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Abstract: Ensuring the structural integrity of
beam-like structures is vital for civil and mechanical
engineering. However, reliable structural health
monitoring (SHM) faces significant challenges due to
the scarcity of real-world damage data and the
difficulty of predicting damage parameters (width and
depth) in unseen scenarios. This study proposes a
robust hybrid framework that integrates the Finite
Element Method (FEM), the Rational Fraction
Polynomial (RFP) experimental method, and Artificial
Neural Networks (ANN) to predict the characteristics
of saw-cut damage in steel beams. A comprehensive
dataset was generated via FEM and validated
against experimental measurements to bridge the
gap between simulation and reality. Two distinct ANN
architectures were investigated: a data-driven
optimized model (ANN_1) and a theory-based
shallow network (ANN_2). Notably, the study reveals
a dual contribution: while ANN_1 excels in multi-
parameter characterization of location, width, and
depth, the shallow ANN_2 model achieves
comparable accuracy for location-only prediction (
R2>0.97) at a fraction of the computational cost,
thereby supporting a tiered deployment strategy for
practical SHM  applications. Furthermore,
permutation importance analysis reveals that the first
natural frequency (F1) is the dominant feature for
location and width, whereas the second natural
frequency (F2) is critical for depth estimation. Overall,
the proposed approach provides an efficient and
reliable solution for real-world SHM applications,
particularly in scenarios where structural conditions
are unpredictable.

Keywords: Structural Health Monitoring, Steel
Beams, Finite Element Method, Artificial Neural
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Tém tat; Viéc dam bao tinh toan ven két cdu cua
cac cau kién dang ddm la cuc ky quan trong trong ky
thuat dan dung va co khi. Tuy nhién, cbng tac giam
sét strc khée két cau (SHM) dang déi mat véi nhilng
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thach tharc 16n do sw khan hiém dé liéu hw hai thuc
té va dé kho trong viéc dw doan cac tham sé hinh hoc
(chiéu réng va chiéu sau) trong cac kich bén chua
biét. Nghién ciru nay dé xuat mét khung lam viéc hén
hop manh mé, tich hop phuong phap Phén tdr hitu
han (FEM), phuwong phap thuc nghiém Rational
Fraction Polynomial (RFP) va mang than kinh nhan
tao (ANN) dé dw doén dic diém vét cét cua trong
dam thép. M6t bo di liéu toan dién da duoc tao ra
théng qua FEM va duoc kiém chung bang cac phép
do thuc nghiém nham thu hep khodng céach gita md
phdng va thuc té. Hai céu tric ANN khéc nhau da
dwoc nghién ciru: mé hinh téi vu héa dua trén di liéu
(ANN_1) va mang nong dwa trén ly thuyét (ANN_2).
Két qua cho thdy méac du cg hai mé hinh déu hoat
déng dang tin cay trong viéc xac dinh vj tri hw hai—
trong d6 mang néng ANN_2 vén cung cép dé chinh
x4c dd dung cho nhiém vu cu thé nay—nhung
ANN_1 vuwrot troi hon hdn ANN_2 trong viéc dw doan
cac tham sé hinh hoc phdc tap (chiéu réng va chiéu
sau). Pang chu y, nghién ctu nay cho thdy déng gép
kép: trong khi ANN_1 vuwot tréi trong viéc mo ta da
tham sé vé vij tri, chiéu réng va chiéu sau, md hinh
ANN_2 don gidn hon dat dwoc dd chinh xac twong
dwong cho dw doan chivijtri (R2>0,97) véi chi phi tinh
toan thap hon nhiéu, tir dé hé tro chién lwoc trién khai
theo cép bac cho cac ing dung SHM thuc té. Hon
nika, phan tich tdm quan trong cua déc trung
(permutation importance) cho thdy tén sé dao déng
tw nhién th nhét (F1) Ia dac trung chd dao dé xéac
dinh vj tri va chiéu réng, trong khi tdn sé dao déng tw
nhién ther hai (F2) déng vai tro then chét trong viéc
woc tinh chiéu sau. Phuong phap dé xuét cung cép
mét gidi phap hiéu qua va dang tin cdy cho céac tng
dung SHM thuc té, dic biét |a trong cac kjch bdn ma
diéu kién két cdu khong thé du doan truéc.

T khoa: Giam sat surc khée két cdu, dam thép,
phuong phap phéan t& hdu han, mang than kinh nhan
tao, dac tinh héa huw hai, kha ndng téng quét hoa.

1. Introduction

Beams are key structural members that are
extensively employed in civili and mechanical
engineering applications. The detection and
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evaluation of damage in beam-like structures are vital
for maintaining safety and ensuring proper
functionality. Over the years, numerous analytical
and numerical techniques have been proposed for
crack identification in beams. Early investigations by
Yang, Swamidas [22] and Swamidas, Yang [19]
utilized classical beam theories together with energy-
based formulations to detect cracks in vibrating
systems. Subsequently, vibration-based approaches
have attracted considerable attention due to their
non-destructive characteristics and their high
sensitivity to structural modifications. Several
studies, such as those by Gillich, Praisach [8], Zhou,
Maia [24] Gillich, Furdui [7] Zhou, Maia [23] and
Vu[20, 21] demonstrated that variations in modal
properties, particularly natural frequencies, can serve
as effective indicators of structural damage.

