Modares Civil Engineering Journal

Volume 25, Issue 2, 2025, 67-84
DOI: 10.22034/25.2.67 Tarbiat Modares

University

Prediction of coastal berm changes in non-storm conditions using neural
network

A. Jabari', M. Adjami?", S. Gharechelou?

1. Ph.D. Student of Coastal Engineering, Faculty of Civil Engineering, Shahrood University of Technology, Shahrood, Iran.
2. Assistant Professor of Civil Engineering, Faculty of Civil Engineering, Shahrood University of Technology, Shahrood,
Iran.

Abstract Review History

Coastal areas are among the most densely populated and developed regions globally. This is  Received: Apr 30,2024
owing to high economic opportunities, maritime trade access, and a thriving tourism industry. Revised: Jul 01, 2024
These regions represent vulnerable environments facing threats such as storms and rising sea  Accepted: Jul 10, 2024
levels, predominantly stemming from human activities. Erosion stands out as one of the most

pressing threats to these regions. It is crucial to continuously monitor these areas, record changes ~ [<€ywords

in beach profiles and shoreline alterations, and control erosion. This research looks into changes Berm Crest

in the shoreline and coastal berm under non-storm conditions, employing machine learning Shoreline Changes
algorithms to evaluate these phenomena in the Narrabeen coastal region of Australia. The Coastal Morphodynamic
Narrabeen-Collaroy embayment, spanning 3.6 kilometers, is located on the northern shores of Non-Storm Condition
Sydney. Narrabeen-Collaroy is among the most crucial databases in coastal engineering. Field ANN Algorithm.
data from the nearshore and coastal strip have been collected in this database from 1976 to 2019.

Therefore, data related to storm profiles have not been considered (a condition that requires at

least one profile to remain in each month). Based on this criterion, out of the 960 recorded

profiles, 73 profiles were identified in severe storm conditions. Eventually, 887 profiles from

2006 to 2019 have been scrutinized. Initially, variations in the shoreline were investigated,

focusing on the continuous area consistently interacting with waves. This region can play a

significant role in evaluating the performance of models and algorithms. The geometric changes

of the coastal berm, situated within the Shoreface zone, were investigated and analyzed. In this

research, a wrapper backward future selection algorithm has been used to filter the effective

parameters consisting of hydrodynamics and morphodynamics. Also, the objective functions

include shoreline changes, variations in berm crest elevation, and the horizontal position of the

berm crest. In this step, the parameters identified from the wrapper backward future selection

algorithm, a feed-forward neural network algorithm was employed to predict the objective

functions in the final stage. The values obtained from the neural network model for each of the

three objective functions demonstrated an appropriate arrangement of parameters. When

predicting shoreline changes in scenario DS4, including the wave-breaking index parameter led

to more logical and acceptable outcomes compared to scenario DTS3; the resulting R? is 92%

with an RMSE of 3.03 meters. Predicting variations of the berm crest elevation in scenario DY 4

illustrates acceptable results: R? of 75% and RMSE of 0.35 meters. Furthermore, predicting the

horizontal position of the berm crest in scenario DX7 shows that the wave-breaking index

parameter, improved results compared to scenario DX6, the final results indicate an R? of 85.80%

and an RMSE of 9.28 meters. To validate the obtained results, the differences in error between

the objective function values and output data indicate that the selected scenarios predict data with

minimal error. According to the results, it is crucial to accurately identify the relevant

hydrodynamic and Morphodynamic parameters and correctly extracted them to achieve more

precise predictions. Moreover, the results indicate that the neural network algorithm can

accurately predict changes in beach morphology..
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Scenarios Effective Parameters
DS1 ABW
DS2 ABW - Berm Slope
DS3 ABW - Berm Slope - SLR
DS4 ABW - Berm Slope - SLR - ¢
DS5 ABW - Berm Slope - SLR- (- P
DS6 ABW - Berm Slope - SLR - { - P - Hppax

Table 2. Creating scenarios with feature selection algorithms to
predict shoreline changes

DS6 1 DS1 ol s ol i oo (gl sl iy g ol 4Dl ¥ Jguter

Scenaric  RMSE R? RMSE R?

