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Abstract

Landslides represent great dangers that can cause fatalities and huge property damage. To prevent or reduce all possible
consequences that landslides cause, it is necessary to know the kinematics of the surface and undersurface sliding
masses. Geodetic surveying techniques can be used for landslide monitoring and creating a kinematic model of the
landslide. One of the most used surveying techniques for landslide monitoring is the photogrammetric survey by Un-
manned Aerial System. The results of the photogrammetric survey are dense point clouds, digital terrain models, and
digital orthomosaic maps, where landslide displacements can be determined by comparing these results in two measure-
ment epochs. This paper presents a new data processing method with a novel approach for calculating landslide dis-
placements based on Unmanned Aerial System photogrammetric survey data. The main advantage of the new method
is that it does not require the production of dense point clouds, digital terrain models, or digital orthomosaic maps to
determine displacements. The applicability and accuracy of the new method were tested in a test field with simulated
displacements of known values within the range of 20-40 c¢m in various directions. The new method successfully deter-

mined these displacements with a 3D accuracy of +1.3 cm.
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1. Introduction

A landslide is the movement of a mass of rock, earth,
or debris down a slope due to disturbances in soil stabil-
ity (Cruden, 1991). Landslides represent significant po-
tential dangers that can cause great material, economic,
social, and human losses (Mihali¢ Arbanas and Arba-
nas, 2014) and are responsible for 9% of all world disas-
ters (Galli et al., 2008).

During the winter o 2012 to 2013, more than 900 land-
slides caused by natural processes were activated in con-
tinental Croatia, which caused significant material dam-
age (Arbanas et al., 2013). Croatia’s largest landslide is
Kostanjek, located in the city of Zagreb. As a part of the
continuous real-time monitoring system, a series of sen-
sors are installed on the Kostanjek Landslide to acquire
information of landslide kinematics to react in time and
prevent a potential catastrophe (Krkac¢ et al., 2021, 2019).
Understanding the behaviour of landslides and identify-
ing their possible triggering effects usually requires good
knowledge of the kinematic surface and subsurface slid-
ing masses (Acar et al., 2008).
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Besides the continuous real-time monitoring system,
knowledge about the landslide kinematics can be ac-
quired by many different monitoring techniques, which
differ according to the surveying principle. The most
conventional monitoring technique is based on classical
geodetic surveying using the precise level, total station
or GNSS receiver, providing sparse spatial point cover-
age with very high survey accuracy. It is time-consum-
ing, but it can declare well-defined information about
possible displacements and landslide movements (Afeni
and Cawood, 2013; Artese and Perrelli, 2018; Kasper-
ski et al., 2010; Martha et al., 2010; Simeoni et al.,
2015; Sui et al., 2008; Tsai et al., 2012). Optical data
acquired from airborne or satellite platforms can be an
alternative solution for landslide mapping and monitor-
ing (Mondini et al., 2011; Nichol and Wong, 2005),
where high-resolution data are very efficient in detecting
individual landslides or groups of landslides providing
important surface texture data (Fiorucci et al., 2011;
Marcelino et al., 2009; Metternicht et al., 2005). How-
ever, terrain models produced by these techniques are
not as accurate and precise as models produced by the
Airborne Laser Scanning (ALS) technique (Baltsavias,
1999) based on Light Detection And Ranging (LiDAR)
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remote sensing technique measured from an aircraft (Yu
et al., 2015), and it is a powerful tool for the fast collec-
tion of large densities of accurate and high spatial reso-
lution of landslides, improving better-analyzing surface
topography (Abellan et al., 2010; Ardizzone et al.,
2007; Eeckhaut et al., 2007; Jaboyedoff et al., 2012,
2009; Oppikofer et al., 2008; Tang et al., 2022; Teza et
al., 2007). Still, it is pretty expensive for individual
landslide studies (Westoby et al., 2012). Lidar measure-
ments can also be performed from the ground by Ter-
restrial Laser Scanning (TLS), providing a very high
survey accuracy which improves a better understanding
of changes and deformations of the landslide (Barbarel-
la and Fiani, 2013; Castagnetti et al., 2014; Luo et al.,
2017; Oppikofer et al., 2012; Spreafico et al., 2015).
Still, it can be time-consuming and challenging when
dealing with highly steep terrain (Westoby et al., 2012).
The Synthetic-Aperture Radar (SAR) technique from
aircraft or satellite platforms provides a wide coverage
area with a high spatial resolution (Bardi et al., 2017;
Bozzano et al., 2017; Du et al., 2017; Kang et al.,
2017; Mondini, 2017; Qi et al., 2017; Schlégel et al.,
2017; Yang et al., 2017; Zhao and Lu, 2018). The abil-
ity of microwave radar sensors to see through clouds in
the presence or absence of daylight makes it a well-suit-
ed technique for quickly detecting and mapping indi-
vidual landslides, landslide populations of different
types and sizes over a wide area, and different physio-
graphic characteristics (Adriano et al., 2020; Aimaiti et
al., 2019; Burrows et al., 2019; Ge et al., 2019; Mon-
dini et al., 2021; Park and Lee, 2019).

