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1. Introduction 

 
Nondestructive Testing (NDT) methods are precious for 

determining the mechanical properties of masonry materials 
without causing damage to the structure. These techniques 
allow engineers and researchers to assess the quality, 
strength, and integrity of masonry materials such as bricks, 
stones, and mortar without removing or destroying any 
parts of the building or even structural dynamic response 
reconstruction (Shu et al. 2025). The structure’s present 
damage state must be understood to estimate the remaining 
service life (Asteris et al. 2020, Koopialipoor et al. 2022, 
Zhao et al. 2024). Various standards offer various methods 
for keeping tabs on the condition of ancient buildings. Most 
recommendations, however, advocate a minimal intervention 
strategy that maintains structural integrity. The ICOMOS 
(Charter 2003) standards usually forbid doing irreversible 
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harmful testing on antique structures that have historical 
significance. Core extraction is not recommended for 
historic sites with artwork, paintings, or graffiti on their 
walls since it might harm them (Faghfouri et al. 2023). 
Many masonry structures, mainly historical or heritage 
buildings or flexible bridges, cannot be subjected to 
destructive testing (Sun et al. 2025). NDT methods allow 
for assessing mechanical properties without compromising 
the structure’s integrity. Integrating NDT data with several 
testing methods for older buildings is advised to identify the 
parameter of interest. The data from nondestructive testing 
must be transformed to provide relevant damage indicators. 
Furthermore, taking core samples from the structure may 
give inaccurate findings if the samples are not 
representative. Techniques for NDT help determine the 
masonry material’s mechanical properties and the overall 
level of damage. Utilizing NDT methods to evaluate 
structural damage helps save costs, time, and aesthetics. 

The compressive strength of masonry is crucial for 
understanding its ability to support loads. It is the most used 
condition indicator for determining the state of masonry 
constructions’ deterioration. The compressive strength of a 
structure is affected by its age, the durability of its 
constituent parts (brick and mortar units), the thickness of 
the mortar joints, and the level of craftsmanship used 
(Köksal et al. 2005). The right choices may be made to 
repair, refit, and rehabilitate a building to extend its service 
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Abstract.  This study presents a comparative analysis of three nature-inspired algorithms—Black Hole Algorithm (BHA), 
Earthworm Optimization Algorithm (EWA), and Future Search Algorithm (FSA)—for predicting the compressive strength of 
masonry structures. Each algorithm was integrated with a Multilayer Perceptron (MLP) model, using a structural dimension, 
rebound number, ultrasonic pulse velocity, and failure load dataset. The dataset was divided into training (70%) and testing 
(30%) subsets to evaluate model performance. Root Mean Square Error (RMSE) and the coefficient of determination (R²) were 
employed as statistical indices to measure accuracy. The BHA-MLP model achieved the best performance, with an RMSE of 
0.04731 and an R² of 0.9995 for the training dataset and an RMSE of 0.06537 and an R² of 0.99877 for the testing dataset, 
securing the highest overall score. FSA-MLP ranked second, demonstrating strong predictive performance, followed by EWA-
MLP, which performed with lower accuracy but still showed valuable results. The study highlights the potential of using these 
nature-inspired optimization algorithms to enhance the predictive accuracy of compressive strength in masonry structures, 
offering insights for engineering and policymaking to improve structural safety and performance. 
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life if the damaged sites are understood. NDT methods can 
estimate this property by analyzing surface hardness or 
material density. 

Brick or stone masonry of various sizes was formerly 
used to build masonry constructions. Masonry constructions 
may range in size from modest huts to substantial structures 
like forts and castles (Yoon and Lee 2023). Chen et al. 
(2024) focus on enhancing the ultimate bearing capacity of 
these composite structures, which combine steel’s strength 
with concrete’s ductility. Through experimental testing, the 
study evaluates how the reinforced concrete filling 
improves load-bearing capacity, delays buckling, and 
increases overall flexibility and stability. The results 
highlight the effectiveness of high-ductility concrete in 
reinforcing thin-walled steel tubes, making them suitable 
for applications requiring high strength and flexibility, such 
as in seismic-prone regions. Removing core samples is 
costly in determining the compressive strength of historic 
structures that have already sustained damage. According to 
Masi and Chiauzzi (2013), NDT might drastically decrease 
the total number of concrete cores that need to be removed, 
lowering costs and maintaining the structural integrity of 
the reinforced concrete structure. Indirect test results from 
NDT are employed to calculate compressive strength. The 
rebound hammer test measures a material’s hardness 
(rebound hammer value RH) and is non-destructive. Brick 
masonry’s compressive strength ( 𝑓௖ ) and hardness are 
connected (Brencich and Sterpi 2006). Since the rebound 
hammer test does not directly provide the compressive 
strength value, it is an indirect test. Ultrasonic pulse 
velocity (UPV) for precisely determining concrete 
compressive strength and elastic modulus in concrete 
specimens has become more common (Bogas et al. 2013, 
Sabbağ and Uyanık 2017, Zhou et al. 2020). 

In modern construction, it is essential to consider the 
technical aspects of structural performance and the broader 
socioeconomic and environmental impacts (Ali et al. 2024), 
optimization of multi-material active structures to reduce 
energy consumption and carbon footprint (Kardani et al. 
2022, Wang and Sigmund 2023, 2024), or understanding 
and evaluating the structural behavior and mechanical 
performance of Glulam (glued laminated timber) 
connections that use slotted-in steel plates and multiple 
bolts. (Cao et al. 2024) 

Smart structures are increasingly recognized for their 
potential to optimize resource efficiency and minimize 
environmental footprints. Socioeconomic indicators, such 
as construction costs, labor efficiency, and long-term 
maintenance, are critical in determining the feasibility of 
adopting advanced materials and techniques in the industry. 
For instance, in-wall design, special attention must be given 
to areas (also called thermal bridges) where heat transfer is 
likely to increase (e.g., around windows, doors, or joints). 
These areas can lead to higher heat loss without proper 
insulation or design. Some scholars used numerical 
simulation to find relations between heat transfer (a critical 
factor in concrete masonry wall design, influencing 
decisions about wall materials, thickness, and insulation) 
(Haddadvand et al. 2024, Sohrabi et al. 2024). 

Integrating metaheuristic optimization algorithms into 

the design and management of intelligent structures can 
drive cost reductions by improving material utilization and 
enhancing the longevity of structures, thereby reducing the 
need for frequent repairs or replacements. Environmental 
indicators, such as carbon emissions, energy consumption, 
and the use of sustainable materials, are also central to the 
study. As construction activities are among the most 
significant contributors to global carbon emissions, 
optimizing compressive strength through advanced 
computational techniques can develop more durable and 
resilient structures, thus reducing material waste and energy 
consumption. Including such indicators in this study 
underscores the growing need for sustainable construction 
practices, aligning with global objectives for reducing 
environmental impact and promoting socioeconomic 
growth through more intelligent, more efficient building 
systems (Poorisat et al. 2024). 

Armaghani et al. (2021) investigated using two 
nondestructive testing methods to estimate granite’s 
unconfined compressive strength (UCS). By focusing on the 
Schmidt hammer rebound value and the ultrasonic pulse 
velocity, the study demonstrates that these two easily 
measurable parameters can provide accurate predictions of 
granite’s UCS. The research highlights the efficiency of 
using minimal nondestructive test data to estimate rock 
strength, offering a practical and cost-effective approach for 
geotechnical applications and minimizing the need for 
extensive destructive testing. In addition, Alkayem et al. 
(2023) provide a comprehensive review of the latest 
advancements in the use of machine learning (ML) and 
deep learning (DL) for predicting the behavior of concrete 
and FRC when exposed to high temperatures. The review 
highlights how these techniques improve the accuracy of 
predicting crucial properties such as compressive strength, 
thermal resistance, and durability under extreme conditions. 
The paper discusses the benefits of ML/DL models over 
traditional methods, addressing their ability to handle large 
datasets and complex material behaviors. It also outlines 
current challenges and potential future directions, 
emphasizing the need for more data and improved model 
generalization to enhance predictions in real-world 
applications. 

