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Abstract

The study develops a machine learning technique to predict structural deformation in
corroded reinforced concrete (RC) beams, enabling a more accurate assessment of building
structural health and potential long-term degradation risks. The method combines least squares
support vector regression (LSSVR) with an innovative opposition sea-horse optimizer (OSH)
to handle the nonlinear and multivariable aspects of deflection prediction. The OSH optimizer
enhances the LSSVR's performance by fine-tuning its learning process. The research validated
the predictive approach by analyzing 150 samples from deteriorating residential structures in
southern Vietnam, employing cross-validation techniques to verify the model's precision and
reliability. The OSH-LSSVR approach significantly surpasses traditional predictive models,
including artificial neural networks, multivariate adaptive regression splines, and support vector
regression. Empirical evaluation reveals exceptional performance metrics, with a root-mean-
square error of 1.896 mm, mean absolute error of 1.198 mm, and a coefficient of determination
of 0.891, underscoring its advanced predictive capabilities. The developed model provides civil
engineers with an advanced tool for predicting RC beam deflection, opening new avenues for
research in structural optimization, early warning systems, and proactive safety strategies.
Keywords: Corroded reinforced concrete, beam deflection, corroded reinforced concrete, least

squares support vector regression, sea-horse optimizer.
1 Introduction

Corrosion gradually weakens enhanced and tensioned concrete by eroding the steel's cross-
sections and damaging the crucial steel-concrete interface, thus undermining the materials'
structural integrity [1]. This degradation manifests as cracking, spalling, and delamination,
compromising the structure's functionality and leading to deformities such as abnormal bending
or sagging of the concrete structural elements [2, 3]. Both concrete and steel components are

susceptible to deterioration from environmental factors such as moisture, carbon dioxide,
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chloride, and sulfate infiltration [4]. Corrosion in RC structures, primarily caused by the
penetration of chloride ions and carbonation of concrete, poses a significant risk to their
longevity and safety [5].

Carbonation lowers the concrete's pH, making steel reinforcement vulnerable to corrosion,
while chloride ions disrupt the protective oxide layer, causing localized corrosion [6]. This
results in rust expansion, which causes internal pressures that crack and delaminate concrete,
leading to accelerated degradation, costly repairs, reduced service life, and potential structural
failure [7]. In coastal regions with high chloride exposure, the electrochemical reaction speeds
up the rusting of steel reinforcements within concrete structures. This corrosion reduces the
cross-sectional area of the steel, thereby decreasing the load-bearing capacity of the reinforced
concrete elements. This corrosion leads to internal stresses, cracking, spalling, and concrete
delamination, posing serious safety hazards [8]. Therefore, to ensure structural durability and
functionality, quality materials and protective coatings must be used, and regular inspections
and maintenance must be conducted to enhance safety and reduce costs over time [9, 10].

Reinforced concrete apartment buildings are the preferred housing in densely populated
Vietnamese cities, but aging over 50 years in Ho Chi Minh City, this aging process raises
concerns about the quality and structural stability of these buildings. Prolonged exposure to
environmental conditions and natural aging processes like steel corrosion and concrete spalling
have led to widespread building deterioration, challenging structural engineers and urban
planners to maintain safety and stability while also heightening residents’ concerns about safety
and quality of life [11]. Corrosion caused by the infiltration of carbonate and chloride is a
significant problem for RC structures, resulting in damage to the concrete and compromised
bond strength [12]. Assessing the remaining load-bearing capacity of deteriorated reinforced
concrete elements requires a comprehensive analysis of their mechanical properties,
deformation characteristics, and structural stability [13]. Such rigorous assessment is critical
for developing targeted maintenance and rehabilitation approaches that ensure long-term
structural performance and safety.

Extensive research using 3D finite element modeling has enhanced our understanding of
reinforcement corrosion and its impact on the structural integrity of RC components, including
assessments of flexural strength in corrosion-damaged beams [14]. Additionally, modeling the
bond between corroded steel bars and the surrounding concrete is crucial for understanding the
impact of corrosion on the structural performance of RC elements [15]. However, These models
often lack generalizability and fail to mimic real-world corrosion accurately, as laboratory

experiments use accelerated processes that don't reflect natural, long-term deterioration [16].
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The discrepancy between theoretical research and real-world aging RC structures raises
concerns about practical applicability, necessitating efficient, cost-effective, and realistic
modeling approaches.

Traditional methods like 3D finite element modeling are resource-intensive, whereas
machine learning offers a quicker, data-driven approach to analyzing the residual strength of
corroded RC structures, incorporating environmental factors [17-19]. This reduces research
time and costs while maintaining accuracy, facilitating proactive maintenance and retrofitting.
Machine learning provides the opportunity to enhance the safety and resilience of corroded
reinforced concrete structures because it enables a more accurate analysis and prediction of
structural deterioration [15, 20].

The increasing complexity of engineering challenges has driven the advancement of
machine learning techniques, demonstrating remarkable potential in providing sophisticated
predictive solutions for intricate real-world technical problems [21]. Machine learning model
effectiveness critically hinges on precise hyperparameter configuration, rendering their
optimization a complex and nuanced computational challenge [22]. Suykens, J. A., et al. [23],
pioneered least squares support vector regression (LSSVR) as an innovative approach to
address inherent constraints in traditional support vector machine methodologies, offering a
more refined computational framework for predictive modeling. By integrating the least
squares (LS) method, LSSVR improves the model's functionality and performance through a
reduction in computational complexity. Specifically, the LS in LSSVR substitutes inequality
constraints with equality constraints, which simplifies the solution of the linear Karush-Kuhn-
Tucker system. The modifications to LSSVR significantly reduce its computational demands,
making it highly efficient for handling small to medium-sized datasets. Specifically, small-sized
datasets include fewer than 1.000 samples and medium-sized datasets contain between 1.000
and 10.000 samples [24]. LSSVR excels with small to medium-sized datasets by using linear
equations to simplify computation and enhance efficiency, making it ideal for computationally
demanding predictive tasks without requiring large data volumes. The seahorse optimizer (SHO)
optimization algorithm, introduced by [25], emulates the natural behaviors of seahorses and has
demonstrated robustness in tuning hyperparameters and solving global optimization problems

[26]. SHO's adaptability and straightforward approach have rendered it an advantageous option

\ « «for enhancing the performance of LSSVR.

AR

This research introduces a seahorse optimizer-enhanced least squares support vector

Y« Yregression (SHO-LSSVR) approach for predicting corroded reinforced concrete beam

V « Ydeflection. The study aims to: (1) develop a hybrid predictive model with superior accuracy; (2)



\ « ¢validate the model's performance using empirical data and comparative analysis against existing
Y +emodeling techniques; and (3) investigate critical factors and their optimal configuration to

Y« Tenhance deflection prediction precision.
V+V2 Literature review

Y+A  Machine learning has become a pivotal approach for forecasting structural deformation in
V «dreinforced concrete elements, with diverse methodologies aimed at enhancing predictive
VY +accuracy and reliability. Multiple data-driven machine learning techniques were evaluated,
Y YYcomparing single and ensemble models to identify the most effective approaches for structural
VY Ydeflection prediction, as demonstrated by Bai, C., et al. [11] colleagues. Building on these
Y Y¥findings, Pham, A.-D., et al. [27] introduced a specialized machine learning approach designed
V) ¢to forecast progressive deflection patterns in damaged reinforced concrete flexural structures,
VY eincluding beams and slabs. Meanwhile, Li, N., et al. [28] evaluated an advanced artificial neural
Y Ynetwork model for predicting the deflection of reinforced concrete beams, deriving insights
VYYfrom a comprehensive dataset comprising 120 experimental investigations. In subsequent
YYAresearch, Nguyen, N.-M., et al. [29] introduced an advanced least squares support vector
VY dregression technique for early-stage deflection forecasting in RC beams, showcasing significant
VY .predictive improvements over traditional artificial intelligence and mathematical modeling
Y YYmethods. Machine learning methodologies provide engineers with sophisticated predictive
VY Ycapabilities, enabling more precise assessment of structural behavior and enhancing design
VY Yoptimization for reinforced concrete elements.

