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A B S T R A C T  
 

 

Accurate estimation of bond strength between concrete and deformed reinforcing bars is essential for the 
stability of reinforced concrete structures, especially in critical regions subjected to heavy loads and 

environmental stresses. Despite intensive experimental studies revealing the complexity of factors 

influencing bond strength, existing predictive models, often reliant on artificial neural networks, have 
limitations in accuracy due to constrained datasets and inadequate representation of real-world stress 

fields. In response, this study pioneers a novel hybrid metaheuristic-optimized neural network model to 

swiftly and precisely predict bond strength under tensile load. Utilizing a comprehensive dataset 
comprising 558 valid experimental outcomes, seven metaheuristic algorithms are employed to optimize 

the ANN architecture. These metaheuristic algorithms include the Weighted Mean of Vectors, Grey Wolf 

Optimizer, Energy Valley Optimizer, Circle Search Algorithm, Artificial Ecosystem-Augmented 
Optimization, War Strategy Optimization, and Brown-Bear Optimization Algorithm. Results 

demonstrate that the developed hybrid models, particularly the artificial neural networks optimized by 

the Weighted Mean of Vectors algorithm, exhibit superior predictive performance. This model also 

demonstrated the lowest miscalibration value, followed by Circle Search Algorithm and Energy Valley 

Optimizer, indicating a high level of reliability. Moreover, comparison with common analytical and 

empirical formulations revealed significant performance improvements of the proposed model, 
achieving a 25% reduction in MSE during the testing phase. Additionally, the Shapley Additive 

explanations and Sobol sensitivity analysis framework was used to interpret the proposed predictive 

model, highlighting key predictors such as cross-sectional area, development length or splice, reinforcing 
bar diameter, and concrete compressive strength.    

doi: 10.5829/ije.2025.38.05b.19 
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1. INTRODUCTION 
 

The interaction between concrete and reinforcing bars is 

a crucial component that supports the robustness and 

usability of concrete structures (1). This bond-complex 

structure has a major impact on structural integrity, 

which makes it a crucial component in guaranteeing the 

affordability and safety of concrete structures (2). Critical 

areas of a reinforced concrete structure are the splice and 

anchorage regions, where the link between the concrete 

and reinforcing bars must survive heavy loads and 

possible environmental stresses (3). The strength of this 

bond determines the structural stability of buildings, 

bridges, and other concrete structures (4). A mistake or 

omission in estimating bond strength could result in 

structural weaknesses, jeopardizing the building's overall 

safety (5). Because of this, engineers and researchers are 

always looking for new approaches and models to 

improve the prediction of bond strength since they 

understand how important it is to the stability and 

longevity of reinforced concrete structures. The intricacy 

of factors influencing bond strength has been revealed via 

years of intensive experimental study (6).  

Because of this relationship's complexity, it is 

extremely difficult to forecast bond strength. Though a 

number of research projects have shown impressive 

results, the hunt for a thorough theory-based model to 

forecast bond strength is still ongoing (7-9). In the lack 

of such a model, empirical descriptive equations that 

approximate binding strength have been developed (8-

10). These formulas, which are the result of regression 

analysis of the experimental data, attempt to capture the 

various elements that affect the bond strength. Even 

though scientists have come a long way in 

comprehending the complexities of bond behavior, the 

area is still without a widely recognized and accurate 

predictive model (11). Machine Learning (ML) is another 

approach that encompasses the utilization of algorithms 

to construct models using available data (12, 13). When 

meticulously developed, these models serve as a means 

to unveil concealed relationships among variables 

influenced by the underlying principles of physics (14, 

15). Researchers have adeptly applied ML algorithms 

across various facets of structural engineering (16), 

demonstrating their effectiveness in predicting pivotal 

parameters like the bond strength between reinforcing 

bars and concrete (17, 18).  

This study introduces a novel hybrid metaheuristic-

optimized neural network model that distinguishes itself 

from existing research. Unlike previous studies that 

primarily utilized traditional Artificial Neural Networks 

(ANNs) with limited optimization techniques, this 

research employs a hybrid model integrating seven 

distinct metaheuristic algorithms—INFO, GWO, EVO, 

CSA, AEO, WSO, and BBOA—to optimize the ANN 

architecture. The hybrid approach results in a significant 

improvement in predictive accuracy, reducing the Mean 

Squared Error (MSE) by 25% during the testing phase 

compared to existing models. Additionally, the study 

leverages an extensive dataset of 558 valid experimental 

outcomes from the Joint ACI-ASCE Committee 408 

database, which is more comprehensive than those 

typically used in prior research. This comprehensive 

dataset allows for more accurate and reliable prediction 

of bond strength by considering a broader range of 

variables. A key innovation is the incorporation of the 

Shapley Additive explanations (SHAP) and sensitivity 

analysisframework for model interpretation. This 

integration provides transparency to the model’s 

predictions by highlighting critical predictors such as 

cross-sectional area, development length, bar diameter, 

and concrete compressive strength, an aspect often 

overlooked in existing studies. Furthermore, the results 

demonstrate that the INFO-ANN model exhibits superior 

predictive performance compared to traditional ANN and 

analytical models. This improvement is attributed to the 

novel hybrid approach, which effectively combines the 

strengths of multiple metaheuristic algorithms. These 

contributions underscore the uniqueness of this research 

and its advancement of predictive modeling in the field. 

The remainder of this paper is structured as follows: 

Section 2 is the literature review; Section 3 presents the 

experimental database; section 4 details the 

methodology, including the design and implementation 

of the hybrid metaheuristic-optimized neural network 

model; section 5 discusses the results, providing a 

thorough analysis of the model’s performance, 

comparison with existing models, interpretation using the 

SHAP framework, and the sensitivity analysis results; 

and section 6 concludes the paper by summarizing the 

key findings, discussing the implications of the results, 

and suggesting potential areas for future research.  

 

 

2. LITERATURE REVIEW 
 

Dahou et al. (19) developed two distinct Artificial Neural 

Network (ANN) models to predict the pullout strength of 

small-diameter bars (0.39 and 0.42 inches). The first 

model, 6-10-1, utilized six input variables and a hidden 

layer with 10 neurons, while the second model, 2-4-1, 

employed only two input variables and four neurons in 

the hidden layer. Both models were trained and tested 

using a dataset of 112 pullout test results, with the 6-10-

1 model demonstrating higher predictive accuracy 

compared to the 2-4-1 model.  

Nguyen et al. (20) examined how corrosion 

influences the strength of the bond between rebar and 

concrete in reinforced concrete structures. To 

comprehend the process underlying the corrosion-

induced decrease of bond strength, the researchers 

performed tension pull-out experiments. Based on the 
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experimental outcomes, they generated a preliminary 

dataset. They added more examples from the body of 

existing literature, so expanding this dataset even further. 

They created a powerful machine learning model called 

the Bayesian Regularized Feed-Forward Neural Network 

(BR-FFNN) to evaluate the bond behavior of corroded 

reinforcement using this extensive dataset. 

Golafshani et al. (21) advanced the integration of ML 

methods with structural engineering by developing 

models using Fuzzy Logic (FL) and ANN to predict the 

bond strength of bars in concrete. These models utilized 

six inputs and one output, considering factors such as 

splice length, relative rib area, and concrete compressive 

strength. The ANN model, featuring a single hidden layer 

with 10 neurons, demonstrated slightly better predictive 

accuracy compared to the fuzzy logic model when tested 

against a dataset of 179 splice beam tests. Both models, 

however, showcased strong predictive capabilities and 

generalization, highlighting the potential of ML 

techniques in enhancing our understanding and 

predictive abilities in structural engineering. 

A complex hybrid model combining a genetic 

algorithm and ANN was presented by Rinchon et al. (22) 

to evaluate the pullout bond strength of bars. Using one 

hidden layer with four neurons and the final bond 

strength as the output parameter, the model incorporates 

six crucial input variables (concrete compressive 

strength, concrete cover, bar diameter, embedment 

length, rib height, and rib spacing). Huang et al. (23) 

concentrated on creating a trustworthy model to forecast 

the strength of the link between concrete and corroded 

reinforcement. In order to predict interface bond strength 

using a variety of input variables, including corrosion 

level, reinforcement diameter, concrete cover ratio, bond 

length ratio, reinforcement yield strength, and concrete 

compressive strength, they compiled data from earlier 

experiments and developed a Back Propagation ANN 

(BP-ANN) model. The 166 groups of pull-out test data 

were used to train and evaluate the model. When 

compared to conventional empirical or semi-empirical 

models, the results demonstrated that the BP-ANN 

model's predictions were more accurate in matching the 

actual values. Sensitivity study revealed that bond 

strength is largely influenced by corrosion level, whereas 

reinforcement yield strength is barely affected. 

