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1. Introduction

Economic development, agriculture, and power
generation can all be supported by concrete dams. In the 
near future, these assets will no longer be useful due to 
premature damage (Dong and Catbas 2021). Replacement 
of Infra-structure is costly, laborsome. Consequently, 
engineers have created a number of methods to increase the 
structural integrity and safety of these buildings as well as 
lower the risk of both monetary and human losses. In recent 
times, the security problems of structures have gotten a lot 
of attention, and how to go about monitoring and assessing 
the status of large-scale structures has become a research 
topic. Structural features such as dynamic elastic modulus 
and stiffness will change once the structure is damaged, and 
result changes in structural dynamic response. Modal 
properties reflect the overall dynamic performance of the 
structure, and sensitive to dynamic behavior of structure 
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(Chen and Ni 2018, Kang et al. 2017). 
Dam parameters can be determined employing a 

promising method i.e., inverse analysis. Based on 
experimental data and model responses, inverse analysis 
aims at identifying input parameters that reduce deviations 
(Chen et al. 2019). Using the inverse sensitivity method, 
(Liu et al. 2017) assessed parameter instability of an 
unknown system. A method of inverse analysis was 
introduced by Bocciarelli and Ranzi (2018) for evaluating 
the hygrothermochemical parameters of concrete models. 
Inverse analysis was used by Vorel and Kabele (2019) to 
identify quasi-brittle solid failure modes. The mechanical 
properties of concrete dams were recently simulated 
through dynamic parameter inverse analysis (Kang et al. 
2021). Vibration tests have been used to investigate 
dynamic inversion methods in recent years. It has been 
demonstrated that a variety of techniques, including natural 
frequencies, mode shapes, curvature mode forms, and 
techniques that combine mode shapes and frequencies, can 
be employed to identify vibration-based damage (Kang et 
al. 2021, Majumdar et al. 2012, Nhamage et al. 2016). 
Wang et al. (2012) used a back analysis to research the 
seismic response of dams. Modal parameters are retrieved 
from model parameters, and they are independent of the 
stimulation given to the structures (Majumdar et al. 2012). 
This study uses vibrational modal data to calculate the 
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DEM and degree of damage in arch dam. 
Due to the combination of several factors in a sizable 

search space, inverse dynamic analysis necessitates the 
employment of a global optimization technique. A proper 
goal function that is coupled to structural parameters is 
required to identify the parameter value that is most 
appropriate (Nguyen-Tuan et al. 2018). Particle swarm 
optimization (PSO) and genetic algorithms (GA) were used 
by Khatir et al. (2017) to successfully identify graphite-
epoxy composite beams. According to Kang et al. (2016), 
PSO and least-square support vector machine (LS-SVM) 
were used to determine slope stability and other researchers 
also used it for prediction performance (Deng et al. 2019, 
Yuan et al. 2019). Yang et al. (2019) used enhanced PSO to 
determine elastic moduli of dam body and foundation. 
Using JA, a novel global optimization method, does not 
need changing any variables related to the algorithm 
(Kaveh and Laknejadi 2013, Rao and More 2017). In their 
combined technique for inverting dynamic parameters in 
concrete dams, Kang et al. (2021) recommended the use of 
Gaussian process regression (GPR) with Jaya optimization. 
Therefore, this work employs JA for vibration response-
based inverse analysis to discover faults by minimising the 
objective function. 

Different stochastic, statistical, and hybrid mathematical 
models have been created to forecast dam structural 
behaviour based on physical principles (Stojanovic et al. 
2013, Teng et al. 2023). When studying uncommon or 
unorthodox situations, FEMs are more adaptable. The 
aforementioned models are useful since early in a 
structure’s lifespan there isn’t enough data to create 
database predictive models. When utilising these 
techniques, a variety of geometry- and boundary-related 
assumptions and simplifications are made, which might 
result in mistakes in material characterisation. There is a 
requirement for a big finite element model (FE) for infra-
strcuture modelling. The iterative parameter inversion 
approach involves a substantial number of finite element 
calculations, which substantially raises calculation cost. In 
order to speed up the calculation of an inverse analysis, a 
surrogate model can be utilised in place of a full FE model 
(Lew et al. 2006, Zhang et al. 2020). 

Deep learning, multiple regression analysis, and 
machine learning are clever methods for examining civil 
infrastructure model data (Tsihrintzis et al. 2019). Artificial 
intelligence techniques in the structure health monitoring 
field include support vector machines, artificial neural 
networks (Kohiyama et al. 2020, Le and Caracoglia 2020), 
gaussian surrogate models (Kang et al. 2021), and kernel 
regression techniques (Lederman et al. 2014). The 
techniques need little starting data and are computationally 
efficient. Swarm intelligence approaches may be used with 
machine-learning-based swarm intelligence techniques to 
increase optimization performance limitations and get over 
damage detection uncertainties (Pandit et al. 2018). An 
artificial neural network can recognize patterns, diagnose 
damage, automate control, and be applied in a variety of 
other areas (Kang et al. 2017). Neural networks can 
perform nonlinear mappings to filter out noise and perform 
correct identification in noisy scenarios, making them 

particularly useful for nonlinear pattern recognition and 
classification. The network input vector consists of 
structural damage-sensitive parameters, the output vector 
consists of structural damage states, and the training sample 
set is compiled by extracting features from the structure’s 
response. Once trained, the neural network has the ability to 
classify patterns based on input parameters and damage 
states. In the following step, the structure’s dynamic 
parameters are measured and networked, and damage status 
information is obtained (Deng et al. 2019, Taheri et al. 
2020). Once the training process has been completed, the 
calculation application will become faster. Therefore, neural 
networks are capable of explaining structural changes as 
well as reflecting the extent of structural damage (Dou et 
al. 2019, Rajasekaran and Amalraj 2002, Zhang and Zhang 
2004). 

Herein, For the purpose of damage identification 
utilising RBF and JA, an investigation of the vibration 
response of a concrete arch dam using dynamic parameter 
inversion is presented. To gather pseudo-experimental data, 
forward FE analysis was performed by adding mass to the 
arch dam and adjusting various material characteristics. To 
make the most of regression analysis and global 
optimization techniques, RBFs were used as a stand-in 
model for the FE model. It was connected to PSO-based 
objective function optimization, Genatic algorithm and JA-
based objective function optimization to proposed the best 
possible combination. 

