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ABSTRACT

Accurate prediction of the flexural capacity of Prestressed Reinforced Concrete (PRC) beams remains a
complex task due to nonlinear interactions among mechanical properties, environmental influences, and
deterioration mechanisms such as corrosion and sustained loading. This study proposes a novel hybrid
prediction framework that integrates an Improved Particle Swarm Optimization (IPSO) algorithm with an
Artificial Neural Network (ANN) to enhance predictive performance in both accuracy and computational
efficiency. The key innovation lies in the IPSO algorithm, which employs adaptive inertia weights and
dynamic acceleration coefficients to effectively balance global exploration and local exploitation during
training, thereby accelerating convergence and preventing premature convergence to local optima. To
ensure model robustness, a unique dataset was synthetically generated using Monte Carlo simulations to
reflect realistic variability in critical factors, including load levels, corrosion ratios, concrete strength,
temperature, and humidity, based on actual experimental configurations. The proposed IPSO-ANN model
significantly outperformed baseline models (standard PSO-ANN and Adam-ANN), as demonstrated by its
superior results in Mean Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and the coefficient of determination (R2?). Moreover, it achieved a notable reduction in
computation time compared to the standard PSO, highlighting the algorithm's efficiency.

Keywords-capacity; prestressed reinforced concrete; Particle Swarm Optimization (PSO); artificial neural

networks

I.  INTRODUCTION

PRC beams are widely used in bridges and buildings due to
their superior flexural strength, durability, and serviceability
performance [1-4]. Numerous analytical and numerical
approaches have been developed to estimate their flexural
capacity under various loading and environmental conditions.
Authors in [5] developed a refined layered-section analysis,
incorporating a modified CEB-FIP creep model with steel fiber
effects, to predict long-term deflection and assess the
serviceability reliability of compression-yielding FRP-
reinforced concrete beams. Authors in [6] evaluated the
flexural strengthening and post-damage rehabilitation of
reinforced concrete beams using externally bonded low- and
high-density BFRP sheets, supported by both experiments on
two-span beams and finite element analysis.

However, most conventional analytical models rely on
simplified mechanical assumptions and deterministic

parameters, which may not accurately represent the nonlinear
response and degradation mechanisms of real structures.

Design standards, such as Eurocode 2 [7], provide general
design principles for prestressed concrete members, yet their
predictive capability is limited when accounting for material
variability, prestress losses, and other uncertainties that evolve
over time. The analytical study in [8] and the nonlinear
modeling framework in [9] have advanced the understanding of
flexural behavior and seismic assessment of prestressed
concrete. Nevertheless, these traditional approaches remain
dependent on fixed input parameters and cannot efficiently
adapt to complex data or probabilistic conditions.

To overcome such limitations, researchers have
incorporated computational and data-driven techniques into
structural analysis. Authors in [10] proposed a unified classical
and matrix framework for the structural analysis of prestressed
concrete, which provides a robust theoretical foundation for
hybrid modeling. Authors in [11] reviewed deep learning-based
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methods for structural health monitoring and demonstrated the
potential of neural architecture to learn nonlinear patterns from
large-scale sensor data. Similarly, authors in [12] presented a
nonlinear and time-dependent analytical model for continuous
unbonded prestressed concrete beams, highlighting the
significant effect of rheological and creep behaviors on long-
term flexural performance.

Despite these advances, the combined application of
intelligent optimization and ANNs [13-15] for predicting PRC
beam flexural capacity remains limited. Al-driven research on
structural safety and scour prediction further underscores the
potential of hybrid metaheuristic—neural approaches [16-19] to
address complex structural problems. Motivated by these
developments, the present study proposes an IPSO-ANN model
for enhanced and more reliable prediction of the flexural
capacity of PRC beams.

While previous studies have advanced the analysis and
design of reinforced concrete and PRC beams, most
conventional analytical models still rely on simplified
mechanical assumptions and deterministic parameters, which
limit their ability to represent the nonlinear degradation
induced by corrosion, sustained loading, and environmental
actions. Several Al-based approaches, including ANN, ANFIS,
and hybrid metaheuristic-neural models, have been proposed
to predict the flexural capacity of corroded or strengthened
concrete beams, and they generally outperform code-based
formulas and classical regression models [20-23]. However,
these studies typically consider a more limited set of
influencing parameters and rarely incorporate the combined
effects of sustained load level, corrosion damage, concrete
strength, temperature, and humidity, nor do they employ an
improved PSO scheme tailored to probabilistic datasets
generated via Monte Carlo simulation.