Support Vector Regression and ANN models were 

developed by Ahmad et al. (24) for predicting the bond 

strength of reinforced concrete. Essential input 

parameters for the models' design were minimum and 

maximum concrete coverings, bar diameter, splice 

length, and concrete compressive strength. Both the 

ANN models, which is composed of one hidden layer 

with eleven neurons, and the SVR model were subjected 

to rigorous hyperparameter optimization by iterative grid 

searches. A tenfold cross-validation was applied to a 

dataset of 267 test outcomes to evaluate the model's 

effectiveness. Both models excelled in strength 

prediction, but the ANN model was slightly more 

accurate than the SVR model. 

In a collaborative effort, Degtyarev (25) introduced 

created a neural network to forecast the bond strength 

between straight deformed reinforcing bars and concrete 

under tension loading. The model was constructed using 

a vast dataset sourced from the Joint ACI-ASCE 

Committee 408 database. This model utilized 408 

databases from the Joint ACI-ASCE Committee to 

capture the intricate relationships among variables 

influencing bond strength. This initiative substantially 

enhanced the predictive abilities in bond strength 

assessment by leveraging a rich repository of 

experimental data for model development. 

The review of existing literature underscores the 

limited application of ML techniques in predicting bond 

strength, with a predominant reliance on ANNs. Previous 

models often stem from relatively constrained datasets, 

characterized by restricted feature ranges and reliance on 

pullout test specimens. Critically, the latter is cautioned 

against by Joint ACI-ASCE Committee 408 (26), as these 

specimens inadequately reflect the authentic stress fields 

encountered in typical structures. To address these gaps, 

this study aims to develop an efficient hybrid 

metaheuristic-optimized neural network model for swift 

and precise predictions of bond strength, utilizing seven 

distinct metaheuristic algorithms to optimize the ANN. 
 

 

3. EXPERIMENTAL DATABASE 
 

The dataset employed in this investigation was derived 

from the Joint ACI-ASCE Committee 408 database (7, 

26), which encompasses a comprehensive collection of 

635 experimental outcomes pertaining to the 

development length and splice strength of uncoated 

deformed reinforcement bars. This database meticulously 

catalogues a diverse array of design parameters that are 

critical to the assessment of bond strength between 

concrete and steel reinforcement. It encompasses the 

quantification of ultimate tensile stresses in reinforced 

bars, these being ascertained through the analysis of 

beam tests via two predominant methodologies: the 

moment-curvature technique and the working stress 

approach. It is pertinent to note that the analysis 

specifically discounted any test results devoid of values 

needed for the moment-curvature technique and the 

working stress approach, thereby refining the dataset to 

558 valid experimental outcomes. This curation process 

ensures the reliability and specificity of the dataset in 

analyzing the bond strength with a focus on variables that 

significantly impact the structural integrity of reinforced 

concrete elements.  

The variables introduced into the analysis encompass 

a range of geometric and material properties, critical for 

evaluating the bond mechanics between concrete and 

reinforcing steel. These parameters include the length of 
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development or splice ( sl ); the diameter of the 

reinforcing bar (
bd ); the relative rib area (

rR ), serving as 

a quantifier for the mechanical interlock effectiveness; 

the minimum (
minC ) and maximum (

maxC ) concrete 

covers, delineating the protective concrete layer 

thickness around the reinforcement; the number of 

reinforcing bars subjected to development or splicing (

bN ); the count of transverse reinforcements—either 

stirrups or ties—positioned within the specified length of 

development or splice (
sN ); the cross-sectional area of 

the bar under consideration (
bA ); the cross-sectional area 

of each transverse reinforcement element (
tA ); and the 

compressive strength of concrete (
cf ). The focal 

outcome of this analytical framework is the bond force (

bF ), which is extrapolated as a function of the 

aforementioned input variables, thereby providing a 

comprehensive measure of the bond integrity within 

reinforced concrete assemblies.  

Figure 1 shows the correlation between different 

input parameters. The diagonal elements show 

histograms for each individual parameter. The scatter 

plots and correlation coefficients show the relationships 

between pairs of parameters. The correlation coefficient 

values range from -1 to 1. The correlation coefficient of 

0.36 suggests a moderate to strong positive correlation 

between the length of development or the splice and 

diameter of the reinforcing bar. This implies that as the 

length of development or splice increases, the diameter 

of the reinforcing bar also tends to increase. This 

relationship can be attributed to the need for longer 

splices to accommodate larger bars, ensuring adequate 

anchorage and mechanical interlock. There is a slight 

positive correlation between the quantity of reinforcing 

bars and the cross-sectional area of the bar. This indicates 

that structures with more reinforcing bars tend to have 

bars with larger cross-sectional areas. The design might 

aim to distribute loads more effectively and improve the 

structural capacity. There is a moderate positive 

correlation (0.52) between the minimum concrete cover 

and the cross-sectional area of the bar. This suggests that 

as the minimum concrete cover increases, the cross-

sectional area of the reinforcing bar also tends to 

increase. This relationship can be explained by several 

possible reasons: (1) Larger reinforcing bars (with 

greater cross-sectional areas) are often used in critical 

structural elements that require increased protection. 

Consequently, these elements might be designed with 

greater minimum concrete cover to ensure durability and 

protect against environmental factors such as corrosion 

and (2) Increased concrete cover helps in controlling 

crack widths, especially in structures exposed to 

aggressive environments. Larger bars might be 

associated with sections where crack control is crucial, 

necessitating an increase in the concrete cover. 

 
 
4. METAHEURISTIC-OPTIMIZED ARTIFICIAL 
NEURAL NETWORK (ANN) 
 

 

The architecture and parametrization of ANN models, 

particularly the number of hidden layers and connection 

weights between neurons, significantly impact their 

performance (27, 28). Suboptimal architectures can lead 
 

 

 

 
Figure 1. Correlation between different input parameters 
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to issues like underfitting, overfitting, or poor 

generalization, adversely affecting predictive accuracy 

and computational efficiency (27). Optimizing ANN 

designs is crucial for achieving higher performance and 

faster convergence (28, 29). In addition, metaheuristic 

algorithms are powerful global optimization techniques 

inspired by natural or human phenomena, proficient at 

tackling intricate optimization issues with extensive 

search spaces that are challenging for traditional methods 

(29). For complex optimization problems, common 

gradient descent-based backpropagation algorithm and 

other gradient-based algorithms may not always yield 

accurate optimal solutions (30, 31). Hence, researchers 

frequently hybridized machine learning models with 

metaheuristic algorithms to enhance the robustness and 

predictive capabilities of the predictive models (31, 32).  

Metaheuristic algorithms facilitate an effective search 

through diverse hidden layer configurations by exploring 

the solution space and evaluating each candidate 

architecture against predefined fitness criteria. 

Determining the optimal number and size of hidden 

layers is vital for striking the right balance between 

model complexity and generalization performance (28, 

32). Moreover, the optimal weight configuration should 

also be identified to minimize the discrepancy between 

the network's predicted outputs and the actual targets in 

the training data. In this study, metaheuristic algorithms 

are employed to tune automatically the hyperparameters 

of the ANN-based predictive model, e.g., the number of 

neurons in the single hidden layer, connection weights, 

and biases of a shallow neural network architecture. 

Figure 2 shows the flowchart of the proposed 

metaheuristic-optimized ANN models for bond strength 

prediction in reinforced concrete structures. For this 

purpose, seven distinct optimization algorithms, 

including the Grey wolf optimizer (GWO), Energy valley 

optimizer (EVO), Circle search algorithm  (CSA), 

Artificial Ecosystem-Augmented optimization (AEO), 

War Strategy Optimization (WSO), and Brown-Bear 

optimization algorithm (BBOA), are utilized. According 

to Figure 2, during the ANN-based model optimization 

procedure, an effective search is performed for the ideal 

weight values and number of neurons by treating them as 

unknown variables in the optimization process. Details of 

the utilized optimization algorithms are presented in the 

next subsections. 