This paper is structured as follows: A technique for 
damage detection based on vibration responses is discussed 
in Section 2. Materials for damage detection are included in 
the RBF-driven optimization process, as detailed in Section 
3. Numerical outcomes are presented in Section 4. In 
Section 5, conclusions are provided. 

 
 

2. Research significance 
 
Our research focuses on simplifying damage detection 

strategies in complex infrastructure structures such as arch 
dams, addressing gaps in existing methods such as 
computational intensity, multiple user defined parameters 
and real-time monitoring challenges. Our novel 
combination of RBF neural networks and the Jaya 
algorithm yields a model with only one user-defined 
parameter, σ, reducing variability sources and streamlining 
the tuning process. Because of the complexities of DNN-
based methods’ architecture like layer’s depth, neuron 
count, activation function, batch size and other essentially 
parameters (Samaniego et al. 2020, Nanthakumar et al. 
2016), our model minimizes these risks. Traditional 
approaches (Anitescu et al. 2019), while scientifically 
sound, may not be suitable for continuous monitoring of 
highly non-linear structures due to computational demands 
in real time monitoring. Our model combines scientific 
rigor with practical applicability, giving it a distinct 
advantage in the damage detection domain. Considering the 
conventional mechanisms of structural health monitoring of 
concrete structures (Abbas et al. 2022, Ahmed et al. 2021, 
Hussain et al. 2021) this study used the RBF neural network 
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because of its high predictive ability in detecting concrete 
arch dam damage. Moreover, compared to other machine 
learning and deep learning methods, the propsed novel 
hybrid approach use only one user defined parameter i.e 
NSR component that makes it more generalizeable and 
reliable for real-world problems, where limited collected 
data could make powerful deep learning invalid. 

 
 

3. A vibration-based method for detecting damage 
to arch dams 
 
3.1 Parameterization of arch dam damage 
 
An intact structural system is characterized by its modal 

characteristics using the eigenvalue formula 
 𝑲𝜙௜ − 𝜔௜ଶሺ𝑴𝑫 ൅𝑴௉ሻ𝜙௜ ൌ 0 (1) 
 
A dam’s structural stiffness matrix is K, structural mass 

matrix MD, added mass matrix MP represents the dam and 
the reservoir dynamic interaction, ωi is ith frequency, and ϕi 
the mode shape. Added mass of water in a reservoir The 
additional mass formula by Westergaard may be used to 
compute Mi (Pan et al. 2015) 

 𝑀௜ ൌ 78𝜌௢𝐴௜ඥ𝐻ℎ௜ (2) 

 
where, a node is defined by its added mass Mi, density ρo, 
surface area Mi, water depth H, and node distance hi from 
the surface of the water. In Fig. 1, the upstream surface of 
the arch dam elements is shown with mass added. 

The dam’s unknown statistical and physical properties 
serve as updated parameters. Most practical applications 
assume there is no transition between mass damage and the 
preceding state. Thus, the damage index de was used to 
parameterize the element properties. According to 
continuum damage dynamics (Contursi et al. 1998), 
damage effects can be assessed by scalar factors ranging 
from 0 to 1. The dam will be perfectly fine if its value is 0, 
while it will be fractured if its value is approximately 1. 
Damage is the concept for a decrease in the stiffness of 
discretized finite elements, as seen here 

 𝑘ௗ௘ ൌ 𝑘௘ሺ1 − 𝑑௘ሻ (3) 
 
 
 

 
Fig. 1 Mass added to arch dam surface nodes upstream 

For the system’s eth element, 𝑘௘ and 𝑘ௗ௘  represent the 
intact stiffness matrix for that element and de represents the 
damage index for that element. This concept of estimation 
of damage magnitude and position, both at the level of the 
element, allows the identification of damage at the element 
level (Perera and Ruiz 2008). 

 
3.2 Damage detection objective function 

composed on vibration data 
 
During structural changes, natural frequencies and mode 

shapes fluctuate, which is fundamental to hydraulic 
structures. Accordingly, vibration responses can be used to 
detect damage (Alkayem et al. 2018). 

 
3.2.1 Frequency based objective function 
It is possible to express the natural frequency in the 

following manner 
  Ω𝑅 ൌ 𝛾௜෍ ሺ𝑓௜௠ − 𝑓௜௖ሺ𝑬ሻ𝑓௜௠ ሻଶ௡௙௜ୀଵ  (4) 

 
FE models of undamaged and damaged structures yield, 𝑓௜௠  and 𝑓௜௖  natural frequencies, correspondingly; γ 

represents the weighting factor for output error in frequency 
change objective function, E represents vector of 
parameters to optimize; nf represents the number of 
frequencies. 

 
3.3 Utilizing both mode shapes and frequencies to 

derive an objective function 
 
The coordinate model assurance criteria (COMAC) is 

used to pinpoint the location and size of the structural fault. 
A scalar constant that represents the degree of precision 
between two reference modal vectors is as follows 

 𝐶𝑂𝑀𝐴𝐶ሺ𝑚, 𝑐ሻ ൌ ሺ∑ 𝜙௜௠௡௠௜ୀଵ 𝜙௜௖ሺ𝑬ሻሻଶሺ∑ 𝜙௜௠௡௠௜ୀଵ 𝜙௜௠ሻሺ∑ 𝜙௜௖௡௠௜ୀଵ 𝜙௜௖ሻ (5) 

 
The modal components in the real FE models of the 

unharmed and damaged buildings are designated by 𝜙௜௠ 
and 𝜙௜௖ , respectively, and nm represents the number of 
modes. The COMAC level, which has a scale from 0 to 1, 
represents how similar distinct pairs of modal vectors are to 
one another, ranging from entirely uncorrelated to perfectly 
correlated. The COMAC value of approximately 0 indicates 
a possible damage position (Khatir et al. 2017). A 
weighting factor β based on the output error of the objective 
function can be determined by n times the measured mode 
numbers. Eqs. (4) and (5) therefore describe the objective 
function, that depends on combination of natural frequency 
and mode shape changes. 

