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Abstract: High-strength steel (HSS) combined
with engineered cementitious composites (ECC)
presents a promising solution for resilient and
ductile composite beams, especially in long-span
and high-load applications. Experimental, numerical,
and theoretical studies showed that HSS-ECC
composite  beams  outperform  HSS-concrete
counterparts in terms of strength and ductility. In
order to promote this type of structure to be widely
applied in practice, a more accelerated, effective,
and accurate approach is of great importance.
Methods that use artificial intelligence (Al) to predict
structural performance are gaining attention among
scholars. This study explores the application of a
deep learning model to predict the flexural capacity
of HSS-ECC composite beams based on key
material and geometric parameters (e.g., strength of
ECC and HSS, dimensions of ECC slab and HSS
section height, etc.). A deep learning model named
Artificial Neural Network (ANN) was trained and
evaluated on a compiled dataset of 132 composite
beam models obtained from a numerical study and
previously reported. Performance metrics, including
Coefficient of Determination (R?, Root Mean
Square Error (RMSE), Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE), were
used to evaluate the effectiveness of the employed
deep learning model. The R? performance indicator
obtained by the ANN model showed that the
moment capacity prediction of HSS-ECC composite
beams reaches almost 99%. All other evaluation
indicators further assure the superior accuracy of
this ANN model in the prediction of the moment
capacity of HSS-ECC composite beams.

Keywords: Deep learning model; Artificial Neural
Network (ANN); high-strength steel; engineered
cementitious composites (ECC); composite beam;
bending capacity
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Tém tat: Thép cuong dé cao (High-strength
steel - HSS) két hop véi vat liéu ky thuat géc xi
maéang (Engineered Cementitious Composites - ECC)
la mét gidi phdp day hira hen cho cac dam lién hop
c6 d6 bén va dé déo cao, dac biét trong cac két céu
nhjp 16n va chju téi trong I6n. Cac nghién cou thuc
nghiém, mé phéng sé va mé hinh phan tich da chi
ra rang dadm lién hop HSS-ECC c6 hiéu qud vuot
troi hon so véi ddm lién hop HSS-bé téng thuong vé
ca cuong d6 va do déo. Pé thuc day loai két céu
nay duoc umg dung réng réi trong thuc té, viéc phéat
trién mét phuong phap nhanh hon, hiéu qua hon va
chinh xac hon la vé cung cén thiét. Cac phuong
phdp ¢ng dung tri tué nhan tao (Al) trong dw doan
umg xt cta két cdu dang ngay cang thu hat sy quan
tdm cda cac nha nghién ciu. Nghién ciu nay tap
trung vao viéc ung dung md hinh hoc sadu dé dw
doan kha nang chju uén cda dam lién hop HSS-
ECC dua trén cac tham sé vat liéu va hinh hoc cda
dadm lién hop (vi du: cuong dé cia ECC va HSS,
kich thuéc bdn ECC, chiéu cao tiét dién HSS,...).
M6 hinh hoc sau Mang no-ron nhéan tao (Artificial
Neural Network - ANN) da duroc huén luyén va danh
gia trén bo di liéu gébm 132 mé hinh dém lién hop,
duoc téng hop tir nghién ciu sé va céac tai liéu da
coéng bd truwéc do6. Cac chi sé dénh giéd hiéu qua
gém: Hé sé xac dinh (R?, Can bac hai cia sai sé
binh phuong trung binh (RMSE), Sai sé tuyét déi
trung binh (MAE), va Sai sé phéan trdm tuyét déi
trung binh (MAPE) duoc st dung dé kiém chung do
chinh xac cia mé hinh hoc sau nay. Két qua cho
thdy chi sé6 R2 cda mé hinh ANN dat gan 99%,
ching t6 khd ndng dw doén suc khang uén cua
dém lién hop HSS-ECC la rét chinh xac. Cac chi s
danh gia khac ciing tiép tuc khéng dinh dd tin cay
vweot tréi cda md hinh ANN trong viéc dw doan kha
n&ng chju lyc cda dédm lién hop HSS-ECC.