 

4. 1. Grey Wolf Optimizer (GWO)            The GWO, 

one of these metaheuristic algorithms, is distinguished by 

its efficacy, simplicity, and natural inspiration. GWO, 

which was created by Mirjalili et al. (33), improves 

candidate solutions repeatedly by imitating the social 

structure and hunting techniques of grey wolves. The 

idea of the Grey Wolf Optimizer is to mimic the social 

dynamics and hunting behavior seen in a pack of grey 

wolves. Within their pack, greyhounds naturally display  

 
Figure 2. Flowchart of the optimized ANN model 

 

 

a hierarchical structure, with alpha, beta, delta, and 

omega wolves signifying varying degrees of authority. 

To effectively pursue and catch prey, pack members must 

cooperate and coordinate their hunting approach. In order 

to convert this behavior into an optimization algorithm, 

GWO models possible solutions as members of a wolf 

pack. A position vector that represents a point in the 

search space distinguishes each solution, or wolf. Based 

on the motions of alpha, beta, delta, and omega wolves—

which correspond to the best solutions found so far—the 

program iteratively adjusts these placements. The 

following is a mathematical expression for the Grey Wolf 

Optimizer (33): 

Step 1: Starting Point: Create a population of wolves 

from the beginning, with each wolf representing a 

possible fix for the optimization issue. Assign the wolves 

in the search area with random starting positions. 

Step 2: Assessment of Fitness: Based on where each wolf 

is located in the search space, determine how fit they are. 

The objective function of the optimization problem is 

matched by the fitness function. 
Step 3: Social Structure: Determine the fitness values of 

the alpha, beta, delta, and omega wolves. These wolves 

stand in for the greatest fixes found during the most 

recent iteration. 



N. Safaeian Hamzehkolaei et al. / IJE TRANSACTIONS B: Applications  Vol. 38 No. 05, (May 2025)   1190-1212                        1195 

 

 

Step 4: Exploration as well as Abuse: Three basic 

equations that model exploration and exploitation are 

used to update each wolf's position. Equation 1 updates 

the alpha wolf's location. Equation 2 recalculates the 

beta, delta, and omega wolves' locations. Equation 3 

revises the remaining wolves' locations. 

( 1) ( )X t X t D  + = −    (1) 

( 1) ( )iX t X t D + = −    (2) 

( 1) ( )iX t X t D + = −   (3) 

where ( 1)X t +  represents the updated position of the 

alpha wolf at iteration 1t + , ( 1)iX t +  represents the 

updated position of the i-th wolf at iteration 1t + , ( )X t

represents the current position of the alpha wolf at 

iteration t , D  is a random vector, and ,   and γ are 

scaling factors controlling the exploration and 

exploitation phases. 

Step 5: Boundary Handling: Make sure the wolves' 

updated locations stay inside the boundaries of the search 

area. If required, use the proper boundary handling 

strategies. 

Steps 2 through 5 should be repeated until a termination 

criterion—such as a maximum number of iterations or 

convergence to a workable solution—is satisfied. 

 

4. 2. Energy Valley Optimizer (EVO)          In this 

section, the paradigm of the EVO (34) is explained as a 

complexly designed optimization algorithm explained by 

applying the principles of theoretical physics established. 

In the realm of physical reactions, particles collide to 

generate new particles, and while the majority of 

particles in the universe are assumed to be unstable, a 

subset of stable particles remains unchanged over time. 

Unstable particles undergo decay, emitting energy, with 

varying decay rates across particle types. The concept of 

an energy valley relates to particle stability based on 

binding energy and interactions. Expert observations 

have identified patterns in particle decay. Key challenges 

include determining stability based on neutron (N) and 

proton (Z) counts and the N/Z ratio. A N/Z ≈ 1 indicates 

stability for lightweight particles, while heavier ones 

achieve stability with a higher N/Z value. Particle 

stability levels are influenced by neutron enrichment, and 

particles above the stability bound undergo decay, 

requiring additional neutrons for stability. At the 

beginning of the initial phase, the initialization process 

unfolds, where the solution candidates (
iX ) are 

conceptualized as quasi-particles with different stability 

properties within the defined search space. This search 

space is postulated to be a limited sector of a broader 

cosmic domain: 

1 1

1 1

2

1

1,2.,...,
,

1,2,...,

d

d

n n

n

X
x x

X i n
X

j d
x x

X

 
  

=  = =    =    
 

  
(4) 

,min ,max ,min

1,2.,...,
( ),

1,2,...,

j j j j

i i i i

i n
x x rand x x

j d

=
= + − 

=

  (5) 

where n  refers to the total number of particles and refers 

to the entire set of candidate solution that live in the vast 

universe and serve as defined search space, d  expresses 

the dimension of the problem considered and the scope 

of the variables in play. The symbol 
j

ix  represents the 

decision variable jth used to determine the initial spatial 

configuration of the candidate ith particle. The pairs of 

,min

j

ix  and 
,max

j

ix  represent the lower and upper limits of 

the jth variable within the ith candidate, establishing the 

range of values allowed for the decision variable, 

respectively. The rand symbol represents the uniform 

distribution of random numbers from intervals [0, 1] and 

acts as a stochastic element in the initialization process, 

thus contributing to the diversification of the initial 

position of particles. 

In the next phase of the algorithm, a particle 

enrichment boundary (EB) is determined and serves as an 

important metric for determining the disparity between 

neutron-rich particles and neutron-poor particles in the 

system. This includes the evaluation of the objective 

functions of each particle, thereby determining the 

neutron enrichment level (NEL) shown by each particle. 

The formal expression that encapsulates these aspects is 

expressed as follows: 

1 , 1,2,...,

n

i

i

NEL

EB i n
n

== =


  (6) 

In the specified formulation, iNEL signifies the 

Neutron Enrichment Level exhibited by the ith particle, 

and EB denotes the Enrichment Bound characterizing 

the neutron enrichment levels across the entire 

population of particles within the universe. In the 

subsequent procedural step, the quantification of particle 

stability levels ensues, predicated on the evaluations 

derived from the objective function. The method for 

determining these stability levels is elucidated as follows: 

, 1,2,...,i
i

NEL BS
SL i n

WS BS

−
= =

−
  (7) 

In this context, 
iSL  designates the stability level 

attributed to the ith particle, while BS  and WS  represent 

particles characterized by the most favorable and least 

favorable stability levels within the universal context. 
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These particles correspond to instances featuring the 

minimum and maximum values encountered thus far in 

the evaluation of the objective function. Within the 

primary search loop of the Evolutionary Optimization 

(EVO), if a particle's neutron enrichment level surpasses 

the enrichment bound (
iNEL EB ), indicating the 

potential for decay processes is considered. Towards the 

conclusion of the principal loop in the Evolutionary 

Optimization (EVO), only two fresh position vectors are 

generated for each particle if its enrichment level exceeds 

the predefined enrichment bound. Conversely, if the 

particle exhibits a lower enrichment level, only a single 

position vector, is generated anew. Subsequently, at each 

stage, the newly generated vectors are integrated into the 

existing population, and the superior particles actively 

partake in the ensuing iteration of the algorithm's search 

loop. A flag is established to identify boundary violations 

for decision variables that extend beyond the 

predetermined upper and lower bounds. Additionally, 

termination criteria can include either a maximum 

number of objective function evaluations or a maximum 

number of iterations. 
 

4. 3. Circle Search Algorithm  (CSA)         CSA (35) is 

a metaheuristic algorithm inspired by natural events, 

namely the circular search patterns that some species 

display when they are scavenging or exploring. CSA 

attempts to effectively search the solution space and 

identify potential places where optimum solutions might 

exist by imitating this behavior. The Circle Search 

Algorithm works on the basis of doing circular searches 

inside the solution space iteratively. The algorithm may 

methodically investigate different regions while 

gradually convergent towards promising solutions thanks 

to this circular search technique. Each candidate solution 

is represented as a point in the search space, and the 

algorithm keeps track of a population of these points. 

CSA performs circular searches around each potential 

solution's present position at each iteration. The 

algorithm is able to achieve a balance between exploring 

new regions and exploitation of promising areas by 

dynamically adjusting the circular search's radius based 

on the exploration-exploitation balance. The Circle 

Search Algorithm can be represented mathematically in 

the following way: 

1. Initialization: Create randomly generated positions at 

the beginning of a population of candidate solutions S  in 

the search space. Establish parameters like the maximum 

search radius, the number of iterations, and the 

convergence criteria. 

