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Abstract- This manuscript deals with the Earth’s most  of the input datas. Nowadays, ANN are widely used in
impulsive and perilous natural disaster well known as  Fractal-Fractional type differential equation, Nanofluid

Tsunami mathematical model. Tsunami propogate with an dynamics, Mathematical modelling etc., [11-17].
utmost speed and have incredible energy. The governing ’ ’

equations are of partial differential which are further . . . .
handled by the Maching learning based Back Propagation In this paper we have derived 1000 data points and trained

method, known as Levenberg-Marquardt approach. Here th¢ data by ANN-LMA. Out of which 70% is used for
we generate 1000 data points. The 70% of data are used for ~ training, 15%is for testing and 15% is aimed at validating.
training, 15% for testing and 15% for validating. The plotof ~ We inspect the mean square error (MSE), Comaparative
mean squre error (MSE) between the exact solution and  study between the Numerical methods and ANN-LM,

ANN are discussed through graphs. Error plots and regression analysis. Through MATLAB
nntool/nftool command we trained the obtained data and
Keywords— Tsunami Model, ANN, Matlab Simulation. compared with the exact solution.
Theses are the step-by-step method for trained the data:
1. INTRODUCTION Step-1 Generate the input and target datas

Step-2 Use Matlab builtin function nftool/nntool to store
Tsunami waves that form in the open ocean travel at high  input (independent variable(s)) and ouput (dependent
speeds but are barely noticeable. Now the waves are  variable(s)) data.
approaching the shore where the water waves decrease.  Step-3 Use Activation functions (Sigmoid, Tanh, linear
Unexpectedly, the waves that initially seemed harmless  etc.) to approximate the function datas.
suddenly gains a gigantic amplitude form a devastating  Step-4 Create ANN-LM structure.
tsunami. The slowmoving oceans beds onetime interrelate ~ Step-5 Established Training Parameters.
like this. One tectonic plate sliding under another. This  Step-6 Train the network (Input/Output).
continues to subsequent bulging upper layer and waves  Step-7 Examine and Predict the output data.
become longer. Several authors have deliberated this  Step-8 Evaluate the performance of ANN-LM.
model mathematically and solved by several techinques  Step-9 See the results obtained by ANN and Numerical
to demonstration the impact of tsunami waves on earths  method.
Environment [1-10]. Step-10 Assess the Comapritive results, MSE, Validating

performance, Error histogram and Regression analysis.

2. ANN-LM METHOD
3. TSUNAMI MODEL

The artificial neural network based Levenberg-Marquardt
algorithm is a controlling optimization technique to  The tsunami pde are as follows:

trained the neural network and minimizing the error 9 _ _ 0uCed) | gy oy gy
providing input and output datas by least sqaure method. aulzi 0 aha(fc 0

The ANN-LMA is hybrid technique combined from —,— = —9———€eux,t)(2)
Gradient Descent and Gauss-Newton method. The  with the initial conditions

Machine learning based Artificial neural network (ANN) h(x,0) = hy, u(x,0) = u,.

is a type of computational prototypical inspired by the fory = 0.4,g = 9.81,ande = 0.1
functioning of biological neural network in human brain.  y(x,t) = 1 + 0.5 sin (7x). exp (—t)
It is a type of deep learning that uses to acquire about the  and

realtionships of input/output datas and understanding the  h(x, t) = exp(—t) cos (7x).
complex patterns. The principal components of ANN are  Here h(x, t) denotes the tsunami wave height and u(x, t)

Neurons (Nodes), weights, Activation functions, Back  be the tsunami waves horizontal velocity, ¥ be the
Propogation, Loss calculations, Optimzation and Training
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uninterrupted water waves, g be the gravitational velocity,
€ be the friction parameter and F(x, t) be the source terms.

(el (2ol

Figure 1: Schematic diagram of ANN
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Figure 2: Solution of h(x,t) analytically
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Figure 3: Solution of h(x,t) by ANN
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Figure 4: Solution of u(x,t) analytically
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Predicted u(x,t)

Figure 5: Solution of u(x,t) by ANN-LM
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Figure 6: ANN-LM training for Validating
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Figure 8: Error Histogram by ANN-LM

ISSN: 2278-2508(P) 2454-9673(0)



SKIT Research Journal

Training: R=1 Validation: R=1
- 0
£ ©  Data ?‘; O Data
v 1 T : 3 T
i +
T pa
2 05 2 0s
5 L=y
t £
w il
& i
5 -
g 0.5 g_ .5
]
= S
4 05 0 05 1 05 0 05 1
Target Target
Test: R=1 All: R=1
o 0
é O Daa E
S 1 L
= o
+ +
g os g 08
¢ £
- 0 - 0
I'I Ill
508 205
£ g
(=3 o

-0.5 0 05 1 -1
Target

05 0 05 1

Target

Figure 9: Regression analysis by ANN-LM
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Figure 10: Absolute error by ANN-LM
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Figure 11: Absolute error by ANN-LM
4. CONCLUSIONS

In this paper we have discussed the machine learnimg
approach to solve the tsunami model. Schematic diagram
is presented in Figurel. Figures 2 and 3 respectively
plotted for tsunami wave height. It is concluded that the
both graphs are identical. Figures 4 and 5 are respectively
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plotted for horizontal velocity with time and spatial
references. It shows an equivalence between the exact and
ANN prediction with 1000 data points. Figure 6 portrays
to examine the input and output datas at 142 epochs
moreover ANN-LM trained the network data through best
validating performance of 1.0787¢-06. Figures 7 and 8
draws for testing the data with Gradient and Mu (2.3609¢-
05, 1e-06). The Regression analysis between the Input and
targets data are plotted in figure 9 and R = 1 emphasise
an excellent realtion with the predicted (ANN-LM and
exact solutions. Figures 10 and 11 are respectively
strategized for absolute errors of h(x, t) and u(x, t).

