulk samples and sub-samples in three sampling locations

ple from HD-1 has higher Fe content compared to that of
the VFS sub-sample. The Ti content follows the same
trend as that of Fe content. However, Si content tends to
be smaller in finer grain sizes, with again the exception
of that in HD-1 samples. Meanwhile, Ca content consist-
ently tends to be smaller in finer grain sizes.

The results of XRD measurements are shown in Figure
4 in the form of diffractogram patterns on bulk iron sand
samples, VCS, CS, MS, FS, and VFS grain sizes. In the
diffractogram of sample NM-1, it can be seen that there
are magnetic minerals of the magnetite and haematite
types found in bulk iron sand samples and all sub-sam-
ples. Unlike sample NM-1, in sample BJ-2 only magnetite
minerals are found in all sub-samples. In the sample HD-
1, there is a magnetic mineral, namely magnetite, which
has a very small content. The highest magnetic mineral
content is in the CS sub-sample, seen from the larger dif-
fractogram spike (see Figure 4). All samples, bulk and
sub-samples, contain labradorite and augite. Only in sam-
ple HD-1 is there analcime, and only in sample BJ-2 is
there a bixbyite mineral. Overall, the results show differ-
ences in the characteristics of the three locations.

The measurement results using the ICP-OES method
to test the presence of REE are listed in Table 5. REE
concentrations are presented in the form of element con-
centrations in ppm. The overall results show that the con-
centrations of Light Rare Earth Elements (LREE) such as
Ce, Gd, Nd, and Pr at all three locations are higher than
the concentrations of Heavy Rare Earth Elements
(HREE) such as Lu. The REE content in the NM-1 sam-
ple tends to be higher than the other two locations, where
sample from the HD-1 area have the lowest REE content.

4. Discussion

The presented results show that iron sand in the Tam-
bora Volcano area has distinctive characteristics depend-
ing on the location. These differences are observed in the
distribution of grain size, magnetic susceptibility values,
XRF analysis results, XRD analysis, and REE content.
Magnetic susceptibility measurements for each location
in the study area show a range of different y, , values. On
average, the y, . values in the Baringin Jaya and Nanga
Miro areas are higher than in the Hodo area (see Table
3). Variations in magnetic susceptibility values depend
on the constituent minerals (Hunt et al., 1995). Based
on Kartadinata et al. (2008), the rock units located
around the Baringin Jaya and Nanga Miro areas are
rocks from lava flows. The lava flows are products of
monogenetic volcanoes that are grouped as the product
of the Young Tambora Volcano (YTV) IV stage, which
are predominantly lava. Another example of a group
type of monogenetic volcano that is close to the Tambo-
ra Volcano is Mount Satonda. (Takada et al., 2000;
Suhendro et al., 2025). Meanwhile, in the Hodo area
the dominant volcanic product is the 1815 pyroclastic
flow deposit consisting of a mixture of pumices, scoria,
or lavas. The difference in the rocks that are the main
source of eroded products that produce iron sand in the
Baringin Jaya, Nanga Miro and Hodo areas causes dif-
ferences in the characteristics of the minerals contained,
especially magnetic minerals. The difference in magnet-
ic minerals causes iron sand in the Baringin Jaya and
Nanga Miro area to have higher susceptibility magnetic
value and concentration of magnetic minerals compared
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Figure 4. X-ray diffractograms of iron sand samples and sub-samples from a) NM-1, b) BJ-2, and ¢) HD-1.

to iron sand in the Hodo area. One of the main composi-
tions of the 1815 Tambora pyroclastic flows is pumice,
which has a fairly high SiO, content of around 56.5-58
mass% (Gertisser et al., 2011; Suhendro et al., 2021).
Meanwhile, the lava products produced from monoge-
netic volcanoes are classified as basaltic and basaltic-
andesite types (Takada et al. 2000; Kartadinata et al.
2008; Suhendro et al., 2025). Lava is usually mafic or
has a low SiO, content, forming more magnetic minerals
than pyroclastic flow, resulting in a higher magnetic sus-
ceptibility value (Pratama et al., 2018; Suhendro et
al., 2021; Suryanata et al., 2023).

Samples from Nanga Miro and Baringin Jaya, which
are iron sands originating from the area around the Tam-
bora lava flow deposit, are dominated by MS and FS
grain sizes. Meanwhile, the samples from the Hodo area

Table 5: The concentration of REE in bulk iron sand samples
from studied locations

BJ-2 NM-1 HD-1
REE

(ppm) (ppm) (ppm)
Ce 82 140 68
Gd 25 47 17
Lu 3 9 6
Nd 25 21 25
Pr 20 44 14

are iron sands originating from the area around the Tam-
bora 1815 pyroclastic flow deposit (see Figure 5) and
are dominated by CS and MS grain sizes. The character-
istics of the grain size distribution in the Nanga Miro and

Rudarsko-geolosko-naftni zbornik 2025, 40 (5), pp. 19-30, https://doi.org/10.17794/rgn.2025.5.2



P.B. Suryanata, A.U. Jayatri, S. Bijaksana et al.

26

Baringin Jaya areas have the same distribution pattern as
the volcanic iron sand on Lampanah Beach, Aceh (Sa-
tria et al., 2021). Genetically, the grain size distribution
is closely related to wave energy in the process of wash-
ing sand grains by waves, which are then deposited (Ta-
muntuan et al., 2019). In addition, other elements that
impact grain size distribution include terrain, transport
mechanism, source material, distance from the shore-
line, distance from the source (river), and transport time
(Abuodha, 2003; Arens et al., 2002). From the mag-
netic susceptibility values of each sub-sample for each
region, differences in characteristics can be seen. The
VFS sub-sample has a much higher magnetic suscepti-
bility value compared to the other sub-samples, except
for the Hodo sample, which has a high magnetic suscep-
tibility value in the CS sub-sample.

The results of the analysis of the major element con-
tent of each selected sample for the three areas show dif-
ferent characteristics and tend to support what is indi-
cated by magnetic susceptibility, both for bulk samples
and each sub-sample (see Tables 2, 3, and 4). Based on
the concentration of Fe, the Nanga Miro and Baringin
Jaya areas are those that have high concentrations com-
pared to the Hodo area. Similar concentrations of Fe in
the Nanga Miro and Baringin Jaya areas indicate that the
iron sand in these areas come from the same source. This
assumption is supported with geological information
around the Tambora Volcano (see Figure 5). Meanwhile,
the Pearson correlation value of magnetic susceptibility
(% and x,,,) with major elements shows that correla-
tion of Fe, Ti and y,, of the Baringin Jaya sample is
greater than that of the other locations, while correlation
of Fe, Ti and . is greater than that of the other two
locations (see Table 6). The positive correlation of Fe,
Ti and y,,,,, and the negative correlation of Fe, Ti and y, .
in the Nanga Miro sample are likely influenced by the
location of the Nanga Miro iron sand sampling which is
far from the rock source and vice versa for the Baringin
Jaya iron sand sample, which is close to the rock source.
However, the Pearson correlation for the Hodo sample
does not exceed 0.75 (see Table 6). This indicates a dif-
ferent rock source of the Hodo iron sand compared to
Baringin Jaya and Nanga Miro. The geochemical com-
ponents of the elements and minerals contained in iron
sand can be related to the Tambora eruption in 1815 and
previous eruptions. The measurement results also show
that iron sand in the Tambora Monogenetic lava flow
(Nanga Miro and Baringin Jaya areas) has a high Fe con-
centration compared to iron sand in the pyroclastic flow
zone, which is more felsic (higher SiO, content).

Based on the relationship between XRD analysis and
magnetic values from the three locations, each area con-
taining magnetic minerals has a high y, . value (Nanga
Miro and Baringin Jaya). The samples from the Nanga
Miro area contain a mixture of magnetite and haematite
mineral content that distinguishes it from the other two
locations. Magnetite is an iron oxide mineral that is

highly magnetic and sticks to magnets. Meanwhile, he-
matite is an iron oxide occurring in trace amounts in
many natural environments with concentrations below
the detection limit of many bulks’ analytical techniques.
The magnetic properties of hematite make it suitable for
magnetic quantification, although its weak spontaneous
magnetisation at room temperature (Ms=~0.4 Am?
kg™') compared to magnetite (Ms=92 Am? kg™') (Tanii
et al., 2014; Roberts et al., 2020). The presence of he-
matite mineral content can be one of the factors that
causes the lower y, , value in iron sand from Nanga Miro
area compared to Baringin Jaya area. Other characteris-
tic minerals that are always present in all localities are
labradorite and augite minerals. Both minerals are the
main minerals associated with gabbro rocks
(Moghaddam et al., 2019). This shows that the type of
rock in the area is mafic.

Other minerals that distinguish each region are the
presence of bixbyite minerals in the Baringin Jaya area
and analcime minerals in the Hodo area. Bixbyite miner-
als are iron-manganese oxide minerals (Rayaprol and
Kaushik, 2015). They are ferrimagnetic at 300 K and
antiferromagnetic at 36 K (Rayaprol et al., 2013). The
magnetic properties of these minerals can contribute to
the high y, . values in the Baringin Jaya area. Meanwhile,
analcime minerals are a type of natural zeolite (Veresh-
chagina et al., 2018), which can be formed as a late-
stage interstitial magmatic mineral (Piper et al., 2013).
This mineral consists of hydrated sodium, aluminium,
and silicate. Other than magmatic, S-type (sedimentary)
analcimes are authigenic minerals replacing early
formed zeolites, glass of tuffs, and tuffaceous rocks
(Varol, 2020). This analcime mineral is a mineral that
usually characterises a deposit from pyroclastic flows
(Naitza et al., 2003). It tends to have a low magnetic
susceptibility value or even no magnetic properties at
all. Apart from the low Fe content, this analcime content
causes the susceptibility value of iron sand around the
Hodo area to have a small value.

Furthermore, the REE content can be related to sev-
eral other minerals from rock erosion in the area around
the sample. The REE elements can come from the erup-
tion product or weathering of rocks in the area. The con-
centration of LREEs such as Gd, Nd, and Pr is also found
in iron sand in the Tambora Volcano area. High concen-
trations of LREE usually occur in sediments eroded
from pyroclastic and bedrock rocks, mostly igneous
rocks with alkaline types of basalt to trachyandesite
(Yunginger, 2018; Gertisser et al., 2011). In placer de-
posits, beach sand, or heavy mineral placer deposits,
REE is usually found in monazite and xenotime miner-
als (Gupta and Krishnamurthy, 2005; Balaram,
2019). Monazite (Ce) and monazite (Nd) minerals have
paramagnetic magnetic properties (Jordens et al.,
2013). The results of this study indicate that the mono-
genetic volcanoes lava flow has high concentrations of
Ce, Gd, and Pr elements.
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Figure 5. Geological map of the research area with research results (Modified from Kartadinata et al., 2008)

Table 6. Pearson correlation between magnetic susceptibility (x, , and x,,,,) major elements for bulk samples, VCS, CS, MS,
FS, and VFS sub samples for each region. Correlation value with bold format indicates positive correlation with value = 0.75.

Baringin Jaya Samples | . % Fe Si Ca Al Mg Ti Na K
Yr -0.43 0.77 -0.64 -0.11 -0.48 -0.40 0.81 -0.49 -0.29
Y 70 0.10 -0.08 0.12 -0.40 0.66 0.03 -0.06 0.10
Nanga Miro Samples Y 70 Fe Si Ca Al Mg Ti Na K
Yr -0.02 0.36 -0.47 0.52 -0.48 -0.35 0.34 -0.56 0.50
Y 70 0.85 -0.75 -0.54 -0.70 -0.48 0.85 -0.51 -0.60
Hodo Samples Y 70 Fe Si Ca Al Mg Ti Na K
Yr -0.30 -0.17 0.16 0.00 -0.68 0.53 -0.06 -0.17 -0.40
Y 70 0.18 -0.18 -0.08 0.20 -0.31 0.21 -0.10 0.46

We also conducted Pearson correlation between mag-
netic susceptibility (x, . and Y, ) and major elements
with REE for bulk samples for the entire area (see Table
7). From Table 7, we can see that there is a correlation
between major element concentrations and several REE
elements. The element of Lu is positively correlated
with y.., and Nd, positively correlated with Si, Ca, Al,
Na, and K elements. From this, it can be seen that the
erosion products of Tambora pyroclastic flow or lava
flow contain fairly high REEs (Ce, Gd, and Pr) that can
be associated with Fe and Ti elements. As we know, Fe
and Ti are elements that form magnetic minerals, al-

though they do not have a good correlation with the
magnetic susceptibility values. Further studies may be
needed on the relationship between magnetic mineral
characteristics from other magnetic measurements such
as hysteresis parameter or remanent magnetic with geo-
chemical analysis in iron sand.

5. Conclusions

Magnetic susceptibility and geochemical measure-
ments combined with grain size distribution analysis re-
sulted in a better understanding of the characteristics of
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Table 7. Pearson correlation between magnetic susceptibility
(X,r and X;,,,) and major elements with REE for bulk samples
for the entire area. Correlation value with bold format
indicates positive correlation with value = 0.75.

Bulk Samples Ce Gd Lu Nd Pr

Xur -0.05 | 0.03 | -0.69 | 023 | -0.04
Yoy /0 062 | 056 | 098 | -0.76 | 0.62
Fe 1.00 | 1.00 | 0.71 | -0.97 | 1.00
Si -0.97 | -0.99 | -0.59 | 0.92 | -0.98
Ca -1.00 | -0.99 | -0.79 | 0.99 | -1.00
Al -0.98 | -0.99 | -0.62 | 0.93 | -0.98
Mg -0.28 | -0.21 | -0.84 | 045 | -0.28
Ti 099 | 1.00 | 0.67 | -095 | 0.99
Na -0.96 | -0.94 | -091 | 1.00 | -0.96
K -0.88 | -0.91 | -0.35 | 0.77 | -0.88

iron sand along the coast around the Tambora Volcano.
From three sample locations, 2 groups of different iron
sand characteristics were obtained even though all three
were in the Tambora Volcano area. Nanga Miro and Bar-
ingin Jaya have high magnetic susceptibility in line with
high Fe element concentrations, magnetite and hematite
minerals were found, higher LREE (Ce, Gd, and Pr)
concentrations, and dominant grain sizes of MS and FS,
while Hodo has characteristics that are the opposite of
the other two areas and has grain sizes of CS and MS.
Based on the concentration of Fe and magnetic minerals
(iron content), it can be said that the iron sand in Hodo
comes from a different source than the other samples,
namely from pyroclastic flow deposit. While samples
from Baringin Jaya and Nanga Miro come from lava
products produced from monogenetic volcanoes of the
Young Tambora Volcano (YTV) 1V stage. This study
also shows that the iron sand of Tambora Volcano has
the potential of hosting economically valuable REEs.
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SAZETAK

Magnetna i geokemijska istrazivanja naslaga Zeljezovitoga pijeska
oko vulkana Tambora u Sumbawi, Indonezija: alternativni pristup istrazivanju
visokokvalitetnoga Zeljezovitog pijeska

Vulkan Tambora poznat je po katastrofalnoj erupciji iz 1815. godine te enormnoj koli¢ini erumpiranoga materijala -
piroklasti¢nih tokova i taloga. Procesima erozije i transporta ovi vulkanski materijali transportirani su prema obali te su
formirali Zeljezoviti pijesak koji sadrzava ekonomski vrijedne minerale poput magnetita. Zeljezoviti pijesak jedan je od
vaznih elemenata/komponenti za proizvodnju ¢elika i titana, ali je njegova upotreba jo$ uvijek ograni¢ena. U Indoneziji
se Zeljezoviti pijesak vadio samo u rudnicima i koristio kao mjesavina u proizvodnji cementa i gradevinskih materijala
zbog niskoga sadrzaja Zeljeza (Fe = 45 - 48 %). S obzirom na navedeno, vazno je poznavati karakteristike i sadrzaj Zelje-
zovitoga pijeska kako bi se maksimizirali rezultati njegova rudarenja. Karakteristike naslaga Zeljezovitoga pijeska s pla-
nine Tambora jo$ uvijek su nejasne i nikada nisu proucavane. U okviru ovoga istrazivanja odredena su geokemijska i
magnetna svojstva Zeljezovitoga pijeska oko vulkana Tambora kako bi se dobile koncentracije ekonomskih elemenata iz
razli¢itih vulkanskih materijala. Pritom su kori$tena mjerenja magnetne susceptibilnosti, rendgenska difrakcijska anali-
za (XRD), rendgenska fluorescencijska analiza (XRF) te mjerenja spektrometrije opti¢ke emisije u induktivno spregnutoj
plazmi (ICP-OES). Uzorkovanje je obavljeno na trima lokacijama, a to su Nanga Miro, Baringin Jaya i Hodo. Nanga Miro
i Baringin Jaya zone su tokova lave iz erupcije 1815. godine te tokova lave iz prethodnih erupcija, dok podruc¢je Hodo
predstavlja zonu piroklasti¢noga toka erupcije iz 1815. godine. Rezultati su pokazali da je raspodjela veli¢ina zrna pijeska
u Baringin Jayi i Nanga Mirou koja su iz zona tokova lave dominantno srednjih (MS) i sitnih veli¢ina (FS). S druge strane,
u podrudju Hodo, koje je iz zone piroklasti¢noga toka, zrna pijeska dominantno su krupne (CS) i srednje veli¢ine (MS).
Podrudja iz zona tokova lave imaju visoke vrijednosti magnetne susceptibilnosti, visoke koncentracije Fe te sadrzaj ma-
gnetnih minerala magnetita i hematita. Osim toga, elementi rijetkih zemalja (Ce, Gd i Pr) imaju visoku koncentraciju u
zeljezovitome pijesku iz podrudja tokova lave te upuéuju na srednje vrijednosti Pearsonova koeficijenta korelacije. Kom-
binacija raspodjele veli¢ine Cestica te magnetnih i geokemijskih karakteristika pokazala je razlike u karakteristikama
zeljezovitoga pijeska u podrudju vulkana Tambora.

Kljucne rijeci:
zeljezoviti pijesak, magnetni minerali, veli¢ina zrna, magnetni susceptibilitet, geokemija, Tambora
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Abstract

Artificial intelligence (AI) has rapidly advanced and influenced all scientific fields, including the petroleum industry,
where it is no longer a novel concept. This article explores the evolving role of Al and its integration with traditional
reservoir simulation approaches. The first section highlights the diminishing emphasis on conceptual and mathematical
modelling in reservoir simulation, with a growing focus on sophisticated numerical solution techniques. This shift often
neglects fundamental reservoir physics and mathematics, leading to the superficial characterization of multi-phase
fluid flow in petroleum reservoirs. The second section examines the prevalent use of petroleum software packages, which
heavily rely on input data without accounting for variations in data scales. These tools treat underlying programming as
a black box, often bypassing critical basic sciences, such as reservoir conceptualization, applied mathematics, and nu-
merical techniques, resulting in incomplete reservoir characterization. The third section discusses the role of machine
learning (ML) and Al in reservoir applications. While data science plays a pivotal role, the lack of integration with fun-
damental reservoir physics reduces fluid flow analysis to an art devoid of scientific rigour. The final section proposes a
hybrid approach that couples AI/ML with traditional reservoir simulation. This integration bridges the gap between
science-based reservoir simulation and Al-driven fluid flow characterization, enabling the petroleum industry to achieve
a new paradigm for multi-phase fluid flow analysis. By combining fundamental science with advanced Al techniques,
this approach offers a comprehensive framework for accurate reservoir characterization and improved hydrocarbon pro-
duction.

Keywords:

artificial intelligence, machine learning, reservoir simulation, conceptual model, mathematical model, numerical model

The adoption of Al and ML in the upstream industry
is steadily increasing, with numerous applications show-
casing their potential. The Al market in the upstream
sector is expected to grow from $2.8 billion in 2023 to
$5.1 billion by 2028. Al primarily focuses on creating
machines that mimic human intelligence, encompassing
a broad range of technologies. Within Al, ML represents
a subset that builds models on pre-trained data, identify-
ing patterns to predict outcomes (Bhattacharya, 2021).
Deep Learning (DL), a further specialized subset of ML,

1. Introduction

Post-pandemic, the world is gradually returning to
pre-pandemic normalcy in terms of hydrocarbon con-
sumption, despite ongoing geopolitical challenges.
Studies project an average global GDP growth rate of
3% until 2030, with emerging economies playing a cru-
cial role. As hydrocarbons continue to be a key driver of
this growth, their exploration and utilisation must be op-
timised for maximum efficiency. In this evolving land-

scape, advanced technologies such as Artificial Intelli-
gence (Al) and Machine Learning (ML) are rapidly pro-
gressing, facilitating the integration of the physical and
digital domains on an unprecedented scale, with far-
reaching impact.
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processes large volumes of data using complex algo-
rithms to make decisions. Data Science (DS), which in-
tersects with Al, ML, and DL, combines statistics, pro-
gramming, and domain expertise to extract meaningful
insight and knowledge from both structured and unstruc-
tured data.

In a producing hydrocarbon reservoir, vast amounts
of real-time data are generated from various sources
such as sensors, gauges, and meters. This data is charac-
terized by its volume, velocity, variety, veracity, and
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Table 1. Applications of AI/ML in Reservoir Simulation Available in Literature

Application ML Methods References

. . . Mohaghegh et al., 1999; Liu et al., 2021;
Hydraulic fracture design ANN, Deep learning Jia et al., 2024
Uncertainty analysis ANN Mohaghegh, 2011

Waterflooding design

ANN, Multi objective optimizations

Farahi et al., 2021; Zhong et al., 2020

Phase stability calculations ANN, SVM

Li et al., 2019; Zhang et al., 2020

Shale gas simulations ANN, XGBoost, CatBoost

Kalantari-Dahaghi and Mohaghegh, 2011;
Wang et al., 2023

History Matching ANN, GAN

Jo et al., 2021; Ramgulam et al., 2007;
Srinivasan et al., 2021

Oil production prediction NN

Muradkhanli, 2018; Zhang et al., 2022;
Li et al., 2022

ANN (Artificial Neural Network), NN (Neural Network), GAN (Generative Adversarial Network), SVM (Support Vector Ma-
chine), XGBoost (Extreme Gradient Boosting), CatBoost (Categorical Boosting).

value — attributes that classify it as ‘big data.” Such big
data plays a critical role in subsurface characterization,
reservoir performance analysis, and optimization.

In the context of reservoir management, Al facilitates
critical decision-making and the characterization of
multi-phase fluid flow within petroleum reservoirs.
Some of these applications, as reported in the literature,
are summarized in Table 1. While a strong foundation in
mathematics is essential, particularly in areas related to
reservoir simulation, domain expertise is less critical
when using Al compared to traditional reservoir simula-
tion methods. Building on the foundation of a single-
layer perceptron, or a machine capable of independent
thinking, we have now reached a stage where AI/ML ap-
proaches driven by pattern recognition and creativity,
including those in the petroleum industry, have become
indispensable. At the same time, the practice of scientif-
ic-based reservoir simulation remains crucial for effec-
tive reservoir characterization. Thus, the current article
attempts to discuss these two distinct approaches, sci-
ence-based and Al-based reservoir simulation, individu-
ally and proposes leveraging their combined effects to
successfully characterize multi-phase fluid flow in pe-
troleum reservoirs with minimal uncertainty.

In the petroleum industry, three main types of models
are commonly used: physical models, empirical models,
and mathematical models (Noshi and Schubert, 2018).
Physical models involve scaled-down versions of actual
field-scale reservoirs (Pavan et al., 2024; Reddya and
Kumarb, 2014). However, the extent to which the labo-
ratory setup accurately mimics real field conditions is
often questionable. This approach is not only costly and
time-consuming but also presents significant challenges
in upscaling, as the fundamental physics and the reser-
voir geometry at the laboratory scale differ substantially
from those in field conditions. Empirical models, on the
other hand, are based on insight derived from experi-
mental observations, such as Darcy’s law. While useful,
these models are prone to human error or measurement

inaccuracies, which can affect their reliability. Further-
more, they cannot be generalized, as they are not directly
deduced from fundamental physical principles. Mathe-
matical models address some of these limitations by de-
riving non-linearly coupled partial differential equations
(PDEs) from classical physical principles (Ansari and
Govindarajan, 2022, 2024; Kandala and Govindara-
jan, 2023). However, this approach typically involves
numerous assumptions and simplifications to manage
the mathematical complexity, which may compromise
the model’s fidelity. Despite these limitations, reservoir
simulation continues to play a critical role in petroleum
reservoir management. Al is now transforming the in-
dustry by addressing many challenges associated with
these traditional models, including reservoir simulation.
With its ability to analyse and derive insight from vast
datasets, capturing complex relationships between rock,
fluid, and rock-fluid properties it is increasingly being
recognized as a powerful tool. It enhances decision-
making, enables deeper understanding, and provides
timely insight required by field reservoir engineers,
thereby complementing and potentially surpassing tradi-
tional modelling approaches.

With the petroleum industry rapidly transitioning to
oil-field digitization through the application of data-
driven modelling, the role of Al has become critical
(Solomatine and Ostfeld, 2008). The key question is no
longer whether to adopt AL, but how to maximize its po-
tential within the petroleum industry to achieve continu-
ous improvements in operational performance (Al-
Rbeawi, 2023; Kronberger et al., 2020). In this con-
text, this article proposes coupling reservoir simulation
with Al to harness the strengths of both approaches, en-
suring maximum benefits with minimal uncertainty.
This methodology assigns equal weight to reservoir
simulation and Al, leveraging their complementary ca-
pabilities. Moreover, the integration of AI/ML within the
framework of the big data revolution is expected to sig-
nificantly reduce reservoir operation costs without com-
promising safety standards.
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This work will significantly benefit the new genera-
tion of petroleum engineers pursuing careers in reservoir
engineering and simulation, particularly at the intersec-
tion of Al and ML. It provides valuable insight into the
critical aspects that must be considered on the reservoir
side before embarking on model development and apply
ML models. This includes understanding the intricacies
of reservoir properties, data acquisition, and preprocess-
ing, all of which are essential for building accurate and
reliable models. Moreover, thought-provoking questions
have been put forward for the readers, which can inspire
further research in this field.

2. Reservoir Simulation

The fundamental aspect of reservoir simulation es-
sentially involves four basic stages (see Figure 1) a)
conceptual modelling, b) mathematical modelling, c)
numerical modelling and d) simulation using packages,
through which multi-dimensional, multi-phase com-
pressible fluid flow in a petroleum reservoir is character-
ized. However, even after meticulously following these
four stages, the simulation can only partially reflect the
reality of the actual reservoir. The degree to which the
simulation replicates the real field conditions whether it
approaches 95% accuracy or not depends significantly
on an individual’s in-depth knowledge of reservoir geol-
ogy, petro-physics, fluid dynamics, thermodynamics,
geo-mechanics, differential calculus, along with a strong
understanding of the fundamental drainage principles of
a hydrocarbon reservoir below and above the bubble
point pressure.

Conceptual . )
[ Modelling } ‘ ’ [ Simulation ‘

Figure 1. Key steps in reservoir simulation

Numerical

Mathematical
Modelling Modelling

2.1. Conceptual Modelling

The first stage of reservoir simulation involves the
formulation of a conceptual model, as illustrated in Fig-
ure 2. Unfortunately, this crucial aspect is often under-
valued due to the significant conceptual understanding it
demands about a reservoir. This stage involves visualis-
ing the actual, complex three-dimensional petroleum
reservoir within a conceptual framework, highlighting
intricate details such as delineation of reservoir bounda-
ries, conformities, and heterogeneities; well patterns and
the locations of injection and production wells; the fea-
sibility of pseudo-steady-state and transient fluid flow;
phase change aspects; the restructuring of the three-di-
mensional solid grain network; variations in Reynolds

number as a function of distance from injection or pro-
duction wells; and the maintenance of laminar flow
streamlines, including identifying the location and time
where inertial effects, if any, may arise. Additionally, the
transport of oil, water, and gas through complex pore
networks, the interplay of capillary, viscous, and gravity
forces, and their collective influence on fluid flow and
oil-water contacts within this three-dimensional domain
need to be considered. All these aspects must be concep-
tually (virtually) brought to life for further analysis.

Once this conceptualisation is achieved, the next step
is to identify and list the (a) physical processes, (b)
chemical processes (Devarapu et al., 2023; Dinesh et
al., 2024; Govindarajan et al., 2022), and (c) biological
processes (Chakraborty et al., 2020) individually as-
sociated with the reservoir. Following this, the feasibili-
ty of coupled processes — (a) between physical and
chemical processes, (b) between chemical and biologi-
cal processes, and (c) between biological and physical
processes must be assessed. From these lists, the domi-
nant and sensitive individual processes, as well as their
associated coupled processes, must be identified and
documented. This detailed understanding forms the out-
put of the conceptual modelling stage.

Cap Rock

Hydrocarbon
Generation

Source Rock

Figure 2. Typical petroleum reservoir schematic illustrating
the deduction of a 2D conceptual model, showcasing the
no-flow boundaries, wells, and flow dynamics.

2.2. Mathematical Modelling

The second step, mathematical modelling requires a
strong understanding of mathematics, especially differ-
ential calculus. In this stage, the results from conceptual
modelling must be translated into mathematical equa-
tions. A solid mathematical foundation is necessary to
proceed, as it’s important to know when to use linear or
non-linear algebraic equations, ordinary differential
equations (ODEs), or partial differential equations
(PDEs). Basic knowledge of elliptic, parabolic, and hy-
perbolic PDEs is essential (as shown in Table 1). For
instance, elliptic PDEs are not relevant for transient-
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Table 2. Overview of PDE properties, highlighting the nature of solutions, time dependence, and equilibrium behaviour.

Property Elliptic PDE Parabolic PDE Hyperbolic PDE
Form au +bu tcu tdu teu tfu=gxy |u=au +bu +cutfxy) u =au +bu tcu+fix1)
e D s | Uire lndepsnd E.Volv.es over time in single Evolves over time like waves
direction in both directions

Nature . Smooth and bounded Gradual varies with time Pr.opaga.tes as waves
of Solutions with finite speed

- Unstable to perturbations . . Sensitive to initial conditions
HELIILE (no growth of solutions) Dissipates over time (can lead to shock waves)
Propagatlolf kel (T e dlmiin) Parabohg diffusion-like Local (ﬁnltf: speed,' well-
of Information propagation defined regions of influence)
Equlllprlum Steady-state Diffusion to equilibrium Oscillatory or wave-like
Behaviour
Examples Steady-state flow Transient pressure diffusion | Seismic wave propagation

state fluid flow problems. In contrast, parabolic and hy-
perbolic PDEs are important in transient reservoir phys-
ics. A system where pressure changes over time and
eventually reaches a steady state can be modelled with a
parabolic diffusivity equation (Ansari and Govindara-
jan, 2023; Devarapu et al., 2023; Pavan et al., 2023;
Pavan and Govindarajan, 2023; Sivasankar and
Suresh Kumar, 2018). However, if the system shows
waves or heterogeneities, hyperbolic PDEs may also be
needed. Once the conceptual model is converted into a
set of coupled PDEs, it is crucial to determine the correct
initial and boundary conditions for the equations. The
solution should be well-posed, meaning numerical solu-
tions should be unique and stable when solving them
computationally.

2.3. Numerical Modelling

Numerical modelling involves solving mathematical
models that are comprised of PDEs or ODEs, using com-
puter algorithms when exact solutions are difficult to ob-
tain. This requires a good understanding of various numer-
ical methods, especially for non-linear and coupled PDEs.

For example, if the model is a simple parabolic diffu-
sivity equation, finding a numerical solution is easier. In
such cases, errors from initial or boundary conditions usu-
ally disappear over time as the system reaches a steady
state. However, for models with hyperbolic equations,
like wave equations, finding a stable solution is harder.
This is because hyperbolic PDEs amplify any errors at the
start, leading to significant convergence problems.

In petroleum reservoir modelling, we often deal with
both parabolic and hyperbolic PDEs. For instance, when
modelling fluid flow in a reservoir, we use mass and mo-
mentum conservation equations, which result in a mix of
parabolic PDEs and additional hyperbolic terms. These
hyperbolic terms are sometimes ignored, assuming a
simple, homogeneous reservoir, which is rarely the case
in reality.

To solve the mathematical models, it’s important to
understand: (a) the number of equations, (b) dependent

and independent variables, (c) constants and variable co-
efficients, (d) knowns and (e) unknowns. This under-
standing is crucial when linearizing non-linear PDEs for
numerical solutions. Linear systems can be solved using
direct methods (giving exact solutions) or iterative meth-
ods (giving approximate solutions). Direct methods
compute exact answers in a finite number of steps, while
iterative methods start with an initial guess and refine it
over time. Examples of iterative methods include Jaco-
bi’s, Gauss-Seidel, and Relaxation methods, which con-
verge to the solution after a few iterations, as shown in
Figure 3 (Srinivasa Reddy and Suresh Kumar, 2015).
Having figured out an appropriate and efficient numeri-
cal solution technique, a clear flow chart indicating the
details of input variables, initial unknowns, initial guess-
es, and the equation to be solved is prepared. If conver-
gence is achieved, it means it will go to the next step;
otherwise, it will go back to the same old step until con-
vergence is achieved. Common numerical methods in-
clude finite difference (FDM)), finite element (FEM), and
finite volume (FVM) techniques. The FDM approxi-
mates solutions using Taylor’s series but cannot capture
reservoir heterogeneities between nodes. Larger cell
widths can miss crucial details, making it less effective
for complex reservoirs. The FEM improves this by intro-
ducing elements between nodes, giving better control
over variable variations. However, FEM struggles with
fluid mass conservation, making it less ideal for petro-
leum reservoir simulations. The FVM is based on fluid
mass conservation and better suited for handling steep
gradients and shocks, like flow in fractured reservoirs or
shale gas systems (Kudapa et al., 2017).

To ensure accurate results, the numerical model must
achieve both numerical convergence and mathematical
convergence. Programming, often in Fortran or C or Py-
thon, begins with simple PDEs and known initial and
boundary conditions to verify the code before tackling
real complex equations. The results are validated against
existing solutions, experimental data, and field data to en-
sure reliability. In practice, many skip the foundational
steps of conceptual and mathematical modelling, directly
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ime < Total simulation tim¢

Initialize Variables

Initialise, compute and solve
Jacobian Matrix

]

Update Primary variables

Call
Initial conditions
&

Convergence criterion

Next Iteration

Compute Ax, Ay, Az and At
based on convergence

Time = Time + Time step

Iterations reached to
maximum

Guess the values of primary
variables at the new time

Calculate new time step

Figure 3. Algorithm describing an iterative approach
for solving a system of non-linear PDE

using pre-existing equations from literature with minor
modifications. This approach often neglects reservoir
physics and mass conservation, leading to poor charac-
terization of multi-phase fluid flow in heterogeneous res-
ervoirs. A reservoir simulation engineer must possess a
strong foundation in reservoir physics, computational
fluid dynamics, and geology to interpret numerical results
confidently and make accurate decisions in the field.

2.4. Reservoir Simulation using Packages

The concept of reservoir fluid flow characterization
using existing petroleum software packages remains
highly useful for field engineers in the petroleum indus-
try as they may not be able to spend time on the funda-
mental stages of modelling discussed in previous sec-
tions. Thus, in this approach, most of the energy is spent
only on gathering the required data from various sourc-
es. In this approach, even the data gathering remains not
justified completely because of some of the following
reasons: (a) the data towards rock property, fluid prop-
erty, and rock-fluid interaction property do not generally
tend to be uniform in nature with reference to the amount
of data gathered; (b) most of the rock property, fluid
property and rock-fluid interaction property data pertain
to a core-scale (done at lab; or from PVT cell data),
while, only very few data pertain to a field-scale; (c)
some of the fluid property and rock-fluid interaction
property data pertain to a much smaller scale (like con-
tact angle and interfacial curvature data) than from the
required Representative Elementary Volume (REV); (d)
incorporating data at different scales with extreme varia-
tions on the same input platform, such as interfacial ten-
sion data at the sub-pore scale alongside permeability
data at the large field scale, thereby deviating from the
continuum hypothesis-based Darcian approach. (Ven-
kata Pavan et al., 2024); (e) feeding more data pertain-

ing to reservoir statics rather than feeding the required
reservoir dynamics data; (f) securing laboratory-scale
capillary pressure data with ease, while the concept of
equilibrium capillary pressure may take a very long time
at the field scale; (g) obtaining relative permeability data
at the laboratory scale based solely on water saturation
may not reflect real field conditions, where hysteresis
plays a significant role, and fluid flow is often character-
ized by partial drainage and partial imbibition. Thus,
data gathering alone is insufficient; a thorough under-
standing of data scales, uniformity, and the number of
data points for each rock, fluid, and rock-fluid interac-
tion property is crucial. Many engineers may lack a
strong foundation in reservoir physics (conceptual mod-
el), applied reservoir mathematics (mathematical mod-
el), and numerical solution techniques (numerical mod-
el) used in petroleum software. Without a clear idea of
initial and boundary conditions and their stability crite-
ria, simply inputting cell width and time step may not
produce meaningful results, leading to misinterpreta-
tion. Therefore, relying solely on input data without for-
mulating conceptual, mathematical, and numerical mod-
els is unsuitable for academic purposes. However, in-
dustry professionals, having undergone these modelling
stages, can interpret results effectively while considering
limitations. Unlike fresh graduates, they have the exper-
tise to critically analyse simulations, ensuring informed
decision-making. This approach, in most cases, lacks a
strong foundation in fundamental reservoir sciences.

3. Al in Petroleum Industry

Al is advancing towards mimicking human decision-
making processes. ML, a subset of Al, enables comput-
ers to respond beyond their programmed behaviour by
utilizing external data. It primarily helps in the extrac-
tion of actionable insight from big data. ML can be cat-
egorized into distinct types, as illustrated in Figure 4.
The reliability and generalization of a model largely de-
pend on the quantity and diversity of data used during its
development. Various statistical and graphical approach-
es are employed to analyse the performance of predic-
tive models in the petroleum industry. For example, in
reservoir simulation, data from multiple sources are in-
tegrated without extensive preprocessing. In contrast,
ML-based approaches emphasize data preprocessing,
refining datasets before applying graphical and statisti-
cal analyses. This refinement process involves eliminat-
ing unreliable data points, such as outliers or incorrect
entries, to enhance the accuracy and reliability of predic-
tive tools. Error analysis is a critical component in this
approach, as it evaluates the performance and accuracy
of predictive models. The core of error analysis involves
quantifying deviations between predicted and actual
data points using mathematical formulations. In Al ap-
plications, unlike in reservoir simulations, data preproc-
essing is pivotal, with several essential steps undertaken
before using the data for modelling purposes.
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Figure 4. Classification of Machine Learning Techniques

Data preprocessing, as shown in Figure 5, primarily
involves the following steps: (a) ‘Data cleaning’, which
comprises eliminating inconsistencies, smoothing noisy
data, and imputation of missing data points; (b) ‘Data in-
tegration’, where diverse data representations are com-
bined to deduce a unique and consistent representation;
(c) ‘Data transformation’, which includes normalisation,
generalisation, and aggregation of data; (d) ‘Data reduc-
tion’, involving the reduction of data representation with-
in a database; (e) ‘Data discretisation’, where data points
within the same interval are averaged; and (f) ‘Data sta-
tistics’, covering metrics such as Skewness (indicating
the asymmetry of the probability distribution of a random
variable about its mean) and Kurtosis (indicating the de-
gree of tailed-ness in a probability distribution).

Once preprocessing is complete, data processing be-
gins, comprising (i) ‘Data training’, where approximate-
ly three-fourths of the dataset is used to train the model,
and (i1) ‘Data validation and testing’, aimed at evaluat-
ing the model’s ability to predict new data points. Post-
processing of data involves evaluating the model using
either ‘statistical error analysis’ — which assesses perfor-
mance through metrics such as average percent relative
error, average absolute percent relative error, root mean
square error, standard deviation, or the coefficient of de-
termination — or ‘graphical error analysis’, which visual-
ises performance through tools like error distribution
curves or cross plots. The applicability domain of the
model is then finalised by identifying outliers within the
dataset.

Finally, ‘sensitivity analysis’ is conducted to deter-
mine how uncertainties in the model’s inputs influence
the uncertainties in its outputs. This involves performing
relevancy factor analysis before the model is deemed
ready for application in the petroleum industry, where
intelligent models are increasingly employed.

The development of intelligent models began with the
introduction of artificial neural networks (ANNs), in-
spired by biological neurons and the human brain. Key
ANN architectures come in different types based on
their structure and purpose. Feedforward neural net-

works (FNN) are the basic, where data transfers in uni
direction from input to output. Convolutional neural net-
works (CNN) are used for image and spatial data pro-
cessing, recognizing patterns through filter layers. Re-
current neural networks (RNN) are for sequential data,
where past information influences the current output,
making them useful in forecasting and language pro-
cessing. Long short-term memory (LSTM) networks, a
type of RNN, help retain information for longer periods.
Generative adversarial networks (GAN) consist of two
networks, one for data generation and the other for eval-
uation, commonly used in image creation. Radial basis
function (RBF) networks use mathematical functions to
improve classification and pattern recognition. Trans-
former networks, used in modern language models, pro-
cess information efficiently by focusing on critical parts
of the input. Building on these, fuzzy logic systems were
introduced to enhance higher-level reasoning and infer-
ence, leading to the emergence of adaptive neuro-fuzzy
inference systems (ANFIS), which integrate ANN capa-
bilities with fuzzy logic principles.

In reservoir simulation, data-driven neural networks
apply these intelligent modelling techniques to learn
from historical reservoir and production data for predict-
ing reservoir behaviour. However, their accuracy de-
pends on data availability, and limited datasets can lead
to unreliable predictions. To overcome this limitation,
physics-informed neural networks (PINNs) incorporate
fundamental physical laws, such as conservation of mass
and Darcy’s law, ensuring that predictions align with
real reservoir flow behaviour even in data-scarce condi-
tions. This integration of data-driven and physics-in-
formed approaches enhances the reliability and applica-
bility of intelligent models in reservoir analysis and de-
cision-making (de la Mata et al., 2023).

The concept of decision trees, particularly in the forms
of random forests and extra trees (extremely randomized
trees), has become a cornerstone of intelligent models due
to their simplicity, interpretability, graphical representa-
tion, and low computational cost. More recently, genetic
programming, an evolutionary algorithm exploring both
program and solution spaces, and gene expression pro-
gramming, which seeks optimal expression models
through chromosome-based encoding and solution report-
ing, have gained traction. These methods have surpassed
the group method of data handling (GMDH) in various
applications (Hemmati-Sarapardeh et al., 2020).

Towards the development of training and optimiza-
tion algorithms, numerous techniques have been intro-
duced in recent years. These span a broad spectrum of
optimization approaches, ranging from nature-inspired
heuristics to gradient-based deterministic methods, and
offer solutions for diverse problem domains. These in-
clude: (a) Genetic Algorithm;(b) Differential Evolution;
(c) Particle Swarm Optimization; (d) Ant Colony Opti-
mization; (e) Artificial Bee Colony; (f) Firefly Algo-
rithm; (g) Imperialist Competitive Algorithm; (h) Simu-
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Table 3. Advantages and disadvantages of application of various ML algorithms in reservoir simulation (Zhou et al., 2024)

Algorithm Advantages

Disadvantages

Linear Regression

Interpretable and suitable for variable data.

Cannot model nonlinear relationships.

Fuzzy Logic

Handles uncertainty and reduces noise.

Requires domain expertise and algorithm
knowledge.

Decision Trees

Easy to interpret using root-to-leaf rules.

Prone to overfitting; pruning is challenging.

Random Forest

Accurate; handles high-dimensional, noisy data.

Limited effectiveness in low-dimensional
scenarios.

Efficient, handles missing data, and controls

Poor fit for petroleum scenarios; prone to

effectively.

(G overfitting well. overfitting.

AdaBoost Low error, simple coding, no tuning. Ineffective in scenarios with many outliers.

S Vesion M Accqrate; robust to noise and outliers; handles | Kernel selection is challenging for specific
nonlinear data. problems.

Evolutionary Algorithms Few parameters; minimal background Easﬂhy falls into local optima;
knowledge needed. requires scenario-specific objectives.

ANN Handles complex relationships and noisy data Difficult to design; requires complex training
effectively. and many parameters.

RNN Processes sequential data with memory Struggles with historical data; prone to gradient
capabilities. issues.

LSTM and variants Manages long dependencies and gradient issues | Long training, parameter-heavy,

and computationally intensive.

lated Annealing; (i) Coupled Simulated Annealing; (j)
Gravitational Search Algorithm; (k) Cuckoo Optimiza-
tion Algorithm; (I) Gray Wolf Optimization; (m) Whale
Optimization Algorithm; (n) Levenberg-Marquardt Al-
gorithm; (o) Bayesian Regularization Algorithm; (p)
Scaled Conjugate Gradient Algorithm; and (q) Resilient
Backpropagation Algorithm.

Al has been extensively used in the upstream industry
for various applications, including well testing, produc-
tion prediction, history matching (Costa et al., 2014),
hydrocarbon property estimation, oil field development
(Sircar et al., 2021; Ren et al., 2024), and fracture pa-
rameter predictions (Ahmed et al., 2019; Nande, 2018).
While Al-driven intelligent models have brought signifi-
cant improvements, their effectiveness needs to be care-
fully studied. A key challenge lies in selecting appropri-
ate algorithms for reservoir fluid flow analysis, particu-
larly in assessing reservoir rock, fluid, and rock-fluid
interaction properties to determine the fraction of en-
hanced oil recovery. Additionally, well-test analysis and
formation damage analysis still require more advanced
specialized algorithms. It is crucial to evaluate how ac-
curately Al can deduce rock parameters, fluid parame-
ters, and rock-fluid interaction parameters, ensuring that
these deductions align with real field conditions. Even if
Al can accurately predict all reservoir properties using
advanced algorithms, we still need to check how close
these predictions are to actual field scenarios. A key
question is the role of detailed mathematical formula-
tions in fluid flow analysis of petroleum reservoirs and
how much Al-based models — using pattern recognition,
system identification, and cognitive processes — have
been able to replicate real-world fluid flow behaviour.

Another important area is understanding how Al per-
forms cross-validation during training and selects the
most suitable reservoir model. The process of dividing
datasets into training and validation sets, choosing data
for learning versus validation, and deciding when to stop
training needs further exploration. It is important to con-
sider whether achieving low errors in training and vali-
dation sets is sufficient to stop learning or if additional
“blind” data is necessary for better evaluation. Al plays
a crucial role in addressing disparities in data during the
training phase of model development. These intelligent
models learn by recognizing hidden patterns between in-
put reservoir properties and output responses, using op-
timization algorithms to improve performance. While Al
is highly effective in handling large datasets, identifying
patterns, and detecting trends, a key question remains:
can Al fully capture all aspects of reservoir heterogene-
ity? Another critical consideration is the extent to which
Al reduces uncertainty in reservoir performance. Ulti-
mately, the reliability of an Al model depends signifi-
cantly on the quality and quantity of reservoir data used.
For instance, insufficient permeability data can chal-
lenge the model’s ability to make accurate predictions.
Moreover, in cases where data is limited, dividing the
dataset into training, validation, and test subsets may not
be feasible, further impacting the robustness and relia-
bility of the intelligent model. These limitations high-
light the need for quality data and careful handling dur-
ing model development.

In essence, introducing Al has essentially translated the
reservoir scientific basis into an art form as it essentially
hangs around pattern recognition. This particular ap-
proach by any user, in the absence of acquiring the actual
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reservoir drainage physical principles, while mostly play-
ing with the data set alone, may not help the engineer in
the long run, and this approach survives with art as a basis
while science seems to be missing completely.

4. Coupled Effect of Al and Reservoir
Simulation

As far as the reservoir engineering discipline is con-
cerned, the concept of AI/ML remains widely used in
reservoir characterization, in particular, reservoir pres-
sure, temperature and volume estimations, including
bubble point pressure, formation volume factor, isother-
mal compressibility and brine salinity. In addition, ML
has also been used in a compositional oil simulator to-
wards phase-equilibrium estimations that include phase-
stability tests and phase-splitting calculations (Mirzaei
and Das, 2007). Reservoir rock properties, including
porosity and permeability, have also been estimated us-
ing fuzzy logic and SVM (Koray et al., 2024; Lim,
2005). An attempt has already been made to forecast the
time-lapse saturation profiles at well locations using in-
jection/production data (Balza and Li, 2020). In fact,
extreme learning machines (ELM) have helped to fore-
cast multiple reservoir parameters, namely lithofacies,
shale content, saturation and reservoir porosity (Lawal
et al., 2024; Liu et al., 2021). Further, ANNs not only
helped to forecast bottom hole pressure in vertical wells
but also have aided multi-dimensional interpolation of
relative permeability to overcome the influences of vari-
ous parameters during hybrid recovery processes.

Now, considering three possible approaches for im-
plementing ML algorithms: (a) developing surrogate
models for relatively homogeneous and isotropic reser-
voirs to reduce computational resources and costs; (b)
creating ML models for reservoirs where human exper-
tise is crucial, particularly for reservoir planning and
field management decisions during hydrocarbon produc-
tion; and (c) developing ML models for highly heteroge-
neous and anisotropic reservoirs, which are more com-
plex to understand and model. The first two options can
be managed with reservoir simulation, while the third
option may still require the help of AI/ML along with
reservoir simulation. However, it should be clearly not-
ed that in petroleum reservoir fluid flow analysis, the
reservoir environment is mostly heterogeneous, with
every decision becoming extremely expensive, while the
available data remains highly sporadic in nature. How-
ever, the petroleum production period being longer, ef-
ficient use of AI/ML could be expected to offer long-
term gains when it merges hands with the scientific-
based reservoir simulation. And, AI/ML algorithms are
expected to play a crucial role in addressing the chal-
lenges associated with (a) large amounts of biased data
(not all the rock, fluid, rock-fluid data uniformly); (b)
various data associated with various scales; (c) a signifi-
cant amount of inconsistent and inaccurate data; and (d)

high rate of biased data influx (again, not, all the rock,
fluid, rock-fluid data influx uniformly) (Koroteev and
Tekic, 2021). On top of it, now, AI/ML would be able to
scrutinize, filter and select the daily produced data from
downhole as well as from surface sensors effectively as
against the conventional structured and unstructured
data used in the petroleum industry to keep track of pro-
duction, maintenance and safety. Of course, in the petro-
leum industry, securing accurate data either becomes
nearly impossible or extremely expensive and eventual-
ly, whether we will be able to provide a sufficient quan-
tity and quality data for training, verification and valida-
tion remains a crucial task. The other drawback associ-
ated with the AI/ML approach is the time delay
associated with the data processing because a significant
amount of data is associated with high uncertainty.

In general, conventional scientific engineering analy-
sis using reservoir simulators often faces challenges due
to the extensive data requirements for reservoir rock
properties, fluid properties, and rock-fluid interactions.
Introducing Al techniques can help identify and model
the complex non-linear relationships between these pa-
rameters, improving our understanding of their interac-
tions. However, the success of Al depends heavily on
collecting and filtering credible data from reservoir sites.
While Al techniques offer potential, relying solely on
them without incorporating reservoir simulation can
lead to inaccurate correlations, unrealistic clustering,
and biases due to missing data or unstable oil-water
fronts (Ertekin and Sun, 2019). This highlights the
need for a balanced approach. Advanced methods like
transfer learning can address this gap by starting with a
reservoir simulation model and refining it using AI/ML
with specific training data. Combining AI/ML with res-
ervoir simulation can reduce the computational chal-
lenges of solving complex coupled PDEs and provide
deeper insight into petroleum reservoirs. This hybrid ap-
proach offers a more reliable and efficient way to model
and analyze reservoirs.

It is now clearly known that reservoir simulation has
a very strong scientific basis, while Al has a very strong
art basis. If the petroleum industry makes an attempt to
couple these two approaches in the best possible way,
then the characterization of fluid flow through petroleum
reservoirs will end up with minimal uncertainty while
gaining the maximum benefit. The concept of reservoir
simulation remains well known in the petroleum indus-
try, while the application of Al in the petroleum industry
is not in full swing. The way various data needs to be
trained and the appropriate selection of algorithms meant
for the successful estimation of reservoir rock and fluid
parameters require a special skill. In essence, merging
science and art elevates multi-phase fluid flow analysis
to the next level. By integrating Al with reservoir simu-
lation, we preserve traditional reservoir simulation prac-
tices while embracing advancements in Al. This ap-
proach enables the petroleum industry to leverage the
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strengths of both methods, leading to more effective
characterization of multi-phase fluid flow in petroleum
Ieservoirs.

5. Conclusions

This article highlights the limitations of the current
approach to reservoir simulation, particularly the reli-
ance on petroleum software packages without a solid
understanding of reservoir physics and mathematical
principles. It also critiques the use of machine learning
and artificial intelligence in reservoir characterization,
viewing it more as an art than a rigorous science. Finally,
the study explores the integration of reservoir simulation
and Al, discussing its potential to transform the petrole-
um industry by enabling more advanced and accurate
fluid flow analysis.

The following conclusions have been deduced from
the present study.

1. The current approach to reservoir simulation
through numerical modelling often ignores the fun-
damental physics of reservoir behaviour and the
formulation of conceptual and mathematical mod-
els using applied reservoir mathematics. Instead,
the focus is mainly on developing advanced numer-
ical solution techniques, many of which do not fol-
low the basic principle of fluid mass conservation.

2. Using petroleum reservoir simulation software
without developing conceptual, mathematical, or
numerical models — and relying on input data that
is often not justified in terms of scale and uniform-
ity — is not suitable for academic purposes. This
method is more appropriate for industry profes-
sionals who have the expertise to understand dif-
ferent aspects of modelling. In an academic set-
ting, fresh graduates may lack the necessary

knowledge to correctly interpret simulation re-
sults. Industry experts, on the other hand, can care-
fully analyze results while considering the limita-
tions and challenges at each stage, leading to better
interpretations.

3. In Al applications, unlike traditional reservoir sim-
ulation, pre-processing of data is a very important
step where proper measures are taken before using
the data for processing. The introduction of Al has
made reservoir science more dependent on pattern
recognition, turning it into an art rather than pure
science. However, depending only on data manip-
ulation without understanding the actual physical
principles of reservoir drainage may not be a sus-
tainable approach in the long run, as it moves away
from the scientific foundation.

4. By combining “art-based AI” with “science-based
reservoir simulation,” we can continue the tradi-
tional practice of reservoir simulation while adopt-
ing Al advancements. This hybrid approach allows
the petroleum industry to benefit from the strengths
of both methods, leading to better characterization
of multiphase fluid flow in reservoirs. It prevents a
complete shift from knowledge-based models to
only data-driven AI/ML techniques, ensuring that
Al supports rather than replaces traditional reser-
voir simulation.

5. Finally, this study highlights the importance of
fundamental physics in reservoir simulation and
its role in developing Al-based models. It also pro-
vides guidance for entry-level reservoir engineers
on how to approach reservoir simulation problems,
explaining the essential steps required for effec-
tively simulating subsurface processes. Addition-
ally, thought-provoking questions have been in-
cluded to encourage further research in this field.
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SAZETAK

Primjena umjetne inteligencije u simulaciji lezista za karakterizaciju protoka
visefaznoga fluida kroz naftna lezista

Umjetna inteligencija (AI) brzo napreduje i utje¢e na sva znanstvena podrudja, uklju¢ujudi i naftnu industriju, gdje ona
vi$e nije novost. Ovaj ¢lanak istrazuje razvoj umjetne inteligencija i njezinu integraciju s tradicionalnim pristupima si-
mulacije lezista. Prvi dio rada isti¢e sve manji naglasak na konceptualno i matemati¢ko modeliranje u simulaciji lezista,
uz rastuci fokus na sofisticirane tehnike numerickoga rje$enja. Ovaj pristup ¢esto zanemaruje temeljnu fiziku i matema-
tiku leZista, §to dovodi do povr$ne karakterizacije visefaznoga protoka fluida u naftnim leZitima. U drugome dijelu rada
analizirano je esto koristenje softverskih paketa u naftnoj industriji, koji se u velikoj mjeri oslanjaju na ulazne podatke,
a da pritom ne uzimaju u obzir varijacije u skalama podataka. Ti alati tretiraju temeljno programiranje kao ,.crnu kutiju’,
Cesto zaobilazedi klju¢ne temeljne znanstvene discipline poput konceptualizacije lezi$ta, primijenjene matematike i
numerickih tehnika, $to rezultira nepotpunom karakterizacijom lezista. U tre¢emu dijelu rada razmatrana je uloga stroj-
noga ucenja (ML) i umjetne inteligencije u primjenama na leZistima. Dok znanost o podatcima igra klju¢nu ulogu, ne-
dostatak integracije s temeljnim fizickim zakonitostima leZi$ta svodi analizu protoka fluida na ,umjetnost” bez znan-
stvene strogosti. U zadnjemu dijelu rada predloZen je hibridni pristup koji povezuje AI/ML s tradicionalnom simulaci-
jom lezi$ta. Ova integracija premoscuje jaz izmedu znanstveno utemeljene simulacije leZiSta i analize protoka fluida
vodene umjetnom inteligencijom, omoguéujuéi naftnoj industriji da postigne novu paradigmu za analizu viSefaznoga
protoka fluida. Kombinirajuéi temeljnu znanost s naprednim tehnikama umjetne inteligencije, ovaj pristup nudi sveo-
buhvatni okvir za preciznu karakterizaciju lezista i pobolj$anu proizvodnju ugljikovodika.

Kljuéne rijedi:
umjetna inteligencija, strojno ucenje, simulacija leZi$ta, konceptualni model, matematic¢ki model, numeri¢ki model
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Abstract

Terrain correction is important in generating accurate Complete Bouguer Anomaly (CBA) maps and is essential for grav-
ity studies. Traditional methods for terrain correction can be time-consuming, and many computerized programs are
computationally intensive. To address these challenges, we introduce MAETEC, an optimized algorithm MATLAB-based
approach designed to enhance the efficiency and accuracy of terrain correction in CBA computations. MAETEC uses an
effective algorithm and MATLAB’s parallel computing capabilities to speed up the terrain correction process. Our ap-
proach integrates simple gravity equations, e.g. Nagy prism and its simplification techniques, zonation strategy, and
parallel processing to significantly reduce computation time without compromising accuracy. Validation of MAETEC
against other terrain correction software and methods demonstrates its effectiveness in producing precise CBA maps
with reduced processing times. We illustrate the application of MAETEC through a case study in a geothermal explora-
tion area and also for a regional gravity study. The results show a marked improvement in the efficiency of terrain correc-
tion compared to existing available software, e.g. GTeC, Oasis, and TCDEMF, making MAETEC a valuable gravity pro-
cessing tool. Overall, MAETEC offers a fast, accurate, and user-friendly solution for terrain correction, facilitating the

generation of high-quality CBA maps and advancing our understanding of subsurface geological structures.