2. Fitness Evaluation: Based on the optimization 

problem's objective function, assess each potential 

solution's fitness within the population. 

3. Circular Search: In the population S , for every 

potential solution 
is : 1) Based on the exploration-

exploitation balance and the position of 
is  in relation to 

other solutions, determine the search radius, 
ir , 2) To 

investigate nearby areas, do a radial search with radius 
ir

around 
is 's present location, and 3) Using the best 

answer found during the circular search, update the 

location of 
is . 

A formula based on the exploration-exploitation 

balance may be used to dynamically compute the search 

radius (ri) for each possible solution (si). The following 

is one way to modify the search radius: 

max

( )1
i kt c

R
r

e− −
=

+
  (8) 

where 
maxR  is the maximum search radius, k  is a scaling 

factor controlling the rate of adjustment, c  is a constant 

term influencing the shape of the adjustment curve, and 

t   is the current iteration. 

4. Exploration and Exploitation: To strike a balance 

between the exploitation of potential areas and the 

investigation of new ones, dynamically adjust the search 

radius. Heuristics based on the algorithm's performance 

and convergence state or adaptive techniques can be used 

to accomplish this. 

5. Termination Criterion: Steps 2-4 should be repeated 

until a termination requirement is satisfied, such as 

attaining convergence to a workable solution or reaching 

a maximum number of iterations. 

 

4. 4. Weighted Mean of Vectors (INFO)         
Collections of vectors representing various observations, 

measurements, or features are frequently encountered in 

real-world scenarios. These vectors may have different 

degrees of significance or applicability to the overall 

analysis. The Weighted Mean of Vectors (INFO) (36) 

offers a way to combine these vectors into a single 

representative vector while accounting for their 

individual weights. The Weighted Mean of Vectors 

(INFO) functions according to the idea that weights are 

allocated to each vector in the collection according to its 

importance or input. Depending on the particulars of the 

situation, these weights may be established empirically, 

via optimization techniques, or based on past 

information. The Weighted Mean of Vectors (INFO) can 

be mathematically expressed as follows: 

1

1

n

i i

i

n

i

i

w v

INFO

w

−

−



=




  
(9) 

where 
iv  is a vector representing various observations, 

measurements, or features and 
iw is the vector 

corresponding weight, and INFO represents the weighted 

mean vector. To guarantee that the final vector has a unit 

weight, the denominator normalizes the result by adding 

the weights of the vectors that the numerator computed.  
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In some cases, weights can be calculated based on the 

inverse of the variance or uncertainty associated with 

each vector. Let 2

i  represent the variance of the vector 

iv . The weights can be calculated as: 

2 2
1

1 1
/

n

i

ii i

w
 −

=    (10) 

INFO is superior to other aggregation techniques or 

simple averaging in a number of ways. 1) Flexibility: 

Enables weighting systems to be adjusted to represent the 

relative relevance of different vectors; 2) Robustness: 

Able to handle vectors with varying scales and 

dimensions by using the right normalizing methods; 3) 

Interpretability: Gives the concatenated vectors, 

including their weights and values, a clear visual 

representation; and 4) Efficiency: Computationally 

efficient, needing only simple arithmetic operations for a 

simplistic implementation. 

 

4. 5. Artificial Ecosystem-Augmented 
Optimization (AEO)         The intricate dynamics and 

self-organizing characteristics of real ecosystems serve 

as the inspiration for the revolutionary metaheuristic 

method known as AEO (37). AEO explores and exploits 

the solution space of optimization problems repeatedly 

by imitating the concepts of symbiosis, competition, and 

adaptability found in ecosystems. Numerous disciplines, 

including engineering, economics, biology, and more, 

deal with optimization issues. It is frequently difficult for 

traditional optimization methods to navigate high-

dimensional, nonlinear, and multimodal solution spaces. 

Natural events have served as the inspiration for 

metaheuristic algorithms, which have become effective 

instruments for overcoming these difficulties. Among 

these algorithms, AEO optimization stands out for its 

novel methodology, which takes inspiration from the 

dynamic interactions seen in natural ecosystems. 

The principles of real ecosystems, where organisms 

interact with one another and their surroundings to live 

and prosper, provide as the foundation for the conceptual 

framework of Artificial Ecosystem Augmented (AEO) 

optimization. To address optimization issues, AEO 

analyzes the essential dynamics of ecosystems, such as 

symbiosis, competition, and adaptability. Candidate 

solutions are modeled in the AEO framework as 

individuals within a population, much like animals in an 

ecosystem. Through a process of crossover, mutation, 

and selection, these individuals interact with one another 

and change over the course of subsequent generations. 

The AEO optimization algorithm can be 

mathematically formulated as follows: 1) Initialization: 

Establish a population of candidate solutions, each of 

which represents a potential fix for the optimization 

issue. Assign each member of the population a random 

starting position. 2) Assessment of Fitness: Determine 

each population member's level of fitness by looking at 

where they fall in the solution space. The objective 

function of the optimization problem is matched by the 

fitness function. 3) Symbiosis and Competition: Select 

individuals from the population based on their fitness 

scores to serve as parents for reproduction. The 

probability of selection is proportional to the individual's 

fitness. Foster symbiotic relationships amongst people to 

enhance communication and collaboration. Mechanisms 

like crossover and information exchange can help 

achieve this. 4) Encourage individual rivalry to promote 

discovery and avert early convergence. Selection 

processes that favor persons with greater fitness levels 

can be used to mimic competition. 5) Adaptation and 

Evolution: Produce children with a variety of traits by 

utilizing evolutionary operators like mutation and 

reproduction. Provide systems for maintaining 

population control and variety so that people may adjust 

to changing environmental conditions. 6) Termination 

Criterion: Repeat steps 2-4 until a termination criterion is 

met. The equations governing the reproduction and 

environmental interaction processes in AEO can be 

represented as follows: 

-Selection Probability: 

1

i
i N

j

j

f
P

f
=

=



  

(11) 

where
iP  is the probability of selecting an individual i as 

a parent,
jf  is the fitness of the individual i, and N is the 

population size. 

-Mutation Operation: 

'

ij ij ijx x x= +    (12) 

Where 
'

ijx  is the mutated value of the jth gene of the 

individual i , ijx is the original value of the jth gene of 

individual i , and ijx
 is a random perturbation added to 

the gene value. 

-Survival Selection: 

min(1, )
offspring

survival

parent

f
P

f
=

  

(13) 

Where 
survivalP  is the probability of an offspring surviving 

to the next generation, offspringf  is the fitness of the 

offspring, and parentf  is the fitness of the parent. 

 

4. 6. War Strategy Optimization (WSO)        The 

history of humanity has revolved around warfare, and 
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battle tactics have changed dramatically throughout time. 

From open-field battles in antiquity to sophisticated 

tactics and cutting-edge technology in contemporary 

warfare, the objective has always been to maximize 

strategies for victory while reducing losses and resource 

consumption. The way military operations are planned 

and carried out has changed dramatically in recent years 

due to the incorporation of computer methodologies and 

mathematical models. One such development is the 

multilayered WSO algorithm (38), which improves 

military decision-making by utilizing mathematical 

principles and algorithms. 

Fundamentally, WSO uses mathematical models to 

examine a range of variables, including troop 

movements, topography features, enemy behavior, and 

resource distribution, in an effort to solve the complexity 

of combat. Military strategists can learn the best tactics 

and techniques by quantifying these variables and putting 

them into mathematical formula. Using game theory, a 

field of mathematics that examines the strategic 

interactions between rational decision-makers, is a key 

component of WSO. Game theory allows analysts to 

describe conflicts in the context of warfare as strategic 

games in which the decisions made by each player affect 

the outcomes for all sides. Originally designed to help in 

zero-sum game decision-making, equations like the 

minimax algorithm are now used to determine the 

optimal course of action in military situations (38). 