 𝑓 ൌ 𝛾෍ቆ𝑓௜௠ − 𝑓௜௖ሺ𝑬ሻ𝑓௜௠ ቇଶ௡
௜ୀଵ  

        ൅𝛽෍ሼ1 − 𝐶𝑂𝑀𝐴𝐶ሾ𝜙௜௠,𝜙௜௖ሺ𝑬ሻሿሽ௡
௜ୀଵ  

(6) 

 
where γ and β are less than unity; γ + β = 1.0. In this 
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Fig. 2 The structure of RBF neural networks 

(Dou et al. 2019) 
 
 
researchwork, both γ and β are equal to 0.5 (Kang et al. 
2021). 

 
 

4. An intelligent optimization algorithm (RBF 
neural networks) based damage identification 
 
4.1 RBF 
 
A RBF network consists of three layers: input, hidden, 

and output. RBF network structure is shown in Fig. 2. Input 
layer neurons are equal to problem dimensions x = [x1, x2, 
x3, …, xm] T. A hidden layer function g = [g1, g2, g3, …, gj, 
…, gn] T processes data in the input layer. y = [y1, y2, y3, …, 
yp] T is produced by summing the data seen in hidden layer 
and sending it to output layer (Rajasekaran and Amalraj 
2002, Zhang and Zhang 2004). 

 ൝ 𝑦 ൌ 𝜔்𝑔 ൅ 𝑏𝑔௝൫𝑥, 𝑐௝ ,𝜎൯ ൌ 𝑒𝑥𝑝 ቂ−‖𝑥 −𝑐௝ฮଶ/ሺ2𝜎ଶሻቃ (7) 

 ‖𝑥 −𝑐௝ฮଶ is the Euclidean distance between x and cj 
that determines neuronal sensitivity σ, where cj is one of a 
group of center vectors with the same size as x. The network 
weight vector for output neurons is ω = (ωjk) n×p, and the 
output neurons’ offset matrix is b = [b1, b2, b3, …, b] T. 

In the literature, it has been documented that, with 
sufficient neurons and training data, an RBF network is 
capable of approaching any nonlinear function 
(Rajasekaran and Amalraj 2002, Zhang and Zhang 2004). 
The RBF-based surrogate model is constructed via training 
neural networks. Two classes of existing information data 
are needed in order to create the RBF model. Latin 
hypercube sampling is used to create the data sets for 
surrogate model, which is produced using random sampling 
to build the mapping connection. Different data sets are 
utilised for training and testing this model (Olsson et al. 
2003, Trinh and Jun 2021). In order to assure authenticity 
and validate of the RBF-based surrogate model, its neural 
sensitivity regulator (NSR) component i.e., σ was exploared 
first. Usually, the neural sensitivity regulator operates 
within a range between 1 and 10. 

 
4.2 Jaya algorithm 
 
Rao (2016) put out the Jaya algorithm as a population-

based approach to global optimization. The method 
basically assumes that any population solution will always 
move away from the least desired option and toward the 
most ideal one. This method has the benefit of simply 
requiring a single equation and not requiring tuning 
algorithm-specific limitations. Hence, it is simple to 
comprehend (Rao and More 2017) and distinguishes itself 
from other metaheuristic neural networks. Jaya’s algorithm 
is represented mathematically as follows. 

In this case, let f(u) be the optimized objective function. 
In the initial problem space, m solutions {u1, u2, …, um} are 
randomly generated. In addition to analyzing these initial 
solutions, ubest and uworst are determined by the objective 
function. These solutions then perform search loop by loop 
until the maximum generation threshold is reached. Each 
time an iteration is performed, the population solution is 
customized as shown in the equation 

 𝒗௝,௞ ൌ 𝒖௝,௞ ൅ 𝑟ଵ,௝൫𝒖௝,௕௘௦௧ − ห𝒖௝,௞ห൯             −𝑟ଶ,௝ሺ𝒖௝,௪௢௥௦௧ − ห𝒖௝,௞หሻ (8) 

 
In this equation, uj,best indicates the value of variable j 

for the best candidate, uj,worst indicates the value of variable 
j for the worst candidate, and vj,k represents uj,k modified, 
while r1,j and r2,j represent two arbitrary constants between 
[0, 1] in each cycle. Solution r1,j(uj,best - |u(j,k)|) represents the 
solution’s ability to move closer to the best solution, while 
solution r2,j(uj,best - |u(j,k)|) represents the solution’s ability to 
prevent the worst solution. There is a thorough search of the 
search space due to the arbitrary constants r1 and r2. By 
increasing the absolute value of the solution space |u(j,k)|, the 
algorithm’s search capacity is further enhanced. Newly 
generated candidate solutions will be analyzed using the 
objective function. Replacement of the old solution is 
recommended if it is better than the new one, otherwise, 
leave it unchanges. A better fitness value is assigned to v(j,k) 
if it gives a better fitness value. Following each iteration, all 
accepted solutions are saved and utilized in the searches for 

 
 

 
Fig. 3 A flow chart illustrating the Jaya algorithm 

(Rao and More 2017) 
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the following iteration. The best solution to a problem is 
found using the suggested algorithm, and the poorest option 
is rejected. As shown in Fig. 3, the Jaya algorithm is 
schematically represented. 

 
4.3 Parameter selection and validation for RBF 

surrogate model 
 
The best value of neural sensitivity regulator component 

i.e., 𝜎 will be adjusted to a certain level, which will give 
least value of mean square error (MSE) for generated 
surrogate model, using Eq. (9). The 𝜎 is checked in a 
range [1.0, 10] as its value should not be equal to zero, for 
RBF neural network. The best value will be used to 
construct RBF based surrogate model. 
 𝑀𝑆𝐸 ൌ ቎ 1𝑁௠෍ሺ𝑦஽௠ሺ𝑖ሻ − ሺ𝑦௠ሺ𝑖ሻሻଶே೘

௜ୀଵ ൅ 1𝑁௙෍ሺ𝑦஽௙ሺ𝑖ሻ − ሺ𝑦௙ሺ𝑖ሻሻଶே೑
௜ୀଵ ቏ (9) 

 
Where 𝑦஽೑ and 𝑦஽௠ specify the individual simulated 

frequency and mode shapes, respectively; yf and ym denote 
individual measured frequency and mode shapes. Nf and Nm 
represents the set of observations for frequency and mode 
shapes. The mean absolute error (MAE), root mean square 
error (RMSE), and correlation coefficient (R) are also 
utilized to validate the best surrogate model. 