The present work addresses these gaps by developing an
IPSO-ANN framework specifically for predicting the flexural
capacity of PRC beams. The proposed model integrates an
IPSO algorithm with an ANN to enhance global search
capability and convergence, and it is trained on a Monte Carlo—
generated dataset calibrated to experimental PRC beam tests,
capturing realistic variability in load level, degree of corrosion,
material properties, and environmental conditions. The IPSO—
ANN framework achieves a higher coefficient of determination
(R% = 0.945 versus R? = 0.940 for Adam) and improved
computational efficiency compared with the baseline
optimization schemes, providing a more reliable and robust
tool for flexural capacity prediction of PRC beams under
combined mechanical and environmental actions.

II. MATERIALS AND METHODS

A. Data Generation Using Monte Carlo Simulations

This study involved the casting and testing of six PRC
beams designed to investigate the effects of sustained loads and
corrosion. The beams were constructed in two stages: the initial
casting utilized C40 concrete with a height of 350 mm, as
shown in Figure 1, followed 18 days later by an additional top
layer of C45 concrete, 100 mm thick, simulating a reinforced
concrete floor system [24].

3600

50 250r 30@100=3000

[300L. -
Fig. 1.

3000 )|

Experimental beam dimensions.

The reinforcement configuration included HRB400 rebars
with a diameter of 18 mm at the top of the beams, along with
HRB335 rebars of 8 mm and 10 mm diameter used for
structural support and stirrups. Stirrups, made of HRB335 steel
with an 8 mm diameter, were spaced at 50 mm intervals near
the beam ends and 100 mm in other regions.

The beams with a 3D view, as depicted in Figure 2, were
prestressed using the pre-tensioning method with three low-
relaxation steel strands of 12.7 mm diameter, positioned 67 mm
above their bottom. These strands, with a nominal strength of
Joi = 1860 MPa, were tensioned to 1398 MPa (approximately
75% of the ultimate strength), corresponding to a total initial
prestressing force of 414 kN, prior to the initial casting. After
nine days, prestress transfer was achieved through controlled
relaxation. It is acknowledged that the initial prestressing force
decreases due to instantaneous losses (elastic shortening) and
time-dependent losses (creep, shrinkage, and steel relaxation).
In this study, the effective prestress (f,.) at the time of testing
was evaluated in accordance with design standards, ensuring
that the input parameters for the simulation reflect the actual
state of the beams after losses have occurred. The six beams
were subjected to transverse concentrated sustained loads (P)
of 0, 50, and 100 kN, applied at the mid-span of the beams.
These loads represent approximately 0%, 30%, and 60% of the
design ultimate bearing capacity, respectively. Corrosion
conditions varied, with beams exposed to both corroding and
non-corroding environments. Material properties for both
concrete and steel were evaluated following the Chinese
material testing standard GB/T 50152-2012: Standard for
testing methods of concrete structures (Standardization
Administration of China, 2012) [25]. The detailed experimental
configuration and the corresponding ultimate load capacity (P.)
obtained from the tests are summarized in Table .

Fig. 2.

3D view of experimental beam.
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TABLE L. EXPERIMENTAL CONFIGURATION AND LOAD
CAPACITY
Sustained Corrosion Concrete Ultimate
Beam ID load P status strength load P,

(kN) f'e (MPa) (kN)
Bl 0.0 Non-corroded 55.4 168.5
B2 50 Non-corroded 54.2 162.3
B3 100 Non-corroded 53.8 108.7
B4 0.0 Corroded 54.5 105.4
BS 50 Corroded 52.6 55.2
B6 100 Corroded 53.1 48.90

Given that six experimental data points are insufficient for
training deep neural networks, a data augmentation strategy
using Monte Carlo simulations was conducted to generate a
robust dataset of 1,000 samples [27]. The experimental results
from the six beams served as the baseline input parameters.
Specifically, the tested concrete strength and applied load
levels defined the statistical means and discrete peaks for the
simulation distributions. Probability distributions were then
assigned to these parameters (e.g., Normal distribution for
concrete strength, Uniform distribution for environmental
factors) to reflect realistic material and environmental
variability. This hybrid approach ensures that the synthetic
dataset is statistically significant while remaining physically
grounded in the experimental observation [26]. The following
key parameters were simulated:

e The distribution of sustained load (P) is concentrated at
three distinct levels: 0, 50, and 100 kN, indicating a
structured approach to analyzing specific load states.

