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Regression techniques were developed to determine the concrete initial (G¢) and total (Gg) fracture energy based
on prior data using mechanical features and mixed design elements. There were 264 samples retrieved from
prior investigations in all. Research contributes to the field by improving the accuracy of predicting concrete
fracture energy, offering a methodology for optimizing hyperparameters, and providing a model comparison
that demonstrates the practical value of the new approach. These findings can benefit the construction and
engineering industries by enhancing the accuracy of material property predictions and improving the quality
and safety of constructed structures. This study merged support vector regression (SVR) assessment with
arithmetic optimization algorithm (AOA) and whale optimization algorithm (WOA) to predict the G¢ and GFg
of concrete. The aim of combining the optimization algorithms with SVR analysis was to determine the optimal
values of hyperparameters that play pivotal role in developed models’ accuracy. The computation and analysis
for G; and Gg using five criteria shows that optimized SVR-AOA and SVR-WOA analyses can do admirably
well throughout the forecasting model. When the outperforming SVR analysis was compared to the library, it
was discovered that the newly constructed SVR-AOA also present a small raise in accuracy, with modification
in all metrics. In conclusion, while the SVR-WOA demonstrates its effectiveness in the forecasting outline,
the SVR-AOA analysis appears to be a reliable approach for determining accurate G¢ values (R%rain =0.921,
and RZ, = 0.9853) and G values (RZ,;, = 0.9281,and R%,, = 0.9236), as supported by the arguments and
feasibility of the models.
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Nomenclature

Please refer to Table 1 for the meanings of various symbols.

1. Introduction

Fracture mechanics approaches to design concrete samples
to handle all sorts of brittle failures result in durable, cost-
effective, and safer concrete structures [1, 2]. Many empiri-
cal and experimental research supported this hypothesis.
In addition, construction mishaps show the necessity of
fracture mechanics in concrete architecture [3]. Kaplan con-
ducted the first linear elastic fracture mechanics (LEFM)

laboratory experiment on concrete fracture mechanics [4].
Furthermore, Kesler et al. [5] illustrated the traditional
LEFM of sharp cracks with just the fracture energy <G f> ,
was insufficient for concrete buildings because of the pres-
ence of an inelastic region with extraordinary scale and full
micro-cracks in front of the crack tip, named the fracture
process zone (FPZ).

Researchers found two fracture factors needed to char-
acterize concrete fracture [6]. Several studies were done to
find the optimum FPZ nonlinear fracture model for con-
crete to reduce LEFM deficiencies [7]. Specific fracture
energy is crucial to cohesive crack modeling. The work-of-
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Table 1. Nomenclature

Nomenclature
Gy concrete initial fracture energy Gr concrete total fracture energy
SVR support vector regression AOA arithmetic optimization algorithm
LEFM linear elastic fracture mechanics WOA whale optimization algorithm
WM work-of-fracture method FrZ fracture process zone
fem The average of f. compressive strength
w/c the ratio of water to binder dmax Largest size of aggregate
CT age of samples ag = 1 for rounded, ayp = 1.44 for crushed
w weighted vector PCC Pearson correlation coefficient
2(X) the planning function a constant
a; and af Lagrangian multipliers ¢ and G positive loose variables
o kernel width xj and X input in the j" and i" dimensions
UB; upper value of the j, location MOA Math Optimizer Accelerated
U control parameter LB; lower value of the jy, location
S Subtraction MOP Math Optimizer probability
t location vector of whales Addition
Aand C coefficient vectors Xp(t) the location of the hunt
C regularization possibility number
R? Coefficient of determination Correlation coefficient
RRSE Root Relative Squared Error RMSE Root-mean-square error
my The measurements VAF Variance account factor
Z4 The predictions m The mean of measurements
D Dataset’s amount z The mean of predictions

fracture (WFM) technique defined specific fracture energy
as the effort needed to generate one crack unit. The fracture
energy may be determined by dividing the total dissipated
energy by the original ligament area, taking into account
the division of the beam into two halves. The G obtained
via WFM is specimen size and shape dependent [8]. How-
ever, early fracture energy <G f> is independent of sample
size and shape and reflects the area under the first tan-
gent of the softening curve [9]. Planas et al. estimate the
Gr/G ¢ ratio as 2-2.5 [10]. Gr is needed to quantify energy
consumption in total building collapse and anticipate the
whole post-peak softening force-movement plot, whereas
G 1 is enough to estimate the greatest structural force and
softening curves [11].