In recent vyears, machine learning (ML)
techniques have become increasingly prominent in
structural health monitoring (SHM), offering data-
driven solutions that eliminate the need for explicit
physical modeling. Various ML methods have been
applied to crack detection problems. For example,
Samir, Idir [16] employed genetic algorithms to locate
damage based on frequency variations, while
Ghadimi and Kourehli [6] utilized modified extreme
learning machines to accurately identify crack
positions. Artificial Neural Networks (ANNs) are
especially popular due to their ability to approximate
complex nonlinear relationships. For instance, Lee,
Kim [12] applied ANN models for crack detection in
pipelines, whereas Mortazavi and Ince [13]
developed ANN-based approaches for predicting
fatigue crack growth. More recent works have
combined ANN with modal analysis and numerical
simulations to improve predictive capability, as
reported by Gillich, Tufisi [9], Seguini, Djamel [17]. In
addition, hybrid techniques that integrate
optimization algorithms with machine learning
models, such as those presented in [18] and Cuong-
Le, Nghia-Nguyen [5] have shown enhanced
performance in complex damage identification
scenarios.

Despite these advancements, a significant
challenge in ML-based damage detection is the
limited availability of reliable training data. In practical
applications, monitoring data typically correspond to
normal operating conditions or minor damage cases,
whereas severe damage scenarios are rarely
recorded. This imbalance makes it difficult to
construct comprehensive datasets for training robust
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ML models. Moreover, important fracture-related
parameters, such as stress intensity factors and
crack propagation characteristics, are often difficult to
be measured directly in real structures.

To overcome this limitation, numerical modeling
approaches—especially the Finite Element Method
(FEM)—have been extensively employed to produce
synthetic datasets that capture a wide range of
damage conditions. It has been demonstrated from
previous research works that FEM is capable of
accurately representing structural responses and
supplying dependable input data for machine
learning applications (Khatir and Wahab [11] and
Khatir, Khatir [10]). Furthermore, when integrated
with experimental identification techniques such as
the Rational Fraction Polynomial (RFP) method,
FEM-based models can be systematically validated
and calibrated, thereby enhancing their predictive
accuracy.

In the present study, the term “damage”
specifically refers to saw-cut (notch-like) damage
represented by localized stiffnress and mass
reduction in steel beams, and does not include other
structural failure mechanisms such as local or global
buckling. Although substantial advancements have
been achieved in vibration-based damage detection
and the application of machine learning techniques,
several important challenges remain unresolved. To
begin with, many studies depend largely on datasets
generated either from numerical simulations alone or
from a limited number of experimental observations,
which may not adequately capture the full variability
and complexity encountered in real structures. In
addition, model performance is often assessed using
datasets where training and testing samples follow
similar statistical distributions, making it difficult to
evaluate true generalization capability. Notably, the
ability of models to identify damage at entirely new
and previously unobserved locations—an essential
requirement for practical structural health
monitoring—remains insufficiently explored. This
limitation can be addressed by constructing more
rigorous evaluation strategies; for example, reserving
a subset of data that includes unseen damage
locations and extrapolation cases—such as 40
testing scenarios, including entirely new locations
and 10 cases with width and depth values exceeding
the training range—provides a more realistic
assessment of model performance. Moreover, while
theoretical work has established the approximation
power of shallow neural networks, there is a lack of
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comprehensive comparisons between theory-guided
model configurations and data-driven optimization
strategies in complex engineering contexts. These
gaps underscore the necessity of developing an
integrated framework that incorporates validated
numerical modeling, experimental validation, and
rigorous testing on unseen scenarios to ensure both
accuracy and robustness in damage prediction.

Building on the considerations outlined above,
this study offers several key contributions to the field
of structural health monitoring. First, it proposes a
hybrid framework that combines experimental modal
analysis using the Rational Fraction Polynomial
(RFP) method, numerical modeling via the Finite
Element Method (FEM), and Artificial Neural
Networks (ANN) to achieve robust damage
identification in beam structures. Second, a
comprehensive dataset is constructed through FEM
simulations and subsequently validated with
experimental measurements, thereby mitigating the
challenge of limited real-world data availability. Third,
two ANN architectures with distinct design
philosophies are systematically examined, namely a

data-driven optimized model (ANN_1) and a theory-
guided shallow network (ANN_2), enabling a
comparative assessment of different model
development strategies. Finally, the proposed
framework is rigorously tested on a dataset
composed entirely of previously unseen damage
locations, demonstrating the strong generalization
performance and practical relevance of the optimized
ANN model.
2. Natural frequencies are obtained by employing
both the Rational Fraction Polynomial (RFP)
approach and Finite Element Method (FEM)
simulations
2.1 Estimation of natural frequencies in steel
beams using the Rational Fraction Polynomial
(RFP) method

The experimental study was carried out on steel
cantilever beams with rectangular coss-section with
geometric dimensions of 1005 mm in length, 42 mm
in width, and 10 mm in height. The material
characteristics of the beams include a Young’'s
modulus of 200 GPa and a mass density of 7850
kg/m3 (see Table 1).

Table 1. Geometric and material characteristics of the steel beam

No. Parameter Unit Value
1 Structural length mm 1005
2 Cross-sectional height mm 10
3 Cross-sectional width mm 42
4 Mass density kg/m3 7850
5 Modulus of elasticity GPa 200

A localized defect was introduced by machining a
notch with dimensions of 2 mm in width and 5 mm in
depth, positioned 220 mm from the fixed support, as
shown in Figure 1. The natural frequencies of the beam,
in both intact and damaged states, were determined
through impact-based modal testing. Five PCB
piezoelectric accelerometers were used to record the
dynamic response signals, with their added mass
considered negligible. Data acquisition and processing
were conducted using B&K Connect™ software, while
modal parameters were identified through the Rational
Fraction Polynomial (RFP) method implemented within
the software. The extracted natural frequencies are
summarized in Table 2.