Lu et al. (2017) proposed a mathematical model to 
describe how concrete behaves under dynamic (rapidly 
applied) uniaxial loads, such as those experienced during 
impacts, explosions, or earthquakes. This criterion accounts 
for the fact that concrete’s strength can increase under 
dynamic loading conditions compared to static loading. 

Using Artificial Neural Networks (ANN) for estimating 
the compressive strength of masonry buildings is a practical 
approach due to ANN’s ability to model complex, non-
linear relationships between input variables and target 
outputs (Wang et al. 2024, Wu et al. 2024, Ye et al. 2024). 
A shorter learning curve, more accessible analysis, better 
prediction accuracy, and flexibility in response to the 
compressive strength of masonry buildings are further 
benefits of ANN methods over other approaches, such as 
statistical techniques and simulation. This work provides an 
example of using the ANN approach to compressive 
strength of masonry buildings. The input layer of an ANN’s 
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computational architecture accepts environmental patterns 
as input, while the output layer shows a reaction to 
environmental circumstances (Ahmadi Dehrashid et al. 
2024, Moayedi et al. 2024, Moayedi and Le 2024b). More 
layers link input and output while staying covert and 
avoiding direct contact with the outer world. Input weights, 
biases, and transfer functions make up these parameters. To 
train a neural network, adjust the weights until the expected 
and actual outputs are almost identical. The interactions 
between the input, hidden, and output layers shape a neural 
network model. Feedforward, competitive, recurrent 
associative memory and semantic segmentation networks 
are among the several types of networks most often 
employed in ANN applications (Moayedi et al. 2022, 
Moayedi and Khasmakhi 2022, Wang and Sigmund 2023, 
Chai et al. 2024). A specific set of learning principles could 
apply to each kind of network. Reinforcement (or graded) 
learning rules, unsupervised learning rules, and supervised 
learning rules are the three broad categories of learning 
rules. Readers with various levels of technical expertise 
may comprehend the neural network theory described by 
Zurada (1992) since it has been studied extensively along 
with the development of the technique. ANN approaches 
are explained in detail and illustrated with examples from 
real-world applications in Hagan et al. (1997) work. 

Christopher et al. (2023) studied self-compacting 
polyester fiber-reinforced concrete and strength prediction 
by ANN. Asteris et al. (2024) developed ANN models to 
predict rocks’ uniaxial compressive strength (UCS) by 
incorporating key parameters  such as porosity, 
compressional wave velocity, and Schmidt hammer rebound 
values. These parameters were chosen due to their strong 
correlation with rocks’ mechanical properties and relative 
ease of measurement in field and laboratory conditions. The 
ANN models were trained using a dataset of rock samples, 
and their predictive performance was evaluated against 
actual UCS values. The results showed that the ANN 
models provided high accuracy in predicting UCS, 
outperforming traditional regression methods. Integrating 
multiple input variables in the ANN models enhanced their 
predictive capability, making them a powerful tool for 

 
 

estimating rock strength in geotechnical and mining 
engineering applications. Asteris et al. (2021) explore the 
application of various machine-learning algorithms to 
predict the compressive strength of cement-based mortars. 
By utilizing input parameters such as the composition of the 
mortar mix, curing time, and environmental factors, the 
study demonstrates how machine learning models, 
including decision trees, support vector machines, and 
artificial neural networks, can accurately estimate 
compressive strength. The findings highlight that machine 
learning techniques outperform traditional predictive 
methods, offering a more reliable and efficient approach for 
optimizing construction and material science mortar 
formulations. 

The compressive strength of masonry and smart 
structures ensures structural integrity, durability, and safety 
in modern construction. While traditional methods of 
assessing and optimizing compressive strength have 
provided valuable insights, they often fail to account for the 
complexity and variability inherent in smart materials and 
systems. Metaheuristic optimization algorithms offer a 
promising alternative by enhancing prediction accuracy and 
optimization capability, particularly when combined with 
machine learning models like MLP. This research addresses 
the growing demand for advanced computational methods 
to optimize smart structures’ performance in response to 
various environmental and load-bearing conditions. Second, 
the study contributes to the limited knowledge of applying 
metaheuristic algorithms—such as FSA, BHA, and EWA—
to structural optimization. By demonstrating that BHA-
MLP offers superior accuracy (R² = 0.9995), this research 
highlights the potential of these methods for improving 
predictive performance over conventional techniques. In 
recent years, numerous studies have explored machine 
learning and metaheuristic optimization techniques for 
predicting the compressive strength of various structures, 
including masonry and intelligent structures. These studies 
aim to improve the accuracy of predictions compared to 
traditional statistical and empirical models (Table 1). 

Moreover, the novelty of this work lies in the systematic 
comparison of these three metaheuristic algorithms, 

 
 

Table 1 A brief overview of relevant research and their error results 
Ref. Case study Methods of study R2 results 

(Mishra et al. 2020a) compressive strength of 
unreinforced brick masonry 

SVR 
ANN 

ANFIS 

0.962 
0.963 
0.985 

(Ronghui and Liangrong 2022) optimization of building material
in construction management 

PSO-train 
PSO-test 

0.9899 
0.9867 

(Algaifi et al. 2021) compressive strength of 
smart bio-concrete 

ANN 
ANFIS 

0.985 
0.986 

(Marani and Nehdi 2020) 
compressive strength for 
phase change materials 

integrated cementitious composites

RFR 
ETR 
GBR 

XGBR 

0.939 
9.957 
0.977 
0.969 

(Alyami et al. 2024) compressive strength of 3D printed
fiber-reinforced concrete 

DT 
RF 
GB 

GEP 

0.987 
0.986 
0.986 
0.98 
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providing engineers and researchers with evidence-based 
insights into the most effective tools for compressive 
strength optimization. As smart structures evolve, this 
research paves the way for more adaptive, intelligent design 
processes, fostering safety and innovation in the 
construction industry. 

 
 

2. Established database 
 
Mishra et al. (2021) indicated that direct compressive 

strength tests are used in a thorough laboratory inquiry to 
assess the compressive strength of brick, mortar, and brick- 

 
 

mortar masonry wallets. Before evaluating the combined 
units, NDT was carried out on masonry wallets and separate 
brick-and-mortar units. Three stages of tests for bricks, 
mortar, and wallets are used to study masonry and mortar 
units (Mishra et al. 2021). The dataset parameters were 
carefully chosen for their direct impact on the compressive 
strength of masonry structures. The combination of 
geometric dimensions, nondestructive test results, and 
failure load provides a comprehensive set of inputs for 
predicting compressive strength with metaheuristic 
optimization algorithms. This selection enhances the 
accuracy of the models and enables compelling predictions, 
which can lead to more efficient and safer structural designs 

(a) Dimension (L) (b) Dimension (B) 
 

 

(c) Dimensions (H) (d) The rebound number (RN) 
 

 

(e) Ultrasonic Pulse Velocity (UPV)(m/s) (f) Failure load (kN) 
 

(g) Compressive strength (N/mm2)

Fig. 1 Variation of input and output parameters; input parameter: (a) Dimension (L); (b) Dimension (B); (c) Dimension 
(H); (d) The rebound number (RN); (e) Ultrasonic Pulse Velocity (UPV)(m/s); (f) Failure load (kN); output 
parameter: (g) Compressive strength (N/mm2)
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in smart systems. Fig. 1 illustrates inputs and output 
parameters. 

The input parameters used in the models and the 
rationale behind their selection are illustrated below: 

Dimension (L) - Length (mm): The masonry structure or 
component length. This parameter is crucial in the 
material’s structural load distribution and stress behavior. 
Length affects the structural stability and load-bearing 
capacity of masonry units. Variations in length can 
influence the overall compressive strength as more 
extended elements may behave differently under load due to 
potential buckling or stress concentration points. 