Traditionally, the load-displacement graph was used to
accurately assess the fracture energy of concrete samples
subjected to bending. From an experimental viewpoint, this
is difficult and unintuitive. Developers and engineers have
used quantitative or analytical methods to cut costs, time,
and fracture energy measurements to uncover gaps in early
fracture energy predictions. In recent decades, mathemati-
cal techniques have been developed to estimate the fracture
characteristics of concrete built with different proportions,
bypassing notched fracture specimens [3]. Conversely, stan-
dard methods cannot characterize complicated non-linear
correlations. By a technique in a complex nonlinear design
is difficult since finding a regression formula requires ex-

pertise and methods. Compared to current data analysis
methods, new fulfilling, convenient, and exact processes
are needed [12-16].

In recent times, the use of algorithms and soft comput-
ing approaches has been employed to enhance our compre-
hension of the mechanics of structure and materials [17-
23]. Scholars have endeavored to create robust, accurate,
and cost-effective models for predicting material proper-
ties by using available experimental data [24, 25]. Various
machine intelligence methodologies have been used to fore-
cast the detailed effectiveness of structural materials. The
prediction of concrete fracture energy was accomplished by
using a combination of Kriging, U-learning, and K-means
clustering techniques, utilizing data obtained from prior ex-
perimental testing. The R-squared values for the suggested
Kriging pairing hypotheses vary between 0.59 and 0.95,
but the R-squared values for the prior knowledge connec-
tions range from 0.14 to 0.69 . The findings illustrate that
the combination of the Kriging approach, the U-learning
function, and K-means clustering, together with a limited
number of initial test results, leads to a reduction in testing
time and cost, while simultaneously enhancing the accu-
racy of concrete fracture predictions [26].

SVR recognized a learning technique used for regres-
sion duties. Likewise of traditional methods, is particularly
effective for dealing with non-linear and complex data rela-
tionships. The primary goal of SVR is to predict a continu-
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ous target variable (e.g., a numerical value) based on input
features. It’s often used for tasks such as predicting stock
prices, housing prices, or, as in the passage you provided,
material properties like concrete fracture energy [27]. Like
many machine learning algorithms, SVR has hyperparame-
ters that need to be tuned [28, 29]. These include the choice
of kernel, regularization parameter, and epsilon. Hyper-
parameter tuning is essential for achieving the best model
performance. Various studies were considered this proce-
dure for developing their model for prediction purposes.
A hybrid SV R-grey wolf optimization (GWO) was devel-
oped for predicting the compressive strength of GGBFS-
based geopolymer concrete [30], and bond strength of re-
inforced concrete [31], where hyperparameters of the SVR
was tuned with GWO. Bayesian optimization algorithm-
based SVR analysis was developed for estimation of shear
capacity of FRP reinforced concrete members [32]. Shear
strength of reinforced concrete deep beams was predicted
by combining the SV R model with three novel metaheuris-
tic optimization algorithms: African Vultures optimization
algorithm (AVOA), particle swarm optimization (PSO),
and Harris Hawks optimization (HHO) [33]. Mechanical
properties of recycled aggregate concrete estimated using
hybrid PSO — SVR and GWO — SV R models [34].

1.1. Main novelties and contributions

Various formulae for evaluating the fracture energy of con-
crete have been presented so far using informal statistical
approaches [35]. Table 2 could be collected and presented
for this purpose, corresponding to an enormous data col-
lection.

The execution of high-quality research requires the al-
location of resources such as time, financial investments,
well-designed laboratory setups, meticulous planning, and
the implementation of age-appropriate testing methodolo-
gies [39-41]. Human mistakes arising from insufficient
skills and knowledge, researcher ineffectiveness during ex-
perimentation, and equipment failures may lead to both
financial and temporal inefficiencies, as well as the gen-
eration of erroneous outcomes. The absence of essential
equipment might provide a significant challenge to the as-
sessment process. The use of simulation techniques for
the determination of concrete fracture characteristics based
on historical data has many benefits. The complex and
nonlinear properties of concrete cannot be well captured
by regressionbased methods often seen in codes and pub-
lications, such as empirical formulas. The assurance of
user acceptance for the use of regression-based connections
in identifying fracture traits is uncertain. Numerous re-
searchers have examined various statistical assessment and

estimating methodologies in order to identify and locate
concrete fractures using test outcomes.