In the last few decades, the monitoring technique
based on Unmanned Aerial Systems (UAS) photogram-
metric surveying in cooperation with Structure from
Motion (SfM) and Multi-View Stereo (MVS) image pro-
cessing algorithms have become a valuable technique
for producing various terrain models (Ai et al., 2015;
Eltner et al., 2016; Fraser and Cronk, 2009; James
and Robson, 2014, 2012; Passalacqua et al., 2015; Re-
mondino and El-Hakim, 2006; Tarolli, 2014) and
plays a vital role in landslide monitoring tasks (Clapuyt
et al., 2017; Eker et al., 2018; Jakopec et al., 2021;
Lin et al., 2010; Lucieer et al., 2014; Marendic et al.,
2017; Niethammer et al., 2012; Nikolakopoulos et al.,
2017, 2015; Pajares, 2015). This monitoring technique
has become very desirable and affordable due to techno-
logical developments such as autopilot systems, light-
weight action cameras, miniature GNSS receivers, ad-
vances in carbon fiber airframes, and the development of
new image processing methodologies based on comput-
er vision (Lucieer et al., 2014; Nikolakopoulos et al.,
2015; Smith et al., 2016). The monitoring by this tech-
nique is based on techniques that quantify the topo-
graphic changes between products delivered from the
SfM-MVS image processing algorithm.

The most used technique to quantify the topographic
changes is based on image correlation techniques, which

detect corresponding features or patches in two images
by correlating their intensity values to detect topograph-
ic changes. Many authors use this technique on georef-
erenced orthomosaic images produced from different
survey epochs to determine horizontal landslide dis-
placement (Jakopec et al., 2021; Marendic et al., 2017;
Niethammer et al., 2012; Peternel et al., 2017; Powers
et al., 1996). One of the most used software that uses
image correlation techniques is the Co-registration of
Optically Sensed Images and Correlation (COSI-Corr)
(Leprince et al., 2007), and many authors use it in their
research to determine horizontal landslide displacements
(Fernandez et al., 2016; Lucieer et al., 2014; Turner
et al.,, 2015). Furthermore, an often-used straightfor-
ward technique is DEM of difference (DoD), which in-
volves subtracting a later digital elevation model from
an earlier digital elevation model, highlighting the
change in one direction along the vertical axis (Abellan
et al., 2009; Hsieh et al., 2016; Lague et al., 2013;
Wheaton et al., 2009). However, the accuracy of calcu-
lated differences relies on the produced digital terrain
models (DiFrancesco et al., 2020). Therefore, the DoD
technique is not very suitable for calculating differences
on a geometrically complex terrain with overhanging
features and wide arrays of surface orientations, so to
improve the DoD precision across some terrain surfaces,
segments with similar directions can be grouped for sep-
arate analysis, but this can complicate processing and
data interpretation (Barnhart and Crosby, 2013). Sev-
eral recent studies have used the DoD technique to ana-
lyze landslides (Fernandez et al., 2016; Huang et al.,
2017; Peternel et al., 2017; Tanteri et al., 2017). One
of the latest direct point cloud comparison techniques is
Multiscale Model-to-Model Cloud Comparison (M3C2).
This technique directly compares two point clouds and
conducts change detection with minimal manual pro-
cessing (Lague et al., 2013). It is the mostly used in
geosciences (Anders et al.,, 2020; Benjamin et al.,
2016; Bonneau and Hutchinson, 2019; Kromer et al.,
2015, 2017; Nourbakhshbeidokhti et al., 2019;
Stumpf et al., 2015; van Veen et al., 2017) and excel-
lently quantifies topographic changes between products
generated from UAS photogrammetric survey (Cook,
2017; Eker et al., 2018; Esposito et al., 2017a, 2017b;
James et al., 2017; Warrick et al., 2017).

All the mentioned techniques compare high-resolu-
tion products such as digital orthomosaic maps, digital
terrain models, and dense point clouds produced from
acquired images in two different UAS photogrammetric
survey epochs to quantify the topographic changes (Elt-
ner et al., 2016; James and Robson, 2012). These
products are generated by processing images by SfM
and MVS algorithms, whose processing task is time-
consuming and demanding for a computer, especially in
the case of processing by MVS algorithm (Crawford et
al., 2021; Moritani et al., 2020, 2019).

This paper presents a new data processing method with
a novel approach to calculating landslide displacements
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from Unmanned Aerial System photogrammetric survey
data, based exclusively on SfM algorithm steps without
using the MVS algorithm. Therefore, it is faster and com-
putationally simpler than previously used methods.

2. Methods and Materials

In this section, the following is described: (i) the the-
ory behind the new data processing method, (ii) defining
the test field with a simulated displacement, and (iii)
mission planning and data acquisition.

2.1. The Theory behind the New Data Processing
Method

This section explains the theory workflow of the new
data processing method through the following steps (see
Figure 1): (1) image processing, (2) calculating dis-
placements from sparse point clouds, and (3) detecting
and removing outliers.
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| — - }
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Figure 1: Flowchart of the new data processing method

2.1.1. Image Processing

At the very beginning, the new data processing meth-
od starts with the feature detection on all images ac-
quired in two different epochs. The feature on the image
represents a distinctive area of an image texture that is
likely to be identifiable in other images (James and
Robson, 2012). Numerous methods can be used for de-
tecting features on images. Some of these methods are
the following: Accelerated KAZE Features (AKAZE)

(Alcantarilla et al., 2013), Speeded Up Robust Features
(SURF) (Bay et al., 2006), Hessian Affine feature point
detector, and Histogram of Oriented Gradients descrip-
tor (HAHOG) (Meza et al., 2018), Oriented Fast and
Rotated Brief (ORB) (Rublee et al., 2011), and Scale
Invariant Feature Transform (SIFT) (Lowe, 2004) which
is the most widely used method in geosciences (Carriv-
ick et al., 2016). These methods are implemented in the
Open Computer Vision (OpenCV) library (Kaehler and
Bradski, 2017).