Keywords:

Terrain correction, gravity method, complete Bouguer anomaly, flat-top square prism, efficient algorithm

1. Introduction

The Complete Bouguer Anomaly (CBA) map is one
of the geophysical tools for illustrating subsurface rock
density anomalies. Derived from the free-air gravity
anomaly, the CBA map is created through a series of
topographic reductions, including Bouguer correction
(Bullard A), spherical correction (Bullard B), and terrain
correction (Bullard C) (Nowell, 1999; Cella, 2015).
Bullard A, addressing the Bouguer plate effect, and Bul-
lard B, accounting for the Earth’s curvature, can be cal-
culated using straightforward equations and approxima-
tions for each observation gravity station, as demonstrat-
ed by LaFehr (1991) and Whitman (1991). Bullard A
and B corrections are relatively simple to compute man-
ually or with basic software. However, terrain correction
(Bullard C) is time-consuming, especially when tradi-
tionally performed by the hammer chart method (Tel-
ford et al., 1990).
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In response to this challenge, with the advancement
of computer technology, earth scientists have developed
software or code in Fortran, Python, Matlab, etc., that
automates terrain correction. By inputting a digital ele-
vation model (DEM) along with the coordinates and el-
evation of the gravity stations, software like TCDEMF
(Nishijima, 2009), FA2BOUG (Fullea et al., 2008),
GTeC (Cella, 2015), GIS-Matlab (Almeida et al., 2018),
TGF (Yang et al., 2020), and Oasis Montaj (Commer-
cial Geosoft Software) simplifies terrain correction pro-
cessing. Some of these tools can be complex and chal-
lenging for non-expert geologists or geophysicists unfa-
miliar with certain input parameters, like setting up the
optimum input to acquire an accurate result. Therefore,
we present a simple and efficient algorithm for perform-
ing terrain correction utilizing MATLAB’s parallel com-
puting toolbox. Our algorithm is designed to enhance the
terrain correction computational process, making it more
effective, efficient, and user-friendly for non-expert ge-
ologists and geophysicists. We also compare our algo-
rithm’s results and computational times with accessible
software such as TCDEMF, GTeC, Oasis Montaj, and
FA2BOUG (indirectly) to validate the accuracy and
compare our approach’s efficiency.
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Figure 1. [llustration of corrections of topographic components to obtain the complete Bouguer anomaly from the free-air
gravity anomaly. Firstly, the free air gravity anomaly is subtracted from Bouguer correction (Bullard A) with a particular
density value (p,) at a certain elevation to account for the gravitational effect of the topographic mass below the gravity

station. Then, the free air gravity anomaly should be added with spherical correction for the Earth’s curvature, known as the

Bullard B correction, and it is applied to a distance of approximately 166.7 km as suggested by LaFehr (1991) to account for

the earth’s curvature effect with the same density value (p,). Lastly, the terrain correction (Bullard C) is added to the free air

gravity anomaly to acquire a complete Bouguer anomaly. This terrain correction cancels out the gravitational effect of the
Bouguer plate in valleys while adding to the gravity value on hilltops (light blue color). For the ocean areas, the Bouguer
density value is adjusted by subtracting it with the density of the seawater (p, - p, ) (blue color).

The standard gravity data correction, including tides, 1939). Nowadays, advanced computer techniques help
instrumental drift, latitude, free air, and topography, compute terrain correction by utilizing DEM data, mak-
should be performed to get a CBA map. The free air ing it less time-consuming and more accurate. Moreo-
anomaly map shows gravity anomaly measured at a ref-  ver, many methods developed are more accurate than the
erence level, usually sea level or geoid. After free air hammer method, e.g. triangular tessellation, Nagy prism
anomaly, the anomaly due to the topography effect or flat top squared prisms, Fourier method, and optimal-
should be removed to get the CBA map. Bullard (1936) ly selecting sector (modification of hammer method)
who first categorized topographic correction into three  (Parker, 1995; Cella, 2015; Jahanjooy et al., 2020).
types, later known as Bullard A, B, and C. The Bullard The computerization of terrain correction programs
A, also known as the Bouguer correction, treats the to-  have been developed since the 1960s. Bott (1959) and
pography as an infinite horizontal thick slab (see Figure  Kane (1962) were among the earliest developed gridded
1). As the Earth is not an infinite slab, the curvature of  elevation data for computing gravitational effects that is
the Earth needs to be accounted for by the Bullard B cor-  accurate for the close inner and far outer zone area. Nagy
rection with a spherical cap of a surface radius of 166.7  (1966) and Plouff (1976) introduced the prism method for
km (LaFehr, 1991). Lastly, the undulation of the topog-  calculating terrain correction using DEM data, which is
raphy around the gravity station must be handled by the  accurate in high-resolution DEM. Better resolution will
terrain correction (Bullard C). have higher accuracy but requires higher computational

In the past, terrain corrections (Bullard C) were per-  costs (time and computer memory). Blais and Ferland
formed using the Hammer method, where the area (1984) found that for great distances, the formula for a
around the gravity station was subdivided into circular ~ prism can be simplified as a vertical line mass centered at
zones and compartments (Hammer, 1939). The correc-  a grid point, reducing computational time for the far zone.
tion was calculated by averaging the value of the topo- Another approach for terrain correction uses a Gaussi-
graphic elevation of each compartment and subtracting  an function, which offers faster computation but may not
it from the gravity station’s elevation. The correction accurately capture sharp topographic variations, as pro-
value then can be calculated by assuming that the zoneis  posed by Herrera-Barrientos and Fernandez (1991).
a cylindrical ring divided by several sectors (Hammer, Additionally, a Fourier-based method separates the terrain
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Figure 2. Available digital elevation model (DEM) data covers an area of 18,200 km? acquired from SRTM
USGS Earth Explorer with a square gridded resolution of 50 meters on the Central of Java Island, Indonesia,
which results in 7,280,000 pixels (red rectangle). The inset map shows the location of the 861 synthetic gravity
station (black circle) for terrain correction around Mt. Telomoyo geothermal exploration area that covers an
area of 200 km? (black rectangle).

correction into local and distant components, with the dis-
tant contribution transformed into a convolution series
through Chebyshev economization to further improve
computational efficiency (Parker, 1995). However, Tsou-
lis (1998; 2003) and Gomes et al. (2013) reported that
when the topographic grid is very dense and steep, there
will be divergence in the terrain calculation and signifi-
cant overestimated values in high-elevation terrain due to
classical integration. Some authors (Ballina Lopez, 1990;
Hwang et al., 2003; Fullea et al., 2008) set up the digital
terrain models and the input data under restrictive condi-
tions, limiting their application (Cella, 2015).
Researchers have been developing programs that com-
bine several techniques and strategies to achieve high ac-
curacy and less computational time. The strategy com-
monly used in the terrain correction program is zone divi-
sion, which is choosing a method to compute the terrain
effect in each zonation area (i.e. Nagy prism, triangular
tessellation, and triangular prism) and implementing par-
allel computing (Cella, 2015; Murillo, 2017). In this
study, the terrain correction algorithm strategy imple-

ments three terrain correction methods, as suggested by
Nowel (1999) (simplified flat-top squared prism and the
quarter segment of a uniform slope wedge) and Nagy
prism (flat-top squared prism) method (Nagy, 1966;
Plouff, 1976; Nagy et al., 2000) in four adjustable zona-
tions to maximize accuracy and a MATLAB parallel com-
puting toolbox to minimize computational time. This pa-
per demonstrates that combining flat-top squared prism
and simplified flat-top squared prism methods with right
radius zonation resulted in terrain correction with one mi-
crogal accuracy, considering the DEM resolution.

2. Methods
2.1. Data and Tools

This study uses the global Digital Elevation Model
(DEM) data from SRTM (Shuttle Radar Topography
Mission) USGS Earth Explorer with a resolution of 1 arc
second or about 30 meters (OpenTopography, 2013).
The study case area is around Telomoyo Mountain, part
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Figure 3. The left figure shows DEM zonation determination for calculating the terrain effect in each gravity station.
DEM is divided into two main zones for each observation point: the near zone (red grid inside the red circle) and the far zone
(yellow grid outside of the red circle). The near zone consists of Zones 1 (DEM point in black square) and 2 (DEM point in red

square). The far zone consists of Zone 3, located between the red and blue circle (DEM point in blue square), and Zone 4,
located outside of the blue circle, up to maxTCrange distance (DEM point in yellow square). The right figure illustrates how
to calculate terrain correction in a gravity station for each DEM point (red rectangular prism with eight corner) in Zone 2
and Zone 3, which applies the flat top squared prism.

of the geothermal exploration area in the middle of Java
Island, Indonesia (Abdillah et al., 2024), where the
DEM covers about 120 by 120 km, and the synthetic
gravity station is located in the middle of the study area
(see Figure 2). According to the geological map of the
Magelang and Semarang (Thanden et al., 1996), the
Telomoyo area’s lithological unit mainly consists of
Quaternary volcanic breccia and lava, surrounded by
Tertiary sedimentary rocks overlaid by Quaternary vol-
caniclastic products. According to Saibi et al. (2012),
the average rock density value in the Ungaran area is
2470 kg/m? or 2.47 gram/cm?, and this value is used as
the terrain density (p) input for terrain correction in the
Telomoyo area due to their similar geological settings
and volcanic history.

The code is written in MATLAB software, and all the
computational processes performed using 11" Gen In-
tel® Core (TM) i7-1160G7@1.20GHz (8 CPUs) run-
ning on a 64-bit Windows 11 operating system with a
memory of 16 GB of RAM. Using these computer specs,
the code can run up to about 7.3 million points of DEM
data, and it takes about 1-5 minutes to calculate the ter-
rain correction of 861 gravity stations.

This research uses GTeC (Gravity Terrain Correc-
tion), the same MATLAB-based software, for bench-
marking because GTeC provides a reliable and flexible
solution for accurately calculating terrain corrections.
GTeC’s ability to integrate multiple DEM with progres-
sively finer resolutions improves accuracy, especially in
areas with steep slopes or near coastlines. Additionally,
its use of tessellation-based algorithms for inner zones
allows precise modelling of terrain effects, even in com-
plex and rugged regions. GTeC software has been vali-
dated using synthetic topographic data and applied to a

microgravity survey real-case (Cella, 2015). The valida-
tion results demonstrated excellent agreement of GTeC
results with those obtained from commercial software,
showcasing its reliability and accuracy.

2.2. Input Data and Setting Parameter

The input data is DEM data with a horizontal resolu-
tion of 50 meters for detailed geology prospecting de-
pending on computer specs where the finer resolution
will result in better accuracy. Still, it demands more
memory and computational time. The DEM input data
file should be in the *xyz format consisting of coordi-
nates X and Y (in meters), UTM Zone (e.g. WGS 1984)
format, and the Z-elevation unit (in meters). This code
also accepts bathymetric DEM data (if available) in the
negative elevation values. We only use positive values in
the Mt. Telomoyo terrain correction test case because
TCDEMF does not accept bathymetric data. However,
we include negative DEM values (bathymetric) for the
regional terrain correction test in the Atlas Mountain re-
gional case. In general, DEM for terrain correction
should cover a minimum of 50 km in all directions from
the terrain gravity study area (see Figure 2). The data
input format is in *.zxt format, with the information of
gravity station name, longitude (can be in UTM or deci-
mal degrees), latitude (can be in UTM or decimal de-
grees), and elevation of the gravity stations (in meters).

The parameter setting in MAETEC needs to be set as
the input, including the average terrain density values of
the study area (in gram/cm?®). The maximum terrain cor-
rection radius search (maxTCrange) should be defined in
meters. An input of 50,000 meters for a maximum ter-
rain correction radius should be sufficient; beyond this
range, the effect will not be significant to the measured
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Figure 4. A plot of the difference gravity effect of a single DEM point calculated using the simplified squared prism
(Equation 3) and Flat-top squared prism (Equation 2) considering the distance of the gravity station with the DEM point
(R), the elevation of the DEM point (H), and the DEM resolution or the cross-sectional area (A) (R, H, and A referring to
Equation 3). The red line is distance (R) = 10 km.

point. For the zonation, MAETEC divides zonation into
two main zones: the near and far zones. Each zone con-
sists of two sub-zones, Zones 1 and 2 in the near zone
and Zones 3 and 4 in the far zone (see Figure 3).

To control the radius of each zone in the setting, we
need to determine the DEM resolution (dx) as the input
(unit in meters). Zone 1 is the closest area when the grav-
ity station is not located exactly on the DEM point, and
Zone 1 is fixed as four nodes closest to the gravity sta-
tions (see Figure 3). Zone 2 (zone2rad) and Zone 3 (zon-
e3rad) can be set based on resolution and the number of
desired grids as the input where the far zone (Zone 3 and
4) DEM resolution is resampled to a lower resolution as
input resampling to save the computer memory. For ex-
ample, if the dx input is 50 meters and the resampling
input is 4 then the new DEM resolution for Zone 3 and 4
will be 200 meters (see Figure 3). The maximum radius
of Zone 4 is taken from the parameter of maxTCrange.
The variation of grid size or resolution of the DEM and
the zonation radius significantly impacts the accuracy of
the terrain correction and computational time.

2.3. Algorithm Implementation

2.3.1 Near-zone (R , < zonzrad)
obs

The near zone uses DEM input at the actual resolu-
tion. Reducing the number of DEM arrays for the near
zone is essential to optimize the computational process.
This is performed only by employing the DEM coordi-

nates inside Zone 1 and 2. Using this DEM input,
MAETEC calculates the radius of each gravity station
point (R , ) (see Figure 3). According to Nowel (1999),
the gravity terrain effect of the closest four points to the
gravity station in zone 1 (g_ ) can be calculated using
the assumption of the quarter segment of a uniform slope
wedge derived from Kane (1962).

R
——)
VR + H?

G is the gravitational constant (6.672x10~"! Nm%kg?),
p is the density of the terrain, R is the distance from the
gravity station to the DEM elevation points, and H is the
DEM elevation height.

For Zone 2, when the distance (R , ) exceeds the grid
size or the DEM resolution and less than the Zone 2 ra-
dius (zon2rad), we apply the Nagy prism or flat-top
squared prism because the DEM data is set as a square
grid. Nagy (1966) and Plouff (1976) explained the equa-
tion to calculate the gravity terrain effects of the flat top
square prism (g_ ) expressed as:

1
gz(me‘] = EﬂGpR(l - (1)

R,

3

)+

|

gzoneZ& zone3 — Gpﬂ,]k X ln ln (y =+

Xy | V2
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2

+ylnln (x +Ry, ) — zarctan arctan(
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Table 1. The comparison of the computational time average and root mean square error (RMSE) of different available terrain
correction software with different scenarios, including zonation ranges, terrain correction methods, and DEM resolution.
GTeC, TCDEMEF, and Oasis Montaj zone radius and DEM grid size have been adjusted to the MAETEC zonation setting for

simplification. Each color represents the terrain equation methods used in each zone: Uniform sloped wedge (Kane, 1962);
Flat top squared prism (Nagy, 1966); Simplified squared prism (Blais and Ferland, 1984); Sloped triangle prism
(Gotze and Lahmeyer, 1988); Squared segment ring (Kane, 1962).

MAETEC GTEC TCDEMF Qasis
Zonation Scene-1 | Sceme-2 | Sceme-3 | Scene- 4 (Cella, | (Nishijima, | Montaj
2015) 2009) (Geosoft)
Zone 1 (Nearest) 50 m 50 m 50 m 50 m 100 m 50 m 50 m
Zone 2 1600 m 800 m 800 m 1600 m 1000 m 50000 m 400 m
Zone radius Zone 3 14000 m 10000 m 10000 m 14000 m 1600 m - 800 m
Zone 4 50000 m 50000 m 50000 m 50000 m 14000 m - 1600 m
Zone 5 - - - - 50000 m - 50000 m
Zone 1 (Nearest) 50 m 50 m 50 m 50 m 10 m 50 m 50 m
. Zone 2 50 m 50 m 50 m 50 m 50 m 50 m 50 m
:)Es\glﬁ:i‘:ns'ze Zone 3 200 m 200 m 400 m 400 m 100 m - 100 m
Zone 4 200 m 200 m 400 m 400 m 200 m - 200 m
Zone 5 - - - - 400 m - 400 m
Computational Time (avg.) 330 sec 100 sec 35 sec 63 sec 330 sec 820 sec 180 sec
RMSE 65 pgal 74 ngal 136 pgal 78 pgal 0 468 pgal 1050 pgal

R, is the distance from the gravity station to each cor-
ner of the prism (see Figure 3). x, y and z are the dis-
tances of the coordinates of the gravity station with each
corner point of the prism. The term x, indicates the sign
(positive or negative) associated with each corner point
of the prism is defined as M= (=1)(=1Y(=1)* where i,k
= 1,2, corresponding to the prism’s eight corner combi-
nations along the x, y, and z directions (see Figure 3).
For the DEM point located in the sea, MAETEC will
automatically use density value from density terrain (p)
subtracted with the density of seawater used 1.027 gram/
cm’ (see Figure 1).

2.3.2 Far-zone (zonzrad < R |, < maxTCrange)

For the far zone, the DEM needs to be resampled (by
resampling parameter) with a larger grid size (see Fig-
ure 3) to reduce the computational time. However, it is
important to note that decreasing the DEM resolution
(increasing grid size or cross-sectional area) may lead to
lower terrain correction accuracy. Many terrain correc-
tion programs, such as FA2BOUG, GTeC, and Oasis
Montaj, use this resampling strategy for different zone
radius (Fullea et al., 2008; Cella, 2015). In Zone 3,
MAETEC implements the same flat-top square prism as
Zone 2 (see Equation 2) but with a larger grid size or
resolution to calculate the terrain effect (g, .).

Since the flat-top squared prism can be simplified to a
simple equation for a large distance (Blais and Ferland,
1984), we employ Ferland’s equation to calculate terrain
correction (g_ ) for Zone 4:

zoned

1 1
gzune4 = GpA(E _—)

3
R*+H?

A represents the cross-sectional area, grid size, or
resolution of the resampled DEM. R and H are the same
as the distance and DEM elevation in Equation 1. Set-
ting the minimum distance for Zone 4 is important to
optimize the algorithm’s computational time since the
computational cost for the flat-top square prism is more
expensive than Equation 3. The minimum distance for
Zone 4 (zone3rad) is suggested at 10000 meters regard-
less of the height of the prism for the DEM resolution
less than 2000 meters or less than 4x10° square meters
cross-sectional area (4). However, increasing the DEM
resolution or cross-sectional area (4) requires further
radius or distance (R) to reach a high accuracy (lower
error), where the best distance for Zone 4 (zone3rad)
is selected when less than 10 microgal accuracies are
achieved by considering the elevation difference (H)
and DEM resolution or cross-sectional area (4) (see Fig-
ure 4).

3. Results
3.1. MAETEC optimum setting

Mount Telomoyo geothermal exploration area is se-
lected to test the accuracy and optimum setting of the
MAETEC software. 861 synthetic gravity stations were
calculated using 50-meter grid size resolution DEM
from SRTM (OpenTopography, 2013) (see Figure 2).
Utilizing the same DEM resolution input, GTeC is con-
sidered the reference for other terrain correction soft-
ware because it enables triangular tessellation to mesh
the DEM. The triangular tessellation to mesh calculates
the terrain effect using sloped triangular prisms, ensur-
ing greater precision (Gotze and Lahmeyer, 1988).
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Theoretically, triangular tessellation is closer to the real
topographic condition, where it reduces the “staircase
effect” due to the flat top squared prism (Cella, 2015).
The GTeC settings to get good accuracy for radius zones
1,2, 3,4, and 5 are 100 meters, 1000 meters, 1600 me-
ters, 14000 meters, and 50000 meters with the step or
grid resolution of 10 meters, 50 meters, 100 meters, 200
meters, and 400 meters, respectively (see Table 1).

To optimize the settings for MAETEC and ensure
computational accuracy, we tested four zonation radius
and grid size scenarios (see Table 1). Scenarios 1, 2, and
3 progressively decrease terrain correction accuracy by
altering zonation parameters and DEM resolution,
whereas Scenario 4 aims to balance accuracy with com-
putational time. We assessed accuracy by comparing the
terrain corrections from each scenario with the reference
GTeC at each gravity station location and computing its
root mean square error (RMSE).

In Scenario 1, Zone 2 (zon2rad) is set to 1,600 meters.
The DEM resampling for the far zones (Zones 3 and 4)
is performed at four times the original grid spacing, re-
sulting in a 200-meter grid resolution. The radius of
Zone 3 (zon3rad) is set at 14,000 meters to enhance ac-
curacy, and the radius of Zone 4 is set at 50,000 meters
(see Table 1).

In Scenarios 2 and 3, Zone 2 (zon2rad) is reduced to
800 meters to evaluate the improvement in computation-
al time and its effect on near-zone (Zones 1 and 2) ac-
curacy. Additionally, the radius of Zone 3 (zon3rad) is
decreased to 10,000 meters in both scenarios to further
improve computational efficiency (see Table 1). The pri-
mary difference between Scenarios 2 and 3 lies in the
DEM resampling of the far zones: Scenario 2 uses a re-
sampling factor of four times the original resolution
(4*dx), while Scenario 3 uses a factor of eight times
(8*dx) to assess the impact on accuracy.

Finally, Scenario 4 maintains the near zone (Zones 1
and 2) radius at 1,600 meters (zon2rad), as in Scenario
1. However, the DEM resampling for the far zones
(Zones 3 and 4) is increased to eight times the DEM
resolution (dx), resulting in a 400-meter grid resolution
(see Table 1). In Scenario 4, the radius of Zone 3 (zon-
3rad) is set to 10,000 meters to reduce computational
time while maintaining accuracy since the far zones
(particularly Zone 4) usually have less influence on ter-
rain gravity.

3.2. Analysis of MAETEC Scenarios

The result of terrain correction from scenario 1, where
the larger Zone 2 radius of 1600 meters (zon2rad) results
in better accuracy in the near zone (Zone 1 and 2) while
minimizing the resampling factor at 4 times, leading to
better accuracy in the far zone (Zone 3 and 4). Determin-
ing the radius of Zone-3 (zon3rad) at 14000 meters will
also increase the accuracy in the far zone (Zone 3 and 4),
where the accuracy test of Eq. 3 in Zone 4 suggests that

the distance is more than 14000 meters at a cross-sec-
tional area of less than 10° square meters (or grid resolu-
tion of 1000 meters) at any height will have the error less
than 1 microgal per DEM point (see Figure 4). There-
fore, this scenario results in the highest where the root
means square error (RMSE) of terrain correction com-
pared to the GTeC as the reference is only 65 pgal (see
Table 1). However, scenario 1 spent around 330 sec-
onds, the longest time compared to other MAETEC sce-
narios.

The MAETEC algorithm shows that the near zone is
the most important zone for acquiring good accuracy,
which can be seen by comparing scenarios from the ra-
dius of Zone 2 of scenarios 1 and 2 with scenarios 3 and
4. Thus, the computational time is spent mostly in Zone
2, where the flat-top squared prism is implemented. As
the flat-top squared prism is also applied in Zone 3, the
computational time will increase if the radius of Zone 3
(zon3rad) gets larger. However, accuracy will also in-
crease as the Zone 3 radius increases, as shown by the
RMSE and computational time in scenarios 3 and 4.
Thus, Scenario 4 is the optimum setting for MAETEC,
which gives accuracy similar to scenarios 1 and 2 but
faster (2-5 times faster) due to the DEM resampling in
the far zone (Zone 3 and 4) (seec Table 1).

3.3. Comparison with Available Software

The accuracy of the MAETEC needs to be verified by
other terrain correction software. This study compares
three software with different methods and strategies to
evaluate MAETEC accuracy and computational time.
The first software is TCDEMF (Nishijima, 2009), which
separates zonation into two zones and implements a sin-
gle slope octant for the closest zone (Kane, 1962) and a
flat-top squared prism for the rest of the DEM data (see
Table 1). The second software is GTeC (Cella, 2015),
which separates the zone into five zones that implement
flat-top squared prism in Zones 3, 4, and 5 and triangular
tessellation in Zones 1 and 2 (see Table 1). To optimize
the GTeC accuracy, the zonation distance setting, differ-
ent input DEM resolutions (steps), selection of terrain
correction method in zones 4 and 5 (near zone), and par-
allel computing are available in the input setting. The
last software is the commercial Geosoft Oasis Montaj,
which implements algorithm methods described by
Kane (1962) and Nagy (Nagy, 1966; Plouff, 1976;
Nagy et al., 2000), which apply advanced grid-mesh in-
terpolation, zonation, and resampling techniques (see
Table 1).

In the GTeC, the terrain correction value ranges from
1.049 mgal to 24.032 mgal where the maximum value
terrain effect is at the peak of Telomoyo Mountain (see
Figure 5a). MAETEC uses scenario 4 to compare with
other software by plotting and visualizing the result,
which results in a range of terrain correction from 1.056
mgal to 24.052 mgal (see Figure 5b). As shown in Table
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Figure 5. Maps of the terrain correction calculated at the points stations are shown in Figure 2 using different software:
GTeC (a), MAETEC (b), TCDEMF (c), and Oasis Montaj (d). The error of each software is compared with GTeC software
as a reference. The MAETEC error is relatively low, with a maximum error of less than 0.5 mgal (e). The TCDEMF error is up
to + 2.5 mgal at high terrain areas (f). The Oasis Montaj error appears highest compared to other software, up to + 3 mgal (g).
The plot showing the accuracy comparison between MAETEC and other terrain correction software, using GTeC
as the reference. All software demonstrates high correlation coefficients above 0.980, indicating comparable accuracy,

with MAETEC achieving the highest correlation of up to 0.999(h).

Rudarsko-geolosko-naftni zbornik 2025, 40 (5), pp. 43-56, https://doi.org/10.17794/rgn.2025.5.4



51 MAETEC: An Optimized MATLAB-Based Approach for Accurate and Efficient Terrain Correction...

1, the RMSE of MAETEC with the reference software
(GTeC) is less than 0.1 mgal, but some areas still have a
difference of about 0.2 mgal (see Figure Se). TCDEMF
ranges from 1.086 mgal to 24.721 mgal (see Figure Sc),
which differs with reference software at some locations
from -2.592 mgal to 0.693 mgal (see Figure 5f). Oasis
Montaj terrain correction result ranges from 0.247 mgal
to 22.883 mgal (see Figure 5d); this results in about
0.483 mgal to 2.773 mgal lower value of terrain correc-
tion than the reference software (see Figure 5g).

Overall, MAETEC can produce an accurate terrain
calculation with an average coefficient correlation of
0.999 with GTeC, 0.987 with TCDEMEF, and about 0.985
with Oasis Montaj software (see Figure 5h), despite us-
ing a different method and algorithm than other software
(see Table 1). The significant difference in the calcula-
tion of MAETEC with TCDEMF might be due to the
resampling or gridding system of the DEM data during
the conversion of the coordinate from decimal degree to
UTM, whereas in the MAETEC and GTeC input can be
directly in meters coordinate and the TCDEMF input is
in decimal degrees. The significant difference in the Oa-
sis Montaj is due to the resampling and zonation tech-
nique where, according to the explanation of the soft-
ware to improve processing efficiency, the far zones are
sequentially resampled by a factor of two then set to the
average of the grid values they cover (see Table 1). Zone
2 averages every four initial neighboring DEM cells,
while Zone 3 averages every sixteen initial cells and ap-
plies to the next zones.

3.4. Regional Terrain Correction

MAETEC is also tested for regional data with topog-
raphy or DEM data resolution of the 1’ x 1° ETOPO
Global database, gridded at about 2000 meters resolu-
tion, taken from supplementary data in Cella (2015).
The study case uses the same area as the one investigat-
ed by Fullea et al. (2008) and Cella (2015) from the
Atlas Mountain, Morocco (see Figure 6). This terrain
correction can be used for regional studies such as crus-
tal thickness or tectonic studies. As mentioned by Cella
(2015), the error of gravity data by FA2BOUG software
for the regional data is up to £ 20 mgal in the higher
slope gradient, which is very big considering the gravity
anomaly in the subsurface. Therefore, it is important to
create the best scenarios to ensure the accuracy of the
computational cost of the regional terrain correction by
MAETEC (see Table 2).

To evaluate the regional gravity correction in Atlas
Mountain, GTeC parameter was set for a density of 2.67
g/cm?® (Cella, 2015) with search radius zones 1, 2, 3, 4,
and 5, which are 2000 m, 6000 m, 38000 m, 86000 m,
and 167000 m with the grid size of 250 m, 500 m, 1000
m, 2000 m, and 4000 m, respectively (see Table 2). With
this parameter, the GTeC produces gravity values rang-
ing from 1.137 mgal to 164.194 mgal (see Figure 7a),

Table 2. The comparison of input parameters of MAETEC
with GTeC for the regional terrain correction test,
the computational time, and the accuracy (RMSE). GTeC
is the reference for calculating RMSE.

Zonation MAETEC | GTEC
Zone 1 (Nearest) 250 m 2000 m
Zone 2 4000 m 6000 m
Radius Zone 3 20000 m | 38000 m
Zone 4 167000 m | 86000 m
Max radius - 167000 m
Zone 1 (Nearest) 250 m 250 m
DEM Zone 2 250 m 500 m
grid size Zone 3 2000 m 1000 m
/ resolution | 7ope 4 2000m | 2000 m
Max zone - 4000 m
Computational Time 80 sec 390 sec
RMSE 1.009 mgal

where most of the contributors to gravity terrain correc-
tion come from Zone 1 and 2, which apply a sloped tri-
angle prism method.

For the MAETEC setting, the grid size of the near
zone (Zones 1 and 2) is resampled to 250 meters (dx),
with the radius of Zone 2 being 4000 meters (zon2rad),
to which the MAETEC applies a linear gridding algo-
rithm. The far zone (Zone 3 and 4) grid size is resampled
8 (resampling) times of the near zone, corresponding to
a 2000-meter grid size with the zon3rad and maxT-
Crange set to 20000 meters and 167000 meters as the
radius for the Zone 3 and 4, respectively (see Table 2).
Compared to GTeC, the MAETEC terrain calculation
produces an RMSE of 1.009 mgal and needs only 80
seconds to compute all 4716 survey points (see Table 2).
MAETEC code produces gravity terrain correction val-
ues ranging from 0.787 mgal to 165.039 mgal (see Fig-
ure 7b). The difference of this terrain correction with
GTeC code is considered low with a maximum error of
not more than =+ 3.15 milligal (see Figure 7c).

MAETEC code can calculate the terrain correction
accurately and efficiently for regional gravity terrain
correction purposes. The plot of GTeC versus MAETEC
correlation coefficient is 0.999, which is considered a
very good result (see Figure 7d). The high error from
the plot is between 0 and 20 mgal value, corresponding
to the shallow marine area (see Figure 7c¢). This high
error is affected by the topography of the DEM in the
near zone due to the continental slope of the African
continent.

In the regional test, DEM resampling must be per-
formed to produce a smoother topography that leads to
more accurate terrain correction. Resampling becomes
crucial for regional terrain gravity correction when the
input DEM resolution exceeds 100 meters. According to
Cella (2015), down-sampling DEM resolution will in-
crease the accuracy of the terrain correction. Thus, it is
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Figure 6. Regional case terrain correction in North Western Africa with DEM resolution of 2000 meters, data
taken from ETOPO Global Database (NOAA National Geophysical Data Center, 2009). A total of 4717
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Figure 7. Maps of the regional terrain correction calculated at the points stations that are shown in Figure 6 of GTeC (a),
MAETEC (b), and the difference (error) of the MAETEC compared with GTeC as the reference software (c). The plot for each
gravity station regional terrain correction of GTeC and MAETEC shows a very good correlation (d).

recommended to perform a down-sampling of the origi-
nal DEM to 1/8 of its original size for large DEM cases
(from 2000 meters to 250 meters) to balance accuracy
and computational time. Meanwhile, the near zone ra-
dius (zon2rad) suggested a maximum of 32 times the

resolution down-sampled DEM, which is 4000 meters
(see Table 2). For the far zone, zon3rad was set at 20000
meters to get an accuracy of less than 0.1 microgal for
the 2000-meter grid size DEM input (4x10° m? cross-
sectional area) (see Figure 4).
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4. Discussion

The development and implementation of MAETEC
showcase significant improvements in the computation-
al efficiency and accuracy of terrain corrections for
Complete Bouguer Anomaly (CBA) maps. Several key
points arise from the comparative analysis and the ap-
plication of MAETEC in different geological settings.

4.1. Computational Efficiency

One of the most notable achievements of MAETEC is
its ability to significantly reduce computation times
without compromising accuracy. This is primarily due to
the utilization of MATLAB’s parallel computing capa-
bilities and an optimized zonation strategy. The parallel
computing toolbox allows the distribution of compu-
tational tasks across multiple CPU cores, effectively
speeding up the processing of large DEM datasets.

The comparison of different zonation scenarios (see
Table 1) indicates that MAETEC’s Scenario 4, which
combines a larger near-zone radius with effective DEM
resampling in the far zone, offers the best balance be-
tween accuracy and computational time. This scenario
achieves an RMSE of 65 pgal compared to GTeC, the
reference terrain correction software, while completing
the calculations five times faster than Scenario 1. This
setting strategy can also be applied to the down-sampling
case of the low-resolution DEM input for a regional case
study, which results in an RMSE of only 1 mgal for the
study case but five times faster than the GTeC code.

MAETEC also shows better efficiency than Oasis,
TCDEMEF, and GTeC by choosing the right terrain cor-
rection equation for each zonation. In this case, the most
important part is that implementing the simplified flat-
top prism in Equation 3 (Blais and Ferland, 1984) on
the right distance radius of the far zone will save much
computational time yet maintain high accuracy com-
pared to resampling the DEM grid size and calculating
all data by the flat-top prism which is applied in many
terrain correction software.

4.2. Accuracy and Validation

The accuracy of MAETEC was validated against oth-
er terrain correction software, such as GTeC, TCDEME,
and Oasis Montaj. The results demonstrate a high cor-
relation between MAETEC and GTeC, with a coefficient
0f 0.999. Minor discrepancies up to 0.2 mgal are within
acceptable limits for most geological applications. For
regional practice, MAETEC also shows great accuracy
with a maximum error of around 3 mgal compared to
software such as FA2BOUG, which has errors up to 20
mgal in the steep slope area, referring to Cella (2015).

The differences between TCDEMF and Oasis Montaj
are attributed to their distinct resampling and zonation
techniques. TCDEMF shows a variation due to the con-
version of coordinates and potential interpolation errors

during DEM gridding. Oasis Montaj, on the other hand,
employs more aggressive resampling strategies to en-
hance processing efficiency, which can lead to underes-
timation of value in some areas. Meanwhile, the higher
FA2BOUG error (Cella, 2015) might be caused by using
only two zonation techniques without applying a down-
sampling technique, which produces big errors in the
higher slope gradient.

4.3. Practical Applications

MAETEC’s ability to handle high-resolution DEM
data efficiently makes it particularly useful for detailed
geological and geophysical surveys, such as geothermal
exploration with higher terrain complexity, as demon-
strated in the Telomoyo Mountain case study. The algo-
rithm’s flexibility in setting zonation parameters and
DEM resolutions allows users to adapt the processing
according to their specific requirements and available
computational resources. For regional studies, such as
the Moroccan region case, MAETEC proved to be capa-
ble of processing lower-resolution DEM data while
maintaining acceptable accuracy levels.

The input process for MAETEC is straightforward
and similar to the settings used in Oasis Montaj, FA-
2BOUG, and TCDEMEF. It requires a DEM input that
uses the same UTM reference as the coordinate location
of the gravity survey. Additionally, MAETEC can accept
gravity survey data in latitude and longitude (decimal
degrees) and provide outputs in UTM coordinates (Pala-
cios, 2006). MAETEC can also generate UTM refer-
ences for the gravity stations, which can then be used to
determine the appropriate UTM reference for exporting
the input DEM topography data. The zoning strategy is
easy to use, with simple zonation in both near and far
zones. As the input setting, it only needs the DEM size
resolution (dx) for the near zone and the DEM resam-
pling for the far zone and simple radius determination
techniques, that are zon2rad, zon3rad, and maxTCrange
for Zone 2, 3, and 4, respectively. This simplicity sug-
gests that MAETEC is effective for both local and re-
gional scale gravity studies and also easy to use, making
it a versatile geophysical tool.

5. Conclusions

MAETEC represents a substantial step forward in the
efficient and accurate computation of terrain corrections
for Complete Bouguer Anomaly maps. Conclusions can
be drawn from this study:

* MAETEC significantly reduces computation times
by leveraging MATLAB's parallel computing capa-
bilities and optimized zonation strategies. Scenario
4, in particular, offers a balanced approach, achiev-
ing high accuracy with minimal computational cost.

* Validation against other terrain correction software
demonstrates that MAETEC provides accurate re-
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sults. The high correlation with GTeC confirms its
reliability, while minor discrepancies with
TCDEMEF, Oasis Montaj, and FA2BOUG are attrib-
uted to differences in resampling and zonation
methods.

* The flexibility of MAETEC in handling different
DEM resolutions and zonation settings makes it a
practical tool for both detailed local surveys and
broader regional studies.

« MAETEC offers a robust, efficient, and user-friend-
ly solution for terrain correction in gravity studies,
facilitating the generation of high-quality CBA
maps and advancing our understanding of subsur-
face geological structures.
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SAZETAK

Optimizirani pristup temeljen na MATLAB-u za to¢nu i u¢inkovitu
korekciju terena u potpunoj Bouguerovoj anomaliji

Korekcija terena vazna je u generiranju to¢nih karata potpune Bouguerove anomalije (CBA) i nuZna je za gravitacijska
istrazivanja. Tradicionalne metode za korekciju terena mogu biti dugotrajne, a mnogi rac¢unalni programi rac¢unski su
zahtjevni. Kako bismo odgovorili na ove izazove, predstavljamo MAETEC, optimizirani algoritam zasnovan na MATLAB-u,
dizajniran za poboljsanje uc¢inkovitosti i to¢nosti korekcije terena u CBA izra¢unima. MAETEC primjenjuje u¢inkovit
algoritam i MATLAB-ove moguénosti paralelnoga ra¢unanja za ubrzavanje procesa korekcije terena. Na§ pristup integri-
ra jednostavne gravitacijske jednadzbe, npr. Nagyevu prizmu i njezine tehnike pojednostavnjenja, strategiju zoniranja i
paralelnu obradu kako bi se znatno smanjilo vrijeme izra¢una bez ugrozavanja to¢nosti. Validacija MAETEC-a u odnosu
na drugi softver i metode za korekciju terena pokazuje njegovu uc¢inkovitost u proizvodnji preciznih CBA karata sa sma-
njenim vremenom obrade. Prikazujemo primjenu MAETEC-a kroz studiju slu¢aja u podrudju geotermalne eksploatacije,
kao i za regionalno gravitacijsko istrazivanje. Rezultati pokazuju znatno poboljsanje u¢inkovitosti korekcije terena u
usporedbi s postoje¢im dostupnim softverom, npr. GTeC, Oasis i TCDEMF, §to MAETEC ¢ini vrijednim alatom za obradu
gravitacijskih mjerenja. Opcenito, MAETEC nudi brzo, to¢no i korisniku prilagodeno rjesenje za korekciju terena, olak-
$avajudi generiranje visokokvalitetnih CBA karata i unapredujudi nase razumijevanje podzemnih geoloskih struktura.

Kljuéne rijedi:
korekcija terena, gravitacijska metoda, potpuna Bouguerova anomalija, ravna kvadratna prizma, u¢inkovit algoritam
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Abstract

The 2020 Jepara earthquake (Mw 6.7) represents a significant deep-focus seismic event within the subducting Indo-
Australian Plate beneath Java Island. This study investigates its characteristics using automatic moment tensor inversion
and double-difference relocation based on seismic data from the Meteorology, Climatology, and Geophysics Agency
(BMKG). A total of 1,899 earthquakes recorded between 2010 and 2022 were analyzed, focusing on events with a depth of
up to 600 km. Moment tensor analysis revealed a normal faulting mechanism with two nodal planes: the first with a
strike of 3102, dip of 592, and rake of -682, and the second with a strike of 92°, dip of 372, and rake of -121°. The centroid
depth was refined to 544 km, and the variance reduction (VR) exceeded 60%, which classifies the results as high-quality
(Category A). Approximately 85% of the hypocenters were successfully relocated, improving root mean square (RMS)
travel times to less than 1 second. The earthquake is associated with slab dehydration and the polymorphic phase transi-
tion of olivine to spinel under high pressure and temperature. These processes contribute to changes in fault mecha-
nisms and the structural variation of the mantle transition zone. The findings enhance understanding of the deep-focus
earthquakes beneath Java and can significantly contribute to future earthquake mitigation in Indonesia.

Keywords:

Java Island, deep-focus earthquakes, moment tensor inversion, double-difference relocation, slab dehydration

Walter et al., 2008), and the recent 2020 Jepara earth-
quake (Mw 6.0). The Jepara earthquake, occurring at a
depth of 560 km, ranks as one of the largest deep earth-
quakes in the past decade, with its effects felt across Java
(MMI IV-V) and extending to Sumatra, South Bali, and
Lombok (MMI II-1V).

Deep earthquakes represent a complex geophysical
phenomenon requiring detailed investigation. According
to BMKG records, only 3% of earthquakes in the last
decade were categorized as deep-focus events (see Fig-
ure 1). Tectonically, these earthquakes occur within sub-
ducting slabs, resembling shallow earthquakes superfi-
cially but differing significantly in their mechanisms (Li
et al., 2018; Zhan, 2020). The deep hypocenters amplify
seismic wave propagation, leading to pronounced shak-

1. Introduction

Java Island experiences significant seismic activity
due to active tectonic processes (Gunawan and Widi-
yantoro, 2021; Widiyantoro et al., 2020). These pro-
cesses are primarily driven by the subduction of the In-
do-Australian oceanic plate beneath the Eurasian conti-
nental plate at a rate of 5-6 cm/year. Additionally, active
onshore faults with slip rates of 1-2 cm/year contribute
to frequent and sometimes destructive earthquakes (Ar-
gus and Gordon, 1991; DeMets et al., 2010; Pasari et
al., 2021a). Historically significant events include the
1994 Banyuwangi earthquake (Mw 7.8) (Abercrombie
et al., 2001; Polet and Kanamori, 2000), the 2006 Pan-
gandaran earthquake (Mw 7.8) (Kato et al., 2007; Am-

mon et al., 2006; Fujii and Satake, 2006), the 2006
Yogyakarta earthquake (Mw 6.0) (Saputra et al., 2021;
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ing at distant locations, as observed in the 1998 Mexico
earthquake (Mw 7.8) (Ramirez-Herrera and Orozco,
2002; Tibi et al., 2003). Deep earthquakes originate in
dense, old oceanic slabs, which slow wave attenuation
while enhancing wave propagation (Tibi et al., 2003;
Wu and Takeo, 2004). These events can cause signifi-
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Figure 1. The seismicity and tectonic map of Java Island shows the distribution of felt earthquakes over the last 50
years. Notable strong and destructive earthquakes that occurred in the Java region include the Bantul 2006 M 5.9,
Pangandaran 2006 M 7.7, Tasikmalaya 2009 M 7.0 and 2017 M 6.9, Lebak 2018 M 6.1, Banten 2019 M 6.9, Jepara 2020
M 6.7, and Malang 2021 M 6.1 earthquakes. The tectonics of Java Island are controlled by the subduction activity of
the Indo-Australian Plate, subducting the Eurasian Plate at 6-8 cm/yr. Several active faults on Java Island, such as the
Cimandiri, Lembang, Baribis, Kendeng, and Opak faults, also influence the island’s seismicity. (Source: Fault data
obtained from Pusgen 2017, Bathymetry from BATNAS BIG, and seismicity from the International Seismic Centre).

cant damage in distant regions, particularly in alluvial
sediment areas, as exemplified by the 2007 Indramayu
earthquake, which caused damage in Sukabumi.

Several studies have been published using full wave-
form to highlight an unknown active fault in Indonesia
such as Tobelo Fault (Simanjuntak et al., 2023), Balan-
tak Fault (Simanjuntak et al., 2024), onshore Sumatra
backthrust (Muksin et al., 2023) and Cianjur Fault (Su-
pendi et al., 2023). However, there is lack of studies
concerning subduction activities, especially for interme-
diate and deep-focus earthquakes. Adi et al. (2024)
studied the possible backthrust system in south-central
Java at an intermediate depth while the 2020 Jepara
earthquake occured in deep-focus in the northern part of
Java. Several destructive earthquakes have produced a
significant nowcasting earthquake score for most major
cities in Indonesia especially in Java Island (Pasari et
al., 2021b; Pasari et al., 2021c). Therefore, the 2020
Jepara earthquake raise an important question about the
mechanism of deep-focus earthquake and its geodynam-
ic process.

The 2020 Jepara earthquake was accompanied by
subsequent events in Rangkasbitung, Enggano, and Pan-
gandaran on the same day. The deep nature of the Jepara

earthquake likely triggered these follow-up earthquakes,
which were widely felt by residents. This study aims to
investigate the characteristics of the 2020 Jepara earth-
quake through analysis of earthquake catalogs and seis-
mic records. Source mechanism analysis was conducted
using automatic moment tensor inversion based on seis-
mic data from stations across Java Island. Additionally,
hypocenter relocation, employing travel-time data, was
utilized to refine the earthquake locations and delineate
the tectonic structure beneath Java. The findings from
this study will contribute to understanding deep-focus
earthquakes in Java, providing insight for both scientific
research and disaster mitigation efforts.

2. Methods

The earthquake data utilized in this study was ob-
tained from analyses conducted by the Meteorology,
Climatology, and Geophysics Agency (BMKG). The
dataset includes the travel times of seismic phases (P and
S) recorded by all seismic stations within a range of 0°—
5° latitude and longitude. A total of 1,899 earthquakes
spanning a 13-year period (2010-2022) were analyzed.
Data selection was based on specific criteria: an azi-
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muthal gap of less than 200°, a minimum of 5 P-phase
observations, 3 S-phase observations, and a depth range
of 0—600 km. The travel time distribution revealed a Vp/
Vs ratio of 1.75 for distances of 0-400 km and 1.78 for
distances exceeding 400 km, as illustrated in Figure 2.

The earthquake mechanism was investigated using
seismic wave recordings from BMKG stations. Hypo-
center information for the Jepara earthquake, which oc-
curred on July 7, 2020, at 05:54:44 WIB, was obtained
from the BMKG catalog. The earthquake had an epicent-
er located at 6.12° S, 110.55° E, with a depth of 578 km
and a magnitude of Mw 6.7. Seismic recordings were
collected within a time window spanning 10 minutes be-
fore and 60 minutes after the event’s origin time. These
waveform data underwent several preprocessing correc-
tions, including baseline correction to eliminate offsets,
removal of instrument response to obtain true ground
motion, and the application of a bandpass filter (0.02—
0.08 Hz) to suppress low-frequency drift and high-fre-
quency noise. After these corrections, the velocity signals
were integrated into displacement for further analysis. To
optimize processing time and maintain data quality,
waveform data containing significant gaps or low signal-
to-noise ratios were excluded from the analysis.

2.1. Moment Tensor Inversion

In this study, we performed an automatic moment ten-
sor inversion on the observed seismic waveforms. These
waveforms represent a combination of the earthquake
source mechanism and the propagation characteristics of
the medium. The moment tensor solution was derived

using a weighted least-squares inversion approach,
which minimizes the discrepancy between observed and
synthetic waveforms (Tarantola, 2005).

The inversion process employed full-waveform data
to analyze the characteristics of both body and surface
waves. Signals with low signal-to-noise ratios (SNR)
were excluded using a tapering technique. This tech-
nique was applied to a time window twice the duration
of the difference in arrival times between the P and S
waves (Sokos and Zahradnik, 2008; Vackar et al.,
2017). An example of this signal tapering process at one
of the seismic stations can be seen in Figure 3. Moment
tensor inversion was performed over a spatial and tem-
poral grid to determine the centroid location and time
parameters of the earthquake. The grid model extended
within a radius of 10-15 km from the initial hypocenter
location, with depth intervals of 5-10 km and a time de-
viation of £5 seconds from the origin time. Synthetic
signals were generated using a one-dimensional seismic
velocity model that integrated the CRUST1.0 model for
the crustal layer (Laske et al., 2013) and the AK135
model for the mantle layer (Kennett et al., 1995).

The quality of the moment tensor solutions was as-
sessed using variance reduction (VR), a metric that
quantifies the agreement between observed and synthet-
ic waveforms. Based on VR values, the solutions were
categorized into four quality classes: A, B, C, and D.
Solutions with VR values of 20% or higher were consid-
ered acceptable, while those below 20% (Quality D)
were deemed poor and excluded from further analysis.
Quality A represented the most reliable centroid moment
tensor (CMT) solutions, involving at least four stations
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with a VR of approximately 60%. Quality B included
solutions with three stations achieving a VR of 60% or
four stations with a VR ranging from 40% to 60%. Qual-
ity C encompassed solutions with VR values between
20% and 40%, which were acceptable but less robust
compared to Quality A and B.

2.2 Double Difference Relocation

The HypoDD program (Waldhauser, 2001) was em-
ployed in this study to perform double-difference reloca-
tion (Waldhauser and Ellsworth, 2000) for determin-
ing earthquake hypocenters. This method assumes that
when the distance between two earthquake hypocenters
is smaller than their distance to the recording station,
their ray paths traverse a similar medium. HypoDD min-
imizes residuals between observed and calculated trav-
el-time differences through an iterative process, refining
earthquake locations and updating partial derivatives
with each iteration as shown in the schematic cartoon in
Figure 4.

station i

\ A

station j z
% y

de | :
i 4 -

e oA

Figure 4. The schematic cartoon of relative relocation
using HypoDD shows residuals between observed
and calculated travel-time differences through an iterative
process, refining earthquake locations and updating
partial derivatives with each iteration
(modified from Waldhauser and Ellsworth, 2000).

This method has been effectively utilized to relocate
earthquakes in Indonesia using BMKG data, contribut-
ing to more precise earthquake locations and improved

tectonic interpretations. Notable applications include
studies in Indonesia (Nugraha et al. 2018; Setiadi et al.
2022). The relocation results from these studies have
significantly advanced the understanding of tectonic
structures in the region.

3. Results and Discussions

The automatic moment tensor inversion was success-
fully conducted using nine seismic sensors out of a total
of fifteen. The inversion utilized data from three seismic
wave components: vertical (Z), north-south (N), and east-
west (E). Seven sensors were excluded from the analysis
due to low variance reduction (VR) quality and insuffi-
cient signal-to-noise ratio (SNR), which would have re-
sulted in unsatisfactory solutions. Stations SNJI, TPI, and
NKBI produced the most reliable solutions, with high VR
values and minimal discrepancies between observed and
synthetic waveforms. We applied the bandpass filter with
range 0.02 — 0.08 Hz that is suitable with most seismic
stations used. Example result from SNJI stations shows a
good fitting between observation and synthetic waveform
as shown in Figure 5. The SNJI seismic stations SNJI
performs best fitting results than other stations. It can be
stated that the synthetic model from Green’s function
model used are suitable with the geological condition as
well as the bandpass frequency range.

Other stations, such as PRJI, BKJI, and BBJI, exhib-
ited overlapping solutions between observations and
synthetics, which were attributed to minor mismatches
in the Green’s function model. Despite this, these three
stations provided reasonably good solutions, with VR
values exceeding 20%. The moment tensor results yield-
ed two nodal planes with the following parameters: the
first nodal plane has a strike of 310°, a dip of 59°, and a
rake of -68°, while the second nodal plane has a strike of
92°, a dip of 37°, and a rake of -121°.

The centroid depth was refined to 544 km from the
initial estimate of 536 km. The earthquake magnitude
derived from the moment tensor inversion was recalcu-
lated as Mw 6.7, slightly lower than the previously re-
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Figure 5. Results of the moment tensor inversion at 9 seismic stations used in this study. The inversion was carried
out on the displacement signals on three components (Z, N, E). The black line represents the observed signal while
the red line represents the synthetic signal generated through the Green’s function model.

ported Mw 6.8. This magnitude was determined using
longer wave periods, yielding stable and reliable results.
The centroid time was adjusted by 4 seconds, changing
from 07:54:46 to 07:54:50, due to the inclusion of all
seismic waves from the available sensors. Statistically,
the variance reduction (VR) quality of the moment ten-
sor inversion results falls within category A, indicating a
reliable centroid moment tensor (CMT) solution. This
classification was based on a minimum of four stations
achieving a VR value of approximately 60%. The results
are consistent with those from other agencies, as shown
in Table 1. However, the results from this study are con-
sidered more accurate due to the utilization of local seis-
mic stations, which provided higher resolution data as
shown in Figure 6.

The relocation results reveal significant changes in
the root mean square (RMS) travel times of hypocenters,
as illustrated in Figure 7. These adjustments indicate
that the new hypocenter locations are more accurate and
form distinct clusters that align well with the derived
source mechanism solutions. Approximately 85% of the
earthquakes were successfully relocated with consistent
centroidal nodal depth (CND) solution values ranging
from 40 to 80 during each iteration (Waldhauser and
Ellsworth, 2000).

The relocated hypocenters were integrated with the
source mechanism solutions, as shown in Figure 8a. To
further analyze the distribution, a vertical cross-section
was created to illustrate the spatial relationship between
the relocated hypocenters and the source mechanisms,
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providing insight into the characteristics of the 2020
Jepara earthquake. The vertical section along line A—A’
(see Figure 8b) highlights the complex tectonic struc-
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source mechanism with normal faulting in the east-west
strike direction (top panel). An example of waveform
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Figure 7. HypoDD relocation results shows the graph before
relocation with RMS o - 2.4 s (a) and after relocation with
most hypocenters with an improved RMS < 1.0 s(b).

ture of Java Island, including features such as trenches,
seamounts, and ocean basins formed by subduction pro-
cesses. Additionally, the relocation results delineate
earthquake clusters within the outer-rise, interface, intra-
slab, and deep-focus zones (see Figure 8c).

Vertical slice profiles reveal key seismic phenomena
in Java Island, including locking at the interface zone
and low seismicity at depths of 200-500 km. These fea-
tures are associated with high coupling in the asperities
of the Java subduction zone (Widiyantoro et al., 2020;

Table 1. Comparison of source mechanism results of the 2022 Malang earthquake between this study and other institutions
(seismic moment (Mo) in the table is in units of 10 Nm).

Result from Nodal Plane Longitude |Latitude | Magnitude (Mw) |Depth (km) |Seismic Moment (Mo)
301, 56, -72

USGS 110.68 -5.6 6.6 533 1.2
91,38, -114
316, 61, -61

GFZ 110.64 -5.65 6.6 536 1
86, 39, -131
310, 59, -69

IPGP 110.67 -5.36 6.8 536 1.7
97,37, -121
313, 60, -67

GCMT 110.69 -5.6 6.7 533 1.3
92,37, -124

. 310, 59, -68

This study 121.45 -6.1 6.7 536 1.6

97,37, -121
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Figure 8. (a) Map showing
the relocation results and
source mechanisms of the
2020 Jepara earthquake. (b)
Geological structures and
formations resulting from
the subduction process,
with the vertical profile
section A-A'’ illustrating the
hypocenter distribution at
depths of 0-600 km. (c)
Low seismicity observed at
depths of 200-500 km is
associated with increased
temperature and pressure
leading to slab dehydration.
(d) The schematic diagram
explains the subduction
tectonics of Java Island,
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Zhan, 2020). Geodetic strain rate analysis further con-
firms high coupling in southern Java (Hanifa et al.,
2014). The Jepara earthquake occurred within the inte-
rior of the oceanic slab, driven by processes such as de-
hydration and serpentinization, which are linked to a
decrease in slab density (Widiyantoro et al., 2020;
Ribeiro, 2022). Slab dehydration in the Java subduction
zone may facilitate seawater infiltration into the oceanic
plate, creating conditions favourable for deep-focus
earthquakes. From a seismic perspective, nearly all
deep-focus earthquakes exhibit a significant compen-
sated linear vector dipole (CLVD) component (Sandan-
bata et al, 2021). This characteristic is often associated
with brittle deformation within the slab, despite the
high-pressure and high-temperature environment (Widi-
yantoro et al., 2020).

The change in fault mechanisms reflects instability in
shear forces (Chen and Wen, 2015). This phenomenon
is attributed to the polymorphic phase transition of oli-
vine to spinel under deviatoric pressure within the inte-
rior of the oceanic plate. This mineralogical transforma-

tion marks the transition from the upper mantle (domi-
nated by olivine) to the mantle transition zone
(characterized by spinel), occurring at depths of 410-
660 km (Zhan, 2020; Ishii et al., 2021). As a result,
fault mechanisms can transform from a thrust faulting
mechanism to normal or strike-slip faulting within the
mantle transition zone (Chen and Wen, 2015; Zhou et
al, 2022). This fault transformation generates structural
variations in the mantle transition zone beneath Java Is-
land, leading to distinct seismic source mechanisms at
different depths.

4. Conclusions

We successfully highlighted and characterized the
July 07,2020 Jepara earthquake with analyses using mo-
ment tensor inversion and hypocenter double-difference
relocation. The full-waveform inversion provides an ad-
equate result for all seismic stations used with an error of
~0.5s and a variance reduction of ~60%. The inversion
results provide a final magnitude moment at Mw 6.7 at
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centroid depth of 544 km and focal mechanism parame-
ter with two nodal planes, the first one with a strike of
310° a dip of 59°, and a rake of -68°, while the second
one has a strike of 92°, a dip of 37°, and a rake of -121°.
Furthermore, approximately 85% of the hypocenters
were successfully relocated, forming distinct spatial
clusters that align with the source mechanism and slab
structure of the 2020 Jepara earthquake. Combined anal-
ysis of the moment tensor inversion and hypocenter re-
location successfully reveals the geometry of the sub-
ducting slab and clarifies the position and mechanism of
the 2020 Jepara deep-focus earthquake beneath Java Is-
land. The observed normal faulting is likely related to
the transition zone, indicating a change in rupture mech-
anism at depth. These findings enrich tectonic under-
standing and provide insight for future seismic hazard
mitigation in northern Java.
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SAZETAK

Otkrivanje dinamike dubokih potresa: opazanja dogadaja Mw 6,7 u Jepari 202o0.
i procesa subdukcije ispod Jave

Potres koji se dogodio u Jepari 2020. godine (Mw 6,7) vazan je duboki seizmic¢ki dogadaj zbog subdukcije indijsko-au-
stralske ploce ispod otoka Jave. Ova studija istraZzuje njegove karakteristike kori§tenjem automatske inverzije momenta
tenzora i relokacija metodom dvostrukih razlika na temelju seizmickih podataka Agencije za meteorologiju, klimatolo-
giju i geofiziku (BMKG). Analizirano je ukupno 1899 potresa zabiljezenih izmedu 2010. i 2022. godine, s fokusom na
dogadaje koji su se dogodili na dubini do 600 km. Analiza tenzora momenta otkrila je normalno rasjedanje s dvjema
nodalnim ravninama: prva s pruzanjem od 3102, nagibom od 59¢ i kutom otklona od -68¢, a druga s pruzanjem od 922,
nagibom od 37° i kutom otklona od -1212. Dubina centroida odredena je na 544 km, dok je smanjenje varijance (VR)
premasilo 60 %, $to rezultate klasificira kao visokokvalitetne (kategorija A). Otprilike 85 % hipocentara uspje$no je relo-
cirano, te je srednja kvadratna vrijednost (RMS) vremena putovanja vala pobolj$ana na manje od 1 sekunde. Potres je
povezan s dehidratacijom tektonske ploce i polimorfnim faznim prijelazom olivina u spinel pod visokim tlakom i tem-
peraturom. Ti procesi doprinose promjenama u Zari$nim mehanizmima potresa i strukturnim varijacijama prijelazne
zone plasta. Rezultati poboljsavaju razumijevanje dinamike dubokih potresa ispod Jave i mogu znatno doprinijeti ubla-
Zavanju u¢inaka buduc¢ih potresa u Indoneziji.