’I

220 mm

1005 mm

42 mm |

Figure 1. Laboratory setup for experimental testing of the
cantilever beam

Table 2. Natural frequencies of the cantilever beam determined through experimental measurements

No Damage location Natural frequency (Hz)
) X0 (mm) d (mm) Mode 1 Mode 2 Mode 3 Mode 4
Undamaged - - 7.769 48.366 137.350 277.269
Damaged 220 5 7.767 48.365 137.339 277.240
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2.2 Finite Element Method (FEM)-based analysis for
identifying the natural frequencies of a steel beam

While the Finite Element Method (FEM) is widely
utilized for modeling cracks, reproducing realistic
crack conditions in laboratory experiments remains
challenging. In practice, some studies approximate
cracks in beam specimens by using saw-cut notches
[17, 18], however, such approaches do not fully
replicate the behavior of actual cracks. In contrast to
saw-cuts, real cracks primarily modify the cross-
sectional stiffness of the beam without significantly
altering its mass, and their geometry is often difficult
to characterize precisely. Consequently, to ensure
better consistency between numerical simulations
and experimental observations, this study employs

saw-cuts as a practical representation of beam
damage within the FEM framework.

e
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Figure 2. FEM-based n{odeling of the beam structure
including a saw-cut damage feature

Table 3. Intrinsic material and physical parameters of the undamaged structure

No Natural frequencies determined via _the Rational Fraction Polynomial Finite element method Error
) (RFEP) technique (Hz) (Hz) (%)

1 7.769 7.780 0.15
2 48.366 48.737 0.77
3 137.35 136.378 0.71

Table 4. Physical Properties of the damaged structure

No Natural frequencies determined via the Rational Fraction Polynomial Finite element method Error
) (RFEP) technique (Hz) (Hz) (%)

1 7.767 7.767 0.00
2 48.365 48.739 0.77
3 137.339 136.295 0.76

A finite element model was constructed in Ansys
using three-dimensional elastic beam elements, as
illustrated in Figure 2. The mesh was carefully refined
to enable accurate representation of the saw-cut
defect and to closely match the experimentally
measured natural frequencies. It was found that
discretizing the beam into 20,100 elements yielded the
most accurate results. The numerical predictions
exhibited strong agreement with the experimental data

for both intact and damaged conditions, as
summarized in Table 3 and Table 4. In this
experiment, the oscillation parameters were

determined using the Rational Fraction Polynomial

(RFP) method integrated into the software. The RFP
method is primarily used in the step of identifying
modal parameters from FRF (Frequency Response
Function) data, then monitoring changes in natural
frequencies, damping ratios, and mode shapes to infer
the likelihood of structural damage or stiffness
degradation. Essentially, it's a frequency-domain
curve fitting technique, approximating the measured
FRF using a rational function whose numerator and
denominator are polynomials in the
frequency/complex variable. The poles of the
denominator provide modal information, while
residue/modal constants relate to the mode shape[14].

Table 5. Database developed using Finite Element Analysis (FEA)

No Damage Crack Width Crack Depth Natural frequencies
" | Location (mm) (mm) (mm) Mode 1 (Hz) | Mode 2 (Hz) | Mode 3 (Hz)
1 10 2 5 7.749 48.221 137.000
2 20 2 5 7.748 48.226 137.037
3 30 2 5 7.749 48.240 137.095
4 40 2 5 7.750 48.253 137.150
5 50 2 5 7.751 48.266 137.198
22 220 2 5 7.767 48.365 137.339
23 230 2 5 7.762 48.368 137.281
24 240 2 5 7.762 48.368 137.266
25 250 2 5 7.763 48.367 137.252
26 260 2 5 7.763 48.365 137.239
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No Damage Crack Width Crack Depth Natural frequencies
" | Location (mm) (mm) (mm) Mode 1 (Hz) | Mode 2 (Hz) | Mode 3 (Hz)
294 960 4 5 7.781 48.395 137.437
295 970 4 5 7.781 48.399 137.452
296 980 4 5 7.782 48.402 137.468
297 990 4 5 7.782 48.406 137.486
298 0 0 0 7.769 48.366 137.350
434 514 2 13 7.761 47.953 137.350
435 614 2 13 7.770 47.996 136.632
436 714 2 13 7.776 48.150 136.061
437 814 2 13 7.779 48.299 136.594
438 914 2 13 7.782 48.380 137.301
Table 6. Distribution and bounds of variables in the training dataset
No. Variable unit | count max min

1 Location mm 398 995 0

2 width mm 398 4 0

3 depth mm 398 9 0

4 Mode 1 Hz 398 7.782 7.706

5 Mode 2 Hz 398 48.406 47.999

6 Mode 3 Hz 398 137.486 136.424

To represent beam damage, the elements Although the dataset comprising 398 training

associated with the saw-cut region were removed
from the model (Figure 2). Intotal, 438 damage cases
were generated, of which 398 cases (No. 1-398)
were used for training the machine learning models.
The remaining 40 cases were reserved for testing,
including scenarios with entirely new damage
locations and 10 cases featuring width and depth
values beyond the range of the training dataset
(Table 7). The training dataset was initially produced
using the FEM approach, while machine learning
models were subsequently employed to predict
damage characteristics based on natural frequencies
obtained via the RFP method. Due to systematic
differences between the frequencies computed by
FEM and those identified through RFP, the FEM
results were corrected using the average deviation
observed in both intact and damaged conditions. The
adjusted natural frequencies for each damage
scenario are summarized in Table 5.