YY¢  Assessing the condition of reinforced concrete structures involves employing a
Y Yecomprehensive range of investigative techniques, including both non-invasive and invasive
Y Y1testing approaches to detect and analyze corrosion-related deterioration [13]. Popular NDT
 YYmethods, such as rebound hammer tests (TCVN 9334:2012) [30], ultrasonic pulse velocity tests
YYA(TCVN 9357:2012) [31], ground-penetrating radar, and infrared thermography, are preferred
VY 4for routine inspections due to their non-invasive nature. However, used individually, destructive
V¥ «testing methods like concrete core drilling and pull-out tests offer direct mechanical insights
Y¥Yput may compromise structural integrity (TCVN 3105:2022)[32]. Integrating destructive
V¥Ytesting with digital imaging, machine learning, and finite element modeling improves
Y ¥'Yassessment accuracy, ensuring early detection and effective intervention to extend the service
VY ¢life and safety of RC structures in chloride-exposed regions.

‘Yo Researchers commonly utilize empirical mathematical models to predict reinforced

Y¥concrete beam deflection, calculating initial displacement from applied loads and estimating



YYVlong-term deformation caused by sustained loading, material creep, and structural shrinkage
Y ¥A[33]. However, These formulas often lack precision due to insufficient consideration of various
\Yafactors like material properties, construction techniques, and environmental conditions, leading
\ £ «to discrepancies in deflection predictions [34]. Advanced techniques like finite element analysis
VE€V(FEA) and a combination of empirical and advanced methods are necessary for precise
\ ¢ Ydeflection predictions and to ensure the integrity and serviceability of RC beams.

Ve Artificial intelligence, particularly via artificial neural networks, has greatly improved the
V¢ ¢precision of deflection predictions for reinforced concrete beams, surpassing traditional civil
\ ¢oengineering methods [35]. Kaczmarek, M. and Szymanska, A. [36] used artificial neural
) £ networks to forecast deflections in reinforced concrete beams under different loading conditions
Y £ Ywith notable precision. Similarly, Mohammadhassani, M., et al. [37] employed artificial neural
\ £ Anetworks to forecast deflection in high-strength, self-compacting concrete deep beams, refining
\ £3their predictive model through experimental data derived from eight distinct beam specimens.
Yeo+These findings highlight the potential of Al in enhancing deflection prediction, equipping
YeYengineers with an advanced tool for more precise and reliable design and evaluation of RC
Vo Ystructures.

‘oY Mishra, M., et al. [38] investigated the potential of artificial neural networks to predict
Yo treinforced concrete beam deflection, utilizing a comprehensive analysis of 122 laboratory test
Y eedatasets and concentrating on critical determinants including reinforcement percentage, applied
Yelload, and concrete tensile strength. Despite its contributions, the model failed to account for
Y eYnumerous additional variables that significantly impact structural deformation. To address this
YoANguyen, H. D., et al. [39] employed gene expression programming as an alternative
Y eimethodology to predict beam deflection, analyzing a comprehensive dataset of 108 specially
Y1.designed experimental specimens. This approach expanded the predictive framework by
YUintegrating multiple critical structural parameters, including beam span length, maximum
Y 1Ymoment, moment of inertia, and mid-span deflection, thereby providing a broader and more
Y 1¥detailed evaluation of structural performance. Additionally, Vijayan, D. [40] explored artificial
Y1éneural network-enabled sensor technologies for real-time reinforced concrete displacement
Y1eprediction, showcasing innovative monitoring capabilities. These investigations highlight the
Y Uimultifaceted landscape of Al-driven approaches to structural deformation analysis, each
Y 1Ymethodology offering distinctive perspectives based on carefully selected input variables.

V1A The application of machine learning (ML) in predicting deflection in reinforced concrete
V14(RC) components has significantly improved the accuracy and generalizability of results and

VV+reduced the interpretability and reliability of the models. Surveys indicate that prior research



YYYfrequently neglected the impact of corrosion in aging structures, mainly depending on
YYexperimental rather than real-world data. A new inference model using data from corroded RC
Y Y¥structures in southern Vietnam improves relevance and accuracy for older buildings, enhancing
VY tdeflection predictions and result reliability.

YYe3 Machine learning techniques

YY1 As mentioned above, the set of individual models, ensemble model, and hybrid Al model
YYYhave been implemented herein in this study. In particular, the individual models and ensemble
YYAmodels is simulated by the virtual personal-based software SPSS [41]. The hybrid Al model is
YYdprogrammed by using Matlab software [42]. The mathematical definition and description of
YA «such individual models, i.e., ANN, support vector machine, Chi-squared automatic interaction
YAdetector, Classification and regression trees, and the generalized linear model, have
YAYoverwhelmingly appeared in many kinds of literature. Hence, such definitions and descriptions
Y AYare succinct. The ensemble model and the hybrid Al model are presented in detail as follows:
YA£3.1 Ensemble model

YAe  The ensemble model is created by combining the best-performing individual techniques [43].
YA1The ensemble yields the first-rank performance among the abovementioned single models. The
Y A¥mathematical expression of the ensemble model can be used ensemble-based function gen(:)
Y AAobtained by a linear combination of single models as follows.

YAgen, ()=>"" ¢;*g() (1)
V4 +where ¢; is the average weight of the linear combination; g(.) is the estimated function, which
Y4\ is defined by a specific algorithm implemented in a numerical procedure.

Y4Y3.2 Hybrid Al model

V4¥3.2.1 Least square support vector regression

Y4¢  Introduced by Suykens, J. A., et al. [23], the LSSVR uses Eq. (2) to build a relationship
Y 4ophetween a response variable and one or more independent variables. In LSSVR, the response
Y47variable y(x)is modeled as a linear combination of the transformed inputs, where x represents
Y4 Vthe input data points in an n-dimensional space, y is the output and ¢ is a transformation that
Y 4Amaps the input data into a higher-dimensional feature space. The parameters wand b represent
Y 44the weight vector and bias term, respectively, crucial for defining the model's linear decision

Y+ +surface in the transformed feature space.
Y y(x) =" g(x)+b )
Y+ Ywhere x €R"; y €R; R represents the set of real numbers; ¢ is mapping the input data into high-

Y+ Ydimensional feature space; w denotes the weight vector, and b is a bias term.
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Y+£  For the regression, LSSVR plays a constrained optimization problem, as shown in Eg. (3).

n

Y +eMinimization of R(w,,b) =%||a)||2 +%CZi g (3)

4 %i
Y+ lsubjectto: v, =@ @(x)+b+s,i=1..,n

Y+ Ywhere C is a user-defined regularization constant, and &; denotes the training data error.

Y+A  Two tuning parameters (C, y) are required to determine for improving LSSVR performance.
Y+ 4Therefore, the following optimization algorithm SHO is applied to define proper setting values
YV.of Candy.

¥113.2.2 Seahorse optimizer

Y'Y  The SHO has three key phases: mobility, predation, and breeding. The SHO algorithm starts
Y1 Ywith the initiation of the population as depicted in Eq. (4):

M X, =X X, x ;%! =rand.(UB; - LB,)+LB;;i=12,..,NP; j=12,..,D (4)
Y)owhere X; is the i candidate solution in NP size of population; D represents the number of
¥ dimension in the search space; LBj and UB;j are the lower and upper bound of the j" variable;
Y\ ¥Yrand is the randomly generator number within [0, 1].

Y A In the movement phase, seahorses generate a new solution by moving in spiral or Brownian

Y Apatterns from their current best solution and previous position.

» Xnew,l XiOId + Levy(/l)((xbest _ XiOId).X-y-Z+ Xbest); |f rl >0 (5)
| XM +rand.L.B.(X™ — B.X,..); otherwise

YYYwhere x=p.cos(0); y=p.sin(0); and z=p.6 are the three-dimensional components to update the
Y Y Ypositions of candidate solutions; & is arbitrarily selected in the range [0, 2x]; u and v equal 0.05;

YYYTr1 is a normal random number; the Levy function is calculated as follows:

YYE Levy(4) =s. O 6)
k|

YYewhere here A is randomly selected from the range [0, 2]; s equals 0.01; w and k denote random

Y Y numbers in the range [0, 1]; o is computed using Eq. (7). St is Brownian motion's random walk

YYvcoefficient. | equals 0.05.
r(1+A4).sin (ﬂ;)
A-1

YY4where I"is the gamma function.

(7)

YY+ Inthe predation phase, seahorses use their uniquely shaped heads to capture prey with a 90%

7



YYsuccess rate. The predation operation is mathematically represented by Eqg. (8).
if ,>0.1

(X —rand. X + (L— @) X poq.; @®)
@L-a).(X™"* —rand.X,,, ) +a.X™"*; otherwise

YYY X new,2 _{ best
rew?
YYYhere X" denotes the newly generated solution from the movement phase; r- is a random

YY ¢variable ranging between 0 and 1; « decreases with each iteration, as defined by t (current) and
YYoT (total iterations) in Eq. (9).