Dimension (B) - Breadth (mm): The breadth or width (or 
thickness) of the masonry structure or unit. Like the length, 
the breadth influences the load distribution across the 
structure. Breadth, in combination with length, contributes 
to the cross-sectional area of the masonry element, which is 
directly linked to the load-bearing capacity. A wider breadth 
increases the area that resists compressive loads, potentially 
leading to higher compressive strength. 

Dimension (H) - Height (mm): The height of the 
masonry structure or component. Height impacts the 
slenderness ratio of the structure, which is a critical factor 
in determining its susceptibility to buckling or failure under 
compression. Taller structures may have different stress 
distributions than shorter ones, making height a significant 
parameter in the compressive strength prediction model. 

Rebound Number (RN): The rebound number is obtained 
from the Schmidt hammer test, a nondestructive test method 
for evaluating the surface hardness of materials. The 
rebound number directly correlates with the surface strength 
of masonry structures. Higher rebound numbers indicate 
more complex, durable surfaces, often linked to higher 
compressive strength. The RN is commonly used in 
structural assessments due to its simplicity and ability to 
provide rapid surface strength estimations. 

Ultrasonic Pulse Velocity (UPV) (m/s): The UPV 
measures the velocity of an ultrasonic pulse through the 
material, indicating its density and internal integrity. The 
UPV is a crucial parameter for evaluating the quality and 
uniformity of masonry materials. A higher UPV usually 
reflects better material quality, with fewer internal voids or 
cracks, which correlates with higher compressive strength. 
This parameter is handy in nondestructive testing to identify 
defects that might not be visible on the surface but could 
reduce the overall structural strength. 

Failure Load (kN): The failure load is the maximum 
load that the masonry structure can withstand before failure 
(collapse or fracture) occurs. The failure load directly 
reflects the structure’s load-bearing capacity under real-
world conditions. It is a primary indicator of the material’s 
strength under compression. The failure load is essential for 
predicting the compressive strength as it directly represents 
the ultimate capacity of the material under stress. 

Compressive Strength (N/mm²) as the main Output 
Parameter: Compressive strength represents the maximum 
compressive stress the material can withstand before failure. 
It is measured in Newton per square millimeter (N/mm²). 
Compressive strength is the most critical parameter in 
assessing the performance of masonry and intelligent 

structures, especially in load-bearing applications. It 
directly impacts the material’s structural safety, durability, 
and longevity. The goal of the model is to predict this value 
based on the input parameters, providing insights into how 
various physical properties and nondestructive test results 
correlate with the material’s overall strength. 

Each parameter chosen directly or indirectly impacts the 
compressive strength of masonry structures. For example, 
geometric dimensions (length, breadth, height) influence 
structural stability and load distribution. At the same time, 
the rebound number and UPV offer insights into the 
material’s surface hardness and internal consistency, which 
are critical for understanding its compressive behavior. 
Parameters like the rebound number and UPV are derived 
from widely accepted nondestructive testing methods. 
These parameters are popular in structural assessment 
because they allow engineers to evaluate the material’s 
properties without damaging the structure. This is 
particularly useful in smart structures, where continuous 
monitoring is needed to maintain performance. The failure 
load directly measures the structure’s performance under 
compression, providing a real-world benchmark for the 
compressive strength models. The models aim to predict 
compressive strength with higher accuracy by correlating 
the failure load with other parameters. The parameters were 
selected based on their relevance to structural behavior in 
classical and intelligent materials. Engineers and 
researchers have long used these measurements to evaluate 
masonry strength and quality. These parameters were 
chosen due to their accessibility and the practicality of 
obtaining them in real-world testing environments. 
Nondestructive testing methods like UPV and Schmidt 
hammer (rebound number) are common in structural 
engineering, making these parameters practical for large-
scale testing and data collection. The parameters were 
tested for their statistical significance in predicting 
compressive strength. By analyzing the correlation between 
the input variables and the output (compressive strength), 
the researchers ensured that the selected parameters 
contributed meaningful information to the predictive 
models. 

To ensure the replicability of this study, a detailed 
explanation of the data preprocessing steps is crucial. The 
raw dataset used in this research, consisting of parameters 
such as Dimension (L, B, H), Rebound Number (RN), 
Ultrasonic Pulse Velocity (UPV), and Failure Load, was 
preprocessed through the following stages: 

 
• Data Cleaning: The dataset was first inspected for 

missing or erroneous values. Missing values, if any, 
were handled using interpolation methods, and any 
outliers detected during this inspection were 
analyzed to determine their relevance or were 
removed if proven to be erroneous. 

• Normalization: Since the dataset contained 
parameters with different units and scales (e.g., 
dimensions in millimeters, UPV in meters per 
second), normalization was applied to ensure 
uniformity. Min-max normalization was used to 
scale the values of all input parameters between 0 
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Table 2 Mean, minimum, maximum, and std values of data 
parameters 

 

D
im

en
sio

n 
(L

) 

D
im

en
sio

n 
(B

) 

D
im

en
sio

n 
(H

) 

Re
bo

un
d 

nu
m

be
r 

(R
N

) 
U

ltr
as

on
ic

 P
ul

se
 

Ve
lo

ci
ty

 (U
PV

) 
(m

/s)
 

Fa
ilu

re
 L

oa
d 

(k
N

) 

Co
m

pr
es

siv
e 

St
re

ng
th

 (N
/m

m
²) 

Mean 52.0 12.3 42.9 34.0 2191 206.17 3.24045
Min 51.0 11.5 41.8 24.6 1458 68.050 1.090
Max 53.5 14.5 45.0 41.7 2870 365.27 6.070
Std. 

Deviation 0.58 0.75 1.16 4.51 460.7 89.0 1.46
 

 
 
and 1, which prevents any one parameter from 
disproportionately influencing the model’s training 
process. 

• Feature Selection: All input parameters were 
retained as each had a significant contribution to the 
prediction of compressive strength. No additional 
feature selection methods were applied as the 
parameters were predetermined based on domain 
expertise and prior studies. 

• Data Splitting: The dataset was randomly split into 
training (70%) and testing (30%) sets to evaluate the 
models’ performance unbiasedly. The split 
maintained the integrity of the data distribution to 
ensure that the training set represented a broad range 
of scenarios for model learning, and the testing set 
allowed for a fair assessment of predictive 
performance. 

• Data Augmentation (if applicable): In cases where 
the dataset was limited, synthetic data generation 
techniques such as SMOTE (Synthetic Minority 
Over-sampling Technique) were considered to 
ensure that the model had sufficient data for training, 
particularly for scenarios with underrepresented 
structural configurations. 

 
Following the above data preprocessing steps, the 

models were trained and tested on a normalized, well-
distributed dataset, ensuring high accuracy and reliability in 
predicting compressive strength. These steps are 
fundamental for replicating the results and can serve as a 
guideline for future research using similar datasets and 
methodologies. 

 
 

3. Methodology 
 
The approach included several crucial elements to 

guarantee the accuracy of the susceptibility prediction. Fig. 
2 depicts the methodology’s process from data collection 
through susceptibility prediction. The preparation and 
collection of relevant data required for modeling the 
compressive strength of masonry structures; the collection 
of data from field experiments observed regarding this 
strength; the modeling of this strength using the BHA-MLP, 

EWA-MLP, and FSA-MLP models; and the performance 
assessment of the models. 

In selecting the nature-inspired algorithms—Black Hole 
Algorithm (BHA), Earthworm Optimization Algorithm 
(EWA), and Future Search Algorithm (FSA)—this study 
aimed to leverage their unique strengths in solving complex 
optimization problems. These algorithms were chosen over 
others based on their distinctive features and proven 
effectiveness in handling non-linear, multi-dimensional 
optimization tasks, which are crucial for predicting 
compressive strength in masonry structures. 