Distribution of Sustained Load (P)

Distribution of Corrosion Ratio (h)

e The corrosion ratio (h) shows peaks at 27.5% and 30%,
suggesting controlled experimental conditions at fixed
levels.

e Concrete strength (f) is evenly distributed between 52 and
56 MPa, ensuring unbiased data for durability analysis.

e Temperature (7) spans from 0°C to 35°C with a nearly
uniform distribution, capturing diverse environmental
conditions.

e Relative humidity (RH) varies between 50% and 100%,
reflecting significant environmental variability that may
influence material properties.

The synthetic dataset consisted of 1,000 samples for each
parameter, enabling comprehensive analysis of parameter
impacts. The variability introduced through these simulations
ensures robustness and applicability to diverse real-world
scenarios.

Figure 3 illustrates the statistical distributions of the five
input parameters used for generating the synthetic dataset
utilizing Monte Carlo simulations: sustained load (P), corrosion
ratio (h), concrete compressive strength (f;), temperature (7),
and relative humidity (RH). The sustained load exhibits a
discrete distribution with three dominant peaks at 0, 50, and
100 kN, corresponding to the predefined loading levels in the
experimental setup. This structured distribution enables
focused assessment of the effects of load magnitude on beam
behavior.

Distribution of Concrete Strength (f_c)

3501 - M 60 - =
3001 I 3001 501 [ 11| - |
250 i -

gl ) Za0q [ i i
G 200 & 2007 5
= = > 301
§ 150 g 1201 g
“ 1001 1001 =201

50 1 50 | 10 |

0 — Jr L LTy I, 0 ; :
0 20 40 60 80 100 27.528.028.529.029.530.0 52 53 54 55 56

P (kN)

Distribution of Temperature (T)

h (%)

f_c (MPa)

Distribution of Relative Humidity (RH)

70
60 Sl R T
501 |||
501 - u
Tl g
] 30
g % g
T 501 &= 20
10 10
O,
Fig. 3.

50 60 70 80 90 100
RH (%)

Input variable distribution chart.

www.etasr.com

Tran & Le: Enhanced Prediction of the Flexural Capacity of Prestressed Reinforced Concrete Beams ...



Engineering, Technology & Applied Science Research

The corrosion ratio displays a left-skewed distribution
concentrated between 27.5% and 30%, reflecting controlled
simulation of corrosion scenarios. The distribution of concrete
compressive strength follows an approximately normal pattern
centered around 53-54 MPa, capturing natural material
variability and ensuring a realistic representation of concrete
performance. In contrast, temperature and relative humidity are
distributed nearly uniformly over the ranges of 0—40°C and
50%-100%,  respectively.  These broad, non-biased
environmental ranges are intended to encompass diverse
climatic conditions, thereby enhancing the generalizability and
robustness of the proposed IPSO-ANN model.

B. Artificial Neural Networks

ANNs are computational models, inspired by the neural
architecture of the human brain, and are widely utilized for
modeling highly nonlinear relationships. In this study, ANNs
are used to predict the flexural capacity of PRC beams by
learning patterns from the data generated through Monte Carlo
simulations. The ANN model consists of an input layer,
multiple hidden layers, and an output layer. Each layer
comprises neurons, which relate to adjustable weights and
biases. An ANN consists of the following main components:

e Input Layer: The input layer includes nodes representing
the key parameters influencing flexural capacity, such as
sustained load, corrosion ratio, concrete strength,
temperature, and humidity.

e Hidden Layers: One or many hidden layers are employed,
with each layer containing a fixed number of neurons
optimized through iterative testing. Activation functions,
such as ReLU, are applied to introduce nonlinearity and
capture complex relationships.

e Output Layer: The output layer consists of a single neuron,
representing the predicted ultimate flexural load (P,) of the
beam (in kN).