samples and 40 testing samples may appear modest
by deep learning standards, it is well-suited to the
present low-dimensional regression problem, which
involves only three input features (F4, F,, F3) mapped to
three output targets. The resulting sample-to-feature
ratio (= 133:1) substantially exceeds conventional
thresholds for regression modeling. Furthermore, since
the dataset is generated through a validated FEM
model, it is free from measurement noise, enabling the
ANN to learn the underlying physical relationships
efficiently. The test set was intentionally designed to
include unseen spatial locations and 10 out-of-
distribution cases with width and depth values
exceeding the training range, thereby providing a
rigorous evaluation of model extrapolation rather than a
routine interpolation test. Table 6 summarizes the
ranges of variables within the dataset, which play a
critical role in the prediction process as they establish
the operational limits of the model.

Table 7. Distribution and bounds of variables in the testing dataset

No. Variable unit count max min
1 Location mm 40 995 0
2 width mm 40 6 0
3 depth mm 40 13 0
4 Mode 1 Hz 40 7.782 7.706
5 Mode 2 Hz 40 48.406 47.953
6 Mode 3 Hz 40 137.486 136.061

3. Construction of the artificial neural network
(ANN) model

The machine learning models developed in this
study were implemented in Python (version 3.11.0)
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using the Scikit-learn library. The input features
consisted of natural frequencies corresponding to
three vibration modes, while the predicted outputs
represented the geometric parameters of the saw-
cut, including its location, width, and depth.
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3.1 Data preprocessing and partitioning for the
development of the model

The dataset was divided into training and testing
subsets for the purposes of model development and
performance evaluation. Before training, all input and
output variables were normalized to the range [0, 1]
to ensure uniform scaling and balanced influence
during the learning process. The normalization
applied to each variable is expressed as:

max min
where Xmax and Xmin denote the maximum and
minimum values of each variable x, respectively.

3.2 Evaluation of the predictive performance and
accuracy of the model

The selection of suitable evaluation metrics is
critical for assessing machine learning models,
particularly in regression tasks. Among the most
commonly used indicators are the coefficient of
determination (R%) and the mean squared error
(MSE). The R2 metric, which ranges from 0 to 1,
quantifies the proportion of variance in the target
variable that is captured by the model, with higher
values reflecting stronger explanatory capability.
However, it can sometimes yield overly optimistic
interpretations in the case of highly complex models.
In contrast, MSE measures the average of the
squared differences between predicted and actual
values, where lower values indicate better predictive
accuracy and a greater sensitivity to large errors.
Considering both R2 and MSE together provides a
more comprehensive and balanced evaluation of
model performance.

Xy Wy

In this formulation, Yi represents the observed
values, yi denotes the predicted outputs, and Y
represents the average of the observed dataset.

3.3 Artificial Neural Network Models

Artificial neural networks (ANNSs) are data-driven
computational frameworks inspired by the
architecture and operation of the human brain. Like
traditional statistical methods, they aim to model the
relationship between input and output variables.
However, instead of relying on predefined equations,
ANNSs learn these relationships directly from data.
This enables them to effectively represent complex
nonlinear behaviors and uncover underlying patterns,
leading to enhanced predictive capability.

In this study, a multilayer feedforward neural
network was employed and trained using the
backpropagation algorithm, as introduced by
Rumelhart, Hinton [15]. The network consists of
interconnected computational units, known as
neurons, which are connected via weighted links.
These neurons are arranged in a series of layers,
including an input layer, one or more hidden layers,
and an output layer. This layered architecture
facilitates effective information flow from inputs to
outputs and strengthens the model’s ability to learn
complex patterns within the data.

The overall structure and functioning principles of
artificial neural networks (ANNSs) are well established
in the literature. As depicted in Figure 3 (adapted
from Shahin [4]), each neuron receives input signals
(x;) from the previous layer, which are scaled by
corresponding connection weights (wj;) and then
summed. A bias term (6;) is added to this weighted
sum (I;). The resulting value is subsequently
processed through a nonlinear activation function f(:
), , typically a sigmoid or hyperbolic tangent function.
This transformation produces the output (y;) allowing
the network to capture complex and nonlinear
relationships between inputs and outputs.

X1 wj

yi=0

n
IJ — 0]' = Zw]',xi
=1
Unit Operation
Neuron Model

Figure 3. Architecture and computational principles of artificial neural networks (Al-generated illustration)
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The training of the multilayer feedforward network
starts with the initialization of model parameters, as
illustrated in Figure 3. A learning algorithm is then
employed to produce the network outputs, followed
by iterative adjustments of the weights and biases to
reduce the difference between predicted and target
values. This optimization procedure continues until a
specified convergence condition or acceptable error
level is reached. After the training phase, the model
is validated using an independent test dataset to
evaluate its generalization performance. A detailed
overview of ANN development procedures is
provided by Maier and Dandy [3].

The choice of network architecture and
hyperparameter configuration plays a critical role in
ensuring robust model performance. Important
considerations include the number of hidden layers
and neurons, which govern the model's ability to
capture complex patterns, and the learning rate,
which affects both convergence behavior and training
stability. A proper balance among these factors is
necessary to prevent underfitting or overfitting.
Furthermore, the number of training epochs should
be selected carefully to allow adequate learning while
preserving generalization capability. In the absence
of universal design rules, the optimal setup is typically
determined through systematic experimentation and
comparative evaluation across different network
configurations.