2t

¥ =(1—%jT )

YYY  The breeding phase mimics the reproduction process of seahorses, where new solutions are
YYAgenerated by combining the genetic material of parent solutions (fathers and mothers). This
YY4phase is mathematically expressed as follows:

P
fathers = X2, (1: NTJ

(¥+1: NP); (10)

X{M =X (L)X K =1,2,..NP /2

Y ¢+ ! mothers = X2

sort

Y& YHere, r3 denotes a random number between 0 and 1, and the fathers and mothers are selected
Y ¢Yrandomly from the sorted population after the predation phase. This study employs the SHO
Y ¢Yalgorithm to optimize the hyperparameters of LSSVR models, specifically the kernel parameter
Y ££(y) and the regularization parameter (C), To improve the precision of deflection forecasting for
Y ¢odeteriorating reinforced concrete structural elements.

Y£13.2.3 The proposal model SHO-LSSVR

Y&V This subsection introduces the SHO-LSSVR model, a hybrid that combines LSSVR with the
Y £ASHO algorithm to automatically identify optimal hyper-parameters and construct relationships
Y ¢4petween data inputs and outputs, as shown in Fig. 1.

You <Insert Fig. 1 here>

Ye)  The historical dataset is split into two segments, with 80% allocated for training and 20%
YeYdesignated for testing. To fine-tune the hyperparameters of the LSSVR, the training portion is
YoYfurther divided into training and validation sets at a 7:3 ratio. This distribution guarantees that
Y2£70% of the data is used for model training, with the remaining 30% set aside for validation to

Yooevaluate the model’s effectiveness.

Yel4 Experimental results and discussion



Yev4.1 Data collection and processing

YeA  This method relies on guidelines from Vietnamese standards to conduct detailed surveys
Yeodand measure construction parameters. The investigation encompasses a systematic process: (1)
Y1 .documenting structural characteristics and defining project parameters; (2) developing
YW architectural floor plans; (3) conducting structural inspections and dimensional measurements;
Y1Y(4) extracting material samples to evaluate strength and assess beam system deformations; (5)
YiYanalyzing component surface conditions; and (6) synthesizing collected data for subsequent
Y1 ¢analytical evaluation. By integrating both destructive and non-destructive testing techniques
Yiowith meticulous structural parameter documentation, the research establishes a robust
Y framework for in-depth structural analysis. Structural parameters were assessed in Southern
Y1V¥Vietnam, focusing on buildings constructed before 1975, over 49 years old by 2024, and those
Y Aerected after 1975, younger than 49 years, allowing for accurate structural evaluations.

Y14 The measurement process involves determining the geometric parameters of structural
YV.components using specialized tools. The study focuses on critical beam parameters, including
YV cross-sectional dimensions: height (h) from the bottom to the reinforced concrete floor and
YvY¥width (b) representing the beam's lateral extent and span length (L) measured between column
YV¥centers. Sophisticated non-destructive techniques like ultrasonic and metal detection methods
YVtare employed to identify reinforcement configuration and quantity. Reinforcement diameter (&)
Yveis precisely determined by carefully removing the concrete cover and utilizing calipers with
YVi1imm accuracy, simultaneously enabling gauging of the thickness of the protective concrete
YV¥layer (a) and calculation of the total reinforcement cross-sectional area (As). Positions for
YVAlocally destructive measurements and reinforcement area calculations were strategically chosen
YVv4ato address non-destructive methods' limitations in detecting and accurately measuring
YA+embedded reinforcement, especially in tightly spaced or deeply covered rebar, enhancing
YAYmeasurement accuracy and reliability as discussed by Drobiec, L., et al. [44] and Donkervoort,
YAYJ. [45].

YAY  The tensile strength of reinforcement steel (Rs) is assessed through steel tensile testing,
YAtwhile the compressive capacity of concrete (Rp) is evaluated by conducting compression tests
YAeon concrete samples. For concrete coring in structural testing, locations are strategically chosen
YAlwithin beams to optimally evaluate load-bearing capacity and stress distribution, typically
YAvaround one-fifth of the span (L/5) from the supports on the lower part of the beam. This position
YAAminimizes external disturbances and provides a true representation of the beam's structural
YAdintegrity. According to TCVN 3105:2022 [46], steel samples for tensile tests are extracted

Y4 .directly from the beams, ensuring they reflect the true quality and condition of the material,



Y4 Yunlike manufacturer-supplied samples, which might not accurately represent the in-situ steel's
Y4 Yproperties. Additionally, the project owner can provide detailed information about the steel’s
YA4Yorigin and quality.

Ya¢  With all the collected input parameters (L, b, h, a, As, Ro, Rs) collected, the next step uses
YdoEtabs software to model and analyze internal forces in the beams. Initial calculations (My)
Y4lassess the immediate impact of the total load, while further measurements evaluate the forces
YAaVYunder short-term (M) and long-term (Ms) load effects, with the short-term load calculated as
YAA70% of M1. This approach ensures precise analysis of beam response to various load
Y44environments. Fig. 2 from a psychiatric hospital in Ho Chi Minh City, Vietnam, shows
¥« +reinforced concrete beams with significant sagging, cracking, and signs of concrete spalling
Y+ Yand exposed, rusting reinforcement.

AR <Insert Fig. 2 here>

Y+Y  The study applied comprehensive methods to evaluate concrete strength, adhering to
Y+ tVietnamese standards: TCVN 9334:2012 [30] for measuring heavyweight concrete's
Y+ ecompressive strength via rebound hammer, TCVN 13537:2022 [47] for ultrasonic defect
Y« detection in concrete, and TCXDVN 239:2006 [48] for assessing strength in existing structures.
Y+YAccording to the TCVN 3118:2022 standard [49], concrete cores for compressive strength
¥+ Atesting were extracted through precision drilling and subsequently tested as cylindrical samples
Y+ 4in a laboratory. Fig. 3a shows the drilling activity at a psychiatric hospital in Ho Chi Minh City,
YY) «Vietnam, and Fig. 3b displays the subsequent compression tests on these cores. The study
YYYadhered to the TCVN 9356:2012 [50], which specifies the electromagnetic method for
¥ Ymeasuring the thickness of the protective concrete layer, identifying the position of steel bars,
¥\ Yand determining their diameter within concrete structures. Fig. 3c and d illustrate the removal
¥\ ¢of the outer concrete layer to expose the reinforcement and measure the reinforcement diameter
Y'Y ein reinforced concrete beams. Careful concrete removal is essential to avoid compromising the
Y\ structural integrity of the building.

AR <Insert Fig. 3 here>

YYA  The research evaluates reinforced concrete component deformation and deflection (f) by
YVdadhering to TCVN 5574:2018 standards, integrating comprehensive data from field
Y'Y «investigations, actual loading conditions, material property analyses, and supplementary
YYYdocumentary evidence [51]. To forecast deflection in deteriorating reinforced concrete beams,
Y'Y Ythe research identified seven critical input variables for comprehensive predictive modeling.
YYYFor instance, increasing the diameter of the rebar within the permitted range enhanced its load-

Y'Y ¢bearing capacity and distribution capabilities, which in turn reduced the deflection of the beam.

10



YYoTable 1 presents the influencing factors and deviations, including symbols, minimum and
YYimaximum values, average values, and standard deviations, based on 150 data points. The

Y'Y Vfactors in Eq. (11) are crucial for predicting the deflection of the reinforced concrete beam (f).

FYA <Insert Table 1 here>
2
rraf-b 1 (12)
48 r

ERORORD
r r) \r), \r),

vm[}j Mii103 (13)
r, D

Y¥Ywhere L represents beam span, while (1/r) indicates the overall bending at a segment resulting
Y¥Yfrom the applied load, which causes deflection. (1/r): captures short-term total load curvature,
Y'Y twhereas (1/r)2 accounts for short-term permanent and temporary load interactions, and (1/r)3
Y¥ereflects long-term load effects. The applied moment M and section stiffness D, determined
Y¥iusing TCVN 5574:2018 standards [51], were critical in characterizing the structural

YYYdeformation mechanism.

Y¥A4.2  Model construction and performance evaluation criteria

Y¥4  The IBM SPSS Modeller [41] was used to evaluate the efficacy of the single prediction
Y'¢ «techniques and ensemble models. The modeling stream is illustrated in Fig. 4, which consists
Y¢)of five steps: (i) the input data are added to the source node via the cross-validation algorithm
Y¢Yand will be processed by the attribute filter node; (ii) the numerical predictor node is used to
Y¢Ytrain data; (iii) the nugget node is applied to validate testing data; (iv) combine models is
Y'¢ ¢established via the ensemble node; (v) analytical results are assessed through table and analysis
Y¢enodes.