To achieve the desired objective function, it is essential
to use an approximation approach that exhibits a high level
of accuracy while relying on a restricted amount of starting
data. This study suggested a coupled SVR methodology
to have a greater effectiveness of concrete’s Gy and Gr.
Systems were utilized to estimate the Gy and Gr in this
situation by integrating the arithmetic optimization algo-
rithm (AOA) and whale optimization algorithm (WOA)
approaches with SVR. Nevertheless, employing current
data collection may be difficult at best. For this experiment,
a data set was created that includes four data inputs and
two outcome factors. At last, the performance of models
has compared altogether and literature by calculating and
analyzing different statistical criteria.

2. Data description

The selection of appropriate variables to input is a crucial
stage in the use of regression analysis for the purpose of
predicting fracture energy in concrete. Additional factors
that may be utilized to ascertain fracture energy include
porosity, grain size, presence of air voids, cement type,
percentage of aggregate, and relative abrasiveness of the
aggregate [42—44]. The aforementioned difficulties, how-
ever, tend to be disregarded as a result of a deficient com-
prehension of the methodologies used in the publications.
Additional parameters, such as tensile strength and mod-
ulus of rupture, seem to contribute to the evaluation of
fracture energy in concrete. However, calculating these
quantities is difficult and strongly dependent on size influ-
ences [3]. Furthermore, since there is no available data on
the weights of these variables, they are not featured in the
research. Because samples with equal W/C but different
fe have different fracture energy, W/C must be entered
individually. Based on physical considerations and the
stated trend of fracture energy, as well as the basic form of
the latest systems, four factors were considered: compres-
sive strength (f), maximum aggregate size (dmax ), age of
samples (CT), and water to cement ratio (W/C).

The G i and Gr calculated by two sets of data, where
collected from published articles [11, 45-67]. The collected
dataset was passed some pre-processing efforts. The sug-
gested partition for the examining and learning stages were
25% and 75%, respectively. Therefore, these percentages
were used for data dividing for both G and Gp. It has been
tried to both train and test stages includes the normal dis-
tribution, where this effort was performed by Randperm
function. Next, the data row that could be have negative
impact have been removed. Fig. 1 illustrates the distribu-
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Table 2. The formulas created for assessing concrete fracture energy.

Eq. No. Formula Ref.
0.46 0.22
. d, -03
@ Gi = 2o (m) (1+W> (%) (3]
(2 Gr = 2.5G;
2 £\
3) Gr = (0.046942,,, — 0.5dmax +26) (ﬁ) [36]
4) Gp = 73 (fom )18 [37]
5) Gr = 10 ((dmax)"™ (fo)"* [38]
The mean of f;
ag = 1 for rounded, ay = 1.44 for crushe

tion of factors used in the computation of G for the A
series and Gr for the B series. Table 3 presents a compre-
hensive depiction of the statistical data pertaining to the
dependent and independent characteristics for the G and
Gr model generation procedures.

In order to establish a connection between the two at-
tributes, it is possible to construct and depict a correlation
ratio referred to as the Pearson correlation coefficient (PCC).
Table 4 presents the quantities of connections for attributes
of Gy and Gg. The top surface, characterized by a brown
color, of this table corresponds to the PCC values for G r
whilst the lower surface, distinguished by a green color,
represents the PCC values for Gr. If there is a substantial
positive or negative PCC, experts can struggle to under-
stand how the descriptive factors impact the outcomes.
PCC values smaller than the required ones indicate that
these features are probably generated by multicollinearity
issues, with 0.374 and 0.475 suggested as the Gy and Gr
boundaries, respectively. The greatest PCC for Gy is related
to W/C and f, with a value of -0.719 . Turning to Gf, the
greatest PCC has resulted between W/C and f, with the
value of -0.662 and between Gr and f. with a value of 0.539.

