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Abstract

This study presents a comparative analysis between a conventional numerical model, COMCOT, and Physics-Informed
Neural Networks (PINNs) for simulating tsunami waves generated by the July 17, 2006 Java earthquake (Mw 7.7). The
mesh-free PINNs framework integrates the nonlinear shallow water equations directly into its loss function, enabling
simulations without spatial discretization. The model was trained to forecast wave elevation fields using initial condi-
tions derived from the Okada fault model. Results demonstrate that the PINNs model accurately replicates the COM-
COT benchmark, successfully capturing the initial tsunami formation and subsequent propagation dynamics. Key quan-
titative metrics, including correlation coefficients (remaining above 0.98 for most of the simulation) and spatial error
distribution (mean absolute percentage error <5% in the open ocean), confirm the model’s high accuracy. Critically, once
trained, the PINN model generates a complete wave elevation field in under one second, offering a substantial opera-
tional advantage over conventional grid-based solvers. Despite slight smoothing effects in high-gradient coastal regions,
the study concludes that PINNSs offer a reliable and accurate, mesh-free alternative to traditional methods, showing sig-
nificant promise for future application in rapid tsunami hazard assessment and data-integration for early warning sys-
tems, with full real-time deployment identified as a key direction for future research.
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the Indian Ocean, where the Java megathrust segment
poses a substantial seismic risk. According to the Na-
tional Center for Earthquake Studies (2017), this meg-
athrust zone has the potential to generate earthquakes
with magnitudes up to Mw 8.9. Coastal areas such as
Purworejo, Kebumen, and Cilacap support thriving mar-
itime economies and dense populations, and also feature
complex subsurface geology. The relatively flat mor-
phology of regions like Kulon Progo facilitates exten-
sive tsunami inundation. The recent development of
critical infrastructure, including the New Yogyakarta
International Airport (NYIA) in Temon, located within
the Aerotropolis area, further amplifies the urgency for
accurate tsunami hazard assessment. Recent gravity

1. Introduction

Indonesia is one of the world’s most disaster-prone
countries due to its unique geographical position at the
convergence of three major tectonic plates: the Indo-
Australian, Eurasian, and Pacific plates. This complex
tectonic setting results in frequent seismic activities, in-
cluding high-magnitude earthquakes that often trigger
destructive tsunamis (Latifah and Masykuri, 2021).
Historical records from 2010 to 2018 documented nine
significant tsunami events in Indonesia, underscoring
the persistent threat to coastal communities and infra-
structure (Wuwungan et al., 2021).

The southern coast of Central Java is particularly vul-

nerable to tsunami hazards. This region lies adjacent to
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modelling studies confirm that this Aerotropolis area is
situated on rock layers with low to medium density con-
trast, associated with young sedimentary rocks and al-
luvium, making it potentially susceptible to shaking am-
plification during a major earthquake sourced from ei-
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ther the Opak Fault or the megathrust zone (Darmawan
et al., 2024; Pohan et al., 2023). Consequently, this re-
gion presents a critical area for further research on earth-
quake and tsunami hazards (Hisan et al., 2020).

Traditional numerical approaches, such as the Cornell
Multi-grid Coupled Tsunami Model (COMCOT), have
been widely applied in tsunami modelling by solving the
nonlinear shallow-water equations (SWE) through fi-
nite-difference methods. However, these grid-based
techniques are known to encounter significant limita-
tions, including high computational costs when fine
grids are used for coastal detail, as well as issues with
numerical instability and oscillations in high-resolution
scenarios (Arifin et al., 2025; Li and Wang, 2024).
Such computational demands and stability concerns pre-
sent major obstacles for real-time tsunami forecasting,
where rapid and reliable simulations are crucial. These
challenges highlight the growing necessity for more ad-
vanced modelling techniques that can provide increased
accuracy while also reducing computational overhead.
Recent innovations — such as unstructured grids, multi-
resolution cell models, and improved time-stepping al-
gorithms — offer promising solutions to make tsunami
simulations both more efficient and robust (Alkhadhr
and Almekkawy, 2023).

In recent years, Physics-Informed Neural Networks
(PINNs) have emerged as a promising alternative for
solving partial differential equations (PDEs) governing
natural phenomena, including tsunami propagation. Un-
like conventional methods, PINNs integrate physical
laws directly into the neural network’s loss function,
eliminating the need for mesh discretization and ena-
bling mesh-free, data-efficient simulations (Tian et al.,
2025; Raissi et al., 2019). By embedding the shallow-
water equations into the training process, PINNs ensure
that predictions adhere to fundamental hydrodynamic
principles while leveraging the flexibility of deep learn-
ing. This approach not only reduces computational ex-
penses but also enhances the model’s ability to handle
complex boundary conditions and sparse observational
data, making it particularly suitable for regions with lim-
ited historical tsunami records (Alkhadhr and Almek-
kawy, 2023).

The concept related to PINNs has spurred various ad-
vanced research, particularly in the fields of fluids and
waves. For example, research by Bihlo et al. (2022) ap-
plied PINNS to the Shallow-water Equations in spherical
coordinates, Cho (2024) utilized them to solve the Shal-
low-water Equations on grids with arbitrary geometry,
and Li and Li (2022) used them to model Rogue waves
from the nonlinear Schrodinger equation. These ad-
vanced studies have demonstrated the success of ma-
chine learning methods based on artificial neural net-
works and physical information in addressing complex
problems (Raissi et al., 2019; Moseley et al., 2020).