 𝑀𝐴𝐸 ൌ 1𝑁෍|𝑦஽ሺ𝑖ሻ − 𝑦ሺ𝑖ሻ|ே
௜ୀଵ  (10)

 

𝑅𝑀𝑆𝐸 ൌ ඩ1𝑁෍ሺ𝑦஽ሺ𝑖ሻ − 𝑦ሺ𝑖ሻሻଶே
௜ୀଵ  (11)

 𝑅 ൌ ሾ∑ ሺ𝑦஽ሺ𝑖ሻ − 𝑦஽തതതሻே௜ୀଵ ሺ𝑦ሺ𝑖ሻ − 𝑦തሻሿሺ∑ ሺ𝑦஽ሺ𝑖ሻ − 𝑦஽തതതሻே௜ୀଵ ሻሺ∑ ሺ𝑦ሺ𝑖ሻ − 𝑦തሻே௜ୀଵ ሻ (12)

A simulated value 𝑦஽ is an individual value; an average 
value 𝑦஽തതത is an average of many simulated values; y is 
measured value; 𝑦ത is an individual value; N is the set of 
measurements. Models with MAE and RMSE of 
approximately zero, as well as R of approximately one, are 
considered the best. 

 
4.4 Damage identification procedure 

based on RBF surrogate models and 
intelligent optimization 

 
Multi-parameter detection of high arch dam damage is 

performed using the following steps. 
Step 1: Identify the problem. Estimate the DEM using 

Equation 3 by assuming a damage percentage in the dam 
components. In order to simulate the natural frequencies 
and mode shapes measured, forward FE analysis results are 
used. 

Step 2: Establishing sample points. Latin hypercubic 
sampling (LHS) concept is used to generate training and 
test sample points (Olsson et al. 2003, Trinh and Jun 2021). 
It ensures that the entire range of each variable is 
represented in the sampled data, thereby potentially 
enhancing the quality of the data used to train and test the 
model. Moreover, Training samples accounted for about 
80% of the selected data, and test samples accounted for 
about 20% of the selected data (Goodfellow et al. 2016). 

Step 3: Create training datasets. It consists of modal 
parameters and sample points. Apply the FE model to 
sample points in order to calculate the modal parameters. 

Step 4: Create a surrogate RBF model using training 
data. Use the test set and assure the accuracy of established 
RBF model. Repeat process from Step 3, tune the NSR 
component or create further sample points if surrogate 
model’s sensitivity is insufficient to satisfy the 
requirements. 

Step 5: Apply the Jaya to minimize the objective 
function. Analyze inversely the dam parameters to predict 
damage. In order to obtain natural frequencies and mode 
shapes, replace the FE model with the RBF surrogate 
model. 

Step 6: calculating or obtaining the DEM values. 
The proposed approach is shown in Fig. 4. 
 
 

5. Numerical cases for damage detection 
 
5.1 Foundation properties and boundary conditions 

for arch dam 
 
With 480-meter-long arches and 240-meter-high dams, 

arch dams feature parabolic hyperbolic forms. An 
illustration of the different radii of the arch rings is shown 

 
 

 
Fig. 4 Overview of the proposed techniques for the 

detection of damage in arch dams based on 
vibration responses and a surrogate model 
based on RBF 
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Fig. 6 A front view of a vertically joint arch dam 

 
 

 
 

in Fig. 5 in a sectional view of the arch crown beam. 
Each vertical joint in Fig. 6 is spaced 20 metres apart. 

According to Fig. 1, the dynamic impacts of a dam were 
calculated to be half of the Westergaard added mass, up to 
971 meters in height. 

The foundation rock masses in the left, right, and 
downward directions are denoted by F1, F2, and F3, 
respectively, as shown in Fig. 7(a), and their DEMs were 
30, 28, and 25 GPa, respectively in both cases, which will 
be discussed in the following sections. The Poisson ratios 

 
 

 
Fig. 5 Section view of a hyperbolic parabolic arch dam (arch ring radius is indicated by the letter R) 

 
(a) 

 

 

(b) 

Fig. 7 Arch dam foundation: (a) foundation classification w.r.t DEMs; (b) foundation constrained boundary 

X
Y
Z
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Table 1 Limits and constants defined in optimization 
algorithms 

User defined limits Jaya PSO GA 
Number of runs (run) 30 30 30 

Number of iterations (maxGen) 1000 1000 1000 
Size of population (sizepop) 50 50 50 

Lower boundary (lb) 0.5 0.5 0.5 
Upper boundary (ub) 1.5 1.5 1.5 

User defined constants    
c1 - 2.0 - 
c2 - 2.0 - 

Number of chromosomes (Nc) - - 20.0 
Crossover rate (Pc) - - 0.95 

Mutation probability (Pm) - - 0.001 
Elite rate (Er) - - 0.20 

 

 
 

for each dam and foundation component were 0.17 and 
0.25, respectively. The density of the dam material for each 
component was 2400 kg/m3. We assumed that damage 
occurred in the dam body but the foundation remained 
intact, and that the foundation was a massless foundation. 
All the outer surface nodes of the foundation and side rock 
mass were constrained in the x-, y-, and z-axis directions, as 
shown in Fig. 7(b). 

 
5.2 Limits and constants defined in optimization 

algorithms 
 
The iteration limits and number of runs are important 

characteristics that influence on the performance and end 
results of optimization algorithms. Furthermore, each meta-
heuristic optimization algorithm has its own fundamental 
parameters that may affect its search operation. So, it is 
quite important to set iteration limits and constants values, 
defined in an algorithm for its better performance. Table 1 
shows such kind of data that was set for the algorithms 
investigated in this study. The computation was performed 
using MATLAB R2020a and ANSYS 18.1 Mechanical for 

 
 

 

Table 2 Material properties of arch dam in Case A 

Arch dam 
part 

Actual DEM 
(MPa) 

Assumed damage 
index (de) 

Measured 
DEM (MPa) 

D1 36000 15% 30600 
D2 34000 18% 27880 
D3 37000 0% 37000 
D4 48000 10% 34200 
D5 41000 20% 32800 

 

 
 

FE analysis, on a computer with an Intel(R) Core (TM) i7-
9700F CPU @ 3.00 GHz. 