Once features have been detected on all images of
both survey epochs, they need to be matched by some
feature matching method. The Fast Library for Approxi-
mate Nearest Neighbors (FLANN) (Muja and Lowe,
2009) matching method is used in this paper, which is
also commonly used in photogrammetry (Fu and Cai,
2016). One of the key steps of the proposed processing
method is to run a feature matching algorithm simulta-
neously on images from both surveying epochs, which
will later enable connecting reconstructed points of two
separately processed surveying epochs and determina-
tion of the displacement vectors.

The next step of processing is SfM reconstruction,
which is used for reconstructing camera positions, exter-
nal and internal camera calibration parameters, and,
most importantly, reconstruction of the scene’s geome-
try (sparse point cloud) (Fisher et al., 2016; Granshaw,
1980; Snavely et al., 2008; Szeliski, 2011; Triggs et al.,
2000; Ullman, 1979). Reconstruction of the scene using
the SfM algorithm is done separately for the first and
second surveying epochs.

The results of the reconstruction using the SfM algo-
rithm are sparse point clouds. The sparse point cloud
consists of a spatial structure of feature points, whose
reconstruction is obtained by the triangulation process
based on matches and features, determined in steps of
feature detection and feature matching (Hodlmoser et
al.,, 2013). Each sparse point cloud represents recon-
structed feature points that relate exclusively to the first
and exclusively to the second epoch.

Since the SfM algorithm reconstructs the sparse point
clouds in local coordinate systems (Carrivick et al.,
2016), the next step is to associate them with the same
global coordinate system by an indirect or direct georef-
erencing approach. The indirect georeferencing uses a
minimum of three Ground Control Points (GCPs) estab-
lished on the field to calculate a unique seven-parameter
linear similarity transformation parameter between the
local and global coordinate system (Carrivick et al.,
2016; Oniga et al., 2020). However, establishing GCPs
can sometimes be time-consuming and unfeasible (Ga-
brlik et al., 2018). Moreover, it is beneficial because the
GCPs are applied for camera self-calibration in a bundle
adjustment to refine the reconstruction (Bolkas, 2019;
Eltner and Schneider, 2015; Jaud et al., 2019). In con-
trast to indirect georeferencing, direct georeferencing
uses camera position determined with Real-Time Kine-
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matic (RTK) or the Post-Processed Kinematic (PPK)
GNSS method (Tsai et al., 2010; Turner et al., 2014;
Zhang et al., 2019). In this case, there is no need to es-
tablish the GCPs in the field (Verhoeven et al., 2012).
Although indirect georeferencing is more time-consum-
ing than direct georeferencing, it is more accurate than
direct georeferencing and provides reliable positioning
(Fazeli et al., 2016; Gabrlik et al., 2018; Padré et al.,
2019; Zhang et al., 2019).

2.1.2. Calculating Displacements from Sparse
Point Clouds

Considering feature matching is done simultaneously
for features in both epochs, numerous reconstructed fea-
ture points exist which can be linked together between
the two georeferenced sparse point clouds based on the
matching results. Displacement vectors are determined
by subtracting coordinates of the linked (common) fea-
ture points in two surveying epochs:

AE, = E (1,)-E (t,), AN, = N,(t,) = N,(1,),

AHi:Hi(tZ)_Hi(tl) (1)
Where:
AE, AN, AH —displacement in east, north, and height
direction,
i — identification name of the common fea-
ture point,
t,t, — denote the first and second epoch.

2.1.3. Detecting and Removing Outliers

Since the algorithm calculates displacement vectors
from all common feature points, it can be assumed that
some of them will be outliers that need to be removed
from the data. Detecting and removing outliers can be
done by performing the Leave-One-Out Cross-Valida-
tion (LOOCYV) process based on the kriging interpola-
tion (Mesi¢ Kis, 2017; Pebesma, 2004; Pebesma and
Wesseling, 1998). That process must be performed sep-
arately for displacements in each coordinate direction
(AE, AN, and AH), stored in three separate datasets.

Before starting the LOOCV processes, it is possible
to filter datasets to make these processes more efficient
in terms of the necessary processing power and time.
Guided by cognition that the features’ reliability increas-
es with the number of images on which they can be
found (Shah et al., 2015; URL 5, 2022), displacement
vectors can be filtered based on the number of images on
which each feature point is found.

The most reliable displacements are kept in the data-
sets by this filtering. Remaining outliers in datasets can
be detected and removed by the mentioned LOOCYV pro-
cess based on the kriging interpolation method.

The LOOCYV is a cross-validation method where the
whole dataset is partitioned into i subsets (S, ... S),
called folds. The number of folds equals the number of

observations in the dataset. A validation process is ap-
plied i times, for 1 to i, each time using the union of all
observations other than § as the training set and using S,
observation as the test set (Sammut and Webb, 2017).
In this paper, the observations are calculated displace-
ments in each coordinate direction.