This study presents a comparative analysis between
PINNs and the conventional numerical model COM-

COT v1.7 for tsunami wave modelling, using the 2006
Java earthquake (Mw 7.7) as a case study. The research
aims to develop a PINNs framework for simulating tsu-
nami generation and propagation based on seismic pa-
rameters, evaluate the accuracy of PINNs in reproducing
tsunami dynamics compared to COMCOT simulations,
and assess the computational efficiency and resource re-
quirements of both approaches. The findings contribute
to understanding the potential of machine learning meth-
ods in complementing traditional numerical approaches
for tsunami hazard assessment, with implications for de-
veloping next-generation early warning systems.

2. Methods
2.1. Study Area

The study area encompasses the southern coastal re-
gion of Central Java, Indonesia, spanning from 108.347°
to 111.539° East longitude and -7.670° to -10.828° South
latitude (see Figure 1). This domain covers approxi-
mately 353.52 km x 137.53 km, incorporating both deep
ocean areas and vulnerable coastal zones, including the
densely populated regions of Purworejo, Kebumen,
Cilacap, and Kulon Progo. Within this domain, four vir-
tual automatic water level (AWL) evaluation stations
were established at strategic locations. Point 1 is posi-
tioned in the deep offshore region to capture open-ocean
propagation characteristics. Points 2 and 3 are located
along the coastline of Kulon Progo adjacent to the New
Yogyakarta International Airport (NYIA) aerotropolis
zone, which represents the primary critical infrastructure
of concern in this study given its location on low-to-me-
dium density sedimentary formations susceptible to tsu-
nami inundation. Point 4 is positioned near Cilacap to
capture tsunami wave behaviour in a different coastal
geometry and bathymetric environment, enabling as-
sessment of the model performance across diverse
nearshore conditions. The star symbol denotes the epi-
center of the simulated earthquake.

2.2. Initial Condition

A tsunami is generated by the deformation of a sub-
marine fault, which causes a displacement of the sea sur-
face. The initial tsunami wave condition is obtained by
calculating this vertical displacement of seawater. The
vertical surface displacement can be calculated using the
Steketee equation (Tanioka and Satake, 1996).

Where §;; is Kronecker delta, v; is the direction cosine
of the normal to the fault surface element d¥, and A and
u are the Lame constants. According to Tanioka and Sa-
take (1996), u; is the k™ component of the surface dis-
placement brought about in the i direction by a point
force of size F.

The Okada model, which is frequently used to pro-
duce the initial condition for tsunami modelling and
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Figure 1: Spatial extent of the research domain covering the southern coastal region of Central Java,
Indonesia, encompassing both deep-ocean areas and vulnerable coastal zones such as Purworejo,
Kebumen, Cilacap, and Kulon Progo. The star marker represents the earthquake epicenter.

The four dot points denote the evaluation locations.

simulation, is based on the Steketee equation. The re-
gion of seabed deformation and the aerial reach and
shape of the initial tsunami wave are the same in the
Okada model. The fault geometry parameters — fault
length, dip, slip, strike, and depth — are necessary for this
model. The sea surface displacement in an elastic half-
space is computed using the Okada model (Okada,
1985).

i

1 . .
tie = 7 A A8y "+ + 1 )]ydz (1)

Using the empirical connections of Wells and Cop-
persmith (1994), regression analysis between the mo-
ment magnitude (M) and the base-10 logarithm of the
parameter to be obtained is used to find the fault param-
eters. The following are some examples of these empiri-
cal relationships:

y=a+b*log (x) 2)
log(y)=a+b*log (x) (3)

Where the dependent and independent variables are
denoted by x and y, respectively. The number of occur-
rences, regression coefficients (a and b), standard error
of the coefficients, dependent variable standard devia-
tion (s), correlation coefficient (r), and data range are
among the regression descriptors (Wells and Copper-
smith, 1994).

2.3. Governing Equation

The core of our PINNs approach encodes the nonlin-
ear shallow water equations (SWE) - the fundamental
PDEs governing tsunami propagation - directly into the
neural network’s loss function. The SWE system con-
sists of the continuity and momentum equations. The
continuity equation ensures mass conservation, express-
ing how the water surface elevation changes in response
to horizontal fluxes P and Q (Wijayanti et al., 2022;
Xing, 2023; Wang, 2009).

on 0P 0Q
Fr + M + 3y =0 4
Where:

1= Water surface elevation (m)

P=uH = x-direction flux (H=n+nh, total water depth)

Q=vH = y-direction flux

h= bathymetry (m)

The momentum equations track how these fluxes
evolve under the influence of pressure gradients, nonlin-
ear advection, and frictional effects.

AR i +6<PQ)+ iy k=0 5
ot T\ ) Tay ) T g T RS0 )

30 8 PQ\ 9 [Q on
54_&(?)4_@(?)4_9}1@4_%_0 (6)
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Where:

g = gravitational acceleration (9.8 m/s?)