Kljuéne rijedi:
otok Java, duboki potresi, inverzija momenta tenzora, relokacija metodom dvostruke razlike, dehidratacija tektonske
ploce
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Abstract

The present research aimed to experimentally peruse the tank leaching of copper from a low-grade ore containing 0.57%
Cu, 24.69% Si, and 10.367% Fe. To this end, firstly, the behaviour of important variables influencing the dissolution pro-
cess was examined using the one factor at a time (OFAT) method and response surface modelling (RSM), and then the
leaching kinetics was scrutinized to obtain further recognition of the leaching operations. The findings derived from the
OFAT technique demonstrated that the particle size of 0-2 mm was a better choice for the tank leaching relative to other
fractions. The presence of clay compounds in the ore led to a high increase in acid consumption. The leaching rate im-
proved with an increase in the solid percentage from 20 to 40% and then decreased with a further increase due to lack of
proper mixing. Additionally, the pulp stirring speed had a little effect on the dissolution of copper, confirming that the
mixing rate of pulp should be at a level that suspends the particles and prevents them from settling. Then, the RSM was
utilized to model and optimize the process and determine the possible interaction between operating parameters. The
results showed that copper leaching was significantly dependent on the interaction between the factors. The optimized
amounts of parameters were found to be go kg/t acid concentration, 35% solid content, 150 rpm pulp mixing rate, 2.5 h
leaching time, and o-2 mm size range. The kinetic analysis showed that the diffusion model through the production
layer with an activation energy of 14.15 kJ/mol was the rate-controlling stage of the reaction, and based on that, a new
model describing the dissolution kinetics of copper was proposed.

Keywords:

copper oxide, tank leaching, extraction efficiency, optimization, dissolution kinetics

(Cu(OH)2), and azurite (Cus(COs3)2(OH):) (Habashi,
1999; Azizi et al.,, 2018; Nozhati and Azizi, 2020).
More than 80% of the world’s primary copper resources
exist in the form of sulfides, which are treated by the
flotation process and then concentrated by conventional
pyrometallurgical methods (Davenport and King,
2002; Hosseinzadeh et al., 2021). Whereas, the oxide
resources are mostly processed by hydrometallurgical

1. Introduction

Copper is one of the most important and widely used
industrial metals worldwide after iron and aluminum.
Many industries have direct or indirect dependence on
this strategic metal due to its unique features, like high
thermal and electrical conductivity, alloying ability, duc-
tility, malleability, and resistance to corrosion (Nozari

and Azizi, 2020; Hosseinzadeh et al., 2021). The wide-
spread use of copper means that it is directly affected by
global economic conditions, and any minor changes in
the economic statistics can lead to fluctuations in its
price. In nature, copper can combine with almost every
element in the periodic table, forming various minerals
such as oxides, sulfides, carbonates, silicates, hydrox-
ides, chlorides, sulfates, and phosphates. Copper re-
sources are mainly detected in the form of sulfides and
oxides, such as chalcopyrite (CuFeS:), bornite (CuFeSa),
chalcocite (CuzS), covellite (Cu(OH)2), malachite

* Corresponding author: Asghar Azizi
e-mail address: azizi.asghar22@yahoo.com, aazizi@shahroodut.ac.ir

Received: 5 March 2025. Accepted: 7 May 2025.
Available online: 21 October 2025

techniques, including acid leaching followed by solvent
extraction and electrowinning (SX-EW) methods. It is
accepted that approximately 20% of copper produced
worldwide is processed by hydrometallurgical methods
(Hosseinzadeh et al., 2021). Recent surveys show that
the trend of the copper production industry is increas-
ingly moving towards hydrometallurgical methods and
low-grade reserve processing. Ahmed et al. (2016) re-
ported that zinc (95%) and copper (99%) could be effi-
ciently leached from brass slag by H,SO,. Additionally,
the leaching kinetics followed a shrinking core model
with surface chemical reaction as the rate-controlling
step. Tanda et al. (2017) investigated the leaching be-
haviour of copper oxide minerals in an alkaline glycine
liquor and reported that under optimal conditions after
24 hours, nearly 95.0%, 91.0%, 83.8%, and 17.4% of
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copper were recovered from azurite, malachite, cuprite,
and chrysocolla, respectively. Bai et al. (2018) perused
the optimization and the kinetics of copper leaching
from a low-grade cuprite ore. Their findings indicated
that approximately 92.5% copper was extracted using
150 g/dm?® sulfuric acid at the particle size of 0.125-
0.074 mm, reaction temperature of 353 K, and 180 min
leaching time. Nozari and Azizi (2020) experimentally
examined the dissolution kinetics of copper from a
mixed oxide-sulfide copper ore in Iran. The results
showed that above 88% copper was recovered at optimal
values of operating parameters: 17% H,SO, dosage, 11.3
ml/g solid/liquid ratio, 390 rpm pulp mixing rate, 50°C
temperature, and 60 minutes dissolution time. Apua and
Madiba (2021) investigated the leaching kinetics for the
extraction of different elements (copper, cobalt, and
iron) from a copper oxide ore in H,SO, solution. Their
results demonstrated that approximately over 97% cop-
per could be recovered by sulfuric acid at 70°C, pH 1
after 60 min. Also, the mechanism controlling the leach-
ing kinetics was a mixed model including diffusion and
chemical reaction. Tanaydin et al. (2022) surveyed the
leaching behaviour of malachite in HNO, solution in
two stages. Optimal leaching conditions were deter-
mined using 0.5 M nitric acid concentration, 50°C tem-
perature, a solid-to-liquid ratio of 0.004 g/ml, and an
agitation speed of 500 rpm. Under optimal conditions,
the leaching rate was 99% after 120 minutes of reaction
time. Mohanraj et al. (2022) studied the characteristics
and recovery of copper from a low-grade copper ore us-
ing the hydrometallurgy method, reporting that approxi-
mately 95% of copper could be recovered using 0.5 M
sulfuric acid and 30% H,0O, under conditions of 300 rpm
stirring speed, 53-63 microns particle size, a liquid-to-
solid ratio of 20:2, and a leaching time of 30 minutes
(Mohanraj et al., 2022). Yang et al. (2023) investigated
cuprite leaching with ozone as an oxidant in H,SO, solu-
tion and its oxidation dissolution process. Leaching test
results showed that the leaching efficiency of cuprite
promoted by 43.24% with increasing ozone when tem-
perature, H,SO, concentration, and stirring rate were
kept constant at 50°C, 0.014 M, and 800 rpm, respec-
tively. Sun et al. (2023) examined the improvement of
the leaching operations of copper in sulfuric acid solu-
tion using oxygen and ultrasound, showing that with ul-
trasonic application, the copper dissolution rate in-
creased to 7.52 g/h/L, 1.83 times more than without ul-
trasound (4.109 g/h/L). Following this, Pan et al. (2024)
studied the process mineralogy and the leaching of
Yulong copper oxide ore in Tibet with sulfuric acid and
calcium fluoride. Their findings revealed that the disso-
lution rate of copper promoted to 60.57% (7.34% more
than atmospheric pressure leaching) using 50 g/L H,SO,
and CaF, with the magnitude of 1% of the ore mass at
0.074 mm (85%) particle size, 1:4 liquid/solid ratio,
30°C temperature, and 4 h dissolution time. Recently,
Hu et al. (2025) investigated the copper extraction from

a low-grade copper oxide ore containing high silicon
and proposed an alkali-dissolving desilication method,
followed by ammonia leaching for efficient recovery of
copper.

In general, the literature shows that sulfuric acid is the
most commonly used leaching reagent due to its eco-
nomic efficiency and higher dissolution rate compared to
other leaching agents. Although numerous studies have
been conducted on copper recovery from oxide resourc-
es, few studies have focused on the leaching of low-
grade ores, espicially resources containing high silica
and their kinetic modelling. The presence of silicate
minerals makes the copper ore relatively resistant to the
leaching process. Toro et al. (2021) reviewed the role of
silicates and clay minerals in a copper heap leaching
process and demonstrated that these minerals are a rate-
limiting parameter in the leaching processes. The effect
of silicate and clay minerals on the overall leaching
agent consumption may be even greater than the pres-
ence of carbonates in ore. Additionally, the presence of
silicate and clay compounds in fine particle size may re-
sult in the risk of silica gel formation due to the reaction
between leaching lixiviant (sulfuric acid) and silicate
owing to the easy polymerization of silica in solution.
Thus this study was aimed to assess the facility of dis-
solving a low-grade copper oxide source with high silica
content. On the other hand, given that the optimal condi-
tions for copper recovery vary significantly from one ore
to another due to the complexity of mineralogy, the im-
portant parameters affecting the leaching process of cop-
per are assessed and optimized. Additionally, the leach-
ing kinetics as a powerful tool and one of the significant
aspects of separation techniques was scrutinized to
deepen understanding of the dissolution process.

2. Material and methods
2.1. Materials

The studied sample (about 150 kg) was collected
from the Kuh Khairy mine, Iran. The received sample
was then subjected to preparation operations. The sam-
ple was firstly crushed using a jaw crusher (Fritsch
01.703, Fritsch, Idar-Oberstein, Germany), and then by a
cone crusher to attain particles smaller than 4 mm in di-
ameter. After mixing and dividing the sample into four
parts, half of the sample was coded, packaged, and ar-
chived, and then the other half was homogenized and
ground in a ball mill so that above 90% of particles were
smaller than 2 mm in diameter. After that, the sample
was remixed and homogenized and then split by means
of cones and riffles to obtain a representative sample.
Finally, the chemical composition of the representative
sample was identified using x-ray fluorescence spec-
trometer (Philips PW1480 x-ray spectrometer, Nether-
lands) as shown in Table 1. As can be seen in Table 1,
the studied sample contains high levels of silicate and
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clay components, and the copper content in the sample is
about 0.57%. The content of Si (0.467x52.88= 24.69)
and Fe (0.7x14.81= 10.367) is also found to be 26.69,

Table 1. Chemical compositions of the studied
representative sample

Component | Content (%) | Component | Content (%)
Si 24.69 Mn 0.18
Fe 10.37 Zn 0.03
Al 6.80 Na 0.59
Cu 0.57 K 0.66
Ca 2.65 Cr 0.03
Mg 2.56 Ba 0.02
Ti 0.42 Sr 0.02

and 10.367%, respectively. In addition, the representa-
tive sample (less than 2 mm in diameter) was analyzed
by an atomic absorption spectrometer (Thermo Elemen-
tal’s SOLAAR S Series, Waltham, MA, USA), and the
copper content was found to be ~0.54%.

2.2. Leaching experiments

Leaching tests were conducted on the prepared repre-
sentative sample in 1 L beakers using a mechanical stir-
rer with adjustable stirring speeds. For each leaching
test, initially, a sulfuric acid solution was prepared at a
predetermined concentration. Then, 200 g of the repre-
sentative sample along with a specified volume of the
sulfuric acid solution based on the desired solid percent-
age was transferred into the beaker. After adjusting the

Table 2. The experimental conditions for performing the leaching tests using RSM-CCD strategy and the determined values
of recovery and the content of copper leached

Factorial levels Star point a = 2.0

Factor 3

Low (-) Center (0) | High (1) -2 +2
(A) Acid concentration (kg/t) 70 80 90 60 100
(B) Solid percent (%) 25 30 35 20 40
(C) Leaching time (h) 1.5 2 2.5 1 3
(D) Stirring rate (rpm) 150 250 350 50 450

T conten leachin

s . B . D | lcathed (mply | eftcioney (5
1 70 25 1.5 150 1050.5 55.29
2 70 25 2.5 350 1205.78 63.46
3 90 35 1.5 150 2113.58 68.86
4 90 35 1.5 350 1973.84 64.31
5 60 30 2 250 1456.86 59.64
6 90 25 2.5 350 1278.9 67.31
7 90 35 2.5 350 2062.71 67.21
8 90 25 1.5 350 1144.33 60.23
9 70 25 2.5 150 1212.54 63.82
10 80 30 1 250 1480.16 60.59
11 80 30 3 250 1676 68.61
12 70 35 2.5 150 2041.85 66.53
13 80 30 2 250 1614.4 66.09
14 80 30 2 70 1581.5 64.74
15 80 40 2 250 2740.77 72.13
16 80 30 2 250 1651.5 67.61
17 70 35 2.5 350 2004.92 65.32
18 70 25 1.5 350 1111.67 58.51
19 100 30 2 250 1671.96 68.44
20 90 25 2.5 150 1262.25 66.43
21 90 35 2.5 150 2165.02 70.54
22 90 25 1.5 150 1169.04 61.53
23 70 35 1.5 150 1890.1 61.58
24 80 30 2 450 1599.61 65.48
25 80 30 2 250 1624.43 66.50
26 70 35 1.5 350 1957.7 63.78
27 80 20 2 250 895.28 62.83
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stirring speed, the solution was stirred for a specific du-
ration. After finishing leaching time, the resulting pulp
was filtered, and the leach liquor was analyzed by atom-
ic absorption spectrometer to specify the copper concen-
tration. Ultimately, the leaching efficiency of copper (R)
for each experiment was calculated utilizing the follow-
ing formula:

C,xv

C.xm

i

R=

%100 (1)

in which C, describes the concentration of copper in the
leach liquor or PLS (Pregnant Leach Solution) (g/L), V'
denotes the volume of the leach solution (L), C, repre-
sents the copper content in the solid sample (%, i.e. here
C, was 0.54/100 based on atomic absorption spectrome-
ter (AAS)), and m is the weight of the sample (g).

2.3. Experimental design based on RSM-CCD

Modelling and process optimization were accom-
plished utilizing response surface methodology (RSM)
combined with central composite design (CCD) to ob-
tain more accurate information about the influence of ef-
fective parameters on the dissolution process, especially
interactive effects between the parameters. RSM-CCD is
one of the most important and efficient DOE (design of
experiments) techniques used to develop, improve,
model, and optimize the processes and assess the rela-
tive importance of the operating parameters (Montgom-
ery, 2001; Myers and Montgomery, 2002; Bezerra et
al., 2008; Motamedizadeh et al., 2021). Thus, accord-
ing to the RSM-CCD model and Equation 2, a set of 27
experiments (N=206-D +2x4+3=27) consisting of 16 par-
tial factorial runs, 8 axial runs (o = 2) and 3 repeated
experiments at the middle point was designed and con-
ducted. Table 2 shows the opted factors and the operat-
ing conditions for performing leaching tests.

N=2""+2n+n, (2)

where N is the total number of experiments, n depicts
the number of parameters, nc exhibits the number of
central experiments, and P is a fraction of the number of
parameters (here P= 1) (Motamedizadeh et al., 2021).

2.4. Kinetic study

The reaction kinetics was investigated to identify and
understand the mechanism of copper leaching process.
The reactions occurring between the ore particles and
leach liquor during the leaching process are typically
heterogeneous and, in such a system, the expression of
the overall reaction rate is complicated by the interac-
tions between physical and chemical processes (Hab-
bache et al., 2009; Ghasemi and Azizi, 2018). Based
on previous studies, the reaction rate between mineral
particles and acidic leach solution mainly follows the
shrinking core models (SCMs). SCM models are pre-
ferred for the kinetic modelling due to their accurate rep-

resentation for the actual leaching process (especially
closer approximation of real particles in the different
situations) compared to other models (Levenspiel,
1999; Nozari and Azizi, 2020; Apua and Madiba,
2021; Houshmand et al., 2024). In heterogeneous SCM
models, the reactant particles are assumed to be nonpo-
rous, spherical shape, and their size does not change dur-
ing reaction. Also, the reaction between the mineral par-
ticles and the leaching Lixiviant occurs on the outer sur-
face of the particles (Ekmekyapar et al., 2015; Bai et
al., 2018). However, these assumptions may not exactly
match with the reality. Therefore, SCM models were uti-
lized for kinetic modelling of copper leaching process.
In this regard, the diverse SCM models were applied to
the experimental data as shown in Equations 7-9.

Surface chemical reaction

1—(1—X)% =k, xt (3)

Liquid film diffusion
2
1-(1-X)* =k, xt @)

Diffusion through a product layer
2

1-3(1-X)* +2(1-X) =k, xt 5)
In the aforementioned equations, k_, k., and kpl are the
kinetic rate constants, individually, for surface chemical
reaction, diffusion through liquid film, and product layer
diffusion model (min™!), X is the conversion fraction of
copper recovered and t implies the dissolution time
(min). Meanwhile, the process kinetics is commonly

controlled by the slowest stage.

3. Results and Discussion

To realize the possibility of copper recovery from the
low-grade source with high silica, the present research
was conducted in three operational phases. In the first
stage, the behaviour and impact of operating variables
such as particle size, sulfuric acid concentration, solid
percentage (pulp density), pulp stirring speed, leaching
temperature, and leaching time were investigated under
fixed conditions with OFAT (one factor at a time) meth-
od. In the second phase, the possible interactive effects
between operating parameters were evaluated, and the
process optimization was performed using statistical ex-
perimental design and response surface methodology. In
the third step, the leaching kinetics was studied to iden-
tify the dissolution mechanism and gain further insight
of the copper leaching process.

3.1. Impact of major parameters on copper
leaching

Figures 1, and 4-7 display the impact of operating
parameters including particle size, sulfuric acid dose,
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solid percentage (pulp density), stirring rate, and leach-
ing time on the leaching efficiency and the content of
copper in PLS solution. These factors were assessed on
the basis of OFAT method when one parameter was
changed and the other parameters were fixed at a con-
stant value. The following observations can be made on
the impact of the parameters on the leaching yield of
copper.

The optimal and desirable particle size has a great im-
pact on the dissolution amount of copper. As can be seen
in Figure 1, the 0-500 um particle size has a higher cop-
per content and extraction efficiency. Interestingly, con-
trary to the expectation that copper dissolution should
reduce with increasing particle size, it is observed that
for particle sizes of 0—2 mm the dissolution rate increas-
es. It is generally accepted that the leaching rate increas-
es with decreasing particle size due to an improved lib-
eration degree of the mineral, increased contact surface
area, and enhanced permeability of the leaching agent
(Janyasuthiwong et al. 2016; Hao et al. 2022; Tanay-
din et al. 2022). However, this behaviour may vary
among the size fractions of a given ore, depending on
the mineralogy, mineral associations, and the dissemina-
tion of various species (Hansen et al., 2005).

100 -
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S 60,75 59.89.
S 60
[}
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=
O 40
20 -
| 4 y | 4
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0-500 0-1000 0-2000 0-4000
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Figure 1. The impact of particle size on the leaching
efficiency under conditions: 25°C temperature, 70 kg/t acid
concentration, 30% solid percentage, 150 rpm stirring speed,
and 9o min leaching time

According to XRF and XRD analyses (see Figure 2),
the studied sample significantly contains silicate and
clay minerals, which affect the copper dissolution per-
formance due to their different and complex structures.
The presence of clay and silicate compounds in the sam-
ple can influence the consumption of acid (leaching
agent), and this is more severe in the fine particles. For
instance, some silicate minerals (like mica, and clay) can
consume acid generated by the oxidation phenomenon,
and/or can quickly adsorb acid (such as kaolinite, and
montmorillonite) (Toro et al., 2021). In addition, clays
and silicates have negative effects on most mineral pro-

Test Method: LW06
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Figure 2. X-ray diffraction (XRD) spectra of the studied

sample
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Figure 3. Particle size distribution for the investigated
0-2 mm sample

cessing units owing to their adverse impacts on the pulp
rheology and cause many problems in the filtration stage
(Luo et al., 2024). Thus, regarding the presence of clay
and silicate compounds in the sample, as well as the high
fines (which creates filtration problems) produced in the
smaller size fraction, the fraction of 0-2000 pm was se-
lected for further study. The particle size analysis for the
fraction of 0-2000 pum is given in Figure 3.

The nature of the leaching operations is based on the
penetration of the lixiviant into the very small pores in
the ore. Theoretically, an increasing concentration of lix-
iviant will increase the reaction rate. However, in leach-
ing operations, especially acid leaching, an excessive
increase in the concentration of the leaching agent, in
addition to the non-optimal consumption of acid, leads
to the dissolution of gangue compounds into the PLS
solution. Figure 4 indicates the impact of acid dosage
ranging from 50 to 130 kg/t on the leaching perfor-
mance. It can be seen that the recovery rate and the value
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of leached copper increase with an increasing acid con- 75 1
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ple (presence of silicate and clay compounds in the sam- 55

ple) which increases acid consumption. Thus, consider-

ing the copper content of about 1650 ppm in PLS liquor S0 1

and also from an economic point of view, a concentra-
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Figure 4. The impact of acid consumption on the leaching

efficiency under conditions: 25°C temperature, 0-2000 pm

particle size, 30% solid percentage, 150 rpm stirring speed,
and 9o min leaching time

The pulp density (solid percentage) depends on the
leaching system and its role in the tank leaching is very
important. Therefore, six leaching tests were conducted
to determine the effect of pulp solids percentage at the
values of 20, 25, 30, 35, 40, and 45% under constant
operating conditions including ambient temperature, 0-2
mm particle size, pulp mixing rate of 150 rpm, sulfuric
acid concentration of 80 kg/t, and leaching time of 90
min. The behaviour of solid percentage on the extraction
rate from the studied sample is shown in Figure 5. It is
observed that as the solid percentage increases from 20
to 40%, the amount of leached copper increases sharply,
and with further increase, the leaching efficiency de-
creases due to lack of proper mixing. The reason for the
increase in recovery with increasing solid percentage
can be attributed to the better performance of the agita-
tion process due to more and more effective collision of
particles in the solution. Therefore, low solid percent-
ages reduce the dissolution efficiency and require a large
amount of acid for a small amount of the sample and, on
the other hand an excessive increase in the solid percent
creates problems for slurry mixing, pumping, and filtra-
tion operations. Hence, a solid percentage of 35 (given

Solid percent (%)

Figure 5. The impact of solid content on the leaching
efficiency under conditions: 25°C temperature, 8o kg/t acid
concentration, 0-2000 um particle size, 150 rpm stirring
speed, and 9o min leaching time
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Figure 6. The impact of pulp stirring rate on the leaching
efficiency under conditions: 25°C temperature, 8o kg/t acid
concentration, 0-2000 mm particle size, 35% solid
percentage, and 9o min leaching time

the recovery rate of about 70% and the copper content of
about 2.15 g/L in PLS) was selected for further studies.

Figure 6 shows the leaching recovery as a function of
pulp agitation rate. As can be considered, the highest
amount of copper is leached in a stirring rate of 150 rpm,
and high mixing speeds have a negative impact on the
dissolution efficiency. In general, the pulp agitation in-
creases the dissolution rate at the beginning of the opera-
tion, but has little effect as the operation continues. In
many systems, it is sufficient to have an agitation speed
that suspends the solid particles and prevents them from
settling. Therefore, based on the results received and ob-
servations, a stirring speed of 150 rpm was used to con-
tinue the study.

Each leaching project has an economic time depend-
ing on the concentration of the dissolving agent, particle
size, and leaching method, and if the leaching time is
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longer than this desired time, the project tends to be-
come uneconomical. Thus, the effect of contact time of
the received sample with the leaching agent (sulfuric
acid) was studied from 15 to 180 minutes as shown in
Figure 7. As expected, the extraction efficiency (copper
recovery and copper content in the PLS solution) in-
creased with leaching time rising and reached its maxi-
mum value (about 71% with a concentration of 2192
mg/L) after 2 h. Thereafter, the copper dissolution rate
increased slightly with increasing time, and the changes
in the copper leaching rate were very small.

80 -
70 T A
60 ‘

50 A

Cu recovery (%)

40 -

30 A

20 T T r d
0 50 100 150 200
Leaching time (min)
Figure 7. The impact of leaching time on the leaching
efficiency under conditions: 25°C temperature, 8o kg/t acid
concentration, 0-2000 pm particle size, 35% solid
percentage, and 150 rpm pulp stirring rate

3.2. Modelling and process optimization

3.2.1. Modelling and interactive effects
between the operating parameters

After designing and carrying out the tests based on
RSM-CCD strategy (see Table 2), the experimental data
was statistically analyzed in the Design Expert software
environment. In this regards, a quadratic polynomial
model based on Equation (6) (Bezerra et al., 2008) was
fitted to the data.

k k k
Y= 90 +Zi:19ixi +Zi:l gﬁxiz +lei§j0i/xixf +é (6)

where Y denotes the process responses (leaching recov-
ery of copper (%) or copper concentration leached
(mg/L), k is the number of parameters, 6, depicts a con-
stant term, 6, is the coefficients of the linear terms, x, and
x, display the parameters, 0, represents the coefficients
of the quadratic terms, o, is the coefficients of the inter-
active terms among the parameters, and ¢ implies the
residual error (the difference between the measured and
the predicted values).

Ultimately, after removing the very negligible terms
(p-value > 0.05), the final regression models developed

to approximate the leaching rate (R, ) and the content of
copper leached were obtained according to Equations 7
and 8, respectively.

R, =+66.69+1.91x 4+2.09x B+
+2.19xC-0.12x D—0.76x Ax D —
—0.9%xBxC—0.58xBxD—0.88x 4> —
—0.74xC*-0.61x D* (7)

C,, =+1569.52+46.87x A+436.07x B +
+50.62xC—5.37xD+52.51x B’ (8)

In the above Equations, 4, B, C, and D represent the
sulfuric acid concentration, solid percentage, leaching
time, and pulp agitation rate, respectively. Also, all pa-
rameters are based on the coded units. The coded
amounts were used for simplifying the calculations and
uniform comparison and determined according to the
following formula (Motamedizadeh et al., 2021).

x =5"% 123, 9)
Ax

i

in which X is the value of coded parameter, x, is the val-
ue of real parameter, x, is the magnitude of real param-
eter at the centre point, and (7x) is the step change in the
actual parameter.

The final quadratic polynomial models developed
were statistically evaluated employing analysis of vari-
ance (ANOVA) at a 95% confidence level (p-values less
than 0.05) as presented in Tables 3 and 4.

The high F-values and low probability levels (p <
0.05) in the ANOVA tables indicate the model proposed
and the parameter is statistically significant. As can be
seen, the developed models show an excellent relation-
ship between the operational parameters and the process
responses with p-values less than 0.0001, and so they
can be used to predict the response variable. Meanwhile,
the difference between (R?) and adjusted (R?) of 0.0379
(The leaching efficiency) and 0.0026 (the copper content
leached) indicate a very good correlation between ex-
perimental data and the fitted model. Additionally, the
larger F-values and smaller p-values indicate which the
parameter has a greater influence than the other param-
eters. It is observed from Table 3 that the leaching time,
solid percentage and acid concentration have the great-
est impact on the copper leaching recovery, respectively,
while pulp mixing rate does not have much effect on the
efficiency of process. It is also seen that the leaching ef-
ficiency of copper highly depends on the interactive im-
pacts among the parameters. The significance degree of
the parameters on the copper concentration leached is
found to be in the order of the quadratic effect of solid
percent (B?) > the linear effect of solid percent (B) > the
linear effect of leaching time (C) > the linear effect of
acid concentration (A) > the linear effect of stirring rate
(D). The perturbation graph (see Figure 8) showing the
effect of all operating parameters on the process re-
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Table 3. The results of ANOVA of the model proposed to approximate the leaching rates of copper and determine
the relative importance of the influential operating parameters
Source Sum of squares | Degree of freedom (DF) | Mean Square | F Value | p value Remark
Model 362.49 10 35.25 24.77 <0.0001 significant
Acid concentration (A) 87.13 1 87.13 59.54 <0.0001
Solid percentage (B) 104.79 1 104.79 71.61 <0.0001
Leaching time (C) 115.15 1 115.15 78.69 <0.0001
Stirring speed (D) 0.37 1 0.37 0.25 0.6231
AD 9.23 1 9.23 6.3 0.0232
BC 12.94 1 12.94 8.84 0.009
BD 5.44 1 5.44 3.72 0.0718
A2 18.41 1 18.41 12.58 0.0027
C2 13 1 13 8.88 0.0088
D2 8.88 1 8.88 6.07 0.0255
Residual 23.41 16 1.46
Lack of Fit 22.18 14 1.58 2.56 0.3161 | not significant
Pure Error 1.24 2 0.62
Cor. Total 385.9 26
Summary of statistical analysis of model
R? 0.9393
Adjusted R? 0.9014
Adeq Precision 19.4989

Table 4. The results of ANOVA of the model proposed to approximate the copper concentration leached and determine
the relative importance of the influential operating parameters

Source Sum of squares | Degree of freedom (DF) | Mean Square | F Value | p value Remark
Model 4.75%106 5 9.5x105 376.91 | <0.0001 significant
Acid concentration (A) 52716.56 1 52716.56 20.91 <0.0002

Solid percentage (B) 4.56x106 1 4.56x106 1809.81 | <0.0001

Leaching time (C) 61498.24 1 61498.24 24.39 < 0.0001

Stirring speed (D) 691.33 1 691.33 0.27 0.606

B2 73532.32 1 73532.32 29016 | <0.0001

Residual 52955.46 21 2521.69

Lack of Fit 52218.86 19 2748.36 7.46 0.1246 | not significant
Pure Error 736.6 2 368.3

Cor. Total 4.81x106 26

Summary of statistical analysis of model

R? 0.989

Adjusted R? 0.9864

Adeq Precision 73.685

sponses (the leaching rate and the content of copper
leached) also confirms these results. This graph displays
the impacts of all the parameters at a special point in the
design space. The sharp slope or curve in graph implies
the sensitivity of the leaching rate and the content of
copper leached to that parameter. As observed in Figure
3, all parameters except pulp stirring rate significantly
affect the process responses, confirming the results de-
rived from ANOVA tables.

In addition to the above, the three-dimensional (3D)
response surface plots were utilized to attain a better un-
derstanding of the main and synergistic effects of param-
eters on the leaching recovery and content of copper
leached, as shown in Figures 7-10. These graphs are
obtained based on the change in two variables when
other variables are fixed at their middle level, and dis-
play the nature and magnitude of possible interactions
between various parameters.
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Figure 9. 3D graphs displaying the combined impact of acid concentration and solid percentage
on the recovery and concentration of copper leached

Figure 9 shows the simultaneous effect of acid con-
centration and solid percentage on the recovery and con-
centration of copper in the PLS solution. As can be seen,
copper recovery is a quadratic function of acid concen-
tration and has a linear relationship with solid percent-
age. It is obvious that at low and high solids percentages,
copper recovery enhances with an increase in the acid
concentration, and this increase is more intense at lower
solid percentages. The highest copper recovery is ob-
served at a solid percentage of 35 and an acid concentra-
tion of 90 kg/t, which, under these conditions, reaches
more than 71% with a copper concentration of ~2170
mg/L in PLS solution. It is noteworthy that under these
conditions, the mixing rate was 150 rpm and the leaching
time was 2.5 hours. Additionally, it was found that the
effect of acid concentration on copper recovery is greater

and the effect of solid percentage on the leached copper
concentration is higher. At the lower solid percentage, the
acid has more surface area and effective contact to react
with copper-bearing minerals, leading to higher leaching
rate, but only if the acid is not overly concentrated, as it
may cause excessive dissolution of other unwanted ele-
ments. While, at high solid percentages, the leaching
pulp becomes denser, reducing the effectiveness of acid
due to less surface area exposure. In this case, the higher
acid concentrations may be required to compensate for
the reduced contact, though this can increase costs and
side reactions. Wang et al. (2019) attributed the increase
in copper dissolution with increasing acid concentration
to the enhanced activity of hydrogen ions (H*). They also
reported that the upward trend in copper dissolution rate
decreases with a further increase.
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Figure 13. The optimized values of operating parameters to
achieve maximum copper dissolution efficiency (recovery
and content of copper in PLS solution)

The combined effect of acid concentration and solid
percentage with pulp mixing rate are shown in Figures
10 and 11, individually. It can be seen that the dissolu-
tion rate of copper increases with the pulp mixing speed
at the beginning of the operations, and generally the pulp
stirring speed had a smaller effect on the dissolution per-
formance compared to the other two parameters, show-
ing that the copper dissolution process is affected by a
certain value of pulp mixing rate. Additionally, accord-
ing to Figures 10 and 11, the dissolution efficiency in-
creases greatly by increasing the acid concentration and
solid percentage at a lower mixing rate within 2.5 h. At
lower mixing rates, high acid concentration compen-
sates for slower mass transfer by offering strong chemi-
cal reactivity, leading to increased leaching efficiency. A
high solids percentage provides more material for the
acid, and increases overall dissolution at low stirring
rates. However, an excessive solid percentage will cause
the leaching pulp to be denser and reduce the copper re-
covery. Nevertheless, the combination of these factors
can still significantly improve efficiency, even if stirring
is not optimal. It is also observed that when the acid con-
centration and stirring speed are simultaneously low, the
recovery decreases. Similar results were found in the
work reported by Maleki et al. (2023).

Figure 12 exhibits the interaction between the solid
percentage (pulp density) and the contact time of leach-
ing agent with the sample. As can be seen, these two
parameters have a synergistic effect in increasing copper
leaching efficiency, and this synergistic effect is greater
at lower solid percentages, although it reaches its maxi-
mum value at 35% solids and a contact time of 2.5 hours.
In general, increasing the leaching rate with a decrease
in solid/liquid ratio can be due to the greater amount of

acid per unit amount of solid sample and the decrease in
mass transfer resistance (Hosseinzadeh et al., 2021).

3.2.2. Process optimization

The numerical optimization of leaching process was
conducted using Design Expert (DX) software and em-
ploying the desirability function procedure. The optimal
operating conditions proposed by RSM modelling for
achieving the highest leaching efficiency and the leached
copper content are illustrated in ramp plots in Figure 13.
As observed, the optimized values of leaching parame-
ters for -2 mm size fraction as follow: 90 kg/t sulfuric
acid concentration, 35% solid content, 150 rpm agitation
rate, and leaching time of 2.5 hours. It is found that un-
der these optimal conditions, a PLS solution with a cop-
per concentration of ~2160 mg/L and an efficiency of
more than 71% can be achieved. It is noteworthy that in
the confirmation experiment conducted under the pro-
posed optimum conditions similar to Run 21 (see Table
2), a recovery of about 70.5% with a copper content of
2165 mg/L in PLS was achieved.

3.3. Leaching kinetic modelling

To model, the left side of Equations 3-5 was plotted
as a function of leaching time for each operational vari-
able, including the concentration of leaching agent, solid
percentage (solid/liquid ratio), pulp agitation speed, and
leaching temperature. For instance, the results obtained
from the temperature parameter are shown in Figure 14,
in which the slope of the straight lines represents the ki-
netic rate constant for copper leaching. The values of
kinetic constants and correlation coefficients for each
parameter are provided in Table 5. According to Figure
14 and Table 5, the diffusion equation through a product
layer exhibits the best correlation relative to other ki-
netic equations, demonstrating that this model is the
controlling step of the reaction rate.

To better distinguish the reaction mechanism, the ac-
tivation energy was determined by analyzing the data
and applying the Arrhenius equation according to the
following equation (Levenspiel, 1999; Adebayo and
Olasehinde, 2015):

. E, 1

k=Axe®l = Ln(k)=Ln(4)——=.—
(k) (4) T

(10)

where k implies the reaction rate constant (min™), 4 il-
lustrates the frequency factor (min™), £, denotes the ac-
tivation energy (J/mol), R depicts the universal gas con-
stant (8.314 J-K™''mol ™), and T is for the leaching tem-
perature (K).

To measure the activation energy, Ln(k) versus (1/T)
for each temperature was plotted, as shown in Figure
15. The slope of the straight line in this graph represents

a

. Thus, the activation energy of the diffusion model
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Table 5. The kinetic analysis of the shrinking core models fitted to the experimental data
Surface chemical reaction Liquid film diffusion Diffusion through a product layer
Factors Kk_(min') | R? k (min) | R Kk (min') | R?
Temperature (°C) i
25 0.0032 0.6924 0.0054 0.6486 0.0024 0.9018
30 0.0030 0.5469 0.0051 0.5059 0.0023 0.7547
40 0.0033 0.5257 0.0055 0.4774 0.0029 0.7372
50 0.0039 0.5980 0.0062 0.5339 0.0026 0.7313
Acid concentration (kg/t)
70 0.0030 0.5574 0.0051 0.5182 0.0023 0.7501
80 0.0031 0.5607 0.0052 0.5168 0.0024 0.7777
90 0.0033 0.5161 0.0054 0.4726 0.0028 0.7060
100 0.0034 0.5320 0.0055 0.4847 0.0027 0.7345
Stirring speed (rpm)
100 0.0033 0.5655 0.0054 0.5214 0.0027 0.7655
150 0.0031 0.4923 0.0052 0.4515 0.0026 0.6802
250 0.0036 0.5540 0.0059 0.5031 0.0032 0.7541
350 0.0032 0.4980 0.0053 0.4540 0.0027 0.6984
Solid percentage (%)
25 0.0035 0.6767 0.0059 0.6387 0.0027 0.8441
30 0.0032 0.5538 0.0054 0.5160 0.0025 0.7306
35 0.0036 0.5247 0.0058 0.4814 0.0031 0.6945
40 0.0041 0.5647 0.0065 0.5081 0.0039 0.7508
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Figure 15. Arrhenius graph for product layer diffusion model
to approximate the activation energy

through a product layer was calculated 14.15 kJ/mol
(—i“ =-1702.4 > E, =-8.314x-1702.4 =14154J =

=14.15kJ). According to Espiari et al. (2006) and Ek-
mekyapar et al. (2012), the values of £ less than 40 kJ/
mol demonstrate that the leaching process is controlled
by diffusion phenomena. Ekmekyapar et al. (2015) in-
vestigated the leaching kinetics of malachite ore in am-
monium sulfate solutions and reprotted the diffusion
model through the product layer was the rate-controlling
step of the dissolution kinetics. Hosseinzadeh et al.
(2021) performed a similar kinetic study on copper
leaching from a low-grade copper oxide source, and re-
ported that the predominant mechanism was a difusion
process with the activation energy of 11.72 kJ/mol.
Therefore, by combining Equations 5 and 10 and ascer-
taining the influence of parameters on the apparent rate
constant given in Table 5, the mathematical equation
showing the kinetics of copper leaching can be described
as follows:

2
1-31-x)° +2(1-x)=
—Ea

= AX(SA)" x (SP)” x(SR)" x e®T x ¢

(11)

in which 4, S4, SP, and SR represent frequency factor,
sulfuric acid concentration, solid percentage, and pulp
stirring rate, individually, and the constants s, p, and r
depict the reaction order for each the corresponding pa-
rameter. The reaction orders (constants) were deter-
mined by plotting Ln(SA), Ln(SP), and Ln(SR) against
Ln(kpd) and approximating the slope of straight line
each curve. The constants s, p, and » were estimated to
be 1.3021, 2.1337, and 0.8689, respectively. Ultimately,
the ultimate model describing the leaching kinetics of
copper was understood as Equation 12:

1—3(1—x)§+2(1—x):

~14.15x10°

— AX (SA)1,302] X(SP)Z.I337 X(SR)O.8689 xe 8.314xT Xt (12)

4. Conclusions

The presence of silicates and clays in ores creates
various problems in the mineral processing industry,
such as the formation of gel during sulfuric acid leach-
ing, filtration problems, high consumption of leaching
lixiviant (acid), and reduced leaching efficiency, all of
which lead to high costs. Thus, the major aim of the pre-
sent paper was to scrutinize the potential recovery of
copper from a low-grade ore consisting of high silica
content using tank leaching method. To this end, this
study was conducted in three working phases. In the first
phase, the behaviour of major parameters consisting of
particle size, sulfuric acid concentration, solid percent-
age (pulp density), stirring rate, and leaching time was
assessed with the one factor at a time method. The find-
ings demonstrated that the amount of extracted copper
augmented with increasing the acid concentration,
leaching time and the solid percent. Meanwhile, 0-2 mm
size fraction was a better choice for the tank leaching
than other fractions including 0-500 um, 0-1 mm and
0-4 mm. Also, the amount of acid used for the studied
sample was very high, and this was due to the presence
of silicate and clay compounds in the sample. Addition-
ally, the stirring speed of pulp had little effect on the
leaching process of copper compared to other factors. In
the next step, modelling and optimizing the leaching
process, and evaluating the interactive effects between
the operating parameters were conducted using the sta-
tistical design of experiments based on response surface
methodology (RSM). The results showed that the effect
of leaching time, solid percent, and acid dosage had the
greatest efficacy on the dissolution efficiency of copper.
In addition, the leaching recovery of copper was remark-
ably dependent on the interactive impacts among the
solid percent and leaching time, and the acid concentra-
tion and agitation speed. The influence degree of the op-
erating variables on the copper content leached was dis-
tinguished in the order of the quadratic effect of solid
percent > the linear effect of solid percent > the linear
effect of leaching time > the linear effect of acid concen-
tration > the linear effect of stirring rate. The optimiza-
tion of leaching process was performed with the desira-
bility function technique and the maximum leaching ef-
ficiency (71%) with a PLS solution containing 2160 g/L
of copper was obtained at the acid concentration of 90
kg/t, solid percentage of 35, pulp mixing rate of 150
rpm, leaching time of 2.5 h, and size fraction of 0-2 mm.
Eventually, the kinetics of copper leaching was analyzed
using the shrinking core (SCMs) equations to recognize
the mechanism of the process and the controlling step of
the reaction rate. It was found that the leaching process
was controlled by diffusion model through the product
layer with the activation energy of 14.15 kJ/mol. Finally,
a kinetic mathematical equation depicting the leaching
process of copper from the desired copper oxide ore was
proposed.
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SAZETAK

Istrazivanje potencijalne oporabe bakra iz niskokvalitetnih izvora
koji sadrzavaju visok sadrzaj silicijeva dioksida

Cilj ovoga istrazivanja bio je eksperimentalno ispitati izluzivanje bakra iz rude niske kvalitete koja sadrzava 0,57 % bakra,
24,69 % silicija i 10,367 % Zeljeza. Prvo je ispitano ponasanje vaznih varijabli koje utje¢u na proces otapanja koristenjem
metode jedan faktor u vremenu (OFAT) i modeliranja odzivne povriine (RSM), zatim je detaljno ispitana kinetika izlu-
Zivanja kako bi se identificiralo naredno djelovanje izluZivanja. Rezultati dobiveni OFAT metodom pokazali su da je ve-
li¢ina Cestica od o do 2 mm bolja opcija za izluZivanje u spremniku u odnosu na druge frakcije. Prisutnost glinenih spo-
jeva u rudi dovela je do velikoga povecanja potrosnje kiseline. Brzina izluzivanja poboljsala se s povec¢anjem postotka
krutih tvari s 20 na 40 %, a zatim se smanyjila s daljnjim povecanjem zbog nedostatka pravilnoga mijesanja. Osim toga,
brzina mije$anja pulpe imala je mali utjecaj na otapanje bakra potvrdujudi da brzina mije$anja pulpe treba biti na razini
koja suspendira Cestice i sprjecava njihovo taloZenje. Zatim je s RSM-om obavljeno modeliranje i optimizacija procesa te
odredivanje moguce interakcije izmedu radnih parametara. Rezultati su pokazali da je izluZivanje bakra znatno ovisilo o
interakciji izmedu radnih parametara. Optimizirani parametri bili su koncentracija kiseline od 9o kg/t, sadrzaj krutih
tvari od 35 %, brzina mije$anja pulpe od 150 o/min, vrijeme izluZivanja od 2,5 h i raspon veli¢ine Cestica od o do 2 mm.
Kineticka analiza pokazala je da je difuzijski model u proizvodnome nizu s energijom aktivacije od 14,15 kJ/mol mjera
koja kontrolira brzinu reakcije, te je na temelju toga predloZen novi model koji opisuje kinetiku otapanja bakra.

Kljuéne rijedi:
bakrov oksid, izluZivanje u spremniku, u¢inkovitost ekstrakcije, optimizacija, kinetika otapanja
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Abstract

Batubesi deposit is a primary Fe-Sn deposit located in the eastern part of Belitung, Indonesia. Previously, mineralisation
was known as greisen, but recent studies show that the region has developed skarn-type deposits. Despite that, skarn-
type mineralisation has not been well studied. This research aims to study Fe-Sn mineralisation in Batubesi with a geo-
logical and mineralogical approach, primarily from field observation and diamond drill core logs and samples. The labo-
ratory methods used are petrology, SEM-EDX, micro-XRF, and XRD analysis to determine mineralogical assemblage, as
well as fused bead XRF to determine the geochemical composition of the deposit. The results show that the Batubesi
deposit is dominated by skarn-type mineralisation with minor greisen. Two skarn stages have been observed: prograde
and retrograde. Prograde stages are characterised by the precipitation of calc-silicate minerals and magnetite then often
fractured or brecciated. The fractures and breccia are then altered by the retrograde stage, composed of amphibole, mus-
covite, and biotite. Sometimes, the alteration is so intense that the previous prograde stage is completely altered. Fur-
thermore, the retrograde stage consists of sulfide minerals as veins such as pyrite, chalcopyrite, and arsenopyrite. Mag-
netite is the common ore mineral, followed by cassiterite, scheelite, ferberite, pyrite, chalcopyrite, arsenopyrite, glau-

cocerinite, and sphalerite.

Keywords:

Batubesi, iron-tin, skarn, ore deposit, mineralogy

1. Introduction

Tin is a critical metal for low-carbon technology
(Moss et al., 2013) and other purposes, such as chemi-
cals, tinplate, solder, and alloys (U.S. Geological Sur-
vey, 2022). Tin consumption has risen in the last two dec-
ades, primarily by increased consumption in China. The
consumption increases also led to a shift in world tin con-
sumption that changed the biggest tin consumers from
Europe and North America to China (Li et al., 2021).

Historically, there are several critical tin-producing
regions in the world, namely the Southeast Asian Tin
Belt, South China Tin Province, the Central Andean Tin
Belt, and Cornwall Tin Province (Lehmann, 2020). The
Southeast Asia Tin Belt stretches from Myanmar to In-
donesia through Thailand and Malaysia. This region is
currently one of the significant tin mine areas that hosted
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one-third of the estimated annual tin production in 2021
(U.S. Geological Survey, 2022).

Tin deposits can be classified into several categories,
such as pegmatite, greisen, porphyry, skarn, vein, and
placer, with cassiterite as the main ore mineral (Dill,
2010). Ionic radius of tin (Sn*", 0.71 A) is similar with
iron (Fe*, 0.64 A), titanium (Ti*, 0.68 A), niobium
(Nb%*, 0.70 A), tantalum (Ta**, 0.73 A), and scandium
(Sc**, 0.81 A) (Railsback, 2003). Thus, it can be substi-
tuted by those ions in earth-forming or other minerals.
Garnet, an abundant mineral in skarn, can contain up to
1% tin, while magnetite in skarn deposits can incorpo-
rate up to 0.4% tin (Chen et al., 2022). Tin mineralisa-
tion source is believed from the breakdown of tin-bear-
ing minerals such as muscovite or biotite caused by
melting or alteration (Chen et al., 2022; Kunz et al.,
2022; Wolf et al., 2018; Zhao et al., 2022). Addition-
ally, tin may be preserved in magma and deposited in
granite, increasing its content in granite (Neymark et
al,, 2021).

Skarn here is defined as mineralisation that contains
an abundant amount of calc-silicate minerals, such as
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garnet, pyroxene, and or wollastonite (Einaudi et al.,
1981; Meinert, 1992; Meinert et al., 2005), hence its
protolith may be other than carbonate rocks such as si-
liciclastic, igneous, or metamorphic rocks (Chang et al.,
2019). Skarn can be subclassified based on their domi-
nant metallic content, such as Cu-, Au-, W-, Sn-, and
Fe-skarn (Meinert et al., 2005). Those skarns share
similar compositional characteristics, such as Au, Mo,
and W skarns commonly hosted in reduced skarn, mean-
while Cu skarns hosted in oxidised skarns (Meinert,
2020; Meinert et al., 2005). Besides that, skarn is also
commonly zoned both temporally and spatially caused
by variations of temperature and composition that also
affect mineralisation patterns in skarn (Meinert, 1997).
This zonation also affects garnet and pyroxene, common
minerals in skarns. Furthermore, their ratio is controlled
by redox conditions, which are regulated by magma and
wall rocks, i.e. garnet is more abundant in more oxidised
parts of the system (near intrusions), whereas pyroxene
is more abundant in more reduced parts of the system
(near wallrock) (Chang et al., 2019).

Primary tin mining in Belitung has been done in sev-
eral deposits, such as Kelapa Kampit, Nam Salu, Tikus,
Tebrong, and Selumar, with several other known tin
mineral deposits (Adam, 1960; Crow & Van Leeuwen,
2005; Schwartz et al., 1995; Schwartz & Surjono,
1990). Batubesi is one of the known tin mineral deposits
in Belitung, which was mined for its iron content and is
currently being explored for tin mining. Historically, tin
mineralisation types in Batubesi were known as vein and
greisen (Schwartz et al., 1995; Sujitno et al., 1981).
However, recent studies suggest that Batubesi tin miner-
alisation type is a skarn deposit (Bargawa et al., 2023;
Sugiharto et al., 2024). Those studies mainly cover ore
potency evaluation and tungsten occurrence with mini-
mal detailed geological and mineralogical condition re-

data (Ng et al., 2017).

lated to Fe-Sn skarn mineralisation in Batubesi ex-
plained. This study wants to emphasize and determine
the geological and mineralogical characteristics of Ba-
tubesi skarn tin mineralisation. Additionally, this study
wanted to present how skarn deposit can develop in Be-
litung Island where carbonate is not known to exist.

1.1. Geology of Belitung Island

Southeast Asia Tin Belt granite provinces can be di-
vided into Main Range Province, Eastern Province,
Western Province, and North Thailand Migmatitic Prov-
ince (Cobbing et al., 1986) with different tin mineralisa-
tion type and metal association (Hutchison, 1978). Main
Range Province and Eastern Province are divided by
Bentong-Raub Suture, which also occurs as a boundary
in tin skarn characteristics (Searle et al., 2012). It can be
seen clearly in the Malay Peninsula, where tin skarn is
mostly located in Main Range Province (western part of
Bentong-Raub Suture), while tin-iron skarn is mostly lo-
cated in Eastern Province (eastern part of Bentong-Raub
Suture) (Yang et al., 2020) (see Figure 1).

Belitung Island is in the southern part of the Southeast
Asian Tin Belt, located around the Bentong-Raub Suture
zone, but the suture itself remains unclear. Some re-
searchers argue that the suture developed from Malay
Peninsula and extended to Belitung Island (Hutchison,
2014; Ng et al., 2017), while others claim that the suture
is located in the southern Bangka and Belitung (Met-
calfe, 2017; Searle et al., 2012). It is believed that Beli-
tung is a peneplain area with resistive quartz standing as
hills (Johari, 1987) with elevation commonly below
100m, with the highest point around 500m. Belitung is
composed of siliciclastic sediments in which some of
them undergone metamorphism, chert, basaltic lava, fly-
sch sediments, and volcanic breccia intruded by grani-
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toid and diorite (Baharuddin & Sidarto, 1995). Flysch
sediment fossils suggest that the rocks formed at the
Permo-Carboniferous age in marine environments, simi-
lar to interfingering basaltic lava and volcanic breccia.
Meanwhile, siliciclastic sediments probably interfingers
flysch sediments but with unknown depositional envi-
ronments. The sediments were then intruded by Tanjun-
gpandan granite at 208-245 Ma, followed by Baginda
Adamellite (160-208 Ma), Burungmandi Granodiorite
(115-160 Ma) and Batubesi Quartz Diorite (115-160Ma)
(Priem et al., 1975). Plutonic igneous rocks in Belitung
can be divided into four types, namely gabbroic, grano-
dioritic, adamellitic, and granitic rocks (Aleva, 1960).
However, later studies suggest that no gabbroic igneous
rocks are present; only basaltic lava can be found (Baha-
ruddin & Sidarto, 1995).

1.2. Deposit geology

Batubesi Fe-Sn skarn deposit is one of the primary tin
deposits located in Belitung Island, Indonesia. It is cur-
rently being explored for its tin mining potential, in con-
tinuation of previous iron mines. It is in the island’s east-
ern part, approximately 20 km southwest of Open Pit
Nam Salu Geosite. The elevation is around 12 to 25 me-
ters with plain relief, close to Mang Mountain (406 m)
and Bolong Mountain (305 m). The Batubesi Fe-Sn de-
posit is located at the contact between Kelapa Kampit fly-
sch sediments (mostly siliciclastic) and granitic intrusions
with a width of several hundred meters (see Figure 2).

2. Materials and methods

Three diamond drill cores and outcrop analysis have
been performed to understand the rock, minerals, and al-
teration characteristics from the study area. Furthermore,

seventy-eight rock samples from diamond drill cores
have been collected to be analyzed for their mineral as-
semblage, geochemistry, and sequence in the laboratory.
Most of the samples are taken from oriented drill cores,
and their orientation is preserved in the samples. Hand-
held XRF was used in screening process to identify tin
and metal rich samples but not displayed here as it only
shows semi-quantitative results from the samples not re-
flecting their whole rock geochemistry. Several methods
are used for analysis, such as petrography, SEM-EDX,
micro-XRF, and X-ray diffraction. Some samples have
undergone several analyses to ensure their mineral, tex-
ture, and structure identification process.

2.1. Petrography

Seventy-eight thin sections and eighteen polished
samples have been analysed for their mineral, texture,
and structure identification. One oriented diamond drill
core sample may have several thin sections with differ-
ent orientations. This method is best suited to determine
mineral texture and structure that can determine mineral
paragenetic sequences. Moreover, this method can be
used to complement other mineral identification tech-
niques. Polished sections were made when samples had
substantial amounts of opaque minerals, some of which
were also used for SEM-EDX and micro-XRF analyses.
Polished samples taken from diamond drill cores were
then mounted in resin and polished with diamond paste.
The analysis was done at Faculty of Earth and Science
and Technology, Institut Teknologi Bandung and Na-
tional Research and Innovation Agency, Indonesia.

2.2. SEM-EDX

Four polished samples were analyzed for SEM Jeol
JSM IT300 equipped with EDX Oxford XMAX at Ad-
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Iron cap

Figure 3. (a) Iron cap with vesicular structure (inset), commonly found near surface. (b) Contact between granite and
magnetite-rich rocks (Mag) from pit bench. Magnetite commonly intruded by quartz vein (inset). (c) Granite outcrop in
Batubesi with its hand specimen (inset). Abbreviations: Mag: magnetite

AlB[c|D[E[F]

Figure 4. Photomicrograph of slightly greisenized granite shows plagioclase altered to muscovite from sample ABo1020_A.
Sample taken from drill cores marked with thin section region (red rectangle) (a), thin section marked with observation zone
by optical microscope (red circle) (b), photomicrograph of observation zone in parallel nicol (c) as well as cross nicol (d).
Abbreviations: Plag: plagioclase, Ms: muscovite
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Figure 5. Sample taken from drill cores (a) with photomicrograph of greisen alteration in Batubesi in parallel nicol (b) as well
as cross nicol (c) from sample AB01018_A. Greisen alteration near granitic rock marked by quartz (white-grey, Hs) (c) and
muscovite (high birefringence, In) (c) rich rocks. Abbreviations: Qtz: quartz, Ms: muscovite

Legend

© Sample locations
= Drill holes

& Greisen
B Granite

Figure 6. A cross-section of ABo1 from Batubesi Fe-Sn deposit shows the relative position of granite, greisen, skarn, and
sedimentary rocks. Greisen (green) is located between granite (red) and skarn (blue)
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Figure 7. Clastic sedimentary rocks (ABo1003) from Batubesi deposit retrieved from drill cores (a) with meta-siltstone
(AB03006_B) (b) samples displaying unaltered meta-siltstone (Unalt), veins (Vein), and alteration halo around veins (Halo).
Photomicrograph of meta-siltstone samples in parallel nicol (c) and cross nicol (d) shows the unaltered meta-siltstone,
alteration halo, with fluorite-muscovite veins

vanced Characterization Laboratories Bandung, Nation-
al Research and Innovation Agency, Indonesia. This
method is used to determine minerals that contain light
elements (e.g. fluorite). Samples are taken from petro-
graphic polished sections that contain various types of
opaque minerals as well as a high amount of tin. The
sample numbers were then reduced that amount for vari-
ous types of rocks and mineralisation. The samples are
polished with diamond paste. Thus, some carbon con-
tamination is expected during analysis. Samples were
coated with gold before elemental mapping and elemen-
tal point analysis.

2.3. Micro-XRF

Five diamond drill samples were analyzed using Bruk-
er M4 Tornado Plus micro-XRF analysis and AMICS to
determine the mineral types based on their chemical com-
position. The samples were chosen based on their mineral
characteristics as well as initial geochemical properties
based on handheld XRF to describe important mineral-

ogical and geochemical characteristics of the deposit. The
samples were analysed at Mineral Testing Laboratory Ja-
karta, National Research and Innovation Agency, Indone-
sia. Samples were analyzed with a pixel size of around
25-40 pm and pixel time between 15-25 ms/pixel.

2.4. XRD

Sixteen diamond drill samples were analyzed with
powder X-ray diffraction at National Research and In-
novation Agency, Indonesia. The samples have been
chosen to analyse minerals that contain small minerals
or texture that are hard to observe by optical microscopy.
This method also serves as secondary analytical proce-
dures to confirm petrographic and micro-geochemical
analysis such as micro-XRF and SEM-EDX. Samples
were grounded manually to size below 200 mesh with
agate mortar and pestle to retain their mineral structure.
They were analyzed by CuKa X-ray source with 5°-90°
2-theta angles. The spectra are then compared with an
open X-ray spectra database (e.g. Lafuente et al., 2016).
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Figure 8. A cross-section of ABo3 from Batubesi Fe-Sn deposit shows the relative position of skarn mineralisation
with granite and sedimentary rocks. Siltstone (a, c) are located between garnet mineralisation, whereas wollastonite-rich
rocks (d) are located within the skarn mineralisation

3. Results

Batubesi Fe-Sn deposit is located in a flat area and has
been mined with open pit methods, resulting in tens of
meters deep holes and some of them submerged below
the water surface. Besides that, near Batubesi mines,
there are several abandoned small holes from artisanal
tin mining filled with water. At the top part of the de-
posit, iron caps composed of vesicular magnetite are ob-
served (see Figure 3a). These vesicular rocks are also
commonly found as boulders around the deposit with
various sizes around tens of centimetres.

Fresh rock outcrops are scarce outside the open pit,
and the surrounding ground is mixed with materials
from previous mining, which hinders rock identification
based on weathered materials. Skarn mineralisation was
identified as black magnetite-rich rock intruded by
quartz veins that can be found around open pit floor and
bench (see Figure 3b). Besides that, granitic rocks are
also found in the open pit bench with fractures common-
ly developed on it (see Figure 3c).

Three-stage skarn mineralisation has been observed
in the study area: isochemical metamorphism, prograde
and retrograde. Isochemical metamorphism is character-
ised by the occurrence of meta-siltstone in Batubesi de-
posit. The prograde stage is dominated by magnetite and

5cm
== |

Figure 9. Wrigglite textures with black and white bands cut
by veins in the shallower part of the deposit. SEM-EDX and
petrographic analysis show that the black bands are
magnetite with small amounts of cassiterite and wolfram-
bearing minerals, while the white bands are fluorite.

calc-silicate mineralisation, e.g. garnet, pyroxene, vesu-
vianite, and wollastonite. Magnetite-garnet are the main
minerals in highly altered regions, where almost all host
rocks are altered, and their texture is not visible. Mag-
netite can be found in massive, banded, or veins and
sometimes have rhythmically altered bands with arseno-
pyrite. Magnetite was observed being cut by carbonate
and quartz veins. Conversely, garnet commonly occurs
in massive texture along with fluorite and is often brec-
ciated or fractured and then filled with biotite, musco-
vite, and amphibole minerals from the retrograde stage.
It is also cut by other minerals from retrograde stage
such as quartz, Fe-oxides (hematite), and carbonate
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Figure 10. Photomicrograph of skarn sample from ABo2015_A shows magnetite and garnet infill and cut host rock minerals
with parallel nicol (a, ¢) and cross nicol (b, d) polarization, respectively. Magnetite (black, Ji0) (a) infills the space between
chalcedony (white-grey, Hio) (a) and cuts by quartz vein (white, C1) (a). Cross nicol (b) shows magnetite as black (Jio0), while
chalcedony as greenish grey (Hio) with biotite as reddish brown (B6). Moreover, in cross nicol (d), garnet (black, P5) cut
radial chalcedony (green-grey, Ss), then both cut by later vein (yellow, F1). Parallel nicol (c) show garnet as white-grey (Ps5)
and chalcedony as grey (Ss).

veins with or without an alteration envelope. Addition-
ally, the retrograde stage also consists of sulfide minerals
such as pyrite, chalcopyrite, and arsenopyrite

3.1. Petrology and mineralogy

Granitic rocks in the area are fine-grained, equigranu-
lar to porphyritic rocks mainly composed of quartz and
feldspar, minor biotite and trace amounts of zircon.
Many of them are greisenized from slightly altered (see
Figure 4) to moderately altered (see Figure 5). Greisen
alteration occurs near the contact between granitic rock
and host rock, marked by quartz and muscovite-rich
rocks, sometimes with chlorite-muscovite veins cutting
through it (see Figure 6) or replacing plagioclase (see
Figure 4). Muscovite is usually found between quartz
minerals with a size of around 40 um. Alteration inten-
sity is reduced when moving away from the magnetite-
garnet zone and is characterised by the absence of mag-
netite; only garnet exists, and the more unmineralised
host rock is present. Wollastonite mineralisation occurs

in these lower-intensity alteration zones that are several
meters thick. Additionally, Fe-oxide minerals are domi-
nated by hematite near the surface.