To evaluate the predictive performance of
artificial neural networks for the problem under
consideration, two ANN models with differing levels
of complexity were developed and compared. The
first model (ANN_1) was configured using a data-
driven hyperparameter optimization strategy to
maximize predictive accuracy and generalization
capability. In contrast, the second model (ANN_2)
was designed based on theoretical principles
associated with shallow neural networks. According
to the universal approximation theorem introduced by
Hornik, Stinchcombe [2], a feedforward network with
a single hidden layer is capable of approximating any
continuous function, provided that a sufficient
number of neurons and appropriate weights are
used. Furthermore, Caudill [1] proposed that for a
network with 1ll input variables, an effective
architecture may be obtained using approximately
21+1 neurons in the hidden layer. Guided by these
theoretical insights, ANN_2 is employed as a
baseline model with a simpler structure, allowing for
a systematic comparison between theory-based
design and data-driven optimization approaches,
particularly in the context of predicting responses at
new and previously unseen locations.

Tap chi KHCN Xay dung - s6 2/2026

a) Model ANN_1

To determine the optimal network configuration
for ANN_1, a comprehensive hyperparameter
optimization process was conducted using the
Random Search method via the Keras Tuner
framework. The search space was defined with a
wide range to ensure global exploration, including the
number of hidden layers (1 to 5), the number of
neurons per layer (96 to 3104), dropout rate (0.0 to
0.5), and learning rate (1x107* to 5x1072).

The Rectified Linear Unit (ReLU) activation
function was employed for hidden layers to facilitate
non-linear feature extraction, while the hyperbolic
tangent (tanh) function was utilized in the output layer
for target normalization. The Adam optimizer was
selected for its adaptive learning rate properties,
supplemented by early stopping and learning rate
reduction on plateau strategies to ensure stable
convergence and prevent overfitting.

Training Convergence Behavior. The training and
validation loss curves for the optimized ANN_1 model
are illustrated in Figure 4. Both curves exhibit a sharp
initial decline, followed by a steady, monotonic
decrease toward low MSE values. The proximity and
parallel trajectory of the two curves suggest a high
degree of generalization. The dotted vertical line
identifies the best epoch (approximately epoch 385),
where the validation loss reached its minimum. The
absence of significant divergence or oscillations
confirms that the model achieved a stable balance
between bias and variance.

—— Training Loss
Validation Loss

0 100 200 300 400
Epoch

Figure 4. Training and Validation loss vs Epoch (ANN_1)

Influence of the Number of Hidden Layers. The
impact of network depth on validation MSE is visualized
using boxplots in Figure 5). The analysis shows that
models with two and three hidden layers achieved the
lowest median MSE and demonstrated high stability.
Single-layer architectures and deeper configurations (4
to 5 layers) exhibited higher variance and, in several
cases, significantly higher outlier errors (MSE > 0.2),
indicating a higher risk of underfitting or unstable
optimization. While a 2-layer setup appears to be a local

optimum in this single-factor analysis, the global
optimization process reveals that a three-layer
31
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configuration provides superior performance when
integrated with specific unit counts and dropout rates.

(e}

@ 8

Validation MSE

N .

1 2 3 3 5
Number of Hidden Layers

Figure 5. Influence of the number of hidden layers on
ANN_1 performance

Influence of the Number of Hidden Units. Figure
6 displays the distribution of validation MSE relative
to the total number of hidden units across all layers.
The results indicate that the most accurate models
are distributed within the range of 1000 to 3000 total
units, as well as a cluster around 8000 units. This

96 -

Hidden Units (Layer 0)
o
2
B
i
|
|

Figurem
Influence of the Learning Rate. The sensitivity of
ANN_1 to the learning rate is analyzed in Figure 8.
The scatter plot (Figure 8b) on a log scale reveals
that stable and high-performing models are
exclusively found within the narrow window of 1x107
to 1x1073. Beyond a learning rate of 2x1073, the
validation @ MSE increases dramatically to
approximately 0.23, indicating a total failure of the
convergence process. The grouped analysis in
Figure 8a confirms that the optimal learning rate is
2.2x107%, which provides the best compromise
between convergence speed and error minimization.

Interaction of Hyperparameters and Optimal
Configuration. The findings highlight that the model’s
efficacy is a result of the complex interaction between
depth, capacity, and regularization. Although the
parametric study of layers (Figure 5) showed strong
performance at two layers, the global search
identified a 3-hidden-layer architecture as the final
optimal solution. This underscores the necessity of
multi-dimensional tuning to capture the non-linear
dependencies between hyperparameters.
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7. Heatmap for Units (Iayé‘r 0) vs Learning Rate vs MSE (ANN_1)

suggests that while moderate complexity is sufficient,
the model can effectively utilize higher capacity if
properly regularized. The heatmap in Figure 7 further
refines this observation by focusing on the first
hidden layer (Layer 0). The optimal performance
zone is identified at 1824 units in the first layer
combined with a low learning rate, achieving a
minimum validation MSE of 0.00022.

[} o on ® ® ® e ® ®

Validation MSE

°
..
¢ 0%, 0 G o0 eoe%® ® e® °

2000 4000 6000 8000 10000
Total Hidden Units (sum across layers)

Figure 6. Influence of total hidden units on ANN_1
performance
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Based on the Keras Tuner results, the final
optimal configuration for ANN_1 is summarized as
follows: Number of Hidden Layers = 3; Neuron counts
=[1824, 3168, 3104]; Dropout rates = [0.1, 0.2, 0.1];
Learning rate = 2.2x107.