( ) :  ,a bMinimax Algorithm max min Utility a b   (14) 

where a  represents the actions of one player, b  

represents the actions of the opponent, and ( ),Utility a b  

quantifies the outcome based on the actions of both 

players. By iteratively optimizing strategies through this 

algorithm, military commanders can anticipate and 

counter potential enemy moves, thereby gaining a 

strategic advantage on the battlefield. In addition, WSO 

uses mathematical optimization methods to handle 

logistical issues and resource distribution. For example, 

linear programming is used to effectively distribute 

scarce resources like labor, fuel, and ammunition. The 

intended result is represented by the objective function in 

this case, while resource allocations are kept within 

predetermined bounds by constraints. Military planners 

can ascertain the best way to allocate resources in order 

to facilitate combat operations by using linear 

programming models. Furthermore, WSO uses network 

theory to examine the interconnectedness and 

susceptibility of supply chains, communication 

networks, and military infrastructure. Resilience 

algorithms, centrality metrics, and network flow 

equations are used to determine possible weaknesses that 

adversaries can exploit and to evaluate how resilient 

critical infrastructure is: 
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(15) 

Military planners can find critical nodes in a network 

that, if compromised, could seriously affect the enemy's 

capacity to plan and carry out military actions by using 

network theory. Furthermore, WSO combines modeling 

and simulation methods to create plausible scenarios and 

evaluate the possible results of various tactics. To 

replicate troop movements, combat encounters, and 

battlefield dynamics, discrete event simulations, agent-

based modeling, and Monte Carlo simulations are used. 

Before making choices in the field, military commanders 

can use these simulations to investigate "what-if" 

situations, assess the efficacy of alternative plans, and 

reduce risks: 

,( )

( ) (
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Discrete Event Simulation

Events t Events t Ne

− =

=

= − +  w Events

  
(16) 

Military strategists may improve their comprehension 

of combat dynamics, spot possible risks and weaknesses, 

and adjust their operations accordingly by integrating 

simulation and modeling approaches. 

 

4. 7. Brown-Bear Optimization Algorithm (BBOA)        
The BBOA  is a paradigm that is intriguing and draws 

inspiration from the complex workings of nature (39). 

Based on the actions of the brown bear, a powerful 

animal known for its ability to adapt, BBOA is an 

amalgam of biological knowledge and computer 

techniques designed to address challenging optimization 

issues in a variety of fields. Fundamentally, BBOA takes 

its cues from brown bears' foraging habits as they seek 

their surroundings for food sources. Similar to how these 

bears traverse a variety of landscapes in order to obtain 

food, BBOA designs a search strategy that strikes a 

balance between exploitation and exploration in order to 

identify the best answers. The algorithm uses features 

like random exploration and local exploitation to 

effectively converge toward plausible solutions, 

emulating the adaptive methods of brown bears. The 

BBOA can be formulated as follows (39): 
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Given: ( )F x  is the objective function to be minimized or 

maximized, 
ix  is the position of the ith bear in the search 

space, 
bestX  is the best solution found so far, 

iv  is the 

velocity of the ith bear, 
attackP  is the probability of attack, 

and 
scoutP  is the probability of scouting for a new 

solution; the algorithm is: 

1. Initialization: Initialize bear positions randomly 

within the search space. 

2. Evaluation: Evaluate the objective function for each 

bear. 

3. Update 
bestX : Update the best solution found so far. 

4. For each bear i: 

• Calculate velocity (
iv ). 

1( 1) ( ) () ( ( ))i i best iv t v t c rand X x t+ = +   −   (17) 

where 
1c is the learning coefficient and rand() generates 

a random number between 0 and 1. 

• Update bear position (
ix ). 

( 1) ( ) ( 1)i i ix t x t x t+ = + +   (18) 

• Apply attack behaviour with probability (
attackP ). 

( 1) ( 1) () ( ( ) )i i i bestx t x t rand x t X+ = + +  −   (19) 

• Apply scouting behaviour with probability (
scoutP ). 

( 1)i randx t x+ =   (20) 

where 
randx is a randomly generated position within the 

search space. 

5-Repeat steps 2-4 until termination criteria are met. 

 

4. 8. Performance Assessment         To rigorously 

evaluate the machine learning (ML) model's 

performance, a comprehensive assessment was 

conducted employing widely accepted and statistically 

robust evaluation metrics. Specifically, the Mean 

Absolute Error (MAE, Equation 21), Mean Squared 

Error (MSE, Equation 22), and Coefficient of 

Determination (
2R , Equation 23) were utilized. These 

metrics provide a quantitative and objective measure of 

the model's predictive capabilities by systematically 

quantifying the deviations between the observed and 

predicted values across the entire dataset. The MAE and 

MSE metrics offer insights into the average magnitude of 

errors, with the MSE further emphasizing larger errors 

due to the squaring operation. Conversely,
2R  elucidates 

the proportion of variance in the target variable that can 

be accounted for by the model's predictions, thereby 

assessing the goodness-of-fit. Collectively, these 

evaluation criteria furnish a comprehensive and 

statistically rigorous assessment of the ML model's 

performance, enabling informed comparisons and 

facilitating the selection of the most accurate and reliable 

model for the given predictive task. 
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(23) 

where 
iO , 

iP , 
iP , and k  are the measured values, 

calculated values, average of the values, and the number 

of the samples, respectively.  
 

 

5. RESULTS AND DISCUSSION 
 

In the initial phase of neural network architecture design, 

a critical consideration involves the determination of the 

optimal number of neurons within the hidden layer. This 

pivotal task entails the selection of the hidden layer 

neuron count as a variable parameter. Leveraging 

optimization algorithms, the weights of the neural 

network are computed across a spectrum of neuron 

quantities, ranging from 3 to 30. The resultant 

adjustments in the number of hidden layer neurons 

engender variations in performance metrics such as
2R , 

MAE, and MSE. This analysis, depicted in Figure 3, 

elucidates the dynamic interplay between these metrics 

across diverse hybrid algorithms. Each algorithm is 

denoted by an abbreviation followed by "-ANN" to 

signify its integration with ANN. Notably, this evaluation 

phase operates on the training dataset to iteratively refine 

the neural network's configuration. 

These optimization methods have their own 

hyperparameters that significantly influence various 

aspects of the optimization process, including 

convergence, accuracy, and the ability to escape local 

extrema, among others. Here, the default parameters 

proposed in the original papers for each optimization 

method were employed. This approach ensures 

consistency with the authors' recommendations and 

allows for a standardized comparison across different 

techniques. A total of 1000 iterations and a population 

size of 25 were considered for all metaheuristic 

optimization algorithms. In addition, 80 percent of the 

data was randomly used for the training phase, and 20 

percent of the data was allocated for the testing phase. 

The data was normalized and scaled to a range of 1 to -1. 

The search space for the weights and biases is defined 

within the range of -1 to 1, while the number of neurons 

is allowed to vary between 2 and 30. 
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a) AEO-ANN b) CSA-ANN 

  
c) EVO-ANN d) GWO-ANN 

  
e) BBOA-ANN f) INFO-ANN 

 
g) WSO-ANN 

Figure 3. Training performance of the ANN with the change in the number of neurons within the hidden layer 

 

 

5. 1. Comparative Analysis          Table 1 presents the 

performance results of various hybrid algorithms 

employed in the context of an artificial neural network 

(ANN) framework with its optimal neurons. Upon 

scrutiny of the performance metrics, certain observations 

can be made: 
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- AEO-ANN achieved a notably low MSE of 0.00594 and 

low MAE of 0.06038. Its 
2R  score of 0.910 indicates a 

high level of predictive accuracy. 

- CSA-ANN and EVO-ANN exhibit similar performance 

in terms of MSE and MAE, with values around 0.015 for 

MSE and approximately 0.09 for MAE. However, their 
2R score metrics, at 0.774 and 0.773 respectively, 

indicate a slightly lower level of predictive accuracy 

compared to AEO-ANN. 

- GWO-ANN and BBOA-ANN demonstrate comparable 

MSE and MAE metrics, with values hovering around 

0.009 for MSE and 0.07 for MAE. Their 
2R score 

metrics, at 0.871 and 0.853 respectively, signify a 

relatively high predictive accuracy. 

- INFO-ANN stands out with an MSE of 0.00595 and an 

impressively low MAE of 0.05285, matching the 

performance of AEO-ANN. Additionally, its 
2R score of 

0.910 mirrors the high level of predictive accuracy 

observed in AEO-ANN. 