T khéa: M6 hinh hoc sau; Mang no-ron nhan
tao; Thép cwong dé cao; Vat liéu ky thuat géc xi
méng (ECC); D&m lién hop; Kha ndng chiju uén
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1. Introduction

The continuous pursuit of safer, more efficient,
and resilient structural systems has driven the
evolution of construction materials and design
methodologies in civil engineering. Among the
recent advancements, the combination of high-
strength steel (HSS) girder and engineered
cementitious composites (ECC) slab in composite
beams has emerged as a promising solution for
modern infrastructure, particularly in applications
demanding long spans and high load-bearing
capacity (Nguyen and Lee, 2021). HSS offers
superior yield strength and ductility, while ECC is
renowned for its high compressive strain capacity
(more than 0.5%), excellent strain-hardening
behavior, and exceptional crack control. When being
subjected to sagging moment, high strain capacity in
compression of ECC slab allows HSS girder to
utilize its high strength, resulting in a form of
composite beam that outperforms traditional HSS-
concrete composite beam in both strength and
ductility (Nguyen and Lee, 2021; Nguyen and Lee,
2023; Mai et al., 2025). Despite these advantages,
the widespread adoption of composite beams
utilizing HSS girders and ECC slabs (hereafter
referred to as HSS-ECC composite beams) in
practice is hindered by the complexity of their
structural behavior and the limitations of
conventional prediction methods.  Although
experimental investigation is an accurate method, it
is inevitably time-consuming and resource-intensive.
Analytical and numerical models, though useful,
often rely on simplifying assumptions that may not
fully capture the intricate interactions between HSS
and ECC in the composite beam subject to sagging
moment. As a result, there is a growing need for
more efficient, reliable, and accurate approaches to
predict the bending capacity of these advanced
composite beams.

In recent years, artificial intelligence (Al) and
deep learning techniques have shown significant
potential in addressing complex prediction problems
in structural engineering (Kina et al. 2021; Moein et
al. 2023). There have been dozens of studies
(Tuken et al. 2021; Wakjira et al. 2022; Ge et al.,
2024) exploring the use of Al models in the
structural performance of composite beams. These
data-driven approaches offer a promising alternative
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to traditional methods, especially for novel
composite systems where experimental data may
be limited and analytical/numerical solutions are
challenging. Tuken et al. (2021) employed machine
learning models to explore their prediction ability of
the load-carrying capacity of ECC-RC beams.
Among those models employed, Extreme Gradient
Boosting (XGBoost) performed the best, achieving
an accuracy rate of over 80%. Wakjira et al. (2022)
predicted the load-carrying capacity of FRP bar RC
beams by employing machine learning models,
including Support Vector Regression (SVR),
XGBoost, Random Forest (RF), Artificial Neural
Networks (ANN), and CART to train the dataset
consisting of 132 experimental results. The
evaluation metrics obtained from these ML models
show that XGBoost performed the best, as it
exhibited the highest R? with 0.993 and the lowest
values of other evaluation metrics, such as MAE,
MAPE, and RMSE. Ge et al. (2024) explored the
use of five machine learning models (i.e., SVR,
XGBoost, ANN, ERT, RF) in predicting the flexural
capacity of hybrid steel and FRP bars reinforced
concrete-ECC composite beams. Recently, deep
learning models, particularly Artificial Neural
Networks, have become capable of learning
nonlinear relationships from large datasets, enabling
rapid and accurate predictions of structural
performance. This study aims to develop a deep
learning model for predicting the bending capacity of
HSS-ECC composite beams based on key material
and geometric parameters. By leveraging a
comprehensive dataset and an advanced ANN
architecture, the proposed model seeks to provide a
practical and accurate tool for engineers and
researchers. The successful implementation of such
a model can accelerate the design process,
optimize material usage, and promote the broader
application of HSS-ECC composite beams in
modern construction.