A critical aspect of these equations is their treatment
of the nonlinear term, which becomes increasingly im-
portant as waves approach shallow coastal areas. The
Manning friction terms (F, and F,) account for energy
dissipation due to seafloor roughness, particularly cru-
cial in near-shore regions where bathymetry variations
are significant. Each is described in the equation (7) and
(8) (Wang, 2009).

2

agn

FX = H7/3

P(P? + Q%)/? (7)

E, H7/3 Q(PZ +QHY? ®)

2.4. Physics-Informed Neural Networks

The architecture used in modelling PINNs is gener-
ally a feedforward architecture with several hidden lay-
ers. Specifically, the implemented model is a fully con-
nected network (FCN) with an input layer for the four
features (x, y, ¢, z), six hidden layers each containing 100
neurons, and an output layer for three solution variables
(m,u, v) (Raissi et al., 2019; Lu et al., 2021). The acti-
vation function used in this architecture is tanh because
this function limits its output to the range between -1 and
1 (Jagtap et al., 2020). The input data is a combination
of longitude coordinate data (x), latitude (y), time (¢),
and depth or bathymetry (z). Meanwhile, the output lay-
er consists of wave height (i), velocity in the x-direction
(u), and velocity in the y-direction (v).

The inclusion of bathymetric depth (z) as a fourth in-
put feature is a deliberate and physically motivated de-
sign choice. The governing nonlinear shallow water
equations (Equation 4-8) explicitly depend on the total
water depth H=n + h, where h is the bathymetric depth.
In a mesh-free PINN formulation, the network must
evaluate physics residuals at arbitrary collocation points
(x,y, t). Without z as an input, the network cannot access
local depth information, making it impossible to cor-
rectly compute the depth-dependent terms P%/H, PQ/H,
gHon/0x, and the Manning friction terms (Equation 7, 8)
that are central to the shallow water dynamics. The in-
clusion of z therefore reflects a physical necessity rather
than a statistical shortcut, and is consistent with recent
PINN formulations for depth-dependent wave equations
(Tian et al., 2025). Importantly, the bathymetric data
used as input to the network is identical to that used by
COMCOT, ensuring a consistent physical basis for com-
parison.

In this study, the model’s total loss is calculated by
combining three distinct components: numerical data,
initial condition data, and the physics rules represented
by shallow water equations. The mean squared error
(MSE) method is used to measure the difference be-

tween the predicted values and the true values for each
component. The total loss, which is a weighted sum of
these three components, is formulated in equation:

Ltotar = AicLic + AppeLppe + Aaatalaata )

The parameters A;¢, Agarqa & Appg are weighting fac-
tors that control the relative contribution of each compo-
nent to the total loss function. Because gradient imbal-
ance can impede the training process, proper loss bal-
ancing is essential for PINNs effectiveness (Wang et al.,
2021). These parameters were consecutively set to 1, 1,
and 0.0625 in this investigation in accordance with
Cho’s optimization technique (Cho, 2024).

The loss functions for the initial condition and the nu-
merical data use supervised learning. The initial condi-
tion data is taken at t=0, while the numerical data is
sampled across the entire domain. In both cases, data
points are randomly selected. The proportion of data
used for each component is 20,000 points out of 146,300
(13.67%) for the initial condition and 50,000 points out
0f 4,535,300 (1.11%) for the numerical data. These loss
functions are defined by the following equations:

Nic

1 2
Lic= N_ICZM(xi'Yi’ to) = NMprea (Xi, Vi to)l (10)
i=1

Ndata

Zln(xuyut) Nprea oyt (11)
i=1

Ldata =
ata

Meanwhile, the physics-based loss component uses
unsupervised learning. It is calculated on input data
points (x,y,t,z) sampled across the entire domain using
Latin Hypercube Sampling (LHS). It was chosen spe-
cifically due to its stratified sampling technique that en-
sures comprehensive domain coverage with significantly
fewer points compared to traditional random sampling
methods (Iordanis et al., 2025). Using LHS, we took a
total of 400,000 points from 4,535,300 (8.82%). This
loss function itself consists of three sub-components de-
rived from the governing PDEs: the continuity equation,
the x-momentum equation, and the y-momentum equa-
tion. The total physics loss is defined by the following
equations:

(12)

LPDE = Lcon + Lmom—x + Lmom—y

_ Z|6r]l (aP an)
COTI. - Ncon &
a (P?\ 9 (PQ; am I
ox <—) a—( )+t g+

2
6@ P;Q; d (Q? an
( )+@<— +QH@+F3,

(13)

(14)

x =

(15)
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2.5. Data Generation

We used supervised learning, which necessitates giv-
ing the network a dataset, to train the PINNs model. The
dataset used in this study was divided into two parts: (1)
initial condition data from the Okada fault model and (2)
supervised data from tsunami propagation simulations
using the COMCOT model. Although the source site
was moved southward toward the southern coast of Java
and Yogyakarta for the purposes of this simulation, the
fault characteristics were based on the Pangandaran
earthquake that occurred on July 17, 2006. This change
is in line with the parameter configuration used by Dar-
mawan et al. (2024), who made a comparable modifica-
tion for scenario-based tsunami modelling in the same
area. Table 1 contains a list of the adjusted fault param-
eters used in this research which were obtained from the
historical earthquake catalog available on the United
States Geological Survey (USGS) website (Search
Earthquake Catalog (usgs.gov)).