Given the relatively high capacity of ANN_1
(totaling 8,096 neurons across three hidden layers),
several complementary regularization mechanisms
were employed to prevent overfitting: (i) Dropout layers
with rates of [0.1, 0.2, 0.1] were inserted between
hidden layers to act as stochastic regularizers; (ii) a
conservative learning rate of 2.2x10™ was selected
through systematic hyperparameter search to ensure
smooth convergence; (i) Early Stopping was applied to
terminate training when the validation loss ceased to
improve  (best epoch = 385); and (iv)
ReduceLROnPlateau was used to adaptively reduce
the learning rate during plateaus. Collectively, these
strategies constrain the effective model capacity and

ensure that the network learns generalizable
representations rather than memorizing training
samples.

Tap chi KHCN Xay dung - s4 2/2026



KET CAU - CONG NGHE XAY DUNG

(a) Min MSE per LR group

(b) All trials (log scale)

@ 8estin=22e08

I~ o o
=) & 2

Validation MSE

o
e

o.

Validation MSE

OO A0

- Min MSE per group

Learning Rate

Figure 8. Influence of the learning

b) Model ANN_2

In contrast to the data-driven optimization of
ANN_1, the development of ANN_2 followed a more
structured, theory-based approach, focusing on a
single-hidden-layer architecture. To ensure a robust
evaluation of this shallower network, a systematic
parametric study was performed, varying the number
of hidden nodes and the learning rate across a broad
spectrum to identify the optimal configuration for
damage detection.

Influence of the Number of Hidden Nodes. The
sensitivity of ANN_2 to its hidden layer capacity was
investigated by varying the number of neurons from
32 to 3072. As illustrated in Figure 9, the validation
MSE exhibits a consistent downward trend as the
number of nodes increases. A significant
improvement in predictive accuracy is observed
when transitioning from a very small number of nodes
(32-64) to moderate counts (128-512), where the
MSE drops from approximately 0.0263 to 0.0159.
Beyond 1024 nodes, the error curve continues to
decline but at a much lower rate, indicating a state of
diminishing returns. The lowest validation error was
achieved at the maximum surveyed capacity of 3072
nodes, suggesting that despite its shallow structure,
ANN_ 2 benefits significantly from a high-dimensional
feature mapping in the hidden layer.

Influence of the Learning Rate. The impact of the
learning rate on the convergence of ANN_2 is
presented in Figure 10. The model demonstrates
high sensitivity to this parameter, with the MSE
decreasing sharply as the learning rate increases
from 1x107™* to 1x1072. A learning rate that is too
conservative (1x107*) resulted in a relatively high
validation error (MSE = 0.0389), likely due to
incomplete convergence within the allotted epochs.
The performance reached its peak at a learning rate
of 1x1072, achieving the minimum error of 0.01458.
However, a further increase to 5x1072 led to a slight
rise in MSE (0.01622), signaling the onset of
stochastic oscillations near the global minimum.
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Heatmap Analysis and Interaction Effects. The
joint influence of hidden nodes and learning rate is
visualized in the heatmap in Figure 12. The analysis
reveals a clear “optimal corridor” where high neuron
counts are paired with moderate-to-high learning
rates (5x1073 to 1x1072). Notably, the heatmap
identifies a catastrophic failure zone at the highest
surveyed learning rate (5x1072) for node counts
above 192, where the MSE jumps to approximately
0.2278. This indicates that for larger networks,
excessively high learning rates prevent the optimizer
from finding a stable solution. The global best
configuration for ANN_2 within this grid search was
found at 2048 nodes with a learning rate of 1x1072,
yielding an optimal MSE of 0.0149.

Training Convergence Behavior. The training and
validation loss curves for the optimized ANN_2 model
are shown in Figure 11. The model exhibits a very
smooth and stable convergence path, with both
training and validation losses decreasing rapidly
within the first 50 epochs and stabilizing thereafter.
The gap between the two curves is exceptionally
narrow, and the validation loss remains remarkably
smooth without the transient spikes observed in
deeper models. This behavior suggests that the
single-layer architecture of ANN_2, when properly
configured with sufficient neurons and an optimal
learning rate, provides a very stable and well-
generalized predictive framework, reaching its best
performance at approximately epoch 300.

Optimal Configuration Summary. Based on the
parametric analysis and heatmap evaluation, the final
architecture for ANN_2 was determined to be a
single-hidden-layer network with 2048 hidden nodes.
The model was trained using the Adam optimizer with
a learning rate of 1x1072. This configuration allows
ANN_2 to achieve a high degree of predictive
accuracy while maintaining the simplicity and
computational efficiency characteristic of shallow
neural networks.
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4. Results and discussion

Table 8. Statistical Metrics Performance for Training Data (train)

Model Location_R? Location_MSE Width_R? Width_MSE Depth_R? Depth_MSE
ANN 1 0.9970 244.1290 0.7755 0.1711 0.9155 0.2602
ANN 2 0.9891 898.6354 0.2369 0.5818 0.8413 0.4883
Table 9. Statistical Metrics Performance for Testing Data (test)
Model Location_R? Location_MSE Width_R? Width_MSE Depth_R? Depth_MSE
ANN 1 0.9889 914.0738 0.4729 1.0543 0.7019 2.3849
ANN 2 0.9728 2240.4635 0.0650 1.8701 0.6067 3.1465
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Figure 14. Comparison of Predicted and Measured of two Model for Testing Data