The BHA was chosen for its simplicity and efficiency in 
converging to optimal solutions. Inspired by the concept of 
black holes in space, this algorithm mimics the gravitational 
pull that attracts neighboring stars. The advantage of BHA 
lies in its ability to exploit a solution space effectively while 
avoiding local optima—a critical feature for predicting 
compressive strength where the search space is vast and 
complex. Additionally, BHA has a robust exploration 
mechanism ensures a comprehensive solution space search, 
making it ideal for highly dynamic and uncertain 
environments such as intelligent structures. The black hole 
represents the best solution, and as the algorithm iterates, it 
pulls other candidate solutions (stars) toward it. Poor-
performing solutions are eliminated, mimicking how stars 
crossing the event horizon are absorbed by the black hole, 
allowing the algorithm to focus on the most promising areas 
of the solution space. 

The EWA was selected for its robust local search 
capability, inspired by the natural behavior of earthworms 
moving through the soil. This algorithm is particularly 
effective in fine-tuning solutions in the later stages of 
optimization, making it suitable for compressive strength 
prediction, where precision is paramount. EWA balances 
exploration and exploitation by modeling earthworms’ 
behaviors of spreading and shrinking during their 
movement. This characteristic allows the algorithm to 
maintain diversity in the population of solutions while 
converging to high-quality solutions. In EWA, candidate 
solutions (earthworms) spread across the search space, with 
each iteration adjusting their positions based on both global 
and local search strategies. This mimics how earthworms 
efficiently explore the soil to find nutrients, which, in 
optimization terms, translates to the algorithm’s ability to 
analyze the solution space effectively and refine the best 
solutions. 

FSA was chosen for its advanced search strategy, which 
integrates foresight and adaptability in locating optimal 
solutions. This algorithm simulates a decision-making 
process that explores future potential outcomes based on 
current data. It is particularly suitable for dynamic systems 
like innovative structures, where conditions and factors 
influencing compressive strength may change over time. 
The FSA excels in multi-objective optimization problems, 
where multiple conflicting criteria must be balanced, such 
as maximizing strength while minimizing material use. FSA 
operates by generating a variety of potential future states 
(candidate solutions) and evaluating them based on 
predicted outcomes. It then refines the current solution by 
selecting future states with the most promise. It effectively 
searches the solution space with a long-term perspective, 
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Fig. 2 An illustration of the suggested MLP approach
 
 

which helps avoid premature convergence and improves the 
overall solution quality. 

These algorithms were selected because they balance 
exploration (searching broadly across the solution space) 
and exploitation (refining the best solutions). For 
compressive strength prediction, this balance is essential, as 
it allows the models to capture complex relationships 
between input parameters while fine-tuning predictions for 
better accuracy. The BHA, EWA, and FSA are scalable and 
flexible, which means they can handle the multi-
dimensionality of the dataset (e.g., physical dimensions, 
material properties) without significant computational 
overhead. Their ability to adapt to varying problem sizes 
and types ensures they can effectively apply to diverse 
structural configurations and conditions. These algorithms 
have been successfully used in various engineering and 
optimization fields, showing superior performance in 
finding optimal solutions to complex, multi-modal 
problems. Their inclusion in this study ensures that 
predictions are robust, accurate, and generalizable across 
different scenarios. 

By choosing BHA, EWA, and FSA, this study 
capitalizes on their distinct strengths in handling complex 
optimization tasks, making them well-suited for accurately 
predicting the compressive strength of masonry structures 
in intelligent systems. The unique features of these 
algorithms—BHA’s intense global search, EWA’s efficient 
local refinement, and FSA’s future-oriented approach—
provide a comprehensive solution to the challenges posed 
by this study’s optimization problem. 

 
3.1 Artificial neural network 
 
The artificial neural network makes it easier to model 

complicated systems in approximation issues, such as 
finance, engineering (Mishra et al. 2020b), and medicine. 
As a system for processing and analyzing data, an artificial 
neural network mimics the structure and operations of the 
human brain. ANNs may be thought of as densely 
networked, multilayered structures made up of many 
neurons. When additional input words are given after 
correctly predicting the recommended output pattern, such a 
network can spot similarities. Artificial neural networks 
may replace several intricate statistical analysis techniques, 
including autocorrelation, linear regression, trigonometric 

analysis, and multivariable regression (Bilgehan and Turgut 
2010). The three essential elements stated below—transfer 
function, network design, and learning law—can be used to 
define ANN, an established network (Kubat 1995). After 
considering these variables, the best model is chosen for a 
particular problem or set of issues. For neural networks, 
several different training techniques have been developed. 
The most accurate and reliable algorithms out of these are 
feedforward neural networks (FFNNs) and the back-
propagation (BP) method. For instance, back-propagation is 
one of the most well-liked artificial neural network training 
algorithms because it can solve geotechnical problems that 
are predictably difficult. One of the most popular types of 
neural networks, feedforward neural networks, can have 
several hidden layers containing bias vectors, nonlinear 
transfer functions, and weight matrices. This network could 
be trained to find complex nonlinear correlations between 
input and output datasets. 

Given that neural network-generated relations are not 
precise, one may always expect a discrepancy between the 
actual data and the networks’ estimated data due to the 
extracted relations’ imprecision. It is required to calibrate 
the bias and weight components, which are constants that 
may be changed, to reduce network error. Network training 
is the process of learning these constants. Similar to how an 
optimization process works, training does, too. Many 
fundamentally analytical mathematical methods, including 
Bayesian regularization (BR), BFGS quasi-Newton (BFG), 
and Levenberg Marquardt (LM), are utilized to train neural 
networks. In the current investigation, networks were 
trained in batches using the Levenberg-Marquardt method. 

As suggested by Liou et al. (2009), to facilitate the 
design process during the initial phase of modeling an 
ANN, the following equation is used to normalize the 
developed datasets 

 𝑋௡௢௥௠ = (𝑋 − 𝑋௠௜௡)/(𝑋௠௔௫ − 𝑋௠௜௡) (1)
 
In which  𝑋௡௢௥௠ and 𝑋  are the normalized and 

measured values, respectively.  𝑋௠௜௡  and 𝑋௠௔௫  are the 
minimum and maximum 𝑋 values. 

Subsequently, to develop and evaluate the model, the 
whole dataset should be divided into training and testing 
sets, respectively. In their investigation, McCord-Nelson 
and Illingworth (1991) have recommended using a range of 
20–30% of all datasets for testing datasets. As a result, the 
present study allocated 20% of all datasets to the testing 
datasets. Many studies have referred to the successful use of 
the Levenberg Marquardt training algorithm. As a result, the 
present paper used the same algorithm to design the 
artificial neural network. In addition, it has been shown that 
artificial neural networks featuring one hidden layer can 
approximate all continuous functions. To determine the 
number of hidden nodes, (Hornik et al. 1989) reported that 
the maximum number of hidden nodes is ≤ 2 × Ni + 1, in 
which Ni stands for the number of input layers. According 
to the same equation, a range of 1–10 seems to be solvable 
for the bearing capacity problem (Huang et al. 2021). After 
analyzing a series of artificial neural network models, the 
results were analyzed using the values of RMSE. The 
RMSE was the performance index most commonly used to 
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Fig. 3 Black Hole schema (Kumar et al. 2015)

 
 

evaluate the predictive models. The iterations characterized 
by five hidden nodes were the best among the whole-
generated models. As a result, the 6 × 5 × 1 architecture was 
chosen as the optimal architecture of artificial neural 
networks to predict the specified network target. 

 
3.2 Black Hole Algorithm (BHA) 
 
A resilient stochastic optimization method called the 

black hole optimization algorithm is based on describing 
how a black hole behaves in space (Kumar et al. 2015). The 
procedures listed below describe how to simulate the BHA 
from the black hole phenomenon: 

Step 1: There are both known and undiscovered stars in 
the universe. Since individual stars collide to generate black 
holes, BHA starts with a population of stars randomly 
distributed throughout the universe. Each star in BHA has a 
fitness value assessed and optimized using a fitness 
function. The black hole is chosen as the best star with the 
highest fitness value. BHA schema is shown in Fig. 3. 
Green circles are stars, while the black circle is a black 
hole. In the search area, they were scattered. It is dubbed 
“black” because it completely absorbs light and does not 
reflect any of it. 