Table 1: Fault parameters

Parameters Values
Longitude (°) 109.988
Latitude (°) -9.399
Length (km) 160
Width (km) 21
Depth (km) 20
Strike (°) 284
Dip (%) 9
Rake (°) 87
Dislocation (m) 3.95
Magnitude 7.7

For the supervised component, tsunami propagation
was simulated using a Cartesian coordinate system on a
computational grid of 385 x 380 over a time span of
0-30 minutes, with discretization parameters of 0.911 x
0.925 km for spatial resolution and 1 minute for tempo-
ral resolution. The entire initial state of the simulation
was included in the dataset, and at t=0, representative
points from the solution space were sampled and ap-
pended if they were located inside the solution domain.

For the initial condition component, the Okada model
was applied to compute the coseismic sea surface defor-
mation using the given fault parameters (Okada, 1985).
This combined dataset ensured that the PINNs model
was trained not only with supervised data derived from
physics-based numerical modelling of tsunami propaga-
tion, but also with realistic initial conditions consistent
with the physical characteristics of the July 17, 2006 tsu-
nami event.

2.6. Model Evaluation

The performance of the PINNs model is rigorously
evaluated by benchmarking its predictions against the

results from a high-fidelity numerical model generated
using the COMCOT software, following established
practices in tsunami and wave modelling (LeVeque et
al., 2011; Synolakis et al., 2008). This comparative
analysis employs a multi-faceted validation approach
based on several key metrics to quantify discrepancies in
both time and space.

First, the absolute error is calculated at each time step
to quantify the instantaneous point-wise discrepancy be-
tween the two models. Second, temporal correlation
analysis is employed to assess the synchronization of the
wave dynamics evolution over time; correlation coeffi-
cients provide critical insight into the phase agreement
and the consistency of wave propagation patterns (Syn-
olakis et al., 2008). Third, the mean absolute percentage
error (MAPE) is computed to illustrate the spatial distri-
bution of the relative error across the entire computa-
tional domain. This metric effectively evaluates the
global spatial agreement and highlights regions with sig-
nificant discrepancies, particularly in critical near-shore
zones where nonlinear bathymetric interactions (Mads-
en and Schaeffer, 2010).

In addition to these field-wide metrics, a point-specific
validation is conducted by establishing a network of im-
aginary automatic water level (AWL) stations at strategic
coastal locations. A detailed time-series analysis at these
virtual stations allows for a direct comparison of essential
tsunami characteristics, including the wavefront arrival
time, peak amplitude, and waveform shape, as predicted
by PINNs against the COMCOT benchmark (Levholt et
al,, 2012; Post et al., 2009). This multi-pronged method-
ology ensures a comprehensive assessment of the PINNs
model’s accuracy in replicating both the global wave field
and local hydrodynamic features.

3. Results and Discussion

3.1. Initial Tsunami Generation and Source
Characterization

The Okada model, which was based on the fault pa-
rameters of the July 17, 2006 earthquake, was used to cre-
ate the initial tsunami wave field. With considerable verti-
cal displacement, the deformation pattern (see Figure 2)
displays a typical thrust fault mechanism. The fault’s
northwest segment saw the most uplift, which was around
0.75 meters, while the southeast segment experienced up
to 0.45 meters of subsidence. A significant amount of wa-
ter is efficiently displaced by this bipolar deformation pat-
tern, which extends 160 km along strike and 21 km along
dip, starting the tsunami wave propagation.

The Mw 7.7 scenario was found to be suitable for the
fault characteristics determined from Wells and Copper-
smith’s (1994) empirical relationships, with an average
dislocation of 3.95 meters and seismic moment of 4.107
x10?° Nm. The fault parameters used included a strike of
284°, a dip of 9°, and a rake of 87°. The thrust mecha-
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nism is compatible with the original wave condition’s
symmetrical pattern along the fault strike.

3.2. Tsunami Propagation PINNs

Reconstructing the initial wave field and early phases
of propagation was a great feat of the PINNs model. Af-
ter 100,000 iterations across two training stages, the
training process reached convergence with a final loss
value of 0.00018, as illustrated in Figure 3a and 3b.
While respecting the beginning and boundary condi-
tions, the model was able to learn the physical limita-
tions incorporated into the nonlinear shallow water
equations.

The COMCOT numerical model, the PINNs model,
and the absolute error at # = 0 s, which represents the
initial condition of tsunami formation, are compared in
Figure 4.

Sea surface elevation in the vicinity of the earthquake
source location has the same spatial pattern in both

Tsunami Wave ion based on PINNs data

Latitude
°
Elevation (m)

-95

-015

-0.30

-0.45

1085 103.0 1095 1100 1105 110 115
Longitude

Figure 2: Initial tsunami wave field generated
using the Okada dislocation model based on the fault
parameters of the July 17, 2006 Java earthquake

COMCOT and PINNs. The raised and subsided zones
created by the seafloor deformation brought on by the
July 17, 2006 earthquake are represented by the red and
blue areas. The initial wave field is accurately repro-
duced by the PINNs model, which closely resembles the
reference COMCOT result. Only the transition zone be-
tween positive and negative elevations exhibits minor
changes, which are probably the result of little variations
in learning the spatial gradients. The PINNs architecture
correctly captures the initial deformation pattern and sat-
isfies the starting and boundary restrictions of the physi-
cal system, as evidenced by the absolute error being less
than 0.01 m over the whole domain.