2. Data description

A dataset comprising 132 HSS-ECC composite
beam models was compiled from numerical studies
and previously reported experimental results
(Nguyen and Lee, 2021; Nguyen and Lee, 2023).
Each data entry includes key material properties (i.e,
compressive strength of ECC, yield strength of HSS)
and geometric parameters (i.e, ECC slab thickness
and width, HSS section height, HSS web thickness,
and HSS flange thickness). The data are tabulated
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in the Appendix, and an explanation of the features
is shown in Table 1 and Fig. 1. As indicated in Fig. 1,
the moment capacity (My) of HSS-ECC composite
beams was obtained by analysing HSS-ECC
composite beam models subjected to four-point
bending with shear spans of 1150 mm, using a
validated finite element model reported in Nguyen
and Lee (2021). Moreover, it is worth mentioning
that since all ECC grades can achieve a
compressive strain capacity of around 0.5%, this
feature was not chosen as an input parameter for
training the ANN model. Instead, according to Ref.
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[1], the author found that the compressive strength
of ECC is an important parameter that affects the
bending capacity of the HSS-ECC composite beam.
This feature is thus employed as the input data for
training the ANN model. The dataset
preprocessed to normalize the input features,
ensuring consistent scaling and improved model
convergence. The data was randomly split into
training (80%) and testing (20%) sets to evaluate
the model's generalization capability. The statistical
distribution of parameters used in the ANN model is
shown in Figure 2.
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3. Model development
3.1 Artificial Neural Network (ANN) model

An Artificial Neural Network (ANN), also known
as a Multilayer Perceptron (MLP), is a computational
model inspired by the structure of the human brain.
It consists of layers of interconnected nodes
(neurons), where each connection has an
associated weight. The network learns by adjusting
these weights to minimize the error between its
predictions and the actual target values. The ANN
model would typically have: i) an input layer where
each neuron represents one input feature (e.g., f'c, fy,
becc, etc.); ii) three hidden layers where each
hidden layer contains several neurons. These layers
allow the network to learn complex, non-linear

Tap chi KHCN Xay dung - s6 3/2025

(b)
Figure 1. HSS-ECC composite beam configuration: a) Front view, b) Side view

relationships between inputs and outputs; iii) an
output layer, which is usually a single neuron that
outputs the predicted value (i.e, My). A typical ANN
model structure is shown in Figure 3. In this paper,
the ANN model was designed with an input layer
corresponding to the number of key parameters,
multiple hidden layers with nonlinear activation
functions, and an output layer representing the
predicted flexural capacity. The model architecture
was optimized through hyperparameter tuning,
including the number of hidden layers, neurons per
layer, learning rate, and activation functions. The
model was trained using the backpropagation
algorithm and mean squared error (MSE) as the
loss Early stopping and dropout
regularization were employed to prevent overfitting.

function.
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Table 1. The explanation of input features

Component Parameter Explanation Unit
ECC slab fe Compressive strength of ECC MPa
becc ECC slab width mm
tecc ECC slab thickness mm
HSS I-section fy Yield strength of HSS MPa
hhss HSS I-section height mm
t HSS I-section flange thickness mm
tw HSS I-section web thickness mm
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Figure 3. The ANN model structure

3.2 Evaluation metrics

The trained ANN model was evaluated using
performance metrics, including Coefficient of
Determination (R2?), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE). These metrics
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provide a comprehensive assessment of the
model's accuracy and reliability in predicting the
flexural strength of HSS-ECC composite beams.
The lower values of RMSE, MAE, MAPE, the better
performance of the ANN model, while an R? close to
1 means the well performance of the model. The
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formulas of the evaluation metrics are indicated in
Egs. 1 — 4. In Egs. 1 — 4, y, Yy, y respectively
represent the actual, predicted, and mean values of
data. n is the number of data points.
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3.3 Model parameters optimization

The purpose of model parameter optimization in
an Artificial Neural Network (ANN) is to maximize
the model's performance by finding the best
combination of settings. Properly tuned parameters
help the model learn patterns in the data more
effectively. Optimization reduces both underfitting
(model too simple) and overfitting (model too
complex). Parameters like learning rate, batch size,
and optimizer type affect how fast and how well the
model learns. Optimizing the number of layers,
neurons, and activation functions ensures that the
network has enough capacity to model the data,
without being unnecessarily large. The values for
hyperparameters are shown in Table 2.