Detecting and removing outliers starts with calculat-
ing parameters for kriging interpolation (semivariogram
models) for displacements in each dataset. These param-
eters are then used to interpolate displacements by the
kriging method for each coordinate direction while run-
ning the LOOCYV processes. In the LOOCYV process, the
residuals are calculated as a difference between the pre-
dicted and observed displacement values. Finally, z-
score values represent the distance between the predict-
ed and the observed displacement value in standard de-
viation units, which are calculated separately for each
component of the vector (East, North, and Height) as a
ratio between the residual and standard deviation of the
predicted value:

X —X.
i i (2)

S.

i

zscore, =

Where:
zscore, — residual divided by standard deviation of the
predicted value for each vector component,

;l. — predicted value,

X, — observed value,

s, — standard deviation of the predicted value,
i — an index of the data in the datasets.

Guided by the 3-sigma rule, z-score values can indi-
cate the presence of outliers in the dataset (Hawkins,
1980; Jaba, 2007; Kutterer et al., 2003; Lehmann,
2013). Based on the z-score (AE, AN, and AH) values
calculated for each displacement in datasets, it is possi-
ble to detect outliers among the vectors. Since each dis-
placement vector consists of three displacement compo-
nents, it is necessary to calculate the z-score (3D) value
for the whole vector, not just for its components. The z-
score (3D) value of the displacement vector can be cal-
culated as the square root of the sum of the squared z-
score values in each coordinate direction:

zscore;(3D) =

= |Jzscore,(AE)? + zscore,(AN)* + zscore,(AH)*  (3)

Where:
zscore, (3D) — residual divided by standard deviation
of the predicted value of the whole
vector,
i — an index of the displacement vector.

To apply the 3-sigma rule to the displacement vectors,
it is necessary to calculate a threshold, the max_ zscore
(3D) value, above which all vectors with a z-score (3D)
value greater than that threshold will be considered out-
liers. The threshold can be calculated as the root of the
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Figure 2: Location of the test field in Croatia (Open Street Map)

sum of the squares of the threshold above which dis-
placement in each separate coordinate direction can be
considered as an outlier:

max _ zscore(3D) =

= \/ max_zscore(AE)’ + max_ zscore(AN)” +max _ zscore(AH)’ (4)

Guided by the 3-sigma rule, the max_zscore (AE, AN,
and AH) value in each coordinate direction equals 3,
which means that the max_zscore (3D) value equals 5.2,
and any displacement vector with a higher z-score (3D)
value than max_zscore (3D) is considered an outlier.

2.2. Test Field

The UAS photogrammetric surveys were carried out
on a test field in the village Kapela Kalnicka in the Re-
public of Croatia (see Figure 2). The location coordi-
nates are 46° 11° 3.4” in the north and 16°24° 4.0” in the
east, related to the World Geodetic System 84 (WGS
84). The surface of the test field is predominantly hori-
zontal, without significant height differences, mainly
covered with grass, and consists of some humans-built
artificial objects, such as paths, one house, and a mini
football pitch (40 m by 25 m flat concrete surface). A
football pitch was used as a test field where landslide
movements were simulated. Landslide movements are
simulated by moving tarpaulins placed on the top of the
pitch. Two large tarpaulins (20 x 15 m) with random pat-
terns and lines drawn to each tarpaulin were used (see
Figure 3).

The landslide simulation was done by moving tarpau-
lins in different directions and magnitudes relative to the
initial positions. Each tarpaulin was marked with 35
control points (CPs) in the grid of 3 m cell size (see Fig-
ure 4) to test the accuracy of the new data processing
method.

The referent coordinates of the CPs in each epoch
were determined with sub-centimeter level accuracy by
measurements with the total station. The measurements
were done with Leica TPS1201 total station, with an an-
gle measurement accuracy of 1 and a distance measure-
ment accuracy of 2mm+2ppm (URL 2, 2022). The refer-
ence network used to determine the CPs position in each
survey epoch consisted of four points (1P, 2P, 3P, and
4P) stabilized in each corner of the concrete surface. The
reference network is of great importance, and therefore
steps below explain the process of surveying and deter-
mining the coordinates of the reference network points:

1. the initial coordinates of reference network points

were determined by GNSS Real-Time-Kinematic
(RTK) method using the differential corrections
from the CROatian POsitioning System (CRO-
POS). Each point was measured in two independ-
ent measurement repetitions (one repetition con-
sists of 3 consecutive measurements, each lasting
30 seconds) with a time interval of at least 2 hours.
The accuracy that can be achieved with this tech-
nique is within 2 cm horizontally and within 4 cm
vertically (Bac¢i¢ et al.,, 2009; Jakopec et al.,
2013; Milec et al., 2015; URL 1, 2022);
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2. the total station was set up by the free-station (re-
section) method related to the initial coordinates of
network points, after which the network points
were again measured to determine their final coor-
dinates;

Legend
1p 400 [=] Tarpaulin WEST
= Tarpaulin EAST
| <> Reference network points
/\ Ground control points (GCP)
<3 Control points (CP)

Map scale

3 ¥
%
t 4_& !‘ 5} 10 15m

HTRS96/TM (EPSG:3765)

Figure 4: Distribution of the reference network points, CPs,
and GCPs on tarpaulins

3. the final coordinates of the network points were
used in both survey epochs to set up the total sta-
tion to determine the true (referent) coordinates of
the CPs.