The tsunami waves start to move northward toward
Java’s southern shore at z = 300 s (see Figure 5). In the
middle of the computational domain, COMCOT and
PINNs both show two primary wave fronts and a distinct
interference pattern.

The tsunami’s amplitude and propagation pattern are
impressively well-represented by the PINNs model. The
PINNs-generated wavefront appears somewhat smoother
in the western portion of the domain (around 108.5°—
109°E), where modest deviations are noted. This smooth-
ing is attributed to three interacting factors: (1) the tanh
activation function and the continuous function approxi-
mation inherent to fully connected networks, which tend
to suppress high-frequency spatial gradients; (2) the
sparser distribution of training collocation points in shal-
low near-shore regions where bathymetric gradients are
steepest; and (3) the increased complexity of nonlinear
wave interactions in shallow water, which places higher
demands on the physics loss. The relatively poor repre-
sentation of severe bathymetric gradients in the training
data further contributes to this local disparity.

The tsunami wave has moved farther from the source
area at ¢ = 600 s (see Figure 6), interacting with the in-
tricate bathymetry of the southern Java trench. Similar
circular wave patterns are produced by COMCOT and
PINNs, with wave amplitudes progressively diminish-
ing as the energy disperses.

Training Loss Progression

—— Total Loss.

Total Loss

__

0.0

Training Loss Progression

0.00028
— Total Loss

0.00026

0.00024

Total Loss

0.00022

0.00020

0.00018

9 10000 20000 30000 40000 50000
(a) Iterations

0 10000 20000 30000

Iterations

40000 50000

(b)

Figure 3: Training loss progression for PINNs, (a) Loss reduction during Stage 1 training, focusing on supervised learning
from COMCOT data and initial condition constraints, (b) Loss reduction during Stage 2 training, emphasizing physics-based
residual minimization using the shallow water equations.

Rudarsko-geoloSko-naftni zbornik 2026, 41 (5), pp. 213-226, https://doi.org/10.17794/rgn.2026.5.14



219 Physics-Informed Neural Networks for Offshore Tsunami Simulation of the 2006 Southern Java Earthquake
COMCOT (t: 0s) PINNS (t: Os) Absolute Error (t: 0s)
1.00 1.00
N f\ y By jm\ y y ﬁ\ o012
o Y T
-85 @D -85 ©ED -85 hoto
025 E 025 E
-00 5 -9.0 E -90 e 0008 _
] s 3 s 3 £
2 000 @ 2 000 8 2 y 5
5 % A a8 B ok &
-95 8 -95 8 -95 el 0.006
by b
0253 0253 3
0004
-10.0 656 -100 680 -100
0.002
-105 078 -105 078 -105
-1.00 -1.00
108.5 109.0 109.5 110.0 110.5 111.0 115 108.5 109.0 109.5 110.0 110.5 111.0 M5 108.5 109.0 109.5 110.0 110.5 111.0 1115
Longitude Longitude Longitude
Figure 4: Comparison of surface wave elevation between COMCOT, PINNSs, and their absolute errorat t=o0's
COMCOT (t: 300s) - PINNs (t: 300s) oo Absolute Error (t: 300s)
aS0 \/VM/\\/\\N\V 075 80 f\ 0.75 -8.0
0.08
-85 . ©ED -85 . ©=D -85
\ 025 E \ 025 E 0.06
-00 s -9.0 = -9.0
2 T 3 - E
2 000 & =2 000 & 2 5
3 o3 [ 2
5 2 3 2 3 .. &
-95 8 -95 8 -95 ™ 004
-0.25 3 0253 FL IS
-10.0 * -0.50 -10.0 \ -0.50 =
0.02
-105 078 -105 078 -105
-1.00 -1.00
108.5 109.0 109.5 110.0 110.5 111.0 115 108.5 109.0 109.5 110.0 110.5 111.0 115 108.5 109.0 109.5 110.0 110.5 11.0 115
Longitude Longitude Longitude
Figure 5: Comparison of surface wave elevation between COMCOT, PINNs, and their absolute errorat t =300 s
COMCOT (t: 600s) - PINNs (t: 600s) o Absolute Error (t: 600s)
0.08
&0 075 &0 075 20
2 : .\ 0.07
-85 @D -85 ©=D -85 —
0.06
025 E 025 E
-00 s -9.0 £ 90 0.05
2 T 3 T 3 E
2 000 3 2 000 3 2 5
g 2 3 2 8 004 5
-95 8 -95 8 -95
-0.25 3 -025 3 . e
\ AN r&
-10.0 - -100 580 -100 ooz
P - -0.75 168 - -0.75 il 001
-1.00 -1.00
108.5 109.0 109.5 110.0 110.5 111.0 115 108.5 109.0 109.5 110.0 1105 111.0 1M15 108.5 109.0 109.5 110.0 110.5 11.0 115
Longitude Longitude Longitude

Figure 6: Comparison of surface wave elevation between COMCOT, PINNs, and their absolute error at t = 600 s