Table 2. Model parameters optimization

Parameters Values Best values
Number of hidden layers 3-10 3
Neurons per layer 16 — 512 64, 32
Activation function relu, tanh, sigmoid relu
Optimizer adam, RMSProp, SDG adam
Batch size 16 -256 16

4. Results and discussion

The performance of the ANN model in predicting
the flexural capacity of the HSS-ECC composite
beams is evaluated by comparing the actual and
predicted results, as shown in Figure 4. From Figure
4, it is indicated that the ANN model exhibits
excellent prediction of the flexural capacity of HSS-
ECC composite beams. To better compare the
results between the prediction by the ANN model
and actual results, Figure 5 plots the linear fitting
line of actual and predicted values, in which the x-
axis presents actual the y-axis
indicates predicted values. The line y=x means that
results that lie on this line show perfect prediction of
the ANN model. In addition, the 10% error dashed
lines were also plotted in this figure. The results
within this range indicate the acceptable values.
From Figure 5, it is said that almost all the results
obtained are aligned along the perfect line (y=x).
Only several results are on the above or below the
perfect line; however, all the results are within the
acceptable boundary. It is no doubt said that the
ANN model exhibits excellent performance in
predicting the flexural strength of the HSS-ECC

values while
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composite beams. Moreover, the evaluation metrics,
including R2, MAPE, RMSE, and MAE, shown in
Table 3, exhibit that the R2 value reached 0.99,
indicating that the model explains 99% of the
variance in the flexural strength data. The RMSE,
MAE, and MAPE values were all low, confirming the
model's high accuracy and minimal prediction error.

The results confirm the feasibility and
effectiveness of using deep learning models,
specifically ANN, for predicting the flexural capacity of
HSS-ECC composite beams. The high R? value and
low error metrics demonstrate the model's capability to
generalize across a diverse dataset, making it a
valuable tool for preliminary design and optimization.
The wuse of Al-driven prediction models can
significantly accelerate the design process,
reliance on extensive experimental testing, and
facilitate the adoption of advanced composite systems
in practice. However, the model's accuracy is
contingent on the quality and representativeness of the
training data. Future work should focus on expanding
the dataset, incorporating additional parameters (e.g.,
loading conditions, boundary effects), and exploring
other deep learning architectures.

reduce
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Table 3. Performance evaluation of the ANN model

Evaluation metrics Training set Testing set
R? 1.0 0.99
RMSE 5.41 KNm 14.25 kNm
MAE 3.26 KNm 11.37 kNm
MAPE 0.58 2.01
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Figure 5. The predicted versus the actual load-carrying capacity of HSS-ECC composite beams

5. Conclusions

This study presents a deep learning-based
approach for predicting the flexural capacity of HSS-
ECC composite beams. The developed ANN model
was trained and evaluated on a compiled dataset of
132 composite beam models obtained from a
numerical and reported.

study previously
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Performance metrics, including Coefficient of
Determination (R2?), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE), were used to
evaluate the effectiveness of the employed deep
learning model. By comparing the predicted results

obtained from the ANN model with the actual
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results, it is shown that the ANN model is able to
achieve superior accuracy, with an R? value of 0.99
and low other evaluation metrics. The findings
highlight the potential of Al-driven methods,
particularly the ANN model, in enhancing the design
and application of advanced composite structures in
civil engineering.
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Appendix
tecc hhss
No. fc (MPa) fy (MPa) becc (mm) (mm) (mm) te (mm) tw (mm) Mu (KNm)
1 40 690 600 140 180 8 6 347.3
2 40 690 600 140 230 8 6 422.1
3 40 690 600 140 280 8 6 511.8
4 40 690 600 170 180 8 6 388.7
5 40 690 600 170 230 8 6 467.5
6 40 690 600 170 280 8 6 553.2
7 40 690 600 200 180 8 6 440.6
8 40 690 600 200 230 8 6 526.7
9 40 690 600 200 280 8 6 600.3
10 40 690 1000 140 180 8 6 386.4
11 40 690 1000 140 230 8 6 470.9
12 40 690 1000 140 280 8 6 560.6
13 40 690 1000 170 180 8 6 449.1
14 40 690 1000 170 230 8 6 530.7
15 40 690 1000 170 280 8 6 625
16 40 690 1000 200 180 8 6 521
17 40 690 1000 200 230 8 6 602.6
18 40 690 1000 200 280 8 6 692.9
19 40 690 1400 140 180 8 6 436.4
20 40 690 1400 140 230 8 6 514.1
21 40 690 1400 140 280 8 6 600.9
22 40 690 1400 170 180 8 6 514.1
23 40 690 1400 170 230 8 6 606.1
24 40 690 1400 170 280 8 6 694.6
25 40 690 1400 200 180 8 6 618.1
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