¥ <Insert Fig. 4 here>

Y¢Y  The parameter settings for single and combined data-driven techniques are default values
Y'¢Aand are selected according to suggested values from the literature [52, 53] and trial and error
Y€ Amethods. The selected parameter values aim to ensure that the predictive models are constructed
Yo .objectively, are easy to operate and deliver satisfactory outcomes in terms of accuracy,
Yelutilization, and effectiveness. For instance, in machine learning models employing the RBF
YoYkernel, the y parameter is crucial as it sets the kernel's width, significantly affecting model
YoYperformance. If y is set too high, it may lead to overfitting; if too low, underfitting may occur.

Yo £This study chooses y based on previous research that identified effective values for comparable

11



Yoescenarios, as the manuscript details. This method guarantees that the model performs accurately
Ye1in real-world applications.

YoV Table 2 displays the calibration parameters for comparative models, including the
YoArecommended optimal settings [53, 54]. Specifically, the ANN-SVR model's predictions were
Yedgenerated by synthesizing outputs from artificial neural networks and support vector regression
Y1 «using predetermined integration coefficients.

AR <Insert Table 2 here>

1Y  This method ensures a more informed decision-making process when choosing models for
Y1 ¥specific tasks. In our analysis, we employed the coefficient of determination (R?), root means
Y1¢squared error (RMSE), mean absolute error (MAE), and mean absolute percentage error
Y1e(MAPE) to evaluate the prediction models comprehensively. These metrics together provide a
Y1 robust measure of both accuracy and error magnitudes. R2 indicates the proportion of variance
Y1Vin the dataset that is predictable from the model, with values nearing one, suggesting high
Y1Aaccuracy. RMSE gauges the average size of the prediction errors, MAE measures the average
Y1 4absolute errors disregarding their direction, and MAPE, presented as a percentage, evaluates
YV+the size of the error relative to the true values. Eqs. (14)—(17) outline the metrics applied,
YY\providing a structured method for evaluating the effectiveness of artificial intelligence (Al)
YYYbased predictive models in this study, thereby enhancing our detailed comprehension of their

YY¥practical applications.

TVER'=1-30 (Y- P )2 /Zinzl(yi _3_/)2 (14)

YVe RMSE = \/(%jZinl(yi -p)’ (15)
1) on

viae <[ ]3Iy - as)

¥VY MAPE = (%) z:“_l[w';—mJ %100 (17)

YVAwhere yi and pi represent the observed and forecasted values, respectively; y represents the

YVimean of the observed values; and n indicates the overall count of data points.

YA+4.3 Results and Comparison
YAY  The SH optimization algorithm, modeled after the behavior of seahorses, optimizes the
YAYhyperparameters of the LSSVR to minimize errors while employing five-fold validation to

Y'AYassess the model's performance [55]. Using this technique, the dataset is divided into five

12



Y'Atsubsets for a five-fold cross-validation, where each subset is used once for testing and four
Y'Aetimes for training across five iterations. Notably, within the training phase, 70% of the data is
Y'Alused for training and 30% for validation. This process is repeated five times, and after each
Y'AViteration, the average performance data is calculated to provide a reliable assessment of the
YAAmodel's effectiveness.

YA4  Table 3 summarizes the performance results predicted by models such as artificial neural
¥4 «network (ANN), support vector machine (SVM), chi-squared automatic interaction detector
Y41 (CHAID), classification and regression trees (CART), generalized linear model (GENLIN), an
Y4Yensemble model, and hybrid Al. The predictability of these Al techniques is evaluated through
Y4Ystandard performance indicators, with cross-validation results displayed in the table for the
Y4 ¢testing phase. The comparison indicates that the CART model is the most effective among the
Y4epaseline Al models for predicting the deflection of corroded RC beams, delivering the best
Y41RMSE, MAE, MAPE, and R? values. Notably, the ensemble model, combining CART and
YAYGENLIN, demonstrated even superior overall performance. The average accuracy for
Y4 Apredictions in Table 3 indicates that the proposed hybrid Al model outperformed all other Al
Y44models in predicting the deflection of corroded RC beams. Fig. 5 further illustrates the
¢+ vevaluation metrics presented in Table 3. The hybrid SHO-LSSVR model achieved the lowest
£+ Yerrors among the compared models, with an average R? of 0.891 RMSE of 1.896 mm, MAE of
€.Y1.198 mm, MAPE of 0.547%, and RMSE of 1.896 mm. The proposed Al model enhanced
¢+ Ypredictive accuracy by 25.3% to 49.9% in MAE and 16.8% to 28.8% in MAPE compared to
¢« tother methods. The integration of SHO and LSSVR provides structural engineers with an
¢« oeffective tool for assessing and planning the maintenance of aging infrastructure. This method

¢+ has proven its accuracy in predicting the deflection caused by corrosion in reinforced concrete

¢+ Ybeams.

LN <Insert Table 3 here>
£.9 <Insert Fig. 5 here>
€Y. <Insert Fig. 6 here>

€YY The comparative analysis of Fig. 6 reveals the predictive capabilities of various artificial
€Y Yintelligence models in estimating deflection for concrete beams subjected to corrosion. Among
£ Ythe evaluated approaches, the SHO-LSSVR methodology demonstrates remarkable precision.
€3 ¢ts performance is distinguished by an exceptional accuracy metric, with maximum absolute
¢ edeviations reaching a minimal 0.0024 mm a stark contrast to alternative models showing

£Ydeviations as high as 2.46 mm. The model's reliability is particularly evident in its consistency

13



£ Vacross test scenarios. In 64% of the evaluation cases, the SHO-LSSVR approach maintained
£YAabsolute deviations under 1 mm, a benchmark that significantly outperforms competing models.
£Y4These competing approaches typically achieved deviation control in less than half of their test
£Y vinstances, typically below 0.5 mm.

£€YY  Computational time, critical for evaluating model efficiency alongside accuracy, was
£YYmeasured for each model, estimating the deflection of corroded RC beams under consistent
£YYhardware conditions. The ANN model had the shortest computing time, taking just 8 seconds.
£€Y£In comparison, SVM, CART, GENLIN, and CHAID required 10 seconds, 10 seconds, 9
¢Yoseconds, and 9 seconds, respectively, all optimized within the IBM SPSS Modeler. The
£Y1proposed hybrid SHO-LSSVR model took 1 minute to complete its computations. Although the
£YVintegration of multiple techniques increases the computational time, this additional time is
£YAjustified by the significant improvements in prediction accuracy offered by the hybrid model.
£€Y3  The current research focused on predicting the deflection of corroded reinforced concrete
£Y «beams using numerical data collected from aging buildings, the integration of LSSVR with the
¢YYseahorse optimizer has shown encouraging results. Although reducing the Kolmogorov
¢Y'Ycomplexity of the dataset is considered a potential way to improve model accuracy, prior studies
£YY[56, 57] have demonstrated that this method is typically more effective with complex datasets.
£Y£Since the dataset in this study is standardized for specific technical applications, reducing its
¢YeKolmogorov complexity does not substantially improve the algorithm's performance. Therefore,
£Y1the study concentrates on refining the algorithm and enhancing the model rather than altering

¢YVthe data structure.

¢YA4.4  Parametric analysis

¢€Y4  To assess the contribution of each input parameter to the output parameter, a parametric
¢ ¢ «analysis was conducted using the hybrid Al model. Leveraging the SHO-LSSVR model's
¢ ¢ Ypotential, researchers conducted a comprehensive investigation to assess how different input
¢ ¢ Yparameter configurations influence the precision of deflection estimates for reinforced concrete
¢ ¢Ybeams undergoing corrosion. The research methodology systematically explored five distinct
¢¢tanalytical scenarios, each probing unique subsets of the eight available parameters. The
¢ £opbjective was to pinpoint the optimal configuration that would maximize predictive accuracy,
£ £with comprehensive results detailed in Table 4. The parameter selection process drew from an
¢ ¢Vextensive foundation of previous scientific investigations and empirical evidence. Structural
¢ ¢ Acharacteristics emerged as critical determinants in deflection prediction, with key factors
¢£dincluding the reinforcement's cross-sectional area, rebar geometric properties, and the

¢o.concrete's compressive strength proving particularly influential in modeling the complex
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¢oYpehavior of corroded reinforced concrete structural elements [29].