The general structure and direction of propagation are
reliably captured by the PINNs model and the reference
model. Near the northern boundary of the domain, where
complex topography causes stronger wave refraction,
slight amplitude variations are apparent. In these re-
gions, PINNs typically exhibit a slightly smoother pro-
file than COMCOT. This behaviour arises primarily
from the tanh activation function and the continuous

function approximation of the neural network, which in-
herently suppress abrupt spatial oscillations. Addition-
ally, the collocation points sampled via Latin Hypercube
Sampling are less dense in the steep bathymetric gradi-
ents of the near-shore zone, limiting the network’s abil-
ity to resolve sharp wave fronts. The physics loss, while
enforcing the shallow-water equations, does not fully
compensate for this under-sampling, leading to locally
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Figure 9: Comparison of surface wave elevation between COMCOT, PINNSs, and their absolute error at ¢ = 1500 s

smoother predictions. With most values below 0.05 m
and a localized maximum of roughly 0.08 m near the
interference zones, the absolute error is still rather small.
This suggests that nonlinear wave dynamics can be re-
produced by the PINNs framework without numerical
divergence, even at intermediate propagation times.
The tsunami wave is still moving and interacting with
the intricate bathymetric features south of Java at # =900

s (see Figure 7). The most noticeable wavefront is seen
close to the shore at 8.5°S, and both COMCOT and
PINNSs exhibit a regular pattern of alternating positive
(red) and negative (blue) surface elevations.

Near the coastline, the COMCOT model exhibits
sharper gradients and slightly higher amplitudes, where-
as the PINNs results show smoother transitions. This is
not a dissipation effect due to regularization but rather a

Rudarsko-geoloSko-naftni zbornik 2026, 41 (5), pp. 213-226, https://doi.org/10.17794/rgn.2026.5.14



221

Physics-Informed Neural Networks for Offshore Tsunami Simulation of the 2006 Southern Java Earthquake

COMCOT (t: 1800s) o0

0.75

e,

Latitude
o o o
3 N @
3 ] 3
Surface Elevation (m)
Latitude

!
s
»
X

-10.0

L
s
@
8

-0.75 ~105

-1.00
1085 1090 1095 1100 1105

Longitude

M1.0 1115 1085 109.0 1095  110.0

PINNS (t: 1800s)

Longitude

Absolute Error (t: 1800s)
1.00

8.0 N

) S

0.25

Latitude

Surface Elevation (m)
&
b

-10.0

-10.5

105 1110 1115 1085 109.0 1095  110.0

Longitude

105 1110 1115

Figure 10: Comparison of surface wave elevation between

consequence of three factors: the tanh activation func-
tion limiting high-frequency components, the lower den-
sity of collocation points in shallow regions with com-
plex bathymetry, and the difficulty of the physics loss to
exactly balance nonlinear advection and friction terms
when gradients are extremely steep. Consequently,
PINNSs produce slightly smoothed nearshore waveforms
while maintaining physically consistent propagation
patterns. Despite these variations, both models show a
high degree of consistency in the tsunami’s basic propa-
gation path and phase. The greatest disparities are lo-
cated in the nearshore area, where bathymetric fluctua-
tions are more complex, and the absolute error is gener-
ally less than 0.20 m throughout the computational
domain. These findings show that even when nonlinear
interactions between the incident and reflected waves
grow more prevalent, PINNs retain both numerical sta-
bility and physical consistency.

The tsunami waves reach a more advanced stage of
propagation around t = 1200 s (see Figure 8), with many
reflected and refracted wavefronts evident across the
southern Java Basin. Strong constructive interference is
captured by both models throughout the coastal bound-
ary, especially between 109.5°E and 110.5°E, where
positive wave amplitudes are greater than 0.8 m.

This behaviour is precisely reproduced by the PINNs
simulation, which has slightly finer amplitude peaks but
a nearly identical spatial distribution to COMCOT. This
smoothing effect is not caused by a pre-defined regulari-
zation term but arises from the intrinsic properties of the
PINN architecture: the tanh activation function and the
continuous function approximation across the spa-
tio-temporal domain. When combined with the sparser
collocation point distribution in steep-bathymetry re-
gions and the high nonlinearity of the shallow-water
equations near the coast, the network produces slightly
smoothed amplitude peaks while still preserving the
overall phase and propagation direction. At this point,
the absolute error significantly rises and reaches a local
maximum of roughly 0.30 m, which are mostly found in

COMCQOT, PINNSs, and their absolute error at t = 1800 s

regions where several wavefronts interact. However, the
majority of the domain displays errors smaller than 0.10
m, indicating that the PINNs framework is still depend-
able and strong for modelling long-duration tsunami
propagation.

The tsunami wave has moved considerably closer to
the coastline at t = 1500 s (see Figure 9), illustrating the
event’s changing dynamics. A well-defined system of
wave crests and troughs characterizes the basic structure
of the wave field, which is consistently captured by both
the COMCOT and PINNs models. The PINNs model ac-
curately reproduces the principal wave front’s spatial
location, closely matching the COMCOT benchmark
between longitudes 109.5°E and 110.5°E.