The improved PSO, and elitist preservation-strategy-
based GA are three excellent intelligent optimization 
algorithms that are comparable to the Jaya optimizer. For 
PSO and GA, the user defined constants were set based on 
Kang et al. (2016) and Mirjalili (2023), respectively. Each 
algorithm was performed 30 times independently, and then 
the average values were adopted to avoid the randomness 
and escape from local optima. 

 
 

 
Fig. 9 The effect of neural sensitivity regulator i.e., σ on 

MSE for surrogate model in case A 
 
 

 

 
          (a) (b) 

Fig. 8 Arch dam–foundation system for Case A with DEM boundaries: (a) arch dam–foundation system; 
(b) selected nodes on arch dam crest surface 

325



 
Ali Zar, Zahoor Hussain, Muhammad Akbar, Bassam A. Tayeh and Zhibin Lin 

 
 
5.3 Numerical case A 
 
5.3.1 Description of arch dam properties for case A 
In Case A, the arch dam body was classified into five 

different sections. The assumed properties of the dam are 
listed in Table 2, and a visual illustration is shown in Fig. 
8(a). To calculate the frequency and mode shapes, a layout 
scheme of the measurement points is provided in Fig. 8(b). 

 
5.3.2 Selection of neural sensitivity regulator 

component for case A 
The neural sensitivity regulator component i.e., 𝜎 is 

selected equal to 5.9. The effect of 𝜎  on RBF based 
surrogate model is shown in Fig. 9. 

 
 

Table 3 Fitting accuracy of RBF-based surrogate model in 
Case A 

Data 
type 

Natural frequency Mode shapes 
MAE RMSE R MAE RMSE R 

Training 
data 4.34E-10 9.32E-10 1.000 1.73E-07 6.89E-07 0.999 

Test 
data 3.06E-08 4.76E-08 1.000 3.58E-06 9.24E-06 0.975 

 

 
 
5.3.3 RBF based surrogate model for case A 
Fig. 10 shows the correlation between mode shapes and 

frequencies calculated with the FEM and predicted by the 
RBF model. As shown, all sample points were distributed 
near the diagonal, implying that the RBF model predicted 
the same vibration responses as the FE results. The RBF 
model’s fitting accuracy is listed in Table 3. 

 
5.3.4 Damage identification process by RBF for 

case A 
Fig. 11 depicts the evolution of the objective function 

values for the three algorithms. The numerical values of the 
PSO algorithm and Jaya algorithm converged at 1.12E-04 
and 1.14E-04, respectively, whereas the numerical value of 
the GA algorithm converged at 2.09E-04, as shown in Fig. 
11(a). The measured real frequencies and mode shapes were 
each subjected to 1% and 10% noise, respectively, to further 
confirm the fineness operation of the algorithms. Although 
noise was introduced, the PSO algorithm and Jaya 
algorithm converged at 6.82E-05 and 6.92E-05, 
respectively, whereas the GA provided the best solution at 
1.90E-04, as shown in Fig. 11(b). 

Fig. 12 (without noise) and Fig. 13 (with noise), depict 
the identification process for calculated damage indices d1 
and d5 detected in dam parameters D1 and D5, respectively. 
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Fig. 10 Comparison between modal parameters calculated using FEM and predicted by RBF model in Case A 
for mode shapes and frequencies: (a), (b) Training datasets; (c), (d) Test datasets 
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(a) (b) 

Fig. 12 Identification process of damage index of arch dam parameters without noise in Case A using RBF model: 
Damage index detected in (a) D1; and (b) D5 
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Fig. 13 Identification process of damage index of arch dam’s parameters with noise in Case A using RBF model: 
Damage index detected (a) D1; and (b) D5 
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Fig. 14 Comparison between true and calculated damage index values for Case A using RBF: (a) Without noise; 
(b) with noise 
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The calculated values of d1, d2, d3, d4 and d5 using Jaya were 
14.99%, 19.69%, 1.70%, 78.29%, and 16.84%, respectively, 
which are similar to the assumed damage index, while the 
values after noise were 11.01%, 17.47%, -2.23%, 6.084%, 
and 16.56%, which are similar to the measured damage 
index without noise.Finally, in Fig. 14, the calculated 
damage index values for all parameters identified using the 
PSO algorithm, Jaya optimizer and GA are compared to 
verify the accuracy of our technique, both with and without 
noise. Among all the damage detection algorithms, the Jaya 
produced the lowest average relative errors. The Jaya 
produced average errors of 1.654% and 2.820% for damage 
index identification with and without noise, respectively. 

 
5.3.5 DEM calculations by dynamic parameter 

inversion analysis for case A 
In Case A, Tables 4 and 5 compare measured and 

calculated DEM results without and with noise using the 
PSO algorithm, Jaya algorithm and GA with the RBF-based 
surrogate model of the arch, respectively. The relative errors 
and their average values are presented to compare the 
accuracy of the results. In addition, the computing time is 
provided to compare the three algorithms’ efficiencies. The 
results of the cases with and without noise were reasonable, 
and the Jaya outperformed the other algorithms in terms of 
speed and accuracy. The GA performed poorly in terms of 

 
 

 
 

parameter identification, with the average relative error of 
parameter identification being 1.723% without noise and 
3.406% with noise. 

 
5.4 Numerical case B 
 
5.4.1 Description of arch dam properties for case B 
In Case B, the arch dam was classified into eight 

sections. The properties of the dam components are shown 
in Table 6, and an illustration is provided in Fig. 15. 