REFERENCES

[1]. Daisuke Sugawara, Numerical modeling of tsunami: advances
and future challenges after the 2011 Tohoku earthquake and
tsunami, Earth-Science Reviews (2021), Volume 214, Article
103498.

Seyed Yavari-Ramshe and B. Ataie-Ashtiani, Numerical
modeling of subaerial and submarine landslide-generated tsunami
waves—recent advances and future challenges, Landslides
(2016), Volume 13, Tssue 6, Pages 1325-1368.

Stéphane M. Abadie, Jennifer C. Harris, Stephan T. Grilli, and
Romain Fabre, Numerical modeling of tsunami waves generated
by the flank collapse of the Cumbre Vieja Volcano, Journal of
Geophysical Research: Oceans (2012), Volume 117, Issue C5.
M. A. Nosov and S. V. Kolesov, Combined numerical model of
tsunami, Mathematical Models and Computer Simulations
(2019), Volume 11, Issue 5, Pages 679-689.

Cheng-Hong Lee, Patrick H. Y. Lo, Heng Shi, and Zhenhua
Huang, Numerical modeling of generation of landslide tsunamis:
A review, Journal of Earthquake and Tsunami (2022), Volume 16,
Issue 06, Article 2241001.

Zhong Chen, Viviane Heller, and Ruggero Briganti, Numerical
modelling of tsunami propagation in idealised converging water
body geometries, Coastal Engineering (2024), Volume 189,
Article 104482.

Masahiro Watanabe, Takeshi Arikawa, Naoya Kihara, Chihiro
Tsurudome, Kazuma Hosaka, Takumi Kimura, ... and Takahiro
Tateno, Validation of tsunami numerical simulation models for an
idealized coastal industrial site, Coastal Engineering Journal
(2022), Volume 64, Issue 2, Pages 302—343.

F. P. Putra, S. N. Fajar, P. Aditya, E. Apriliani, and D. K. Arif,
Numerical simulation of tsunami propagation with Finite
Difference Method and Runge Kutta 4th Order Method, Journal
of Physics: Conference Series (2019), Volume 1218, Issue 1,
Article 012028.

Jorn Behrens, Numerical methods in support of advanced tsunami
early warning, Handbook of Geomathematics (2015), Pages 601—
621.

Beatrice Di Martino, Fabio Flori, Caterina Giacomoni, and Paolo
Orenga, Mathematical and numerical analysis of a tsunami
problem, Mathematical Models and Methods in Applied Sciences
(2003), Volume 13, Issue 10, Pages 1489—1514.

Aamir Aziz, Syed A. H. Shah, Hani M. S. Bahaidarah, Tariq
Zamir, and Tariq Aziz, Advanced neural network modeling with
Levenberg—Marquardt algorithm for optimizing tri-hybrid
nanofluid dynamics in solar HVAC systems, Case Studies in
Thermal Engineering (2025), Volume 65, Article 105609.

Fahad A. Shah, Tariq Zamir, Naveed S. Akbar, and Andrey
Mikhaylov, Levenberg-Marquardt design for analysis of
Maxwell fluid flow on ternary hybrid nanoparticles over a Riga
plate, Results in Engineering (2024), Volume 24, Article 103502.
Jamal M. H. Barakat, Zaid Al Barakeh, and Rana Ghandour,
Levenberg—Marquardt analysis of MHD hybrid convection in
non-Newtonian fluids over an inclined container, Eng (2025),
Volume 6, Issue 5, Page 92.

Ibrahim Mahariq, Kamal Ullah, Maria Fiza, Abdul U. Jan, Hafeez
Ullah, Shahab Islam, and Salem M. Al-Mekhlafi, Levenberg—
Marquardt recurrent neural network for heat transfer in ternary
hybrid nanofluid flow with nonlinear heat source-sink, Advances

[2].

[31

[4].

[51.

[6].

[71.

[8].

[9].

[10].

[11].

[12].

[13].

[14].



SKIT Research Journal

[15].

[16].

(7.

in Mechanical Engineering (2025), Volume 17, Issue 6, Article
16878132251341968.

Faisal and Arshad Rauf, Analysis of the tri-hybrid Maxwell
nanofluid flow on static and dynamic surfaces employing
Levenberg—Marquardt ANN, Numerical Heat Transfer, Part B:
Fundamentals (2024), Pages 1-27.

Farooq Ali, Muhammad Awais, Adeel Ali, Nicolae Vrinceanu,
Zahid Shah, and Vikrant Tirth, Intelligent computing with
Levenberg—Marquardt ANN for carbon nanotubes-water between
rotating disks, Scientific Reports (2023), Volume 13, Article
3901.

Muhammad Shoaib, Tayyaba Rafia, Muhammad A. Z. Raja,
Waseem A. Khan, and Muhammad Wagqas, Further analysis of
double-diffusive flow of nanofluid using an Al-based Levenberg—
Marquardt scheme, Journal of the Brazilian Society of
Mechanical Sciences and Engineering (2022), Volume 44, Issue
6, Article 227.

Vol 15; ISSUE 2:2025

91

ISSN: 2278-2508(P) 2454-9673(0)