Further, seven GCPs have been established on the test
field for UAS indirect georeferencing (see Figure 4).
The appearance of the GCPs was a flat square plate with
50 cm long sides on which the chessboard pattern was
painted in black and white colors (see Figure 5). The
GCPs coordinates were determined by the GNSS RTK
method using the CROPOS, using an identical measure-
ment procedure, as well as when determining the initial
coordinates of the network reference points.

2.3. Mission Planning and Data Acquisition

To test the proposed data processing method for de-
termining landslide displacements, it was necessary to
conduct a UAS photogrammetric survey. The first step
of the UAS photogrammetric survey is to make a flight
plan for the UAS mission. Weather forecast is one of the
crucial parameters in a UAS mission planning since
poor weather conditions (like high and low tempera-
tures, clouds, wind, icing, low visibility, fog, and rain)
could potentially postpone the mission (Kinney et al.,
2005; Lindner et al.,, 2016; Thibbotuwawa et al.,
2020). Only one mission was planned for this research,
and it was used in both surveying epochs. The mission
was planned and defined in Universal Ground Control
Software (UgCS) (URL 6, 2021).

The UAS surveys were performed using quadcopter
DIJI Phantom 4 Pro v2.0, with a built-in 1-inch, 20 Meg-
apixels CMOS camera sensor. The camera lens offers a
Field Of View (FOV) of 84° with a focal length range of
8.8 mm/24 mm (35 mm format equivalent) and an aper-
ture of /2.8 — /11, with autofocus from 1 m to infinity

Figure 5: The appearance of (a) CP marks, and (b) GCP marks
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(URL 4, 2022). The most significant feature is that the
camera has a mechanical shutter that does not cause geo-
metric distortion (KuZelka and Surovy, 2018).

A double-grid UAS flight (in perpendicular direc-
tions) was planned (see Figure 6), which is recommend-
ed for creating 3D models of the earth’s surface (Roder
et al., 2017). The flight altitude was set at 20 m above
ground level, leading to the average ground sample dis-
tance (GSD) of 0.60 cm/px. It is good to note that the
accuracy of the UAS photogrammetric survey mainly
depends on the flight altitude (Briickl et al., 2006). Lon-
gitudinal overlap was set at 80% and transversely at 85%
between images. The camera’s tilt was set at 70° (where
0° means that the camera looks horizontal and 90° means
that the camera looks straight down). The camera shutter
was set to take a photo every 4.23 m. The flight speed
was set to 1.40 m/s.

Figure 6: Planned waypoints of UAS mission
in software UGCS

This planned mission was surveyed twice, once be-
fore and another time after moving tarpaulins, with an
interval of 3 hours. The first survey was executed at 1
pm (first survey epoch), and the second flight was exe-
cuted at 4 pm (second survey epoch). The weather con-
ditions were favorable for a UAS survey. The sky was
cloudy with no precipitation, the air temperature was
between 12-19°C, and the wind speed was up to 6 m/s
with a few gusts. The camera was set on auto mode,
which means that parameters were automatically adjust-
ed during the flights. So, the shutter speed ranged from
f/5 to 1/8, and the aperture ranged from 1/200 to 1/1250).
The ISO parameter remained unchanged during the
flights and equaled 100. A total of 422 images were ac-
quired in the first survey epoch, and 421 images were
acquired in the second survey epoch.

3. Results

This section presents the processing of the collected
UAS photogrammetric survey data and analysis of de-
termined displacements. Therefore, it is divided into two
subsections for better presentation: (i) application of the

new data processing method in practice, and (ii) accura-
cy of determining landslide displacement by the new
data processing method.

3.1. Application and Testing of the New Data
Processing Method

Processing UAS images by the new data processing
method was done in the software OpenSfM. The OpenS-
fM is open-source software for geographical alignment
and robustness, with the primary purpose of producing a
robust and scalable reconstruction model (URL 3, 2020).
As described in section 2.1.1., the first step in data pro-
cessing is to detect features on images collected in both
surveying epochs. The most common SIFT method was
used for feature detection. Approximately 77.8 million
features were found on all 843 images, which gives an
average of 92.3 thousand features per image.

The next step is to match all these features. The
FLANN method was used for the matching process. The
results in Table 1 indicate that 14.7 million matches
were found among all image pairs. For this method,
matches found between two images are crucial, where
one image is from the first, and the other is from the
second surveying epoch, so they are called common
matches. Over 3 million common matches were detected
between the images in both epochs.

A similar number of features were found in the first and
second epochs, while more matches were detected be-
tween the features on the first epoch images (see Table 1).

The total number of all matched feature points (points
with features matched between at least two images)
found in the first and second epochs counts 1 936 904,
whereas 129 153 are common feature points because
they are matched between the images of both epochs.
The ratio between common and all feature points

Table 1: Total number of features, matches, and matching
feature points

Matched
Features Matches feature
points
All 77 809980 | 14716 671 | 1 936 904
(100.00%) | (100.00%) | (100.00%)
Epoch 1 37925904 | 6805084 | 956 044
p (49.00%) | (46.24%) | (49.36%)
Epoch 2 39884076 | 4828112 | 851707
p (51.00%) | (32.81%) | (43.97%)
Common 3083 475 129 153
(Epoch 1 & Epoch 2) (20.95%) (6.67%)
Common 2262 311
(Epoch 1) (61.30%)*
Common 1 386 846
(Epoch 2) (38.70%)*

* The proportion relative to the common matches (Epoch 1 &
Epoch 2)
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Table 2: The number of all potential matched feature points
and the reconstructed feature points

Points Reconstructed
All :
q founded on points
potential
oints only one All Common
P image

Epoch1 | 1085197 77721 888 420 20 423
Epoch 2 980 860 79 707 819 521

amounts to 6.67%, which means it is possible to deter-
mine displacements of approximately every fifteenth
feature point.