Step 2: A black hole is an object with a very high density 
and a powerful gravitational pull in the actual world. This 
results in a strong gravitational attraction on the stars 
nearby. BHA has acted in the same way. By Eq. (2), every 
star started to move in the direction of the black hole. 

Step 3: The event horizon is the sphere-shaped boundary 
of a black hole in space. The Schwarzschild radius is the 
name given to the event horizon. The event horizon of a 
black hole is depicted by the red circle in Fig. 3. The 
Schwarzschild radius is calculated using Eq. (3) for real 
space and Eq. (4) for BHA. 

Step 4: When a star crosses the event horizon of a black 
hole, it will be absorbed by it and vanish due to the black 
hole’s high gravity and density. Nothing can escape from 
within the event horizon since the escapee’s speed is 
equivalent to the speed of light there. BHA calculates the 
Euclidean distance between a black hole and a star. Replace 
it with a new star in a random position in the search space if 
the distance is less than the Schwarzschild radius. 

Step 5: In BHA, if a star travels to a less expensive 
location than a black hole, its position should be changed. 

𝑋௜(𝑡 + 1) = 𝑋௜(𝑡) + 𝑟𝑎𝑛𝑑 × ൫𝑋஻ு − 𝑋௜(𝑡)൯𝑖 = 1, 2, … , 𝑁 (2)

 𝑅 = 2𝐺𝑀/𝐶ଶ (3)
 𝑅 = 𝑓஻ு∑ 𝑓௜ே௜ୀଵ  (4)
 

where 𝑋௜(𝑡)  and 𝑋௜(𝑡 + 1)  denote the ith star’s 
coordinates at iterations t and t + 1. Rand denotes a uniform 
distribution with a 0 to 1 scale. N stands for the number of 
stars. The symbol indicates the black hole’s position in the 
exploration space. 𝑋஻ு. The letters M, G, and C represent 
the gravitational constant, the black hole’s mass, and the 
speed of light, respectively. The fitness value of the ith star 
is denoted by 𝑓௜, while the black hole’s fitness value is 
denoted by 𝑓஻ு. 

 
3.3 Earthworm Optimization Algorithm (EWA) 
 
The Earthworm Optimization Algorithm (EWA) is a 

metaheuristic optimization algorithm that mimics the 
burrowing behavior of earthworms in their search for food 
(Wang et al. 2018). The algorithm has been applied to a 
wide range of optimization problems. The EWA algorithm 
can be formulated as follows: 

 
Initialization: A set of N earthworms is randomly 

distributed in the search space. Each earthworm i is 
represented as a vector 𝑥௜ = ሾ𝑥ଵ௜, 𝑥ଶ௜, … , 𝑥஽௜ሿ, where D is 
the number of dimensions in the search space. 

 
Burrowing: Each earthworm moves in a random 

direction and distance based on the burrowing behavior of 
earthworms. The following equation determines the 
movement 

 𝑥௜(𝑡 + 1) = 𝑥௜(𝑡) + 𝑟௜ × 𝑑 × sin(𝜃௜) × cos(𝜑௜) (5)
 

where 𝑟௜ is a random number between 0 and 1, d is the step 
size, 𝜃௜ and 𝜑௜ are random angles between 0 and 2π, and t 
is the current iteration number. 

 
Feeding: After burrowing, each earthworm evaluates 

the soil quality at its new location and updates its position 
accordingly. The quality of the soil is determined by the 
objective function being optimized. The fitness value of 
each earthworm is calculated using the following equation 

 𝑓௜𝑡௜ = 𝑓(𝑥௜) (6)
 

where f(xi) is the objective function being optimized. 
 
Reproduction: The earthworms with higher fitness 

values are selected to reproduce and generate new 
earthworms. The reproduction process is based on the 
following equation 

 𝑥௜(𝑛𝑒𝑤) = 𝑥௜ + 𝛼 × (𝑏𝑒𝑠𝑡௜ − 𝑥௜) + 𝛽 × (𝑤𝑜𝑟𝑠𝑡௜ − 𝑥௜) (7)
 

where 𝑥௜(𝑛𝑒𝑤) is the new position of the earthworm i, 𝑏𝑒𝑠𝑡௜  is the position of the best earthworm in the 
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population, 𝑤𝑜𝑟𝑠𝑡௜ is the position of the worst earthworm 
in the population, and α and β are two control parameters. 

 
Termination: The algorithm terminates when a stopping 

criterion is met, such as the maximum number of iterations 
or the target fitness value. The EWA algorithm has several 
advantages over other optimization algorithms. It is easy to 
implement, computationally efficient, and can handle many 
optimization problems. It has been applied to various issues, 
including function optimization, feature selection, and 
parameter tuning, and has shown promising results. 

 
3.4 Future Search Algorithm (FSA) 
 
Everyone in the world strives to live their best life. If 

someone feels that their life is not excellent, they will want 
to imitate the best person in the world. The upcoming 
search algorithm uses this characteristic to discover the best 
answers (Elsisi 2019). Equations used in mathematics are 
used to create the FSA. It uses the global search between 
the best people in history and the local search between 
people to update the random initial. The second HA begins 
its procedures randomly and constructs its iterations based 
on the best answer (Janamala et al. 2021). This causes the 
HA to undergo many iterations before finding the optimum 
answer, which may be far from the ideal option. 

The FSA can solve this by adjusting every iteration and 
revealing random initials. A global best solution exists 
between each HA’s multi-agent local and iterations. Some 
HA components update their new solutions in light of the 
most significant regional alternatives. The others, however, 
merely update their new solutions depending on the best 
global solution. These procedures could need several 
iterations. The FSA determines the optimal solutions by 
comparing local and worldwide best practices. A better 
solution may need more time and iterations to solve certain 
HA’s more complex mathematical problems. The suggested 
FSA is created using straightforward mathematical 
formulas. People looking for the ideal living in many 
nations throughout the world are used in FSA to symbolize 
the space of solutions. The individual performing at the 
highest level in a nation represents the best local solution to 
the other individuals. This answer could vary yearly; a 
different individual may offer another one in a distinct 
nation. The person who performs the best over the years in 
a particular nation represents the best overall solution 
among the other people. The starting positions of each 
person will alter if their performance in a given year falls 
short of what it was the previous year. 

The following mathematical equations serve as the 
foundation for this algorithm’s technique. It bases its first 
stages on the equation’s random answers 

 𝑆(𝑖, ∶) = 𝐿𝑏 + (𝑈𝑏 − 𝐿𝑏) ∙∗ 𝑟𝑎𝑛𝑑(1, 𝑑) (8)
 
If S is the solution, i is the population size solution, Lb 

and Ub are the upper and lower limits, rand is pseudo-
random numbers spread uniformly, and d is the dimensions 
of the equation. The algorithm then starts doing its 
iterations to get the optimal answer. The best solution is 
picked, and after the solutions have been found, each one is 

defined as a local solution (LS), after which the best 
solution is characterized as a universal remedy (GS). The 
method specifies the answer for each population size 
component of the following equation, which depends on GS 
and LS. 

First, the search in each nation is determined by the LS 
that supports the exploitation feature of the suggested 
method. 

 𝑆(𝑖, ∶)௅ = ൫𝐿𝑆(𝑖, ∶) − 𝑆(𝑖, ∶)൯ ∗ 𝑟𝑎𝑛𝑑 (9)
 
Second, the proposed algorithm’s GS, which facilitates 

exploration and is described as follows, determines how 
searches are conducted globally. 

 𝑆(𝑖, ∶)ீ = ൫𝐺𝑆 − 𝑆(𝑖, ∶)൯ ∗ 𝑟𝑎𝑛𝑑 (10)
 
When the local and global convergences have been 

calculated, the result for each person is defined by 
 𝑆(𝑖, ∶) = 𝑆(𝑖, ∶) + 𝑆(𝑖, ∶)௅ + 𝑆(𝑖, ∶)ீ (11)
 
The algorithm then updates the GS and LS. The process 

adjusts the random initial of Eq. (1) after determining the 
solutions in the current iteration and the new GS and LS. 
This property characterizes the exploratory characteristic of 
the proposed method, which is enabled by 

 𝑆(𝑖, ∶) = 𝐺𝑆 + ൫𝐺𝑆 − 𝐿𝑆(𝑖, ∶)൯ ∗ 𝑟𝑎𝑛𝑑 (12)
 
After initial updating, the algorithm assesses the GS and 

LS, and if they outperform the GS and LS of the main loop, 
they are updated. 