¢oY  Table 4 comprehensively presents the performance outcomes from the training and testing
¢o¥phases across multiple analytical scenarios, with the third, fourth, and fifth experimental
¢otconfigurations demonstrating consistently promising results. Inputs such as Xg (reinforcement
¢oogrea), X7 (reinforcement diameter), and Xe (concrete strength) drawing upon established
¢o7research methodologies, these critical parameters have been substantiated as fundamental to
¢oVprecise deflection estimation in corroded reinforced concrete structures. The investigation
¢oAunderscores the paramount importance of strategic parameter selection and nuanced weighting
¢odtechniques, demonstrating their pivotal role in improving the dependability and precision of
£1.computational models in structural engineering applications. For instance, presence or absence
£ of a variable X4 (protective concrete cover) has a notable effect on the accuracy of deflection
€1 Ypredictions in reinforced concrete beams. The research tested various scenarios with differing
£1¥input variables like beam dimensions, reinforcement area, and concrete strength, using the
£€1¢SHO-LSSVR model. Notably, omitting X4, which plays a critical role in preventing
¢1ereinforcement corrosion and maintaining structural integrity, led to significant changes in
¢ prediction accuracy. This highlights the importance of protective concrete cover in accurately
£1Vassessing structural performance.

£TA <Insert Table 4 here>

€14 To further evaluate the stability and applicability of the proposed SHO-LSSVR model, a
£V «parameter sensitivity analysis was conducted on the two key hyperparameters: kernel parameter
€Y\ (y) and regularization parameter (C). During the testing process, one parameter was varied while
£YYthe other remained fixed at its optimal value. The first testing fold (fold 1) was selected for this
¢Y¥analysis. Fig. 7 (a-b) illustrates the predictive outcomes for the initial data subset, demonstrating
¢V tthe impact of two critical tuning parameters on deflection estimation for corroded reinforced
¢Yeconcrete beams. The analysis systematically examined these parameters across carefully
£Ydefined intervals, spanning their established operational boundaries as identified through the
¢YYSHO-LSSVR model's comprehensive five-fold assessment. For instance, Fig. 7a shows the
¢YAprediction outcomes as the regularization parameter (C) varies. The findings suggest that the
¢Ydhybrid SHO-LSSVR model performs optimally when the (C) value is near 50, whereas
¢A«deviations from this value lead to a decline in performance.

EAN <Insert Fig. 7 here>

£€AY45 Discussion
¢AY By incorporating sophisticated machine learning methods, the SHO-LSSVR strategy shows

¢Atenhanced predictive performance relative to conventional Support Vector Regression and
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¢AoArtificial Neural Network techniques:

¢AT By integrating advanced machine learning techniques, the SHO-LSSVR approach
¢Avdemonstrates superior predictive capabilities compared to traditional Support Vector
¢AARegression and Artificial Neural Network methodologies. The research underscores how
¢ Admeticulous parameter optimization can significantly enhance model performance and accuracy.
¢€4+.The innovative SHO-LSSVR approach distinguishes itself by employing a dynamic
€4 Yoptimization strategy that transcends the limitations of conventional Support Vector Regression
¢4Yand Artificial Neural Network models. By leveraging SHO optimization techniques, the model
£4Y¥can adaptively fine-tune parameters, ultimately delivering more precise and robust predictive
¢4 fcapabilities.

¢4 The proposed ensemble prediction system outperforms individual ANN and SVM models
£€47py not only optimizing hyperparameters but also improving the overall efficiency of the
£4Vintegrated models. The hybrid architecture of the SHO-LSSVR model demonstrates a powerful
¢4Asynergy of advanced machine learning techniques, showcasing how integrated computational
¢44approaches can significantly enhance predictive accuracy and model robustness.

©++ The accuracy of the testing folds is highly dependent on the model's ability to self-adjust its
.+ Yhyperparameters. Experimental findings reveal the critical challenges in hyperparameter
° .+ Yselection for predictive models, particularly in complex structural engineering applications like
o+ Yassessing deflection in corroded reinforced concrete beams. The findings confirm that the SHO-
©+ ¢L.SSVR model is an effective instrument for planning structural management, providing

o« oimproved prediction precision, dependability, and considerable savings in costs.
©+15 Conclusions

©+Y  The research introduces an innovative multi-approach machine learning framework
o« Agpecifically tailored to forecast structural deformation in deteriorated reinforced concrete
o+4elements. Leveraging comprehensive empirical datasets, the proposed methodology
) «outperforms conventional single-model and ensemble-based artificial intelligence techniques,
©\offering a more nuanced and accurate predictive approach to structural analysis. The model's
©)Yaccuracy was evaluated using statistical metrics like root mean square error (RMSE), mean
°)Yabsolute error (MAE), mean absolute percentage error (MAPE), and R2 with results
) ¢demonstrating that the hybrid seahorse optimizer and least squares support vector regression
©)eo(SHO-LSSVR) model surpassed all competing models in forecasting deformation in
) deteriorated RC beams.

©)Y  The SHO-LSSVR model utilizes LSSVR to model the relationship between deflection
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©)Ameasurements and input variables, while the SHO refines the LSSVR hyperparameters to
©)4improve accuracy. Researchers validated the predictive model using an extensive dataset
oY «comprising 150 observations drawn from deteriorating residential structures located in southern
°YYVietnam. Through rigorous five-fold cross-validation, the methodology demonstrated
oY Yexceptional predictive capabilities. The performance metrics revealed impressive precision:
°YYroot mean square error of 1.896 mm, mean absolute error of 1.198 mm, mean absolute
oY ¢percentage error of 0.547%, and a coefficient of determination of 0.891. These metrics
°Yeunderscore the model’s practical relevance in civil engineering and its potential adaptability to
°Y1tackle additional engineering challenges beyond deflection prediction in corroded RC beams.

oYY  This study aims to make a significant contribution to civil engineering by (i) proposing a
°YAnovel data-driven model that integrates machine learning with a nature-inspired metaheuristic
°Y4optimization method for widespread practical application, (ii) providing a comprehensive field
°Y.sample dataset to reliably evaluate the performance of ML models in forecasting deformation
°YVin corroded RC beams, and (iii) offering civil engineers a valuable tool to address both current

eYYand future challenges in the field.
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oY1 Appendix

°YVYTable A. Details of 150 data

NO Surveyed Location X1 X2 x3 | xa | x5 | x6 | x7 X8 Y
Location
1 Block Aof Da | 7/X1o-X1storeyl | 6000.0 [ 300.0 | 750.0 | 24.3 | 341.2 | 85 | 246 | 24544 | 9.099
2 Lat market X1/1o-1storey1l | 6000.0 | 300.0 | 750.0 | 25.2 | 446.9 | 85 | 243 | 2454.4 | 11.972
3 DY9-9' storey1 | 3500.0 | 200.0 | 400.0 | 23.4 | 949 | 115 | 19.6 | 1256.6 | 6.558
4 8/C-D storey1 | 3200.0 | 250.0 | 550.0 | 26.3 | 109.1 | 11.5 | 19.4 | 19635 | 2.029
5 Bfgtkﬁafge?a F/9-9' storey1l | 3500.0 | 250.0 | 550.0 | 27.5 | 126.2 | 11.5 | 19.8 | 19635 | 2.829
6 CY9-9'storey 1 | 3500.0 | 200.0 | 400.0 | 28.3 | 77.0 | 115 | 19.7 | 1256.6 | 5.584
7 F/9-9'storey 1 | 3500.0 | 200.0 | 400.0 | 24.7 | 59.4 | 115 | 19.3 | 1256.6 | 4.158
8 Asian 2/B-Cstorey2 | 4800.0 | 250.0 | 500.0 | 28.1 | 71.2 | 13.0 | 24.2 | 9420.0 | 0.875
International
9 School - Cao 5/C-Dstorey2 | 4780.0 | 250.0 | 500.0 | 27.2 | 71.2 | 13.0 | 24.1 | 9420.0 | 0.861
Thang Campus
10 Lam Dong 8/D’-F storey 2 5900.0 | 200.0 | 550.0 | 25.5 | 111.8 | 11.5 | 19.4 | 1472.6 | 9.303
Ethnic Boarding
11 | School - Block A | 2/B-Cstorey2 | 2990.0 | 200.0 | 3000 | 246 | 41 | 85 | 152 | 6283 | 0.802
12 5/A-Bstorey2 | 4960.0 | 100.0 | 3000 | 248 | 2.0 | 85 | 157 | 4020 | 1.736
13 27\;‘\/ T?{‘g ’\(‘;hatl 2/C-Dstorey2 | 3750.0 | 200.0 | 300.0 | 29.8 | 22.1 | 85 | 151 | 804.0 | 5.845
ar , GO