(Train) (Train) (Test) (Test)
DS1 3.03 93.30 396  86.70
DS2 2.96 93.20 327 91.80
DS3 2.83 94.00 356  91.30
DS4 2.78 94.30 3.03  92.00
DS5 2.69 93.90 325 9250
DS6 2.73 94.10 347 9210

Table 3. Summary of the results of scenarios DS1 to DS6 for
predicting shoreline changes
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Group

Parameters Targets
Parameters

Morphodynamic ABW - Berm Slope - Ax BC AX
Hydrodynamic Huyean - H/IL-E-P - - SLR Shoreline

Berm Crest Height - Ax
Morphodynamic ~ Shoreline - A;_; BB\S:V Berm Slope Ay BC
Hydrodynamic Huyean - P -{-SLR - L

Berm Crest Height - Ax
Morphodynamic ~ Shoreline - Ay BC - Berm Slope XLoc BC

-BW

Hydrodynamic Hyean-P - (- SLR - E

Table 1. Effective environmental parameters to predict target
functions
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Best Validation Performance is 14.9769 at epoch 2

Best Validation Performance is 11.2968 at epoch 8

Best Validation Performance is 10.284 at epoch 5
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Fig.7. The optimal model based on the Epoch and the MSE for scenarios DS1 to DS6 in shoreline changes
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Fig. 9. Summary of the results of training and test in scenarios DS1 to DS6 in shoreline changes chart A shows training data and chart B test data
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Scenario Effective Parameters
DY1 Berm Crest Height
DY2 Berm Crest Height - Ax Shoreline
DY3 Berm Crest Height - Ax Shoreline - AxBC
DY4 Berm Crest Height - Ax Shoreline - AxBC - P
DY5 Berm Crest Height - Ax Shoreline - AxBC - P - Hpean
DY6 Berm Crest Height - Ax Shoreline - AXBC - P - Hpean - SLR

Table 4. Creating scenarios with feature selection algorithms to predict berm crest elevation variation

DY6 b DY1 Jole (550 26 ol s oo sba sl iy el aodls 0 Jpir

Scenario RMSE (Train) R?(Train) RMSE (Test) R?(Test)
DY1 0.48 55.50 0.46 45.93
DY2 0.46 51.86 0.52 55.38
DY3 0.33 80.27 0.38 73.97
DY4 0.33 80.81 0.35 74.33
DY5 0.32 81.45 0.40 73.80
DYG6 0.33 82.10 0.37 70.13
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Table. 5. Summary of the results of scenarios DY1 to DY6 for predicting the berm crest elevation variation
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Best Validation Performance is 0.19831 at epoch 2 Best Validation Performance is 0.2544 at epoch 5 Best Validation Performance is 0.11358 at epoch 6
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Fig 10. The optimal model based on the Epoch and the MSE for scenarios DY1 to DY6 in the berm crest elevation variation
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Fig 11. Graphs of R?% results of train and test for scenarios DY1 to DY6 in the berm crest elevation variation
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Fig. 12. Summary of the results of training and test in scenarios DY1 to DY®6 for berm crest elevation variation chart A shows training data
and chart B test data
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Scenario Effective Parameters
DX1 BW
DX2 BW - Berm Slope
DX3 BW - Berm Slope - AyBC
DX4 BW - Berm Slope - AyBC - Berm Crest Height
DX5 BW - Berm Slope - AyBC - Berm Crest Height - E
DX6 BW - Berm Slope - AyBC - Berm Crest Height - E - SLR
DX7  BW-Berm Slope - AyBC - Berm Crest Height - E - SLR - {

Table 6. Creating scenarios with feature selection algorithms to
predict the horizontal position of the berm crest

G5 b Al Cndge e (sl gl g Sl S 4otV g
DX7 & DX1 _l~L.

Scenario MSE RZ. RMSE R®

(Train) (Train) (Test) (Test)
DX1 11.17 79.50 11.90 72.00
DX2 11.05 79.06 1145 78.60
DX3 10.60 81.00 10.94  79.00
DX4 10.00 83.30 10.84  79.90
DX5 9.75 83.20 1040 8250
DX6 9.16 86.10 1040 81.90
DX7 8.10 89.20 9.28 85.85