Comparing the number of common feature points and
the number of common matches shows that each feature
point is detected on 23 images on average. Determining
which proportion of these 23 images is related to a par-
ticular epoch shows that 61.30% are related to the first
and 38.70% to the second epoch. In other words, on av-
erage, each common feature point is detected on approx-
imately 14 images of the first epoch and approximately
9 images of the second epoch.

The discrepancy between the number of features,
matches, and matched feature points between the two
epochs is most likely because the UAS surveys were
performed at different times of the day. The elevation
angle of the Sun was lower during the second surveying
epoch, leading to greater shadows on the images caused
by the obscuring of the sun’s light rays by plant vegeta-
tion, primarily trees, in the surroundings of the test field.

Further, two SFM reconstructions were performed.
The first reconstruction was based on matches and fea-
tures related exclusively to the images of the first epoch,
and the second reconstruction was based on matches and
features related exclusively to the images of the second
epoch. A total of 1 085 197 potential matched feature
points participated in the first reconstruction, out of
which 11.90% are common feature points, and the rest

Map scale

are detected exclusively on the images of the first survey
epoch. A total of 980 860 potential matched feature
points participated in the second reconstruction, out of
which 13.17% are common feature points, and the rest
are detected exclusively on the images of the second sur-
vey epoch.

The final production of SfM reconstructions process-
es was two sparse point clouds, where one is related to
the first, and the second is related to the second survey
epoch. Out of all potential feature points which partici-
pated in the first reconstruction process, 81.86%
(888 420) were finally reconstructed, and in the second
reconstruction, 83.55% (819 521) of them were finally
reconstructed (see Table 2).

The final numbers of reconstructed points in both ep-
ochs are fewer than the number of potential candidates
because, during the reconstruction process, the geomet-
rically incorrect matches are filtered out by the Random
Sample Consensus (RANSAC) method (Choi et al.,
2009; Fischler and Bolles, 1981). Furthermore, in the
matches used in reconstruction processes, some poten-
tial feature points have been matched between only one
image of the one epoch and one or more images of the
other epoch. These feature points cannot be reconstruct-
ed in an epoch where they are detected on only one im-
age (Aliakbarpour et al., 2015).

Since the sparse point clouds are in local (arbitrary)
coordinate systems, they need to be transformed into a
global coordinate system, enabling the calculation of
displacement vectors between common feature points.
This research used indirect georeferencing based on 7
GCPs, whose horizontal coordinates were determined in
the Croatian Terrestrial Reference System 1996 in the
Transverse Mercator projection (HTRS96/TM), and the
height coordinates were determined in the Croatian Ref-
erence Height System 1971 (HVRS71). The total num-
ber of all reconstructed feature points in both survey
epochs equals 1 707 941, and the total number of com-

Legend

| @ All points
@ Common points
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Figure 8: Horizontal and vertical
displacement vectors between both
survey epochs

Figure 9: The simulated landslide area and
common feature points found on at least five
images in both epochs

Figure 10: Correct and outlier displacement
vectors
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Table 3: The statistics of predicted (new data processing method) and referent (total station) displacements vector values
for each tarpaulin

Tarpaulin Statistics Predicted displacement Referent displacement
values AE [cm] AN [cm] AH [cm] AE [cm] AN [em] AH [cm]
Min 25.5 19.1 -2.3 25.4 20.4 -0.7
East Max 37.2 29.6 1.8 36.1 29.1 0.4
(n=35) Range 11.7 10.5 4.1 10.7 8.7 1.1
Mean 31.5 23.5 0.0 31.4 24.3 0.0
Min -32.5 -25.1 -1.6 -32.5 -24.8 -0.4
West Max -23.1 -14.3 3.3 -23.5 -13.6 0.4
(n=35) Range 9.4 10.8 4.9 9.0 11.2 0.8
Mean -27.9 -19.3 0.1 -28.5 -18.7 0.0

Table 4: Statistic of residuals between predicted and referent
displacement vectors values.

Residuals
AE [cm] AN [cm] AH [cm]
Min -0.8 -1.9 -2.7
Max 1.9 0.8 33
Range 2.7 2.7 6.1
Mean 0.3 -0.7 0.1
St. Dev. +0.6 +0.5 +0.9

Table 5: RMSE of determining displacements with the new
data processing method.

RMSE
AE [em] AN [cm] AH [em]
1D +0.6 +0.8 +0.9
2D & 1D +1.0 +0.9
3D +1.3

mon feature points between both survey epochs is 29 423
(see Table 2). Their distribution is shown in Figure 7.

In the next step, displacements in the east, north, and
height direction were calculated as differences between
the coordinates of common points. Looking at the distri-
bution of calculated displacement vectors (see Figure
8), it can be concluded that numerous displacement vec-
tors differ significantly from others and can be declared
as outliers. Hence, we need to remove them from our
datasets before any subsequent calculations.