C. Proposed Predictive Method

The proposed IPSO-ANN framework integrates the IPSO
algorithm with ANNs to enhance predictive performance. IPSO
optimizes the ANN's weights and biases dynamically,
improving convergence speed, accuracy, and robustness. The
IPSO algorithm refines the standard PSO with adaptive inertia
weight (w) and dynamic acceleration coefficients (c; and c¢,),
addressing the trade-off between exploration (global search)
and exploitation (local search).

a) Velocity Update Equation

v =w-vf+c; o1y - (p Best; —xf) 41y
(g Best — xf) 60

where v¥*1 is the velocity of the particle i at iteration k + 1; w
is the adaptive inertia weight; c; and c, are the cognitive and
social coefficients, respectively; r; and r, are Random numbers
uniformly distributed between [0, 1]; p Best; is the best
position of particle I; g Best is the global best position; and x
is the current position of particle i.
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b) Position Update Equation

Xt = xf 4 pft? )
c¢) Adaptive Inertia Weight

W = Wpay — (W”igi:::;”") - iter 3)

where wy,,, and wp,;, are maximum and minimum inertia
weights, respectively; itery,,, is the maximum number of
iterations; and iter is the current iteration.

The IPSO algorithm is used to optimize ANN parameters
(weights and biases), encoded as particles in the search space.
The process involves:

Particle = [Wl,l' W1,2’ ee Wm’n, bl 5 b2 ey bm] (4)

where w,, ,,, is the weight connecting the neuron 7 in one layer
to the neuron m in the next layer and b,, is the Bias of the
neuron m.

Fitness = %Z?':l i — 9)? ®

where N is the number of data samples, y; is the true output,
and y; is the predicted output.

II. RESULTS AND DISCUSSION

The performance of ANN models was optimized using
three algorithms: PSO, Adam, and IPSO. By analyzing
predicted and true values, residual distribution, and key
performance metrics, the present study highlights the
differences in prediction accuracy, computational efficiency,
and model stability between the three optimization strategies.
Figure 4 compares the predicted and true values obtained using
ANN models optimized with PSO, Adam, and IPSO,
demonstrating significant differences in prediction performance
across these methods. Both PSO and IPSO achieve high
performance, with predicted values closely clustered around the
ideal line, indicating strong data fitting capability. IPSO stands
out with higher accuracy, as its data points are distributed
closer to the ideal line, minimizing deviation from the actual
values. In contrast, the Adam algorithm shows a wider
dispersion of data compared to PSO and IPSO, with many data
points being farther from the ideal line. This indicates that
Adam struggles to optimize model parameters to achieve the
same prediction accuracy as the other two methods. These
results confirm IPSQO's superior effectiveness in improving
prediction accuracy and highlight the advantage of swarm-
based optimization algorithms (PSO and IPSO) in training
ANNs over Adam. The results of the residuals and predicted
plot analysis, as displayed in Figure 5, reveal significant
differences in performance between the methods. The PSO and
IPSO methods exhibit a relatively uniform distribution of
residuals around the zero residual line, indicating stable
predictive capabilities and reduced errors. IPSO demonstrates
superior performance with a more stable residual distribution
and fewer outliers compared to PSO, highlighting the
algorithm's improved efficiency. In contrast, the Adam method
shows greater residual dispersion and the presence of more
outliers, indicating poorer prediction performance and higher
sensitivity to the data.
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Fig. 5.

The evaluation of predictive performance metrics provides
a quantitative comparison of the three optimization algorithms:
Adam, PSO, and IPSO, which are used in training ANN
models. The metrics include MSE, MAE, RMSE, and R? and
collectively assess the model accuracy, error magnitude, and
explanatory power. Table II outlines the performance of each
model.

40 60 80 100120140 160 180
Predicted Values

TABLE II. PERFORMANCE METRICS’ COMPARISON FOR
ANN MODELS WITH ADAM, PSO, AND IPSO
Metric ANN with Adam ANN with PSO ANN with TIPSO
MSE 139.76 145.25 132.86
MAE 9.26 9.44 9.06
RMSE 11.82 12.05 11.52
R? 0.943 0.940 0.945

The evaluation of the ANN models using PSO, Adam, and

IPSO

optimization

algorithms

reveals:

(i) that

IPSO

consistently outperforms other algorithms across all metrics.
IPSO achieves the lowest errors with an MSE of 132.86, MAE
of 9.06, and RMSE of 11.53, along with the highest
explanatory power (R? = 0.9459), demonstrating its superior

40 60 80 100 120 140 160 180
Predicted Values

Residuals and predicted values for ANN models with PSO, Adam, and IPSO.

optimization capability and predictive accuracy. PSO performs
moderately, showing lower errors and higher explanatory
power (R% = 0.9431) than Adam but still falling short of IPSO.
Adam ranks the lowest, with the highest MSE (145.25), MAE
(9.45), and RMSE (12.05), and the lowest R? (0.9409),
indicating relatively weaker predictive performance. These
results emphasize IPSO's effectiveness in minimizing
prediction errors and enhancing model performance.