One important finding is that the PINNs solution
shows a smoother depiction of these wave contours,
whereas the COMCOT model resolves slightly sharper
gradients and more complex elements within the wave
field This smoothing effect is primarily due to the con-
tinuous function approximation of the fully connected
network and the use of the tanh activation function,
which inherently limit high-frequency spatial variations.
Furthermore, the collocation points sampled in the shal-
low coastal zone are sparser relative to the complexity of
the bathymetry, and the physics loss, while enforcing the
shallow-water equations, cannot entirely compensate for
this limited resolution. Adaptive collocation sampling,
identified as a future research priority, would help miti-
gate this issue. This smoothing behaviour, while benefi-
cial for numerical stability, may result in a conservative
underestimation of peak inundation heights at the shore-
line, which constitutes a limitation that warrants further
investigation in future work. Over the great majority of
the domain, the absolute error between the two models is
still remarkably small, typically less than 0.3 meters. As
might be predicted, the most noticeable errors are con-
centrated along the wave fronts’ steep gradients, where
minute variations in phase or amplitude are amplified.
This outcome demonstrates that the PINNs model re-
tains a reliable and physically consistent simulation at
this intermediate propagation stage, successfully captur-
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Figure 11: Time-dependent correlation coefficient between COMCOT and PINNs wave height fields.

ing the key propagation dynamics while generating only
small, localized discrepancies.

The tsunami wave has moved closer to Central Java’s
shoreline at t = 1800 s (see Figure 10). With distinct
wave crests (red) and troughs (blue) throughout the do-
main, the COMCOT and PINNs models both show a
cohesive and intricate wave field structure. Both models
predict that the main wave front will approach the south-
ern coast between roughly 109.5°E and 110.5°E.

The PINNSs solution captures the general pattern with
slightly smoothed contours, whereas the COMCOT sim-
ulation preserves sharper wave fronts and fine-scale
characteristics. This smoothing is not a deliberate regu-
larization effect but rather the outcome of three interact-
ing factors: the tanh activation function and continuous
network approximation, the relatively sparse collocation
points in the steep-bathymetry near-shore region, and
the increased demands placed on the physics loss by
strongly nonlinear shallow-water interactions. Improv-
ing near-shore resolution through adaptive collocation
sampling is identified as a key direction for future work.
With errors mostly below 0.25 m throughout the major-
ity of the open ocean, the absolute error map demon-
strates a high degree of agreement between the two mod-
els. It is most difficult to capture the most dynamic and
non-linear physics in the leading wave fronts and gradi-
ents, where the biggest mistakes are concentrated. These
results show that even as the wave moves into shallower
coastal waters, the PINNs framework effectively pre-
dicts the progressive wave propagation and preserves
physical fidelity.

3.3. Comparative Analysis

3.3.1. Error Metrics and Spatial-Temporal
Accuracy

For most of the simulation time, the correlation coef-
ficient between the COMCOT and PINNSs outputs stays
strong (see Figure 11). The correlation remains above
0.98 from the beginning of the simulation until about
1300-1400 s, suggesting that the two models’ temporal
evolution of wave height is almost perfectly in agree-
ment. The great overall consistency is further supported
by the mean correlation value of 0.962 (red dashed line).

After 1400 s, there is a discernible fall, and as the
simulation gets closer to 1800 s, the connection drops
even more dramatically. This decrease coincides with
the main wave crest’s arrival in a number of coastal loca-
tions close to the simulation window’s edge, where the
short simulation period may result in insufficient wave-
form capture. Because of this, the PINNs model accu-
rately replicates the overall structure but shows some-
what diminished temporal synchronization in the vicin-
ity of the last time steps.

The PINNs framework effectively reflects the dynam-
ic behaviour of tsunami propagation, as evidenced by
the high correlation over the majority of the time do-
main. Deviations mostly occur close to the simulation
border, where physical information becomes sparse.

The spatial distribution of the mean absolute percent-
age error (MAPE) over all time steps (see Figure 12)
shows that errors are primarily concentrated around the
coast, with a maximum MAPE of 38.6% at particular
shoreline sites. Open ocean regions, on the other hand,
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Figure 12: Spatial distribution of mean absolute percentage error (MAPE) over all time steps.

continuously maintain low errors (<5%), indicating the
effectiveness of PINNs in simulating deep-water propa-
gation where nonlinear effects are less noticeable.

3.3.2. Wave Characteristics and Travel Time
Analysis

The PINNs model reproduces the COMCOT outputs
with strong temporal and amplitude consistency, accord-
ing to the time series comparison over four coastal sites
(Point 1-4) (see Figures 13 & 14). Both models record a
low-energy signal with nearly equal flat-to-gentle fluc-

tuations at Point 1, where wave activity is negligible.
With a maximum difference of just 0.001 m, the peak
appears close to the end of the 1800 s window.

Both models depict the gradually increasing wave
amplitude near the shoreline at Point 2, which is marked
by a positive wave crest that rises gradually. Although
PINNSs slightly overestimates the amplitude, the peak
appears near 1800 s, resulting in the biggest difference
(0.145 m). The general waveform, which has a late-ar-
riving peak, a mild upward slope, and an initial quies-
cent condition, is consistent among models.
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Figure 13: Time series analysis of wave elevation between COMCOT and PINNs at Point 1 and Point 2
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Figure 14: Time series analysis of wave elevation between COMCOT and PINNs at Point 3 and Point 4

The most complete waveform is shown at Point 3,
where the distinctive trough—crest—decay sequence is
clearly resolved by both COMCOT and PINNs. The
peak appears between 1650 and 1700 s, much before the
simulation limit, after a sharply negative trough and a
steeply ascending crest. Unlike other sites, this early ar-
rival makes it possible to catch the entire wave pattern
without truncation. The close match (maximum differ-
ence 0.018 m) shows that PINNs are able to accurately
reconstruct the wave’s dynamic structure, including the
post-peak decay and the transition from trough to crest,
in addition to its amplitude.