14 Vap District C/4-5 storey 2 3900.0 | 200.0 | 300.0 | 245 | 27.9 | 85 | 154 | 804.0 | 7.420
15 AJ2-3 storey 2 3900.0 | 200.0 | 300.0 | 234 | 269 | 85 | 156 | 804.0 | 7.044
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16 B34storey2 | 3900.0 | 2000 | 3000 | 208 | 212 | 85 | 158 | 8040 | 5.353
17 sports 4/A-Bstoreyl | 60000 | 2000 | 6000 | 222 | 791 | 115 | 192 | 11120 | 7.011
18 equipment- 6/A-Bstoreyl | 47000 | 200.0 | 6000 | 246 | 985 | 11.5 | 19.0 | 1391.0 | 4.464
19 | manufacturing 3/A-Bstoreyl | 43000 | 2000 | 5000 | 239 | 204 | 115 | 193 | 10050 | 1.554
20 factory. 3/A-Bstoreyl | 43000 | 2000 | 5000 | 258 | 514 | 115 | 195 | 1392.0 | 2.978
21 2/K-Gstorey 4 | 60000 | 250.0 | 550.0 | 262 | 188.7 | 85 | 195 | 1885.0 | 13.206
22 2/G-Estorey4 | 6000.0 | 250.0 | 550.0 | 25.3 | 1030 | 85 | 19.7 | 1885.0 | 7.161
23 2/E-Cstorey4 | 6000.0 | 250.0 | 550.0 | 24.2 | 1025 | 85 | 19.6 | 1885.0 | 7.069
24 2/C-Astorey 4 | 6000.0 | 250.0 | 550.0 | 236 | 191.9 | 85 | 19.4 | 18850 | 13.183
25 | CoopMartBinh | 9/K-Gstorey4 | 60000 | 2500 |550.0 | 22.7 [ 1382 | 85 | 19.3 | 18850 | 9.437
26 Tan 9/G-Estorey4 | 6000.0 | 250.0 | 550.0 | 26.1 | 1055 | 85 | 19.3 | 1885.0 | 7.376
27 9/E-Cstorey4 | 6000.0 | 250.0 | 550.0 | 28.4 | 1039 | 85 | 19.8 | 18850 | 7.383
28 9/C-Astorey4 | 60000 | 250.0 | 550.0 | 22.4 | 112.9 | 85 | 19.7 | 18850 | 7.694
29 E/lo-1storey4 | 6000.0 | 200.0 | 450.0 | 25.3 | 29.0 | 85 | 19.4 | 13450 | 4.404
30 E/1-11storey4 | 4500.0 | 200.0 | 300.0 | 234 | 221 | 85 | 154 | 8040 | 7.648
31 B/5-6storey 2 | 30000 | 150.0 | 3000 | 21.2 | 184 | 85 | 152 | 427.0 | 4.989
32 118 Ban Co, B/5-6storey 2 | 3000.0 | 200.0 | 300.0 | 234 | 141 | 85 | 157 | 508.9 | 3.249
Ward 3, District
33 3 HCMC 6/A-Bstorey2 | 30000 | 2000 | 2500 | 225 | 17.7 | 85 | 152 | 427.3 | 7.300
34 6/B-Cstorey2 | 3200.0 | 2000 | 300.0 | 245 | 240 | 85 | 156 | 5089 | 6.378
35 | 1481y Chinh 3/A-Bstorey2 | 32000 | 2000 | 3000 | 234 | 462 | 85 | 158 | 508.9 | 12.092
36 Thang, District B/4-5 storey 1 3200.0 | 200.0 | 300.0 | 22.4 13.9 8.5 154 402.1 | 4411
37 3, HCMC 4IA-Cstorey2 | 35000 | 2000 | 3000 | 268 | 284 | 85 | 152 | 5089 | 9.301
38 10/D-Estorey3 | 5000.0 | 400.0 | 450.0 | 23.7 | 151.0 | 145 | 246 | 27770 | 7.221
39 Egggiht:t”?n o | 2F-Gstorey2 | 50000 | 4000 | 4500 | 224 | 1628 | 145 | 244 | 22800 | 9159
40 | chi Minh city E/10-11storey1l | 5500.0 | 4000 | 450.0 | 24.1 | 1158 | 145 | 24.1 | 25130 | 7.334
41 G/l-2storey2 | 5500.0 | 400.0 | 450.0 | 262 | 151.1 | 145 | 249 | 25130 | 9.737
67 Street 9,
42 Ql?;;f(/\?érbl,nh B/2-3storey 2 | 30000 | 200.0 | 4000 | 246 | 417 | 115 | 152 | 8040 | 3.152
HCMC
291 Street 7,
43 | Binh Tri Dong 3/A-Cstorey2 | 30000 | 2000 | 3000 | 244 | 269 | 85 | 19.7 | 10050 | 3.443
Ward, HCMC
44 | 2Quarter3,Phu | 1/D-Astorey2 | 5000.0 | 4000 | 400.0 | 238 | 1175 | 11.5 | 24.8 | 2513.0 | 8.279
45 MF{CV,\\/Aaéd’ 5/A-Bstorey2 | 50000 | 200.0 | 400.0 | 22.8 | 428 | 115 | 191 | 8040 | 8.837
46 Southern 6a/Ca-Eastorey2 | 5000.0 | 250.0 | 900.0 | 26.7 | 116.2 | 85 | 19.6 | 3928.0 | 0.961
47 Elﬁ%ﬁgy’ Ga/Ca-storey3 | 5000.0 | 250.0 | 900.0 | 24.2 | 111.9 | 85 | 195 | 39280 | 0.916
48 A/l-2storey4 | 42000 | 2000 | 300.0 | 232 | 48 | 85 | 152 | 603.0 | 1.847
49 | 106 D3 Street Al-2storey2 | 4200.0 | 2000 | 3000 | 215 | 206 | 85 | 154 | 603.0 | 7.828
50 Binh Thanh B/l-2storey2 | 42000 | 200.0 | 5000 | 22.8 | 183 | 85 | 152 | 603.0 | 2.130
51 | District HCMC "0/ 5 storey 4 | 42000 | 200.0 | 300.0 | 26.8 | 304 | 85 | 154 | 603.0 | 12.342
52 F/1-2storeyl | 42000 | 2000 | 300.0 | 241 | 305 | 85 | 157 | 603.0 | 11.966
53 20/K3-K4 storey 1 | 3700.0 | 1200.0 | 250.0 | 22.8 | 91.8 | 115 | 19.3 | 2001.0 | 11.392
54 | corridoratTan | 19-20/N storey1l | 3700.0 | 2500 | 350.0 | 26.4 | 46.7 | 115 | 19.6 | 1017.0 | 5.953
55 Son Nhataireort 719-20/G20 storey 3500.0 | 250.0 | 3500 | 225 | 728 | 115 | 195 | 1017.0 | 7.960
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56 4IA-A'storeyl | 52000 | 300.0 |500.0 | 21.9 | 501 | 130 | 191 | 942.0 | 5.407
57 4/B-Cstoreyl | 52000 | 600.0 | 5000 | 20.7 | 132.8 | 13.0 | 19.4 | 1257.0 | 10.085
58 4/A-Bstorey3 | 37000 | 3000 |500.0 | 20.4 | 1006 | 13.0 | 19.6 | 942.0 | 5.441
59 4/C-Dstorey3 | 37000 | 3000 |500.0 | 241 | 945 | 130 | 194 | 9420 | 5.238
60 4/C-Dstorey4 | 5250.0 | 300.0 | 500.0 | 28.4 | 606 | 130 | 192 | 942.0 | 6.954
61 4/A-Bstorey5 | 3750.0 | 300.0 | 5000 | 27.1 | 116.1 | 13.0 | 19.3 | 1257.0 | 5.260
62 | Head office of 4/C-Dstorey 6 | 5200.0 | 300.0 | 500.0 | 26.8 | 155.1 | 13.0 | 19.4 | 1257.0 | 13.485
63 faéc‘?;*ri/t’icl_ gesf'ap 4/B-Cstorey 7 | 5200.0 | 3000 | 500.0 | 25.0 | 1022 | 13.0 | 19.8 | 1257.0 | 8.779
64 | district, Dong 4/B-Cstorey8 | 37500 | 500.0 | 500.0 | 233 | 125.1 | 13.0 | 19.9 | 1473.0 | 4.493
65 | Thap province 4/C-Dstorey8 | 5250.0 | 300.0 | 500.0 | 248 | 121.7 | 130 | 193 | 1659.0 | 8.357
66 4/A-Bstorey9 | 37500 | 5000 |500.0 | 26.4 | 525 | 130 | 194 | 12320 | 2.241
67 4/C-Dstorey9 | 5250.0 | 3000 | 5000 | 253 | 462 | 130 | 19.7 | 829.0 | 5.800
68 4/A-B storey 10 | 3800.0 | 400.0 | 500.0 | 241 | 584 | 130 | 195 | 1659.0 | 2.013
69 4/C-D storey 10 | 1800.0 | 400.0 | 500.0 | 28.6 | 402.6 | 13.0 | 19.4 | 1659.0 | 3.213
70 b195storey 11 | 3800.0 | 300.0 | 5000 | 26.2 | 57.1 | 13.0 | 193 | 628.0 | 4.792
71 4/C-D storey 12 | 4800.0 | 300.0 | 500.0 | 25.1 | 423 | 130 | 19.3 | 10300 | 3.675
72 B/3-4storeyl | 62000 | 300.0 | 5000 | 29.4 | 59.6 | 13.0 | 19.4 | 1030.0 | 8.902
73 B/3-4storey2 | 62000 | 300.0 | 5000 | 251 | 61.9 | 13.0 | 19.3 | 10300 | 8.981
74 B/l-2storey2 | 62000 | 300.0 | 5000 | 26,5 | 635 | 13.0 | 19.2 | 1030.0 | 9.293
75 B/1-2storey3 | 6600.0 | 300.0 | 5000 | 253 | 69.5 | 13.0 | 19.8 | 1030.0 | 11.434
76 B/2-3storey4 | 4800.0 | 300.0 | 500.0 | 234 | 1259 | 13.0 | 195 | 2061.0 | 5.913
7 G e frame B/l-2storey4 | 62000 | 300.0 | 5000 | 26.1 | 781 | 13.0 | 19.3 | 1030.0 | 11.403
78 B/3-4storey5 | 6250.0 | 300.0 | 5000 | 234 | 721 | 13.0 | 19.6 | 1030.0 | 10510
79 B/1-2storey 6 | 6650.0 | 300.0 | 5000 | 28.1 | 68.7 | 13.0 | 19.1 | 1030.0 | 11.699
80 B/2-3storey 13 | 4950.0 | 200.0 | 4000 | 26.1 | 26.9 | 130 | 152 | 402.0 | 9.999
81 B/2-3storey 12 | 4950.0 | 200.0 | 4000 | 246 | 133 | 13.0 | 158 | 4020 | 4.893
82 bl02 storey 11 | 1500.0 | 300.0 | 500.0 | 24.8 | 216.3 | 13.0 | 19.6 | 942.0 | 1.980
83 b92 storey 12 | 1850.0 | 200.0 | 4000 | 248 | 42.6 | 130 | 152 | 8040 | 1.210
84 A2-3storey2 | 51000 | 3000 | 600.0 | 234 | 82 | 130 | 151 | 603.0 | 0.833
85 A/3-4storey2 | 65000 | 600.0 | 600.0 | 228 | 695 | 130 | 154 | 603.0 | 10.483
86 2IA-A'storey3 | 37000 | 600.0 | 600.0 | 234 | 3315 | 13.0 | 19.9 | 4398.0 | 2.887
87 b27 storey 3 3000.0 | 6000 | 600.0 | 223 | 339.2 | 13.0 | 19.7 | 43980 | 1.929