3. Base of applied methods

3.1. Support vector regression (SVR)

The SV R framework is capable of accommodating the num-
ber of predictor factors N and the number of elements
in each x;. This enables the framework to effectively ad-
dress regression problems that include multiple predictors
X = {x i? The target factor, denoted as 'y = {yl}izll\l,
is associated with the following factors [68]. The matrix
X is transformed into a higher-dimensional feature space
while maintaining its fundamental properties, albeit hav-
ing a lesser input area. The problem at hand pertains to
non-linear regression and is addressed by using a SVR

technique [69]:

t=f(X)=w Q(X)+b )

In Eq. (1), w, b, and @(X) are the weighted vector, a
constant, and the planning function utilized in the charac-
teristic area. The following minimization procedure is used
to assess the coefficients w and b [69] :

o 1Y )
Minimize EHsz-i-CN Y (@&+E) @)
i=1
[ yi — (wW,x; +b) > e+
Subjectto ¢ (w,xi) +b—yi <e+ ¢ ®)
¢i, ¢ >0

The prescribed model parameters are C and ¢ [70]. The
function’s softness is measured by }||w||? and C analyzes
the trade-off between experimental danger and softness.
The parameters ¢; and ¢} are positive factors that represent
the distance between real numbers and their associated
border numbers in the framework’s estimate of the e-tube
function.

A non-linear regression function may be constructed
by the use of Lagrangian multipliers to optimize the given
circumstances [69]:

Z

i=

f(x) = (a0 — &) K (x3,%) +b 9)

-
—

The equation provided involves the variables «; and
«f which represent Lagrangian multipliers. Additionally,
K (x,-, x]-) denotes the kernel that defines the inner product
inside the D-dimensional feature space. It is important
to note that x; and x; belong to the set X, representing the
characteristics area [69]. Only a limited number of #; and a7}
coefficients will have non-zero values if the Kuhn-Tucker
conditions are satisfied. The "support vectors" refer to the
data points that are in closest proximity to the decision
surface, also known as the hyperplane. The SVR model
was constructed in this study using the radial basis function
[71]:

2
“lx — x
K (xi, %) = exp (W) (10)
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Fig. 1. Figures of variables: A series for Gy, B series for Gg.
The equation presented above involves the variables ideal until now [72].
xj and x;, which represent the input in the jM and it di-
mensions, respectively. Additionally, ¢ denotes the kernel X11 X X1n-1 X1n
width. X2,1 ce XZ,j . X2n
. . N . X = : : : (11)
3.2. Arithmetic Optimization Algorithm (AOA)
The AOA method [72], as indicated in Eq. (11), begins with XN-11 0 XN-1) : XN-1n
a set of nominee answers (X) that are generated acciden- XN1 o0 XNj XNn-1 XN
tally, and in every iteration, the finest nominee answer is The MOA feature, denoted as Math Optimizer Acceler-

considered to be the finest produced answer or nearly the ated, is computed using Eq. (12) and is used in the primary
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Table 3. The variables’ characteristics.
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search terms [72].

. Max-Min
MOA (CIter ) = Min +Clter X (7) (12)
MIter
The value of the function at the #" iteration, as calcu-

lated by Eq. (12), is denoted as MOA (Cper ). The variable
Crter represents the current iteration, which is a value be-
tween 1 and My,. The term "Max" represents the greatest
value of this method, whereas "Min" represents the least
value of this method.

The selection of the most fundamental principle was
made in order to replicate the actions of arithmetic op-
erators. This work proposes a set of location-updating
calculations to be used throughout the exploration phase
[72]:

Xi,j (CIter + 1) =
best (X]) = (MOP + S) X ((UB]' — LB]') X U+ LB]')
,1p < 0.5
best (x;) x MOP x ((UB;j— LB;j) x u + LB;)
, Otherwise

(13)
Based on the given equation, X; (Cper + 1) represents
the iy, solution in the next iteration, X; ; (Cer ) represents
the jy, position of the iy, solution in the current iteration,
and best ( x; | denotes the jy, position in the best obtained
solution so far. The upper value of the jy, position is de-
noted as UBj, whereas the lower value is denoted as LB]-.
The symbol ¢ represents a small integer value. The symbol
y is a parameter of control that is used to alter the search
strategy. Its value might be as low as 0.5, relying on the
specific topic being examined [72].

1/«

— s (14)

Iter

MOP (Cjer ) = 1

In this equation, MOP (Cr, ) signifies the function
value at the " iteration, where Math Optimizer proba-
bility (MOP) indicates a coefficient. My, and Cpey show
the iterations” maximum number and the present iteration.
The exploitation precision across iterations is defined by «,
set at 5 . In the current searching stage, the condition for
the MOA function number corresponding to r1 is that it
should not exceed the value of the present Cye, (refer to
Eq. (12)). The exploitation operators of the AOA algorithm
is Subtraction (S) and Addition (A). In order to get a more
refined predicted outcome, the exploration of the search
area is conducted over several densely populated places,
using two prominent search methodologies [72].
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Table 4. The PPC values.