The host rocks in the Batubesi deposit contain friable
clastic sedimentary rocks that can be observed from drill
cores, and it does not contain carbonate (see Figure 7a).
Near the granite-host rock contact, the host rock has un-
dergone metamorphism and is mainly observed as meta-
siltstone. It has a black appearance with a gritty texture
that can absorb water. Mineral size in meta-siltstone
is small (around 12-34 pm) and difficult to distinguish
by petrography analysis. However, X-ray diffraction
analysis suggests that it comprises quartz, muscovite, and
kaolinite. Meta-siltstones are commonly fractured, and
veins of quartz, carbonate, muscovite, fluorite, and or
chlorite are commonly found with or without an alte-
ration halo (see Figure 7b). The metamorphosed rocks
are also commonly found around minerals formed by
the skarn process (e.g. calc-silicate and magnetite) (see
Figure 8).
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Figure 11. Altered garnet hand specimen marked with red box that locate thin section samples (a). Thin section samples from
a hand specimen with a red circle that marks the microscope analysis (b). Photomicrograph of skarn mineralisation in
Batubesi altered by late-stage mineralisation in parallel nicol (c) and cross nicol (d) from sample ABo3o02_A. Garnet is

brecciated and altered to muscovite (Gi0). Abbreviations: Grt: garnet, Ms: muscovite

Skarn mineralisation in Batubesi is characterised by
abundant magnetite, calc-silicate minerals, fluorite, mus-
covite, pyroxene, biotite, and amphibole. Magnetite is the
most common skarn mineral found in the Batubesi depos-
it, with a black appearance and magnetic properties, com-
monly seen as a massive body, and layers found in wrig-
glite (see Figure 9) and alternating layers between mag-
netite and arsenopyrite. It becomes the main iron-bearing
mineral in the Batubesi deposit. Magnetite is found to infill
chalcedony in the deposit, then cut by a quartz vein, indi-
cating their relative ages (see Figure 10a).

Calc-silicate minerals are typical minerals for skarn de-
posits. In the Batubesi deposit, calc-silicate minerals are
commonly found as garnet, followed by wollastonite, ve-
suvianite, and actinolite. Garnet has a dull luster and dif-
ferent colours, such as red, green, and white, and is often
found together with fluorite. Petrography analysis shows
that garnet cut chalcedony mineral, indicating that garnet
is younger than chalcedony (see Figure 10c). Garnet
shows typical hexagonal structures with oscillatory zon-
ing between isotropic and anisotropic parts. Many garnets
were fractured and then underwent retrograde stage min-
eralisation, precipitating minerals such as biotite, amphi-
bole, and muscovite (see Figure 11). The alteration some-
times is so intense that garnet is completely altered, re-
taining its oscillatory zoning features.

Wollastonite, actinolite, and vesuvianite are rarely
found in the Batubesi deposit. Wollastonite can be found
in an area with scarce calc-silicate or magnetite miner-
alisation, mostly unmineralized meta-siltstone (see Fig-
ure 8). It is primarily found in wollastonite-rich carbon-
ate white layers with several metres thick, with cm to
mm thick greenish pyroxene and fluorite-calcite veins
(see Figure 12). Mineral sizes and habits are hard to de-
termine by hand specimen observation as the sample has
a uniform white colour. Petrography analysis suggests
that the mineral habits are elongated parallel with a grey
colour in parallel nicol and a grey to red-orange colour
in cross nicol. On the other hand, actinolite and vesuvi-
anite are rare and can be observed with garnet-rich rocks.
Actinolite commonly occurs as an acicular mineral that
has a pale green-green colour in parallel nicol and a
greenish colour in cross nicol. Meanwhile, vesuvianite
occurs as prismatic minerals in a thin section with high
relief (similar with garnet), transparent in parallel nicol
and grey (low birefringence) in cross nicol.

Ore minerals observed in the Batubesi area from pet-
rographic analysis are cassiterite, magnetite, arsenopy-
rite, pyrite, and chalcopyrite that occur in skarn and as
veins in meta-siltstone. Cassiterite mostly occurred in
garnet-rich skarn mineralisation that have colourless to
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Figure 12. Wollastonite-rich rocks from ABo3o014_B samples with red alizarin stain cut by calcite-fluorite veins with a black

circle that shows the observation zone by optical microscope (a). Sample from drill core marked with a thin section region

(b). Parallel nicol (c) and cross nicol (d) photomicrograph that shows wollastonite mineral cut by fluorite and calcite veins.
Abbreviations: Wo: wollastonite, Cal: calcite, Flr: fluorite

Figure 13. Location of thin section (red box) in core samples (a). Photomicrograph of cassiterite mineral in parallel nicol
(brownish green, H7) (b) and cross nicol (green-pink, H7) (c) in Batubesi from sample ABo2032_B. Abbreviations:
Cst: cassiterite, Amp: amphibole, Mag: magnetite

brown colour in thin sections, with sizes from 160 pm to
around 400 um (see Figure 13). Some of them were
found in altered garnets, while others were found in un-
altered garnets. Magnetite can be seen as massive and
layered mineral often shows wrigglite and fluid-like
banded structure. Petrographic analysis in the wrigglite
zone show that it comprises opaque minerals (mostly
magnetite) and fluorite. On the other hand, in fluid-like
banded structures opaque minerals mostly magnetite,
with a minor amount of arsenopyrite, pyrite, and chalco-

pyrite.

3.2. XRD

X-ray diffraction analysis is usually coupled with pet-
rographic analysis to determine mineral type in the study
area. It is the primary mineral determination analysis for
rocks that contain smaller minerals, such as meta-silt-
stone. Based on XRD data coupled with petrographic
analysis, meta-siltstone is composed of quartz, musco-
vite, and kaolinite (see Figure 14). Phlogopite, micro-

cline, albite, fluorite, magnetite, annite, pargasite, hast-
ingsite, chamosite, andradite, uvarovite, vesuvianite,
ferro-actinolite, cassiterite, and hedenbergite were also
detected in XRD analysis.

3.3. SEM-EDX

SEM-EDX is useful to analyse minerals by their chem-
ical composition. Despite its small area of analysis com-
pared to micro-XRF, SEM-EDX successfully analyses
light elements such as fluor and heavy elements such as
wolfram. It is used for the identification of minerals that
contain light elements (e.g. fluorite) as well as minerals
that are too small to be identified by optical microscopes
and their abundance is too small to be detected by bulk
XRD analyses. Carbon contamination can be seen
throughout the samples, because it can be found in mag-
netite and all other samples. It is caused by diamond paste
during the polished sample preparation before the SEM-
EDX analysis. This method analyses magnetite and fluo-
rite bands in wrigglite, as well as other minerals such as
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glaucocerinite, cassiterite, and scheelite by chemical map-
ping (see Figure 15). Additionally, point analysis shows
that wolfram-bearing minerals in Batubesi are composed
of ferberite and scheelite (see Figure 16). Scheelite are
often found with a minor amount of ferberite, suggesting
alteration occurs between W-bearing minerals.

3.4. Micro-XRF

Micro-XRF analysis shows that ore minerals detected
in Batubesi region are magnetite, cassiterite, ferberite,
scheelite, arsenopyrite, pyrite, chalcopyrite, and sphaler-
ite. Cassiterite, ferberite, and scheelite mainly occur as
fine minerals, ranging from 25 um (one pixel) to 700 um
(see Figure 17 and Figure 18). In addition, arsenopy-
rite, pyrite, and chalcopyrite can be seen in larger miner-
als, up to several millimetres. Arsenopyrite, pyrite, and
chalcopyrite are commonly found as mineral assemblag-
es (see Figure 17).

Hematite and pyrite veins are also present and detected
by micro-XRF analysis. Hematite vein cut andradite min-
eral, with a small amount of Sn-bearing mineral. The

analysis suggests that the Sn-bearing mineral is malayaite,
but other possibilities (e.g. fine cassiterite) may be possi-
ble because of silica contamination from andradite during
micro-XRF spot analysis. Conversely, pyrite veins are
frequently shown with other sulphide minerals such as ar-
senopyrite and chalcopyrite. Later point analysis in garnet
mineral shows that it contains a large amount of Fe, sug-
gesting that it can be classified as andradite.

4. Discussion
4.1. Host rock characteristics

The characteristics of host rock play an important part
in skarn mineralisation, as they can affect the redox and
chemical characteristics of ore mineralisation, including
skarn systems. The host rock in the Batubesi deposit is
composed of sedimentary rocks, mainly siliciclastic rocks,
with no carbonate present. Although not as common as its
carbonate-hosted counterparts, siliciclastic skarn has been
recorded previously (e.g. Chang et al., 2019).
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Figure 15. SEM-EDX analysis on wrigglite from skarn
(ABo2013) shows magnetite and fluorite bands with small
amounts of glaucocerinite, cassiterite, and scheelite
(Fe, Sn, and W modified after Sugiharto et al., 2024).
Abbreviations: Gc: glaucocerinite, Flr: fluorite, Mag:
magnetite, Cst: cassoterite, Sch: scheelite

Meta-siltstone is observed near the sediment-granite
contact, probably due to metamorphism caused by gra-
nitic intrusions, which is common in skarn-related min-
eralisation (Pirajno, 2008). It can also be seen in zones
of highly mineralised skarn zones, and the amounts tend
to increase outwards to the low mineralised skarn zones.
Besides that, evidence of another type of rock is also

present in the area. Indications of another type of host
rock are garnet and magnetite seen to be intruded and
filled spaces between early minerals (chalcedony) in pet-
rographic analysis (see Figure 10). Both minerals are
commonly related to early skarn mineralisation (Chen
et al., 2023; Lu et al., 2003; Mei et al., 2015), chal-
cedony probably comes from earlier rocks and does not
correlate with Batubesi’s meta-siltstone known charac-
teristics. Despite that, the rock types and characteristics
of chalcedony-bearing rocks remain unclear because it is
largely replaced during skarn mineralisation.

4.2. Granitic rock

Plutonic igneous rocks in Belitung can be divided into
four types, namely gabbroic, granodioritic, adamellitic,
and granitic rocks (Aleva, 1960). However, later studies
suggest that no gabbroic igneous rocks are present; only
basaltic lava can be found (Baharuddin & Sidarto,
1995). Igneous rocks in the study area mainly comprise
quartz and feldspar, with a small amount of biotite and
zircon. It can be classified as felsic rocks and has a gra-
nitic composition. The granite is fine-grained and has
equigranular to porphyry textures. Feldspar in granite
commonly has a perthite structure. No vein is observed
in granitic rocks, but fractures develop. Some of them
have greisen alteration with plagioclase and feldspar are
often altered to muscovite. Greisen alteration that occurs
in granite related to skarn deposits is observed in other
deposits that are products of the same mineralisation
system as skarn (Meyer et al., 2024).

4.3. Alteration and mineralisation

Skarn mineralisation dominates the study area, with
smaller amounts of greisen mineralisation near the gra-
nitic rocks. Skarn is characterised by calc-silicate and
magnetite mineralisation that is several hundred meters
wide and tens of meters deep. In contrast, greisen is char-
acterised by quartz and muscovite-dominated rocks sev-
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Figure 16. BSE image of skarn ABo2037 (a) that shows ferberite and scheelite minerals (red box). Red box EDX analysis from
(a) shows that the composition is C, O, Ca, Fe, Sr,and W (b). Abbreviations: Apy: arsenopyrite, Py: pyrite, Feb: ferberite, Sch:
scheelite, Ms: muscovite, Flr: fluorite
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Figure 17. Multiple microanalysis to determine mineral assemblages in Batubesi skarn sample ABo2037A. Quarter diamond
drill samples with annotation for polished section (red box), thin section (blue box), and photomicrograph (yellow box)
(a). Micro-XRF analysis shows mineral assemblage in polished section with green is pyroxene, pink is magnetite,
dark red is arsenopyrite, orange is pyroxene, and blue is wolframite (b). Petrographic analysis from the polished section
shows arsenopyrite (grey) and chalcopyrite (dark yellow) (c). SEM-EDX analysis that shows scheelite (Sch), arsenopyrite
(Apy), and muscovite (Ms) minerals (d). Parallel nicol (e) with cross nicol (f) photomicrograph from thin section that show
layers of opaque (magnetite?) and translucent (muscovite?) minerals that are cut by a late muscovite vein

eral meters deep and wide. This is different from the pre-
vious study that stated mineralisation in the Batubesi area
is greisen (Schwartz et al., 1995; Sujitno et al., 1981)

Skarn mineralisation in the Batubesi deposit is formed
in meta-siltstone and chalcedony-bearing host rock,
dominated by magnetite and garnet with minimal pyrox-
ene present. The skarn mineralisation has three stages,
similar to the skarn formation model from which is iso-
chemical metamorphism, prograde skarn, and retrograde
skarn (Pirajno, 2008). The retrograde skarn occurred in
the brecciated (see Figure 11) or fractured lithology (see
Figure 17). This is related to fluid flow and permeability
of retrograde mineralising fluid in skarn.

Garnet is abundant in the Batubesi deposit compared
to pyroxene. This ratio can inform us about the redox
state during skarn mineralisation. Garnet is precipitated
in an oxidised state, whereas pyroxene is precipitated in
a reduced which is mainly controlled by element supply
of ferric/ferrous element from skarn system (Chang &
Meinert, 2008). Thus, skarn mineralisation in the Ba-
tubesi Fe-Sn deposit is in an oxidised state.

4.4. Mineral zonation

Skarn commonly shows mineral zonation patterns,
both spatial and temporal, that can help in deposit explo-
ration (Meinert, 1997). For example, one model sug-
gests that mineral zonation in skarn reaction from pluton

to wall rock is garnet>pyroxene, pyroxene<garnet, wol-
lastonite, and marble (Meinert et al., 2005). This zona-
tion is applicable in skarn systems that have oxidising
magma and reducing wall rock (Chang & Meinert,
2008). However, the Batubesi deposit is in an oxidised
state, thus, the zonation is not applicable. For example,
the wollastonite zone in the Batubesi deposit is not situ-
ated near host rock, it is rather located inside garnet min-
eralisation. Observable mineral zonation in Batubesi
deposit is caused by the degree of alteration from retro-
grade stage. Highly altered zones are present in the al-
teration center that is located in the middle of the mag-
netite-garnet rich zone, and then the alteration degree
gradually weakens outside. This is probably caused by
the supply of fluids gradually lessen by proportional to
the distance from the source.

4.5. Ore mineral assemblage

Ore minerals found in Batubesi region are oxide miner-
als (e.g. magnetite, cassiterite and ferberite), sulfate min-
erals (scheelite), and sulfides (pyrite, chalcopyrite, and
arsenopyrite). Magnetite is the most abundant ore mineral
in the Batubesi region that commonly has a massive struc-
ture; sometimes, it shows alternating layers with arseno-
pyrite. Magnetite cut by later carbonate, quartz, and
sulfide veins shows that it precipitated early in the miner-
alisation process. Sulfide minerals in the Batubesi area are
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Figure 18. Wolfram element distribution from skarn sample
AB02032_A (a) and Cassiterite mineral distribution
(solid purple) in skarn sample ABo2032_A (b).

Other minerals in (b) are magnetite/ferberite (pink),
pyroxene (green), and calcite (blue)

sometimes found as fine-grain minerals in magnetite.
Still, they are commonly seen as sulfide veins in the latter
skarn stage, ranging from several mm to several cm in
widths composed of pyrite, chalcopyrite, and arsenopy-
rite. W-bearing minerals are only detected in SEM-EDX
and micro-XRF as fine minerals. They are commonly
found in similar grains, indicating that the minerals are
altered. The alteration from scheelite to ferberite, and vice
versa, is possible and controlled by several factors, such
as the Ca/Fe ratio (Baumer et al., 1985).

5. Conclusions

Batubesi Fe-Sn deposit is one of the primary tin min-
eralisation in Belitung, known to have greisen-type min-
eralisation. Recently, skarn-type mineralisation has been
known to develop in the region, but there is minimal in-
formation about it. This research has been done to study
mineralisation in Batubesi, including the skarn-type
mineralisation.

Host rock in Batubesi is composed of meta-siltstone
and chalcedony-bearing rock, with no carbonate rocks
present. Despite that, meta-siltstone is the one that is com-
monly found as a host rock in Batubesi. Minerals in the
host rocks is around 12-23 um consisting of quartz, mus-
covite, and kaolinite. Characteristics and composition of
chalcedony-bearing rocks is not understood because the
rocks are completely replaced with skarn-bearing rocks.

The Batubesi Fe-Sn deposit mineralisation type can
be divided into skarn-type mineralisation and greisen-
type mineralisation. Greisen mineralisation occurs near
granite intrusion with several meters thick, underlain
skarn. Greisen is characterised by mineralisation of
muscovite. Some of the muscovite can be found as the
product of plagioclase and feldspar alteration.

Skarn mineralisation is several hundred meters thick
and is characterised by calc-silicate and magnetite min-
eralisation. It can be divided into three stages: isochemi-

cal metamorphism, prograde and retrograde. Isochemi-
cal metamorphism is characterised by the development
of meta-siltstone. Prograde skarn was identified as hav-
ing calc-silicate and magnetite mineralisation. Magnet-
ite is only present in the highly altered part of the skarn.
Conversely, garnet commonly occurs in massive texture
along with fluorite and is often brecciated or fractured
and then filled with biotite, muscovite, and amphibole
minerals from the retrograde stage. It is also cut by other
minerals from the retrograde stage such as quartz, Fe-
oxides (hematite), and carbonate veins with or without
an alteration envelope. Additionally, the retrograde stage
also consists of sulfide minerals, such as pyrite, chalco-
pyrite, and arsenopyrite.
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SAZETAK

Geologija i mineralogija Fe-Sn lezista u Batubesiju, otok Belitung, Indonezija

Leziste Batubesi primarno je Fe-Sn leziste koje se nalazi u isto¢nome dijelu Belitunga u Indoneziji. Prvotno je minerali-
zacija bila poznata kao grajzen, ali nedavne studije pokazale su da se u regiji razvio tip lezista skarn. Unato¢ tome, mine-
ralizacija skarna nije dobro istrazena. Cilj je ovoga istraZivanja prouciti Fe-Sn mineralizaciju u Batubesiju geologkim i
mineraloskim metodama, primarno iz terenskih opazanja, nabusenih jezgara iz busotina i uzoraka. Pritom su koriStene
petrologke analize, SEM-EDX, mikro-XRF i XRD analize u svrhu odredivanja mineraloskoga sastava, kao i XRF na prin-
cipu fuzije za odredivanje geokemijskoga sastava leZista. Rezultati pokazuju da u lezistu Batubesi dominira mineraliza-
cija skarnskoga tipa s manjim udjelom grajzena. Uocene su dvije faze skarna: progradna i retrogradna. Progradne faze
karakterizira talozenje kalcitno-silikatnih minerala i magnetita koji su Cesto frakturirani ili brecirani. Pukotine i brece
zatim se mijenjaju u okviru retrogradne faze te su sastavljene od amfibola, muskovita i biotita. Ponekad je promjena
toliko intenzivna da je prethodna progradna faza potpuno izmijenjena. Nadalje, retrogradna faza sastoji se od sulfidnih
minerala u obliku Zila poput pirita, halkopirita i arsenopirita. Magnetit je uobic¢ajeni rudni mineral, a slijede ga kasiterit,
Selit, ferberit, pirit, halkopirit, arsenopirit, glaukokerinit i sfalerit.
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Batubesi, Zeljezo-kositar, skarn, rudno leziste, mineralogija

Author’s contribution

Aryo Dwi Handoko (Doctoral Candidate) conceptualization, data curation, formal analysis, investigation, methodo-
logy, project administration, resources, validation, visualization, writing - original draft and writing - review & editing.
Mochamad Slamet Sugiharto (Geologist) resources, and validation. Syafrizal (Professor) supervision and writing —
review & editing. Alfend Rudyawan (Lecturer) supervision and writing - review & editing. Benyamin Sapiie (Pro-
fessor) supervision and writing - review & editing.

All authors have read and agreed to the published version of the manuscript.

Rudarsko-geolosko-naftni zbornik 2025, 40 (5), pp. 83-98, https://doi.org/10.17794/rgn.2025.5.7



RGNZ/MGPB

Rudarsko-geolo$ko-naftni zbornik
(The Mining-Geology-Petroleum Engineering Bulletin)

Anthropogenic Hazards Assessment
of Mining Activities in Surghar Range,
Punjab, Pakistan

DOI: 10.17794/1gn.2025.5.8

Original scientific paper

Syed Sajjad Ahmad'*, Hafiz Muhammad Zaheer Afzal'>, Hafiz Zeeshan Akram*",
Sajjad Khan>*, Ihtisham Islam3* ®", Salman Ahmed Khattak+>** @ *

"' Geological Survey of Pakistan, Trade Centre Phase II M.A. Jauhar Town, Lahore.

2 Geosciences Advance Research Laboratories, Geological Survey of Pakistan, Shahzad Town, 1461 Islamabad, Pakistan.
3 Department of Geology, Shaheed Benazir Bhutto University Sheringal, Upper Dir 18030, Pakistan

4 State Key Laboratory for Critical Mineral Research and Exploration, Institute of Geochemistry, Chinese Academy of Sciences,
Guiyang 550081, China.

3 University of Chinese Academy of Sciences, Beijing, 100049, China.
¢ Department of Earth Sciences, The University of Haripur, 22620, Khyber Pakhtunkhwa, Pakistan.

Abstract

This study investigates the environmental impacts of coal mining in the Surghar Range, Punjab, Pakistan, with a focus
on the contamination of soil and groundwater by potentially toxic elements (PTEs). To evaluate the extent and sources
of contamination, 22 soil and 134 water samples were collected and analyzed using standard physicochemical and geo-
chemical methods. This study identified iron (Fe), zinc (Zn), and lead (Pb) as the primary anthropogenic PTEs, while
chromium (Cr) and arsenic (As) also appear at elevated levels in some locations. Soil PTE concentrations followed the
order: Fe > Zn > Pb > Cr > As. Pollution indices revealed moderate to high levels of contamination, with a pollution load
index (PLI) of 1.20 indicating overall moderate pollution. Although the potential ecological risk index (PERI) was rela-
tively low at 18, the concentration levels of certain PTEs exceed internationally recognized thresholds, necessitating en-
vironmental remediation. Principal Component Analysis (PCA) identified Fe and Zn as dominant contributors to pollu-
tion. Groundwater analysis showed a spatial gradient in water quality: samples near the Indus River were of freshwater
quality, while salinity levels increased westward toward the mining zone, with brine-level salinity detected in Tehsil Isa
Khel. Water near mining areas exhibited lower pH and higher electrical conductivity (EC), indicative of acid mine drain-
age and sulfur-rich coal influence. Comparative analysis with global mining regions revealed that mean PTE concentra-
tions in the Surghar Range are significantly higher, emphasizing the need for sustainable mining practices and targeted
environmental management strategies to protect soil and water resources.

Keywords:

coal mining, environmental hazards, Potentially Toxic Elements (PTEs), water quality, soil contamination

can arise during and continue long after coal mining op-
erations as a result of the oxidation of pyrite and other
sulphide minerals exposed to air and water, and subse-
quent leaching of acidic oxidation products. Oxidation

1. Introduction

Coal remains a vital energy source, accounting for ap-
proximately 29% of global energy production, 41% of the

world’s electricity generation, and serving as a critical
input for 44% of global industrial production (Wu and
Chen, 2018). Both subsurface and open-pit coal mining
operations involve a phased development in mine con-
struction and the disposal of adjacent rocks, which often
contain low content and iron sulfide minerals (Acharya
and Kharel, 2020). These activities expose various rock
types to atmospheric conditions and accelerate subsurface
weathering processes. Consequently, acid mine drainage

* Corresponding author: Salman Ahmed Khattak, Ihtisham Islam
e-mail address: salman@mail.gyig.ac.cn, ihtisham.islam@sbbu.edu.pk
Received: 14 February 2025. Accepted: 3 June 2025.

Auvailable online: 21 October 2025

and hydrolysis processes and thus the formation of acid
mine drainage is accelerated at low pH values of mine
water, which enhances mineral dissolution and the release
of toxic elements (Acharya and Kharel, 2020). The wa-
ter quality degradation, irrigation water degradation, bio-
diversity and soil quality issues are the impacts of mining
activities which directly impact agricultural productivity
and human health (Tiwary, 2001; Mossa and James,
2013; Mensah et al., 2015).

Mining activities are recognized for introducing sub-
stantial levels of heavy metals into agricultural soils, re-
sulting in the degradation of soil fertility, reduction in
biodiversity and loss of crop productivity. For example,
Mileusni¢ et al. (2014) assessed contamination from
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improperly disposed tailings at the Kombat mine in Na-
mibia, revealing a significant accumulation of toxic met-
als that pose serious risks to soil health. Studies show
that mining residues, through leaching, contribute to soil
acidification and mobilization of metals, which further
compromise soil quality and may have adverse impacts
on surrounding ecosystems and human health (Koptsik,
2014; Zhang et al., 2015). Furthermore, the physical
disturbances from mining operations lead to soil com-
paction, reduced permeability and a decline in organic
matter, each of which diminishes the agricultural pro-
ductivity of affected soils (Tordoff et al., 2000; Zhao et
al., 2007).

Mining anthropogenic effects have always been seri-
ous concern for the ecological resources of the leased
area. The consequences of mining activities affect al-
most every segment of the environment (Mossa and
James, 2013) (see Figure 1). In South Africa, extensive
gold mining operations have led to the release of toxic
metals into surrounding environments, affecting both
ecosystems and human health (Ochieng et al., 2010).
Similarly, the coal mining regions in Appalachia, USA,
have experienced severe water contamination due to
acid mine drainage, resulting in elevated levels of heavy
metals such as iron and aluminium (Palmer et al., 2010).
In Australia, bauxite mining in the Darling Range has
led to soil erosion and loss of biodiversity, posing long-
term ecological challenges. In all these regions, to vali-
date the findings, the concentrations of PTEs were com-
pared with WHO drinking water quality standards, fol-
lowing the approach used in earlier studies (Ochieng et
al., 2010; Palmer et al., 2010). Therefore, mining ac-
tivities worldwide have led to significant environmental
degradation, with detrimental effects on biodiversity, air,
soil and water quality.
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Figure 1. Potential environmental impacts of the mining
industry (modified after Khan et al., 2020)

The Surghar Range, part of the Trans-Indus region of
Pakistan, is geologically diverse, hosting significant
mineral resources including coal in Paleocene—Eocene
strata, iron ore in Cretaceous formations, and silica sand
in Jurassic rocks. In the study area, coal is primarily ex-
tracted from the Hangu Formation (Paleocene), while

silica sand is mined from the Datta Formation (Jurassic).
The Makarwal region, in particular, has a long history of
coal mining, with approximately 140 active and aban-
doned mines. However, these operations have evolved
with minimal adherence to modern environmental regu-
lations and virtually no post-mining land reclamation,
leading to severe degradation of local ecosystems. De-
spite the economic importance of these environmental
resources, previous investigations in the area have fo-
cused predominantly on stratigraphy, lithology and re-
source assessments (Khan, 1949; Fatmi, 1972; Faruqi,
1983; Danilchik and Shah, 1987; Warwick and Javed,
1990; Shah, 2009; Umair et al., 2022), with little atten-
tion given to environmental consequences.

Over the past several decades, extensive coal and sil-
ica sand mining in the Surghar Range has proceeded
largely unchecked, contributing to soil degradation,
groundwater contamination, and loss of biodiversity.
Despite clear evidence of ecological damage, there re-
mains a critical gap in scientific literature that systemati-
cally examines the environmental implications of min-
ing activities in this region. While numerous global stud-
ies have assessed the environmental impacts of mining,
the localized effects within this geologically and eco-
logically sensitive region of Pakistan remain poorly un-
derstood. Most prior studies have focused solely on geo-
logical mapping or resource quantification, leaving the
ecological and hydrochemical dimensions of mining-
related degradation underexplored.

This study fills that gap by conducting the first thor-
ough evaluation of the spatial distribution, concentration
and ecological risk of potentially toxic elements (PTEs) in
both soil and groundwater over the Surghar Range. This
study uses an integrated methodological framework that
includes in-situ field sampling, laboratory studies, multi-
variate statistical approaches and geographic modelling to
provide a quantitative assessment of environmental dete-
rioration. Key developments include the use of pollution
indices and hydrochemical signatures to document acid
mine drainage and heavy metal contamination, as well as
a regional comparison of PTE concentrations and global
mining standards to contextualize the data.

This work fills an essential scientific need by providing
actual findings from a poorly controlled mining zone,
while also establishing baseline environmental data for
the region. The findings emphasize the importance of ear-
ly policy interventions, land restoration measures, and the
adoption of sustainable mining techniques. More broadly,
the study provides a transferable analytical framework for
other developing countries experiencing similar environ-
mental hazards from mining activity.

2. Tectono-geological context

The Western Himalayas of Pakistan reveal a complex
geological history shaped by the collision of the Indian
and Eurasian plates, which initiated the Himalayan
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Figure 2. A) Google Earth map showing the locations of the studied samples, with the study area boundaries
outlined in a white square. Symbols of various samples collection are as follows: blue arrows indicate soil samples,
yellow arrows represent groundwater, green arrows denote mine water release from mine, and red arrows indicate

surface water. The sample codes are defined as follows: GW stands for groundwater, SS for soil samples,

MW for mine water (water released from mines), and SW for surface water/river water. B) Regional geological

map illustrating the study area (modified from Shah, 2009; Umair et al., 2022)

orogeny and created significant suture zones, such as the
Main Karakoram Thrust (MKT) and Main Mantle Thrust
(MMT) (DiPietro and Pogue, 2004). This tectonic in-
teraction also produced thrust systems, including the
Main Boundary Thrust (MBT) and Salt Range Thrust
(SRT). The MBT separates the Himalayan fold-and-
thrust belt into two distinct zones: the northern hinter-
land and the southern foreland, encompassing features
like the Hazara-Kashmir syntaxis, Kohat-Potwar fold
belt and Salt Range (DiPietro and Pogue, 2004). Con-
tinuous thrusting of the Indian Plate beneath the Eura-
sian Plate since the Eocene has led to the formation of

the Himalayan ranges and associated fold-and-thrust
belts by stacking sedimentary rocks over the Indian Cra-
ton (DiPietro and Pogue, 2004).

The study area, part of the Surghar Range southwest
of Islamabad (see Figure 2), marks the easternmost ex-
tension of the sub-Himalayan fold-and-thrust belt
(Khattak et al., 2017), separated from the western Salt
Range by the Kalabagh fault (DiPietro and Pogue,
2004). The Surghar Range displays a stratigraphic se-
quence of sedimentary rocks from the Triassic to recent
periods, oriented east-west and dipping northward
(Shah, 2009) (see Figure 3). The stratigraphy includes
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Figure 3. Stratigraphy of the study area
and surrounding (modified after Fatmi,
1972; Shah, 2009)
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formations from the Triassic Mianwali to the Eocene
Sakessar Limestone, with notable formations like the Ju-
rassic Datta (sandstone, shale, ferruginous silica sands)
and Cretaceous Lumshiwal (iron-stained, coal-bearing
sandstone) (Shah, 2009).

Mining of coal, silica sand and other resources in the
Surghar Range, Punjab, Pakistan, has resulted in signifi-
cant environmental impacts, particularly affecting soil
quality, surface water and groundwater, raising concerns
about the sustainability of these activities. Studies have
shown that coal mining in the nearby Makarwal and
Cherat areas has led to elevated concentrations of toxic
trace elements in soil, exceeding safe thresholds (Shah et
al., 2019; Ali et al., 2023). Similarly, groundwater con-
tamination caused by the leaching of heavy metals from
coal deposits has been reported, impacting water quality
and posing health risks. While Malkani (2017) identified
extensive silica sand deposits in the Mianwali District,
including the Surghar Range, studies on the environmen-
tal consequences of silica sand extraction remain limited.
This research addresses these gaps by assessing the com-
bined impacts of coal and silica sand mining on soil, sur-
face water and groundwater through field sampling, labo-
ratory analysis and geospatial techniques.

3. Methodology

The area is part of the Surghar Range and is situated
southwest of Islamabad. The study area, where exten-
sive mining of coal, salt, silica sand and iron ore take
place, was systematically divided for investigation into
multiple grids, each covering a 3-square-kilometer area
(see Figure 2). A systematic sampling approach was em-
ployed to collect soil and water samples from the study
area to assess environmental impacts associated with
mining activities. Specifically, 22 soil samples were ex-
tracted from designated tailing (dumping) sites at an ap-
proximate depth of 30.48 cm (1 foot) to analyze the po-
tential contamination and alteration in soil properties
due to disposal practices. Furthermore, a total of 134
water samples, representing both surface water (5 sam-
ples), mine related water sources (6 samples) and
groundwater sources (123 samples), were collected across
various strategically selected locations to evaluate the
spatial distribution of potential pollutants and ascertain
their impact on local water quality. This comprehensive
sampling approach was designed to provide a robust
dataset for environmental impact assessment and to sup-
port subsequent data analysis on contamination levels
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and patterns. In the study, river (surface water) samples
were collected from various points along the river, espe-
cially near mining sites, using clean containers sub-
merged at different depths to ensure representative sam-
pling. Groundwater samples were taken from wells or
boreholes, using clean sampling devices to extract water
from different depths. These methods allowed for a com-
prehensive analysis of contamination levels and their
distribution in both surface and groundwater sources
across the study area.

The analysis of potentially toxic elements (PTEs), in-
cluding Pb, Zn, Cr, Fe and As, was conducted at the
Geosciences Advanced Research Laboratory in Islama-
bad, Pakistan, using inductively coupled plasma mass
spectrometry (ICP-MS; PerkinElmer ELAN 6100). To
prepare the soil samples for analysis, a multi-acid diges-
tion was performed using a combination of nitric acid
(HNO:s) and hydrochloric acid (HCI) in a closed-vessel
microwave-assisted digestion system. This method ef-
fectively extracts trace elements from complex soil ma-
trices, enabling the accurate detection of low-concentra-
tion PTEs. Rigorous quality control protocols were fol-
lowed to ensure analytical accuracy and reliability.
Certified reference materials (CRMs) were used to vali-
date the accuracy of results, while method blanks and
duplicate samples were included to assess precision. Ad-
ditionally, regular calibration of the ICP-MS instrument
and the use of control charts ensured consistent perfor-
mance throughout the analytical process. The analysis
procedure involved digesting 250 mg of calcinated pow-
dered samples with a standard multi-acid solution to
produce 25 cc of a 2M HCI solution with a 1:100 dilu-
tion for subsequent analysis using ICP-MS (HORIBA
Jobin-Yvon Activa). This approach enabled the identifi-
cation of PTEs contents within the same solution. The
method provided a relative uncertainty of approximately
5% for the most sensitive elements and about 10% for
others, with detection limits ranging from 5 to 20 ppb
(equivalent to 0.5-2 ppm based on the dilution factor).

Regarding water quality analysis, several physico-
chemical parameters were evaluated to characterize the
sample profiles, such as pH, electrical conductivity
(EC), total dissolved solids (TDS), calcium and magne-
sium concentrations, hardness and alkalinity. In-situ
measurements of pH, electrical conductivity (EC), total
dissolved solids (TDS) and temperature were conducted
using portable meters. pH was measured using a cali-
brated pH meter (model pH-08107 of HANNA) by im-
mersing the probe in each sample to ensure precise as-
sessment of hydrogen ion concentration, reflecting the
acidity or alkalinity of the water. The TDS were quanti-
fied with a TDS meter (model TDS Low of ECO Testr),
providing a measure of the ionic content, which is cru-
cial for assessing salinity and water purity. The EC was
determined with a conductivity meter (model CM-1k of
COND Meter), which measures the ability of water to
conduct electricity, an indicator directly related to the

total ionic strength and salinity levels. Calcium and
magnesium analysis was performed by complexometric
titration with EDTA (ethylene diamine tetra-acetic acid),
using specific indicators to ascertain the endpoint for
each ion separately, which allowed for accurate individ-
ual quantification. Total hardness as CaCOs was deter-
mined also by titrating the sample with EDTA and calcu-
lating based on the required titrant volume to reach the
endpoint, indicative of the water’s scaling potential and
its suitability for various uses. Sulphate concentrations
were determined using a turbidimetric method, where
barium chloride was added to form a barium sulfate pre-
cipitate and turbidity was measured spectrophotometri-
cally, providing insight into sulfate levels which can af-
fect taste and corrosiveness. Chlorides were analyzed
using argentometric titration, where silver nitrate was
added in the presence of potassium chromate as an indi-
cator; the endpoint was marked by a distinct colour
change. Total hardness (TH) was calculated by summing
the measured concentrations of calcium and magnesium,
giving a comprehensive measure of the water’s mineral
content. Total alkalinity (TA) was measured by titrating
with a standard acid to determine bicarbonate and car-
bonate content, offering an indication of the water’s
buffering capacity, crucial for understanding its resist-
ance to pH fluctuations. These standardized procedures
were rigorously applied to ensure consistency and relia-
bility in evaluating the quality and suitability of the wa-
ter samples for different applications.

The contamination levels in soil were assessed
through the following indices: the geo-accumulation in-
dex (Igeo), enrichment factor (EF), contamination factor
(Cf) and degree of contamination (CD), following estab-
lished methods (Buat-Menard and Chesselet, 1979;
Jeffery, 1981). For the background values of the differ-
ent element in earth surface, Truekian and Wedephol
(1961) method was used. The I was computed using
the equation L., = log, (C /1 .5B5, where C_is the meas-
ured concentration of a metal in soil, and B_is its back-
ground concentration, with 1.5 as a factor to account for
potential natural variability (Lokeshwari and Chan-
drappa, 2006; Fagbote and Olanipekun, 2010). The
values of [ less than 1 indicates unpolluted soil, values
between 1 to 5 indicates moderate to highly polluted soil
and values greater than 5 indicates very high polluted
soil (Nimick and Moore, 1991) (see Table 1). The EF
was determined as EF = (C /C ) (B /B, ), where C_.and
B_ represent concentrations of a reference element (of-
ten iron or aluminium) in soil and its background, re-
spectively, to assess anthropogenic influence (Lacéatusu,
1998; Atgn et al., 2000; Huu et al., 2010). The Cf was
calculated by the ratio Cf = C /B , indicating the level of
metal contamination relative to background levels
(Harikumar et al., 2009). A value of Cfless than 1 is a
low contamination factor while greater than 6 is a very
high contamination factor (see Table 2). Finally, the CD
was obtained by summing the Cf values for each metal,
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expressed as CD = )'Cfi, representing the cumulative
contamination level across multiple metals. These indi-
ces provide a multi-faceted approach to understanding
the extent and source of soil contamination.

Table 1. The seven classes of geo-accumulation index (Igeo)
by Nimick and Moore (1991)

The pollution load index (PLI) is calculated using the
formula: PLI = (CF1xCF2x:--xCFn)"" where CF repre-
sents the contamination factor for each element, and n is
the total number of elements (Tomlinson et al., 1996;
Yang et al., 2011). For this study, assuming the contam-
ination factor (CF) values are provided, the CFs for Fe,
Zn, Pb, Cr and As are multiplied together, and the fifth

Classes | I_ class | Value of soil quality root (r'1 = 5.) is taken. A ItLI value greater than 1 indica‘Fes
geo pollution in the area (Cérdoba-Tovar et al., 2023), with
! SR R the index reflecting pollution levels ranging from mod-
2 0-1 | Unpolluted to moderately polluted erate to very high. The potential ecological risk index
3 1-2 | Moderately polluted (PERI) for this study is calculated by summing the eco-
4 2-3 Moderately to highly polluted logical risk factors (Eri) for each potentially toxic ele-
5 3-4 | Highly polluted mﬁnt (%’T_E)thusting. the formui‘a: tPERId Z FZ("I;EXCFi),
. : where Tr is the toxic response factor an is the con-
j i_z séiﬂhylg }Tll}lfulzz(ljht;e\;lery highly polluted tamination factor for egc}ljl ele.merllt. The PERI highlights
the overall ecological risk, with significant contributions
from elements such as lead (Pb) and arsenic (As) due to
Table 2. Classification of contamination factor (Cf) their higher contamination factors.
by Muller (1969) Principal component analysis (PCA) was employed
Contamination | Description of contamination to reduce the dimensionality of contamination indices
Slows Factor factor and identify key contributors to variance in the dataset,
1 <1 Laoww following established protocols for environmental data
2 13 Moderate analysis (Jolliffe and Cadima, 2016). The principal
. component analysis (PCA) was performed on contami-
3 3-6 Con51de1.‘ab1e nati(f)n indices c%;rive(:d fro)m botll)l soil and water data,
= =0 e Ll specifically the geoaccumulation index (I, ), enrich-
Table 3. Original data on determined concentrations of potentially toxic elements in mg/kg in soil samples.
“BDL” indicates values below the detection limit
Sample Id Fe Cd Cr Zn Pb As
(mg/kg) (mg/kg) (mg/kg) (mg/kg) (mg/kg) (mg/kg)
K4 S.S 1526 BDL 2.793 0.622 2.024 90.9
L4S.S 2048 BDL 1.464 0.734 BDL 40.6
M4 S.S 2110 BDL 1.64 1.119 0.547 54.4
N5S.S 6990 BDL 2.426 2.497 BDL 137.3
N4 S.S 2256 BDL 0.723 1.266 0.553 272.7
05S.S 3072 BDL 1.148 1.32 0.732 255
P5S.S 1586.2 BDL 1.183 1.566 2.641 254
IS S.S 884.8 BDL 1.097 0.964 3.41 15.4
H4 S.S 4774 BDL 2.128 4.826 BDL 295
G6 S.S 1070.2 BDL 1.737 1.215 2.808 30.37
G6 S.Sb 1664.2 BDL 0.949 1.427 2.015 135
G8 S.S 1639.6 BDL 0.739 1.461 2.04 BDL
F8S.S 1474.4 BDL 0.886 1.543 0.864 75.7
F7S.Sa 1573.2 BDL 1.173 1.722 1.982 BDL
F9 S.Sa 1319.4 BDL 1.013 1.6 1.053 BDL
F10 S.Sa 1349 BDL 1.197 1.688 1.157 BDL
E11 S.S 1880 BDL 1.17 1.088 1.936 57.7
F16 S.Sa 2992 BDL 1.167 1.598 2.408 29.8
F17 S.Sa 1609.8 BDL 1.28 0.868 1.326 167
E18 S.S 1409.8 BDL 0.599 1.086 0.673 BDL
F13 S.S 2206 BDL BDL 1.133 2.822 BDL
LSS.S 1662.6 BDL BDL 0.98 2.044 202.4
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Figure 4. Results of the analyzed field data: (A) bar chart illustrating the L., values
and (B) bar chart illustrating the EF values for Pb, Zn, Cr, Fe and As based on
their concentration in soil samples

ment factor (EF) and contamination factor (Cf). These
indices were calculated for both soil and water samples
and subsequently used in the PCA to identify the pri-
mary contributors to variance in the dataset. The aim of
the analysis was to capture and interpret the relation-
ships between these indices across both environmental
media. First, all variables for soil data, including the Igeo,
EF and Cf, were standardized to a mean of zero and
standard deviation of one. For the water data, similar in-
dices were applied to assess water quality and contami-
nation levels. Both datasets were standardized prior to
PCA to ensure comparability, and the analysis was con-
ducted to offer a comprehensive overview of contamina-
tion across the two media. This standardization ensured
that variables with different scales contributed equally to
the analysis. A covariance matrix was calculated to as-
sess inter-variable relationships and reveal linear de-
pendencies. Eigenvalues and eigenvectors of this matrix
were then computed; eigenvalues indicate the amount of
variance each principal component (PC) captures, while
eigenvectors define the direction of each PC in relation
to the original variables. The PCs were ordered by ei-

genvalue magnitude, with those capturing the highest
variance retained for interpretation. This study selected
PCs explaining over 80% of the total variance. To inter-
pret PCA results, loadings derived from eigenvectors
were examined to identify high-loading variables, indi-
cating significant contributors to each PC. This was
complemented by plotting PCA scores to visualize clus-
tering patterns and contamination profiles. These steps
allowed identification of elements most influential in
contamination, guiding targeted remediation recommen-
dations based on key contributors to variance (Jolliffe
and Cadima, 2016). SPSS software was used for PCA
analysis. The procedure for carrying out PCA is given in
supplementary materials.

4. Results and Discussion

The results of the study indicate significant contami-
nation of soil and water in the mining-affected area. As-
sessment of soil using indices, the I, EF, Cf and CD,
confirmed widespread pollution attributed to mining ac-
tivities (see Figures 4A, 4B, 5A, 5B and Table 3). Based
on the Igco values (see Figure 4A), the highest pollution
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Figure 5. Results of the analyzed field data: (A) bar chart illustrating the Cf index values
and (B) bar chart illustrating the CD values for Pb, Zn, Cr, Fe and As based on
their cumulative contamination level in soil samples

is attributed to iron (Fe) with a value of 1.3, followed by
zinc (Zn), lead (Pb), chromium (Cr) and arsenic (As),
which has the lowest value at 0.3. This indicates a con-
tamination order of Fe > Zn > Pb > Cr > As, suggesting
moderate to strong pollution by Fe and low to moderate
levels for the remaining elements. Similarly, EF values
(see Figure 4B) show significant enrichment of Fe
(maximum EF = 21.6), while Pb, Cr, Zn and As exhibit
lower enrichment, with As recording the minimum EF of
0.4. These results also classify the area as moderately to
highly contaminated. The Cf values (see Figure SA) fur-
ther support this trend, with Fe presenting the highest
contamination factor of 6, followed by Zn, Pb, Cr and As
which again shows a minimum Cf of 0.4. CD values of
samples ranging between 8 and 11 (see Figure 5B) place
the area under the moderate contamination category.

Soil samples analysis reveals that concentrations of Fe,
Zn, Pb, Cr and As exceed acceptable limits according to
standard PTE indices i.e., I, and Cf (see Tables 1 and 2),
further confirming the impact of mining activities.

The PLI calculated for the study area is approximate-
ly 1.20, also indicating moderate contamination by

PTEs, as this value is slightly above the baseline (base-
line PLI = 1.0). The potential ecological risk index
(PERI), incorporating Cf values and toxic response fac-
tors, yields a value of 18. When compared to the value
range (PERI < 50) defined for low potential ecological
risk in standard ecological risk classification (e.g. Ha-
kanson, 1980), this calculated value of PERI indicates a
low ecological risk. Therefore, although the area is af-
fected by PTEs from mining, the overall threat to eco-
system health remains limited. Nevertheless, the pres-
ence of elevated PTEs underscores the need for mitiga-
tion and management strategies to prevent further
environmental degradation.

Principal Component Analysis (PCA) of the soil con-
tamination data shows that Principal Component 1 (PC1)
accounts for the majority of the variance, with high load-
ings from iron (Fe) and zinc (Zn), indicating that these
elements are the primary contributors to soil contamina-
tion in the study area (see Figure 6). Principal Compo-
nent 2 (PC2) explains additional variance, with signifi-
cant contributions from lead (Pb) and chromium (Cr),
suggesting their roles in soil pollution, though to a lesser
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Figure 6. Results of the PCA analysis

Table 4. Comparison of water quality parameters from the present study with WHO recommendations

WHO recommendations I{(elz:lisa;it:: lgzezgﬁ:;::s(;y

Parameters Maximam

Desirable level perissinISicyel Maximum Minimum Average
pH 7.5-8.5 9.2 8.7 3.1 7.4
TDS Up to 500 mg/1 1500 mg/1 6150 mg/1 117 mg/1 1312.8 mg/l
EC - 2500 ps/cm 10000 ps/cm 239 ps/cm 3539.7 pus/cm
Calcium Up to 75 mg/1 200 mg/1 1362.5 mg/1 16 mg/1 214.4 mg/l
Magnesium Up to 50 ppm 150 ppm 2690 ppm 1 ppm 451 ppm
Hardness as CaCO, Up to 100 mg/1 500 mg/1 1680 mg/1 8 mg/l 438.4 mg/l
Sulphates Up to 200 mg/1 400 mg/1 807.27 mg/1 33.9 mg/l 79.07 mg/1
Chlorides Up to 200 mg/1 600 mg/1 2117.2 mg/l 16 mg/1 132.0 mg/1
Total hardness Soft: <75 mg/l VI;IIia;(lilzaicsl:Ofg(())Omn%/gl/l 3625 mg/l 31.74 mg/1 666.2 mg/l
TA - 200 mg/1 2200 mg/1 40 mg/1 537 mg/1

extent. This analysis highlights Fe and Zn as the most
critical contaminants, which should be prioritized in re-
mediation efforts. The findings align with global studies,
such as those by Al-Soudany et al. (2024) and Jawjit et
al. (2024), which also examined soil contamination from
industrial activities and urban waste. The contamination

in the Surghar Range is notably higher in Fe and Zn
compared to regions like India and China, yet lower in
Pb and Cr, aligning with reports from less polluted min-
ing regions (Hakanson, 1980).

In terms of water quality, both laboratory and field-
tested parameters exhibit considerable variability. Labo-
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Table 5. Mean concentrations of PTEs in the soil based on present results and their comparison with the results of other’s
studies in the world

Mean Concentrations of PTEs in the soil (mg/kg)
Region Fe Cd Cr Zn Pb As
(mg/kg) | (mg/kg) | (mg/kg) | (mg/kg) | (mg/kg) | (mg/kg)
This Study (Pakistan) 2140.78 | BDL 1.32 1.46 1.73 117.79
Spain (Hudson-Edwards et al., 1999; Alvarez et al., 2003) 294 6.59 - 465.8 881.8 -
India (Prasad et al., 2014; Reza et al., 2015) 166.2 3.82 - 338.8 304.7 -
Iran (Pirsaheb et al., 2013; Ghaderpoori, 2018) 50 1.49 - 363.4 1002 -
China (Yuan et al., 2013; Duan and Tan, 2013) 198 11 - 1163 641.3 -
South Korea (Kim et al., 2001; Lee et al., 2005) 22.1 1.99 - 183.2 111.1 -
Vietnam (Thuy et al., 2000; Tra Ho and Egashira, 2000) 3.7 1.35 - 41.09 30635 -
PEC (Caeiro et al., 2005) - 4.98 - 459 128 -
TEC (MacDonald et al., 2000) - 0.99 - 121 35.8
N
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Figure 7. Depicting TDS from the collected field data: 3D surface plot (left) and 2D heatmap (right) representations
of TDS results
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Figure 8. Depicting pH from the collected field data: 3D surface plot (left) and 2D heatmap (right) representations
of pH results

ratory results show chloride concentrations ranging from
16 to 2117.22 mg/l (average 132 mg/l), total hardness
(TH) from 31.74 to 3625 mg/l (average 666.2 mg/l), and
total alkalinity (TA) from 40 to 2200 mg/1 (average 537
mg/1). Calcium hardness ranges from 8 to 1680 mg/1 (av-

erage 438.4 mg/l) and magnesium hardness from 0 to
2262.5 mg/l (average 443.95 mg/1), with calcium ions av-
eraging 14.63 mg/l and magnesium ions averaging 106.55
mg/l. Carbonate concentrations range from 0 to 520 mg/1
(average 104 mg/l) and bicarbonate concentrations from 0
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Figure 9. Depicting EC from the collected field data: 3D surface plot (left) and 2D heatmap (right) representations
of EC results
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Figure 10. 3D surface plot (left) and 2D heatmap (right) representations of chloride concentrations
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Figure 11. 3D surface plot (left) and 2D heatmap (right) representation of sulphate concentrations
for collected samples

to 1680 mg/l (average 417.72 mg/l). Sulfate levels vary
from 33.9 to 807.27 mg/1 (average 79.07 mg/1), while hy-
droxide ions are absent. Field data show total dissolved
solids (TDS) ranging from 117 to 6150 mg/l (average
1312.8 mg/l), electrical conductivity (EC) from 239 to

10,000 pS/cm (average 3539.7 pS/cm), and pH from 3.1
to 8.7 (average 7.4), indicating generally neutral to slight-
ly alkaline conditions. These results demonstrate consid-
erable heterogeneity in water quality across the sampling
locations (see Table 4). The deterioration of water quality,
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marked by variations in parameters like TDS and pH, mir-
rors trends observed in other mining regions globally, in-
cluding Spain and the United States (McLemore, 2017).
Furthermore, the absence of cadmium (Cd) contamina-
tion of water contrasts with higher levels reported in other
industrial areas (Zhang et al., 2011).

A comparison of the mean concentrations of PTEs in
the soil of present study with the reported results world-
wide is shown in Table 5. The significantly higher iron
(Fe) levels in this study, compared to other regions
shown, suggest either natural geochemical enrichment or
anthropogenic contributions, warranting further investi-
gation into local geological and industrial activities. Cad-
mium (Cd) being below detection limits highlights the
absence of significant industrial or agricultural contami-
nation, unlike the higher levels reported in Spain, China,
PEC and India. The low concentrations of chromium
(Cr), zinc (Zn) and lead (Pb) indicate minimal contami-
nation relative to countries like Iran, India, China and
Spain. However, the elevated arsenic (As) levels are con-
cerning and could be linked to natural geochemical pro-
cesses, such as arsenic-bearing minerals in the study ar-
ea’s lithology or localized human activities like mining
or the use of arsenic-containing pesticides. These results
suggest that mining activities have significantly elevated
the levels of PTEs in the soil near the mining areas com-
pared to the plains. Previous studies by Al-Soudany et
al. (2024), Jawjit et al. (2024) and Saeed et al. (2024)
have focused on enhancing expansive soils with water
treatment sludge ash (WTSA), assessing urban hazard-
ous waste risks, and stabilizing cadmium-contaminated
soil using silica-rich alkaline activators. These studies
highlight innovative waste reuse approaches for environ-
mental protection and soil improvement.

Mining activities not only impact soil quality but also
degrade water quality, as evidenced by the analysis of
134 water samples from the study area. Parameters such
as TDS, EC, pH and temperature were measured on-site
(see Table 4).

Comparison with WHO recommendations showed
that water quality often exceeds permissible limits, with
high levels of hardness (an average of about 666 mg/l),
alkalinity, calcium and magnesium (WHOQO, 2020) (see
Table 4). The water quality classification based on TDS
3D map indicates that the study area can be divided into
different zones depending on fresh, slightly saline, mod-
erately saline, very saline and brine water. The area near
the Indus River has freshwater quality while as we move
westward toward the Surghar Range, the TDS value in-
creases and water quality changes from slightly saline to
brine water. The southern part of the area which is tehsil
Isa Khel of the Mianwali District also has very saline to
brine water quality (see Figure 7, Table 4). The water
quality classification based on pH 3D map shows that
most areas had pH levels within WHO limits, but areas
near mining activities exhibited acidic water due to high
sulfur content associated with coal mining (see Figure

8, Table 4). The water quality classification based on EC
3D map indicates that values were high in areas with
extensive mining activities and in the southern part of
the study area, indicating poor water quality due to high
dissolved ion content (see Figure 9, Table 4). In addi-
tion to these, high concentrations of chlorides and sul-
phates in water are also determined in the study area (see
Figures 10 & 11, Table 4).

5. Conclusions

1. Analysis of soil samples revealed elevated levels of
PTEs, including Pb, Zn, Cr, Fe and As surpassing
acceptable limits in the order of iron (Fe) > zinc
(Zn) > lead (Pb) > chromium (Cr) > arsenic (As).

2. The pollution load index (PLI) was calculated us-
ing the contamination factors (CFs) of Fe, Zn, Pb,
Cr and As to assess the pollution level in the study
area. A PLI value of 1.20 suggests moderate con-
tamination by PTEs, implying that the region is
slightly contaminated and therefore there is a need
for environmental remediation.

3. The potential ecological risk index (PERI) was
also determined set to assess the ecological threat
these PTEs present. A PERI value of 18 indicates a
minimal environmental risk; thus, contamination
by PTEs is not expected to cause major ecological
harm.

4. Principal component analysis (PCA) identified
key sources of contamination, with the first princi-
pal component (PC1) showing that Fe and Zn are
the primary contributors to soil pollution of the
study area, while PC2 highlighted the roles of Pb
and Cr, but to a lesser degree. This analysis under-
scores the importance of Fe and Zn as the most
critical contaminants, informing the direction of
remediation efforts.

5. Comparison of water quality results with WHO
recommendations showed that the observed water
quality parameters often exceed permissible lim-
its, with high levels of hardness, alkalinity, TDS,
calcium and magnesium concentrations. Similarly,
regional comparison of mean concentration of
PTEs of present study indicates elevated levels
compared to other regions.

6. Three-dimensional models constructed based on
total dissolved solids (TDS), pH, electrical con-
ductivity (EC), chlorides and sulphates concentra-
tions of water samples are a reliable way to demar-
cate the hazardous areas efficiently. The results
show that areas near the extreme western side of
study area where various mining activities occur,
have higher levels of PTEs compared to the plains
farther from these areas.