- WSO-ANN exhibits the highest MSE among the 

models, at 0.01633, and also the highest MAE, at 

0.09875. Its 
2R score of 0.753 suggests a comparatively 

lower level of predictive accuracy compared to other 

models. 

Overall, AEO-ANN and INFO-ANN showcase 

superior performance across all metrics, with low MSE 

and MAE values accompanied by high 
2R score metrics, 

indicative of their strong predictive capabilities. 

Conversely, WSO-ANN displays comparatively poorer 

performance across all metrics, indicating its potential 

limitations in predictive accuracy. 
Table 2 displays the results of performance 

measurement during the testing phase. Upon analysis, it 

is discernible that the INFO-ANN model exhibits the 

lowest MSE (0.00615) and MAE (0.05443) values, along 

with the highest 2R  score of 0.929, suggesting superior 

predictive accuracy and model fit compared to other 

algorithms. Following closely, the AEO-ANN model 

also demonstrates competitive performance with a 
 

 

TABLE 1. Models’ comparison in the training phase 

Model 
Metrics 

MSE MAE 2R  

AEO-ANN 0.00594 0.06038 0.910 

CSA-ANN 0.01499 0.09511 0.774 

EVO-ANN 0.01503 0.08594 0.773 

GWO-ANN 0.00854 0.06802 0.871 

BBOA-ANN 0.00970 0.07488 0.853 

INFO-ANN 0.00595 0.05285 0.910 

WSO-ANN 0.01633 0.09875 0.753 

relatively low MSE of 0.00697, MAE of 0.06218, and a 
2R score of 0.906. Conversely, the EVO-ANN model 

displays the highest MSE (0.02079) and MAE (0.10516) 

values, coupled with the lowest 
2R score of 0.720, 

indicating comparatively poorer predictive accuracy and 

model fit.  

The WSO-ANN model similarly exhibits elevated 

error metrics with an MSE of 0.01633 and an MAE of 

0.08945, resulting in a 
2R  score of 0.780. The remaining 

models, namely CSA-ANN, GWO-ANN, and BBOA-

ANN, present intermediary performance measures across 

the metrics evaluated. CSA-ANN and BBOA-ANN 

demonstrate relatively lower MSE and MAE compared 

to EVO-ANN and WSO-ANN, yet slightly inferior to 

AEO-ANN and INFO-ANN. GWO-ANN displays a 

competitive performance with a relatively low MSE of 

0.00869, MAE of 0.06339, and a 
2R score of 0.883.  

Overall, the results suggest that the INFO-ANN 

model outperforms other hybrid algorithms in terms of 

predictive accuracy and model fit, as evidenced by their 

lower error metrics and higher 
2R scores. Figure 4 

illustrates the predictive capabilities of different machine 

learning models on both training and testing datasets. 

Table 3 presents a comprehensive ranking of machine 

learning models based on different performance metrics. 

Each model's rank for MSE and MAE is listed, along 

with their overall performance. It is evident from this 

table that the INFO-ANN model consistently 

outperforms the others, achieving the top rank across all 

evaluated metrics. The AEO-ANN and GWO-ANN 

models also demonstrate strong performance, securing 

the second and third ranks, respectively, for both MSE 

and MAE indices. In contrast, the CSA-ANN and EVO-

ANN models are at the lower end of the ranking, 

indicating relatively poorer performance. The BBOA-

ANN model shows a slight discrepancy, performing well 

in some areas but not as consistently across all metrics, 

as reflected in its fourth and fifth ranks. The WSO-ANN 

model, while reliable, ranks sixth across all metrics. 

 

 
TABLE 2. Models’ comparison in the testing phase 

Model 
Metrics 

MSE MAE 2R  

AEO-ANN 0.00697 0.06218 0.906 

CSA-ANN 0.01157 0.08134 0.844 

EVO-ANN 0.02079 0.10516 0.720 

GWO-ANN 0.00869 0.06339 0.883 

BBOA-ANN 0.01048 0.07371 0.859 

INFO-ANN 0.00615 0.05443 0.929 

WSO-ANN 0.01633 0.08945 0.780 
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a) AEO-ANN b) CSA-ANN 

  
c) EVO-ANN d) GWO-ANN 

  
e) BBOA-ANN f) INFO-ANN 

 
g) WSO-ANN 

Figure 4. Visualization of various ML models prediction 
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TABLE 3. The rank of ML-based models 

Model 
Performance index 

MSE MAE 2R  

AEO-ANN 2 2 2 

CSA-ANN 5 5 5 

EVO-ANN 7 7 7 

GWO-ANN 3 3 3 

BBOA-ANN 4 4 5 

INFO-ANN 1 1 1 

WSO-ANN 6 6 6 

 
 
These rankings highlight the superior performance of the 

INFO-ANN model suggest that it possesses significant 

predictive accuracy and generalization capabilities 

compared to the other models in the study. 

 
5. 2. Uncertainty Quantification          Recent 

breakthroughs in machine learning have significantly 

enhanced predictive accuracy across various disciplines 

(40, 41). Concurrently, the need to tackle inherent 

uncertainties has grown, as confident forecasts are vital 

for informed decision-making (31). This section employs 

the average calibration metric and adversarial group 

calibration metric to evaluate predictive uncertainty 

quantification. To achieve this, the uncertainty 

quantification toolbox is utilized (42). Equations 24 and 

25 denote the average calibration metric and adversarial 

group calibration metric, respectively. 

( )( ) [ ( )] (0,1)x y p xP p E F Q for all p=   (24) 

( ) ( )[ ( )], (0,1)

. ( ) 0

s

a P x y p xP E F Q for all p

and S X s t P S

= 

 

 (25) 

where ( )P p  represents the observed probability,
xE

denotes the expectation over the input variable x, 
yF  is 

the true cumulative distribution function of the target 

random variable y , 
( )p xQ  is the estimated pth quantile of 

the target random variable conditioned on x , 
( )a PP

represents the observed probability under adversarial 

group calibration, s

yF  is the CDF of the target random 

variable, y , conditional on being in the subset S, and

( ) 0P S   ensures that the subset S has a non-zero 

probability mass. 

The average calibration metric is an essential tool for 

assessing a model's uncertainty. During prediction, an α-

prediction interval can be established to encompass 

observed values within a specified α percentage of cases. 

By varying α and calculating the fraction of test data 

within this interval, one can generate a calibration plot. 

This plot maps the predicted proportion of test data 

within the interval on the x-axis against the observed 

proportion on the y-axis. An ideally calibrated model will 

align with the line f(x) = x. The misclassification area, 

the area between the produced curve and the f(x) = x line, 

can be used to define how miscalibrated the developed 

model is. It should be mentioned that a truly accurate 

model would require calibration for each unique case, but 

this is often impractical due to the limited data 

availability. Adversarial group calibration (Equation 25) 

involves creating multiple random subsets from the test 

data, calculating miscalibration for each subset, and then 

reporting the highest miscalibration observed. This 

metric is a more reliable tool to evaluate predictive 

uncertainty quantification in case of limited test data. The 

plot below shows an adversarial group calibration plot for 

developed models as the subset size varies along the x-

axis. The process is repeated multiple times for each 

subset size, and the shaded area represents the standard 

error.  

Notably, a well-calibrated model should consistently 

exhibit low calibration error across all group sizes. Figure 

5 illustrates the mean calibration and adversarial group 

calibration plots for hybrid ANN-optimized models. The 

INFO-ANN algorithm demonstrates the lowest 

miscalibration value of 0.04. Furthermore, it consistently 

shows minimal calibration error across diverse group 

sizes, surpassing other models in individual calibration. 

In contrast, the WSO-ANN algorithm has the highest 

miscalibration value of 0.11, while EVO-ANN and CSA-

ANN both have a miscalibration value of 0.06, ranking 

them second. 

 

5. 3. Comparison with Empirical Models         The 

predictive efficacy of the proposed INFO-ANN bond 

force model is critically evaluated against the forecasts 

derived from established analytical formulations. 

Specifically, comparisons are made with the bond 

strength models articulated by Zuo and Darwin (43) 

(Equation 26) and the model developed under the 

auspices of the Joint ACI-ASCE Committee 408 (26) 

(Equation 27). This comparative study seeks to ascertain 

the relative accuracy and applicability of the INFO-ANN 

model in replicating established empirical bond strength 

predictions, thereby providing a quantitative benchmark 

against conventional bond strength prediction equations 

widely recognized in the domain of reinforced concrete 

research. 