 
 
 

Table 6 Material properties of arch dam in case B 

Arch dam 
part 

Actual 
DEM (MPa) 

Assumed damage 
index (de) 

Measured 
DEM (MPa) 

D1 36000 10% 32400 
D2 34000 0% 34000 
D3 37200 9% 33900 
D4 37000 12% 32600 
D5 41000 20% 32800 
D6 33800 0% 33800 
D7 40000 15% 34000 
D8 38000 7% 35300 

 

 

Table 4 Comparison of measured and calculated DEM results, without noise for Case A with the 
RBF-based surrogate model 

Arch dam 
part 

Measured 
DEM 
(MPa) 

Jaya PSO GA 

Calculated 
value (MPa) 

Relative 
error (%) 

Calculated 
value (MPa) 

Relative 
error (%) 

Calculated 
value (MPa) 

Relative 
error (%) 

D1 30600 30602.169 0.007 30697.024 0.317 32171.081 5.134 
D2 27880 27305.397 2.061 27322.493 2.000 27893.806 0.050 
D3 37000 36370.709 1.701 36404.622 1.609 37077.003 0.208 
D4 34200 34849.439 1.899 34892.273 2.024 35386.264 3.469 
D5 32800 34097.412 3.956 34054.939 3.826 32438.808 1.101 

Average of errors (%)  1.925  1.955  1.992 
Time of 30 runs (s) 140.117  144.149  320.007  

 

Table 5 Comparison of measured and calculated DEM results, with noise for Case A with the RBF-
based surrogate model 

Arch dam 
part 

Measured 
DEM 
(MPa) 

Jaya PSO GA 

Calculated 
value (MPa) 

Relative 
error (%) 

Calculated 
value (MPa) 

Relative 
error (%) 

Calculated 
value (MPa) 

Relative 
error (%) 

D1 30600 32034.871 4.689 32136.643 5.022 32938.032 7.641 
D2 27880 28060.679 0.648 28080.499 0.719 28172.848 1.050 
D3 37000 37826.379 2.233 37884.940 2.392 38316.181 3.557 
D4 34200 35688.007 4.351 35723.746 4.455 35845.393 4.811 
D5 32800 34208.153 4.293 34139.764 4.085 33533.318 2.236 

Average of errors (%)  3.243  3.335  3.859 
Time of 30 runs (s) 142.211  144.258  326.630  
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Fig. 15 Arch dam–foundation system for case B 

 
 
5.4.2 Importance of sensor points selection 
To efficiently identify the damage index and DEM 

parameters of the arch dam, we compared the two 
measurement point layout schemes shown in Fig. 16. Table 7 
shows the final results for both schemes after noise was 
introduced using RBF and Jaya. As the identification 
accuracy of Scheme 2 was much higher than that of Scheme 
1, the former was used for subsequent discussion. 

 
 
 

 
 

 

 
Fig. 17 The effect of neural sensitivity regulator i.e., σ on 

MSE for surrogate model in case B 
 
 
5.4.3 Selection of neural sensitivity regulator 

component for case B 
The neural sensitivity regulator component i.e., 𝜎 is 

selected equal to 1.0. The effect of 𝜎  on RBF based 
surrogate model is shown in Fig. 17, by calculation MSE. 

 
 

 
 

 
Fig. 16 Layout of measurement points for Case B: (a) Scheme 1: seven measurement points; (b) Scheme 2: 

fourteen measurement points 

Table 7 Comparison results of two sensor layout schemes of measuring points with noise for Case B 
by RBF 

Dam 
parameter 

Measured DEM 
(MPa) 

Scheme 1 Scheme 2 
With Noise Rel. error (%) With Noise Rel. error (%) 

D1 32400 34170.499 5.465 32457.421 0.177 
D2 34000 38588.725 13.496 37748.784 11.026 
D3 33852 35135.097 3.790 35023.060 3.459 
D4 32560 35336.009 8.526 33898.027 4.109 
D5 32800 34231.119 4.363 31689.401 3.386 
D6 33800 34656.207 2.501 35609.336 5.353 
D7 34000 34960.529 2.825 34738.929 2.173 
D8 35340 42346.686 19.827 39232.929 11.016 

Average of errors (%)  7.599  5.087 
Time for 30 runs (s) 168.325  171.740 178.368 
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Fig. 18 Comparison between modal parameters calculated using FEM and predicted by RBF model in Case B 
for mode shapes and frequencies: (a), (b) Training datasets; (c), (d) Test datasets 

Table 8 Fitting accuracy of RBF-based surrogate model in Case B 

Data type 
Natural frequency Mode shapes 

MAE RMSE R MAE RMSE R 
Training data 2.44E-15 3.12E-15 1.000 1.04E-18 2.95E-18 1.000 

Test data 5.43E-03 8.56E-03 0.999 2.67E-06 7.72E-06 0.9651 
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Fig. 19 Convergence process of objective function value of four algorithms in Case B using RBF model: (a) without noise; 
(b) with noise 
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5.4.4 RBF based surrogate model for case B 
Fig. 18 shows the correlation between mode shapes and 

frequencies calculated with the FEM and predicted by the 
RBF model. As can be seen, all sample points were 
distributed near the diagonal, implying that the RBF 
model’s vibration responses were close to the FE results. 
The RBF model’s fitting accuracy is listed in Table 8. 

 
5.4.5 Damage identification process by RBF for 

case B 
Fig. 19 depicts the evolution of the objective function 

values for the four algorithms. The numerical values of the 
PSO algorithm and Jaya algorithm, converged at 5.03E-04 
and 3.90E-04, respectively, whereas the numerical value of 
the GA algorithm converged at 1.13E-03, as shown in Fig. 
19(a). The measured real frequencies and mode shapes were 
each subjected to 1% and 10% noise, respectively, to further 
confirm the fineness operation of the algorithms. Although 
noise was introduced, the PSO algorithm and Jaya 
algorithm, both converged at 3.74E-04 and 3.00E-04, 
respectively, whereas the GA provided the best solution 

 
 

 
 

at 9.44E-04, as shown in Fig. 19(b). 
Fig. 20 (without noise) and Fig. 21 (with noise) show 

the identification process of the calculated damage indices 
d2 and d7  detected in dam parameters D2 and D7, 
respectively, for Case B. The values calculated using the 
Jaya for d1, d2, d3, d4, d5, d6, d7, and d8 were 11.301%, 
9.617%, 9.32%, 9.822%, 24.521%, 4.51%, 17.623%, and 
3.253%, respectively, which are similar to the assumed 
damage index, whereas those after noise were 9.84%, 
11.626%, 5.852%, 8.384%, 22.709%, 5.353%, 13.153%, 
and 3.245%. 