In summary, the present study highlights the signifi-

cant environmental impact of anthropogenic activities,
including mining operations, industrial discharges and
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urbanization emerging as key contributors to the con-
tamination of soil and water by potentially toxic ele-
ments (PTEs), particularly Fe, Zn and Pb. These ele-
ments were identified as the primary pollutants of con-
cern, while Cr and As also warrant proactive monitoring
and management. Elevated concentrations of PTEs were
consistently observed in proximity to mining sites, high-
lighting the localized yet intense influence of such ac-
tivities. Furthermore, acid mine drainage (AMD) exac-
erbates the situation by degrading environmental quality
and increasing the mobility and bioavailability of PTEs,
thereby posing further risks to ecosystem and human
health.
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SAZETAK

Procjena opasnosti od rudarskih aktivnosti u podru¢ju Surghar, Punjab, Pakistan

Ova studija istrazuje utjecaj eksploatacije ugljena na okolis na lokaciji Surghar Range, Punjab, Pakistan, s naglaskom na
oneli$cenje tla i podzemne vode potencijalno toksi¢nim elementima (PTE). Kako bi se procijenio opseg i definirali izvori
oneciscenja, prikupljena su i analizirana 22 uzorka tla i 134 uzorka vode koristenjem standardnih fizi¢ko-kemijskih i
geokemijskih metoda. Ova studija identificirala je Zeljezo (Fe), cink (Zn) i olovo (Pb) kao primarne PTE-e koji su poslje-
dica antropogenoga utjecaja, dok se krom (Cr) i arsen (As) takoder pojavljuju u povi§enim koncentracijama na odrede-
nim lokacijama. Prema iznosima koncentracija u tlu utvrden je redoslijed PTE-a: Fe > Zn > Pb > Cr > As. Indeksi one-
¢idéenja otkrili su umjerene do visoke razine onedisc¢enja, s indeksom optereéenja onecigéenjem (PLI) od 1,20, §to upucuje
na ukupno umjereno onecisc¢enje. lako je indeks potencijalnoga ekologkog rizika (PERI) bio relativno nizak, odnosno 18,
koncentracije odredenih PTE-a premasile su medunarodno definirane grani¢ne vrijednosti upucuju¢i na potrebu sana-
cije okolia. Analiza glavnih komponenti (PCA) identificirala je Fe i Zn kao dominantne uzro¢nike oneéic¢enja. Analiza
podzemne vode pokazala je prostornu promjenu kvalitete vode: uzorci u blizini rijeke Ind bili su kvalitete slatke vode,
dok su se razine saliniteta povecavale prema zapadu, prema zoni eksploatacije, tako da je u Tehsil Isa Khelu utvrden
salinitet koji odgovara salinitetu slane vode. Voda u blizini rudarskih podru¢ja pokazala je nizi pH i vi$u elektri¢nu vod-
ljivost (EC), $to upucuje na kisele rudni¢ke vode, odnosno utjecaj ugljena bogatoga sumporom. Komparativna analiza s
globalnim rudarskim regijama otkrila je kako su prosje¢ne koncentracije PTE-a u Surghar Rangeu znatno vise, $to nagla-
$ava potrebu za provedbom odrzivih rudarskih praksi i ciljanim strategijama upravljanja okolisem kako bi se zastitili tlo
i vodni resursi.

Kljuéne rijecdi:
eksploatacija ugljena, opasnosti za okolis, potencijalno toksi¢ni elementi (PTE), kvaliteta vode, onecisc¢enje tla
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Abstract

Geostatistics is used for estimating grade content in an ore deposit, thus enhancing the 3 Dimensional (3D) geological
model precision, lowering the geological risk and boosting the performances of the mining industry. Despite the advan-
tages, for decades the commercial application of the geostatistical tools has been mainly restricted to large metal mines.
Except for a few notable cases, the majority of small-scale operations (quarries and industrial minerals) had hardly
adopted geostatistical methods, due to the perceived complications compared to the advantages. Nowadays, things are
changing, thanks to: the reduction of artisanal mining, the spread of informatization in all sectors, the necessity to im-
prove the quarrying efficiency, the path towards sustainable mining and the challenges to obtain the social license to
operate. This paper presents the recent digitalization and modelling work conducted at the “Monte Tondo” gypsum
quarry (Italy), located in Northern Italy, besides the UNESCO natural heritage site named “karst and evaporite caves of
the northern Apennines®. The geostatistical techniques were used to estimate the concentration block model using blast-
holes while a 3D geological model was realised using historical boreholes. Combining two models could help for a better
understanding and interpreting of the extracted gypsum and could make an important improvement to detect the future

areas of interventions, subjected to strict authorization rules by the local environmental authority.

Keywords:

gypsum quarry, ordinary kriging, geological model, geostatistical block model

1. Introduction

The extraction of gypsum mineral (CaSO,-2H,0)
from the Bologna and Romagna Apennines dates centu-
ries (Fabbri et al., 2021). Its use as a construction mate-
rial can be appreciated in the basements of many histori-
cal buildings of the area, among which the iconical “rwo
towers”: Asinelli and Garisenda, the Bologna city sym-
bol (Pesci et al., 2011; Carpinteri et al., 2016; Dallav-
alle et al., 2022). The specific gypsum type of the area is
selenite, with the peculiarity of depositing in layers, and
with transparent translucent crystals. The term “selenite”
dates back centuries, and it refers to the ancient Greek
name of the moon, for its property to reflect moonlight
(Del Monte, 2005). Some recent studies proved the re-
sistance of selenite to urban air quality deterioration, with
respect to other natural stones (Del Monte et al., 2001).

The use of gypsum at the industrial level in the area
dates back to the 1950s: the opening of the “Monte Ton-

* Corresponding author: Francesco Tinti

e-mail address: francesco.tinti@unibo.it
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do” quarry between the municipalities of Riolo Terme
and Casola Valsenio began in 1958 by ANIC S.p.A., a
state company based in Ravenna. The first industrial use
of gypsum was dedicated to the production of ammoni-
um sulphate, used in agriculture as fertilizer. Later in the
1970s, a second use as an additive for cement production
was found, too. This new application became predomi-
nant in the 1980s. Meanwhile, a factory dedicated to the
production of premixed plasters, owned by VIC Italiana
S.p.A., was realized nearby and notable amounts of the
gypsum from the Monte Tondo quarry were sent to the
plant. The use of gypsum in the building sector grew
rapidly in the 1990s, and the factory, which changed the
ownership and passed to the English group BPB, started
to produce plasterboards. In 2005, the plant and the
quarry were both acquired by the French Group Saint-
Gobain. From that moment onwards, all the gypsum ex-
tracted from the “Monte Tondo” quarry has been pro-
cessed internally by Saint-Gobain in the nearby plant, for
a variety of building applications: plasterboards, plasters,
tiles, sealants, adhesives. All these final products are
sold with the commercial brand Gyproc®. The attention
on environment and sustainability has posed new chal-
lenges to the gypsum valorisation process, and so the life
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cycle assessment has become a standard in the sector
(Pedreno-Rojas et al., 2020; Weimann et al., 2021;
Morsali et al., 2024).

With such premises, Saint-Gobain Italia nowadays
has the possibility and duty to control all the purity re-
quirements of the raw material, on both the extraction
and processing sides. Currently, the excavation method
is drill-and-blast, applied over several benches compos-
ing the mid-mountain quarry (Casertano et al., 2024).
In order to be selected for the plant, the gypsum concen-
tration must be comprised of between 83% and 87%
blasted rock. Excavated materials with lower and higher
concentration values are stocked in low-grade and high-
grade stockpiles, for subsequent mixing. The aim is to
provide enough feed for the processing plant at a stable
concentration (Merli, 2024).

In this context, it is evident how the interest shifted
from merely separating the gypsum from clay levels
(which was the common practice) to instead estimating,
with the highest degree of accuracy possible, the gyp-
sum concentrations in the different quarry benches and
authorized areas for extraction, in order to better control
the feed of the plant.

This paper presents the work performed to respond to
this need. All the historical borehole data and the recent
blasthole data were collected, and the relevant informa-
tion was extracted and digitalized. The topographic sur-
veys and the authorization limits were integrated to de-
fine the intervention area and to create proper bounda-
ries at the stage of 3D modelling. The geostatistical tools
of variogram and kriging were then employed to esti-
mate the concentration variabilities within the mining
area, together with their accuracy and precision of the
estimation, defined by the estimation variance (Mather-
on, 1971). Such geostatistical tools are commonly ap-
plied by the mining industry to natural deposits, but can
also support the characterization of stockpiles of exca-
vated raw materials (Kasmaee et al., 2018; Kasmaee et
al., 2019).

The methods, even though traditionally applied to
large metal mines, have been started to be tested on
quarries, for improving the production efficiency (Oz-
demir et al., 2018; Busuyi Afeni et al., 2021; Joshi et
al., 2022). Moreover, geostatistics can be also applied in
other fields, such as to estimate rock properties (Pakda-
man & Moosavi, 2023), to map pollutants (Salvi et al.,
2023) or to predict natural phenomena (Kasmaee &
Tinti, 2018). By applying such geostatistical knowl-
edge, the geological 3D model of the gypsum deposit
was then realised using the historical boreholes; it was
later combined with the concentration block model, ob-
tained by the information from the blastholes. Geologi-
cal interpretations and grade variability analyses were
subsequentely performed. The final result was the vari-
ability assessment of the gypsum concentration in the
authorized area, for a better and more efficient planning
of the excavations in the upcoming years.

2. Methods

The local geological and geomorphological setting
are characterised by over 350 m thick evaporite sequence
cut by the Senio stream. The original sedimentary se-
quence is strongly fractured and has undergone stacking
as a consequence of ancient submarine landslides. The
geological formation is made of 16 gypsum layers sepa-
rated by clayey interlayers and deposited during the
Messinian salinity crisis, around 6 millions year ago
(Lugli et al., 2008). The quarry has a typical geometry
of halfway benches and extends from 220 m a.s.l. (base
square) to approximately 340 m on the N-E side, inter-
cepting some of the gypsum layers, among which four

Figure 1. Eastern view of the quarry, with evidenced
the four gypsum layers currently under excavation
(Marabini & Poli, 2021)

Figure 2. Satellite image of the quarry (Google Earth - Date:
November 2024), encircled by the authorization limits
for extraction activities

are currently under excavation by drill-and-blast tech-
niques (see Figure 1). The quarry is composed of fifteen
benches of variable height, from 10 to 15 m, and one
bench of 20 m height, located at the base square. It is
worth noticing that below the base square an abandoned
tunnel system is present, heritage of the previous under-
ground mining methods, where bat colonies of various
types have settled during the years (Clavel, 2024). It
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confirms that plants and animal species may thrive in
post-mining habitats (Salgueiro et al., 2020). Moreover,
besides and below the quarry, some karst cavities of nat-
ural importance exist all around the authorized area, for
a total length of 6 km, among which the most famous
and important is the “Re Tiberio” cave (Sevil-Aguareles
et al., 2025). Furthermore, the presence of gypsum in the
area favors the natural creation of around sixty sulphur
springs, a geological phenomenon occurring in other
similar contexts (Vlahovic & Skopljak, 2019). Re-
nowned baths, located a few kilometres down from the
“Monte Tondo” extraction site, have been exploiting
such waters since 1877. Finally, the quarry is located be-
side the UNESCO natural heritage site named “karst
and evaporite caves of the northern Apennines®. Due to
the above-mentioned conditions, the mining activity is
strongly conditioned by environmental and nature pres-
ervation constraints; therefore, the ongoing exploitation
activity, and its expansion, must be managed with ex-
treme caution (see Figure 2).

2.1. Data collection

Various boreholes were drilled throughout the years
(1967, 1986, 1994, 1996, 2004) for different purposes,
mainly to identify the geological layers and the presence

LT RIS e R TR PSR
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Figure 3. Extract of a borehole sheet from 1994

;v 0 75 150

225 300 m
]

Figure 4. Localization of the boreholes in the quarry
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Figure 5. Sample of results of lab analysis for one blasthole

of groundwater. The boreholes of 1967 and 1994 refer to
the area of investigation and included the measurement of
gypsum concentration; for such reasons, they were used
for the present work. Each borehole reported a log with
gypsum concentration in the various layers (see Figure 3).
Lithological data (geological zones) were available
within the borehole sheet which were extracted as an input
for geological modelling. Based on the input data, four
main lithological units were detected: clay, gypsum with
small crystals, gypsum with large crystals and sandstone.

Table 1. General data of the boreholes drilled in the area for sampling, with average gypsum concentration

N° Year Altitude Depth Longitude Latitude Average gypsum concentration
(m) (m) (WGS84-UTM32) | (WGS84-UTM32) (%)

XI 1994 346 238 713300.502 4903370.808 88.68

XII 1994 383 219 713329.892 4903191.668 83.59

X1 1994 315 220 713295.602 4903495.598 86.33

VI 1967 380 180 713234.252 4903289.028 90.56

VII 1967 355 188 713319.112 4903337.978 90.98

VIII 1967 335 192 713081.902 4903555.088 90.90

X 1967 340 193 713204.582 4903466.678 91.57

X 1967 355 194 713172.532 4903372.728 89.55
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Table 2. A sample of 10 records of recent blasts in the area with average gypsum concentration taken from blastholes

Be.anch N° of Borehole Bench Lonsit Latit Average gypsum
A I e boreholes s angle (WGSoSf-Ulfl“ilf/BZ) (WGSBEUTM?) oy
I | 140423 | 300 7 16 53 713271.10 4903159.75 94.80
2| 050523 | 300 1 16 50 713288.64 4903197 44 93.04
3| 010623 | 290 12 3 43 71325733 490317351 94.08
4 | 090923 | 240 19 | 7<H<24| 97 713212.14 4903287.62 93.85
5| 2300623 | 280 14 14 92 713282.57 4903332.40 92.44
6 | 3000623 | 250 1 16 20 713198.09 4903252.83 9112
7| 1200723 | 325 5 5 146 713343.70 4903419.34 85.87
8 | 2100723 | 240 1 16 9 713216.24 490332531 90.23
9 | 2800723 | 240 13 |9<H<26| 105 713218.70 4903302.04 94.30
10 | 040823 | 280 8 2 52 713257.17 490319629 90.42

;v 0 75 150 225

300 m
]

=S

Figure 6. Localization of the blastholes (years 2021-2023)
in the quarry
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]
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Figure 7. Localization of both blastholes and boreholes used
for the analysis

Statistical mean was performed to calculate the aver-
age gypsum concentration. The boreholes data (altitude,
depth, coordinates and calculated average gypsum con-
centration) are reported in Table 1.

The localization of the boreholes in the quarry is dis-
played in Figure 4.

Added to this, starting in 2021, the average concentra-
tion of gypsum has been measured on site for each blast-
hole. During each drilling, a bag of extracted material
has been filled directly through the machine. Each bag
has then been brought to the quality lab for proper analy-
ses of the properties of interest (see Figure 5).

A sample of the data for the period 2021-2023 is re-
ported in Table 2.

The localization of all blastholes in the years 2021-
2023 in the quarry is displayed in Figure 6.

All the information used for the present work were
then obtained by combining blastholes and boreholes
(see Figure 7).

2.2. Data analysis

As the first step, fundamental for geostatistical analy-
sis, the input data were statistically studied. The statis-
tics parameters of the blastholes are reported in Table 3.

Focusing on gypsum concentration, the percentile
analysis is reported in Table 4.

The frequency analysis is reported for gypsum con-
centration and blastholes length in Figure 8.

As Figure 8 shows, the most representative class of
blastholes length is the 16 m class, followed by the 12 m
class, and, detached, the 24 m class. The blastholes were
therefore divided into three groups, depending on the

Table 3. Statistics of gypsum concentration and length for all the analysed blastholes

Statistics N° of measurements Min Max Average | Variance | Standard deviation
Gypsum concentration (%) 724 71.77 97.47 90.50 16.24 4.03
Length (m) 687 5.00 26.00 15.03 8.23 2.87
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Figure 8. Frequency distribution of gypsum concentration in blastholes (left) and their length (right)
Table 4. Percentile analysis of gypsum concentration in the blastholes
Percentile P5 P10 P25 P50 P75 P90 P95
Gypsum concentration (%) 82.74 84.52 88.25 91.58 93.51 94.94 95.56
Table 5. Statistics of blastholes divided by classes of length
Gypsum concentration (%)
Classes of length | N° of measurements | Tolerance Range = =
Min Max Average Variance
L=12m 212 2m 10-14 m 78.69 97.47 89.17 20.49
L=16m 431 2m 14-18 m 71.77 96.70 91.01 13.68
L=24m 27 2m 22-26 m 87.39 97.23 92.84 6.54

Table 6. Absolute and relative frequency of the gypsum
concentration for the class L=12 m

Table 7. Absolute and relative frequency of gypsum
concentration for the class L=16 m

Class of length L=12 m Class of length L=16 m

G).fpsum concentration Frequency Relative G).fpsum concentration Frequency Relative
(bins %) frequency (bins %) frequency
<70 0 0.00 <70 0 0.00
70-75 0 0.00 70-75 3 0.70
75-80 8 3.77 75-80 5 1.16
80-85 53 25.00 80-85 34 7.89
85-90 60 28.30 85-90 126 29.23
90-95 88 41.51 90-95 258 59.86
95-100 3 1.42 95-100 5 1.16

predominant lengths of the holes: 12 m, 16 m and 24 m.
The statistics relating to these groups are reported in the

Table 8. Absolute and relative frequency of gypsum
concentration for the class L=24 m

following tables: Table 5, Table 6, Table 7 and Table 8. Class of length L=24 m

As shown in Table 5, therf: are oply 27 samples with Gypsum concentration . Relative
24 m length, which can be divided into two 12 m sam- | (bins %) Legency frequency
ples and include them in the 12 m class. Therefore, two <70 0 0.00
c:ass;sla(;f 1i2 m and 16 m were considered for the next 70-75 0 0.00
Slep anatysts. 75-80 0 0.00
2.3. Geological modelling 80-85 0 0.00

. . . . 85-90 5 18.52

3D geological modelling was constructed using litho- 90.95 T 66.67
logical zones, extracted from borehole data in Rock- - :
Works® (Rockware, 2024) software. The RockWorks® 95-100 4 14.81
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Figure 9. 3D geological representation (left) and vertical cross-section passing through all boreholes (right)
showing the geological model of the gypsum quarry

software was selected being a widespread and robust
tool for such types of analyses. The simple method of
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Figure 10. Grades of cylindrical support representing the
blasthole groups in the quarry area. The coordinate reference
system is local.

inverse distance weighting — IWD (power 2) was used
for the geological modelling since the lithology was
quite homogenous (see Figure 9). The neighbourhood
parameters for performing IWD were selected equally to
the parameters used for the geostatistical analysis (see
Section 2.4).

The 3D geological model included the four main geo-
logical zones as:

 Sandstone;

* Clay;

* Gypsum with small crystals;

* Gypsum with large crystals.

A unique grid with 5x5x5 m?*dimension was used for
both geological modelling and gypsum concentration
model. Constructing the geological model is an impor-
tant step which can help interpreting the concentration

Table g. Statistics over the cylindrical support

Statistics over cylindrical support Min Max Mean | Variance Standard deviation
Grade (%) 80.49 94.87 90.40 9.75 3.12
Thickness (m) 5.00 24.00 14.95 7.94 2.82
. |
30 M=90.45 | 50 M=14.81 ||
| 0% =9.277 0% =5.370
20 40
G G
10 20
o I | e
0 s % o ; 10 15 2 2
grade [%] Thickness [m]

Figure 11. Histogram of the sixty-three-gypsum grade and thickness data
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Figure 12. Experimental variogram, model and number of pairs over the two set of data, those with thickness 12 m (left)
and those with thickness 16 m (right).

block modelling and variation of gypsum concentration
based on geological zones’ variation.

2.4. Geostatistical analysis

To use the blastholes, at the center of each blast, two

parameters were assigned:

+ the average gypsum concentration, which is repre-
sentative of the blastholes grade;

* the support (thickness), calculated as the average
length of the blastholes, in case they differ from
each other; regularization was used to put all blasts
as the length of 16 m. The 16-m length was selected
based on statistical analysis shown in Figure 8 and
from Table 5 to Table 8, and since the highest fre-
quency of data was 16 m. Therefore, few data have
been changed (smoothed) by regularization.

In this way, gypsum blast data, each one with cylindri-

cal support, were obtained for the quarry (see Figure 10).

The statistics over the cylindrical support are reported

in Table 9 and Figure 11.

Variographic analysis was performed over the data.
The samples were divided in two groups, those of length

Table 10. Type and parameters of the variogram models

selected
Data with Data with
thickness 12 m thickness 16 m
Model type Spherical Spherical
Nugget 2.1 1.3
Sill 7.34 2.96
Range 65 85

Table 11. Detail of the grid used in the block model

X Y Z
Number of nodes 90 120 100
Grid dimension Sm 5m Sm
Grid origin 13080 m | 3260 m 100 m

12 m and those of length of 16 m. The corresponding
variograms were calculated (see Figure 12).

Due to the data behaviour, number of pairs and field
dimension, the same spherical model was chosen to ap-
proximate both spatial structures, but using different pa-

Figure 13. Block model
for the gypsum quarry
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B of the estimation of gypsum
: concentration

rameters. The specific parameters used are reported in
Table 10.

The 16-m variogram corresponds to the spatial struc-
ture of the data mode (see Figure 12). Therefore, the
corresponding model was chosen for further analysis.

The volumes chosen for the geostatistical analysis
were the ones delimited by the Digital Elevation Model

(DEM) of the quarry for the years 2022 (DEM2022) and
2023 (DEM2023), and also the final quarry morphology
(DEM-final-design). The topography of the quarry is
yearly updated, since the company must report every
year the excavated volumes to the regional geological
and environmental authority.
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Ordinary Kriging was performed, using the software
ISATIS.NEO® (Geovariances, 2024), to reconstruct the
gypsum estimation in two following quarry fields:

1. The volume comprised between the DEM?2022

and the DEM2023, of which the gypsum grade is
known. This was used as reference to validate the
correctness of the variogram model and the esti-
mation procedure adopted.
The volume comprised between the DEM2023
and DEM-final-design, in order to obtain the final
estimation of gypsum concentration in the remain-
ing area to be exploited.

The block model used for the estimation of gypsum
concentration has dimension 5x5x5 m?®. The details are
reported in Table 11, while Figure 13 shows its asso-
nometry.

3. Results

After proper cutting, the block model for the two
quarry limits (DEM-2023 and DEM-final-design) are
presented in Figure 14 and Figure 15. The cut between
the two is the final block model where performing the
estimation.

The estimation of gypsum concentration, together
with the associated estimation variance, for the cut block
model DEM-final-design — DEM-2023 are reported in
Figure 16 and Figure 17.

4. Discussion

Geostatistical 3D modelling is not a common step in
small-scale quarries in Italy. Nowadays, based on the
trend towards digitalization and the sensitive environ-
mental monitoring, this work was a good opportunity to
transform old data and maps into digital versions, which
is helpful not only for reporting and social acceptance
strategies, but also for re-evaluating the concentration
variability in a more precise way. Therefore, the Monte
Tondo gypsum quarry is at the forefront in such a con-
text. Within this work, all old data and maps were digi-
talized and re-evaluated to create a 3D model. There
were many challenges to create such 3D models, since

most of quarry process did not consider important points
for estimation, such as support of sampling, spread bore-
hole grid, etc.

The estimation map of the quarry (see Figure 16)
shows a major gypsum concentration in the South West
benches, which is coherent with the four gypsum layers
represented in Figure 1. On the other hand, less concen-
tration values of gypsum are predicted on the North East
benches, where large volume of clay at levels 290-310 m
have been effectively found. Such a presence of clay is
coherent with the geological model of Figure 9, where
clay was defined at the top layers of the model. The esti-
mation variance map presented a low value in the middle
of the block model, while higher values can be found at
the model borders. It highlights a decrease of precision
of the estimation from the centre to the borders.

By comparing the model of the estimation variance
(see Figure 17) with the 3D view of samples (see Figure
10), it is clear the precision is greater near the samples
and where information is available, i.e. mainly where the
blasts were carried out between 2021 and 2023. The
high density of the data has made it possible to recon-
struct a reliable representation of the gypsum content in
the exploitation areas of the quarries.

Concerning the volume still to be excavated (corre-
sponding to 372,100 m* comprised between DEM-final-
design and DEM-2023), based on the carried out estima-
tion, it is expected to get an average gypsum concentra-
tion around 87.2%, with an average estimation standard
deviation around 0.7%. Such results indicate high theo-
retical precision of estimation. The gypsum concentra-
tion, in average, is at the upper border of the correct
range for feeding the processing plant. The highest val-
ues are expected in the southern area of the quarry and at
greater depths, while the lowest values can be found in
the northern area and at higher elevations. This means
that almost all gypsum benches can be proficiently ex-
ploited, in order to realize a correct and stable concentra-
tion mix to the processing plant. The result is highly ben-
eficial, since it provides evidence to the regional author-
ity of the potential and the goodness of the quarrying
activity, with minimum stock of mining residues in the
environment. The details of gypsum concentration fore-
cast for the different benches are reported in Table 12.
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Table 12. Average values of the estimation, for each quarry bench

Bench Elevation H Height Estimated gypsum concentration Estimation standard deviation
n. (m) (m) (%0) (%)
1 220<H<240 20 91.17 0.56
2 240<H<250 10 90.60 0.53
3 250<H<265 15 90.38 0.62
4 265<H<280 15 88.59 0.68
5 280<H<290 10 84.53 0.74
6 290<H<300 10 81.11 0.81
7 300<H<310 10 78.75 1.05

The comparison between the geological model and
the concentration block model was helpful to interpret
the variation of gypsum concentration in the different
zones and benches of the quarry. The low concentration
zones of gypsum (evidenced by the estimated block
model) are linked to the clay zones (represented in the
geological model). This comparison confirms the varia-
bility of gypsum concentration, which is consistent with
the geological changes.

Thanks to the estimated block model, the company
has the possibility to further develop the production
schedule of the quarry, and to subsquentely optimize the
excavation and crushing process, in order to get the cor-
rect and stable gypsum concentrations, with minimum
loss of raw materials. Such activities are an international
mining standard, and it is worthy and promising they
start to be applied in quarry operations, too.

5. Conclusions

Digitalization is a fundamental stage for all mines and
quarries in Europe and one of the strategical steps that
can help even small-scale quarries to have a better un-
derstanding of their geology and concentration models.
This is possible by inserting all historical data (bore-
holes) and active data (blastholes) in consistent soft-
wares, in order to create robust geological and concen-
tration models. The quarry operations in the “Monte
Tondo” case study benefited from digitalization and geo-
statistical modelling to construct both geological and
gypsum concentration models. The realization of a de-
tailed 3D model representing the estimation of the gyp-
sum content in the target exploitation area allowed for
the improvement of the quarry management. This model
is obtained by blastholes, while boreholes contributed to
creating the geological setting, which helped in inter-
preting the lithological changes. Specifically, clearly dis-
tinguishing the low concentration areas from the high
ones allowed for the efficient management of the raw
materials mix, as to keep the inlet of the processing plant
always inside the admissible concentration range.

Moreover, the 3D visualization allowed for better
monitoring of the progress of the excavation, how the

morphology of the quarry evolved over time and then to
tackle, sufficiently in advance, any type of geological
situation different from what was originally expected.
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SAZETAK

Kombiniranje 3D geoloskoga i geostatistickoga modeliranja koncentracije gipsa
uz koristenje informacija iz starih istraznih busotina i minskih busotina

Geostatistika se koristi za procjenu sadrzaja rude u leZistu, ¢ime se poboljsava preciznost 3D geoloskoga modela, sma-
njuje geoloski rizik i poboljsava izvedba rudarskih radova. Unato¢ prednostima desetlje¢ima je komercijalna primjena
geostatistickih alata uglavnom bila usmjerena na velike rudnike metala. Osim nekoliko iznimnih slu¢ajeva ve¢ina malih
rudarskih kopova (kamenolomi i kopovi industrijskih minerala) gotovo da nije primjenjivala geostatisti¢ke metode zbog
uocenih vec¢ih komplikacija u odnosu na prednosti. Danas su stvari drugacije zahvaljujuci smanjenju zanatskoga rudar-
stva, Sirenju informatizacije u svim sektorima, potrebi za poboljsanjem ucinkovitosti vadenja kamena, putu prema odr-
zivome rudarstvu i izazovima u dobivanju drustvene dozvole za rad. Ovaj rad predstavlja nedavni rad na digitalizaciji i
modeliranju proveden u kamenolomu gipsa ,Monte Tondo”, koji se nalazi u sjevernoj Italiji, uz UNESCO-ovo zasti¢eno
mjesto prirodne bastine koje se zove Krske i evaporitne $pilje Sjevernih Apenina. Geostatisticke tehnike koristene su za
procjenu koncentracije u blok-modelu pomocu podataka iz minskih busotina, dok je 3D geoloski model realiziran kori-
$tenjem podataka iz starih istraznih busotina. Kombiniranje dvaju modela moglo bi pomo¢i u boljemu razumijevanju i
interpretaciji kvalitete eksploatiranoga gipsa te bi moglo znatno poboljsati otkrivanje budué¢ih podrudja eksploatacije
podloznih strogim pravilima odobrenja lokalnih tijela za zastitu okolisa.

Kljuéne rijedi:
kamenolom gipsa, obi¢ni kriging, geolo$ki model, geostatisticki blok-model
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Abstract

The aim of the present study is to increase the grade of zinc from lead and zinc ore from the Noahang (Chah-Ahan) area
of the Nignan deposit to more than 40% Zn, using the flotation method. The experiments were conducted on a low-grade
sample with average grades of 3% zinc and 0.05% lead. The main zinc minerals in this sample were sphalerite and smith-
sonite in the carbonate field, and galena was rarely observed. The results of mineralogical studies and polished thin sec-
tions showed that the degree of liberation of zinc ores in the size fraction -106+75 pm was 90-95%. Different parameters
such as size, solid mass percentage, type and dosage of collector were investigated, and under optimal conditions, a
concentrate with a grade of 5% Zn and 70.4% recovery was obtained. In addition, kinetic experiments were conducted to
achieve the highest Zn recovery in the rougher stage, which reached up to 58.6% of recovery. The results indicated that
the best grade and recovery of zinc were achieved when the sample was crushed with a wet rod mill for 8 minutes to reach
to the desired degree of liberation. The final grade and recovery of flotation method were obtained as 42.19 and 40.08%

for zinc concentrate, respectively.

Keywords:

Noahang mineral area, flotation, degree of liberation, grade, recovery

1. Introduction

Metals have many applications in industries (Hossei-
ni Nasab and Rezazadeh, 2022; Hosseini Nasab,
2024), and lead and zinc are among the most widely
used non-ferrous metals in various industries. Oxidized
ores of these two metals are the most important source of
production of these metals after their sulfide types. De-
spite the problems and complexities in this field (due to
the nature of these types of ores), the flotation method is
the most common method for their processing (Moradi,
2005). Nowadays, due to the reduction of high-grade
mineral reserves and the economic exploitation and pro-
cessing of low-grade minerals, low-grade metal ores
have become of particular importance (Moradi, 2005;
Maleki et al., 2023; Faramarz et al., 2024). Therefore,
the low-grade lead and zinc-oxidized ores are also con-
sidered among these reserves (Moradi, 2005).

Due to the similarity of genesis and formation of lead
and zinc minerals, despite their different physical and
chemical properties, they are mostly found together in
mines (Ghorbani, 2008). The main use of lead metal is
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Received: 5 May 2025. Accepted: 12 June 2025.
Auvailable online: 21 October 2025

in transportation and electrical, and zinc is mainly used
as part of battery tanks, in foundry molds and in the auto-
motive industry. Zinc is also used in galvanizing steel
products and prevents the corrosion of steel (Goodwin,
2008). Most zinc oxides and carbonate minerals have
very fine crystal sizes (3-10 um), and are available in car-
bonate, oxide and silicate forms (Boni, 2003). Lead is
found in nature as sulfide, sulfate, carbonate and lead
salts (Black and Allen, 1999). The most common meth-
ods for increasing the grade of lead and zinc ores include
flotation and gravity methods in which gravity separation
is less commonly used than flotation (Karimpour and
Saadat, 2006). Mainly, process optimization can be pur-
sued more effectively and with a lower percentage of er-
ror by correcting the type and amount of chemical mate-
rials used. In this regard, by conducting targeted experi-
ments, more suitable chemicals that are employed on a
commercial scale in the world would normally be used
which yield the appropriate results, as well (King, 2001).

In the present study, the feasibility of flotation of lead
and zinc ores from the Nignan deposit, which is located
in South Khorasan Province, Iran, was investigated, and
the process was optimized in terms of the type and
amount of chemical materials used, including collectors,
depressants, and activators. This research, using case
studies and statistical analyses, seeks to find the optimal
flotation conditions for zinc ore from the Nignan deposit
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that would lead to achieving the best possible grade and
recovery.

1.1. Research objectives

Most of the extracted mineral soils containing lead and
zinc are of the sulfide and oxide type, and therefore the
technical processing approach which is accordingly em-
ployed is usually the flotation method. The objectives of
the present research can be briefly stated in the following:

* study on the concentrating of lead and zinc ore sam-

ple from the Nignan deposit, using flotation.

* achieving a grade of more than 40% zinc, in zinc

concentrate with acceptable recovery.

To achieve these objectives, it is necessary to organ-
ize and implement the appropriate flotation experiments
on a laboratory scale for the ore sample of the Nignan
mine. Flotation experiments were conducted using po-
tassium amyl xanthate (PAX), coco alkyl amine acetate
(Armac C) and their combination as collectors, zinc sul-
fate and copper sulfate as zinc depressant and activator,
and polypropylene glycol (A65) as a frother.

Before conducting flotation experiments, sampling
was performed and the samples were crushed. Then, a
sample was subjected to sieve analysis and the distribu-
tion of lead and zinc metals in different size fractions
were determined. The work index of the sample was also
experimentally calculated. To determine the degree of
liberation of the ore, thin polished sections were pre-
pared to run the mineralogical and microscopic studies
to use its results in the flotation process.

1.2. Introduction to the Nignan Complex

Due to the proximity of the Nignan lead and zinc ex-
ploration area to two important crustal blocks of Iran
(the Lut and Tabas blocks), and the proximity to the
Nayband fundamental fault, this part of central Iran has
been affected by the geodynamic processes governing
both crustal blocks, and numerous lead and zinc deposits
have formed there. According to field observations and
studies of polished sections, the mineralogy in this area
is simple and consists of primary minerals sphalerite,
pyrite and hematite, as well as secondary minerals cerus-
site, hemimorphite, smithsonite, goethite and limonite.
Galena, calcite and dolomite are the main tailings, and
quartz and barite are present in smaller amounts (Ghola-
mi and Ebrahimi, 2010).

1.3. Research background

In this section, while reviewing previous research on
the related topic, the working method and chemicals
used will be discussed.

Moradkhani et al. (2010) conducted a study on the
effect of Armac-C collector on the flotation of non-
sulfide ores in the presence of a KAX collector. In this
study, the effect of cationic collector concentration (co-

co-alkyl-amine-acetate) on the optimization of zinc
grade and recovery in flotation using combined collec-
tors (KAX-Armac C) was investigated. The orthogonal
array design L18 (21x37) was selected according to the
Taguchi method, which includes one parameter with two
levels and seven parameters with three levels. The pa-
rameters included the concentration of sodium silicate,
starch, sodium sulfide, xanthate (in two stages) and Ar-
mac-C concentration, pH and flotation time. To deter-
mine the relationship between experimental conditions
and recovery levels, statistical analysis and S/N evalua-
tion methods were used. According to the obtained re-
sults, the Armac-C concentration had the greatest effect
on zinc recovery in the process.

Mahdilou et al. (2013) conducted a study on the flo-
tation of zinc oxide ore using cationic and cationic-ani-
onic composite collectors. In this research, the flotation
of smithsonite was investigated, using the cationic col-
lectors Armac-C and Armac-T, and their mixture with
potassium amyl xanthate (KAX) as an anionic collector.
The results showed that the Armac-T collector was
slightly more selective than Armac-C, but their combi-
nation with KAX acted in the opposite way. The KAX-
Armac C composite collector improved the zinc grade
and recovery of the flotation concentrate, while KAX-
Armac T did not show any positive effect. At a KAX-
Armac C mixture ratio of 1:2, the amine collector con-
sumption was reduced, and an optimal concentrate with
94% recovery and 43% zinc grade was obtained without
any depressing agent.

Mehrabani et al. (2010) conducted a study on the
optimization and modelling of the flotation process of a
low-grade lead and zinc ore (3% zinc and 1% lead). In
this study, three parameters, activator (copper sulfate),
collector (potassium amyl xanthate), and pH, were in-
vestigated at five levels. The RSM method was used to
analyze the experiments and accordingly model the pro-
cess. Analysis of variance indicated that the most impor-
tant factor affecting the recovery and separation efficien-
cy of zinc was the collector, and in the optimization of
the process, the maximum recovery and separation effi-
ciency values were 79.12% and 64.59%, respectively,
using a concentration of 150 g/t of activator, 120 g/t of
collector at a pH of 10.4. However, in optimization stud-
ies, a case was reported in which using the same rea-
gents, the recovery and separation efficiency of zinc
were improved by 9 and 5%, respectively.

Seke (2005) optimized the selective flotation of gale-
na and sphalerite from the Pinah mine. This study was
conducted to determine the flotation capability of galena
and sphalerite when the sulfide sample was a mixture of
lead, zinc, and copper. Since sphalerite recovery in-
creased with galena recovery and increased concentrate
volume, xanthate collector could not be used. However,
by activating sphalerite with copper (II) ions, sphalerite
recovery increased but galena recovery decreased. Due
to the texture of the ore, cyanide alone was not capable
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of depressing sphalerite. The simultaneous use of cya-
nide and zinc sulfate improved sphalerite depressant
compared to cyanide alone. To improve the selection of
galena and sphalerite, the rougher lead concentrate must
be re-ground because prior to this step, the separation of
lead and zinc was poor.

Dehghani and Shahbazi (2017) conducted a study
entitled “Depression of pyrite and sphalerite in the
rougher flotation of galena from Gushfeel lead and zinc
ore”. The lead and zinc rich-pyrite ore of the Gushfeel
underground mine in Irankooh has a complex mineral-
ogical composition. The lead concentrate obtained from
the flotation of this ore contains amounts of iron and zinc
exceeding the permissible limits. In this study, the effect
of zinc sulfate, sodium cyanide, and iron sulfate on the
depressant of sphalerite and pyrite in the flotation of ga-
lena from the Gushfeel ore was investigated. Experi-
ments were conducted on samples finer than 75 and 90
um, and it was observed that during galena flotation in
75 pm samples and at normal pH, with increasing zinc
sulfate consumption from 300 to 1000 g/t, the lead grade
in the lead concentrate increased from 4.5 to 7.1%, while
its recovery remained unchanged. On the other hand, the
iron grade of the concentrate decreased from 13 to 10%
and the recovery of iron and zinc decreased by about 6.5
and 7%, respectively. In flotation of 90 pum samples, with
increasing zinc sulfate from 500 to 1000 g/t, the iron and
lead grades increased slightly, but the zinc grade de-
creased. In this case, the recovery of lead, zinc and iron
in the lead concentrate decreased by about 7, 4 and 2%
respectively, and with a further increase in zinc sulfate,
the recovery of zinc and iron in the lead concentrate in-
creased. With an increase in sodium cyanide consump-
tion from 100 to 200 g/t, the iron content in the lead
concentrate did not change, but its lead and zinc content
decreased by 2 and 0.4%. Factorial experiments con-
ducted, at two levels of zinc sulfate, sodium cyanide and
pH parameters, also showed that the effect of the param-
eters depends on the pH of the environment. In addition,
the maximum recovery of lead in these conditions was
about 30%, while the recovery of zinc and iron in the
lead concentrate in this case was about 7.9% and 5.2%,
respectively.

Mahdavi Amin et al. (2019) conducted a study enti-
tled “Evaluation of the role of particle size in the perfor-
mance of the lead and zinc flotation circuit of the Bama-
Irankooh mining complex”. In this research, the effect of
particle size on flotation was investigated on two indus-
trial and laboratory scales by dividing particles into three
size ranges: coarse, medium, and fine. To increase re-
covery, the amount and distribution of chemicals
changed. For this purpose, first, on a laboratory scale
using the Taguchi 9L design, the effect of the amount
and type of chemicals on recovery was investigated, and
the results showed that using 30 g/t of Aero 3477 collec-
tor in the rougher cells along with 15 g/t of potassium
amyl xanthate collector, and 7 g of MIBC frother in the

scavenger cells increased the recovery of coarse parti-
cles by 5.4%. In addition, using 15 g/t of Aero 3477 in
the rougher cells along with 7 g/t of potassium amyl xan-
thate and 30 g/t of MIBC frother in the scavenger cells
would increase the recovery of fines by 5.3%. Finally,
the best distributions obtained from the experiments
were implemented in the plant and it was found that us-
ing 30 g/t of Aero 3477 collector in the rougher cells
along with 15 g/t of potassium amyl xanthate collector
and 7 g/t of MIBC frother in the scavenger cells in-
creased the recovery of fines and coarse particles by
2.5% and 3.9%, respectively, and increased the grade of
zinc concentrate by 4.1%.

The flotation of oxide minerals of lead and zinc, espe-
cially zinc oxides, is much more difficult than the flota-
tion of sulfide minerals. Lead, zinc, and copper oxides
are much more difficult to be floated due to their higher
solubility and greater surface hydration compared to
sulfides (Fuerstenau et al., 1987, Irannejad et al.,
2011). Prior to the flotation of lead and zinc ores at the
Irankooh (Bama) mines, the ore is pre-processed by the
heavy medium gravity (HMS) method. The centrifugal
separator in this unit is a Dyna Whirlpool (DWP) type,
and this operation was performed after secondary crush-
ing. The lead flotation process of the plant was as fol-
lows: the pulp overflowing from the cyclone was fed to
two preparation units with sizes of <150 um, which are
placed in series. Sodium sulfide is added to the first
preparation unit and potassium amyl xanthate is added
to the second, and the frother is added to the pulp as it
enters the first flotation cell. The chemicals used in lead
flotation include sodium silicate (500 g/t), sodium sulfide
(25.3 kg/t), potassium amyl xanthate (300 g/t), and a
frother (250-400 g/t) (Moradi, 2001). The zinc flotation
process is as follows: the fines were removed from the
tailings of the lead circuit by two cyclones installed in
series and then tailings were fed to the zinc preparation
units. For the zinc circuit, sodium sulfide and sodium
silicate were added in the first preparation, and Armac
TD was added in the second preparation. The zinc cir-
cuit consists of 12 cells of 2 m?; so that the product of the
first 6 cells was removed as concentrate and the product
of the second 6 cells was returned to the preparation
stage (Karam Soltani, 1999).

2. Methods

2.1. Sample preparation

For the purpose of preliminary studies and feasibility
study of the enrichment of the sample from the Nignan
lead and zinc deposit, approximately 40 kg of crushed
sample was sent to the Mineral Processing Laboratory of
the University of Tehran. For laboratory studies, after
homogenization and preparation of a representative
sample, it was forwarded to the assay laboratory for feed
chemical analysis, XRF, XRD, ICP analyses, and micro-
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scopic studies. After identifying the characteristics of
the sample and determining the degree of liberation of
valuable minerals, initial flotation experiments were de-
signed to find the optimal grade and recovery.

Table 1. Feed analysis results

2.2. Analyses of the feed

In order to check the lead and zinc content and ana-
lyze XRD, XRF and ICP, a representative sample was
prepared as feed and sent to the desired laboratories. The
results of the feed analysis are in Table 1.

As can be seen in Table 1, the prepared sample con-

Sample |Zn, |Zn, |(Pb, |Pb, |Cu, |Cu, |Ag tains about 3% zinc, and has a low lead content, and
Code | (%) |(%) (%) |(%) (%) |(*%) |(@pm)
Feed |3.01 |1.66 [0.05 [0.02 |nd" |nd" |5 Table 3. XRD analysis results
*nd: Not Detected Sample XRD
Lamp type: Cu Voltage: 40KV Current: 30mA
Table 2. XRF Analysis Results Nsteps: 200 Step Size: 0/01 20: 5-90
Name Formula
SiO, ALO, CaO Fe,0, ZnO Calcite CaCo,
% % % % % Quartz SiO,
14.5 3.6 36.8 3.5 4 :
" Ankerlte Ca0.997(Mg0.273FeO.676Mn0.054)(CO3)2
% SO, Na,0 K,0 TiO, La&Lu Smithsonite ZnCO,
£ % % % % % Kaolinite ALSi,0(OH),
@ 2.5 0.5 0.5 0.2 <0.1 Glaucophane Na, (Mg,Fe,Al).Si0,,(OH),
PbO L.O.I MgO Cl P,O, Sphalerite ZnS
% % % % % Gypsum CaSO,.2H,0
<0.1 31.3 2.6 <0.1 <0.1 Illite KALSi,AlO, (OH),
2200 :
2100 i
2000 j
1900 j
1800 t
1700 j
1600 t
1500 —
1400 —|
@ 1300
S 1200
8 1200 ]
91100 =
=]
3 1000 —|
900 i
800 t
700 j
600 t
500 ]
400 j
300 j
m] Mﬂ\N
100 I . X 9
5 10 20 30 40 50 60 70
2-Theta - Scale
D:\xrd raw file\1402\mordad\1402-05-10\MAF-H.asc - File: MAF-H.RAW - Type: 2Th/T  |X/00-005-0143 (D) - Kaolinite - Al2Si205(0OH)4/AI203-2Si02-2H20 - S-Q 4.1 % - Triclin
[J00-005-0586 (*) - Calcite, syn - CaCO3 - S-Q 61.3 % - Rhombo.H.axes - Y: 31.35 % - 00-020-0616 (D) - Glaucophane - Na2(Mg,Fe,Al)5Si8022(0OH)2 - S-Q 3.1 % - Monocli
\z‘OO-O46-1 045 (*) - Quartz, syn - SiO2 - S-Q 14.3 % - Hexagonal - Y: 12.50 % - d x by: [4]00-005-0566 (I) - Sphalerite, syn - ZnS - S-Q 2.5 % - Cubic - Y: 2.48 % -d x by: 1. -
01-079-1348 (C) - Ankerite - Ca.997(Mg.273Fe.676Mn.054)(C0O3)2 - S-Q 6.9 % - Rho E00-021»0816 (*) - Gypsum - CaS04-2H20 - S-Q 1.8 % - Monoclinic - Y: 0.79 % - d x
E00-003»0774 (D) - Smithsonite - ZnCO3 - S-Q 4.3 % - Rhombo.H.axes - Y: 1.10 % - d 00-002-0056 (D) - lllite - KAI2Si3AIO10(OH)2 - S-Q 1.6 % - Monoclinic - Y: 0.40 % - d

Figure 1. XRD analysis graph
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Table 4. Results of ICP-OES analysis

Ag Al As B Ba Bi Ca Cd
ppm ppm ppm ppm ppm ppm ppm Ppm
<2 19282 43.6 <10 232 <5 262961 | 1.4
Cu Fe Ga K La Li Mg Mn
ppm ppm ppm ppm ppm ppm ppm Ppm
267 24574 43 4016 12.2 12.2 15721 342
P Pb Sb Sn Sr Ti Tl v
ppm ppm ppm ppm ppm ppm ppm Ppm
21.95 777.4 <5 <5 482 1018 <5 30.7

» |Ce Co Cr Mo Na Ni Zn S

E' ppm ppm ppm ppm ppm ppm ppm ppm

@ |23 3.6 88.8 <5 4117 27.4 32263 9826

albeit its effect should be investigated in the experi-
ments. In addition, this sample does not contain copper
and silver elements.

2.2.1 XRF analysis

In order to identify the elements present in the pre-
pared samples, a representative sample was forwarded
for XRF analysis, and its results are reported in Table 2.

2.2.2. XRD analysis

In order to identify the minerals present in the pre-
pared sample, the XRD analysis was performed and its
results are presented in the form of a graph in Figure 1
and in Table 3.

2.2.3. ICP-OES analysis

To identify the elements present in the prepared sam-
ple, the ICP-OES analysis was carried out and its results
are shown in Table 4.

As can be seen in the XRD, XRF, and ICP analysis
tables, the zinc grade is quite clear and zinc minerals
including smithsonite and sphalerite have been reported.

2.3. Microscopic studies

In order to prepare polished thin sections, 1 kg of the
sample was sieved and samples of different size frac-
tions were sent for the preparation of polished sections.
The results of microscopic studies for the size fraction of
-106+75 um are as follows.

In this size fraction, zinc oxide and sulfide minerals
(sphalerite and smithsonite) comprise a total of about
2-3% by volume of the fragments, and are often ob-
served in the form of free and separate fragments. Rare-
ly, fragments involving sphalerite and smithsonite can
be found. The degree of liberation of zinc minerals in
this size fraction (-106+75 pm) was determined to be
about 90-95% (see Figure 2).

Figure 2. Free fragments of sphalerite, reflected light, PPL
condition

Pyrite is present in the range of 0.5-1% by volume,
iron oxide-hydroxides in the range of 1-2% by volume,
and rarely galena and iron-titanium oxides are men-
tioned.

2.4. Optimal grinding time

In order to calculate the grinding time, 5 1-kilogram
samples were prepared and each was ground by a wet
rod mill for specific times of 8, 13, 18, 23, and 28 min-
utes and with a solids percentage of 50% (one kilogram
of sample plus one liter of water). After filtration of the
ground samples, 250 g were taken for wet sieve analysis
for each time.

Figure 3 presents the graphs of the grinding times
versus the crushed d80s. The optimal value of d80 after
8 minutes of grinding was determined. With a grinding
time of 8 minutes, the sieve size through which 80% of
the material passes was 98 pm.

The bond index of the sample was experimentally es-
timated, using standard Bond Ball mill and the obtained
value was 8.55 kWh/st and/or 9.40 kWh/t, which defines
the sample as soft to medium (based on Table 5).

Rudarsko-geolosko-nafini zbornik 2025, 40 (5), pp. 127-140, https://doi.org/10.17794/rgn.2025.5.10



M. Abedi Moghadam, M. Hosseini Nasab, M. Noaparast 132
Grinding Time
100
90
é g | L LI
@ 70
% ~ 60
R
.g 50 Time(min) D3( (um)
«<
E 40 —0—38 MII? =08 0
6 —®—13 Min || = 59(u ‘
30 il
—— 18 Min || T 44[1
20 —o—23 Min || T PHM
—m—2s Min || T 2O[M Figure 3. Changes in d8o
k0 of crushing curves
0 at different times
1 10 100 1000
Sieve size ()
Table 5. Classification of rock properties based on bond Table 6. First experiment conditions
index value
Conditions Amount
Property Soft | Medium | Hard | Very hard First stage
Band index 7-9 9-14 14-20 >20 pH of the feed 7.75
(KWh/st)
ethyl xanthate collector (Z4) 50 ot
with 1% concentration &
2.5. Flotation tests retention time of the collector 3 minutes
The flotation process is a dynamic process which is LD f.mthér 10(? gl
established based on the feed and tailings physico-chem- | retention time of the frother 1 minute
ical characteristics (Kazemi et al., 2023), and operating | first skimming stage 5 minutes
parameters such as collector concentration, frother con- Second stage
centration, pH, retention time, etc., anq the grade of amyl xanthate collector (Z6) with 5% 200 o/
product and recovery could be dramatically changed. |concentration gt
Therefor'e3 itis §ssent1al to run expenmen}s under differ- retention time of the collector 3 minutes
ent conditions, in order to achieve the optimum values of
. A65 frother 60 g/t
various parameters.
retention time of the frother 1 minute
2.5.1. Initial tests second skimming stage 5 minutes

According to the results of microscopic studies and
the desired degree of liberation, which is 80% at a size of
100 um, 10 flotation tests were defined to obtain the
amount of chemical consumption, and the behavior of
the feed in the presence of different chemicals. The con-
ditions of these tests are as follows.

In the 1** experiment, one kilogram of the sample
along with one liter of water was ground in a rod mill for
8 minutes to reach the desired size of particles and de-
gree of freedom. In all ten of these experiments, two
skimming stages are performed, the first skimming stage
is designed for lead flotation, and the second one is for
zinc flotation. In the second stage, a certain amount of
chemicals was added to the sample. In this experiment, a
2 liter Denver flotation cell (model D12) with a stirring
speed of 1200 rpm and also ethyl xanthate and amyl xan-
thate collector along with an IRO A65 frother were em-

ployed. The conditions of first experiment are given in
Table 6.

The 2" experiment was performed similar to the first
experiment, but in the first stage, 500 g/t of zinc sulfate
was added to depress zinc, and 300 g/t of copper sulfate
was added to activate zinc. After each step of addition,
the pH was measured, as well. The 3" experiment was in
accordance with the conditions of the first experiment,
with the difference that sulfidation was also carried out
using sodium sulfide with a rate of 1000 g/t. The 4™ ex-
periment was the same as the second one, but sulfidation
was also carried out, using sodium sulfide. In addition,
the 5™ experiment was carried out by eliminating the
lead flotation process due to its low grade. The 6" ex-
periment was designed from the beginning by eliminat-
ing the lead process, due to its low grade and adding the
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Table 7. 9h experiment conditions Table 8. Kinetic Test Conditions (4 kg of sample)
Conditions Amount Conditions ‘ Amount
First stage First stage
pH of the feed 7.99 rotor speed 1200 rpm
Copper sulfate (5% concentration) 250 g/t pH of the feed 7.99
retention time of the activator 5 minutes Copper sulfate 250 g/t
pH after adding copper sulfate 7.8 retention time of the activator 5 minutes
amyl Xanthate collector (Z6) with 5% 200 g/t amyl xanthate collector (Z6) with 5% 200 g/t
concentration concentration
Armax C collector (5% concentration) 250 g/t Armax C collector (5% concentration) 250 g/t
retention time of the collector 3 minutes retention time of the collectors 3 minutes
first skimming stage 10 minutes Oil 1.2 g/t
Second stage Opening of the aeration valve 50%
copper sulfate (5% concentration) 500 g/t first skimming stage (0-1) 1 minute
retention time of the activator 5 minutes second skimming stage (1-2) 1 minute
pH after adding copper sulfate 7.8 third skimming stage (2-4) 2 minute
Armax C collector (5% concentration) 250 g/t fourth skimming stage (4-8) 4 minute
retention time of the collector 3 minutes Second stage
second skimming stage 10 minutes amyl xanthate collector (Z6) with 5% 100 g/t
concentration
sulfidation step. As the best results were achieved in 5" A@ax C collector (5% concentration) 125 g/t
experiment, so the 7" experiment was considered identi- o L2 3
cal to the fifth experiment, and after 18 minutes of grind- | The residence time of the above items 1 minute
ing the feed reached to 40-50 pm, which was finer than  |fifth skimming stage (8-16) 8 minute
other experiments. In the 8" experiment in accordance Sixth skimming stage (16-32) 16 minute

with the 5" experiment and with the same amount of
grinding time (18 minutes) and by examining the Armax
C collector in the second stage, and due to the frothing
property of this type of collector, the frother in the second
stage was not used. In the 9" experiment, all the condi-
tions of the previous experiment were maintained and the
only change was the addition of the Armax C collector in
the first stage. The condition of this test is given in Table
7. Finally in the 10" experiment, it was attempted to use
the collector aid which was supplied from South Africa
D22-B3 (5% concentration) as a collector aid, for zinc
oxide minerals. However, experiment 9 was selected as
the experiment with the optimal conditions, in which the
zinc grade and recovery were 5 and 70.4%, respectively.

2.6. Flotation kinetics experiment

The flotation kinetic test was conducted to obtain the
flotation retention time for maximum recovery in the
rougher stage. This test was conducted with the condi-
tions of the 9™ flotation test as the optimal test by using
4 kg of the sample with a grinding time of 8 minutes, in
6 skimming stages with specific times. In the first part,
after adding chemicals, 4 skimming stages were per-
formed in two periods of 1 minute, one period of 2 min-
utes and one period of 4 minutes. In the second part, af-
ter adding chemicals in a specific amount, 2 skimming
stages were performed in periods of 8 minutes and 16
minutes. The results are presented in Table 8.

As the cumulative recovery of the kinetic test was
lower than the cumulative recovery of test 9, the kinetic
test was repeated for one kilogram of the sample. The
conditions are given in Table 9.

The results of this test were close to test 9, in terms of
cumulative recovery. Therefore, the design of the rough-
er-cleaner circuit was carried out in accordance with this
test, which is accordingly discussed below.

2.6.1. Rougher-Cleaner test

According to the second kinetic test, which was carried
out in a one-kilogram sample, 4 kilograms of the sample
were prepared. After grinding, each sample was prepared
in a one-liter cell so that all tests were similar to the ki-
netic test. In this test, taking into account the best grade
and recovery obtained in the kinetic test, 4 minutes of
skimming was carried out, its product was separated as a
rougher concentrate, and then, the second stage concen-
trate was considered as feed of the scavenger stage. The
conditions and relevant results are given in Table 10.

2.6.2. Closed-cycle Rougher-Scavenger-Cleaner
test

The results obtained from the Rougher-Cleaner test
were the same with kinetic test in terms of final recovery.
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Table 9. Conditions of the second kinetic test Table 10. Rougher-Cleaner test conditions
(1 kg of sample)

Conditions Amount
Conditions ‘ Amount First stage
First stage rotor speed 1200 rpm
rotor speed 1200 rpm Copper sulfate 250 g/t
Copper sulfate 250 gt retention time of the activator 5 minutes
retention time of the activator 5 minutes amyl xanthate collector (Z6) with 5%
amyl xanthate collector (Z6) with 5% 200 o/t concentration AUl
conce.ntrat.ion : s retention time of the amyl xanthate 3 minutes
retention time of the amyl xanthate collector 3 minute collector
Armax C collector (5% concentration) 250 g/t Armax C collector (5% concentration) 250 g/t
retention time of the collectors 3 minute retention time of the collectors 3 minutes
Oil 1.2 g/t 0Oil 1.2 g/t
first skimming stage (0-1) 1 minute first skimming stage 4 minutes
second skimming stage (1-2) 1 minute Second stage
third skimming stage (2-4) 2 minute second skimming stage 4 minutes
fourth skimming stage (4-8) 4 minute Copper sulfate 500 g/t
Second stage retention time of the activator 5 minutes
Copper sulfate 500 g/t Armax C collector (5% concentration) 250 g/t
retention time of the activator 5 minute retention time of the collectors 3 minutes
Armax C collector (5% concentration) 250 g/t Oil 1.2 g/t
retention time of the collectors 3 minute Continuation of the second skimming stage | 12 minutes
Oil 1.2 g/t
fifth skimming stage (8-20) 12 minute well. The consumed chemicals were used in a ratio of

Thus, in order to achieve the highest grade and recovery
that can represent the plant circuit, the Rougher-Scaven-
ger-Cleaner test was designed in a closed circuit in ac-
cordance with the previous test. The discrepancy was
that in the first stage, exactly in accordance with the
Rougher-Cleaner test, and in the subsequent stages, in
addition to the dry feed added in an amount of 3 kg to the
Rougher cell, scavenger concentrate and the first cleaner
tailings were also added to the 8-liter Rougher cell, as

75% of the initial chemicals. In addition, in the first
cleaner in the subsequent stages, in addition to the
Rougher concentrate, the second cleaner tailings were
also added to it. Figure 4 presents the block diagram of
the Rougher-Scavenger-Cleaner closed circuit.

3. Results and Discussions

Since the main objective of this research was to inves-
tigate on the zinc concentration, a number of initial ex-

C— First Cleaner

Second
Cleaner

|— v
Scavenger

le—— —

Tail

Figure 4. Block diagram of the closed
circuit of the Rafter-Scavenger-Cleaner
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periments were designed to achieve the best grade and
recovery, and to find the optimal flotation conditions.
Consequently, after finding the best results, kinetic ex-
periments, rougher-cleaner experiments, and closed-cy-
cle experiments were conducted. The conditions and
descriptions of the experiments are presented in the pre-
vious section.

3.1. Results of Initial Experiments

In order to find the optimal grade and recovery, 10
initial flotation experiments with changing conditions
were performed. The results of these experiments are
presented as following.

1** Experiment: After the experiment, the obtained
samples including the first and second stage concentrate
and tailings were forwarded to the chemical analysis
laboratory. The first experiment was designed to deter-
mine the behavior of the sample by adding a collector
and a frother. Ethyl xanthate collector (Z4) was used for
lead flotation and amyl xanthate collector (Z6) was used
for zinc flotation. In this experiment, the lead and zinc
grades were measured as 0.18 and 6.27%, respectively,
and the lead and zinc recoveries were measured as 46.7
and 29.6%, respectively. The results indicated that the
test performance in the zinc extraction section was not
convienient, and in the lead section, due to the low feed
grade, no significant product was obtained, as well.