Inputs Output
f c dmax CT W/ C G f
fe 1 -0.264 | -0.218 | -0.719 0.365
Inputs | dmax | 0.04409 0.142 | 0.277 0.374
CT 0.47531 | 0.206 1 0.314 0.071
W/C | -0.662 | -0.035 | -0.105 1 -0.302
Output Gr 0.539 0.413 | 0.245 | -0.317 1
a is a gradually decreasing vector from 2 to 0 with a
Xii (Cirer +1) = constant number of iterations, and r is an accidental vector
1j lter betweenOand 1.
best (Xj) —MOP x ((UB; —LBj) x y+LBj)  r3 <05
best () + MOP x ((UB; — LBj) x p+LB;j)  Otherwise  3.3.2. Bubble attacking the prey

(15)

The AOA is a pioneering approach, and this study rep-

resents one of the first attempts to evaluate the efficacy of
the AOA in quantifying damage.

3.3. Whale optimization algorithm (WOA)

During the migratory process, humpback whales engage
in a behavior known as deep diving, when they descend
to significant depths. Subsequently, they use a technique
involving the creation of a spiral-shaped pattern of bubbles
around their prey. Finally, the whales resurface and return
to the ocean bottom [73]. They have a preference for prey-
ing on little fish that inhabit the vicinity of the ocean bottom.
The mathematical model developed by WO A encompasses
several aspects of the hunting behavior, including the encir-
cling of the prey, the execution of spiral bubble operations,
and the search process. The representation of the concept
may be shown as follows:

3.3.1. The prey encircling

The WOA regards the identification of prey position as a
potential candidate response. The below equations could
be utilized to explain the humpback whales” encirclement
[73]:

D = [C.Xp(t) — X(t)] (16)

X(t+1) = X,,(t) — A.D 17)

Based on these equations, t shows the present iteration,
X(t) indicates the location vector of whales, and X, (t)
shows the location of the hunt A and C stand for coeffi-
cient vectors that can be computed as below [73]:

A=2-ar—a (18)

(19)

The act of attack exposes the WOA ’s abuse of power or
exploitation of local resources. The whales use two dis-
tinct approaches in their bubble net feeding strategy while
engaging with their prey. The following expression is a
mathematical representation:

1. The decreasing encircling mechanism is a hunting tac-
tic used by whales, whereby they encircle their prey
in progressively reducing rings. The task may be
achieved by gradually decreasing the value of " a ’
from 2 to 0, while ensuring that the absolute value of
A remains less than 1.

2. The humpback whales exhibit a spiral pattern of move-
ment as they ascend to their hunting grounds. The
position of the whales may be updated using the for-
mulae provided in reference [73]:

X(t+1) = D'.e". cos(27l) + Xp(t) (20)

D' = [Xp(t) — X(t)] (21)

The above equations indicate that the variable 1 repre-
sents a real integer within the range of -1 to 1, while
the variable b represents a constant that characterizes
the logarithmic helix shape.

During the course of the attack, the whales exhibit
concurrent use of many methods. Consequently, it is
anticipated that the encircling process will be reduced
by 50% and the helix model will undergo a commen-
surate reduction in order to update their respective
positions. This may be shown as shown below [73]:

ifp <05
if p>05
(22)

X(t41) - | X0 - 4D
D'.e" cos(27tl) + Xp(t)
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In this equation, p shows the possibility number ¢
[1,0].

3.3.3. Searching for the prey

The humpback whales look for a hunt throughout this
procedure, representing the WOA’s exploration or world-
wide search. The search procedure may be expressed by
the |A| > 1. The location of the whales or spies may be
modified as below [73]:

D = [C.X(f) — X(1)] (23)

X(t+1)=X,(t)— AD (24)

In Egs. (23) and (24), X,(t) is an random vector of whale
position (Fig. 2).

v aat

Fig. 2. The feeding outline of whales [73].

3.4. The trend of integration

For the purpose of developing models, the below outline
was followed:

e First, the comprehensive dataset was produced from
most related literatures.

® Second, pre-processing efforts have been performed
on dataset, such as randomizing, removing bad data,
and separating for train and test stages with normal
distributions.