Table 7. Summary of the results of scenarios DX1 to DX7 for
predicting the horizontal position of the berm crest
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Best Validation Performance is 133.9805 at epocch 4 Best Validation Performance is 127.1231 atepoch 5 Best Validation Performance is 114.531 at epoch 27
10* 10* : 104 :
DTX1 Train DTX2 - —an DTX3
Vaidation : Vaidation
—Test H = Test
E- Best '5_'5. ————— - Best -E-
E E E
10* ~ 10t :
: : | :
= : E
u ] : w
o
E E :
& 3
g g | o E;
"g 10% 'g 102 ~ 2
-] =1 H ]
o =3 L
= = =
10' L . . L ' L . L ' 10! H 10!
0 1 2 3 4 5 8§ 7 8 8 10 o 1 2 3 4 5 8 7T & 8§ 10 N ] 5 10 15 20 %5 30
10 Epochs 11 Epochs 33 Epochs
Best Validation Performance is 109.328 at epoch 4 o Best Validation Performance is 99.9187 at epoch 10 10‘ Best Validation Performance is 84.5:_558 atepoch 13
5 .
" DTX4 DTXS Tran DTX6 - [—Tmn
Valdation | |——Vaiiation,
Test E Test
—_— _— Best _— p—
T 102 = =
£ £ £
w i fri] ]
'g H] 10? H 0% st s mcmnn oot -~ ran
g ] H
o - o
@ 10! 0 w
H H g
\l @ 1
= 20 210
10° 10° . 10°
[ 2 3 4 5 6 78 9 10 0 2 4 6 8 10 12 14 16 0 2 4 [ 8 0 12 14 1B 18
10 Epochs 16 Epochs 19 Epochs
4 Best Validation Performance is 73.3149 at epoch 17
10 :
DTX7 ——Tain
Validalion
——Test
= Nl Best
g 10?
< :
2 ]
w
bl 2
&
@
c
@ :
2 10! H
107
0 5 10 15 20

23 Epochs

Fig. 13. The optimal model based on the Epoch and the MSE for scenarios DX1 to DX7 for the horizontal position of the berm crest
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Fig. 15. Summary of the results of training and predicting in scenarios DX1 to DX6 in the horizontal position of the berm crest Chart A
shows training data and Chart B test data

va



o> 0,8 dumw 9 oxe S0 (Sobx

e 455 K5 4 Gligh et bl 5 (ol 55 Sl i

DX7 5 DX1 J>lo S0 26 sl O O D PNV OV TCINE JPRCS S I N o35 R%% Sl sed NF ISSE

Training: R=0.79526 Training: R=0.79064

Training: R=0.81086 Training: R=0.83311

=
[} i
© g w g E;ta @) 0 80 O Data L) O Dawa
+ L+ & + Fit + —Fit
g 70 b o g “Y=T L g0 v=T
2 =
& 60 £eo 5 60
': 50 E 50 5
g @ g%
o S 40 o
" 40 S 40
30 1
5w 5 5%
2 2 B 20 a 2,
= 3 S
z DX1 3., E
108 100%
20 40 80 80 20 40 60 80 20 40 60 80 20 Ty 50 20
Target Target Target Target
Test: R=0.71904 Test: R=0.78602 Test: R=0.78683 Test: R=0.79946
80 . 80 E. z
] O Data ~ O Data O D g gof[ © oD
i i Fit
Ly | e il o gk 1 -E 70 ; 70
Do 60 P =
& a © 60 @ 60
= 50 [ £
in 50 0 - S 50 3 50
0 B o Qa0 = =)
7 20 1 u 40 u 40
] T 30 1 1
5 30 p QB (KHERY e0w 0 & 53 50
s & g2 £ 20 £
5 00 o 5 8 5
o DX1 o] o o

o

3

10
20 60 80 20 40 60 80
Target Target Target
Training: R=0.86107 Training: R=0.8923

Teof[ 0 D 8ol @
+ Fit 00 » +
g0l y=T ® =
o o
@ 60 E
I
X 2

5 o
? 40 [}

1 1
5% 5
=3 [}
52 s
o] 10 o

20 40 60 80
Target

Test: R=0.81939

%0
<t 8o ~ QO Dala
3 - : o
+ 70 + 80
] B
B &7
" m
60
£ 50 X
@ = 50
o 40 o
v w40
5 30 S
2 2
5 20 S 20,
o o
10 10
20 40 60 80

Target Target

Fig. 14. Graphs of R?% results of train and test for scenarios DX1 to DX7 in the horizontal position of the berm crest
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