Prior to evaluating the predictive performance, it
is important to verify that the trained models do not
suffer from overfitting, particularly considering the
high parameter count of ANN_1. Several diagnostic
indicators confirm that overfitting did not occur. First,
the loss curves shown in Figures 4 and 11
demonstrate smooth and monotonic convergence,
with a narrow and stable gap between the training
and validation losses throughout the training process.
The absence of divergence between these curves
indicates that the models learned generalizable
patterns rather than memorizing the training data.
Second, the train—test performance consistency
further supports this conclusion. For the damage
location target, ANN_1 achieved R? = 0.9970 on the
training set and R?2 = 0.9889 on the test set,
corresponding to a very small gap of only 0.0081,
which indicates strong generalization capability.
Although larger gaps were observed for width and
depth, these differences are primarily due to the
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intentionally challenging out-of-distribution test
samples rather than overfitting. Third, comparison
with  ANN_2, a shallow baseline network with
substantially fewer parameters, provides additional
evidence. ANN_2 consistently produced lower
prediction accuracy on the test set across all three
targets. If ANN_1 were overfitting, the lower-capacity
ANN_2 would be expected to generalize better on
unseen data; however, this behavior was not
observed. Therefore, the superior performance of
ANN_1 suggests that its additional network capacity
improved representational learning instead of
causing memorization. Overall, these findings
demonstrate that the adopted regularization
strategies, including Dropout, Early Stopping, and a
conservative learning rate, were effective in
controlling overfitting, and the reported test results
reflect genuine generalization performance.

The predictive performance of the two ANN-
based models was evaluated using statistical metrics
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and predicted—measured comparisons on both the
training dataset (Table 8 and Figure 13) and a more
challenging testing dataset (Table 9 and Figure 14).
Notably, the test set consists of 40 scenarios,
including entirely unseen damage locations and 10
cases where the width and depth exceed the range
observed in the training data. This design introduces
both spatial extrapolation and out-of-distribution
(OOD) conditions, providing a rigorous assessment
of model generalization.

Across all targets, ANN_1 consistently
outperforms ANN_2, achieving higher R? and lower
MSE in both training and testing phases. The
performance gap becomes particularly evident under
the challenging test conditions, confirming the
superior robustness of ANN_1 when dealing with
unseen and extrapolated scenarios.

Both models demonstrate strong capability in
predicting damage location, even under unseen
conditions. On the training set, ANN_1 achieves R2=
0.9970, slightly outperforming ANN_2 (R?=0.9891).
This trend remains consistent on the test set, where
ANN_1 maintains R2=0.9889, compared
to R?=0.9728 for ANN_2. The scatter plots (Figure 13
and Figure 14) show that predictions from both
models align closely with the ideal line y=x, indicating
that location is a relatively well-conditioned output.
Importantly, even for entirely new spatial positions,
both models retain high accuracy, suggesting that the
relationship between natural frequencies and
damage location is sufficiently smooth and learnable.

Although  ANN_1 achieves slightly higher
accuracy, its improvement in location prediction is
relatively small (AR? = 0.0161 on the test set)
compared with its much higher computational cost.
Therefore, when the main objective is only damage
localization, ANN_2 may be a more practical choice
because it provides good accuracy with lower
computational demand. However, when the objective
includes predicting damage geometry, such as width
and depth, ANN_1 becomes more suitable due to its
stronger learning capability and better performance
under extrapolation conditions. These results
suggest that ANN_2 is appropriate for efficient
damage localization tasks, while ANN_1 is preferable
for more detailed damage characterization in
Structural Health Monitoring applications.

Width prediction presents a significantly more
challenging task, especially under the test conditions
where some samples exceed the training range. On
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the training data, ANN_1 achieves a moderate fit
(R2=0.7755), whereas ANN_2 performs poorly
(R?=0.2369). Under testing conditions, which
include out-of-range width values, the performance
of both models deteriorates, but the degradation is far
more severe for ANN_2. Specifically, ANN_1
achieves R?=0.4729, while ANN_2 drops sharply
to R?=0.0650, indicating near-random predictions.
Figure 14 clearly shows that ANN_2 outputs are
clustered and fail to follow the increasing trend,
reflecting its inability to extrapolate beyond the
training domain. In contrast, ANN_1 still captures
partial trends, although with noticeable dispersion,
highlighting its relatively better extrapolation
capability.

A similar pattern is observed for depth prediction.
On the training set, ANN_1 achieves R?=0.9155,
outperforming ANN_2 (R?=0.8413). On the test set,
which includes depth values beyond the training
range, ANN_1 retains a reasonable predictive
performance (R2=0.7019), while ANN_2 drops
to R?=0.6067. The scatter plots indicate that ANN_2
predictions exhibit higher bias and reduced spread,
particularly for larger depth values, suggesting
difficulty in capturing nonlinear scaling behavior.
ANN_1, although affected by extrapolation,
maintains a closer alignment with the ideal trend,
demonstrating stronger generalization.

The inclusion of new spatial locations and out-of-
range width and depth valuesin the test set
significantly increases the difficulty of the prediction
task. These conditions require the models not only to
interpolate within the learned domain but also
to extrapolate beyond it. The results clearly indicate
that ANN_1 is more robust to both spatial and
parametric extrapolation, whereas ANN_2, due to its
limited representational capacity, struggles to
generalize under such conditions. The performance
degradation observed in ANN_2, particularly for
width, highlights its sensitivity to distribution shifts.