¢ At the third step, the initial SV R model was produced.

¢ Finally, the optimization algorithms were linked with
SVR analysis to determine the optimal values of the
hyperparameters of SVR(C, o, and ¢).

Figs. 3 and 4 illustrate the flowchart and process of the
hybrid SVR analysis, which aims to utilize optimization
algorithms to determine the optimal values for the deter-
minative parameters of the SVR model.

4. Indices

The efficacy of the simulations was assessed by computing
and analyzing several statistical criteria as described in
Table 5.

5. Results

51. G f

In this study, a specific portion of the data collection was
used for the purpose of evaluating the G¢. This evalua-
tion was conducted by using linked SVR networks that
were upgraded by AOA and WOA. The objective of this
inquiry was to develop distinct recommendation systems.
To improve the modeling efficiency of the development, the
AOA and WOA approaches were used to emphasize the
model’s crucial elements. As was previously indicated, the
aim of SVR innovations was to provide a solution for the
regulatory constants C, 0, and . The suggested parameters
for computing SVR method features utilizing the AOA and
WOA methods are shown in Table 6.

Analyzed and presented are the advantages of employ-
ing hybrid SVR algorithms to estimate the initial frac-
ture energy (G f> of concrete. Calculations were em-
ployed in this case to calculate Gy by combining SVR
with the AOA, WOA, and other approaches. The goal of
the SVR ideas was to provide the most effective regula-
tory results. The concrete was isolated at random from
a number of research papers for the phases of learning
and evaluating. The comparison of the real and estimated
G f values, as well as the distribution of the ratio of Esti-
mated/Real, are shown in Fig. 5. Utilizing five metrics
(R, R2,RMSE, RRSE, and VAF), the effectiveness of the
existing techniques was evaluated. The findings on the
SVR — AOA and SVR — WOA assessments are reported in
Table 6. Both methods calculate the G 1 which assesses the
intended correlation between the findings that are recorded
and computed and the systems’ long-term survivability.

The performance of the constructed regression evalua-
tion models SVR — AOA and SVR— WOA's statistical met-
rics was evaluated in this portion of the essay to discover
which model outperformed the others. Additionally, an
effort was made to meaningfully compare the results of this
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Table 5. Comparison of time performance and performance with different superpixel methods

Eq. No. Description Abv. Formula
R p
(25) Correlation coefficient R RZRﬂ(t’;t)(i =) >
VR (=] 2R (5 -9)]
2
R _
(26) Coefficient of determination R? e zt)( -9
\/[Zr 1 tR t ][Zr 1 yV ]
(27) Root - mean - square error | RMSE \/ FXR (e — t)?
R 2
(28) Root Relative Squared Error | RRSE %
r=1\tr—
(29) Variance account factor VAF (1 — %(;{y)") %100
Terms:
tq The records
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Fig. 3. The SVR - WOA flowchart.

study with those of earlier research. The calculations’ find-
ings, which included assessment factors, demonstrate that
both SVR — WOA and SVR — AOA regression analyses
can astonishingly operate, with R values of 0.92 and 0.9714
for SVR — WOA and 0.9597 and 0.9926 for SVR — AOA, re-
spectively, related to the train and test stages. The values of
R? in the testing dataset’s SVR — WOA and SVR — AOA

regression analyses demonstrate the models’ outstanding
efficacy. To find the outperforming model, however, it is
necessary to study and contrast the created indicators. The
SVR — AOA regression exhibits a decrease in the RMSE
indicator value when compared to the SVR — WOA, go-
ing from 0.0055kN/m to 0.0035kN/m in the train portion.
A reduction of 50%, from 0.0036kN/m to 0.0018kN/m,
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Fig. 4. The SVR - AOA flowchart.

was accomplished during the testing phase. The RRSE
index has a similar trend to RMSE, suggesting that the val-
ues of this index for SVR — AOA were much lower than
SVR — WOA. This indicates that the SV R — AOA network
has more potential in accurately predicting process.

Moreover, the index VAF, which has been newly recog-
nized, may also be used to illustrate the measured profi-
ciency as shown in Table 6 (the higher value of VAF, the
higher accuracy).