 
 

4. Results and discussion 
 
The present study examines the effectiveness of three 

innovative optimization techniques for determining the 
compressive strength of masonry constructions. This 
objective is achieved by integrating the algorithms with an 
MLP neural network. Each algorithm employs a specific 
search methodology to identify the ideal quantities for the 
computational weights associated with the MLP. The MLP 
is structured based on the size of its hidden layer and the 
number of neurons within it (Siow et al. 2023). Therefore, 
optimizing these parameters is crucial. Previous research 
has demonstrated that one hidden layer is sufficient for 
modeling complex phenomena (Feng et al. 2020). 
However, determining the optimal number of hidden 
neurons required a trial-and-error approach. The outcomes 
reveal that among the tested structures, where the middle 
layer ranges from 1 to 10 neurons, a structure with 6 × 5 × 1 
neurons exhibited promising performance, as shown in Fig. 
2. 

 
4.1 Accuracy indicators 
 
In the academic field of learning and prediction, the 

mean absolute error (MAE) and root mean square error 
(RMSE) are two of the most known metrics for measuring 
mistakes. Eqs. (9)-(10) are utilized to formulate these 
metrics. Eq. (11) also defines the coefficient of determination 
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Fig. 4 Training and testing datasets accuracy results for 
various MLP structures

 
 

(R2), which determines the compatibility between predicted 
and estimated masonry constructions’ compressive strength. 

 𝑀𝐴𝐸 = 1𝑈 ෍ ቚ𝑆௜೚್ೞ೐ೝೡ೐೏ − 𝑆௜೛ೝ೐೏೔೎೟೐೏ቚ௎
௜ୀଵ  (13)

 

𝑅𝑀𝑆𝐸 = ඩ1𝑈 ෍ ቂቀ𝑆௜೚್ೞ೐ೝೡ೐೏ − 𝑆௜೛ೝ೐೏೔೎೟೐೏ቁቃଶ௎
௜ୀଵ  (14)

 
 

 𝑅ଶ = 1 − ∑ ቀ𝑆௜೛ೝ೐೏೔೎೟೐೏ − 𝑆௜೚್ೞ೐ೝೡ೐೏ቁଶ௎௜ୀଵ∑ ൫𝑆௜೚್ೞ೐ೝೡ೐೏ − 𝑆௜೚್ೞ೐ೝೡ೐೏൯ଶ௎௜ୀଵ  (15)

 
The equations presented involve two variables, 𝑆௜೚್ೞ೐ೝೡ೐೏ and 𝑆௜೛ೝ೐೏೔೎೟೐೏, which represent the measured and 

predicted total energy, respectively. Additionally, U denotes 
the quantity of data records utilized in the analysis. 
Moreover, 𝑆௜೚್ೞ೐ೝೡ೐೏  refers to the mean value of the 
observed masonry constructions’ compressive strength. As 
Fig. 4 shows, the amount of observed value in the training 
phase for RMSE is 0.10276, and for R2, it is 0.99735; in the 
testing phase, for RMSE, it is 0.10276 and for R2 is 
0.99331. So, we use MLP-ANN to improve these amounts. 

 
4.2 Incorporated MLP with optimizers 
 
Three ensembles are derived upon synthesizing the 

metaheuristic algorithms with the MLP: BHA-MLP, EWA-
MLP, and FSA-MLP. These ensembles are trained with 
samples to establish a relationship between the compressive 
strength of masonry structures and the corresponding 
variables. To evaluate the optimization behavior of the 
methods, each model undergoes 1000 repetitions for 
implementation. The objective function is reported by 
calculating the RMSE of results at each repetition. It should 
be noted that this stage focuses on pattern recognition and 
reports RMSE of training data. The swarm-based 
algorithms rely significantly on the number of participants 
involved. The present study explores the performance of 

 
 

(a) BHAMLP (b) EWAMLP 
 

(c) FSAMLP

Fig. 5 The best-fit model for the (a) BHAMLP; (b) EWAMLP; and (c) FSAMLP 
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(a) BHAMLP- Np50 (b) BHAMLP - Np100 
 

(c) BHAMLP - Np150 (d) BHAMLP - Np 200 
 

(e) BHAMLP - Np250 (f) BHAMLP - Np300 
 

(g) BHAMLP - Np350 (h) BHAMLP - Np400 

Fig. 6 Training and testing datasets accuracy results for various BHAMLP-recommended structures
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nine different population sizes (ranging from 50 to 500) for 
each model to identify the most optimal complexity that 
results in the lowest Mean Squared Error (MSE). The 
findings reveal that 450, 250, and 450 populations deliver 
the lowest RMSE and highest R2 values for BHA-MLP, 
EWA-MLP, and FSA-MLP, respectively. These results are 
depicted in Fig. 5. 

The generated models are accurate, simple to use, and 
agree significantly with the laboratory findings. This 
indicates how adaptable and reliable the created approach 

 
 

 
 

is. The best population size was determined by this research 
using a parametric analysis. Various MLP analyses were 
conducted on populations of 500, 450, 400, 350, 300, 250, 
200, 150, 100, and 50 members. 

A predictive neural network with a double hidden layer 
was trained with various node counts to identify the ideal 
MLP design. For each structure, the training procedure was 
repeated numerous times to demonstrate the replicability of 
the learning system. The three models shown in Tables 1 
through 4 also underwent the same methodology. The 

 
 

 

(i) BHAMLP - Np450 (j) BHAMLP - Np500 

Fig. 6 Continued

(a) EWAMLP- Np50 (b) EWAMLP - Np100 
 

(c) EWAMLP - Np150 (d) EWAMLP - Np 200 

Fig. 7 Training and testing datasets accuracy results for various EWAMLP-recommended structures
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relationship between the quantity of neurons and the 
accuracy and complexity of network architectures is 
noteworthy. The results show that 450, 250, and 450 
populations had the lowest RMSE values for BHA-MLP, 
EWA-MLP, and FSA-MLP. Based on the accuracy results of 
the testing outputs, a little increase in the value of testing 
R2, and a slight decrease in the value of RMSE, the authors 
judged that a structure with four nodes was the best fit. As a 
result, the best structure for BHAMLP for all subsequent 
hybridization processes (including BHA-MLP, EWA-MLP, 
and FSA-MLP) was a 6*5*1 MLP architecture network 
organization. 

 

 
 
4.3 Results 
 
A scatter plot denotes a graphical representation that 

effectively showcases the correlation between two 
variables. Scatter plots are a tool for visualizing data in two 
dimensions, wherein each data point is depicted using a dot 
or symbol. One factor is plotted along the horizontal axis, 
while the other is plotted along the vertical axis. Such plots 
can be employed to discern patterns and trends within the 
data. These variables can demonstrate both the magnitude 
and orientation of their relationship. When the scatter plot’s 
dots start to converge into a straight line, there is a 
significant connection between the two variables. If the dots 

(e) EWAMLP - Np250 (f) EWAMLP - Np300 
 

(g) EWAMLP - Np350 (h) EWAMLP - Np400 
 

(i) EWAMLP - Np450 (j) EWAMLP - Np500 

Fig. 7 Continued
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(a) FSAMLP- Np50 (b) FSAMLP - Np100 
 

(c) FSAMLP - Np150 (d) FSAMLP - Np 200 
 

(e) FSAMLP - Np250 (f) FSAMLP - Np300 
 

(g) FSAMLP - Np350 (h) FSAMLP- Np400 

Fig. 8 Training and testing datasets accuracy results for various FSAMLP-recommended structures
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are scattered randomly around the graph, this indicates a 
weak or no correlation. Scatter plots can also show any 
outliers or unusual values in the data. In the data analysis, 
an outlier refers to a specific data point that deviates 
considerably from the remaining dataset. These points can 
be crucial in identifying unusual trends or errors in the data. 