In Equations 26 and 27, 9.6 0.28r rt R= +  and 

0.78 0.22d bt d= + , other parameters were previously 

defined. 
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a) AEO-ANN 

  
b) BBOA-ANN 

  
c) CSA-ANN 
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d) EVO-ANN 

  
e) GWO-ANN 

  
f) INFO-ANN 

  
g) WSO-ANN 

Figure 5. Average calibration and adversarial group calibration plot 
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Figures 6(a) and 6(b), respectively, show the box plot 

and the scatter plot of the results provided by empirical 

models, Equations 26 and 27. For comparison purposes, 

the distributions of the outputs of the proposed optimized 

ANN models are also depicted in these figures. The 

statistical performance indices for both empirical models 

are also presented in Table 4. 

According to Table 4, the MSE for the Zuo and 

Darwin model (43) is 0.0083, while the ACI Committee 

408 model shows an MSE of 0.0082. The 
2R value for 

the Zuo and Darwin model (43)  is 0.880, while the ACI 

(26) model maintains a higher value of 0.890. This 

indicates that the ACI (26) model has a better capability 

to predict and explain the variability in the outcome 

variable. Comparing the performance indices in Tables 2 

and 4, demonstrated that the INFO-ANN model 

outperforms both empirical models provided by Zuo and 

Darwin (43) (Equation 26) and ACI-ASCE Committee 

408 (26). To assess the performance improvement of the 

INFO-ANN model compared to the ACI (26) model, we 

can calculate the percentage change for each metric. The 

INFO-ANN model shows a 25% improvement in MSE, 

indicating significantly fewer errors squared on average, 

suggesting better accuracy in predicting numerical 

outcomes compared to the ACI (26) model. The 

improvement in 
2R  by approximately 4.38% for the 

INFO-ANN model indicates a stronger ability to explain 

the variation in the dependent variable based on the 

independent variables. This metric reflects a more 

consistent and accurate model performance compared to 

the ACI (26). 

 

 

 
a) Distribution of the output variable 

 
b) Scatter plot 

Figure 6. Distribution of the output variable and scatter plot of the modes’ results 
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TABLE 4. The performance of existing empirical models 

Model 
Performance index 

MSE MAE 2R  

Zuo and Darwin (43) 0.0083 0.0556 0.880 

ACI Committee 408 (26) 0.0082 0.0554 0.890 

 
 
5. 4. Interpreting Info-ANN Model             The 

assessment of predictor impacts within a predictive 

model is a foundational pursuit spanning various 

domains, encompassing statistics, machine learning, and 

decision science (44). This evaluative undertaking entails 

meticulous scrutiny, validation, and refinement of the 

model, achieved through a comprehensive understanding 

of each predictor's individual influence on the prediction 

outcome (44). This granular understanding not only 

facilitates the discernment of pivotal components 

steering the forecasts but also enriches the model's 

transparency and reliability. Grounded in game theory 

principles, the SHAP (Shapley Additive Explanations) 

framework (45) presents a structured method for 

assessing the distinct contributions of predictors within 

predictive models. By conceptualizing prediction as a 

cooperative game wherein each predictor assumes the 

role of a player endeavoring to maximize their utility, the 

SHAP methodology assigns significance to the Shapley 

value associated with each predictor. This value 

represents the predictor's average marginal contribution 

across all feasible coalitions, thus quantifying its impact 

on shaping the prediction outcome. Essentially, the 

Shapley value embodies an equitable apportionment of 

the prediction's reward among predictors based on their 

collaborative efforts. SHAP explanations adhere to an 

additive model formulation, as expressed by the ensuing 

equation (45): 

0

1

( )
MC

j

j

e Vec SV SV Vec
=

= +  
(28) 

where Vec  symbolizes a coalition vector that delineates 

the inclusion (denoted by 1) or exclusion (denoted by 0) 

of features within the model. The variable 
MC signifies 

the maximum coalition size allowable within the 

framework. Meanwhile, 
jSV  denotes the SHAP values 

attributed to each predictor within the model. The 

computation of SHAP values relies on a val-function, the 

detailed intricacies of which are expounded by Lundberg 

and Lee (45). This methodological approach affords a 

thorough comprehension of the inner workings of the 

predictive model, enabling insights into the salience of 

individual predictors in influencing the prediction 

outcomes. Within this framework, the INFO-ANN model 

has been specifically selected for integration with SHAP 

functions, aiming to discern the critical components 

steering the forecasts.  

Figure 7 exhibits the average influence of input 

variables on the model's output, utilizing SHAP mean 

values. The visual representation importance of input 

features within the examined framework, highlighting 

the cross-sectional area of the bar (
bA ) as the most 

dominant factor, followed by the length of development 

or splice (
sl ), the diameter of the reinforcing bar (

bd ), 

the count of transverse reinforcements—either stirrups or 

ties—positioned within the specified length of 

development or splice (
sN ), and the compressive 

strength of concrete (
cf ).  

The cross-sectional area of the bar directly influences 

the available surface area for adhesion between the bar 

and the surrounding concrete matrix. A larger cross-

sectional area typically results in a greater interface for 

bond formation, leading to enhanced bond strength. 

Following the cross-sectional area of the bar, the length 

of development or splice holds significance in 

determining bond strength. A longer development or 

splice length allows for more extensive interaction 

between the bar and concrete, facilitating stronger 

adhesion and consequently higher bond strength. 

Conversely, a shorter length may restrict the bond 

interface, potentially reducing bond strength. The 

diameter of the reinforcing bar also plays a crucial role in 

bond strength. A larger diameter bar typically offers 

greater mechanical interlock with the surrounding 

concrete due to increased surface irregularities. This 

results in enhanced bond strength compared to smaller 

diameter bars, which may have a comparatively lower 

interfacial area and therefore weaker bond strength. 

Transverse reinforcements provide lateral confinement to 

the concrete cover, thereby enhancing its ability to resist 

splitting forces and preventing bond failure. A higher 

count of transverse reinforcements typically leads to 

 

 

 
Figure 7. Average impact of input variables 
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improved bond strength by mitigating the risk of concrete 

cover spalling or delamination. Lastly, the compressive 

strength of concrete significantly affects bond strength. 

Higher concrete compressive strength generally 

corresponds to greater interfacial adhesion between the 

bar and concrete matrix, resulting in stronger bond 

performance. This relationship underscores the 

importance of ensuring adequate concrete strength to 

achieve desired bond strength levels in reinforced 

concrete structures (46-48).  

Figure 8 presents a summary plot for the INFO-ANN 

model, where each horizontal marker on the graph 

illustrates how increasing values of various features 

influence the output, distinguishing between high impact 

(red) and low impact (blue) on bond strength of deformed 

bars in concrete. The plot indicates that increments in the 

cross-sectional area of the bar, the length of development 

or splice, the diameter of the reinforcing bar, the count of 

transverse reinforcements within the specified length of 

development or splice, the minimum/maximum concrete 

covers, and the compressive strength of concrete, all lead 

to an increase in bond strength. However, the plot also 

reveals that interpreting the impact of the number of 

reinforcing bars subjected to development or splicing 

becomes challenging due to the overlap of data points. 

This overlap may obscure distinct trends and effects 

directly attributable to the number of reinforcing bars, 

complicating clear inferences from the model output 

about this specific feature. 

 

5. 5. Sobol Sensitivity Analysis (SSA)         Sobol 

Sensitivity Analysis (SSA) (49, 50) is a potent method 

for evaluating how changes in a model's input parameters 

affect its output. The Sobol sequence is used in this 

technique to sample the input space more uniformly than 

more conventional random sampling techniques. 

Decomposing the outcome variance into contributions 

from each individual input parameter and their 

interactions is the main objective of SSA. Sobol indices, 

which measure the percentage of the output variance  

 

 

 
Figure 8. Summary SHAP plot for INFO-ANN model 

related to each input parameter, are used to 

mathematically express this. The total Sobol index 
TiS  

accounts for the contributions of all interactions 

involving 
iX can be expressed as (49):   

( [ | ])

[ ]

i
Ti

V E Y X
S

V Y

−=  (29) 

where [ ]V Y  is the total variance of the model output Y , 

and [ | ]iE Y X −
 is the expected value of Y  given all input 

parameters except 
iX . 