In summary, ANN_1 demonstrates superior
performance across all targets and maintains greater
robustness under challenging testing conditions
involving unseen locations and out-of-distribution
values. While ANN_2 performs adequately for
simpler tasks such as location identification, it
exhibits significant limitations in capturing complex
nonlinear relationships required for accurate width
and depth prediction. Notably, both ANN_1 and
ANN_2 achieve comparable accuracy in predicting
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damage location; however, ANN_1 consistently
outperforms ANN_2 in estimating crack width and
depth. This suggests that for tasks limited to location
identification, a shallow neural network may still
provide sufficient accuracy. These findings confirm
that the data-driven, optimally tuned ANN_1 model is
more suitable for reliable multi-parameter damage
characterization, especially in scenarios involving
extrapolation beyond the training dataset.

5. Feature Importance
Permutation Method

Analysis  using
To gain deeper insights into the contribution of
each natural frequency to the prediction of damage
characteristics, a Permutation Importance analysis
was conducted on the ANN_1 model using the
testing dataset. This method evaluates the
importance of an input feature by measuring the
increase in the model’s prediction error (Mean
Squared Error - MSE) and the decrease in the
coefficient of determination (R2) after the feature’s
values are randomly shuffled. A larger change in
these metrics indicates that the model relies more
heavily on that specific feature for its predictions.

The analysis reveals thatthe first natural
frequency (F1) is the most critical feature for
identifying the damage location. As shown in the bar
chart and heatmap of AMSE (Figure 15, Figure 16),
permuting F1 leads to a massive surge in error, with
an average increase of approximately 1.386x105.
Correspondingly, the R2 value drops by 1.6799
(Figure 17), which is the most significant reduction
among all input-output pairs. The second and third
frequencies (F2 and F3) also contribute to location
identification, with AMSE values of 25759 and 17844
(Figure 15), respectively. However, their impact is
substantially lower than that of F1, suggesting that
the fundamental mode of vibration carries the primary

information regarding the spatial position of damage
in the steel beam.

The sensitivity of width and depth predictions to
the input frequencies follows a different pattern and
exhibits lower absolute error magnitudes compared
to location. For damage width, F1 remains the most
influential parameter (ranking 1st), followed by F2
and F3. Shuffling F1 results in a AR? of -1.0806
(Figure 17), confirming its dominant role even for
complex geometrical characterization. In contrast,
for damage depth identification, the second natural
frequency (F2) emerges as the most important
feature, followed by F3, while F1 ranks third. The
permutation of F2 causes the highest error increase
AMSE=6.502 (Figure 16) and the largest
performance drop AR?=-0.8127 (Figure 17). This
shift indicates that higher-order vibration modes are
more sensitive to the reduction in cross-sectional
stiffness caused by damage depth than the
fundamental mode.

The hierarchical ranking of the frequencies for
each target is summarized in the importance table.
For both Location and Width, the order of importance
is consistently F1>F2>F3. However, for Depth, the
hierarchy shifts to F2>F3>F1.

These findings provide significant physical
insights into the damage detection problem: while the
first mode (F1) is highly sensitive to the spatial
distribution and extent of damage, the second mode
(F2) plays a vital role in characterizing the severity of
the damage (depth). The results justify the inclusion
of multiple natural frequencies as input features, as
each mode provides complementary information
necessary for the comprehensive identification of
damage position, width, and depth in structural
components.
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Figure 15. Permutation importance (ANN_1, Test): AMSE when permuting each input feature
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6. Conclusions

By integrating experimental modal analysis
(RFP), numerical simulation (FEM), and Artificial
Neural Networks (ANN), this study developed a
robust framework for the  multi-parameter
characterization of damage in steel beams. The
investigation focused on predicting damage location,
width, and depth using natural frequencies as input
features. The key findings of this research are as
follows:

— The FEM-RFP framework provides a reliable
foundation for generating representative synthetic
datasets for vibration-based damage identification,
especially when experimental data are limited;

— Both ANN_1 and ANN_2 predict damage location
with high accuracy (R? > 0.97) on the testing set),
indicating that natural frequencies capture location
information effectively even for unseen positions;

— For location-only applications, the shallow
ANN_2 model remains a practical and sufficient
solution because of its lower complexity, stable
convergence, and easier deployment on resource-
constrained monitoring platforms;

— The estimation of width and depth is more
challenging than location prediction, mainly because
these parameters are more sensitive to extrapolation
and distribution shifts;
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— For such multi-parameter tasks, ANN_1 offers
more robust and consistent performance than
ANN_2, particularly under unseen and out-of-
distribution damage conditions;

— The results support a tiered SHM strategy, in
which ANN_2 is suitable for continuous low-cost
localization, while ANN_1 is better suited for detailed
geometric characterization when higher model
capacity is required.

Although the proposed ANN-based methodology
showed promising performance for vibration-based
damage identification, several limitations remain.
This study considered only single-damage cases and
simplified stiffness reduction, whereas real structures
may involve multiple damages and combined failure
mechanisms. Future work will extend the framework
to multi-damage detection using richer FEM
datasets, additional modal features, and advanced
deep learning models such as CNNs and GNNs.
Although the FEM model was validated
experimentally, large-scale field validation is still
needed. Future studies will also incorporate
uncertainty  quantification methods, including
Bayesian Neural Networks and Monte Carlo Dropout,
to improve robustness under noise and
environmental  variability in  practical SHM
applications.
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