2" Experiment: With the conditions of the 1% experi-
ment and adding zinc sulfate in the first stage and copper
sulfate in the second stage, the 2™ experiment was de-
signed. In the 2™ experiment, the lead and zinc grades
were calculated as 0.29 and 18.32%, respectively, and
their recoveries were also calculated as 31.8 and 41.9%,
respectively. The results showed that by using zinc sul-
fate depressant and copper sulfate activator, the grades
of both lead and zinc metals increased and also by acti-
vating the surface, the recovery of zinc increased, but the
recovery of lead was still not significant due to its low
grade in the feed.

3rd Experiment: In this experiment, by maintaining
the conditions of the 1% experiment and adding sodium
sulfide in both stages, the sulfidation process was ap-
plied to sulfide the surface of oxide minerals. In general,
the process of combining or saturating with sulfur or its
compounds is called sulfidization. Initially, only the
sulfite hydrate ion was used as an activator of oxide min-
erals until Schwartz published the results of his studies
on the sulfidization of the surface of oxide minerals in
1905 (Moradi, 2005). In this experiment, the lead and
zinc grades were calculated to be 0.27 and 2.78%, re-
spectively, and the lead and zinc recoveries were calcu-
lated to be 30.6 and 6.8%, respectively. According to the
results, the sulfidation process for the lead increased the
concentrate grade and decreased the recovery compared
to the first experiment, which cannot be justified, but it
had a negative effect for the zinc, so that the grade and

recovery dropped sharply, which could indicate the de-
pression of zinc that was not flotated and activation did
not take place in this section.

4™ Experiment: By combining the conditions of the
2" and 39 experiments, namely the use of sodium
sulfide, zinc sulfate and copper sulfate, the 4" experi-
ment was conducted in two stages. In this experiment,
the lead and zinc grades were calculated as 0.42 and
3.03%, respectively, and the lead and zinc recoveries
were calculated as 37.9 and 5.1%, respectively. The re-
sults showed that the lead grade and recovery were bet-
ter than the previous experiments, and it would therefore
be postulated that the zinc retention and sulfidation pro-
cess in the lead section had better results, but it is still
not justified due to the low lead product grade. Of course,
the zinc activation and sulfidation process in the second
section was not desirable, and it can be concluded from
the conditions of the 2™ and 4" experiments that the de-
pression and activation process in the zinc section was
not effective. The sulfidation operation also had a nega-
tive effect on this section, and the zinc grade and recov-
ery dropped sharply.

5" Experiment: As the results of the experiments
show, the lead grade was very low and the enrichment of
this metal for the project will not be economically via-
ble. Therefore, the analysis of lead metal has been omit-
ted in the following and the experiments have been fo-
cused on the zinc. According to the comparison of the 1%
and 2" experiments to investigate on the zinc activation
operation, and its positive effect on zinc concentration,
the first stage of this experiment was carried out by using
copper sulfate as a zinc activator in the amount of 250
g/t and using twice the amount of A65 frother compared
to the 1% experiment in the amount of 200 g/t, as well as
the amyl xanthate collector in the amount of 200 g/t. In
the second stage, in addition to the mentioned chemi-
cals, the sulfidation process was also applied. The
amount of copper sulfate was twice the amount in the
first stage and the frother was used in the amount of 140
g/t. By applying these conditions, the grade and recov-
ery of zinc were obtained as 12.82 and 40.2%, respec-
tively. The results show that increasing the skimming
time to 10 minutes, and using the above chemicals in-
creased the zinc content by almost two times compared
to the 1% experiment. Zinc recovery also increased sig-
nificantly.

6" Experiment: In this experiment, the conditions of
5™ experiment were constant and in addition to the sec-
ond stage, the sulfidation process was also carried out in
the first stage. In this experiment, the zinc grade and re-
covery were 4.7 and 18.5%, respectively, which were
significantly lower than the zinc grade and recovery in
the previous experiment. Therefore, according to the re-
sults of several experiments with different conditions,
the use of sodium sulfide as a sulfidation agent for this
sample is not recommended, as it decreased zinc grade
and recovery.
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Table 11. Zinc results in the 9t experiment

Grade and Recovery (%)
Sample Mass (gr) | Mass (%) | Oxide Total Oxide to Total
grade |Recovery |grade |Recovery | Ratio (%)
First stage concentrate 280.2 28.3 1.48 22.6 6.52 55.1 22.7
Second stage concentrate 185.3 18.7 2.41 243 2.72 15.2 88.6
Tailing 525 53 1.86 53.1 1.87 29.6 99.5
Feed 990.5 100 1.86 100 3.34 100 55.5
Table 12. Results of the kinetic test
Stepsit| [Santpie Skimming | Mass | Mass ;::;l Recovery | Cumulative A;:;;ge C:;E:‘l,zr;e Enrichment
T 3 0, 0, 0, 1
time (min) | (gr) (%) (%) (%) mass (%) (%) (%) Ratio
First 1 96.1 | 24 | 395 3.12 24 3.95 3.12 1.28
concentrate
, e 1 1094 | 28 | 436 3.92 5.2 4.17 7.05 1.35
First concentrate
" :
Stage | Third 2 189.7 | 48 | 7.59 | 1185 10 5.81 18.9 1.89
concentrate
i 4 205 52 5.82 9.82 15.2 5.81 28.71 1.89
concentrate
[ 8 84.8 2.1 6.55 4.57 17.4 5.91 33.28 1.92
Second | concentrate
t -
duge |k 16 534 | 135 | 379 | 1665 309 4.98 49.94 1.62
concentrate
- Total tailing - 27285 | 69.1 2.23 50.06 100 - - -
- Feed - 3947.5| 100 3.08 - - - - -
80
70
60
§ 50 4994
g e //
=]
E 30 m“""d&’. 28
20 18.90
Figure 5. Recovery variation
e 7.05 curve of the first kinetic test
0 *3.12 versus the grinding time
0 4 8 12 16 20 24 28 32
Time (min)

7% Experiment: According to the results of the 5" ex-
periment as an experiment with desirable grade and re-
covery, the 7" experiment was designed with the condi-
tions of the 5" experiment. In order to investigate the
effect of particle size on grade and zinc recovery, the
materials were re-ground with a grinding time of 18
minutes until they reached to size of 40-50 pm. The
grade and zinc recovery of this test, were calculated as 7
and 52.3%, respectively. The results show that reducing
the particle size causes a decrease in grade and an ac-

ceptable increase in zinc recovery; this result could stem
from the phenomenon of zinc entrainment in fines sizes
that has caused this issue.

8" Experiment: By removing sodium sulfide from
the conditions of 5" experiment, and adding the Armac-
C collector in the second stage, 8" experiment was con-
ducted. It should be noted that due to the frothing prop-
erty of the Armac-C collector, the addition of the A65
frother in the second stage was avoided. With these con-
ditions, the zinc grade and recovery were 3.9 and 66.1%,
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Table 13. Results of the second kinetic test (one kilogram)
Steps | Sample Skimming | Mass | Mass ;_0;3:: Recovery | Cumulative A;':;’gge C:;‘:é:g:’e Enrichment
3 3 0, 0, 0, 3
time (min) | (gr) (%) (%) (%) mass (%) (%) (%) Ratio
First
1 24.2 24 34.36 26.66 24 34.36 26.66 11.16
concentrate
s i 24 | 22 | 1024 | 7.03 46 2304 | 33.68 7.48
First concentrate
" :
Stage | Third 2 37 | 37 | 4712 | 56 8.4 14.83 39.28 482
concentrate
Lol 4 538 | 54 | 285 4.92 13.8 10.11 442 3.28
concentrate
e 12 1874 | 189 | 24 14.42 32.7 5.65 58.62 1.83
stage concentrate
- Total tailing - 6653 | 67.3 1.94 41.38 100 - - -
- Feed - 989.1 | 100 3.15 100 - - - -
80
70
60 ® 58.62
g /
g .
g
&
Figure 6. Recovery variation
curve of the second kinetic test
versus grinding time
12 16 20 24 28 32
Time (min)

respectively, which significantly reduced the grade and
increased recovery compared to the results of 5™ experi-
ment. This experiment had a higher recovery compared
to 7" experiment which had a reduction in grain size,
and the purpose of the rougher experiments was to in-
crease recovery. As mentioned above, the reason for the
reduction in grade was the zinc entrainment, but in this
experiment, the reason for the reduction in grade was the
increase in recovery in the second section, which could
be considered the effect of the Armac-C collector in col-
lecting as much zinc as possible in the second stage.

9™ Experiment: In this experiment, by eliminating the
sulfidation agent due to its negative effect and using chem-
icals that had positive results in previous experiments,
such as Armac-C collector and copper sulfate, it was at-
tempted to achieve the highest zinc grade and recovery.
The results of the 9" experiment are shown in Table 11.

According to the calculations, the zinc grade and re-
covery in this experiment were calculated as 5 and
70.4%, respectively. Due to the proper performance of
the Armac-C collector, this collector was also used in the

first section, and the frother was removed due to the
frothing property of the collector in both stages. This ex-
periment was determined as an experiment with optimal
conditions with the methods and chemicals mentioned.

10" Experiment: In this experiment, along with the
amyl xanthate collector, the D22-B3 collector aid was
supplied and used. The zinc grade and recovery in this
experiment were 13.94 and 37.1%, respectively. Com-
pared to the previous experiment, the zinc grade in-
creased, but the recovery did not decrease. Therefore,
the collector aid used in this experiment was not suita-
ble. The purpose of designing and conducting the initial
experiments was to achieve the highest recovery per-
centage and with a view to the grade. Since the 9" ex-
periment has a higher recovery than the other experi-
ments, the conditions of this experiment are selected as
the optimal experiment.

3.2. Results of the kinetic test

According to the conditions of the 9" experiment as
the test with optimal conditions, the kinetic test was car-
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Table 14. Results of the Rougher-Cleaner Test
. Total Zinc Oxide Zinc
. . Mass | Mass | Cumulative .
Sample (duration minutes) (© (%) mass (%) Grade | Recovery | Grade | Recovery Ratio
(%) (%) (%) (%)
Concentrate of Cleaner II (0-1) 32.8 0.8 0.8 52.81 14.5 0.17 0.1 0.3
Concentrate of Cleaner II (1-2) 5.8 0.1 1 41.8 2 0.37 0.03 0.9
Concentrate of Cleaner II (2-3) 3.7 0.1 1.1 26.13 0.8 0.71 0.04 2.7
Concentrate of Cleaner II (3-4) 3.1 0.1 1.2 17.34 0.4 0.82 0.04 4.7
Tailing of Cleaner II (0-4) 46.2 1.2 23 43 1.7 1.48 1 34.4
Tailing of Cleaner I (0-4) 244.5 6.2 8.5 3.59 7.3 1.48 5.1 41.2
Scavenger Concentrate (4-20) 1100 27.9 36.4 3.35 30.8 1.78 27.8 53.1
Scavenger Tailing (4-20) 2510 63.6 100 2.02 42.4 1.85 65.9 91.6
Computational feed 3946.1 100 - 3.03 100 1.79 100 58.9
Table 15. Results of the Rougher-Scavenger-Cleaner test
. Total Zinc Oxide Zinc
Samole Mass Mass | Cumulative Ratio
p ) (%) mass (%) Grade | Recovery | Grade | Recovery
(%) (%) (%) (%)
Concentrate of Cleaner I1 252 1.7 1.7 42.19 23.05 0.4 0.53 0.95
Tailing of Cleaner II 90 0.6 2.3 9.56 1.87 1.15 0.54 12.03
Tailing of Cleaner I 1940 13 15.3 2.78 11.69 1.56 15.82 56.12
Scavenger Concentrate 2769 18.5 33.8 3.75 22.51 1.53 22.14 40.8
Scavenger Tailing 9912 66.2 100 1.9 40.89 1.18 60.97 61.83
Feed 14963 100 - 3.08 100 1.28 100 41.47
Table 16. Final Grade and Recovery Results tion was also carried out on the rougher stage concen-
Feed grade | Concentrate | Tailing grade | Total recovery trate, and l.n each stage, the .con.centratlon was carried
(%) grade (%) (%) (%) out for 1 minute, so that the kinetics of the cleaner stage
could reach the maximum recovery, and the appropriate
3.08 42.19 1.9 40.08 . . .
grade in this section, accordingly. The results show that

ried out, using 4 kg of the sample, and the relevant re-
sults are shown in Table 12, and in Figure 5.

Given that the cumulative recovery of the kinetic test
was calculated to be less than the cumulative recovery of
the 9™ experiment, which was considered the optimal
test, the kinetic test was repeated for one kilogram of the
sample. The results of the second kinetic test are as de-
scribed in Table 13, and Figure 6.

The second kinetic test had a higher recovery than the
first test and reached a recovery closer to the 9™ experi-
ment. The purpose of the kinetic test was to achieve the
retention time in the rougher section, which should have
the highest recovery in this section. Therefore, accord-
ing to the above results, an approximate recovery of
59% could be achieved in this kinetic test.

3.3. Results of the Rougher-Cleaner Test

The results of the Rougher-Cleaner test with the condi-
tions mentioned in section (2.6.1) are shown in Table 14.
After achieving the maximum recovery according to
the retention time of the kinetic test, the cleaner opera-

after four stages of concentration for 4 minutes, a grade
of 46.8% was obtained. Considering the grade of the first
cleaner tailings and the scavenger concentrate, which
was close to the grade of the input feed, a closed-circuit
test was designed to calculate the grade and final recov-
ery, which can be representative of industrial conditions,
during several closed-circuit flotation stages.

3.4. Results of the Rougher-Scavenger-Cleaner test

The results of the Rougher-Scavenger-Cleaner test
with the conditions mentioned in section (2.6.2) are
shown in Table 15.

The results in Table 15 were obtained with 15 kg of
feed prepared according to the optimal conditions, and
after 5 stages of closed-circuit flotation test to achieve a
steady state, which shows that the zinc concentrate grade
was desirable, but the zinc grade in the tailings was high,
which was also the reason for the reduced recovery.
Therefore, according to the designed test, the flotation
process was completed, and in order to reduce the zinc
grade in the tailings, which was mostly in the oxide
phase, a leaching test should be designed. Thus, the final
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grade and recovery of the flotation section are as follows
in Table 16.

As can be seen in Table 16, the feed grade and con-
centrate of zinc is 3% and 42.19%, respectively, and the
overall recovery is 40.08%.

4. Conclusions

1) The results of XRD and XRF analyses showed
that the lead and zinc ore sample from the Nig-
nan deposit has a zinc grade of 3.01% and lead
between 0.04 and 0.05%, and carbonate minerals
(calcite, less dolomite and iron carbonates) are
the main non-metallic phase.

2) The results of microscopic and degree of libera-
tion studies showed that this sample contains
zinc sulfide and oxide minerals, including sphal-
erite and smithsonite, and has 90 to 95% of lib-
eration in size fraction of 90-100 pum.

3) The results of the grinding time tests indicated
that the sample reached a degree of liberation of
about 98 um in 8 minutes of grinding by a wet
rod mill.

6) According to the sieve analysis of the feed and
product of the Bond ball mill, the Bond work in-
dex was obtained as 9.40 kWh/t (8.55 kWh/st),
which defines that the sample was in the soft to
medium category.

7) Initial flotation tests were designed in 10 experi-
ments, and the best result in terms of grade and
recovery was considered from the 9" experiment,
in which 250 g/t of copper sulfate, 200 g/t of 5%
amyl xanthate collector and 250 g/t of Armac-C
collector aid were employed in the first stage. In
the second stage of this test, 500 g/t of copper
sulfate and 250 g/t of Armac-C collector were
used.

8) The zinc grade and recovery in the 9" experiment
were obtained as the best experiment, 5 and
70.4%, respectively.

9) Due to the low lead content in the feed, the lead
section was omitted from the flotation tests.

10) Kinetic tests were designed and run to calculate
the highest recovery in the rougher section.

11) According to the results of the kinetic tests and
the rougher-cleaner test, the closed-circuit flota-
tion test was designed which represents the in-
dustrial process.

12) The final grade and recovery of flotation were
obtained as 42.19 and 40.08% for zinc concen-
trate, respectively.
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SAZETAK

Koncentriranje uzorka olova i cinka iz rudnoga lezista Nignan

Cilj je ovoga istrazivanja flotacijom povecati udio cinka na vise od 40 % iz olovne i cinkove rude iz podrucja Noahang
(Chah-Ahan) leZista Nignan. Eksperimenti su provedeni na uzorku s prosje¢nim udjelom od 3 % cinka i 0,05 % olova.
Glavni minerali cinka u ovome uzorku bili su karbonati sfalerit i smitsonit, a galenit je rijetko uo¢en. Rezultati minera-
loskih istrazivanja na poliranim tankim izbruscima pokazali su da je moguci stupanj ras¢ina cinkovih ruda 9o - 95 % u
frakciji veli¢ine -106+75 pm. Istrazeni su razliciti parametri poput veli¢ine, postotka ¢vrste mase, vrste i doziranja kolek-
tora te je pod optimalnim uvjetima dobiven koncentrat s udjelom od 5 % cinka i iskori$tenjem od 70,4 %. Takoder, pro-
vedeni su kineticki eksperimenti kako bi se postiglo najvece iskori$tenje cinka u grubljoj fazi, koje je dosegnulo 58,6 %.
Rezultati su pokazali da su najbolji stupanj i iskoristenje cinka postignuti kada je uzorak drobljen mokrim $tapnim
mlinom 8 minuta kako bi se postigao Zeljeni stupanj rag¢ina. Flotacijom je postignuta konac¢na kvaliteta koncentrata od
42,19 % i iskoriStenje od 40,08 % za ispitivani koncentrat cinka.

Kljuéne rijedi:
mineralno podruéje Noahang, flotacija, stupanj rascina, kvaliteta koncentrata, iskoristenje
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Abstract

Flyrock is an undesirable phenomenon resulting from blasting in open-pit mines, posing significant risks to both envi-
ronmental and human safety. Given these risks, a comprehensive study of flyrock is essential to mitigate its adverse ef-
fects. This study presents a novel hybrid intelligent model designed to predict and minimize flyrock distance by integrat-
ing an Artificial Neural Network (ANN) with a Honeybee Optimization Algorithm. Utilizing a dataset of 334 blast re-
cords collected from the Sungun copper mine, various ANN models were developed and evaluated. After assessing
multiple models through a formal scoring system, the most effective one was selected for optimization. The chosen ANN
model demonstrated strong predictive performance, achieving coefficients of determination (R?) of 0.8930 and 0.8874,
as well as root mean square error (RMSE) values of 0.2486 and o0.2512 for the training and testing phases, respectively,
outperforming conventional empirical models. To further refine the blast pattern for safety, the Honeybee Optimization
Algorithm was employed to minimize the predicted flyrock distance. The optimal flyrock distance was determined to be
7.25 meters, reflecting a 27.5% reduction compared to the lowest observed value in the collected data. This demonstrates

the superiority of the proposed hybrid approach in enhancing blasting safety and efficiency.

Keywords:

Flyrock prediction, Optimisation algorithm, Blasting pattern, Honeybee algorithm, Metaheuristic algorithms

1. Introduction

Optimising mining operations from blast pattern de-
sign to fragmentation prediction and equipment perfor-
mance enhancement is crucial for increasing productiv-
ity, reducing operational costs, and minimising environ-
mental impacts. Recent research demonstrates that
integrating mathematical modelling with artificial intel-
ligence (Al) techniques, such as neural networks and
metaheuristic algorithms, significantly improves the ac-
curacy and effectiveness of mining process predictions
and control strategies (Khajevand et al., 2025; Mirzehi
Kalateh Kazemi et al., 2023; Mirzehi et al., 2023;
Monjezi et al., 2007; Moreno et al., 2015; Rezakhah
& Moreno, 2019).

Blasting is a fundamental operation in mining, critical
for rock fragmentation and material handling. However,
only about 15-20% of the explosive energy contributes
to effective fragmentation and displacement. The re-
maining energy is often wasted due to various factors,
leading to undesirable outcomes such as flyrock (Raina,
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Auvailable online: 21 October 2025

2023). Flyrock presents serious safety hazards, can dam-
age equipment, escalate operational costs, and ultimate-
ly lower overall productivity. Its occurrence is influ-
enced by both uncontrollable factors (e.g. rock strength)
and controllable factors (e.g. explosive energy, blast de-
sign). A mismatch between these variables can result in
hazardous flyrock incidents.

Several studies have sought to understand and predict
flyrock behaviour. For example, Adhikari et al. (1999)
investigated the influence of blast design parameters on
flyrock and offered strategies for mitigating its risks. Ar-
tificial neural networks (ANNs) have been shown to ef-
fectively forecast flyrock distance and fragmentation
(Monjezi et al., 2010), while a Mamdani fuzzy infer-
ence system demonstrated superiority over traditional
statistical models in predicting flyrock distances (Rezaei
et al., 2011).

Recent studies show that combining optimization
techniques with machine-learning algorithms signifi-
cantly improves flyrock distance prediction accuracy.
The ACWNNSR model, integrating ANN, fuzzy cogni-
tive maps, and Z-number theory, demonstrated strong
predictive capability (Hosseini et al., 2022). Embedding
particle swarm optimization and jellyfish search into
ANN training highlighted charge weight, powder factor,
and hole angle as key inputs (Wang et al., 2023). The
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LSSVM-WOA hybrid ensured robust and stable fore-
casts (Ding et al., 2023). ANFIS models coupled with
variable selection procedures identified burden as the
most critical parameter (Hudaverdi, 2022). Among tree-
based learners, AdaBoost delivered the best performance
and singled out powder factor as the dominant influence
(Yari, et al., 2023). The equilibrium-optimizer—extreme
learning machine (EO-ELM) approach also pinpointed
the most sensitive variables (Bhatawdekar, et al., 2023).
Finally, the Harris Hawks optimization—enhanced multi-
layer perceptron (HHO-MLP) achieved the highest
overall modeling accuracy (Murlidhar, et al., 2021).

Similarly, an empirical equation for flyrock prediction
was proposed based on dimensional analysis and vali-
dated using Monte Carlo simulations, confirming its re-
liability in modelling blast parameter variability (Gha-
semi et al., 2012). More recent research has also shown
that incorporating geomechanical factors, such as elastic
wave velocity, into blast fragmentation models can en-
hance prediction accuracy and support better blast de-
signs in open-pit mining (Tajik et al., 2023).

In related work, a hybrid approach was applied, com-
bining the artificial bee colony (ABC) algorithm with
ANN to optimise the safety factor in retaining walls,
demonstrating the robustness and precision of such hy-
brid methods (Noroozi Ghaleini, et al., 2019). Building
on this foundation, the present study employs neural net-
works to predict flyrock based on various blast pattern
configurations. A scoring system was developed to as-

Figure 1. Drilling and Blasting Area in Sungun Copper Mine

sess multiple models and identify the best-performing
one. Subsequently, the bee colony optimisation algo-
rithm was applied to determine the optimal blast pattern
parameters to effectively reduce flyrock and improve
blasting efficiency. This research, therefore, aims to op-
timise and control flyrock using neural networks and
metaheuristic algorithms and compares these Al-driven
models with conventional flyrock prediction approaches
to evaluate their practical viability and performance.

Flyrock is the leading safety risk in open-pit blasting,
yet most Al models merely predict throw distance with-
out offering design corrections and rely on small, un-
validated datasets. This study fills that gap with the first
closed-loop ANN + Honey-Bee Optimizer: a high-accu-
racy neural network models flyrock behaviour, while the
optimizer adjusts charge, spacing and angle until the
predicted distance meets legal limits. Validation on 334
real blasts from the Sungun copper mine confirms both
higher accuracy and direct, actionable control, deliver-
ing a practical tool for reducing flyrock in day-to-day
operations.

2. Field Investigation and Data Collection

To develop a predictive and optimization model for
blast parameters aimed at minimizing flyrock, a total of
334 new datasets were collected from the Sungun cop-
per mine, located in northwest Iran, approximately 35
km from Varzaghan in East Azerbaijan province. This
mine is characterised by a hydrothermal ore deposit with
mineralisation associated with the Cenozoic Sahand-
Bazman orogenic belt, hosted within altered quartz-
monzonite rocks. The primary ore minerals include chal-
copyrite, pyrite, chalcocite, cuprite, and malachite, with
copper being the principal extracted resource. Addition-
ally, the deposit contains economically significant
amounts of gold, silver, and molybdenite. Figure 1 il-
lustrates the operational area of the Sungun copper mine.

Each dataset comprises key blasting parameters, in-
cluding stemming, burden and spacing, blast hole diam-
eter, blast hole length, sub-drilling length, specific
charge, and flyrock distance. A descriptive statistical
analysis was conducted on the collected datasets, with
the results summarised in Table 1.

Table 1. Statistical Characteristics of the Data Used in the Network

Parameter Minimum Maximum Mean Standard Deviation Data Type
Blast Hole Diameter (in) 3 6 5 0.79 Input
Blast Hole Length (m) 3 12.5 10.81 6.98 Input
Spacing (m) 2 6.5 4.76 0.87 Input
Burden (m) 2 5 3.96 0.68 Input
Stemming Length (m) 1.8 4.5 3.78 0.67 Input
Specific Charge (kg/m?) 0.1 1 0.42 0.12 Input
Sub-drilling Depth (m) 0 54 0.27 0.55 Input
Flyrock Distance (m) 10 100 67 21.5 Output
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The selected input variables include both fundamen-
tal blast design parameters and a derived parameter
known as Specific Charge. Although Specific Charge is
mathematically related to other inputs, its inclusion as a
distinct variable is justified because it represents the
overall concentration of explosive energy a critical fac-
tor in flyrock generation that geometric parameters alone
do not fully capture. It is important to note that while
uncontrollable geological factors can also contribute to
flyrock, this study focuses on optimizing the controlla-
ble design parameters to minimize risk. The minimum
recorded flyrock distance of 10 meters, although rela-
tively short, was classified as a flyrock event according
to site-specific safety protocols, as it landed beyond the
designated safety perimeter, thereby necessitating its in-
clusion in the dataset.

3. Artificial Neural Network

Artificial neural networks (ANNSs) are designed to
mimic the structure and functionality of the human
brain. Essentially, an ANN consists of interconnected
neurons arranged in multiple layers, where each neuron
acts as a simple processing unit that transmits informa-
tion to others within the network. A large collection of
these neurons forms a neural network. One of the most
widely used learning algorithms in perceptron neural
networks is the feedforward learning algorithm (Lagu-
na & Marti, 2002), which operates based on the error
correction learning law, a generalisation of the least-
means algorithm.

Feedforward neural networks consist of three main
layers: an input layer, a hidden (middle) layer, and an
output layer. While the number of hidden layers is not
restricted, a single hidden layer is often sufficient for
solving complex nonlinear problems. The feedforward
learning process is divided into two stages: the feedfor-
ward stage and the backward (error correction) stage. In
the feedforward stage, inputs are passed sequentially
through each layer, ultimately producing an output as
the responses of the network. During the forward phase,
synaptic weights are initialised. In the backward phase,
these weights are adjusted based on error correction
rules. The difference between the predicted response of
the network and the desired (expected) response, known
as the error signal, is propagated backward through the
network, refining the synaptic weights to improve pre-
diction accuracy.

To evaluate the network’s performance, the coeffi-
cient of determination (R?) and root mean square error
(RMSE) were used to measure the correlation between
predicted and actual flyrocks. In this study, the neural
network was implemented using the Liineburg-Marque-
tte learning algorithm, one of the most widely used opti-
misation techniques in ANN training. Based on prior
research, the network structure was selected with three
layers, an input layer with 7 input variables, a hidden

layer and an output layer with a single output. A single
hidden layer is sufficient to approximate any nonlinear
function. Various studies have explored optimal meth-
ods for determining the number of neurons in the hidden
layer, offering mathematical approaches to avoid the
trial-and-error method. Equations 1 to 6 outline the es-
tablished methodologies for selecting the appropriate
number of hidden neurons (Hecht-Nielsen, 1987; Hor-
nik et al., 1989; Masters, 1993; Paola, 1994; Ripley,
1993; Wang, 1994).

H<2N,+1 (1)
+

H:—N’ N, (2)
2

2+ N, xN +0.5N, x(N2+N.)-3
H: 0 i 0 ( 0 l) (3)
N, +N,

2N,

H="21 4

3 “4)

H=N,xN, (5)

H =2N, (6)

In this study, the neural network was implemented us-
ing the Levenberg-Marquardt learning algorithm. This
algorithm was chosen due to its high efficiency and fast
convergence rates for training small to medium-sized
feedforward neural networks, making it well-suited for
the dataset size in this research (Ampazis & Perantonis,
2000).

In this study, N. represents the number of inputs, while
N, denotes the number of outputs in the model. Based on
recommended parameter values, the Levenberg-Mar-
quardt learning algorithm was implemented using a neu-
ral network with a hidden layer containing 2 to 15 neu-
rons. To determine the most effective model, the coeffi-
cient of determination (R?) and root mean square error
(RMSE) were evaluated for both the training and testing
phases. A comparative analysis was conducted by as-
signing scores to each model configuration. The scoring
process involved awarding the highest score to models
with the largest R? values, while lower scores were as-
signed as R? decreased. Conversely, models with the
lowest RMSE values received the highest scores, with
scores decreasing as RMSE increased. At the end of the
evaluation, the scores for each model configuration were
summed to determine the overall performance ranking
(Kaastra & Boyd, 1996).

The scoring process involved four criteria: R* for
training, RMSE for training, R? for testing, and RMSE
for testing. For each criterion, the 14 models were ranked
from best (rank 14) to worst (rank 1). For R a higher
value received a higher rank, while for RMSE, a lower
value received a higher rank. The final score for each
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Output

Hidden

Figure 2. Schematic of a Basic Artificial Neural Network
(ANN) with Input, Hidden, and Output Layers

model was the sum of its four ranks, allowing for a bal-
anced assessment of both accuracy and generalisation
ability.

Figure 2 presents a schematic diagram of how the
neural network works.

4. Honeybee Optimisation Algorithm

The Honeybee Optimisation Algorithm is inspired by
the collective behaviour of bee colonies, where individ-

ual bees, though simple on their own, work together to
form a highly organised and efficient system for discov-
ering and exploiting nectar resources. Within a colony,
bees are divided into three main groups, each assigned a
specific task in foraging.

The first group consists of scout bees, responsible for
exploring the environment and new food resources.
Once a scout bee finds a suitable resource, it returns to
the hive and communicates its location through a move-
ment known as the circular dance. The second group, the
worker bees, focuses on exploiting these discovered
food resources, ensuring efficient nectar collection. The
third group, the onlooker bees, remains in the hive, ob-
serving the circular dance of the scout bees. Based on
the quality of the reported resources, onlooker bees se-
lect the most promising sites for further extraction. The
Honeybee Optimisation Algorithm was first introduced
by Karaboga in 2005 (Karaboga, 2005). Since then, ex-
tensive research has been conducted on bee behaviour in
nature, leading to the development of optimisation algo-
rithms inspired by their social structure. While this algo-
rithm has been applied in various fields, one of its nota-
ble implementations in mining is the prediction and op-
timisation of the backbreak caused by blasting operations
(Ebrahimi et al., 2016; Kanellopoulos & Wilkinson,
1997; Rezaei et al., 2011; Sayadi et al., 2013; Zorlu et
al., 2008). The algorithm follows a structured process
consisting of four key stages. As illustrated in Figure 3,
the workflow of the Bee Algorithm is structured into

| INITIALIZATION |

1. Generate initial population of food sources (solutions)

2, Assign worker bees

Y

ITERATION

BEES:
1.Select food
sources

SEND WORKER BEES:
1.Exploit current food sources
2.Evaluate fitness

sources

SEND ONLOOKER

2.probabilistically
(based on fitness)
3.Further exploit

SEND SCOUT BEES:
1.Discover new food sources
(if existing sources are exhausted)

TERMINATION CONDITION

Max iterations reached? I

Fitness threshold met?

Figure 3. Flowchart of the Bee Algorithm illustrating its three primary phases: Initialisation, Iteration,
and Termination Condition evaluation.
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three core phases: Initialization, Iteration, and Termina-
tion Condition Evaluation, ensuring a systematic optimi-
zation process. The main steps of the Bee Algorithm are
outlined in Karaboga & Basturk (2007):

Step 1: In the initial phase of the algorithm, the bee
population is equally divided into worker bees and non-
worker bees. Each food source is assigned a single
worker bee, which means the number of worker bees
corresponds directly to the number of food sources
around the hive. Consequently, within the defined solu-
tion space, the initial solution is generated based on the
number of food sources. Once these initial solutions are
established, their respective values are compared using
problem-specific evaluation functions.

Step 2: In this step, for each of the answers to the
problem, a new answer is created using the relationship:

Vii =%, T, (xi-j - xk«j) ™)
ie{l2..BN}
je{l.2..D}

ke{l2..BN} nk#i
pel[-1.1]

Where x, is the j* parameter of the i solution of the
problem, v, is the j™ parameter of the new solution, i is a
number from one to the number of solutions to the prob-
lem, @ is a random number in the range of -1 to 1, k is a
random number from one to the number of solutions to
the problem, BN is the number of initial solutions to the
problem, and D is the number of optimization parameters.

After creating a new solution, if the value of this solu-
tion is greater than the value of the previous solution, it
will be replaced; otherwise, this solution will be forgotten.

Step 3: In this step, the probability of receiving a
bee from each source is calculated using the following
formula:

__

=W ®)
2. /i,

i

Where fit, is the fitness of source 1 (varies depending
on the type and size of the problem and must be deter-
mined by the user) and p, is the probability of selecting
source i by observer bees. According to the fitness, a
number of bees are assigned to each source. After calcu-
lating the value of each source using Equation 7, a new
answer is created for the selected answers. If this answer
has a higher value than the previous answer, this answer
replaces the previous answer, and otherwise, a penalty is
imposed. The purpose of the penalty is to create a coun-
ter for the number of non-improvement answers, and if
the answer does not improve, one unit is added to its
value.

Step 4: In this step, if the counter of the number of
non-improvement answers reaches a predetermined lim-
it (C_ ), this answer will be replaced with a random an-
swer. Also, in this step, the conditions for the end of the
iterations are checked. If the termination conditions of
the algorithm are met, the iterations will end, otherwise,
it will return to step two.

The implementation of the Honeybee algorithm in
this study involved setting several key parameters to en-
sure robust optimisation. The algorithm was run with a
population size of 50 bees for 100 iterations. The fitness
function was defined as the inverse of the flyrock dis-
tance predicted by the optimised ANN model, aiming to
minimise this output. The termination condition was set
to the maximum number of iterations. The search space
for each blast parameter was constrained within the ob-
served minimum and maximum values from the collect-
ed dataset presented in Table 1.

5. Conventional Predictor

Conventional empirical methods are used as a basis
for predicting flyrock distance in surface blasting opera-
tions. These models are developed based on field data
and simplified mathematical relationships, each consid-
ering specific parameters. Some of the most important
conventional models are:

5.1. Lundborg et al. Equation (1981)

This model provides the following relationship
based on the diameter of the blast hole (d) and specific

charge (¢):

max

L. =143d(g-02) 9)

Where:
[ ..=Maximum throw (m),
d = Hole diameter (inch),
q = Specific charge (kg/m?).

6. Results and Discussion
6.1 Prediction by ANN

The artificial neural network (ANN) model demon-
strated robust predictive performance for flyrock dis-
tance. A total of 14 neural network configurations were
evaluated, varying the number of neurons in the hidden
layer (2 to 15). The best-performing model (Model 7)
achieved a coefficient of determination (R?) of 0.8930
and 0.8874 for the training and testing phases, respec-
tively, with root mean square error (RMSE) values of
0.2486 and 0.2512. These results highlight the model’s
ability to generalise well to unseen data, indicating strong
nonlinear approximation capabilities. The selected ANN
structure consisted of 7 input parameters (blast hole di-
ameter, length, spacing, burden, stemming, specific
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Table 2. Predicted Values for Flyrock

No. No. Train Test Train Test Total
Model | Neuron | g2 RMSE R? RMSE | rank R? | rank RMSE | rank R? | rank RMSE | Score
1 2 0.8082 0.3399 0.7726 0.3391 1 1 2 4 8
2 3 0.8354 0.3035 0.7957 0.3302 3 3 5 5 16
3 4 0.8299 0.3058 0.8154 0.3122 2 2 6 6 16
4 5 0.8593 0.2784 0.8612 0.2532 4 4 8 12 28
5 6 0.8761 0.2676 0.8742 0.2638 10 10 10 10 40
6 7 0.8742 0.2689 0.8705 0.2728 9 9 9 8 26
7 8 0.8930 0.2486 0.8874 0.2512 14 13 13 14 54
8 9 0.8780 | 0.2655 0.8742 0.2668 11 11 10 9 41
9 10 0.8668 0.2782 0.8949 0.2530 6 5 14 13 38
10 11 0.8686 0.2726 0.8761 0.2536 7 12 11 38
11 12 0.8892 0.2486 0.7832 0.3633 13 13 4 3 33
12 13 0.8686 0.2729 0.8354 0.3068 7 7 7 7 28
13 14 0.8780 0.2648 0.7140 0.4025 11 12 1 1 25
14 15 0.8630 0.2757 0.7762 0.3755 5 6 3 2 16
train
R? =0.8936
il.72
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Figure 6. Comparison graph between the Lundborg method and actual flyrock

charge, and sub-drilling depth), a single hidden layer
with 8 neurons, and one output (flyrock distance). Sensi-
tivity analysis revealed that burden (B) and stemming
length were the most influential parameters, contributing
to 70.8% of the variance in flyrock predictions. Table 2
shows the results of this neural network analysis.

6.2. Prediction by Conventional Predictor

The evaluation of traditional flyrock prediction meth-
ods, by Lundborg (1981), revealed significant limita-
tions in their accuracy. For the Lundborg model, the root
mean square error (RMSE) was calculated as 121.1 me-
ters, with a coefficient of determination (R?) of 0.52.
This indicates that the model explains only 52% of the
variance in flyrock distances and suffers from oversim-
plification, as it ignores critical parameters like rock
strength and explosive energy. For example, in sample
predictions, the model estimated a flyrock distance of
110.1 meters for an actual value of 50 meters, highlight-
ing its unreliability. Figure 6 presents a comparative
analysis of the Lundborg method versus actual flyrock
measurements.

6.3. Flyrock Minimization using the Honeybee
Algorithm

As previously mentioned, the search process contin-
ues until the minimum flyrock value is identified. Multi-
ple iterations of the Honeybee algorithm were executed
using different population sizes of bees. Figure 7 shows
the execution of the algorithm in minimizing flyrock dis-
tance.

Based on the results, the minimized flyrock distance
was determined to be 7.25 meters. As indicated in Table
1, the initial minimum flyrock distance was approxi-

Cost Function
100

920
80
70
60
50

40

Optimized Flyrock

30

20

100 150
Repetition

200 250

Figure 7. Minimization of the amount of Flyrocks throw
in meters

mately 10 meters. By implementing the Honeybee opti-
misation algorithm, this value was reduced by 27.5%,
demonstrating a significant improvement. Additionally,
optimal values were obtained for key blasting parame-
ters, including blast hole diameter and length, sub-drill-
ing depth, burden, spacing, and stemming, as presented
in Table 3.

6.4. Comparative Analysis

This paper compares flyrock prediction in mining
blasting operations using two intelligent methods: Artifi-
cial Neural Networks (ANN) and Honeybee Optimiza-
tion Algorithm, with traditional models. The ANN mod-
el demonstrated better performance compared to con-
ventional models. Specifically, the ANN model achieved
R? values of 0.8930 for training and 0.8874 for testing,
indicating high predictive accuracy and effective simula-
tion of flyrock behaviour. In contrast, the traditional
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Table 3. Blasting pattern optimisation values

Parameter Optimal Value
Diameter(in) 4

Holes length(m) 6
Sub-drilling (m) 0
Burden (m) 3
Spacing (m) 3.5
Stemming (m) 2

120

R* Score

04

RMSE (meters)

02

00— 0
ANN Model Lundborg Model

Figure 8. Comparative Analysis of Flyrock Prediction
Models

Lundborg model, based on simplified mathematical rela-
tionships, only explained 52% of the variance in flyrock
distance and showed poor prediction performance.
Furthermore, a statistical t-test on the prediction er-
rors confirmed that the lower RMSE of the ANN model

compared to the Lundborg model is statistically signifi-
cant (p < 0.05), validating its superior performance.

Moreover, this model overlooks important parameters
such as rock strength and explosive energy, which can
lead to inaccurate results. The Honeybee Optimization Al-
gorithm was then applied to optimize blast parameters
and reduce flyrock. The algorithm optimized parameters
like blast hole diameter, length, sub-drilling depth, spac-
ing, and stemming length, reducing the flyrock distance
from 10 meters to 7.25 meters, which represents a 27.5%
improvement. This demonstrates that the Honeybee algo-
rithm, using modern optimization methods, can signifi-
cantly reduce flyrock distance. Sensitivity analysis in the
study revealed that the burden parameter has the greatest
impact on reducing flyrock, while stemming and specific
charge have the most influence on increasing it.

Compared to traditional models, which rely on simpli-
fied empirical relationships, intelligent methods like ANN
and Honeybee can provide more accurate predictions and
more effective optimization of the blasting process in
mines. These results show that intelligent techniques can
significantly help in controlling flyrock and improving
safety and productivity in mining operations.

7. Evaluating the Influence of Blasting
Parameters on Flyrock

Several advanced analytical methods, namely, Pear-
son correlation analysis, multiple regression modelling,
random forest regression, and permutation importance
analysis, were applied to evaluate the impact of various
blasting parameters on flyrock. The key findings from
these analyses are as follows:
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7.1. Analysis with Pearson correlation

Figure 9 shows a heatmap illustrating the Pearson
correlation between input parameters and flyrock dis-
tance. Among these parameters, burden (B) exhibits the
most significant negative correlation with flyrock, indi-
cating that an increase in burden leads to a considerable
reduction in flyrock distance. Conversely, stemming
length and specific charge show the strongest positive
correlation, suggesting that an increase in these param-
eters results in a greater flyrock distance.

7.2. Multiple Regression Model

To quantify the contribution of each parameter, a mul-
tiple regression model was established (see Figure 10).
The model achieved an R? value of 0.708, indicating that
approximately 70.8% of the variations in flyrock can be
explained by the selected variables. Among these param-
eters, burden exhibited the strongest negative correlation

with flyrock, meaning an increase in burden leads to re-
duced flyrock distance. Conversely, stemming length and
specific charge demonstrated a significant positive cor-
relation, indicating that higher values of these parameters
contribute to increased flyrock distance.

7.3. Feature Importance Analysis
(Random Forest Model)

To validate these results, a feature importance analy-
sis was conducted using the Random Forest model (see
Figure 11). The analysis confirmed that burden, stem-
ming, and specific charge are indeed the most influential
factors affecting flyrock behaviour. The results suggest
that optimising Burden can significantly reduce exces-
sive flyrock, while proper adjustments of stemming
length and specific charge ensure a more controlled en-
ergy distribution.

Multiple Regression Analysis: Coefficients with Confidence Intervals
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Table 4. Consolidated Summary of Sensitivity Analysis Results

Feature Pearson Correlation |Regression Coeff. | Random Forest Imp. | Permutation Imp. | Overall
(Rank) (Rank) (Rank) (Rank) Influence

Specific Charge 1 (Positive) 1 (Positive) 1 1 Very High
Burden 2 (Negative) 2 (Negative) 2 2 Very High
Stemming 3 (Positive) 3 (Positive) 3 3 High
Hole Diameter 4 4 4 4 Medium
Spacing 5 5 5 6 Low
Bench Height 6 6 6 5 Low
Sub-drilling 7 7 7 7 Very Low

7.4. Permutation Importance Analysis

In order to improve the sensitivity analysis, a permuta-
tion importance method was used (see Figure 12). Such a
method systematically changes each variable with its val-
ue to see its significance on flyrock prediction. The find-
ings are consistent with burden as the most impactful
variable in reducing flyrock, with stemming and specific
charge causing the distance of flyrock, respectively.

The results of the various sensitivity analyses consist-
ently show that burden, stemming, and specific charge
are the three most crucial parameters influencing fly-
rock. However, although burden as a major factor helps
fight the rock throw, stemming and specific charge in-
crease flyrock and therefore require key optimisation.

These results have been statistically confirmed using a
multiple regression model and correlation analysis, while
Random Forest and Permutation Importance validated
this systematic and well-established finding as machine-
learning-based. The congruence of these methods further
validates the results and allows for confirmation that
changes to burden, stemming, and specific charge in the
blast design can greatly enhance flyrock control.

To consolidate the findings from the different analyti-
cal techniques, Table 4 provides a summary of the pa-

rameter importance rankings. The consistency across all
four methods strongly validates the identification of bur-
den, stemming, and specific charge as the most critical
parameters governing flyrock.

8. Conclusions

This study successfully demonstrated the develop-
ment and application of a hybrid intelligent system,
combining an Artificial Neural Network (ANN) with a
Honeybee Optimisation Algorithm, for the prediction
and minimisation of flyrock in surface mining. The key
novelty of this research lies in its integrated approach,
moving beyond simple prediction to provide optimised,
actionable blast design parameters for enhanced safety.

The developed ANN model, selected through a sys-
tematic scoring method, showed excellent predictive ca-
pabilities with high R? values (0.8930 for training,
0.8874 for testing) and low RMSE values, significantly
outperforming traditional empirical methods. A compre-
hensive sensitivity analysis consistently identified bur-
den, stemming, and specific charge as the most influen-
tial parameters affecting flyrock distance. The practical
implication of this work is significant. By applying the
Honeybee algorithm to the validated ANN model, blast
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parameters were optimised to achieve a minimum fly-
rock distance of 7.25 meters, representing a 27.5% re-
duction from the safest observed blasts in the field data.
This result confirms that data-driven optimisation can
lead to considerable improvements in operational safety
and efficiency.

For future research, it is recommended to apply this
hybrid model to other mine sites with different geologi-
cal conditions to test its robustness. Furthermore, incor-
porating geomechanical variables (e.g. rock mass rating,
joint properties) as inputs could further enhance the
model’s accuracy. Finally, the performance of the Hon-
eybee algorithm could be benchmarked against other
state-of-the-art metaheuristic algorithms to explore fur-
ther potential for optimisation.
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Integriranje procjene umjetne neuronske mreze s optimizacijom algoritmom pcela
za smanjenje izlijetanja komada stijena pri miniranju u povrsinskome kopu

Lete¢i komadi stijena (flyrock) neZeljena su i opasna pojava koja nastaje tijekom miniranja u povrsinskim kopovima, a
mogu imati ozbiljne posljedice na okolis i sigurnost ljudi. Zbog tih rizika nuzno je provesti detaljno istrazivanje ovoga
fenomena kako bi se smanjili njegovi negativni u¢inci. U ovome se radu predstavlja novi hibridni inteligentni model koji
omogucuje predvidanje i smanjenje udaljenosti izlijetanja stijena kombiniranjem umjetne neuronske mreze (ANN) s
optimizacijom algoritmom pcela. Analiza je provedena na temelju skupa od 334 zapisa miniranja prikupljenih iz povr-
sinskoga kopa rudnika bakra Sungun. Razvijeni su razli¢iti modeli neuronskih mreza koji su potom vrednovani. Nakon
procjene modela pomocu formalnoga sustava bodovanja odabran je najuspjes$niji model za optimizaciju. Taj odabrani
ANN model pokazao je izvrsna prediktivna svojstva s koeficijentima determinacije (R?) od 0,8930 za fazu treniranja i
0,8874 za fazu testiranja te s vrijednostima srednje kvadratne pogreske (RMSE) od 0,2486 i 0,2512. Time je postigao bolje
rezultate u odnosu na klasi¢ne empirijske modele. Za dodatnu optimizaciju obrasca miniranja i povecanje sigurnosti
koriSten je algoritam pcela s ciljem minimizacije predvidene udaljenosti lete¢ih komada stijena. Kao rezultat optimiza-
cije utvrdena je optimalna udaljenost izlijetanja stijena od 7,25 metara, $to predstavlja smanjenje od 27,5 % u odnosu na
najmanju zabiljezenu vrijednost u skupu podataka. Ti rezultati potvrduju uéinkovitost predlozenoga hibridnog pristupa
u poboljsanju sigurnosti i u¢inkovitosti miniranja u povrsinskim kopovima.

Kljuéne rijedi:
procjena izlijetanja komada stijena, optimizacijski algoritam, model miniranja, algoritam pcela, metaheuristicki algoritmi
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Abstract

The use of raw fly ash in the production of cement and geopolymer products is limited due to its low reactivity. However,
the reactivity of fly ash can be increased through a mechanical activation process, allowing for its wider use. This study
focused on the mechanical activation and geopolymerisation of coal fly ash originating from Taiwan. The mechanical
activation was carried out by grinding in a batch-stirred media mill for 1, 3 and 5 minutes. The fineness and specific sur-
face area significantly increased after 1 minute, and then only slightly decreased with further milling. The lime absorb-
ance test showed significant improvement in pozzolanic activity (130-140% increase) after mechanical activation. For
geopolymer synthesis, a 10M NaOH solution was used as an alkali activator with a liquid/solid ratio of 0.35. The geopoly-
mer containing 3-minute fly ash grind produced the highest 28-day compressive strengths (36.1 MPa). The structural
characterisation of fly ash and geopolymer was carried out by Fourier Transform Infrared (FTIR) spectroscopy. Changes
in the FTIR spectra of fly ashes indicated the formation of amorphous aluminosilicate gel, a new reactive product as a
result of geopolymerisation. Based on the strength development of geopolymers, mechanical activation enhanced the
reactivity of fly ash, resulting in rapid setting and higher strength development during the early stages of geopolymerisa-
tion. The results clearly showed that, after mechanical activation, fly ash became a more reactive raw material, offering
greater application potential than its current uses in cement production, road construction, and soil stabilisation.

Keywords:

fly ash, geopolymer, mechanical activation, pozzolanic activity

Geopolymerisation of silica- and alumina-rich indus-
trial by-products is one of the most heavily researched
areas today, with significant progress being made in the
field. The term “geopolymer” was first coined by Davi-
dovits to describe the inorganic polymeric material,
which is the product of the reaction between aluminosil-
icate-oxides with silicate under highly alkaline condi-
tions (Das and Rout, 2021; Xu and Van Deventer,
2000). Geopolymers are considered synthetic analogues
for natural zeolitic materials with similar hydrothermal
conditions required for their synthesis (van Jaarsveld et
al.,, 1998; Xu and Van Deventer, 2000). Contrary to
zeolites’ regular and highly crystalline structures, the
much faster geopolymer reaction results in amorphous

1. Introduction

The cement industry is one of the main contributors to
climate change, accounting for 5-8% of the annual glob-
al anthropogenic CO, emissions. Due to growing popu-
lations and economic development, resulting in increas-
ing demand for housing and infrastructure, the global
cement demand is still estimated to rise by 12-23%
above 2020 levels by 2050 (Cheng et al., 2023). In their
study, Flower and Sanjayan (2007) found that during
the production of typical commercial concrete mixes,
Portland cement is responsible for 74-81% of the total
CO, emissions, followed by the production of coarse
and fine aggregates. As the production of traditional

Portland cement is getting increasingly unsustainable
due to the high energy demand and the use of non-re-
newable raw materials, there is a pressing need to de-
velop more environmentally friendly and sustainable
construction materials.
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to semi-crystalline three-dimensional aluminosilicate
materials (Xu and Van Deventer, 2000). The mecha-
nism of the geopolymer reaction is still not fully under-
stood to this day, however, the most proposed three main
stages are: dissolution, transportation or orientation and
reprecipitation/polycondensation (Xu and Van Devent-
er, 2000; Das and Rout, 2021). In simple terms, geo-
polymers are the product of the reaction of alumina- and
silica-rich solids with alkaline solution. The alkaline so-
lution can be sodium hydroxide (NaOH), potassium hy-
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droxide (KOH), sodium silicate (Na,Si0O,), potassium
silicate (K SiO,) solutions or various combinations (Das
and Rout, 2021). The presence of these alkali salts/hy-
droxides is crucial in the geopolymerisation reaction, as
they are needed for the dissolution of the silica and alu-
mina (first stage of geopolymerisation), as well as for the
catalysis of the condensation reaction (final stage). The
geopolymer reaction begins with the dissolution of alu-
minosilicate solids, resulting in the formation of a gel
layer on the surfaces of the particles. This gel then dif-
fuses outwards, filling out the spaces between the parti-
cles through the precipitation of the gel and the dissolu-
tion of new solids. The aluminosilicate particles are
bound together by the hardened gel phase which acts as
a binder (Xu and Van Deventer, 2000). The geopoly-
merisation reaction takes place at temperatures lower
than 100°C, making it an economically and environmen-
tally more sustainable alternative to traditional concrete
materials. Geopolymers also possess similar or superior
mechanical and chemical properties, thermal resistance,
fire and chemical resistance compared to traditional con-
cretes (Mucsi et al., 2015; Islam et al., 2025; Xu and
Van Deventer, 2000). Geopolymer technology was
originally developed as the chemical activation of natu-
ral raw materials rich in AL O, and SiO, such as kaolin,
metakaolin, silica fumes and calcined clay (Farhan et
al., 2020). Geopolymerisation synthesis is also suitable
for the high-rate utilisation of industrial by-products
with high alumina and silica content, such as fly ash,
ground granulated blast furnace slag (GGBS), red mud
and mine tailings (Ambrus and Mucsi, 2023; Nath et
al., 2016; Kumar et al., 2010; Aziz et al., 2020; Kumar
and Kumar, 2013; Mucsi et al., 2019; Manjarrez and
Zhang, 2018; Moukannaa et al., 2018). In conclusion,
geopolymer technology greatly reduces the environmen-
tal impact of both traditional Portland cement-based
concrete production and industrial by-products, helping
the transition toward environmentally sustainable con-
struction materials (Ali et al., 2025; Liu et al., 2024;
Islam et al., 2025).

Among the above mentioned industrial by-products,
fly ash is one of the most researched materials as a geo-
polymer precursor due to its easy availability, low cost
and suitable chemical and mineralogical composition.
Fly ash properties are highly dependent on the character-
istics of the fired coal (e.g. origin, type, carbon content,
particle size) and the combustion technology used (e.g.
boiler configuration, temperature, gas cleaning equip-
ment) (Bhatt et al., 2019). Fly ash has a high degree of
pozzolanic reactivity due to its high SiO,, AlO, and
Fe,O, content, which can cumulatively exceed 70%. The
construction sector already applies fly ash as a cement
substitute; however, its use is limited due to its relatively
low pozzolanic activity compared to other cementitious
materials, which can be detrimental to the quality of the
produced concrete (Hamada et al., 2024). Ali et al.
(2025) demonstrated the effectiveness of adding fly ash

to concrete composites to counteract the detrimental ef-
fects of recycled coarse aggregate (RCA) on concrete
quality. They found that substituting the cement with
just the inactivated fly ash can improve the strength;
however, this improvement in early strength develop-
ment was lower than that of concretes containing me-
chanically and chemically activated fly ash. Adding ei-
ther the mechanically or chemically activated fly ash
further improved the properties of both fresh and hard-
ened concrete. Their use enhanced the formation of C-S-
H gel, resulting in a denser, stronger matrix. The best
properties, including strength, permeability and density,
were obtained by using chemically activated fly ash, as
the highly alkaline environment accelerated the pozzo-
lanic reaction and the formation of hydration products.
Fly ash can also be used in combination with other waste
materials, such as waste glass and GGBS, to produce
foams with desirable properties (Féris and Mucsi,
2023; Liu et al., 2025). Additionally, the low calcium
content of fly ash was found to be particularly beneficial
in terms of sulphate resistance as it reduces the forma-
tion of expansive products such as ettringite, which can
be detrimental to the quality of geopolymers (Islam et
al., 2025).

Similarly to concrete, the characteristics of fly ash par-
ticle size have a significant effect on the setting behav-
iour, strength development and microstructure of geo-
polymers (Kumar and Kumar, 2011). Both Zhang et
al. (2012) and Gao et al. (2024) found that the particle
size characteristics, specific surface area, and mineral
and chemical composition had a combined effect on the
reactivity of the examined fly ashes. They concluded that
while the surface area is not the main determining factor
in terms of reactivity, it is important for the dissolution
mechanism of fly ash, since the initial key reactions be-
tween the raw material and the alkaline solution occur on
the surface of the particles. Gao et al. (2024) also noted
the critical role of the optimal distribution of fine and
coarse particles in the geopolymerisation process. The
importance of fly ash fineness to geopolymer properties
was also highlighted by Das (2024). Particle size has a
strong influence on the microstructural development of
the geopolymer matrix, which is closely related to the
development of mechanical properties. Using fine fly ash
resulted in a more compact and homogenous matrix, im-
plying the formation of more sodium aluminosilicate hy-
drate (N-A-S-H) gel. This is because the fine fly ash par-
ticles are more reactive and can be almost completely
dissolved in the highly alkaline activator.

The reactivity of fly ash can be improved by thermal
activation, mechanical activation and chemical activation
(Ali et al., 2025). Mechanical activation is carried out by
milling in high-energy mills, such as ball mill, planetary
ball mill, vibratory mill and stirred media mill in both wet
and dry modes (Fu et al., 2008; Nath and Kumar, 2020;
Ambrus and Mucsi, 2023; Marjanovi¢ et al., 2014; Te-
muujin et al., 2009; Kumar et al. 2017; Molnar et al.,
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2014; Yang et al., 2019). Mechanical activation reduces
the particle size of fly ash and increases its specific sur-
face area, thereby accelerating the precipitation and reac-
tion rates, as well as increasing the dissolution rate of the
SiO, and ALO, components. The reduced particle size
enhances the formation of the N-A-S-H gel and other hy-
dration products, resulting in a denser structure (Deb-
nath et al., 2022; Dong et al., 2025; Liu et al., 2024). It
was proven that geopolymers made from mechanically
activated fly ash have higher mechanical strength and im-
proved properties than those made from untreated fly ash
(Kumar and Kumar, 2011; Zhao et al., 2015; Chu et
al., 2019; Mucsi et al., 2014a; Mucsi et al., 2014a;
Somna et al., 2011). The material properties and the
grinding conditions (grinding media, grinding method,
use of chemical additives) greatly influence the particle
size distribution, the macroscopic and microscopic prop-
erties of the material (Dong et al., 2025).

Kumar and Kumar (2011) mechanically activated
fly ash in a vibratory mill and investigated the effects on
geopolymerisation at ambient (27°C) and elevated
(60°C) temperatures. Mechanical activation was found
to increase the reaction rate and decrease the reaction
time. As the duration of mechanical activation increased,
the compactness of the geopolymers also increased,
which could be explained by the formation of a greater
amount of aluminosilicate gel. A strong relationship was
established between the geopolymer properties (setting
time and compressive strength), and the reactivity and
median particle size of fly ash.

Marjanovi¢ et al. (2014) studied the influence of me-
chanical activation on the properties of fly ash and the
synthesised geopolymers. Four different Serbian fly ash-
es were ground in a planetary ball mill for 15, 30, 45 and
60 minutes. Based on the particle size distribution re-
sults, it was determined that 15 min was the optimum
duration of mechanical activation (x,, ~ 3 pm), as the
agglomeration of particles was observed with prolonged
grinding times. The compressive strength of geopoly-
mers made from raw fly ash was low (< 5 N/mm?), then
following mechanical activation, the strength of the geo-
polymers exceeded 50 N/mm? The improvement in
strength can be attributed to the greater formation of
geopolymer gel resulting from the increased availability
of alumina through mechanical activation. Agglomera-
tion during milling can be caused by irregular fragments
adhering to particle surfaces and small particles bonding
together via weak van der Waals forces. These phenom-
ena can be inhibited by adding grinding aids such as
triethanolamine (TAE), as presented by Dong et al.
(2025). TAE not only enhanced the fragmentation of
large particles, but XRD analysis also implied that it de-
creased the interaction forces between particles.