 
 

 
 

 
 

Figs. 6-8 show the BHA-MLP, EWA-MLP, and FSA-MLP 
methods scatter plots. The calculated R2s (0.9995, 0.9804, 
and 0.9961 in training and 0.99877, 0.98601 and 0.9973in 
the testing phase) and RMSE’s (0.04731, 0.29308 and 
0.1318 in training and 0.06537, 0.21955 and 0.09679 in 
testing phase) for population size 450, 250, and 450 give 

(i) FSAMLP - Np450 (j) FSAMLP - Np500 

Fig. 8 Continued

Table 2 Network findings for several planned BHAMLP swarm sizes based on two statistical metrics 

Swarm size 
Training dataset Testing dataset Scoring 

Total score Rank
RMSE R2 RMSE R2 Training Testing 

50 0.4868 0.9449 0.49358 0.92716 3 3 2 2 10 9 
100 0.31178 0.9778 0.389 0.95541 8 8 4 4 24 6 
150 0.45778 0.9514 0.39768 0.95335 4 4 3 3 14 8 
200 0.52301 0.9361 0.37368 0.95893 2 2 6 6 16 7 
250 0.29308 0.9804 0.21955 0.98601 10 10 10 10 40 1 
300 0.30883 0.9782 0.38585 0.95614 9 9 5 5 28 3 
350 0.53717 0.9324 0.57782 0.89867 1 1 1 1 4 10 
400 0.36483 0.9694 0.29571 0.97448 5 5 9 9 28 3 
450 0.33839 0.9737 0.34119 0.96588 7 7 8 8 30 2 
500 0.34654 0.9724 0.34166 0.96578 6 6 7 7 26 5 

 

Table 3 Network findings for several planned EWAMLP swarm sizes based on two statistical metrics 

Swarm size 
Training dataset Testing dataset Scoring 

Total score Rank
RMSE R2 RMSE R2 Training Testing 

50 0.40918 0.9614 0.34812 0.96445 2 2 3 3 10 9 
100 0.44794 0.9535 0.41034 0.95025 1 1 1 1 4 10 
150 0.22439 0.9885 0.19752 0.9887 8 8 7 7 30 3 
200 0.30808 0.9783 0.35246 0.96354 4 4 2 2 12 8 
250 0.35486 0.9711 0.28828 0.97576 3 3 4 4 14 7 
300 0.21281 0.9897 0.21519 0.98657 9 9 6 6 30 3 
350 0.28504 0.9814 0.23839 0.98349 6 6 5 5 22 6 
400 0.2926 0.9804 0.19583 0.98889 5 5 8 8 26 5 
450 0.1318 0.9961 0.09679 0.9973 10 10 10 10 40 1 
500 0.24598 0.9862 0.19433 0.98906 7 7 9 9 32 2 
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a high accuracy in predicting the compressive strength of 
masonry structures. 

Figs. 6-8 depict the regression line for the BHA-MLP, 
EWA-MLP, and FSA-MLP algorithms. It is comparable to 
the RMSE and R2 values derived from Tables 1, 2, and 3 for 
population sizes 500, 450, 400, 350, 250, 300, 200, 150, 
100, and 50. The iteration results revealed that BHA-MLP’s 
prediction modeling was superior. 

The accuracy of models in predicting the masonry 
constructions’ compressive strength was evaluated based on 
their RMSE and R2 values during both the learning and 
prediction phases. Tables 1-4 present all accuracy criteria 
obtained, with models exhibiting lower RMSE and higher 
R2 selected as the most accurate predictors. The calculated 
RMSE (0.04731, 0.29308, and 0.1318 in training and 
0.06537, 0.21955, and 0.09961 in the testing phase) give a 
high accuracy in predicting the compressive strength of 
masonry structures. Among these, the MLP constructed 
using weights and biases from BHA demonstrated the 
highest reliability and accuracy in predicting total energy 
without any discrepancy. Following this, FSA-MLP 
emerged as a promising optimizer for prediction, with 
EWA-MLP following behind. 

 
• BHAMLP achieved the highest total score, 

indicating its superior performance among the three 
methods. 

• It has the lowest RMSE and highest R2 values for 
both training and testing datasets, which suggests 
that it provides the best fit to the data and the highest 
predictive accuracy. 

• With a swarm size of 450, it used a relatively large 

 
 

 
 
number of iterations for optimization. 

• EWAMLP achieved the lowest total score and is 
ranked third among the methods. 

• It has the highest RMSE and relatively lower R2 
values than the other two methods for training and 
testing datasets, indicating a less accurate fit to the 
data. 

• It used a swarm size of 250, smaller than BHAMLP 
and FSAMLP. 

• FSAMLP falls between BHAMLP and EWAMLP in 
terms of performance, with a total score and rank of 
8 and 2, respectively. 

• It has moderately low RMSE and high R2 values for 
training and testing datasets, suggesting good 
predictive capability. 

• Similar to BHAMLP, it used a swarm size of 450. 
 
BHAMLP performed the best in predictive accuracy, 

achieving the lowest RMSE and highest R2 values for 
training and testing datasets. FSAMLP also performed well, 
securing the second rank. EWAMLP showed the lowest 
predictive accuracy and ranked third among the methods. 
The choice of which method to use depends on the 
application’s specific requirements, available computational 
resources, and the desired level of accuracy. 

As stated, this study segment evaluates the implemented 
models’ efficacy by comparing their predicted masonry 
constructions’ compressive strength output to the measured 
target values. The outcomes of the training and testing 
phases are depicted in Figs. 9-11, illustrating the variance of 
each piece of output and the intended use of the 
compressive strength of masonry structures and indicating 

Table 4 Network findings for several planned FSAMLP swarm sizes based on two statistical metrics 

Swarm size 
Training dataset Testing dataset Scoring 

Total score Rank
RMSE R2 RMSE R2 Training Testing 

50 0.40918 0.9614 0.34812 0.96445 2 2 3 3 10 9 
100 0.44794 0.9535 0.41034 0.95025 1 1 1 1 4 10 
150 0.22439 0.9885 0.19752 0.9887 8 8 7 7 30 3 
200 0.30808 0.9783 0.35246 0.96354 4 4 2 2 12 8 
250 0.35486 0.9711 0.28828 0.97576 3 3 4 4 14 7 
300 0.21281 0.9897 0.21519 0.98657 9 9 6 6 30 3 
350 0.28504 0.9814 0.23839 0.98349 6 6 5 5 22 6 
400 0.2926 0.9804 0.19583 0.98889 5 5 8 8 26 5 
450 0.1318 0.9961 0.09679 0.9973 10 10 10 10 40 1 
500 0.24598 0.9862 0.19433 0.98906 7 7 9 9 32 2 

 

Table 5 The performance of all four proposed methods using two statistical indices for network results 

Method Swarm
size 

Training dataset Testing dataset Scoring Total 
score Rank

RMSE R2 RMSE R2 Training Testing 
BHAMLP 450 0.04731 0.9995 0.06537 0.99877 3 3 3 3 12 1 
EWAMLP 250 0.29308 0.9804 0.21955 0.98601 1 1 1 1 4 3 
FSAMLP 450 0.1318 0.9961 0.09679 0.9973 2 2 2 2 8 2 
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minimal training error for all three approaches. The R2 
values obtained demonstrate high consistency between the 
target and output total energy, with over 98% agreement 
observed. The testing outcomes are assessed based on the 
accuracy criteria cited. It is worth noting that the testing 
data are not initially provided to the networks. Thus, the 
findings in this section demonstrate the trained models’ 
ability to assess the compressive strength of masonry 
structures under hypothetical scenarios. The testing 
outcomes are illustrated in Figs. 9(b)-11(b), accompanied 

 
 

 
 

 
 

by histogram charts that display the frequency of calculated 
error values. 