88 2/A-A'storey4 | 37000 | 600.0 | 600.0 | 20.8 | 502.8 | 13.0 | 19.2 | 3770.0 | 4.938
89 UA-A'storey8 | 2750.0 | 500.0 | 600.0 | 23.6 | 458.5 | 13.0 | 24.1 | 40250 | 2.440
90 2IA-Astorey8 | 2750.0 | 500.0 | 600.0 | 24.2 | 491.6 | 13.0 | 245 | 4025.0 | 2625
N | oo rame 3/A-A'storey8 | 27500 | 500.0 | 600.0 | 23.6 | 496.4 | 13.0 | 24.8 | 40250 | 2641
92 3/A-A'storey 8 | 3000.0 | 2000 | 5000 | 28.1 | 847 | 130 | 152 | 4020 | 6.968
03 C/5-5'storey 8 | 3000.0 | 2000 | 500.0 | 246 | 709 | 130 | 152 | 8040 | 3.141
04 b23 storey 9 27500 | 5000 | 5000 | 25.8 | 1944 | 13.0 | 242 | 40250 | 1.501
95 b25 storey 9 2750.0 | 5000 | 500.0 | 26.4 | 2496 | 13.0 | 249 | 40250 | 2.052
96 b27 storey 9 2750.0 | 5000 | 500.0 | 282 | 248.0 | 13.0 | 24.6 | 40250 | 2.067
97 b29 storey 9 3000.0 | 2000 | 5000 | 237 | 468 | 130 | 158 | 4020 | 3.745
98 bS5 storey 9 17500 | 5000 | 500.0 | 26.2 | 89.9 | 13.0 | 248 | 2576.0 | 0.442
99 b156 storey 9 | 30000 | 200.0 | 500.0 | 248 | 56.0 | 13.0 | 153 | 8040 | 2.484
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100 b187 storey 9 3000.0 | 500.0 | 600.0 | 24.7 | 188.1 | 13.0 | 24.2 | 3142.0 | 1.490
101 b126 storey 9 3000.0 | 500.0 | 600.0 | 21.2 | 215.6 | 13.0 | 24.3 | 4025.0 | 1.346
102 b196 storey 10 | 1800.0 | 200.0 | 500.0 | 24.9 | 21.3 | 13.0 | 158 | 603.0 | 0.435
103 b196 storey 11 | 1800.0 | 200.0 | 5000 | 23.1 | 186 | 13.0 | 153 | 603.0 | 0.377
104 b103 storeyl2 | 2000.0 | 200.0 | 400.0 | 21.6 | 456 | 13.0 | 157 | 804.0 | 1.468
105 B/2-3storey 6 | 4800.0 | 300.0 | 500.0 | 24.3 | 121.8 | 13.0 | 19.1 | 804.0 |13.042
106 B/1-2storey6 | 6200.0 | 300.0 | 5000 | 28.1 | 751 | 13.0 | 19.9 | 1030.0 |11.111
107 b102 storey 6 1500.0 | 300.0 | 500.0 | 25.4 | 936 | 13.0 | 19.7 | 1659.0 | 0.527
108 b102 storey 5 1500.0 | 300.0 | 500.0 | 282 | 957 | 13.0 | 19.3 | 1659.0 | 0.550
109 B/2-3storey2 | 4800.0 | 300.0 | 500.0 | 26.7 | 123.8 | 13.0 | 19.5 | 1659.0 | 7.204
110 B/1-2storey1 | 6200.0 | 300.0 | 500.0 | 32.6 | 649 | 13.0 | 19.8 | 1030.0 | 9.912
11 B/2-3storey3 | 4800.0 | 300.0 | 500.0 | 30.4 | 1253 | 13.0 | 19.6 | 1659.0 | 7.488
112 4/C-Dstoreyl | 3700.0 | 3000 | 500.0 | 315 | 97.6 | 13.0 | 19.9 | 1546.0 | 3.715
113 4/B-Cstorey2 | 5200.0 | 300.0 | 500.0 | 24.8 | 127.8 | 13.0 | 19.7 | 1659.0 | 8.611
114 4/C-Dstorey2 | 3700.0 | 300.0 | 500.0 | 27.6 | 125.0 | 13.0 | 19.8 | 13450 | 5.219
115 4/A-Bstorey3 | 5200.0 | 600.0 | 500.0 | 24.8 | 2789 | 13.0 | 24.2 | 2878.0 | 10.633
116 4/A-Bstorey4 | 3700.0 | 600.0 | 600.0 | 20.7 | 574.3 | 13.0 | 24.7 | 4398.0 | 4.922
117 4/B-C storey5 | 5200.0 | 300.0 | 500.0 | 23.8 | 109.2 | 13.0 | 19.8 | 1257.0 | 9.298
118 4/B-C storey 4 | 5200.0 | 300.0 | 500.0 | 24.6 | 126.0 | 13.0 | 19.1 | 1659.0 | 8.477
119 4/A-Bstorey6 | 5250.0 | 300.0 | 500.0 | 21.8 | 1389 | 13.0 | 19.8 | 1257.0 | 11.892
120 b165 storey 7 3750.0 | 300.0 | 500.0 | 248 | 86.8 | 13.0 | 19.6 | 1257.0 | 3.872
121 b18 storey 3 3700.0 | 600.0 | 600.0 | 26.3 | 318.1 | 13.0 | 24.6 | 4398.0 | 2.818
122 4/B-Cstorey9 | 5200.0 [ 300.0 | 500.0 | 27.1 | 525 | 13.0 | 19.7 | 1232.0 | 4.650
123 b123storey 10 | 5200.0 | 300.0 | 500.0 | 26.4 | 80.8 | 13.0 | 19.6 | 9420 | 8981
124 4/C-D storey 11 | 3800.0 | 400.0 | 500.0 | 236 | 38.1 | 13.0 | 19.6 | 1659.0 | 1.311
125 4/C-D storey 12 | 3800.0 | 300.0 | 500.0 | 28.1 | 14.1 | 13.0 | 153 | 628.0 | 1.194
126 b102 storey 3 6200.0 | 300.0 | 500.0 | 20.4 | 143.1 | 13.0 | 19.8 | 1659.0 | 13.279
127 B/2-3storey5 | 4800.0 | 300.0 | 500.0 | 28.2 | 126.0 | 13.0 | 19.2 | 2061.0 | 6.130
128 B/1-2storey 7 | 4800.0 | 300.0 | 500.0 | 22.7 | 119.4 | 13.0 | 19.6 | 2061.0 | 5578
129 B/3-4storey8 | 6250.0 | 300.0 | 5000 | 21.3 | 114.1 | 13.0 | 19.5 | 1659.0 | 10.834
130 B/1-2storey8 | 6200.0 | 300.0 | 500.0 | 26.1 | 137.8 | 13.0 | 19.4 | 1659.0 |13.321
131 B/2-3storey9 | 4800.0 | 300.0 | 500.0 | 21.9 | 106.7 | 13.0 | 19.7 | 1659.0 | 6.002
132 B/1-2storey9 | 6200.0 | 300.0 | 500.0 | 24.3 | 129.8 | 13.0 | 19.3 | 1659.0 | 12.387
133 B/2-3storey 10 | 4800.0 | 300.0 | 500.0 | 28.3 | 101.2 | 13.0 | 19.8 | 1257.0 | 7.573
134 4/B-C storey 4 | 5200.0 | 300.0 | 500.0 | 243 | 126.0 | 13.0 | 19.3 | 1659.0 | 8.459
135 4/C-D storey4 | 3700.0 | 300.0 | 500.0 | 24.6 | 111.7 | 13.0 | 195 | 1659.0 | 3.805
136 4/A-Bstorey5 | 5250.0 | 300.0 | 500.0 | 25.3 | 142.6 | 13.0 | 19.6 | 1257.0 | 12.504
137 4/B-C storey5 | 5200.0 | 300.0 | 500.0 | 22.4 | 124.6 | 13.0 | 19.2 | 1257.0 | 10.508
138 Dong Thap 4/C-D storey5 | 3750.0 | 300.0 | 500.0 | 21.6 | 113.3 | 13.0 | 19.7 | 1257.0 | 4.944
139 | office building 4/B-Cstorey6 | 3670.0 | 300.0 | 500.0 | 24.1 | 66.1 | 13.0 | 19.2 | 942.0 | 3.606
140 4/A-Bstorey8 | 5250.0 | 300.0 | 500.0 | 28.2 | 128.7 | 13.0 | 19.3 | 1659.0 | 9.052
141 4/B-C storey 8 | 5200.0 | 300.0 | 500.0 | 23.4 | 102.2 | 13.0 | 195 | 9420 |11.143
142 4/C-D storey 9 | 3750.0 | 500.0 | 500.0 | 23.8 | 107.2 | 13.0 | 24.6 | 40250 | 1.607
143 b215 storey 9 3000.0 | 500.0 | 500.0 | 242 | 192.7 | 13.0 | 24.3 | 40250 | 1.854
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144 4/C-D storey 10 | 3800.0 | 4000 | 5000 | 264 | 584 | 13.0 | 19.4 | 1659.0 | 2.045
145 bl65storey 11 | 38000 | 3000 | 5000 | 235 | 141 | 130 | 155 | 6280 | 1.160
146 _ blastorey2 | 42000 | 2000 | 5000 | 247 | 188 | 85 | 152 | 6030 | 2213
147 S%zg?t;\?gallz b20storey4 | 4200.0 | 2000 | 3000 | 26.1 | 304 | 85 | 153 | 603.0 | 12.266
148 | Quang Trung, b20storey 1 | 42000 | 2000 | 500.0 | 208 | 244 | 85 | 150 | 6030 | 2.800
149 | GO V:g,\[/l’gt”“' b23 storey 3 4200.0 | 2000 | 5000 | 248 | 154 | 85 | 157 | 603.0 | 1.817
150 b23storey 1 | 42000 | 2000 | 5000 | 265 | 207 | 85 | 154 | 6030 | 2477
YA
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YYY¥Table 1. Statistical values for all attributes
Attributes Unit Min. Max. Avg. Std.
X1 = beam length (L) mm 1500 6650 4343.33 1255.12
X2 = beam width (b) mm 100 1200 308.33 133.92
X3 = beam height (h) mm 250 900 482.67 103.95
X4 = protective concrete cover (a) mm 20.40 32.60 24.82 2.28
X5 = moment acting on the beam (M)  kN/m 2.01 574.29 110.42 106.82
X6 = concrete strength (Rot) MPa 8.50 14.50 11.74 1.97
X7 = reinforcement diameter (&) mm 15.00 24.90 19.19 2.86
X8 = reinforcement area (As) mm? 402 9420 1658.98  1387.02
Y = calculated deflection (f) mm 0.38 13.48 6.01 3.76
vvY
Vv Table 2. Settings for predictive model parameters
Model Parameters Values Notation
Seahorse Population size 20 Np
optimization Maximum iteration 25 Tmax
LSSVR Kernel parameter [107°, 10°] y
Regularization parameter [107°, 10°] C
Regularization parameter 10 C
SVR RBF gamma 0.1 y
Kernel type RBF
Transfer function Sigmoid
ANN Hidden layers 1
No. of neurons in the hidden layer 3
Yve
YV
a%%
YVA
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YYAaTable 3. Performance of single, ensemble, and hybrid Al models for testing data