Mucsi et al. (2015) carried out a comparative study
on the mechanical activation of a landfilled brown coal
fly ash in a ball mill, vibratory mill and stirred media
mill. Based on the results, there was a strong correlation

between the grinding conditions (mill type and residence
time), the ground material characteristics (x,, and spe-
cific surface area (SSA)) and the resulting geopolymer
properties. The finest fly ash product (x,, = 5.2 pm, SSA
= 21116 cm?/g) was achieved by using a stirred media
mill, which also proved to be the most efficient grinding
method in terms of grinding energy and kinetics. The
increased SSA also resulted in a more than 10 times
higher uniaxial compressive strength of the geopolymer,
which can be attributed to the better solubility and the
filler effect of the finer fly ash particles.

The objective of the present study is the mechanical
activation (MA) in stirred media mill and geopolymeri-
sation of Taiwanese coal combustion fly ash (FA). MA
was systematically performed in a laboratory batch-
stirred media mill in dry mode for different grinding pe-
riods. Particle size and geometric specific surface area
(SSA) were determined to study the effect of mechanical
activation. The pozzolanic activity of raw (RFA) and
mechanically activated fly ash (MFA) was determined
by the lime absorption method. The structures of the fly
ashes and the synthesised geopolymers were monitored
by Fourier Transform Infrared Spectroscopy (FTIR).
Geopolymers (GP) were made from RFA and MFA, and
their average 7- and 28-day compressive strength and
apparent density were determined.

2. Materials and methods

The fly ash (RFA) used in this study was collected
from the Linkou Power Plant, which is located in the
Linkou District of New Taipei City, Taiwan (see Figure
1). The plant has three pulverised coal-fired units with
ultra-supercritical (USC) steam boiler technology. Aus-
tralian and Indonesian high-quality bituminous and sub-
bituminous coal are used, preferably with low sulphur
content, suitable for USC boilers.

The chemical composition of the RFA was deter-
mined by X-ray fluorescence analysis (XRF), the result
of which is presented in Table 1. The total SiO,, AL,O,
and Fe O, content is 81.46%, which exceeds the mini-
mum 70% oxide content limit required for pozzolanic
materials (Hamada et al., 2024) and can be classified as
Class F based on the ASTM C618 classification (Am-
brus and Muecsi, 2023). Loss on ignition (Lol) was
measured at 950°C with a heating time of 90 minutes
and a residence time of 60 minutes. Due to its properties,
this fly ash is used in cement production, road construc-
tion and soil stabilisation. It is also used to replace
cement by 10-25 wt%, based on the requirements of
ASTM C618.

The particle size distribution and geometric specific
surface area (SSA) were measured using a HORIBA
LA-950V2 laser particle size analyser in wet mode. Dis-
tilled water was the dispersing media and Na-pyrophos-
phate was the dispersing agent for the measurements.
The particle size of RFA is between 0.20 and 200 um,
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Figure 1. Location of Linkou Power Plant in Taiwan

with two main peaks located at around 0.40 and 15 pm
on the frequency distribution curve (see Figure 2). The
characteristic particle sizes of the RFA are the following:
X,y = 2.60 pm, x, = 14.44 pm, x,; = 39.69 um, and the
SSA was calculated to be 4736 cm?/g.

The particle density was determined by the pycnom-
eter method using isopropyl alcohol. The particle densi-
ty of RFA was 2.42 g/cm’.

The mechanical activation of the RFA was carried out
by dry grinding in a laboratory batch-stirred media mill
at a peripheral speed of 6 m/s. The lining of the mill and
the grinding discs are made of a high-wear resistant
Al O, material. The mill is also equipped with a water-
cooling system to prevent the lining from overheating
during milling. The used grinding media were SiLibeads
ZY-type ceramic beads with a diameter of 0.8-1.0 mm
and specific weight of 6 kg/l. The beads are made of yt-
trium stabilised zirconium oxide, making them highly
resistant to wear and tear, ensuring low contamination of
the milled product. Two batches of grinding beads were
used in rotation. For each milling round, the media fill-
ing and the material filling ratios were constant at 0.7
and 0.8, respectively. The milling was carried out for 1,
3, and 5 minutes. The grinding media and the milled
product were separated using a 500 um sieve. While the
degree of wear and breakage of the grinding media was
negligible, emptying the mill and sieving resulted in a
loss of beads. To ensure consistency, the mass of the
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Figure 2. Cumulative and frequency distribution curves
of particle size of RFA

grinding media batch was measured before each grind-
ing session and supplemented accordingly.

The FTIR spectra of the fly ash samples and the geo-
polymer matrices were measured using a JASCO FT/IR
4220 spectrometer equipped with a diamond ATR acces-
sory. The spectra data were collected in the range of 4000-
400 cm™ at a resolution of 4 cm™! and baseline corrected.

The method described in the standard MSZ 4706—
2:1998 “Complements for cement. Natural pozzolanic
complements (trass) for cement.” was used to study the
effect of mechanical activation on the pozzolanic activi-
ty of fly ash. For the test, 100 ml of saturated lime solu-
tion was added to 2 g of material then sealed and shaken.
The solution was shaken every day. Titration was per-
formed every other day by taking 50 ml of the solution,
to which methylene orange indicator was added and then
0.05 mol/L HCI solution was slowly added to the lime
solution until the colour of indicator changed. Following
the titration, 50 ml of fresh lime solution was added to
the base solutions. The measurement took 30 days in to-
tal. Using the HCI solution loss, the lime uptake per 1 g
of material can be determined.

NaOH solution with a molarity of 10 M was used for
geopolymer synthesis. The liquid/solid ratio was kept at
a constant 0.35 for all geopolymer mixtures. The solid
and liquid components were mixed manually, then the
pastes were cast into a polyvinyl chloride mould divided
into 20x20%x20 mm cubes. The specimens were manu-
ally compacted by gently dropping the mould at least 10
times to remove air bubbles. The geopolymers were
stored hermetically sealed in the mould at room temper-
ature for six days. Once removed from the mould, the
hardened specimens were stored in separate Ziploc bags
for each mixture at room temperature until the day of the
compressive strength measurements.
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Table 1. Chemical composition (weight %) of the Taiwanese FA
Oxide Si0, | ALO, | Fe,0, | CaO MgO TiO PO, | NaO K,0 Lol
wt% 50.96 23.89 6.61 8.38 1.48 1.21 1.49 0.72 0.88 2.29
The uniaxial compressive strength (UCS) measure- 40— - A=3969 - To Characteristic |
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. _ . ES . _ — g x10
using a SZF-1 type hydraulic compression-testing ma e - — @ x50 [
chine with a maximum load capacity of 25 kN. For each i \ | — A x80
age, the average USC values of three cube specimens w0 [ S ‘ ‘
(see Figure 3) are given. Prior to the UCS tests, the size \ | | |
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Figure 4. Characteristic particle sizes as a function

Figure 3. Prepared GP specimens

3. Results and discussion
3.1. Particle size and specific surface area

The effect of mechanical activation in the stirred me-
dia mill on the characteristic particle sizes (x,,, X,, and
X,,) are shown in Figure 4. There is technically no de-
viation in the x,, value following 1 min of mechanical
activation; however, with prolonged grinding the size
reduction is higher. Contrary to the x , the initial x, and
X,, Values decreased considerably (by 67% and 83%),
but the decrease was less with further grinding, only 22-
25%. These observations correlate well with the findings
of Kumar and Kumar (2011), Fu et al. (2008) and
Nath and Kumar (2020), who also found that the in-
crease in fly ash fineness is more prominent in the initial
stages of grinding, which slows down in later stages.

The change in the frequency distribution after me-
chanical activation in the stirred media mill can be well
observed in Figure 5. As a result of 1 minute of grind-
ing, the first mode of the RFA frequency curve below 1
um disappeared and became monomodal, with the sec-
ond mode of ~11 pm shifting to a higher frequency at a
smaller particle size range from 1 to 20 pm. On the
MFA3 curve, the submicron particles reappear between
~0.2-1 um and the sharpest peak shifts to a smaller par-
ticle size with a slightly increased frequency. This indi-
cates a higher degree of fragmentation of coarse parti-

of grinding time

cles and deagglomeration. This process with higher
grinding time further intensified as the mode associated
with the ultrafine particle fraction became more promi-
nent, also in good correlation with the significant in-
crease in geometric SSA (see Figure 6).

In general, the geometric SSA increased exponen-
tially with prolonged grinding time (see Figure 6). The

14

||—-rFA

Volume distribution, %

Particle size, ym

Figure 5. Frequency curves of the RFA and MFA samples
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Figure 6. Geometric surface area as a function
of grinding time

sharp increase in the geometric SSA between 1 and 3
minutes of grinding suggests the formation of ultrafine
particles, as evidenced by the reappearance of the first
mode and the slight shift toward finer particle size on the
frequency curve. The highest SSA was obtained after 5
minutes of mechanical activation, resulting in a 70% in-
crease compared to MFA3. The geometric SSA increased
almost 4 times from 4736 cm*g to 17789 cm?*g after 5
minutes of grinding compared to the RFA.

3.2. Pozzolanic activity

Pozzolanic reaction is defined as the interaction be-
tween the amorphous silica and alumina content of ma-
terials and the calcium hydroxide (Ca(OH),) formed
during cement hydration, which promotes the formation
of additional cementitious compounds (Hamada et al.,
2024). The pozzolanic activity of fly ash is much lower
than traditional natural pozzolanic materials (i.e. trass)
and other “manufactured” pozzolanic materials like sili-
ca fume, as the pozzolanic reaction takes place extreme-
ly slowly on the glassy outer shell of fly ash particles
(Opoczky, 2001). The mechanical activation of fly ash
by fine grinding breaks the particle’s vitreous outer layer
(surface activation) and liberates the inner part with a
high glassy phase, thereby increasing the proportion of
the glassy phase participating in the pozzolanic reaction,
resulting in a stronger geopolymer (Opoczky, 2001;
Mucsi et al., 2015; Gao et al., 2024). The pozzolanic
activity of fly ash can be enhanced by increasing its sur-
face area, as this improves the reactivity with Ca(OH),
in the cement paste, leading to improved concrete
strength and durability (Hamada et al., 2024).

It is evident from the lime absorption test results (see
Figure 7) that by grinding in the stirred media mill, the

pozzolanic activity of the fly ash was significantly im-
proved. The initial 40.2 mg/g FA total lime uptake of the
untreated fly ash was raised to between 93.3-96.4 mg/g
FA, the highest lime absorption achieved by the 3-min-
ute grinding. This improvement can be attributed to the
increase in surface area and the breakdown of the vitre-
ous outer layer of the fly ash. Initially, the dissolution of
the active components of the raw material by the alkali
activator occurs on the particle surface, during which the
vitreous outer layer is gradually destroyed. However,
this process is relatively slow, which inhibits the depol-
ymerisation-condensation polymerisation reaction of FA
(Liu et al., 2025). To enhance the reactivity of FA, it is
necessary to destroy the glassy structure of the particles,
as described in detail through the geopolymerisation
process by Liu et al. (2025). Mechanical grinding de-
stroys the vitreous outer layer of the FA, exposing the
inner alumina and silica compounds that participate in
geopolymer or cementitious reactions. Thus, the higher
absorption of lime by MFAs is due to the increased
availability of these compounds, as well as the increased
surface area of the active sites compared to RFA.

100

4 —#— rFa
90 — —ll— MFA1
Jd| —@— wras
g0 —| —A— MFAs

60 —]

Lime uptake, mg/g
1

Reaction time, days

Figure 7. Lime uptake of the RFA and MFAs

3.3. Compressive strength and specimen density

The average UCS results presented in Figure 8 show
that the mechanical activation of the RFA significantly
enhanced the compressive strength of the MFA-based
geopolymers. Compared to the RFA-based geopolymer
(RFAGP), the increase in the 7-day compressive strength
was more than 200% even after only 1 minute of milling
(MFA1GP). The rate of improvement is much lower for
the 28-day UCS values but still ranges from 53-91%.
Overgrinding resulted in a decrease of USC. The MF-
A1GP and MFASGP specimens yielded similar com-
pressive strength results at both ages. The geopolymer
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made from the MFA3 achieved the highest compressive
strength at both ages, reaching maximum strengths of
26.2 MPa and 36.1 MPa at 7 and 28 days of age, respec-
tively. Mucsi et al. (2015) found that after increasing the
fineness of FA by grinding in a high-energy mill, the
solubility of SiO, and Al,O, in the NaOH solution can be
enhanced, resulting in a higher amount of GP gel. They
also suggest that the <1 pm unreacted size fraction can
act as a filler, playing a role in improving the geopoly-
mer strength.

For RFAGP, the compressive strength improved by
361% between 7 and 28 days, indicating a prolonged
strength development and longer setting time (Nath and
Kumar, 2020). Meanwhile, the rate of strength develop-
ment during this period is much lower in the case of
MFA-geopolymers, suggesting that the majority of the
geopolymerisation of FA occurs in the earlier stages of
geopolymer formation and slows down over time. These
differences in strength development demonstrate the en-
hancing effects of mechanical activation on the reactivi-
ty of FA, resulting in the more rapid dissolution of FA,
leading to faster setting and higher strength development
at the earlier stages (Temuujin et al., 2009).

The specimen density values at 7 and 28 days ranged
from 1.874-1.917 g/cm?® and 1.803-1.932 g/cm?, respec-
tively. The particle size reduction did not cause a sub-
stantial change in the specimen density of the geopoly-
mers. The MFA3GP had the highest specimen density at
both ages, but the increase is considerably lower, only
2%, compared to the UCS values.

As a result of the rapid setting caused by mechanical
activation, the workability of the fresh geopolymer paste
deteriorated as the grinding time increased. This resulted
in difficulties during the moulding and the compaction
of the specimens. The morphology and fineness of fly
ash are important factors in terms of its use in the pro-
duction of ordinary Portland cement concretes. The
spherical FA particles and the wide size distribution con-
tribute to lower water demand and better workability, as
well as higher packing density of the concrete, resulting
in higher strength. During grinding, this spherical mor-
phology of FA is destroyed and the range of sphere sizes
is reduced, which could also be the cause of the lower
workability of the fresh concrete (Temuujin et al.,
2009; Felekoglu et al., 2009). Raising the fly ash con-
tent can also affect the fluidity of fly ash-slag geopoly-
mer foam concrete, which increases due to the low sur-
face tension of the spheroidal glassy microstructure of
the raw fly ash particles. With mechanical activation,
this structure is damaged, leading to reduced surface ten-
sion and increased cohesion between particles, resulting
in the decreased flow of the slurry (Liu et al., 2025). In
conclusion, the decrease in UCS and specimen density
between MFA3GP and MFASGP can be partially ex-
plained by the inadequate compaction of the specimens
caused by the combined effects of rapid setting and poor
workability of the geopolymer paste.

RFAGP MFA1GP MFA3GP MFA5GP

5 | | | | 2

-—=== :="+<:—_
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Figure 8. Compressive strength and specimen density
of Taiwanese fly ash-geopolymers

3.4. FTIR spectroscopy

The FTIR spectra of RFA and the three MFAs are pre-
sented in Figure 9. The high-intensity broad band at
~1054 cm’!, present in the spectra of both RFA and
MFAs, is attributed to the asymmetric stretching vibra-
tions of T— O — Si (T = Al or Si). This band is character-
istic of fly ashes and is the result of the combined vibra-
tions of the quartz, mullite and vitreous components.
The presence of quartz also contributes to the band at
698 cm' and the double band at 795-777 cm’!
(Marjanovi¢ et al., 2014). The intensity of the double
peak increases as the grinding time increases. These
bands are characteristic of the bending vibrations of
Si—O-Si bonds of quartz, and the higher intensity can be
explained by the breakdown of the covalent bond in the
silicate network of fly ash (Ambrus and Mucsi, 2023;
Djobo et al., 2016). The peak at 556 cm'! is related to the
symmetric stretching vibration of Si— O — Si and A1 - O
— Si (Panias et al., 2007). Milling weakens the bonds
within the particles, making them more reactive with al-
kali activators during geopolymerisation (Debnath et
al., 2022). In general, the spectra of fly ash were not sig-
nificantly altered by mechanical activation, although the
prominent peaks shifted to higher intensities, which is
the result of higher infrared absorbance due to higher
specific surface area (Mucsi et al., 2015; Debnath et
al., 2022). However, it shows remarkable differences in
the band sharpening observed in the silicate mineral re-
gion (around 1200-1000 cm™), which provides insight
into the concentration and structural order of the silicate
mineral. According to Hamada et al. (2024), the in-
crease in peak intensity is due to the disintegration of
larger particles into finer particles, as well as the break-
down of molecular bonds. The observed sharpening of
the band indicates an increase in the concentration of
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reactive material and silica content (SiO,), both of which
can be attributed to grinding activity.

Several new peaks and bands appeared as a result of
the geopolymerisation of fly ash as can be seen in Fig-
ure 10a. The most prominent change can be observed in
the peak attributed to the asymmetric stretching vibra-
tions of Si— O — T (T = Al or Si) bonds. The main band
at ~1050 cm™! on the spectra of fly ashes shifts to a lower
wavenumber at ~970 cm™ with higher intensity, result-
ing in a sharp peak on the spectra of fly ash geopoly-
mers. This prominent shift signifies structural reorgani-
sation and the formation of new reaction products,
namely, the amorphous aluminosilicate gel. This can be
the result of the dissolution of the amorphous phase of
fly ash in the strong alkaline activating solution (Kumar
et al., 2017; Panias et al., 2007). The series of small
bands located between ~795 and 690 cm™! is associated
with the presence of quartz (Marjanovié et al., 2014),
the change in intensity is similar to those located in the
spectra of the fly ashes. A broad band with a peak located
at 3300 cm™ and a low-intensity peak at ~1650 cm™! ap-
pear in the spectra of both the RFA and MFA geopoly-
mers. These peaks are attributed to the stretching vibra-
tions of O—H bonds of adsorbed water and the bending
vibrations of H — O — H bonds of water molecules en-
closed within the aluminosilicate structure, respectively
(Kumar et al., 2015; Kumar et al., 2017). Panias et al.
(2007) found a correlation between the intensity of the
water-related peaks and the compressive strength of ge-
opolymers. A higher intensity of these peaks indicates a
greater degree of water adsorption, as can be seen on the
RFAGP spectrum (Kumar et al., 2015; Kumar and
Kumar, 2011), which also had the lowest 7-day UCS.
However, the intensity of both bands significantly de-
creased for MFA3GP, which had the highest 7-day UCS.
The band appearing at ~1400 cm™ in every spectrum, is

characteristic of the stretching vibrations of C = O, in-
dicative of carbonate groups (i.e. Na,CO,) in the struc-
ture which is the product of the atmospheric carbonation
of NaOH aqueous phase. The highest and lowest intensi-
ties of this band were detected for RFAGP and MFA3GP,
respectively, indicating a higher degree of carbonation
due to the unreacted alkali in the geopolymer matrix
containing untreated fly ash (Kumar et al., 2015; Pa-
nias et al., 2007).

On the spectra collected after prolonged curing of
geopolymers (see Figure 10b), considerable change can
be observed in the bands related to the structural water
content (3700-3000 cm™ and 1650 cm™). Both of these
peaks appeared at a higher intensity for MFA3GP, for
RFAGP, these peaks shifted to a significantly lower in-
tensity after 28 days. The peak attributed to the C=0
bond also shifted towards lower intensity, indicating a
lower rate of carbonisation. This decrease could be due
to the increased involvement of fly ash in the hydration
reaction over a longer curing period. This inhibits the
carbonisation process due to the reduced availability of
free alkali (Liu et al., 2024). This correlates well with
the change observed in Si— O — T (T = Al or Si) peak at
970 cm! in the geopolymer spectra, which became much
sharper over time, indicating greater polymerisation
(Kumar and Kumar, 2011. The peak at 970 cm™! on the
spectrum of MFA3GP shifted to the highest intensity
which also had the highest 28-day UCS.

3.5. Relationship between compressive strength,
SSA, x_, and lime absorption

The 7-day and 28-day compressive strengths as a
function of SSA, median particle size (x,,) and lime up-
take are presented in Figure 11. The relationship be-
tween these parameters was examined based on the best
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Figure 10. FTIR spectra of GPs at the age of (a) 7 days and (b) 28 days

fit function to the points. The weakest correlation was
found with the SSA of the FA. Higher coefficient of de-
termination fit was observed between the 7-day UCS
and the SSA (R? = 0.513), indicating that the SSA may
have a bigger influence — although weak — on the earlier
stages of strength development, as a higher SSA can en-
hance the dissolution rate of FA in the initial stages of
geopolymerisation (Zhang et al., 2012). Stronger cor-
relation was found between the UCS and the x,;, and
between the UCS and the amount of lime absorbed, both
of which follow an exponential trend. Gao et al (2024)
observed a similarly strong relation between the com-
pressive strength of geopolymers and the median parti-
cle size of FA. The authors, along with Kumar and Ku-
mar (2011), suggest that x,| more accurately character-

ises the particle size distribution when the reactivity of
FA is considered.

4. Conclusions

The following conclusions can be drawn from the ex-

perimental results presented above:

* Mechanical activation had a significant effect on the
reactivity of the investigated Taiwanese fly ash. The
pozzolanic activity of MFAs, determined by lime
uptake test, increased by 130-140% compared to
the RFA.

» However, overgrinding resulted in a smaller increase
in the pozzolanic activity of FA, which also affected
the compressive strength of the geopolymer.
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Figure 11. UCS as a function of (a) SSA, (b) X, and (c) absorbed lime

Optimal fineness was found to be at 3 min residence
time mechanical activation where median particle
size and specific surface area were 3.56 um and
10494 cm?/g, respectively.

A strong correlation was found between the lime
uptake results of the ground fly ash and the result-
ing geopolymer compressive strength. The MFA3
had the highest total lime uptake (96.4 mg/g FA),
from which the geopolymers with the highest com-
pressive strength (36.1 MPa at the age of 28 days)
were produced.

FTIR results show that after mechanical activation,
the prominent peaks on the spectrum of RFA shifted
to higher intensities, which is the result of higher
infra-absorbance due to higher specific surface area

as well as the breakdown of molecular bonds. The
shift of the main peak at ~1054 cm! in the FA spec-
tra shifted to lower wavenumbers after geopoly-
merisation, indicating structural reorganisation and
formation of new reaction products (amorphous
aluminosilicate gel).

In order to better support the results of FTIR meas-
urements and understand the structural changes that
occur as a result of milling and geopolymerisation,
XRD and SEM measurements are necessary.

Overall, it can be concluded that the mechanical ac-
tivation of Taiwanese fly ash can significantly en-
hance its pozzolanic activity, decreasing reliance on
traditional cement manufacturing processes and
helping to lower CO, emissions. Therefore, it pro-
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vides an environmentally friendly alternative to tra-
ditional materials and helps to reduce the global
environmental impact.
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SAZETAK

Mehanicka aktivacija i geopolimerizacija letecega pepela s Tajvana

Uporaba sirovoga leteceg pepela u proizvodnji cementa i geopolimernih proizvoda ogranic¢ena je zbog njegove niske
reaktivnosti. Medutim, reaktivnost letecega pepela moze se povecati postupkom mehanicke aktivacije, ¢ime se omogu-
¢uje njegova $ira primjena. Ovo istrazivanje usmjereno je na mehanicku aktivaciju i geopolimerizaciju lete¢ega pepela
dobivenoga iz ugljena s Tajvana. Mehanicka aktivacija provedena je mljevenjem u mlinu s mijesanim medijem u trajanju
od 1, 31 5 minuta. Finoca i specifi¢na povr$ina znatno su se povecale ve¢ nakon 1 minute, a s daljnjim mljevenjem tek su
se neznatno mijenjale. Test apsorpcije vapna pokazao je znatno pobolj$anje pucolanske aktivnosti (povec¢anje od 130 do
140 %) nakon mehanicke aktivacije. Za sintezu geopolimera koridtena je otopina natrijeva hidroksida (NaOH) koncen-
tracije 10M kao alkalni aktivator, s omjerom tekucina / ¢vrsta faza od 0,35. Geopolimer koji je sadrzavao pepeo mljeven 3
minute postigao je najvecu tla¢nu ¢vrstocu nakon 28 dana (36,1 MPa). Strukturna karakterizacija lete¢ega pepela i geo-
polimera provedena je Fourierovom transformacijskom infracrvenom (FTIR) spektroskopijom. Promjene u FTIR spek-
trima letec¢ih pepela upudivale su na to da se geopolimerizacijom stvara novi reaktivni produkt amorfni alumosilikatni
gel. Na temelju snage razvoja geopolimera mehanicka aktivacija povecala je reaktivnost lete¢ega pepela, $to je dovelo do
brzoga vezivanja i vedega razvoja ¢vrstoce u ranim fazama geopolimerizacije. Rezultati jasno pokazuju da je nakon me-
hanicke aktivacije lete¢i pepeo postao reaktivnija sirovina nudeci ve¢i potencijal primjene nego $to je to slu¢aj u njegovoj
trenutacnoj upotrebi u proizvodnji cementa, izgradnji cesta i stabilizaciji tla.

Kljucne rijeci:
leteci pepeo, geopolimer, mehanicka aktivacija, pucolanska aktivnost
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Abstract

The Gola Gas field in the northwestern Drava Basin lies within the structurally complex petroleum system. Its sandstone
reservoirs exhibit spatial heterogeneity due to deltaic fan sedimentation, necessitating robust interpretation tools. We
present a fully Python-based seismic horizon extraction and 3D geological modelling workflow tailored to this challenge.
The method leverages the greedy propagation method to track horizons with optimal reflector continuity, overcoming
limitations of manual interpretation and traditional auto-pickers in faulted or noisy zones. An initial approximation is
provided via seed-guided interpolation. Around this surface, a seismic sub-volume is extracted and flattened to align
reflections. Within this volume, the greedy algorithm identifies a locally optimal path, maximizing continuity and am-
plitude strength. Our implementation extends the cost-based framework with slope guidance, local correlation, and
robust outlier filtering to ensure geologic realism and repeatability. Surfaces are converted to 3D meshes using interpola-
tion and smoothing, and the results are integrated into an interactive 3D geological model of the Gola field. For the first
time in the research area, the model was built entirely in Python, enabling automated horizon extraction, geobody visu-

alization, and seismic interpretation within a flexible, open-source environment.

Keywords:

seismic horizon, geological model, greedy propagation, dynamic programming, Gola field

1. Introduction

The Gola Gas field, located in the northwestern Drava
Basin, lies within the “Deep Drava” petroleum system, a
structurally complex zone shaped by syn-rift tectonics
from the Early to Middle Miocene (Lu¢ié et al., 2001;
Paveli¢, 2001; Royden, 1988) (see Figure 1). Miocene
sediments, unconformably overlying Mesozoic base-
ment, include bioclastic limestones, lithic sandstones,
and fine-grained conglomerates deposited in marine and
deltaic environments. In the NW part of Gola, sandy
conglomerate sequences and bioclastic limestones dom-
inate, with evidence of high-density turbidity currents
depositing coarse detritus on delta slopes (Lowe, 1982).
Gas reservoirs occur mainly in Lower and Middle Mio-
cene clastic units at depths of 1800-3950 m (Saftié et
al., 2003), with lateral and vertical heterogeneity reflect-
ing variable depositional settings — from continental to
shallow marine. These units exhibit significant lithologi-
cal variability and reservoir quality, with bioclastic car-
bonates forming key gas-bearing intervals. Although
some conglomerates and sandstones lack fossils, their
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sedimentological features suggest subaqueous deposi-
tion in a proximal prodelta to shallow marine setting
(Tadej, 2011). The importance of the selected research
area lies in the fact that the deeper subsurface is known
for its gas bearing calcitic reservoirs in Early to Middle
Miocene and has therefore been explored (Tadej, 2011).
However, it has been established that the shallow, Upper
Miocene reservoir sandstones of the Gola field were de-
posited within the sedimentary channels and lobes of
prograding delta fans and are classified as stratigraphic
traps (Brekovié et al., 2024). The importance of deline-
ating sandstone reservoirs lies in the heterogeneity of
their spatial distribution and complex sedimentation in
deltaic fan environment. The reservoir properties, such
as porosity and permeability, have been determined us-
ing the core measurements (Tadej, 2011). However, due
to intertwined layering of sandstones and shales, the res-
ervoir connectivity is still to be determined and de-
scribed. The reservoir sandstones have been established
in well data (Brckovi¢ et al., 2024; Tadej, 2011). How-
ever, limitations of traditional seismic interpretation
methods provides the space for the application of ma-
chine learning methods assisted interpretation. This is
why the aim of the article is to present a reproducible
Python-based framework combining local greedy propa-
gation method for seismic interpretation, leading to the
geological modelling of the research area. Horizons
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Figure 1. Geographical position of the main research area (Gola field), broader area with seismic
data containing the main research area, wells position (well top data) on a map of central Europe
with Panonnian Basin System borders delineated.

themselves are not isolated artifacts but are essential in-
puts to stratigraphic modelling and the basis for under-
standing reservoir architecture. To illustrate the broader
geological utility of the extracted horizons, independent-
ly derived geobodies were integrated with stratigraphic
surfaces to construct a more comprehensive subsurface
model.

Seismic horizon interpretation is a basic step in geo-
logical modelling framework, which is essential for
characterizing structural and stratigraphic frameworks
in the subsurface. Traditionally, horizons are identified
manually by interpreters who follow coherent reflectors
in seismic sections. While this approach can provide
geologically valid results, it is often subjective, labor-
intensive, and limited in resolution and consistency, es-
pecially in large 3D seismic datasets or in structurally
complex areas with faults, noise, or stratigraphic discon-
tinuities (Yan & Wu, 2021). Recent methodological in-
novations have aimed to automate horizon picking to
overcome these limitations. Among them, slope-based
methods use local dip estimates to propagate horizon
picks (Wu & Fomel, 2018). While robust in relatively
continuous settings, they struggle with abrupt termina-
tions of horizons such as those formed by faulting. To
address this, Wu & Fomel (2018) proposed multigrid
correlations to enhance continuity, and Bugge et al.
(2019) introduced non-local trace matching to better
capture lateral reflection relationships in discontinuous
settings. A major leap in horizon extraction has come
with the use of deep learning. For instance, Bi et al.

(2021) developed a volume-to-volume convolutional
neural network that estimates a relative geologic time
(RGT) volume from seismic data. This RGT volume can
simultaneously capture horizons and faults by treating
them as isosurfaces and discontinuities, respectively.
The approach leverages synthetic training data and
structural similarity-based loss functions to generalize
across various seismic settings (Bi et al., 2021). Others
similarly used U-Net architectures for direct horizon ex-
traction from seismic amplitudes, showing that neural
networks can handle complex geometries and disconti-
nuities when trained appropriately (Tschannen et al.,
2020) . Despite the efficiency of deep learning, it re-
mains computationally expensive, data-hungry, and of-
ten difficult to interpret or control. As a complementary
alternative, dynamic programming (DP) offers an effi-
cient, deterministic method for extracting optimal seis-
mic paths and surfaces. Yan & Wu (2021) proposed a
DP-based refinement method that starts from a coarse
initial horizon and searches for the optimal amplitude-
consistent surface within a defined window. This ap-
proach does not rely on continuous slopes alone, making
it particularly adept at following reflectors through
structurally disturbed zones such as faults or unconform-
ities. Moreover, it integrates user guidance through
sparse control points or seed values, which enhances in-
terpretability and flexibility (Yan & Wu, 2021). In con-
trast to deep networks, dynamic programming is not
data-driven but instead exploits local correlation struc-
ture and global optimization to ensure geological real-
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ism. It is computationally lightweight and interpretable,
making it a valuable tool for semi-automatic workflows
or for use alongside machine learning where ground
truth is limited. By combining these approaches — tradi-
tional slope estimation, non-local matching, and dynam-
ic programming — modern seismic interpretation frame-
works can achieve unprecedented precision and reliabil-
ity in horizon tracking. This enables more robust
geobody extraction, reservoir modelling, and subsurface
analysis, especially in complex geologies where manual
or purely slope-based methods fail to trace seismic hori-
zons adequately.

Recent research in 3D geological modelling reveals a
strong trend toward combining open-source tools, ma-
chine learning, and structured geological logic. Many
studies focus on hierarchical or stochastic modelling
strategies, often relying on geological rules or learning
from data (De La Varga et al., 2019; Feng et al., 2024;
Marquetto et al., 2024). A wide range of studies em-
phasize hybrid methodologies that combine traditional
interpretation with computational models, often using
decision trees, support vector machines, or unsupervised
clustering to improve reservoir prediction and structural
modelling accuracy (Chen et al., 2024; Otmane et al.,
2025). While Shahbazkia et al. (2025) further demon-
strated the robustness of hybrid approaches like Quick
Invariant Signature and Dynamic Time Warping (DTW)
for handling noisy seismic data. These papers show a
broader shift toward modular, flexible modelling work-
flows. Our approach in this article is simple, modular,
deterministic and fully Python-based. It combines inter-
pretable seed-guided surface extraction with structured
hexahedral meshing. Our emphasis was on bridging
semi-automated interpretation with geobody extraction
and volumetric mesh creation, and doing so entirely with
accessible, open-source libraries.

2. Materials and methods

The methodology implemented for seismic horizon
extraction implements the greedy propagation method
(GP) to refine or generate geologically consistent sur-
faces that follow seismic reflectors with optimal conti-
nuity. This approach was motivated by the limitations of
both manual interpretation, which is subjective and
time consuming, and traditional automated methods,
which often struggle in the presence of structural dis-
continuities like faults or noisy reflections. Traditional
methods include but are not limited to the methods such
as Maximum Amplitude Picking, Zero-Crossing or
Peak/Through Picking, Tracking Using Instantaneous
Attributes and Dip-Steered Auto-picking (Gradient-
Based), which have been tested throughout our research
as well (see Table 1). The proposed methodology ap-
plies a greedy algorithm in line with principles of
greedy optimization strategies (Lu et al., 2016; Nie et
al., 2023).

For seismic horizon picking in Gola field, several
seismic attributes were utilized to enhance reflector con-
tinuity and improve the reliability of the greedy ap-
proach. The core attribute used during tracking was the
seismic amplitude, specifically focusing on peak or
trough continuity, depending on reflector polarity. How-
ever, amplitude alone can be ambiguous in areas of
structural complexity, so this was supplemented with the
instantaneous phase and local similarity (correlation) at-
tributes to guide the algorithm through low signal-to-
noise regions. Amplitude values were extracted directly
from the seismic cube and used to identify local maxima
or minima as target reflection events. To improve lateral
continuity, local similarity (computed via a windowed
normalized cross-correlation) was applied in the inline
and crossline directions. This measure acted as a confi-
dence mask during DP pathfinding, preferring paths with
consistent waveform shapes. Slope estimates were op-
tionally calculated using gradient filters, allowing the
algorithm to enforce realistic dip constraints, especially
important near faults. All attribute calculations and
tracking were implemented in Python, allowing full re-
producibility and seamless integration with the automat-
ed interpretation framework. These attributes collective-
ly ensured robust and geologically valid horizon extrac-
tion even in structurally deformed or noisy seismic
sections. The process begins with an initial approxima-
tion of the horizon, typically interpolated from sparse
seed points or derived through a separate coarse tracking
mechanism. This preliminary surface does not need to
be precise; it merely guides the subsequent refinement.
Around this surface, a sub-volume of seismic amplitudes
is extracted, which is flattened relative to the initial hori-
zon to align local reflections. Within this sub-volume,
the dynamic programming algorithm searches for a path
that maximizes the global consistency of reflection
events, typically focusing on peaks, troughs, or zero
crossings, while accounting for local continuity and am-
plitude strength. The DP algorithm ensures a globally
optimal solution by avoiding local minima that might
mislead simpler tracking methods. A crucial strength of
this approach lies in its ability to follow reflectors
through complex structures, including faults and noisy
regions, by treating horizon tracking as a global optimi-
zation problem. This is supported by the previous work
by Yan & Wu (2021), who demonstrated how dynamic
programming can overcome the shortcomings of slope-
based and correlation-based horizon tracking. Their for-
mulation interprets the horizon as an optimal path
through a 2D or 3D cost function, where the cost is in-
versely related to desirable seismic features, such as
high correlation or strong amplitude alignment. Our im-
plementation extends this idea by also incorporating lo-
cal slope guidance, where available, and by using effi-
cient neighbourhood correlation schemes to provide lo-
cal predictive depth shifts. The method has been
enhanced to preserve determinism, ensuring repeatable
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Table 1. Results of modification for automatic horizon picking functions, with increasing version number meaning

better geological plausibility

Version | Added Method Core Feature Advantage
v0 Max amplitude Simple peak detection on each trace | Fastest and simplest baseline method
vl Slope based Picks guided by local structural dip Improve§ stmctural I
and continuity
v2 DTW based Cross-trace reflector alignment TS IDVER SRS
reflectors
. Faster and more geologically realistic
v3 DTW based refined Local peak alignment refined per trace than full DTW
v4 Median filter Post-processing smoothing Pro.duces o ier el elrier
horizons
V5 Median + Gaussian filter Dual-.pass smoothmg Furt}.ler'nm.se suppression and
(median + Gaussian) continuity improvement
Adjusts picks based . .
vS.1 + Local continuity refinement on 3%3 neighbourhood if deviation GRS 70 I LR (Rl Gl
to structural breaks
> threshold (e.g. 15 m)
V5.2 Attribute masking (chaos-guided) Attrlbute thresholding to mask noisy Suppresses chaotic or structurally
picks incoherent reflectors
V5.3 At 4+ Slipe midhnes Comt?lnes slope steering with attribute | Better tracking through dipping zones
masking and faults
. . Global trace-by-trace optimization Enforces horizon continuity across
VUHL DI oIz (D15 with amplitude + smoothness cost long lateral distances
v6.1 TP g g ot Adds constraint on steep lateral depth Imp.roves. trgckmg in high-dip zones;
jumps avoids aliasing
. Narrows DP search to region near Greatly reduces compute time; more
v7 Local search window . . . .
previous best pick robust to vertical noise
. . Removes statistical outliers and Converts raw picks into clean,
+ . .
G it g <+ ke Tmesn interpolates smooth surface interpretable 3D surfaces
Vo Greedy propagation seed-based | Tracks from seed in single direction | Anchors horizon to known markers
tracking (1D) using local peaks (e.g. well tops); improves realism
Greedy propagation seed-based | Expands seed tracking to via local Propagates surfaces consistently
v10 . . .
tracking (2D) amplitude search from sparse seed input
Combines seed guidance, slope Produces geologically plausible,
vil Seed + correlation + slope (GP) | prediction, and trace similarity slope-consistent, seed-anchored
matching horizon surfaces

results, and to filter out physically implausible outliers in
the resulting surface. Additionally, by transforming the
extracted horizon into a point cloud and applying robust
outlier filtering and smoothing (via interpolation and
Gaussian filtering), we generate a final continuous sur-
face that is both geologically plausible and visually con-
sistent. Complementing this, recent advances in deep
learning-based approach-es, as presented by Bi et al.
(2021), offer a data-driven alternative using Relative
Geologic Time (RGT) estimation. These methods pre-
dict RGT volumes from seismic data using encoder-de-
coder neural networks, allowing simultaneous interpre-
tation of horizons and faults. While such methods are
powerful, especially when large training datasets are
available, our dynamic programming method provides a
transparent, interpretable, and user-guided alternative
that does not rely on black-box models or extensive
training data — making it particularly suitable for explor-

atory interpretation or projects with limited labelled
datasets. Together, these methodologies establish a ro-
bust, reproducible, and interactive horizon extraction
workflow that balances automation with interpretability
and adapts well to varying geologic scenarios and data
qualities.

The starting point of this workflow is the function that
extracts horizon (see Appendix A.1), which implements
a robust seed-based greedy algorithm. It propagates
from one or more user-defined seed points, each defined
by an inline, crossline, and depth value, and traverses
neighboring traces to determine the best-matching hori-
zon location. The match is based on correlation of trace
segments within a depth window to ensure that the local
waveform shape is preserved. Importantly, the method
does not match each trace to its immediate neighbor. In-
stead, it compares all segments to the reference pattern
taken from the seed trace, promoting geological consist-
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ency across a larger area. Local slope estimates help
steer the search direction to follow natural reflector
trends, while a depth penalty discourages large vertical
jumps, preventing the algorithm from locking onto
strong but unrelated reflectors. These combined strate-
gies ensure that the extracted horizon honors both signal
similarity and geological structure. After the horizon is
extracted, it is typically noisy or contains small-scale de-
viations caused by trace-level inconsistencies or inter-
ference. The next step uses the filtering function to iden-
tify and remove extreme outlier values in the horizon
surface. This step uses a z-score analysis to quantify
how much each depth value deviates from the statistical
trend of the rest of the surface. Traces that deviate be-
yond a user-defined threshold are masked, removing the
influence of extreme values without erasing genuine
geological variation. This smoothed horizon can now be
safely used for surface reconstruction. To move from a
scattered set of horizon points to a continuous surface,
the function was defined (see Appendix A.2) that con-
verts the 2D DataArray (with inline, crossline, and
depth) into a point cloud. It can apply an optional ampli-
tude threshold filter to reject regions with low signal
strength, reducing noise propagation into the surface.
The resulting dataset contains structured coordinates of
interpreted horizon points, which form the basis for grid-
ding and smoothing. The core gridding and smoothing
are performed with smoothing function (see Appendix
A.3) that transforms irregular horizon point clouds into
continuous surfaces. This function supports flexible in-
terpolation methods and applies rigorous quality control,
including filtering by z-score and global depth deviation.
Users can opt to fill missing gaps using the nearest-
neighbor interpolation and apply a Gaussian smoothing
filter to gently remove noise while preserving regional
structure. This creates clean, geologically plausible sur-
faces that are ready for visualization, modelling, or com-
parison with known horizons.

The seismic interpretation workflow developed here
revolves around the automation and enhancement of one
of the most fundamental tasks in subsurface characteri-
zation, which is horizon mapping. Through numerous
modifications (see Table 1), it was determined which
was the best approach for horizon extraction in our re-
search area. This workflow is structured to bring repeat-
ability, robustness, and geological plausibility into the
interpretation process by combining dynamic program-
ming, local dip guidance, amplitude-based correlation,
and surface smoothing techniques. The process ulti-
mately produces high-confidence horizon surfaces that
reflect subsurface structure with minimal manual inter-
vention and are suitable for subsequent geological mod-
elling. To create geological model and interactive visu-
alization workflow in Python, a combination of special-
ized scientific, geospatial, and visualization packages
was used (see Appendix B). Data was uploaded and
processed by using mostly numpy (Harris et al., 2020),

xarray (Hoyer & Hamman, 2017), pandas (The pan-
das development team, 2024) and scipy (Virtanen et
al., 2020). Rasterio was used for reading and interpret-
ing the DMR surface from GeoTIFF format (Gillies et
al., 2013). To build a 3D geological model, a structured
grid was created by layering known surfaces from top to
bottom: starting with the digital elevation surface
(DMR), followed by a sequence of interpreted horizon
surfaces, and finally a user-defined bottom surface. A
regular grid was constructed horizontally (X and Y di-
rections), and for each layer, the corresponding depth (Z
value) was calculated using surface data. Between each
pair of adjacent surfaces, the model volume was filled to
represent realistic geological intervals. This layered grid
structure reflects the true geometry of the subsurface and
can serve as a foundation for simulations, property mod-
elling, or further geological analysis. For the interactive
geological model, pyvista was utilized (Sullivan &
Kaszynski, 2019).

Together, these functions form a modular and adapt-
able workflow for seismic horizon interpretation. The
workflow emphasizes clarity and determinism, with
each step explicitly grounded in seismic amplitude pat-
terns and geological structure. It is equally suited for iso-
lated surface extraction or large-scale horizon mapping.
Compared to manual picking, which is time-consuming,
user-biased, and often inconsistent if multiple people are
working on a bigger area, this approach provides rapid,
reproducible, and explainable results in Gola field area
and even in the wider are of research (see Figure 1).
This methodology has been validated on the wider area
of our Gola field, making it a powerful foundation for
modern geological modelling.

In order to reliably showcase the spatial distribution
of extracted horizon surfaces, a geological model of the
research area has been built.

3. Results
3.1. Greedy propagation guided horizon extraction

The proposed methodology of local greedy propaga-
tion initially based on a dynamic programming ap-
proach, has been proven to reliably and semi-automati-
cally extract seismic horizons throughout the seismic
volume. The goal was to extract seismic horizon surfac-
es in order to build an interactive 3D geological model
of the research area using free and open-source Python
tools.

The development of the horizon extraction workflow
followed a stepwise refinement from simple amplitude-
based picking to more geologically realistic and robust
methods (see Table 1). The earliest versions (v0—v1) fo-
cused on trace-wise strategies such as selection of maxi-
mum amplitude or inclusion of local dip information to
follow structurally plausible trends. While these meth-
ods offered fast results, they were structurally inaccurate
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Figure 2. Results of modification to automatic horizon picking functions with some of the modification (versions)
from Table 1 being shown. Higher version numbers show better geological reliability in an automatic horizon
extraction (more observable on the magnified panels in green).

and unreliable. Since they were based on the amplitude
values and with no restraint, the horizon line was visibly
connecting similar amplitude strengths on different loca-
tions and depths which lead to unexpected peaks in the

line (see Figure 1). Subsequent versions (v2—v3) uti-
lized Dynamic Time Warping (DTW) to improve reflec-
tor alignment across traces and better handle lateral re-
flector variability, while versions v4—v5 incorporated
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Figure 3. Automatically picked horizons that represent different well tops spatially propagated over the seismic volume

smoothing and attribute-based masking to enhance sur-
face continuity and suppress noise from potentially cha-
otic or faulted zones. The improvement in horizon track-
ing seemed more stable but the depth was translated and
thus the horizon detection was unreliable (see Figure 1).
Subsequent versions (v6—v8) introduced dynamic pro-
gramming (DP) as a global optimization strategy, in
which the horizon was treated as a path across traces that
minimizes a cost function combining amplitude and
smoothness. DP proved to be a powerful tool for enforc-
ing lateral continuity and global structural coherence. It
greatly reduced the erratic behaviors seen in previous
versions and the selected horizon is tracked well (see
Figure 1). However, a critical limitation persisted: DP
has no notion of geological relevance. It finds the best
path, based on signal, but not necessarily the desired re-
flector. Seismic data often contains multiple reflectors of
similar amplitude, and not all of them are stratigraphi-
cally or reservoir relevant. Without a way to guide DP
toward a specific reflection of interest, the method could
select unintended features, especially in layered or noisy
intervals. This challenge was resolved by shifting to a
seed-guided approach (v9—v11), which means that one
or more known horizon points can be defined, either
from well data or from visual inspection of strong reflec-
tors. The final method (v11) implemented greedy seed-
based propagation. From each seed point, the method
expands outward by choosing the best-matching depth
position in adjacent traces, guided by a reference pattern
and informed by local dip. This design not only respects
structural trends but ensures that only the desired reflec-
tor is followed, solving the ambiguity that DP struggled
with. This ensured the possibility of extracting horizons

for different well tops from well data, in total six of them
(see Figure 2).

The decision to adopt greedy local propagation over
global optimization was grounded in both methodologi-
cal and practical considerations. While DP ensures glob-
al continuity, it is computationally expensive, especially
in 3D volumes or large 2D sections, and it lacks the flex-
ibility to adapt to faults, reflector terminations, or seed
constraints. In contrast, greedy propagation is computa-
tionally lightweight and directionally flexible. Just by
comparing the time needed for execution of the code for
one (same) horizon extraction, it is visible how much
easier the GP approach is for the end user (in our case
around ten times faster). By expanding from seeds using
local rules and updating only what is needed, it achieves
high performance and scalability, especially when work-
ing in interactively defined zones. It also adapts natu-
rally to discontinuities, when a fault or reflector break is
encountered, correlation falls below a set threshold, and
the propagation halts. This makes the method fault-
aware without requiring explicit fault detection. This is a
key strength, as many workflows either ignore faults or
require a separate, often complex, fault-picking step.
This is especially interesting for our research, as there
are only few known and detected faults, while disconti-
nuities in reflections are usually due to the stratigraphi-
cal and structural complexity of the area.

To ensure the reliability of the extracted horizons, a
thorough visual validation process was carried out using
an interactive 2D seismic viewer (see Figure 3, Figure
4). This custom-built tool allowed for a detailed inspec-
tion of both inline and crossline slices, overlaid with the
interpreted horizon surfaces (see Appendix A.4). Each
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horizon derived from well tops was tracked and system-
atically verified across the full seismic volume. By inter-
actively scrolling through inlines and crosslines, inter-
preters were able to confirm that the extracted surfaces
consistently followed the expected reflector patterns and
aligned with geological features observed in the well log
data. This visual quality control step was crucial in iden-

tifying and correcting any inconsistencies, and it rein-
forced the accuracy and geological realism of the inter-
pretation workflow.

Using the same sparse set of seed points (between one
and five seeds per desired horizon) derived from the test
dataset, the proposed methodology successfully scaled
to a broader seismic volume that encompassed the origi-
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Figure 6. Geological model of the Gola field retrieved with a full python framework, containg DMR (uploaded), horizon
surfaces (automatically extracted with dynamic programming) and 14 geobodies presenting potential reservoir sandstones
with different petrophysical properties (extracted with unsupervised learning methods (unpublished manuscript).

nal area (see Figure 1, Figure 4). Despite being cali-
brated on a smaller subset (Gola field, 7 x 7 x 7 km seis-
mic volume), the greedy seed-based horizon tracking
approach maintained geological consistency and struc-
tural coherence when applied to the larger dataset
(broader seismic covered area containing Gola field, 25
x 25 x 10 km seismic volume) (see Figure 1). This out-
come highlights the method’s robustness and generaliz-
ability. It demonstrates that a carefully selected seed,
whether from well data or visual interpretation, can
guide horizon extraction effectively across extended
spatial extents, even when the seeds have local distribu-
tion. Such transferability is particularly valuable for re-
gional interpretation, where limited ground truth exists
but broader coverage is desired.

3.2. Interactive geological model (Python-based)

One of the key outcomes of this work is the construc-
tion of an interactive 3D geological model of the re-
search area (Gola field) (see Figure 5). This model inte-
grates multiple data sources and is built on the extracted
seismic horizon surfaces from this study, publicly avail-
able Digital Model of Relief (DMR) for topographic

context, and geobodies previously extracted through
semi-automated analysis (unpublished manuscript).
These constructive elements (horizons, geobodies) were
processed, interpreted, and visualized using fully open-
source Python tools. Unlike the usual modelling that re-
lied on proprietary software or merely visualization of
the externally prepared models, this project demon-
strates a complete open-source workflow from uninter-
preted 3D seismic data to geological insight. The model
provides an intuitive, high-resolution view of the sub-
surface architecture while the Python-based workflow
offers established workflow for new data generation and
insertion (see Appendix B). This is particularly valuable
given that the area remains actively investigated, with
limited previous modelling attempts. By offering both
transparency and interactivity, the model enhances ac-
cessibility for geoscientists and stakeholders, while also
giving a foundation for future updates as new data be-
come available.

4. Discussion

The developed methodology is centered around a
semi-automated, seed-guided horizon tracking function
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that applies a greedy expansion logic (Lu et al., 2016).
It mimics the cognitive process of human interpreters by
matching local waveform patterns and following antici-
pated reflector dips. Specifically, the function extracts a
waveform pattern from a seed location and performs
trace-by-trace pattern matching using correlation within
a defined depth window. A vertical deviation penalty en-
sures geological continuity, while optional slope steer-
ing biases the vertical search window to favor structur-
ally consistent reflectors. Faults are not explicitly detect-
ed as some methodology suggestes (Nayak & Nayak,
2025), yet the method exhibits natural fault-tolerance.
Discontinuities are respected due to the local nature of
the correlation window, a strict minimum correlation
threshold, and the use of a visited mask to prevent back-
tracking or looping. This reflects how human interpreters
hesitate or revise their interpretations near fault zones.
Originally motivated by the dynamic programming
(DP) principle, the implementation evolved into a greedy
expansion approach for both memory efficiency and geo-
physical realism. This concept has also been emphasized
in seismic applications of dynamic programming by Yan
& Wu (2021) and in general algorithmic optimization
strategies like those described by Goldner et al. (2013)
and Nie et al. (2023). The greedy approach focuses only
on reflectors of interest, with no need to explore the entire
volume. This stepwise evolution of the method is also
reflected in the functional versions developed during this
study. Early versions relied on basic amplitude picking
and slope guidance. The final version implemented a
greedy seed-guided expansion with slope and pattern
constraints that offer the best balance between interpre-
tive control, geological consistency, and computational
efficiency. The visual validation step ensured that each
surface consistently honored the original seed and fol-
lowed the targeted log marker or reflector over the full
seismic volume. Notably, the method generalized well,
even when seeds were placed in a smaller test dataset,
they were successfully used to extract geologically viable
horizons in a much larger surrounding volume.
Strengths of the workflow lie in its reproducibility,
interpretability, and full automation potential. With only
a single seed, surfaces can be propagated through large
volumes, as can be seen in our results. First, we adapted
the methodology for Gola field and the results were geo-
logically plausible, especially given the seismic resolu-
tion that is around 30 m. Similar integration of automat-
ed horizon tracking into regional stratigraphic frame-
works has been explored in recent works as well (Chang
et al., 2024; Feng et al., 2024; Marquetto et al., 2024).
The method is especially attractive to both academia and
industry due to its ability to run interactively in modern
Python environments. The integration with geobody ex-
traction (unpublished manuscript), 3D surface recon-
struction, and topographic data further allows complete
subsurface modelling, all within a free and open frame-
work. However, some challenges could be acquainted.

They are primarily related to parameter tuning (e.g.
depth window, correlation threshold, dip weighting),
which can impact stability in structurally complex or
noisy areas, but are easily modified. In regions with mul-
tiple competing reflectors or low signal-to-noise ratios,
the method may still require expert supervision to adjust
parameters or validate seed placement. Ambiguity in
such areas is inherent to seismic interpretation and not
unique to this method.

Ultimately, an interactive geological model was built,
constructed entirely using open-source tools, from sur-
face horizons to previously extracted geobodies. This
model represents the first fully open-source 3D geologi-
cal interpretation of the Gola field area, offering valuable
insights for research, education, and ongoing industry
exploration.

5. Conclusions

This study presents a fully open-source workflow for
semi-automatic seismic interpretation and 3D geological
modelling, applied for the first time to the Gola gas field.
At its core is a seed-guided horizon extraction method
that mimics human interpretation logic by applying local
pattern matching, vertical continuity constraints, and op-
tional dip steering. The approach balances geological
realism with computational efficiency through a greedy
expansion algorithm, as a robust, scalable tool. The final
implementation successfully tracks geologically consist-
ent surfaces through structurally complex zones without
requiring full-volume analysis.

Our results show that even a single seed can initiate
reliable surface propagation across large seismic vol-
umes, enabling reproducible, geologically plausible in-
terpretation. When combined with geobody extraction,
topography, and interactive visualization, the method
forms a complete modelling workframe. Although some
parameter tuning is still necessary in complex geological
settings, this limitation is minor thanks to the method’s
transparency and adaptability. The resulting interactive
3D model marks the first fully open-source structural
representation of the Gola field and serves as a valuable
resource for research, education, and exploration.
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SAZETAK

Kartiranje seizmickih horizonata temeljeno na inicijalnim to¢kama,
uz toleranciju narasjede, za potrebe geoloskoga modeliranja

Plinsko polje Gola u sjeverozapadnome dijelu Dravske depresije smjesteno je unutar strukturno slozenoga naftnog susta-
va. Njegovi pje$cani rezervoari pokazuju prostornu heterogenost uzrokovanu deltnom lepezastom sedimentacijom, §to
zahtijeva robusne alate za interpretaciju. Ovdje predstavljamo cjeloviti proces ekstrakcije seizmickih horizonata i 3D
geolosko modeliranje, u potpunosti razvijen u Pythonu, a prilagoden ovom izazovu. Metoda se temelji na lokalno opti-
malnoj propagaciji (greedy algorithm) koja omogucuje pracenje horizonta s naglaskom na kontinuitet reflektora nadila-
zedi ogranicenja ru¢ne interpretacije i tradicionalnih automatskih algoritama u podru¢jima s rasjedima ili Sumom. Inici-
jalna aproksimacija dobiva se interpolacijom oko zadanih pocetnih to¢aka (seed), nakon Cega se izdvaja podvolumen
seizmickih podataka koji se zatim splosti kako bi se refleksije poravnale. Unutar toga volumena algoritam pronalazi lo-
kalno optimalnu putanju maksimizirajuci kontinuitet i amplitudu reflektora. Naga implementacija pro$iruje standardni
okvir voden dodatkom nagiba, lokalne korelacije i filtriranja odstupanja, ¢ime se osigurava vjerna i ponovljiva geoloska
interpretacija. Dobivene povr$ine horizonata zatim se interpoliraju, izgladuju i pretvaraju u 3D mreZe koje se integriraju
u interaktivni geoloski model polja Gola. Prvi put u ovome istrazivanom podrud¢ju geoloski model izraden je u potpuno-
sti koriStenjem Python okruzenja omogucujuci automatiziranu ekstrakciju horizonta, vizualizaciju geoloskih tijela i se-
izmicku interpretaciju u fleksibilnome, otvorenome sustavu.

Kljuéne rijedi:
seizmicki horizont, geoloski model, greedy algoritam, dinami¢ko programiranje, polje Gola
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Abstract

Stope instability remains a persistent and hazardous challenge in underground mining, impacting safety, efficiency, and
sustainability. Traditional stability assessment methods, while valuable, are often limited by site-specific calibration,
simplifications, and adaptability issues in dynamic underground conditions. While machine learning shows potential
for improved accuracy, a critical gap persists in understanding how geotechnical factors interact in practice. This study
introduces a novel, practical machine learning framework (Scikit-Learn) to predict stope instability, and crucially, to
quantify the nuanced, non-linear influence and interaction of critical geotechnical factors in a shallow gold mine. Com-
prehensive geotechnical investigation (observations, lab tests, rock mass classifications, blast damage assessments) and
advanced data analysis (Random Forest feature importance, RFE, decision boundary analysis) identified water ingress,
blast-induced damage, and rock mass quality (RMR) as the most significant instability factors. Water ingress profoundly
impacted stability, with moderate blast damage exacerbating instability under high water ingress. Rock strength showed
comparatively lower significance. The developed model achieved robust predictive performance (accuracy: 0.83, preci-
sion: 0.88, recall: 0.83, Fi-score: 0.83). Based on these insights, tailored support patterns (e.g. 22mm/16mm cone bolts,
timber props) are proposed to mitigate specific risks. This research significantly advances targeted rock mechanics solu-
tions by providing a deeper, quantifiable understanding of complex instability mechanisms, enhancing mine safety and

operational efficiency in shallow gold mining.