Eventually, in Fig. 22, the calculated damage index 
values for all parameters identified using the PSO 
algorithm, Jaya optimizer and GA, are compared to verify 
the accuracy of our technique, both with and without noise. 
Among all the damage detection algorithms, the Jaya 
produced the lowest average relative errors. The Jaya 
produced average errors of 3.6021% and 3.9816% for 
damage index identification with and without noise, 
respectively. 
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Fig. 20 Identification process of damage index of arch dam parameters without noise in Case B using RBF model: 
Damage index detected in (a) D2 and (b) D7 
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Fig. 21 Identification process of damage index of arch dam’s parameters with noise in Case B using RBF model: 
Damage index detected in (a) D2 and (b) D7 
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Table 9 Comparison of measured and calculated DEM of arch dam without noise for Case B with the RBF-based surrogate 
model 

Arch dam 
part 

Measured 
DEM 
(MPa) 

Jaya PSO GA 
Calculated value 

(MPa) 
Relative error 

(%) 
Calculated value 

(MPa) 
Relative error 

(%) 
Calculated value 

(MPa) 
Relative error 

(%) 
D1 32400 31931.745 1.445 33145.794 2.302 33321.046 2.843 
D2 34000 37269.842 9.617 37290.494 9.678 37113.239 9.157 
D3 33852 33733.076 0.351 33208.710 1.900 33166.786 2.024 
D4 32560 33365.840 2.475 33751.005 3.658 33301.478 2.277 
D5 32800 30946.294 5.652 32385.632 1.263 32393.113 1.241 
D6 33800 35324.344 4.510 35739.327 5.738 36043.705 6.638 
D7 34000 32950.949 3.085 32772.462 3.610 32401.275 4.702 
D8 35340 39236.205 11.025 38975.970 10.289 39837.274 12.726 

Average of errors (%)  4.770  4.805  5.201 
Time for 30 runs (s) 174.527  167.819  364.982  

 

Table 10 Comparison of measured and calculated DEM of arch dam with noise for Case B with the RBF-based surrogate 
model 

Arch dam 
part 

Measured 
DEM 
(MPa) 

Jaya PSO GA 
Calculated value 

(MPa) 
Relative error 

(%) 
Calculated value 

(MPa) 
Relative error 

(%) 
Calculated value 

(MPa) 
Relative error 

(%) 
D1 32400 32457.421 0.177 34177.658 5.487 34535.774 6.592 
D2 34000 37748.784 11.026 38409.450 12.969 38418.525 12.996 
D3 33852 35023.060 3.459 34078.586 0.669 33978.246 0.373 
D4 32560 33898.027 4.109 34819.099 6.938 34895.788 7.174 
D5 32800 31689.401 3.386 30701.151 6.399 30453.576 7.154 
D6 33800 35609.336 5.353 36745.442 8.714 35899.291 6.211 
D7 34000 34738.929 2.173 33052.441 2.787 33094.859 2.662 
D8 35340 39232.929 11.016 41826.308 18.354 42177.909 19.349 

Average of errors (%)  5.087  7.790  7.814 
Time for 30 runs (s) 178.368  171.255  369.324  

 

Table 11 Calculation time for surrogate models and FE model for damage detection of arch dam for 
case A 

Model type 
Time required 

to build sample 
sets (sec) 

Time required 
to establish surrogate 

model (sec) 

Average time required 
to run inversion 

algorithm one time (sec) 

Total time 
(sec) 

FE model - - 52643.725 52643.725 
RBF surrogate model 6580.465 0.474 5.5897 6586.528 

 

Table 12 Calculation time for surrogate models and FE model for damage detection of arch dam for 
case B 

Model type 
Time required 

to build sample 
sets (sec) 

Time required 
to establish surrogate 

model (sec) 

Average time required 
to run inversion 

algorithm one time (sec) 

Total time 
(sec) 

FE model - - 53991.173 53991.173 
RBF surrogate model 10756.234 0.303 6.133 10762.670 
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5.4.6 DEM calculations by dynamic parameter 
inversion analysis for case B 

Finally, a comparison of the measured and calculated 
DEMs of the arch dam without and with noise for Case B 
with those obtained using the RBF-based surrogate model 
in Case B is presented in Tables 9 and 10. To compare the 
accuracy of the results, the relative errors and their average 
values are presented. Additionally, the computing time is 
provided to compare the efficiencies of the four algorithms. 
The results of the cases with and without noise were 
reasonable, and the Jaya was faster and more accurate than 
the other algorithms. In terms of parameter identification, 
the performance of the GA was subpar, i.e., the average 
relative error of parameter identification was 4.8038% 
without noise and 5.2156% with noise. 

 
5.5 Efficiency of surrogate models w.r.t FE model 
 
In both case A and B, efficiency has been calculated in 

terms of time required to complete the process for damage 
 
 

 
Fig. 23 Efficiency of RBF surrogate models (compared to 

FEM) with noise 
 
 

 
 

detection of arch dam using proposed hybrid approaches 
and FE model. For Case A and B, the calculation time for 
FE model and surrogate models with Jaya is represented in 
Tables 11 and 12, respectively. Efficiency and accuracy of 
RBF surrogate models for both cases, while utilizing Jaya 
for dynamic parameter identification, are presented and 
compared in Figs. 23 and 24, respectively. 

 
5.6 Parameter sensitivity analysis 
 
The simulation results for the weight coefficient of the 

objective function can affect the results. The weights of the 
natural frequency and mode shape must be selected 
deliberately. Therefore, some combinations of weights (w1, 
w2), such as (0.1, 0.9), (0.2, 0.8), (0.5, 0.5), and (0.8, 0.2), 
were investigated to obtain the ideal performance. The 
average errors for the calculated damage index were 
adopted to evaluate the damage detection performance of 
the proposed technique in Cases A and B. To highlight the 

 
 

 
Fig. 24 Average of errors for DEM identification with RBF 

surrogate models with noise results 
 
 

 
 

 
Fig. 25 Comparison between calculated and measured values of first-order mode shape at arch ring for Case A 

 
Fig. 26 Comparison between calculated and measured values of second-order mode shape at arch ring for Case A 
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noise was added to the measured natural frequencies and 
measured mode shapes, respectively. The effects of the 
weights shown in Eq. (6) on the performance of damage 
detection is presented in Table 13, and it appears that 
different combinations of weight coefficients did not 
significantly affect the inversion problem in this study. 
Hence, the combination of weights (w1, w2) was set as (0.5, 
0.5) in both Cases A and B. 