The dataset is filtered before running the outlier remov-
al process, which means that only vectors between feature
points found on at least five images in both epochs were
kept, by which the number of displacements vector was
reduced from 29 423 to 10 213 (see Figure 9).

They were further validated to detect and remove out-
lier displacement vectors from datasets by performing
LOOCYV processes based on the kriging interpolation
method, as explained in section 2.1.3. The total number
of removed outlier displacement vectors was 180 (see

Figure 10). After removing all outliers from datasets,
10033 displacement vectors remained.

3.2. Accuracy of the New Data Processing Method

The landslide displacements determined by the pro-
posed processing method (predicted displacement vec-
tors) were compared with the displacements calculated
from total station measurements (referent displacement
vectors) to determine the accuracy of the new data pro-
cessing method. A comparison was made for all 70 CPs
(i.e. 35 per tarpaulin). The referent values of the dis-
placements were defined as coordinate differences be-
tween the CPs in the first and second survey epoch. The
predicted displacement vectors at the CPs were deter-
mined by applying the kriging interpolation method.

The predicted vectors indicate that the average move-
ment of the east tarpaulin was 39.3 c¢cm in the northeast
direction (53°), and for the west tarpaulin, it was 33.9
cm in the southwest direction (235°). Regarding refer-
ence values, they indicate that the average movement of
the east tarpaulin was 39.7 cm in the northeast (52°), and
for the west tarpaulin, it was 34.1 cm in the southwest
direction (237°). By comparing these results, we can no-
tice that the predicted and referent vector values are
nearly identical because average vector magnitudes did
not differ more than 0.4 cm and more than 2° in any di-
rection (see Table 3). Further, the average values of the
vertical displacements were equal to zero, which was
expected since tarpaulins were moved along the flat hor-
izontal area. The range between displacements for each
coordinate direction is not equal to zero, indicating that
tarpaulins were not moved evenly along the entire sur-
face.

Displacement residuals are calculated as a difference
between referent and displacement values determined
by the proposed method (see Table 4). The residuals in
the horizontal direction range between -1.9 ¢m to 1.9
cm, and in the vertical direction are between -2.7 cm and
3.3 cm. The mean values of residuals in the east direc-
tion are 0.3 cm, -0.7 cm in the north direction, and 0.1
cm in the vertical direction. The standard deviation in
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Figure 11: Horizontal and vertical
residuals of the new data processing
method
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the east direction is £0.6 cm, in the north direction is
+0.5 cm, and in the vertical direction, it is +0.6 cm. The
results indicate that the displacements are determined
with a centimeter-level precision in both horizontal and
vertical directions. The graphical presentation of the dis-
placement residuals is shown in Figure 11.

Root Mean Square Error (RMSE) of determining dis-
placements is used to measure achieved accuracy (see
Table 5).

A comparison of the precision and accuracy (St. Dev
vs. RMSE) indicates that displacements determined by
the new method are not influenced by any systematic
errors, which can be confirmed by looking at Figure 11.
The graphical presentation of determined horizontal and
vertical displacements is shown in Figure 12.

4. Discussion

The ability to determine displacements from UAS
photogrammetric survey using the suggested novel pro-
cessing method is presented in the previous section. The
presented test case shows that displacements with a
magnitude of 20 cm can be determined without any is-
sues. Further, accuracy analysis of determining displace-
ments showed the potential of detecting displacements
with a magnitude of only a few centimeters since RMSE
values were approximately 1 cm.

However, it is important to note that the flight altitude
in this research was 20 m above the ground, and the test
field area was relatively small compared to an actual
landslide. It is questionable what the results would be if
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there were higher altitudes and a larger area. Further-
more, the tarpaulins were moved on a flat football pitch,
which led to no height differences between epochs.
Therefore, future work should investigate how higher
flight altitudes over a larger area with diverse topogra-
phy will affect the accuracy of the new data processing
method.

The UAS surveys performed at different times of day
will have a difference in light direction and shadows.
Having different shadows in two measurement epochs
will impact feature detection and feature matching, af-
fecting the accuracy of determining displacements. This
was not considered in this paper since tarpaulins were
placed on a flat terrain, and therefore, there were no
shadows on the collected images. Nevertheless, the in-
fluence of the different shadows between different ep-
ochs could be investigated by adding three-dimensional
features on top of the tarpaulins.

Many factors influenced the achieved accuracy. The
most influential is the UAS flight altitude because it sig-
nificantly affects the GSD value along with the used
camera for capturing images. In other words, the lower
the flight altitude, the lower the GSD value will be,
which will lead to the possibility of detecting very small
magnitudes of landslide displacement with great accu-
racy. Moreover, future work will be related to additional
testing of the new data processing method with images
acquired from different UAS flight altitudes since the
UAS flight altitude significantly dictates the GSD value
on acquired images, and thus the accuracy of determin-
ing displacement.

Accuracy is also affected by the positioning accuracy
of the GCPs. Therefore, they must be well signalized
and accurately determined on the field. In other words,
the GCPs must be well visible and recognizable in the
acquired images, which will lead to accurate georefer-
enced and refined sparse point clouds.