The accuracy and reliability of the BHA-ANN method 
heavily depend on the quality and representativeness of the 
training data. Sufficient data collection from various 
masonry structures with diverse characteristics is crucial to 
ensure the model can generalize and provide accurate 
predictions. Additionally, proper preprocessing and 
normalization techniques should be applied to the data to 
enhance the training process. The architecture and 

(a) BHAMLP 450-training (b) BHAMLP 450-Testing 

Fig. 9 The inaccuracy and frequency of MAE for the model best suited by BHAMLP 

(a) EWAMLP 250-training (b) EWAMLP 250-Testing 

Fig. 10 The inaccuracy and frequency of MAE for the model best suited by EWAMLP 

(a) FSAMLP 450-training (b) FSAMLP 450-Testing 

Fig. 11 The inaccuracy and frequency of MAE for the model best suited by FSAMLP 
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parameters of the MLP neural network play a significant 
role in the performance of the BHA-ANN method. The 
number of hidden layers, neurons in each layer, and the 
activation functions should be carefully chosen and 
optimized to achieve the best results. 

Additionally, the training algorithm’s learning rate, 
momentum, and stopping criteria should be appropriately 
tuned to avoid overfitting or underfitting. It is essential to 
validate the trained BHA-ANN model using independent 
test datasets to assess its performance accurately. Various 
evaluation metrics, such as mean squared error (MSE), root 
mean squared error (RMSE), and coefficient of 
determination (R-squared), can be used to measure the 
model’s accuracy and compare it with other methods. 
Indeed, sensitivity analyses and cross-validation techniques 
can provide further insights into the model’s robustness and 
generalizability. While the BHA-ANN method shows 
promise, it is essential to acknowledge certain limitations 
and challenges. The availability of high-quality training 
data, computational resources, and expertise in building and 
training ANN models may pose challenges in practical 
applications. 

Additionally, the complexity of masonry structures, 
including variations in material properties, construction 
techniques, and environmental factors, can introduce 
uncertainties and affect the accuracy of predictions. Further 
research can explore enhancements to the BHA-ANN 
method, such as incorporating additional features or 
considering other factors affecting masonry structures’ 
compressive strength. Comparative studies with different 
machine learning techniques or hybrid models can provide 
valuable insights into the performance and applicability of 
the BHA-ANN method. Additionally, investigating the 
potential of ANN in predicting other mechanical properties 
or failure modes of masonry structures can expand its utility 
in structural analysis and design. 

ANN-based models can be a powerful tool to determine 
the compressive strength of masonry structures. However, 
choosing the correct method or algorithm is essential in this 
context. In determining the compressive strength of 
masonry structures, it is necessary to select the pressure 
measurement method according to the study’s objectives 
and the type of masonry structure under investigation. An 
ANN-based model was a reliable, cheap, and straightforward 

 
 

approach to accurately modeling the compressive strength 
of masonry constructions. The present method has 
advantages in estimating the pressure of the structure. In 
terms of measurement, we can mention ease of use, speed 
of operation, and low cost of operation. In artificial 
intelligence-based models, such as neural networks, 
accurate and fast modeling is one of the beneficial features. 
This study presents a practical conventional technique for 
evaluating the compressive strength of masonry structures 
using the generated maps. In addition, the results showed 
that BHA-ANN gives more consistent results than the 
target. In conclusion, it is essential to mention that the high 
accuracy of the network outputs obtained from the 
experimental data set shows that all three developed 
networks are reliable enough and can be used to evaluate 
the masonry constructions’ compressive strength in the 
future. 

 
4.4 Taylor diagrams 
 
A Taylor Diagram is a graphical tool used to evaluate 

the performance of different models or datasets by 
comparing them to a reference dataset. It is beneficial in 
fields like climate modeling, environmental science, and 
engineering, where multiple models or observations must be 
assessed for their accuracy in reproducing observed data. 
The Taylor Diagram is also an effective tool for visually 
summarizing the performance of models or datasets, 
helping researchers and engineers quickly assess accuracy 
and variability compared to a reference dataset. 

A comparison framework in graphic form of several 
variables from one or more test data sets to one or more 
reference data sets is provided in Fig. 12 (the Taylor 
diagrams). While the test data sets are typically model 
experiments, the reference data set is frequently a control 
experiment or a collection of reference observations. The 
data depicted are often obtained from monthly, seasonal, or 
yearly climatological averages. The reference variables 
normalize the results since the various variables may have 
significantly varied numerical values. The normalized 
variance ratio reveals the relative amplitude of the predicted 
and actual deviations. Essential statistics for the 
conventional Taylor diagram are the weighted centered 
pattern correlation(s) and ratio(s) of the normalized root- 

 
 

(a) Training datasets (b) Testing datasets 

Fig. 12 Taylor diagrams (a) training datasets; (b) testing datasets 
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mean-square (RMS) discrepancies between “test” dataset(s) 
and “reference dataset(s)” (Taylor 2001). 

 
 

5. Limitations and future work 
 
While the results of this study demonstrate the potential 

of nature-inspired algorithms (BHA, EWA, and FSA) 
integrated with MLP models in predicting the compressive 
strength of masonry structures, certain limitations should be 
acknowledged. First, the dataset used in this study, although 
diverse, was limited in size and scope. This may affect the 
generalizability of the results to a broader range of masonry 
structures, materials, and environmental conditions. 
Expanding the dataset to include more varied structural 
types and geographical locations would enhance the 
robustness and applicability of the models. Second, the 
study primarily focused on static input parameters, such as 
dimensions and material properties, without accounting for 
dynamic factors like temperature variations, moisture 
content, or long-term degradation, which can significantly 
impact compressive strength. Future work should explore 
incorporating such dynamic variables to increase the 
predictive accuracy of the models. 

Additionally, the models developed in this study were 
based on offline data processing, limiting their potential for 
real-time application. Future research should investigate the 
integration of these nature-inspired algorithms into real-
time monitoring systems for innovative structures, allowing 
for continuous assessment and adjustment of structural 
parameters to ensure long-term performance and safety. 
Finally, while the models performed well based on RMSE 
and R² metrics, exploring additional performance 
indicators, such as computational efficiency and model 
stability under varying conditions, will provide a more 
comprehensive evaluation of the algorithms’ practicality for 
large-scale implementation. 

 
 

6. Conclusions 
 
This study aimed to evaluate the predictive capabilities 

of three nature-inspired algorithms—BHA, EWA, and 
FSA—when combined with MLP models to estimate the 
compressive strength of masonry structures. The results 
demonstrate that the BHA-MLP model provided the most 
accurate predictions, achieving an R² of 0.9995 in the 
training phase and 0.99877 in the testing phase. FSA-MLP 
was the second-best model, showing strong performance 
across both datasets, while EWA-MLP, although slightly 
less accurate, still produced acceptable results. 

This study underscores the effectiveness of these nature-
inspired algorithms for improving compressive strength 
prediction, providing valuable insights for optimizing 
structural designs in masonry construction. The successful 
implementation of these models suggests that nature-
inspired algorithms can be integral to developing more 
accurate, reliable structural predictions. Future research 
should focus on expanding the datasets to include a broader 
range of masonry structures and environmental variables. 

Additionally, incorporating these models into real-time 
decision-making systems for smart structures could enhance 
their practical applicability, leading to safer, more resilient 
construction practices in the industry. 
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Abbreviation 

 
Phrase Abbreviation

Multilayer Perceptron MLP 
Artificial Neural Network ANN 

Black hole algorithm (BHA) BHA 
Earthworm optimization algorithm (EWA) EWA 

Future search algorithm (FSA) FSA 
Whale Optimization Algorithm WOA 

Root Mean Square Error RMSE 
International Council of Monuments and Sites ICOMOS 

Ground Penetrating Radar GPR 
Nondestructive testing NDT 

Rebound Hammer RH 
Ultrasonic Pulse Velocity UPV 
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