R2 MAE (mm) MAPE (%) RMSE (mm)
Model Avg. Std. Avg. Std. Avg.  Std. Avg. Std.
ANN (5) 0.816 0.105 3.015 0.662 0.952 0.785 3542 1.215
SVM (3) 0.829 0.091 2932 0517 0.896 0532 3.012 1.017
CHAID (4) 0826 0.103 2971 0.672 00912 0.715 3321 1.123
CART (1) 0.831 0.102 2.023 0.654 0.815 0.612 2.893 1.216
GENLIN (2) 0.830 0.092 2192 0417 0835 0.712 2992 1.291

Combined 2 best

single models 0.878 0.098 1512 0.415 0.678 0421 2572 1.191
(CART+GENLIN)

The hybrid SHO-

LSSVR

VA +Note: The numbers in brackets indicate the ranking of the models based on their performance

0891 0122 1198 0336 0.547 0208 1896 0.823

YA

YAYTable 4. Average prediction results of the hybrid model across various cases

Selected R? MAE (mm) MAPE (%) RMSE (mm)
Case inputs for
. Trainin Testin Trainin Testin Trainin Testin Trainin Testin
weighting g g g g g g g g
Case 1 X1, Xsg 0.902 0.895 2.076 2.012 2.072 2.118 2.621 2.721
Case 2 X1,X7, Xsg 0.892 0.897 1.982 2.008 1.962 1.912 2.608 2.708
Xs, Xe, X7,
Case 3 N 0.906 0.911 1.543 1.812 1.672 1.832 1.982 2.246
8
Xa, Xz, X,
Case 4 0.901 0.892 1.517 1.921 1.811 1.905 2.051 2.515
X7, Xg
X1, X2, X3,
Case 5 Xs, Xe, X7, 0.912 0.905 1.427 1.732 1.342 1.517 1.912 2.365
Xs
YAY
YA¢
YAo
YA
YAY
YAA
YAQ4
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