 
5.7 Model parameters calculation of arch dam 
 
The measured and calculated frequencies along with the 

relative errors by using RBF surrogate model (with Jaya) 
are presented in Tables 14 and 15, for case A and B, 

 
 

 
 

 
 

 
 

respectively. The results shown in both Tables 14 and 15, 
are with noise results. Figs. 25-27 show a comparison 
between the first three measured and calculated mode 
shapes of the arch dam obtained using proposed hybrid 
model of RBF and Jaya with noise for Case A. Similarly, 
Figs. 28-30 show a comparison between the first three 
measured and calculated mode shapes of the arch dam 
obtained using proposed hybrid model of RBF and Jaya 
with noise for Case B. 

 
 
 
 
 

 
Fig. 27 Comparison between calculated and measured values of third-order mode shape at arch ring for Case A 

 
Fig. 28 Comparison between calculated and measured values of first-order mode shape at arch ring for Case B 

 
Fig. 29 Comparison between calculated and measured values of second-order mode shape at arch ring for Case B 

 
Fig. 30 Comparison between calculated and measured values of third-order mode shape at arch ring for Case B 
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Table 14 Comparison of calculated and measured 
frequencies using surrogate models with noise for 
Case A 

Modal 
parameters 

Measured 
value 

RBF 
Without noise With noise 

Calc. 
value 

Rel. 
error 
(%) 

Calc. 
value 

Rel. 
error 
(%) 

f1 1.52794 1.53292 0.32592 1.54695 1.24415 
f2 1.76461 1.76512 0.02890 1.78313 1.04952 
f3 2.16532 2.16743 0.09744 2.19048 1.16195 

 

 
 

Table 15 Comparison of calculated and measured 
frequencies using surrogate models with noise for 
Case B 

Modal 
parameters 

Measured 
value 

RBF 
Without noise With noise 

Calc. 
value 

Rel. 
error 
(%) 

Calc. 
value 

Rel. 
error 
(%) 

f1 1.32221 1.32888 0.50445 1.34097 1.41883 
f2 1.42058 1.42803 0.52443 1.44108 1.44307 
f3 1.86645 1.87677 0.55292 1.89992 1.79324 

 

 
 

6. Conclusions 
 
In this study, a hybrid approach is proposed for 

determining the dynamic parameters of concrete arch dams 
using RBF-Neural Network surrogate models and Jaya 
algorithms. Latin Hypercube Sampling was utilized to 
acquire sample points for building the surrogate model. 
Jaya was used to optimize the objective function in the 
inverse analysis. The proposed method was tested on a 
hyperbolic concrete arch dam under various damage 
scenarios along with dynamic conditions, and the results 
were analyzed to reach the following conclusions. 

 
• The proposed RBF model accurately depicts the 

connection between the dynamic elastic modolus 
(DEM) and modal parameters, using its strong 
machine learning capabilities. Compared to the 
Finite Element Method (FEM), the RBF-based 
surrogate model is much more computationally 
efficient. 

• Compared to other machine learning and deep 
learning methods, the propsed novel hybrid approach 
use only one user defined parameter i.e NSR 
component that make it more generalizeable and 
reliable for real world problems. 

• The novel Jaya algorithm proves to be effective in 
resolving the parameter identification problem. The 
results indicate that the Jaya optimizer offers 
improved speed and convergence accuracy 
compared to the PSO algorithm and Genetic 

algorithm. 
• The proposed method for detecting damage to arch 

dams demonstrated encouraging results, making it 
suitable for calibrating finite element models and 
evaluating seismic performance in real-world 
applications with higher efficieny and accuracy. 

• Furthermore, in future, we can make the damage 
indications on other phenomena like cracking or 
vertical joint opening in concrete arch dams or 
predicting dam behavior with other boundary 
conditions. 
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Notations 
 
K  Arch dam stiffness matrix 
MD Arch dam mass matrix 
MP  Added mass matrix of arch dam elements (takes into 

account the dam’s interaction with the reservoir in a 
dynamic manner) 

ωi  ith frequency 
ϕi  mode shape (corresponds to ωi) 
Mi  The ith node’s added mass, as calculated by 

Westergaard’s formula 
ρo  Density of reservoir water 
Mi  Surface area of arch dam at node ith 
H  water depth 
hi  Water surface distance from the ith node 𝑘௘ intact stiffness matrices (eth element) 𝑘ௗ௘  damaged stiffness matrices (eth element) 
de  damage index (eth element) 𝑓௜௠ using ith natural frequencies derived from undamaged 

structures in the FE model 𝑓௜௖ calculated ith natural frequencies (FEM of damaged 
structure) 

γ  frequency variation weighting factor 
E  a set of variables that required to be optimized 
nf  frequencies count 𝜙௜௠ The modal components of ith mode shape (extracted 

from the FEM undamaged structure) 𝜙௜௖ The modal components of ith mode shape (extracted 
from the FEM damaged structure) 

nm mode shapes number 
β  weighting factor for mode shape variation 
n  count of measured modes 
x  input layer neurons 
g  premise function in the hidden layer process data from 

the input layer 
y  final output from RBF neural network 
cj  a center vector with the same size as x 
σ  neural sensitivity regulator component ‖𝑥 −𝑐௝ฮଶ the Euclidean distance between x and cj 

ω = (ωjk) n×p     network weight vector for output neurons 
b  the output neurons’ offset matrix 
f(u) the optimized objective function for Jaya algorithm 
um a few solutions produced at random for Jaya algorithm 

(m is the population density) 
ubest best solution analyses by f(u) 
uworst worst solution analyses by f(u) 
u(j,k) solution space’ absolute value 
uj,best in the population, variable j represents the best member 
uj,worst in the population, variable j represents the worst 

member 
vj,k modified value for uj,k 
r1,j, r2,j arbitrary constants between [0, 1] in ith cycle for jth 

variable 𝑦஽೑  simulated value for frequency 𝑦஽௠ simulated value for mode shapes 
yf   individual measured values for frequency 
ym  individual measured values for mode shapes 
Nf  set of observations for frequency 
Nm set of observations for mode shapes 
MAE  mean absolute error 
RMSE  root mean square error 
R  correlation coefficient 𝑦஽ individual calculated value 𝑦஽തതതത  average of the calculated values 
y  individual values (measured quantities) 𝑦ത  average value (measured quantities) 

 
 
N  the set of observations 
F  foundation part of Arch dam foundation system 
D  dam part of Arch dam foundation system 
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