Figure 9 displays the total Sobol index of input 

variables on the model's output. The figure demonstrates 

that the importance of input features aligns well with the 

SHAP results. It highlights the cross-sectional area of the 

bar as the most significant factor. The diameter of the 

reinforcing bar is ranked second, and the length of 

development or splice is ranked third in importance. 

Other parameters, in order of influence, are the 

compressive strength of concrete and the number of 

transverse reinforcements—either stirrups or ties—

positioned within the specified length of development or 

splice. 

 

 

 

Figure 9. Sensitivity analysis plot for INFO-ANN model 

 

 

6. CONCLUSION 
 

This study delves into the critical domain of predicting 

bond strength between concrete and reinforcing bars, 

which is pivotal for ensuring the stability and longevity 

of reinforced concrete structures. The bond-complex 

structure at splice and anchorage regions holds 

significant importance, as it directly impacts the 

structural integrity of buildings, bridges, and other 

concrete structures. The necessity for accurate estimation 

of bond strength is underscored by the potential risks 

posed by structural weaknesses, which could 

compromise the safety of these structures. While 

previous studies have primarily relied on artificial neural 

networks (ANNs) for bond strength prediction, this 

research endeavors to advance the field by introducing a 

novel approach: a hybrid metaheuristic-optimized neural 

network model. The Grey Wolf optimizer (GWO), 

Energy valley optimizer (EVO), Circle search algorithm 
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(CSA), Artificial Ecosystem-Augmented optimization 

(AEO), War Strategy Optimization (WSO), and Brown-

Bear optimization algorithm (BBOA) were employed to 

tune hyper-parameters of the ANN. Leveraging seven 

metaheuristic algorithms for optimization, this study 

seeks to enhance the precision and efficiency of bond 

strength predictions. Key findings include: 

• Model Performance: The INFO-ANN and AEO-

ANN models consistently outperformed others in 

both the training and testing phases. INFO-ANN, in 

particular, exhibited the lowest Mean Squared Error 

(MSE) and Mean Absolute Error (MAE) values, 

along with the highest 𝑅2 scores, indicating superior 

predictive accuracy and model fit. 

• Optimal Neural Network Configuration: The 

optimal number of neurons varied across models 

but generally fell within a specific range that 

balanced computational efficiency and predictive 

performance. 

• Comparative Analysis: When compared to 

traditional models such as those by Zuo and Darwin 

and the ACI Committee 408, the INFO-ANN 

model showed a significant improvement in 

accuracy, highlighting the advantages of 

integrating advanced machine learning techniques 

in predictive modelling. Notably, the INFO-ANN 

model demonstrates a significant improvement in 

predictive accuracy, with a 25% reduction in MSE 

during the testing phase compared to the ACI 

Committee 408 model, along with a 4.38% increase 

in R2, indicating enhanced explanatory power. 

• Uncertainty Quantification: INFO-ANN also 

demonstrated the lowest miscalibration value, 

indicating a high level of reliability in its 

predictions. This is crucial for applications 

requiring high confidence in predictive outcomes. 

Moreover, the CSA and EVO showed the same 

performance and achieved the second rank 

regarding the misclassification value, while the 

WSO had the worst rank. 

• SHAPE-based model interpretation: Average 

influence analysis of input variables showed that 

the cross-sectional area of the bar (
bA ), the length 

of development or splice (
sl ), the diameter of the 

reinforcing bar (
bd ), the count of transverse 

reinforcements (
sN ), compressive strength of 

concrete (
cf ), and the minimum  concrete cover (

minC ), respectively, are the most dominant factors 

and have a positive effect on the bond strength; 

while the maximum concrete cover (
maxC ) and the 

quantity of reinforcing bars subjected to 

development or splicing (
bN ) had the lowest impact 

on the model’s output.  

Despite the promising results of the proposed hybrid 

metaheuristic-optimized neural network models, there 

are a limitation to this study. The models primarily focus 

on certain input parameters such as bar diameter, 

compressive strength of concrete, and transverse 

reinforcement count, potentially overlooking other 

influential factors like environmental conditions or long-

term durability effects that could impact bond strength. 

To address the limitation, future research should aim to 

include a more diverse range of data encompassing 

various environmental conditions and concrete types to 

enhance the robustness and applicability of the models 

across different scenarios. Furthermore, incorporating 

additional predictive variables, such as temperature 

variations, chemical exposure, and long-term load 

effects, could provide a more comprehensive 

understanding of factors influencing bond strength. 

Future studies could also explore the development of 

more computationally efficient models or the application 

of other advanced machine learning techniques, such as 

deep learning or ensemble methods, to improve 

prediction accuracy while reducing the computational 

load. Finally, the integration of real-time monitoring data 

into these predictive models could facilitate their use in 

ongoing structural health monitoring and maintenance, 

ensuring more proactive and reliable infrastructure 

management . 

Overall, this study underscores the importance of 

accurate bond strength prediction in ensuring the safety 

and reliability of reinforced concrete structures. By 

introducing a novel hybrid metaheuristic-optimized 

neural network model and leveraging advanced 

interpretability techniques, this research contributes to 

the advancement of predictive modeling in structural 

engineering. Moving forward, further research can 

explore additional optimization techniques and 

incorporate a wider range of influential factors to 

enhance the precision and applicability of bond strength 

prediction models. 
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Persian Abstract 

 چکیده 
  ی ط یمح  یهاو تنش  نی سنگ  یکه تحت بارها  ی در مناطق بحران  ژهیبتن مسلح، به و  یهاسازه   یداریپا  یبرا  افتهیشکل    ر ییتغ   یلگردهایبتن و م   ن یب  ی مقاومت چسبندگ  قیبرآورد دق

 یهاموجود که اغلب به شبکه   ینیبشیپ  ی هامدل  اند،کرده را آشکار    یعوامل مؤثر بر مقاومت چسبندگ  یدگیچیگسترده که پ   یتجرب  قات ی تحق  رغمی است. عل  یقرار دارند، ضرور

مسئله،   ن ی. در پاسخ به اباشنددارای دقت کافی نمی  ،یتنش واقع   یهادان یاز م  یناکاف  یندگیمحدود و نما  یهامجموعه داده  لیهستند، به دل  یمتک  (ANNs) یمصنوع  یعصب

  ی تحت بار کشش  یکه به سرعت و با دقت بالا مقاومت چسبندگ کندی م یرا معرف یب یترک یفراابتکار یهاتمیشده با الگور یسازنهی به یمدل نوآورانه شبکه عصب کیمطالعه  نیا

 سازنه ی، به(INFO)  بردارها  ی وزن  ن یانگیشامل روش م   یفراابتکار  تمی معتبر، هفت الگور  آزمایشگاهی  جهینت  558مجموعه داده جامع شامل    کی. با استفاده از  کندی م  ینیبش یرا پ

  ی استراتژ   یسازنهی، به(AEO)  یمصنوع  ستمیاکوس  شدهتیتقو  یسازنهی، به(CSA) یارهیدا  یجستجو  تم ی، الگور(EVO)  یدره انرژ  سازنهی، به(GWO)  ی گرگ خاکستر

  ن ی انگ یروش مه  ژیو  به  افته،یتوسعه    یبیترک  یهاکه مدل  دهندی نشان م  ج ی. نتاشد  استفاده شبکه  یسازنهیبه  یبرا (BBOA) یاوهخرس قه  یسازنهی به  تمیو الگور (WSO) جنگ 

. علاوه بر  است نانی از اطم ییسطح بالا گر بیاند، که ندمقدار عدم تطابق را نشان دا نی کمتر  EVOو CSA و پس از آن  INFOالگوریتم دارند.  بهتریعملکرد ، بردارها یوزن

نتایج  بررسی  همچنین،  در مرحله آزمون منجر شد.   MSE یدرصد  25را نشان داد که به کاهش    یشنهادیبهبود قابل توجه عملکرد مدل پ  ج،یرا  تجربی  روابطبا    سهیمقا  ن،یا

و مقاومت    کنندهتیتقو  لگردی، قطر مگسترش )اتصال(، طول  میلگرد  سطح مقطع  نشان داد که متغیرهایی،  نیبش یمدل پ  ر یتفس  یبرا   SHAPبه همراه روش    ت یحساستحلیل  

    .باشندمی مدلکلیدی  یهاکنندهی نیبش یپبتن  یفشار
 