Since the GSD value is affected by the change in the
distance between the camera and the observed object, it
is desirable during UAS mission planning to set the ve-
hicle to fly relatively above the ground, which would
lead to the GSD value being as stable as possible during
UAS measurements on each acquired image.

Also, using the appropriate vehicle and camera for the
given task is essential. Choosing proper vehicle flight
altitude, speed, and image overlap is important. When
choosing a suitable camera and its parameters, the most
important indicators are the quality of camera lenses and
their distortion, sensor type and size, and shutter type.
The most crucial steps of the suggested method are fea-
ture detecting and feature matching. Improvements in
these steps could produce more matched points between
two surveying epochs, potentially increasing the accu-
racy and reliability of determining displacements. In this
paper, features were detected using the SIFT method and
matched using the FLANN method. Potentially, one
could use different methods or combine multiple meth-

ods to get better results. Thus, future work could test
several types of feature detection and feature matching
methods in processing images with the algorithm of the
new method to decide which of them can give the most
accurate results.

This paper presented the feasibility of the suggested
method in ideal conditions on a relatively small test
field. In future work, it is necessary to show the applica-
bility of the suggested method for determining displace-
ments of actual landslides, where the surface consists of
diverse, complex topography. This will significantly
complicate the possibility of detecting and matching fea-
ture points on images of a landslide. The Kostanjek
Landslide can serve this purpose since it already has an
established continuous real-time monitoring system.

Furthermore, in future work, the new method should
be compared with existing methods where the determi-
nation of displacement is based on comparisons of dense
point clouds, digital terrain models, and digital orthomo-
saics, whose production is based on processing UAS im-
ages with the SIM-MVS algorithm.

5. Conclusions

Landslides represent great danger that can cause fa-
talities and huge property damage. Understanding the
behaviour of landslides and identifying their possible
triggering effects usually requires a good knowledge of
the kinematics surface and subsurface sliding masses.

Geodetic surveying techniques can be used for land-
slide monitoring and creating a kinematic model of the
landslide. The monitoring technique based on the Un-
manned Aerial Systems (UAS) photogrammetric survey
is increasingly used for landslide monitoring. This arti-
cle presents a novel approach to processing UAS photo-
grammetric survey data for landslide monitoring.

The proposed method relies on matching features be-
tween images acquired in two different survey epochs,
which enables the calculation of the displacements be-
tween the points of the two sparse point clouds. There-
fore, there is no need to produce dense point clouds,
digital terrain models, or orthomosaic maps, making it
faster than previous methods.

The UAS photogrammetric surveys were performed
on the test field with simulated displacements to demon-
strate the method’s applicability. The simulated dis-
placements ranged between 20 and 40 cm and were
simulated in an area of approximately 600 square me-
ters. These simulated displacements were determined
using the new data processing method and compared to
the actual values determined by total station measure-
ments. In the defined test field, the horizontal displace-
ments were determined with an accuracy of £1.0 cm,
and the vertical displacements were determined with an
accuracy of £0.9 cm. These results indicate that the 3D
displacements have been determined with an accuracy
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of 1.3 cm. These results were obtained based on the
processing of images collected from a height of 20 me-
ters above the ground, which is essential to emphasize
because UAS flight altitude plays one of the essential
roles in defining the final accuracy of displacement vec-
tor determination.

Finally, it can be concluded that the proposed data
processing method can successfully and accurately de-
termine landslide displacements, which allows for the
detailed definition of landslide surfaces.
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SAZETAK

Novi pristup prac¢enja pomaka klizista pomocu bespilotnih
fotogrametrijskih sustava

Klizista predstavljaju velike opasnosti koje mogu uzrokovati katastrofalne ljudske Zrtve te nanijeti veliku materijalnu
$tetu. Da bi se sprijecile ili umanjile sve moguce posljedice koje klizista prouzroc¢uju, vazno je poznavati kinematiku
kretanja povrs$inskih i podzemnih kliznih masa klizista. Geodetske tehnike izmjere mogu se koristiti za potrebe pracenja
te za izradu kinemati¢koga modela klizi$ta. U danasnje vrijeme jedna od najce$ce koristenih geodetskih tehnika za po-
trebe pracenja klizista jest fotogrametrijsko snimanje pomocu bespilotnih zrakoplovnih sustava. Rezultati su takvih
snimanja gusti oblaci toc¢aka, digitalni modeli terena te digitalne ortomozaik karte, a na temelju usporedbe tih rezultata
u dvjema mjernim epohama mogu se odrediti pomaci klizista. Ovaj rad predstavlja novu metodu obrade podataka s
novim pristupom za odredivanje pomaka klizi$ta na temelju podataka fotogrametrijskoga snimanja bespilotnim zrako-
plovnim sustavima. Glavna je prednost nove metode u tome $to ne zahtijeva izradu gustih oblaka tocaka, digitalnih
modela terena ili digitalnih ortomozaik karata za odredivanje pomaka. Primjenjivost i to¢nost nove metode ispitane su
na testnome polju sa simuliranim pomacima poznatih vrijednosti ¢iji su se iznosi kretali u rasponu od 20 do 40 cm u
razli¢itim smjerovima. Nova metoda uspjesno je odredila te pomake s 3D to¢noscu od +1,3 cm.

Kljucne rijedi:
kliziste, pracenje klizista, bespilotni zrakoplovni sustavi, struktura iz pokreta, fotogrametrija
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