Keywords:

geotechnical factors, stope instability, machine learning, rock mass classification, shallow mining, rock support

1. Introduction

Stope instability remains a critical issue in under-
ground mining, directly impacting both safety and pro-
duction efficiency. The stability of a stope is intrinsically
linked to the mechanical properties of the surrounding
rock mass. Rock strength parameters, including uniaxial
compressive strength (UCS), tensile strength, and shear
strength, are fundamental in determining the potential
for failure (Cai, 2016; Alzoubi et al., 2009). Specifical-
ly, UCS plays a critical role in defining overall stability
and supporting requirements for stopes (Li et al., 2019;
Madzivire et al., 2018). /n situ and induced stress fields
significantly influence stope stability, with the relative
orientation of stopes to these stress fields being a crucial
factor (Karimzadeh et al., 2020; Mortazavi et al.,
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2018; Jaouhari et al., 2017). Rock mass classification
systems, such as the Rock Tunneling Quality Index (Q)
and the Rock Mass Rating (RMR), provide quantitative
measures of rock mass quality and facilitate the predic-
tion of potential failure mechanisms (Brown et al.,
2015; Lato et al., 2015; Smith et al., 2007; Cai et al.,
2004; Hoek et al., 1997). Additionally, the Rock Quality
Designation (RQD) of the rock mass surrounding a stope
is a critical indicator of its stability, with lower RQD val-
ues signifying a more fractured and jointed rock mass
(Bai et al., 2022; Karimzadeh et al., 2020).

Water ingress and water logging can severely com-
promise stope stability by reducing the effective cohe-
sion and friction angle of the rock mass and increasing
effective stresses on stope walls (Wang et al., 2019;
Joughin et al., 2012; Potvin et al., 2001). Additionally,
blast-induced damage, characterized by physical and
structural alterations in the rock mass, contributes sig-
nificantly to instability. While blasting is essential for
hard rock mining, it can result in overbreak, slabbing,
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and peripheral damage (Smith et al., 2018). Optimizing
blasting practices to minimize damage and dilution is
crucial for maintaining stope stability.

Excavation stability in underground mining is influ-
enced by a complex interaction of geological and opera-
tional factors. While open stope mining enhances pro-
ductivity and reduces worker exposure to hazardous
environments, it also introduces risks such as overbreak-
where unstable rock displaces beyond the planned exca-
vation boundary, often due to weak or unfavourably ori-
ented hangingwalls (Li et al. 2023; Capes, 2009). Such
occurrences increase operational costs, disrupt produc-
tion, and compromise safety. The main contributors to
instability include stress relaxation, which alters rock
mass behaviour (Jorquera et al. 2023; Diederichs and
Kaiser, 1999), as well as mining techniques, extraction
rates, rock strength, geological features, and stope di-
mensions.

Faults, which represent fractures in the Earth’s crust
with relative movement along their planes, are another
critical consideration. Their orientation, movement type,
and associated stress regimes significantly affect sur-
rounding rock stability (Szmigiel et al. 2024; Zhou et
al., 2022). Furthermore, the management of post-mining
voids - commonly addressed through backfilling with
materials like cemented rock fill or paste backfill (Skr-
zypkowski, 2021a, 2021b; Lingga and Apel, 2018) is
essential to maintain long-term ground integrity. It is
also vital to consider the influence of adjacent stopes, as
stress redistribution from neighbouring excavations can
pose significant stability challenges (Vinay et al. 2023).
Proper control of excavation edges through methods
such as controlled blasting and the application of sup-
port systems is necessary to minimize overbreak and en-
sure design compliance.

Classical methods for assessing stope stability have
long served as foundational tools in underground min-
ing, offering critical insight into rock mass behaviour.
These traditional approaches, grounded in empirical for-
mulas and extensive field and laboratory data, have been
instrumental in evaluating excavation stability. Among
these, the stability graph method developed by Mathews
et al. (1981) stands out for its widespread use. This tech-
nique integrates rock mass classification systems, such
as the Q system by Barton et al. (1974) and the Rock
Mass Rating (RMR) system by Bieniawski (1973) and
incorporates key adjustment factor such as rock stress
(A), joint orientation (B), and surface orientation (C) to
compute the stability number (N), a key parameter for
stope design and support.

Machine learning techniques have emerged as power-
ful tools for predicting stope instability by analyzing
complex datasets and identifying non-linear relation-
ships between geotechnical parameters. Algorithms such
as Random Forest and Support Vector Machines (SVMs)
have been successfully applied to predict stope instabil-
ity from various geotechnical inputs (Li et al. 2023; Vi-

nay et al. 2023; Bui et al., 2020; Pham et al., 2017).
These techniques can handle large datasets and identify
patterns that are often obscured by traditional statistical
methods. While these classical approaches remain rele-
vant, the advent of machine learning has introduced
powerful new tools for assessing stope stability (Szmi-
giel et al. 2024; Jorquera et al. 2023; Qi et al. 2018).
For instance, a study by Adoko et al. (2022) demon-
strated the application of feed-forward neural network
classifiers, achieving a 91% prediction accuracy using a
dataset of 225 stope cases from three Ghanian mines.
This highlights the potential of machine learning in cap-
turing complex interdependencies among the many vari-
ables influencing stability.

Traditional empirical and analytical methods, while
foundational, often face limitations such as dependency
on site-specific calibration, inherent simplifications of
complex rock mass behaviour, and a lack of adaptability
to dynamic underground conditions. For example, the
Stability Graph Method by Mathews et al. (1981) pro-
vides a robust framework but relies on simplified adjust-
ment factors that may not fully capture the nuanced in-
teractions of multiple geotechnical parameters in highly
variable rock masses. Numerical simulations offer de-
tailed insight into stress distribution and deformation,
but they are computationally intensive, require extensive
input data, and often involve significant simplification of
geological structures. Conversely, machine learning
models, particularly those leveraging Scikit-Learn, offer
distinct advantages. They can process large, heterogene-
ous datasets, identify non-linear relationships without
explicit mechanistic models, and adapt to diverse geo-
logical settings with appropriate training data. Their
ability to learn complex patterns directly from data
makes them particularly suitable for problems like stope
instability prediction where multiple interacting factors
are at play. This study aims to showcase the practical
value of integrating such advanced data-driven tech-
niques into mine design and operational decision-mak-
ing, leading to enhanced safety, reduced operational
costs, and improved resource utilization in the mining
sector.

Building on this, this study aims to investigate the
geotechnical factors influencing stope instability in the
2North Section of a gold mine using machine learning
techniques. By leveraging these advanced analytical
methods, this research seeks to develop a predictive
model that accurately forecasts stope instability, contrib-
uting to improved safety and productivity. The integra-
tion of machine learning with traditional geotechnical
analysis offers a comprehensive understanding of stope
instability, enabling the development of effective rock
mechanics solutions. By incorporating parameters such
as rock mechanical properties, blast damage, rock mass
quality, and water effects, we aim to improve prediction
performance and deepen our understanding of the criti-
cal factors affecting stope stability.
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2. Materials and Methods

2.1. Geology and Mining Overview
of the Study Area

The mine exploits auriferous sulfide mineralization
within shear zones hosted by the Archaean Iron Mask
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Figure 1. Simplified geological map of the Zimbabwe Craton,
showing major lithological units. Adapted from Blenkinsop

etal. (1999).
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Figure 2. Regional geological map of the Zimbabwe Craton
highlighting the Harare-Bindura-Shamva Greenstone Belt.

The red rectangle indicates the approximate location of the
greenstone belt. Adapted from Blenkinsop et al. (1999).

Formation, located in the Harare-Bindura-Shamva
greenstone belt of the Zimbabwe Craton (>2.5 Ga)
(Blenkinsop et al., 1999). The Iron Mask Formation
consists of metamorphosed felsic volcanics (dacite, me-
ta-andesite, meta-rhyolite), with gold mineralization pri-
marily associated with arsenopyrite, pyrrhotite, and py-
rite. The ore zones, averaging Im in width and 3.7 g/t
Au, dip variably (10°-70°, mean 40°). The mine utilizes
sublevel stoping with random pillar support. Stope di-
mensions range from 1-3m wide and 10-30m high. De-
tailed discontinuity mapping and rock mass characteri-
zation are essential, considering the lithological variabil-
ity of the Iron Mask Formation and its impact on rock
mass strength and deformation. Notably, a period of
stope flooding, followed by resumed mining without a
documented geotechnical assessment, necessitates a
thorough evaluation of potential water-induced instabil-
ity. This includes assessing water pressure effects on
joint strength and potential pore pressure development.

The regional geological setting of the Zimbabwe Cra-
ton, highlighting its major lithological units, is illustrat-
ed in Figure 1.

The Harare-Bindura-Shamva Greenstone Belt, a sig-
nificant mineralized zone within the Zimbabwe Craton,
is delineated by a red rectangle on the regional geologi-
cal map shown in Figure 2.

Detailed mapping within the Harare-Bindura-Shamva
Greenstone Belt has revealed several significant geolog-
ical structures that control mineralization. These key
structures are presented in Figure 3. For instance, the
major shear zones are evident.

2.2. Rock Strength Determination

Circular cylindrical core samples were prepared for
uni-axial and tri-axial tests from areas under study. The
samples were cut to 1150mm size using a diamond saw.
For the Brazilian tensile strength test, samples were cut to
16mm length, and all specimens were given identity num-
bers. The samples were supplied for laboratory testing.

Figure 3. Detailed map illustrating
significant structures

within the Harare-Bindura-Shamva
Greenstone Belt. Adapted from
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2.3. Rock Mass Classification

The ground water conditions, discontinuity direction,
thickness, infill type, joint set number, spacing, rough-
ness, and other geotechnical characteristics impacting
rock mass performance at certain places were measured
and documented in the study. Field estimates were used
to estimate the strength of the rock, and data from uni-
axial compressive strength (UCS) tests was added. The
joint frequency approach suggested by Palstrom (1982)
was utilized to determine the RQD rating because the
drill core was not available. The volumetric joint count,
J, was first calculated using the joint spacing per inter-
val as stated in Equation 1.

J=—t—+— 1)

where joint sets 1, 2, and 3 are represented by J1, J2, and
J3 respectively.

Additionally, information was gathered in compli-
ance with the RMR system of rock mass classification
specifications (Bieniawski, 1989).

2.4. Evaluation of Stope Stability

Stability graphs, originally introduced by Mathews
et al. (1981), are among the most widely adopted em-
pirical methods for evaluating stope stability in under-
ground mining. This approach was developed using es-
tablished rock mass classification systems, notably the
Q-system by Barton et al. (1974) and the Rock Mass
Rating (RMR) system by Bieniawski (1973). The
Mathews stability graph focuses on identifying the main
factors that influence rock mass stability through spe-
cially designed charts that correlate various rock mass
properties. These charts incorporate parameters such as
the rock stress factor (A), joint orientation adjustment
factor (B), modified rock tunneling index (Q’) and sur-
face orientation factor (C). These factors are used col-
lectively to compute the stability number (N’), a signifi-
cant metric in the design of stope dimensions and sup-
portsystems. The stability number serves as a quantitative
measure of the rock mass conditions and stope stability
and is determined using the relationship in Equation 2.

N =0 4BC )

The Mathews’ stability graph method proposed by
Mathews et al., (1981) was used to evaluate the stope
stability of the stopes. The average of the Q-system data
generated for every stope was used to calculate the Q’
value. Potvin factor analysis was performed at each
stope’s specific places where the RMR Q-system had
been concluded. The modified stability number N’ of
each and every stope was computed using the modal
Potvin factor values, as well as their respective hydraulic
radii. The stope dimensions, thus width and height were
measured using a distometer so as to determine the hy-
draulic radii of the stopes. These values were used to

determine the stope stability on the stability graph and
the maximum tolerable unsupported length. For each
stope under investigation, the modified stability number
N’ and the hydraulic radius was determined using Eqau-
tion 2.

A vital element in the accurate assessment of stope
stability is the shape factor, commonly known as the hy-
draulic radius (HR), which links the geometric dimen-
sions of the opening. The hydraulic radius is a major
parameter that characterizes the shape of the stope and
plays a significant role in determining its structural sta-
bility. It is typically defined as the ratio of the area of the
exposed hanging wall to its perimeter. In the case of in-
clined stopes - where the excavation is not perfectly ver-
tical - the hanging wall exposure becomes the most im-
portant consideration for calculating the HR. The HR
calculation incorporates the stope’s span along both the
dip (h) and strike (w) directions (Tishkov, 2018) as
shown in Equation 3.

wh

Hydraulic Radius = ——
4 2(w+h)

)

2.5. Assessment of Blast Damage

The measuring tools Peak Particle Velocity (PPV) and
Half Cast Factor were employed to evaluate blast dam-
age. Vibration sensors were installed at strategic loca-
tions to measure the PPV generated by the blast. PPV
values were recorded at each sensor location during the
blast event. The PPV was determined using the formula
proposed by Singh (1994) in Equation 4.

=B
Vmax =K (%J 4)

where Vmax is the PPV, from an explosive charge, Q, at
a known distance R.

The half cast factors (Equation 5) were calculated by
measuring the length of half cast barrels in the desig-
nated areas that remained after the blast:

Half Cast Factor =
ZLengths of visible blastholes(after explosion)

©)

- ZLengths of perimeter blastholes (befor eexplosion)

2.6. Data Analysis

The collected data from field investigations, labora-
tory experiments, and an extensive literature review
were subjected to systematic analysis using a combina-
tion of established geotechnical and empirical tech-
niques. Rock strength parameters were evaluated through
both uniaxial compressive and triaxial compressive
strength tests to determine the mechanical behaviour of
the intact rock under varying stress conditions. Rock
mass quality was assessed using the RQD and RMR
classification systems, providing insight into the struc-
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Figure 4. Workflow Diagram of the Machine Learning Process for Stope Instability Prediction

tural integrity and geomechanical characteristics of the
rock mass. Stope stability was analyzed utilizing the
Mathews’ stability graph method, an empirical tool that
relates rock mass conditions, geometry, and support re-
quirements to the potential for stable excavation. Blast-
induced damage was assessed by analyzing PPV data
and the Half Cast Factor, both of which are indicators of
blast performance and fragmentation control. This mul-
tifaceted analytical approach ensured a comprehensive
understanding of the subsurface conditions and their im-
plications for excavation and support design.

2.7. Factor Analysis

Machine learning techniques were applied to analyze
the dataset, encompassing processes such as feature se-
lection, feature importance evaluation, and decision
boundary visualization. The analysis was conducted us-
ing Scikit-learn, a widely adopted machine learning li-
brary in Python, on a dataset integrating geological, geo-
technical, and mining-related parameters. Feature selec-
tion was carried out using mutual information and
recursive feature elimination (RFE) to identify the most
relevant variables contributing to model performance
and predictive accuracy. Feature importance was as-
sessed using the Random Forest Classifier, which pro-
vided insight into the relative significance of each input
variable in the classification tasks. To visualize model
behaviour and class separation, decision boundary plots
were generated using Support Vector Machines (SVMs).
Additionally, feature distribution plots were employed
to explore the distribution and potential interactions

among variables. To further understand the interrelation-
ships among geotechnical factors, correlation coeffi-
cients were computed and analyzed. Figure 4 summa-
rizes the whole factor analysis process.

2.7.1. Feature Importance Analysis

As previously described, the Random Forest Classi-
fier was used for feature importance analysis. The core
of the Random Forest lies in the aggregation of multiple
decision trees. Each tree T/ in the forest \7,T,..., T } is
built on a bootstrap sample of the training data and con-
siders a random subset of features at each split. The pre-
diction of the forest for a given input x is often based on
the majority vote of its individual decision trees. This
ensemble prediction, y(x), can be expressed as shown in
Equation 6:

y(x)=mode\{T, (x)\}}", (6)
Where y(x) is the final predicted output of the Random
Forest model, mode denotes the statistical mode, which
is the value that appears most frequently, Y}(x) is the pre-
diction of the j* individual decision tree for a given input
x and}j is the total number of trees in the Random Forest.

The importance of a feature X, is quantified by ob-
serving how much the prediction accuracy (or impurity)
decreases when that feature is randomly permuted. A
feature is considered important if its permutation leads
to a significant drop in model performance. The impor-
tance score /(X,) for a feature X, can be expressed as
shown in Equation 7:
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> (e, -er) ™

where e is the out-of-bag (OOB) error for tree T, and
¢ji is the OOB error of T’ after the values of feature X,
have been randomly permuted. The OOB error is calcu—
lated on the data points not used to train that specific
tree. Categorical variables (water effect and blast dam-
age) were encoded using ordinal encoding, and numeri-
cal features (RQD, Rock Strength, Rock Mass Rating)
were standardized using the z-score as shown in Equa-
tion 8:

7 =2 Hx (8)
GX

where z is the standardized value of the i" data point, x,
is the original value of the i data point, x_is the mean of
the feature X and o is the standard deviation of the fea-
ture X.

The z-score: ensures that the variance across features
is comparable, which can be important for distance-
based algorithms (though Random Forest is less sensi-
tive to feature scaling).

2.7.2. Recursive Feature Elimination Analysis

Recursive Feature Elimination (RFE) is a feature se-
lection technique that recursively removes the least im-
portant features until a specified number of features is
reached. The process can be described as follows:

1. Train a model on the entire set of features and cal-

culate the importance of each feature.

2. Remove the least important feature(s) based on a

predefined criterion.

3. Repeat steps 1-2 until the desired number of fea-

tures is reached.

The importance of each feature in the Recursive Fea-
ture Elimination (RFE) process was calculated using
Equation 9:

1(X,)=|w] ©)
where /(X)) is the importance of feature X, and is the w_
weight assigned to feature X, in the model.

The RFE process can be mathematically represented
by Equation 10:

RFE(D,K)=X,,X,,... X (10)
where RFE(D, K) is the set of K features selected from
the original dataset D.

2.7.3. Decision Boundary Analysis

Decision boundary plots were generated using the
Random Forest Classifier to visualize the classifier’s
predictions across the feature space of the two most sig-
nificant factors: water effect and blast damage. The deci-
sion boundary B for separating the feature space into

regions corresponding to different class predictions is
defined as shown in Equation 11:

B=\{xeR'|f(x)=c} (11)

where x is a vector of the ‘Water Effect’ and ‘Blast Dam-
age’ features (after encoding), d is the dimensionality of
this subspace (here, d=2),R¢ I the Euclidean space and ¢
is the class boundary (e.g. the point where the probabil-
ity of ‘Stable’ equals the probability of ‘Unstable’). For
probabilistic classifiers like Random Forest (which can
output class probabilities), the decision boundary can be
defined at a specific probability threshold (e.g. 0.5).

2.7.4. Data Distribution Analysis

Feature distribution plots were used to visualize the
distributions of individual geotechnical factors and the re-
lationships between pairs of factors. The relationships be-
tween pairs of variables were explored using joint proba-
bility distributions and the Pearson correlation coefficient
— The Pearson correlation coefficient, r, between two vari-
ables X and Y is defined as shown in Equation 12:

r, = E[(X_ﬂX)(Y_ﬂY)] (12)

where E is the expectation operator, u_is the mean of
variable X, u_is the mean of variable Y, ¢_is the standard
deviation of variable X and o, the standard deviation of
variable Y.

2.7.5. Correlation Coefficient Analysis

Correlation coefficient results were used to determine
linear relationships among the geotechnical factors, spe-
cifically focusing on the correlation between water effect,
blast damage, and rock quality (represented by RQD and
Q). The t-statistic for assessing the significance of a cor-
relation coefficient is given by Equation 13:

2 (13)

where 7 is the number of data points, # is the #-statistic
value, r is the Pearson correlation coefficient and # is the
number of data points.

The resulting p-value indicates the probability of ob-
serving such a correlation if there were no true linear
relationship between the variables.

2.7.6. Model Evaluation

The performance of the Random Forest Classifier was
evaluated using standard classification metrics, includ-
ing accuracy, precision, recall, and F1-score. For the
‘Unstable’ class:

The overall accuracy of the model, precision, recall
and Fl-score was calculated as shown in Equation 14,
15,16 and 17.
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Number of Correct Predictions
Total Number of Predictions

Accuracy = (14)

. True Positives
Precision = — — (15)
True Positives + False Positives

Recall = True Positives (16)
True Positives + False Negatives

Fl—score=2x Precision x Recall

(17)

Precision + Recall

To ensure the model’s robustness, 5-fold cross-valida-
tion was performed. The dataset was divided into 5
folds, and the model was trained and evaluated 5 times,
each time using a different fold as the validation set. The
average performance across the folds provided a more
reliable estimate of the model’s generalization ability.
The average metric across K folds in cross-validation
was computed using Equation 18:

] K
Metric = EZMetric[

i=1

(18)

where K is the number of folds used in cross-validation,
Metric, is the value of the evaluation metric on the it
validation fold.

ROC Curve for Logistic Regression

Furthermore, the ROC curve used was to evaluate the
performance of a logistic regression model. The Receiv-
er Operating Characteristic (ROC) curve is a graphical
representation of the performance of a binary classifier.
It plots the True Positive Rate (TPR) against the False
Positive Rate (FPR) at different thresholds.

The TPR and FPR can be calculated using Equation
19 and 20:

TP

R=— (19)
TP+FN

FPR=—1F 20)
FP+TN

where TP is the number of true positives, FN is the num-
ber of false negatives, FP is the number of false posi-
tives, and TN is the number of true negatives.

The area under the ROC curve (AUC) was calculated
using Equation 21 to quantify the overall performance
of a logistic regression model.

1
AUC = [TPR(FPR)dFPR (1)
0

The AUC value ranges from 0 to 1, where 1 represents

perfect classification and 0.5 represents random guessing.

The logistic regression model can be represented
mathematically as shown in Equation 22:

P(Y=1|x)=1/(1+¢7) (22)
where P(Y=1|X) is the probability of the positive class
given the input features X, and z is a linear combination
of the input features (see Equation 23):

z=w,*w X, tw, X, +..+w X, (23)

Where w., are the weights assigned to each feature X.

3. Data Analysis

This study evaluates the stability of underground
mine stopes in the 2North Section by examining the ef-
fects of rock mechanical properties, blast-induced dam-
age, rock mass quality, and water presence. A combined
approach involving laboratory tests, field observations,
empirical classification systems, and machine learning
methods was employed to provide an integrated assess-
ment of stope stability and support design requirements.

3.1. Rock Mechanical Properties

The mechanical properties of intact rock are funda-
mental in assessing the overall stability and deformation
behaviour of underground excavations. In this study, lab-
oratory tests were conducted on representative rock sam-
ples to determine key strength parameters, including Uni-
axial Compressive Strength (UCS), Triaxial Compressive
Strength (TCS), and tensile strength, providing insight
into the inherent competence of the rock materials.

The UCS results demonstrated a relatively wide but
consistently high strength range, with values spanning
from 167 MPa in the ore zone to 215 MPa in the grano-
diorite unit (see Table 1). These values clearly classify
both lithologies as strong to very strong rocks based on
standard rock strength classification systems (ISRM).
Such high compressive strengths imply that, under un-
confined loading conditions, the intact rock is unlikely to
fail or undergo significant deformation, even when sub-
jected to the stresses typically encountered in under-
ground mining environments.

Table 1. Summary of Rock Mechanical Properties

Rock Type UCS TCS Tensile Strength
Metabasalt 172 NA NA
Metaandesite 175 NA NA
Granodiorite 215 NA 12.2
Ore zone 167 93.2 11.6

Note: Triaxial Compressive Strength Test was only done on
the ore zone and the Tensile Strength Test only on granodiorite
and the ore zone.

Further testing on ore zone samples revealed a TCS of
93.2 MPa, which, while lower than the UCS, reflects the
increased confinement typical of in-situ conditions and
demonstrates the material’s capacity to sustain stress un-

Rudarsko-geolosko-nafini zbornik 2025, 40 (5), pp. 179-198, https://doi.org/10.17794/rgn.2025.5.14



A. Bemo, D. Olatunji Shonuga, T. Zvarivadza et al.

186

4000
3500
3000
2500
2000
1500
1000

500

PPV (mm/sec)

Figure 5. PPV versus
Specific Charge

0
0 0,5 1 1,5

Distance from centre of charge (m)

for 1.5m Charge Length
2 2,5

45
40

35
30
25
20
'S
10

Half Cast Factor (%)

Half Cast Factor (%)

show control

Figure 6. Half-Cast Factor
Measurements for Different
Stope Ends

der triaxial loading. This value is within the expected
range for strong, brittle rock and supports the conclusion
that the ore body itself, when intact, is mechanically
robust.

The tensile strength values were also notably high,
with the ore zone recording 11.6 MPa and granodiorite
slightly higher at 12.2 MPa. Tensile strength is critical in
determining the rock’s resistance to crack initiation and
propagation, especially in the presence of blast vibrations
or stress redistributions. These values suggest that the in-
tact rock would not readily fracture under tensile loading,
further reinforcing its competent mechanical nature.

However, despite these strong intact rock properties,
field observations and empirical assessments indicate in-
stability in certain stopes. This discrepancy points to a
key understanding in rock mechanics: while laboratory
strength data provides valuable baseline information,
rock mass behaviour in situ is dominantly controlled by
discontinuities (such as faults, joints, fractures, and bed-
ding planes) rather than the properties of the intact rock
alone (Li et al. 2023; Vinay et al. 2023). The presence
of geological discontinuities can dramatically reduce the
effective strength of the rock mass, acting as planes of
weakness along which shear displacement, dilation, or
separation may occur. This is particularly relevant in
jointed or faulted ground, where intact rock strength be-
comes a secondary consideration (Qi et al. 2018). As a
result, the rock mass strength is governed not only by the

intact strength but also by the orientation, persistence,
spacing, and surface conditions of these discontinuities.

In the context of the studied stopes, it is reasonable to
conclude that failure mechanisms are likely driven by
structural weaknesses rather than by the degradation of
the intact rock. This assertion is supported by other find-
ings in the study, such as moderate to high levels of frac-
turing (as evidenced by RQD values) and elevated blast-
induced damage (high PPV values). These factors col-
lectively reduce the overall rock mass quality and
increase the likelihood of instability, despite the high
laboratory-derived strength values.

3.2. Blast Damage Assessment

Blasting is an essential component of underground
mining, enabling efficient rock breakage and extraction.
However, improper blast design or execution can result
in excessive damage to the surrounding rock mass, com-
promising excavation stability. One of the most reliable
indicators of blast-induced damage is PPV - a dynamic
measurement of the vibration intensity caused by explo-
sive charges.

In this study, PPV values recorded during stope devel-
opment ranged from 229.5 mm/s to 3335 mm/s (see Fig-
ure 4). This considerable variation in PPV reveals incon-
sistent control over blast energy dissipation, with values at
the higher end far exceeding typical thresholds associated
with safe excavation practices. According to various em-
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pirical guidelines and case studies, PPV values exceeding
1000 mm/s are often associated with severe stress redistri-
bution, overbreak, and long-term deterioration of rock
mass properties, particularly in jointed or fractured
ground. The observed upper range of 3335 mm/s is there-
fore indicative of substantial blast-induced stress and po-
tential rock mass degradation in affected areas.

Further compounding this issue is the mean half-cast
factor, a metric used to evaluate the effectiveness of pe-
rimeter control blasting. In this case, the half-cast factor
was calculated at only 4.92% (see Figure 6) - a value
considerably lower than the acceptable range for well-
controlled blasting. The half-cast factor essentially re-
flects the proportion of blast holes that produce smooth,
half-round impressions on the final excavation perime-
ter. Low percentages indicate poor energy confinement,
excessive rock spalling, and a lack of controlled fractur-
ing at the boundary, leading to unintended overbreak and
increased wall damage.

The combination of high PPV values and a low half-
cast factor strongly suggests that blast damage is a sig-
nificant contributor to the deterioration of stope walls,
beyond what might be explained solely by geological
factors such as naturally blocky ground or fault struc-
tures. While the presence of pre-existing discontinuities
undoubtedly plays a role in how energy is transmitted
and fractures propagate, the primary mechanism of in-
stability in this case appears to be anthropogenic - spe-
cifically, suboptimal blasting practices.

It is also important to note that high PPV values have
a cumulative effect on the rock mass, especially in zones
with repeated blasting cycles. Damage induced by vibra-
tion may not be immediately visible but can manifest
over time as gradual loosening, slabbing, or rockfall. In
addition, blast-induced microcracks reduce the rock’s
elastic modulus and shear strength, thereby lowering the
overall stability of the excavation even in the absence of
visible failures.

3.3. Rock Mass Classification

The quality of the rock mass was evaluated using the
RQD and the Q-system, both of which are widely accept-
ed empirical classification methods in geotechnical engi-
neering. These assessments provided quantitative meas-
ures of the rock mass integrity and structural competence.
The results of this analysis are presented in Table 2.

3.3.1. Evaluation of Rock Mass Quality Using RQD

The Rock Quality Designation (RQD) serves as a key
indicator of the degree of fracturing within a rock mass
and is widely used in empirical rock mass classification
systems, including the Q-system. In this study, RQD val-
ues were assessed across four stopes to evaluate the in-
tegrity, continuity, and competence of the rock mass, all
of which are critical factors for ensuring the stability of
underground excavations.

Table 2. Summary of the rock classification results

Stope RMR | RQD Q Q Comment
2A 61 73 3.8 6 Good
3C 66 70 4.9 8 Good
2B 83 90 16.9 19 Very good

The results indicate that Stopes 2A and 3C exhibited
RQD values of 73% and 70% respectively, which clas-
sify them as moderately fractured rock masses, as shown
in Table 2. These values suggest the presence of fre-
quent jointing and discontinuities, which can compro-
mise the structural behaviour of the stope walls and
roofs, making them more susceptible to instability and
overbreak. The moderate RQD values in these stopes are
symptomatic of less competent rock that may require ad-
ditional support measures to ensure safe stope develop-
ment and long-term excavation performance.

The lower RQD values observed in Stopes 2A and 3C
can be attributed to a combination of blast-induced dam-
age and hydrogeological effects. Excessive blasting, es-
pecially in poorly controlled rounds, can create new
fractures and extend existing ones, thereby deteriorating
the surrounding rock mass. Moreover, elevated water
pressure within joints and fractures can further degrade
rock quality by reducing effective stress and contribut-
ing to joint dilation and weakening. These factors act
synergistically to exacerbate pre-existing geological
weaknesses, leading to the observed reduction in RQD.

In contrast, Stope 2B recorded a significantly higher
RQD, indicating improved rock mass quality and re-
duced fracture density. This suggests a more intact and
cohesive rock structure, which enhances load-bearing
capacity and decreases the likelihood of shear or tensile
failure along joint planes. As such, Stope 2B is expected
to exhibit better performance in terms of ground control,
reduced support requirements, and lower risk of over-
break. Notably, Stope 2B exhibited the highest RQD at
90%, denoting a very competent and unfractured rock
mass. Such high values are indicative of minimal dis-
continuities, with long, continuous core pieces recov-
ered during drilling, reflecting superior geological con-
ditions. This degree of rock mass integrity is typically
associated with enhanced stope stability, increased safe-
ty, and more cost-effective excavation due to lower sup-
port demands.

This interpretation is further supported by field obser-
vations and geotechnical logs, which noted signs of wa-
ter ingress and irregular fracture patterns in these stopes.
The presence of water not only promotes mechanical
deterioration but can also lead to chemical alteration of
joint infill, compounding the loss in structural cohesion.
As a result, the stope stability in these areas is compro-
mised, and targeted mitigation strategies (such as im-
proved blast control, pre-drainage techniques, and local-
ized support installation) may be necessary.
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3.3.2. Evaluation of the Rock Mass Quality
Using the Q-system

In this study, the Q-system analysis yielded distinct
variations across the analyzed stopes, revealing signifi-
cant differences in rock mass conditions and their impli-
cations for stope stability. Stope 2B recorded the highest
Q-value of 16.9, categorizing it as a good quality rock
mass, as shown in Table 2. This high value is primarily
attributed to favourable geological conditions, specifi-
cally the absence of groundwater and the presence of
clean, clay-free joint infill. The lack of water is particu-
larly significant, as water acts as a destabilizing agent by
reducing effective stress, lubricating joint surfaces, and
weakening rock-bridging elements. Moreover, clay-free
joints contribute to better interlocking and higher shear
resistance, both of which are essential for maintaining
the structural integrity of excavated openings.

The elevated Q-value for Stope 2B directly correlates
with its observed stability and larger tolerable unsup-
ported span, suggesting that it may require minimal
ground support, thereby offering potential cost and op-
erational efficiency advantages during mining opera-
tions. These findings underscore the importance of dry
conditions and joint cleanliness as critical contributors
to excavation stability.

In contrast, Stopes 2A and 3C exhibited significantly
lower Q-values of 3.8 and 4.9, respectively, placing them
in the fair to poor rock quality category. These values
reflect moderate stability conditions that warrant more
conservative excavation designs and likely necessitate
reinforced support systems. A key factor influencing the
reduced Q-values in these stopes is the presence of
groundwater, which adversely affects several Q-system
parameters. Water reduces the Jw factor, indicating wet
or saturated conditions, and contributes to the alteration
of joint infill materials, thereby decreasing the Ja and po-
tentially increasing joint activity and deformation risk. In
such environments, joints are more likely to become crit-

Table 3. Maximum tolerable unsupported length
of the stopes

ically stressed, leading to increased dilation, rock block
detachment, and potential stope wall instability.
Interestingly, Stope 3C displayed a slightly higher Q-
value than Stope 2A, which can be attributed to its high-
er joint friction, represented by a greater Jr value. Joint
roughness enhances mechanical interlocking between
rock blocks, providing increased resistance to shear fail-
ure even in the presence of water or other weakening
agents. This factor offers marginally better performance
in Stope 3C, although not sufficient to significantly alter
its classification within the Q-system. The influence of
joint friction also highlights the multifactorial nature of
rock mass behaviour, where improvements in one pa-
rameter may partially offset deficiencies in others.

Overall, the Q-system analysis provided quantitative
insight into the geomechanical performance of the vari-
ous stopes. The results emphasize that Stope 2B offers a
more stable mining environment, while Stopes 2A and
3C require additional engineering interventions. These
findings reinforce the value of the Q-system in pre-min-
ing assessments and its ability to guide risk-informed
stope design, ground support selection, and excavation
sequencing in underground mining operations

3.3.3. Use of the Q results to evaluate stope
stability

The maximum tolerable unsupported span, derived
using the Q-system empirical design method, serves as a
critical parameter in assessing the relative stability of
underground stopes. This span refers to the largest exca-
vation width that can be safely maintained without the
use of additional ground support, based on the rock mass
quality and structural conditions. It is directly influenced
by the Q-value, which integrates key factors such as
RQD, joint set number, joint roughness, groundwater
conditions, joint alteration, and stress reduction due to
excavation geometry.

In the context of this study, Stope 2B exhibited the
highest tolerable unsupported span, reflecting its supe-
rior rock mass conditions and overall stability, as shown
in Table 3. This result is consistent with its higher Q-
value and RQD, which indicate a competent rock mass

Mnnamioleranic with fewer fractures, clean joint surfaces, and minimal
Stope ESR Q : B
unsupported length(m) water ingress. The ability of Stope 2B to support a larger
Stope 2A 16 38 55 span without reinforcement suggests that the rock mass
Stone 3C 6 49 6.0 is well-interlocked and capable of withstanding the in-
2 : : : duced stresses from mining without immediate risk of
Siigjg 25 L5 LED — collapse or significant deformation.
Table 4. The calculated Modified Stability Number and Hydraulic radius
STOPE DIMENSIONS | POTVIN FACTORS STABLE STOPE SPAN
Stope Joint Or:entatlon Wldlt[:l(W) Hel%rl:t(h) A B C Qo N Hydraulic Radius
2A 45 31 37 1 0.5 6 6 13.5 8.43
3C 30 36 40 1 0.2 6 8 15.2 9.47
2B 30 29 35 1 0.2 6 19 26.2 7.93
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In contrast, Stopes 2A and 3C demonstrated consider-
ably lower maximum unsupported spans, signaling re-
duced stability and a higher probability of requiring arti-
ficial support systems. These stopes also recorded lower
RQD values (73% and 70%, respectively), indicating
more intense fracturing and possibly blast-induced dam-
age or degradation due to groundwater pressure. The re-
duced span capacity in these areas implies that the rock
mass cannot reliably sustain large openings, as disconti-
nuities such as joints, fissures, and weakened zones may
serve as planes of failure, especially under the influence
of gravity and mining-induced stress changes.

The strong correlation between RQD and the calcu-
lated unsupported spans emphasizes the significance of
rock mass fragmentation and structural integrity in stope
design. RQD, as a measure of the degree of fracturing in
the core samples, directly impacts the overall Q-value
and, subsequently, the recommended excavation span.
This highlights the necessity of accurate geotechnical
logging and sampling in the early stages of mine design
to ensure safe and efficient stope development.

Furthermore, the variation in span tolerances among
the stopes suggests that site-specific ground control strate-
gies are essential, rather than relying on a generalized de-
sign approach. While Stope 2B may safely accommodate
wider openings, Stopes 2A and 3C would benefit from
narrower spans or the implementation of support systems
such as cable bolts, mesh, or shotcrete to mitigate the risk
of overbreak and ensure worker safety.

3.4. Stope Stability Assessment

To assess the stability of the evaluated stopes, the
modified stability number (Q’) and hydraulic radius
were calculated, as summarized in Table 4. These pa-
rameters are central to the Mathews Stability Graph
method, where the stability number (Q') incorporates
key rock mass quality factors such as joint condition,
groundwater influence, and joint orientation, while the
hydraulic radius reflects the geometry of the excavation.

Among the analyzed stopes, Stope 2B demonstrated the
highest Q' value, indicating the most favourable rock mass
conditions overall. Interestingly, this high stability number
was maintained despite a relatively low joint orientation
factor (B). This suggests that the inherent rock quality (re-
flected in parameters like intact rock strength, joint spac-
ing, and absence of water) played a dominant role in pro-
moting stability. In other words, while unfavourable joint
orientation typically reduces stability, the overall robust-
ness of the rock mass in Stope 2B was sufficient to offset
the negative influence of joint orientation. This finding
highlights the complex interplay between geological and
structural factors in influencing excavation performance,
where strong, dry, and tightly interlocked rock masses can
compensate for less-than-ideal joint alignments.

However, the analysis also reveals a critical point re-
garding the mechanism of potential failure. In stopes
with lower Q' values and less favourable geometrical or

structural conditions, such as 2A and 3C, failure is likely
to initiate along joints that intersect the free face at small
angles. These low-angle joints act as potential sliding
surfaces, especially when oriented sub-parallel to the ex-
cavation walls or roof. Such orientations reduce the
shear resistance along the joint planes, particularly when
combined with stress relief from excavation or the pres-
ence of water, which can lower effective stress and lubri-
cate joint surfaces. This failure mechanism is consistent
with observed overbreak patterns in similar mining set-
tings and underscores the importance of joint orientation
analysis in ground control planning.

Furthermore, the relationship between Q" and HR on
the Mathews Stability Graph places these stopes within
the potentially unstable region, suggesting that while
outright failure may not be imminent, there is an elevat-
ed risk that warrants attention. In practice, this means
that additional support measures or modifications to
stope dimensions may be required to maintain stability,
particularly in areas where joint geometry and excava-
tion layout intersect unfavourably.

3.4.1. Mathews Stability Graph

The results derived from the Mathews Stability Graph
(see Figure 7) reveal that all analyzed stopes plot within
the “potentially unstable” zone of the graph. This zone,
positioned between the empirically defined stable and
failed regions, represents a range of hydraulic radius and
stability number (N) combinations where stope perfor-
mance is highly sensitive to local geological, structural,
and operational conditions. It indicates that the analyzed
stopes, while not necessarily prone to immediate failure,
exhibit a heightened risk of instability and would likely
require additional support measures or design modifica-
tions to maintain structural integrity.

Among the evaluated stopes, Stope 2B demonstrates
the highest relative stability, as indicated by its location
within the potentially unstable zone at a higher Stability

1000 Mathews' Stability Graph

100

10

Stability Number, N

0.1
0

25

Figure 7. Stop Stability Results on Mathews’ stability graph
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Number (N), positioning it closer to the stable region.
This observation is supported by its comparatively higher
Q-value, which reflects more favourable rock mass con-
ditions, and a greater RQD, suggesting a higher degree of
intact rock within the core samples. The Q-value, which
incorporates factors such as joint set number, joint rough-
ness, joint alteration, and groundwater conditions, plays
a direct role in the computation of the stability number
(N). A higher Q-value in Stope 2B therefore results in a
higher N, shifting its plot point further to the right on the
stability graph and indicating improved stability.

This trend validates the underlying empirical relation-
ships embedded in the Mathews Stability Graph method.

The graphical output aligns well with the field data and
quantitative input parameters, especially in the case of
Stope 2B, where the correlation between good rock mass
quality and predicted stability is clearly evident. Howev-
er, the fact that all stopes fall within the potentially unsta-
ble region (even those with moderate to high rock quality)
emphasizes the critical role of stope geometry, particular-
ly the hydraulic radius, in influencing stability outcomes.

3.5. Machine Learning Analysis Using Scikit-Learn

Machine learning analysis was conducted using the
Scikit-learn library, a robust and widely adopted frame-
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work in Python for building and evaluating machine
learning models. The workflow began with data preproc-
essing, which involved handling missing values, encod-
ing categorical variables, and scaling features to ensure
uniformity across the dataset. Following preprocessing,
the dataset was split into training and testing subsets to
facilitate fair model evaluation and eliminate overfitting.
Model evaluation metrics including accuracy, precision,
recall, F1-score, were calculated to compare algorithm
performance and select the most effective model for the
task. Visual tools such as confusion matrices and ROC
curves were used to interpret classification results.

3.5.1. Feature Importance Analysis

To understand the relative influence of various geo-
technical factors on stope instability, the Random Forest
Classifier from the Scikit-Learn library was employed to
perform feature importance analysis. The choice of Ran-
dom Forest was motivated by its ability to handle both
categorical and numerical data, its robustness against
overfitting, and its capacity to provide feature impor-
tance scores based on the mean decrease in impurity.

Prior to model training, categorical variables (water
effect and blast damage) were encoded using ordinal en-
coding, assigning numerical values representing the se-
verity levels (e.g. low=0, medium=1, high=2). Numeri-
cal features (RQD, Rock Strength, RMR) were standard-
ized using Scikit-Learn’s StandardScaler to ensure
consistent scaling.

The feature importance scores, as visualized in Fig-
ure 8, revealed that water effect was the most influential
factor in predicting stope instability, followed by blast
damage and RMR. RQD and Rock Strength exhibited

comparatively lower importance. This suggests that the
presence of water and the extent of blast damage signifi-
cantly contribute to instability, potentially by exacerbat-
ing existing discontinuities and reducing the effective
strength of the rock mass.

It is important to note that the feature importance
scores are relative and should be interpreted within the
context of the dataset. While Rock Strength showed low
importance, it does not imply it’s entirely negligible;
rather, its variability within the dataset might be less in-
fluential compared to other factors.

3.5.2. Recursive Feature Elimination Analysis

The Recursive Feature Elimination (RFE) process
was used to evaluate the importance of each feature in
predicting stope stability (see Figure 9). The results
showed that water effect, blast damage, and RMR were
consistently ranked as the top features, indicating their
high importance in predicting stope stability. When these
features were removed from the model, the performance
dropped significantly, further confirming their impor-
tance. The RFE analysis provided further insight into the
relationships between the geotechnical factors and stope
instability, and supported the findings of the feature im-
portance analysis.

3.5.3. Decision Boundary Analysis

To further explore the interaction between the two
most significant factors, water effect and blast damage,
we performed a decision boundary analysis. This tech-
nique visualizes the classifier’s predictions across the
feature space, illustrating how different combinations of
water effect and blast damage influence stope stability.
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Figure 1. Feature distribution plots for the five factors under investigation
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Figure 10 shows the decision boundary generated by
the Random Forest Classifier. The yellow area repre-
sents the region where the model predicted “Stable”
stope conditions, while the purple area represents “Un-
stable” conditions.

The analysis revealed that:

Water effect is a dominant predictor: when water
effect is low (0) or medium (1), the classifier predicts
“Stable” regardless of blast damage severity. This sug-
gests that in the absence of significant water influence,
even high levels of blast-induced damage are unlikely to
compromise stope stability.
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High water effect increases instability risk: when
water effect is high (2), the classifier predicts “Unstable”
for medium (1) and high (2) blast damage levels. This
indicates that elevated water influence substantially in-
creases the risk of instability, particularly when com-
bined with blast damage.

Interaction effect: the decision boundary analysis
underscores a strong interaction between water effect
and blast damage. Specifically, a high-water effect am-
plifies the destabilizing impact of blast damage, pointing
to a compounded influence on stope stability.

3.5.4. Data Distribution Analysis

Feature distribution plots (see Figure 11) reveal a
positive correlation between rock strength and RMR, in-
dicating that higher-strength rocks are generally associ-
ated with better rock mass quality. Additionally, a posi-
tive correlation was observed between water effect and
blast damage, suggesting that the presence of water may
exacerbate the extent of blast-induced damage. This dis-
tribution analysis is critical for understanding the inter-

Classification Report:
precision  recall fl-score support
0 0.75 1,00 0.86 3
1 1.00 0,67 0.80 3
accuracy 0.83 6
Macro avg 0.88 0.83 0.83 6
weighted avg 0.88 0.83 0.83 6

Figure 13. Classification report extract

relationships among geotechnical factors and plays a
vital role in informing the design of appropriate ground
support systems.

3.5.5. Correlation Coefficient Analysis

The correlation coefficient analysis shows a strong
negative linear relationship between water effect and
rock quality, and a moderate negative linear relationship
between blast damage and rock quality (see Figure 12).
This suggests that the presence of water is associated
with a decrease in rock quality, and that blast damage is
also associated with a decrease in rock quality. The cor-
relation coefficient analysis is essential in understanding
the relationships between the factors and designing ap-
propriate support systems.

3.5.6. Model Evaluation
and Limitations

The performance of the Random Forest Classifier was
evaluated by using multiple metrics, achieving an accu-
racy of 0.83, precision of 0.88, recall of 0.83, and an
F1-score of 0.83, as illustrated in Figure 13. To assess
the model’s robustness and its ability to generalize to
unseen data, a 5-fold cross-validation procedure was
conducted. In this process, the dataset was randomly
partitioned into five equal subsets; in each iteration, four
subsets were used for training and the remaining one for
testing, ensuring that each subset served as the test set
exactly once. The performance metrics averaged across
the five folds were consistent with those obtained from
the initial model evaluation. This consistency indicates
that the model does not suffer from overfitting and dem-
onstrates reliable generalization capability. Such valida-
tion strengthens confidence in the model’s predictive
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reliability when applied to new or unseen geotechnical
datasets.

It is important to acknowledge several limitations as-
sociated with this analysis. First, the dataset used for
training the machine learning model was relatively lim-
ited in size, which may constrain the model’s ability to
fully capture the underlying complexity and non-linear
interactions among geotechnical features. This limita-
tion could affect both the generalizability and robustness
of the predictive outcomes. Second, while categorical
encoding was employed to represent variables such as
water effect and blast damage, this approach simplifies
the inherently complex and continuous nature of these
factors. Although effective for initial modelling purpos-
es, such simplification may lead to a loss of nuanced in-
formation. Future research could benefit from the use of
more advanced encoding methods, such as ordinal en-
coding, one-hot encoding with domain-specific thresh-
olds, or even continuous variable modelling, to better
reflect the true variability and interactions of these pa-
rameters.

Furthermore, the data used in this study were collect-
ed exclusively from the 2North Section of the mine. As
a result, the model’s applicability may be limited to this
specific geological and operational context, and its pre-
dictions may not be directly transferable to other sec-
tions of the mine with differing geotechnical or hydro-
logical conditions. To enhance the model’s predictive
power and generalizability, future studies should con-
sider expanding the dataset, incorporating additional
features such as joint orientation, stress regime, or time-
dependent effects, and applying the model across multi-
ple zones of the mine. These improvements would allow
for a more comprehensive assessment of stope stability
and broader applicability of the model outcomes.

Figure 14 displays the Receiver Operating Character-
istic (ROC) curve for the trained Logistic Regression
model. The ROC curve plots the true positive rate (sen-
sitivity) against the false positive rate (1 - specificity) at
various classification thresholds. The Area Under the
Curve (AUC) provides a single scalar value summariz-
ing the overall performance of the classifier for different
classes. The AUC values for Class Potentially unstable,
Class stable, and Class unstable are 0.545, 0.403, and
0.729, respectively.

The ROC curve and AUC values provide insight into
the model’s ability to balance true positives and false
positives, which is crucial for practical applications in
mining engineering. The results indicate that the model
performs relatively well in predicting “unstable” stopes
(AUC = 0.729), suggesting that it can effectively identi-
fy instances that are likely to be unstable. However, the
model’s performance for “stable” stopes is poor (AUC =
0.403), indicating that it struggles to distinguish between
stable and other classes. The model’s performance for
“potentially unstable” stopes is moderate (AUC =
0.545), suggesting that it can identify some instances
that are potentially unstable, but with limited accuracy.

The varying AUC values across classes suggest that
the model may be biased towards certain classes or that
the features used to train the model are not equally in-
formative for all classes. To improve the model’s perfor-
mance, it may be necessary to collect more data, particu-
larly for the classes with lower AUC values, or to ex-
plore alternative feature engineering strategies.
Additionally, hyperparameter tuning or the use of en-
semble methods may help to improve the model’s over-
all performance.

4. Discussion

This study applied a machine learning approach to
predict stope instability, building upon and contrasting
with traditional empirical and analytical methods. While
classical approaches like the Mathews Stability Graph
(Mathews et al., 1981) and rock mass classification sys-
tems (Bieniawski, 1973; Barton et al., 1974) provide
foundational insight, their inherent limitations often
arise from their reliance on simplified parameters and
site-specific calibrations. For instance, the stability
graph method, while widely used, may not fully capture
the complex, non-linear interactions between multiple
geotechnical factors. Our findings, particularly the
strong influence of water ingress and blast-induced dam-
age identified by the Random Forest model, underscore
the need for models that can discern such intricate rela-
tionships more effectively than traditional empirical for-
mulas alone.

Previous studies, such as Adoko et al. (2022), have
successfully demonstrated the application of neural net-
works for stope design, achieving high prediction accu-
racies. Similarly, Li et al. (2023) and Vinay et al. (2023)
highlight the effectiveness of Random Forest and Sup-
port Vector Machines in predicting stope instability. The
strength of our approach lies in its practical application
of the Scikit-Learn library to a specific shallow gold
mining environment, providing a granular analysis of
feature importance that quantifies the relative impact of
each geotechnical factor. While other studies may focus
on broader datasets or different mining contexts, our
work offers a tailored solution directly applicable to the
identified challenges in the 2North Section.

A significant advantage of the machine learning ap-
proach over purely empirical methods is its capacity to
handle large, heterogeneous datasets and identify subtle,
non-linear patterns that might be overlooked by simpli-
fied models. For example, the decision boundary analysis
clearly illustrated the amplifying effect of high water in-
gress on instability when combined with moderate blast
damage — a synergistic interaction that empirical formu-
las might struggle to quantify precisely. This directly
translates to practical benefits for end-users in the mining
sector, enabling more proactive and precise interven-
tions. By accurately predicting high-risk areas, mine op-
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erators can optimize the deployment of support systems,
leading to reduced material consumption, improved safe-
ty by minimizing exposure to unstable ground, and ulti-
mately, enhanced operational efficiency and mineral re-
serve optimization through reduced dilution and down-
time. This also extends to machinery maintenance, as a
more stable ground reduces the risk of equipment dam-
age from rockfalls and ground movement.

However, this study also presents limitations. The
relatively limited dataset size inherently restricts the
model’s generalizability beyond the specific geological
and operational context of the 2North Section. While the
5-fold cross-validation indicated robust performance
within this dataset, applying the model directly to other
mine sections without further training or validation
could yield inaccurate predictions. Furthermore, the use
of categorical encoding for water effect and blast dam-
age, while practical, simplifies the continuous nature of
these phenomena. Future research should explore larger,
more diverse datasets and advanced encoding techniques
(e.g. continuous variables or more granular ordinal
scales) to enhance model robustness and transferability.
Incorporating additional features such as joint orienta-
tion, in-situ stress regimes, and time-dependent effects
would also further refine predictive accuracy, leading to
more comprehensive ground control solutions.

Table 5. Fall out heights and support demand of the stopes
under investigation

4.1. Stope Failure Analysis

Rock falls with medium and high hazard intensity are
dominating stopes 2A and 3C, indicating the failure of
support systems. The support system consists of natural
in-situ pillars left randomly in stopes, relying on the ex-
cellent rock mass quality of the stopes. The adopted sup-
port design from 2South Section, had a maximum toler-
able unsupported length of 7.5m which deviated from
the calculated values. The maximum tolerable unsup-
ported length for stope 2A and 3C deviated negatively
with a magnitude of 2.5m and 1.5m respectively. This
entails the deterioration of the rock mass quality in these
stopes. As the rock mass quality was altered, the stope
shape factor became insignificant for the design thus the
stope stability decreased. As a result, new support re-
quirements which may include artificial support are now
necessary.

4.2. Support Demand and Pattern

The analysis of support demand and support pattern
indicates that the proposed support configuration is ad-
equate for maintaining the stability of the stopes, as de-
tailed in Tables 5 and 6. The support demand was quan-
titatively estimated based on established rock mass clas-
sification systems (RMR and Q-system) and evaluated
using the Mathews’ stability graph method, which inte-
grates rock quality, stope geometry, and excavation span
to determine required support levels.

Densit Fall Out | Fall Out | Support The proposed support pattern was designed to ensure
Stope Ke;/s;lsy Height | Height | Demand an even distribution of load and to accommodate local-
No. m kN/m’ ized stress concentrations, particularly around larger
Stope 2A 2700 1 1.17 31 load-bearing pillars. This design approach considers
2700 1.27 34 both the mechanical properties of the rock mass and the
2700 3 1.21 32 empirical stability zones defined in the stability graph.
Average 122 32 The patte'm a@ms to transfgr and distribute loads effgc—
Stope 3C 2700 125 13 tl\(ely, minimize defqrma‘mon, and prevent progressive
failure, thereby ensuring the long-term structural integ-
2700 1.29 34 . . . .. .-
rity of the stopes under anticipated mining conditions.
2700 3 1.21 32 . .
The support demand was calculated using Equation 24.
Average 1.25 33
Stope 2B 2700 0.77 20 Support Demand per m* = pgh (24)
2700 0.68 18 . . .
where p is the verage density of the overlying rock mass,
2700 3 0.72 19 . . . .
g is the acceleration due to gravity and /4 is the Fall-out
Average 0.72 19 height.
Table 6. The tributary area for rock fall conditions and the corresponding support spacing
. Support Ressistance | Support Demand | Tributary Area for rock falls | Support Spacing
Stope Support Unit KN KN/m? m? M
Stope 2A | 22mm cone bolt 190 32 5.9 2.4
16mm cone bolt 100 32 3.1 1.8
Stope 3C | 22mm cone bolt 190 33 5.8 2.4
16mm cone bolt 100 33 3.0 1.8
Stope 2B 80 19 4.2 2.1
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5. Conclusions

Stope instability remains a critical challenge in under-
ground mining, often leading to hazardous conditions,
production delays, and financial losses. Traditional em-
pirical and numerical methods, while effective, are lim-
ited by site-specific constraints and require extensive
calibration. This study presents a practical machine
learning (ML) approach for predicting stope instability
by analyzing the main geotechnical parameters. The fol-
lowing are the findings of this study:

a) the primary geotechnical factors influencing stope
instability in the 2North Section of the mine are
water effect, blast damage, and poor rock mass
quality, with water effect being the most signifi-
cant factor.

b) stopes 2A and 3C have lower rock quality (RQD
and Q-system values) compared to Stope 2B, indi-
cating higher potential for instability.

¢) blast damage assessment revealed significant dam-
age to the remaining rock mass, with a lack of prop-
er perimeter control during blasting operations.

d) the analysis using the Scikit-Learn Machine
Learning Library confirmed that water effect, blast
damage, and RMRs are the most important factors
affecting stope instability, while rock strength has
the least influence.

e) the Random Forest Classifier demonstrated strong
predictive performance, achieving an accuracy of
0.83, precision of 0.88, recall of 0.83, and an F1-
score of 0.83. This performance was consistent
across 5-fold cross-validation, indicating the mod-
el’s reliability and generalization capability.

f) the stopes are all situated in the potentially unsta-
ble zone on the stability graph, with Stope 2B be-
ing more stable than the other two.

g) the adopted support design from 2South Section
has been considered insufficient due to changes in
rock mass quality, necessitating new support re-
quirements for an effective ground support sys-
tem. The maximum tolerable unsupported lengths
of the stopes had significantly reduced, stopes 2A
by 29% and 3C by 21%.

h) the proposed machine learning approach offers a
robust and practical tool for mine operators, al-
lowing for more accurate predictions of stope in-
stability, thus enabling optimized resource alloca-
tion for support systems and enhanced safety by
reducing exposure to hazardous conditions.

i) future research should focus on expanding the
dataset to include a wider range of geological and
operational conditions from multiple mine sec-
tions, exploring continuous variable modeling for
factors like water pressure and blast intensity, and
incorporating additional parameters such as joint
orientation and in-situ stress regimes to further en-

hance the model’s generalizability and predictive
accuracy.

j) the current state of the ground welcomes the ap-
plication of additional mining techniques to im-
prove the stability of the stopes, thus providing a
secure working environment for employees, and
supervision.
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SAZETAK

Odrziv i prakti¢an pristup strojnom ucenju
pomocu Scikit-Learn baze za procjenu nestabilnosti ¢ela radilista:
identifikacija klju¢nih geotehnickih ¢imbenika

Nestabilnost ¢ela radilista i dalje je stalan i opasan izazov u podzemnoj eksploataciji, s negativnim utjecajem na sigur-
nost, uc¢inkovitost i odrzivost. Tradicionalne metode procjene stabilnosti, iako korisne, ¢esto su ograni¢ene potrebom za
bazdarenjem na specifitnome lokalitetu, pojednostavnjivanjem i slabom prilagodljivo$¢u u dinami¢nim podzemnim
uvjetima. lako strojno uéenje pokazuje potencijal za pobolj$anu to¢nost, i dalje postoji velik nedostatak razumijevanja
kako geotehnicki ¢cimbenici medusobno djeluju u praksi. Ovo istrazivanje predstavlja novu, prakti¢nu okosnicu strojno-
ga ucenja (Scikit-Learn) za procjenjivanje nestabilnosti ¢ela radilista te klju¢noga kvantificiranja suptilnoga nelinearnog
utjecaja i medudjelovanja klju¢nih geotehnickih ¢imbenika u plitkome rudniku zlata. Sveobuhvatno geotehnicko ispiti-
vanje (opaZanja, laboratorijska ispitivanja, klasifikacije stijenskih masa, procjene o$tec¢enja uslijed miniranja) i napredna
analiza podataka (Random Forest, Recursive Feature Elimination, Decision boundary analysis) identificirali su najvaZnije
¢imbenike nestabilnosti: prodor vode, o$te¢enja uzrokovana miniranjem i kvalitetu stijenske mase (RMR). Prodor vode
imao je velik utjecaj na stabilnost, pri ¢emu su umjerena ostecenja od miniranja dodatno pogorsavala nestabilnost u
uvjetima visokoga prodora vode. Cvrsto¢a stijenske mase pokazala se relativno manje vaznom. Razvijeni model postigao
je snaznu prediktivnu udinkovitost (to¢nost: 0,83, preciznost: 0,88, odziv: 0,83, F1 mjera: 0,83). Na temelju tih znanja
predlozeni su prilagodeni oblici podgrade (npr. konusna sidra 22 mm / 16 mm, drvena podgrada) kako bi se ublazili
specifi¢ni rizici. Ovo istrazivanje znatno doprinosi ciljanom rjesavanju problema u mehanici stijena pruzajuci dublje,
kvantificirano razumijevanje sloZzenih mehanizama nestabilnosti, ¢ime se poboljsava sigurnost i operativna u¢inkovitost
kod plitke eksploatacije zlata.

Klju¢ne rijeci:
geotehnicki ¢imbenici, nestabilnost ¢ela radilista, strojno ucenje, klasifikacija stijenske mase, plitko rudarenje, podgrada
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