Both models show a smooth, low-amplitude wave-
form at Point 4, where wave energy drops once more.
The profile is partly shortened due to the crest being ex-
tremely near to 1800 s, but the agreement is still high
with a 0.004 m difference. Both simulations consistently
replicate the wave pattern, which is a slow decay fol-
lowed by a delayed tiny crest.

Overall, the time series comparison demonstrates that
both COMCOT and PINNSs reflect the key features of
tsunami wave history, such as peak arrival timing, am-
plitude growth toward narrowing coastline geometries,
and trough-crest sequences. Point 3 has the strongest
waveform completeness since its peak occurs well with-
in the simulation window, and PINNs consistently fol-
low the physics-based COMCOT patterns.

4. Conclusions

Using the 2006 Java tsunami as a case study, this pa-
per effectively illustrates the use of PINNSs for predicting
tsunami formation and propagation. The physical dy-
namics controlled by the nonlinear shallow water equa-
tions were successfully represented by the PINNs mod-
el, which was trained using a combination of supervised
data from COMCOT simulations and initial condition

data from the Okada model. PINNs can accurately simu-
late tsunami wave fields at different phases of propaga-
tion, from initial deformation to near-shore dynamics,
according to a comparison with the traditional COM-
COT model. For the majority of the simulation, the mod-
el showed minimal absolute errors in open ocean regions
and maintained a strong temporal correlation (>0.98).
Neural network regularization’s smoother gradient rep-
resentation caused minor differences in coastal regions,
but overall performance was quite consistent. The re-
sults highlight the potential of PINNs as an adjunct to
conventional numerical techniques, including benefits in
mesh-free simulation, computational efficiency, and in-
tegration of physical laws. A critical operational finding
is that, although the offline training phase required ap-
proximately 11 hours, the trained model generates a
complete tsunami wave elevation map in under one sec-
ond. This sub-second inference capability represents a
transformative advantage for rapid hazard assessment,
far exceeding the minute-scale computation times of
conventional numerical solvers such as COMCOT. Full
operational real-time deployment, where fault parame-
ters are estimated in near-real-time and fed into a pre-
trained PINN ensemble, remains an important direction
for future research. Recent advances in PINN-based data
assimilation suggest a promising pathway for extending
this framework to fully autonomous early warning sce-
narios in the Indonesian context. Future work should
also prioritize validation against observed tide gauge re-
cords from historical events, adaptive collocation sam-
pling strategies to improve near-shore resolution, and
systematic sensitivity analysis of the loss function
weighting scheme.
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SAZETAK

Fizi¢ki potaknute neuronske mreze za simulaciju cunamija na otvorenome moru
izazvanih potresom na juznoj Javi 2006.

Ovo istrazivanje prikazuje usporednu analizu izmedu konvencionalnoga numeri¢kog modela COMCOT i fizi¢ki pota-
knutih neuronskih mreza (PINN) za simulaciju valova cunamija izazvanih potresom na Javi 17. srpnja 2006. godine (Mw
7,7). Okvir PINN-a bez mreZe (mesh-free) integrira nelinearne plitkovodne jednadZbe izravno u funkciju gubitka omo-
gucujudi simulacije bez prostorne diskretizacije. Model je treniran za predvidanje polja visine valova primjenjujuci po-
Cetne uvjete dobivene iz Okadina modela rasjeda. Rezultati pokazuju da PINN model to¢no reproducira referentni
COMCOT model uspjesno hvatajuci pocetno formiranje cunamija i kasniju dinamiku $irenja. Klju¢ne kvantitativne
metrike, uklju¢ujuci koeficijente korelacije (iznad 0,98 tijekom vecine simulacije) i prostornu distribuciju pogreske
(srednja apsolutna postotna pogreska <5 % u otvorenome oceanu), potvrduju visoku to¢nost modela. Posebno je vazno
istaknuti da nakon treniranja PINN model generira cijelo polje visine valova za manje od jedne sekunde, $to predstavlja
znatnu operativnu prednost u odnosu na klasi¢ne numeri¢ke metode temeljene na mrezi. Unato¢ blagom uc¢inku zagla-
divanja u obalnim podrudjima s velikim gradijentima, studija zaklju¢uje da je PINN pouzdana i to¢na alternativa bez
mreze, s velikim potencijalom za buducu primjenu u brzoj procjeni rizika od cunamija i integraciji podataka u sustave
ranoga upozoravanja, pri ¢emu je potpuna primjena u stvarnome vremenu istaknuta kao klju¢ni smjer buducih istrazi-
vanja.

Kljuéne rijedi:
modeliranje, COMCOT, PINN, nelinearna jednadzba plitke vode, strojno ucenje
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