In addition to prediction accuracy, computation time is a
critical factor in evaluating optimization algorithms. Table II
compares the computational efficiency of Adam, PSO, and
IPSO algorithms, highlighting the trade-offs between speed and
optimization performance.

As presented in Table III, the fastest computation time
(24.08 s) is achieved using the Adam algorithm, a gradient-
based optimization method known for its ability to store
momentum and decay rates. This helps minimize
computational costs. However, the Adam-optimized model
often fails to fully explore the search space, particularly in
complex nonlinear problems, as compared to PSO or IPSO. In
contrast, the ANN combined with PSO requires significantly
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more computation time (199.47 s) due to PSO's nature as a
population-based algorithm. PSO processes multiple particles
simultaneously, and each particle evaluates its fitness value
(loss) over several iterations. This greatly increases
computational costs, especially when the number of particles or
iterations is high. The ANN combined with IPSO improves
computation time compared to PSO, taking only 194.25 s, a
reduction of approximately 2.6%. This improvement is
attributed to IPSO's use of adaptive inertia weights, which
better balance exploitation and exploration. As a result, IPSO
reduces unnecessary updates in the search space, and its
particles tend to converge faster toward potential optimal
regions, thereby lowering computational costs.

TABLE III. COMPUTATION TIME COMPARISON FOR ANN
MODELS WITH ADAM, PSO, AND IPSO
Algorithm Computation time (s)
ANN with Adam 24.08
ANN with PSO 199.47
ANN with IPSO 194.25

Compared with previous ANN, ANFIS, and PINN-based
models, developed for predicting the flexural response of
corroded or lightweight reinforced concrete beams [20-23], the
proposed IPSO-ANN framework presents several distinctive
features. Most existing studies focus on conventional corroded
reinforced concrete beams without prestressing or on
lightweight reinforced concrete beams, while they do not
simultaneously  account for sustained loading and
environmental variability. In contrast, the present work
explicitly addresses PRC beams and incorporates sustained
load level, degree of corrosion, concrete strength, ambient
temperature, and relative humidity in a unified predictive
model.

In addition, earlier Al-based approaches usually employ
standard gradient-based or evolutionary training schemes and
are often constrained by relatively small experimental datasets.
In the present study, the IPSO algorithm introduces adaptive
inertia weights and dynamic acceleration coefficients to
improve the exploration—exploitation balance, and the ANN is
trained on an extensive Monte Carlo—generated dataset
calibrated to experimental PRC beam tests. According to the
obtained results, the IPSO-ANN model attains the highest R?
and the lowest error metrics among the optimization schemes
investigated, while explicitly addressing a more complex and
practically relevant set of influencing parameters for PRC
beams.

IV. CONCLUSIONS

This study presents a robust framework for predicting the
flexural capacity of Prestressed Reinforced Concrete (PRC)
beams using an Improved Particle Swarm Optimization (IPSO)
algorithm integrated with Artificial Neural Networks (ANNS).
The key conclusions are:

e The IPSO-ANN model demonstrated superior accuracy and
efficiency compared to conventional PSO and Adam-
optimized ANN models. Metrics such as Mean Squared
Error (MSE), Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and coefficient of determination

(R?) consistently highlighted the IPSO model's ability to
minimize prediction errors and accurately capture nonlinear
relationships.

e The IPSO algorithm's adaptive inertia weight and dynamic
parameter adjustment contributed to faster convergence and
better exploration of the solution space. This ensures
stability and robustness in diverse and complex prediction
scenarios.

e The integration of Monte Carlo simulations allowed for
comprehensive data generation, reflecting real-world
variability in factors such as sustained load, corrosion ratio,
and environmental conditions. This highlights the practical
relevance of the proposed approach for structural health
monitoring and design optimization.

e While Adam offered faster computation times, its lower
prediction accuracy underscores the importance of selecting
optimization methods tailored to the complexity of the
problem. PSO and IPSO, despite their higher computational
costs, provided significantly better prediction outcomes,
with TIPSO achieving a balance between performance and
efficiency.

The results of this study underscore the potential of
combining advanced optimization techniques with machine
learning to address challenges in structural engineering. By
advancing predictive capabilities, the proposed IPSO-ANN
model offers a reliable tool for engineers and researchers,
facilitating informed decision-making in the design and
maintenance of PRC structures. Future research could explore
the application of this approach to other structural elements and
further refine optimization strategies for enhanced
computational efficiency.
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