Similar large increases in the VAF index values can be
seen in the learning phase (from 84.64% for SVR — WOA
to 92.07% for SVR — AOA ) and the test portion (from
94.32% to 98.53%). To provide a foundation for comparison,
the findings of this study were contrasted with those of
a previous publication [26]. The SVR — AOA regression
created has an R-value rise from 0.95 to 0.9926 , which also
results in a modest increase in effectiveness. Therefore,
based on the reasoning and processability of the designs, it
appears that the SVR — AOA evaluation is highly reliable
for establishing concrete G . even though the SVR — WOA
method has promise in the process of forecasting.

The error distribution plots in Fig. 5 demonstrate the
ratio of predicted G to recorded Gy for WOA — SVR and
AOA — SVR. The more instances around ratio equal to one,
and sharper distribution, the higher accuracy of model. As
it is clear from figures, AOA — SV R performs better than

WOA — SVR model in both training and testing stages by
shaper distribution with more instances around ratio one.

5.2. Gr

In this study, a specific portion of the data collection was
used for the purpose of evaluating the Gr. This evaluation
was conducted by using linked SVR networks that were
augmented by the AOA and WOA techniques. The objec-
tive of this inquiry was to develop distinct recommendation
systems. The AOA and WOA techniques were chosen in or-
der to emphasize the essential elements of the model, with
the aim of enhancing the efficacy of its development. The
suggested parameters for computing SVR approach char-
acteristics using the AOA and WOA methods are shown
in Table 7. The comparison of the real and estimated Gg
values, as well as the histogram of the estimated/real ratio,
are shown in Fig. 6.

This portion of the essay compares the results of the sta-
tistical signals produced for the constructed regression anal-
yses known as SVR — WOA and SVR — AOA to see which
model performed better than the others. Additionally, an
effort was made to meaningfully compare the results of this
study with those of earlier research. The results of the com-
putations, show that both SVR — WOA and SVR — AOA
analysis might astonishingly perform favorable during
the prediction trendline, with R of 0.927 and 0.9278 for
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Table 6. The efficiency of the SVR for calculating G.

System [26]
Hyperparameter sy =54 [ SVR— A0A
Category | Index C 470.226 826.26
o 0.56411 0.9833
€ 0.1022 0.1
R 0/92 0/9597
R? 0/8465 0/921
Train RMSE 0/0055 0/0035
RRSE 0/4467 0/2824
VAF 84/648 92/0699
R 0/9714 0/9926 0/95
R? 0/9437 0/9853
Test RMSE 0/0036 0/0018
RRSE 0/2615 0/1268
VAF 94/3238 98/5271
Table 7. The results of the SVR models.
System 26
Hyperparameter sy o4 | SVR — AOA ¢}
Stage Metrics C 470.226 922.288
o 0.3634 0.757
€ 0.1 0.1
R 0/927 0/9634 091
R? 0/8594 0/9281
Train RMSE 0/0157 0/0074
RRSE 0/5666 0/2682
VAF 85/905 92/8082
R 0/9278 0/961
R? 0/8608 0/9236
Test RMSE 0/0155 0/0078
RRSE 0/5556 0/2793
VAF 86/0723 92/2014

WOA — SVR, and 0.9634 and 0.961 for SVR — AOA, re-
spectively, for the train and test stage. To identify the top-
performing model, however, it is necessary to assess and
contrast the produced indicators. The SVR — AOA regres-
sion exhibits a decrease in the RMSE index value when
compared to the SVR — WOA, going from 0.0157kN/m to
0.0074kN/m in the train portion. A reduction of 50%, from
0.0155kN/m to 0.0078kN/m, was accomplished during
the testing phase. The RRSE index has a similar trend
to RMSE, suggesting that the values of this index for
SVR — AOA were much lower than SVR — WOA. This
implies that the SVR — AOA network has greater promise
in predicting the Gr. Both the learning and test portions of
the VAF

values significantly improved, going from 86.07% to
92.2% for the test portion and from 85.9% for WOA — SVR
to 92.81% for SVR — AOA. To provide a foundation
for comparison, the findings from this paper were con-
trasted with those from a previous publication [26]. The
SVR — AOA regression created has an R-value rise from

0.91 to 0.9634 , which also results in a modest increase in
effectiveness. As a result, despite the SVR — WOA sys-
tem’s capability for prediction, the SVR — AOA analysis
appears to be fairly trustworthy for determining concrete
Gr, according to the justifications and processability of the
systems.

Fig. 6 displays the error distribution plots, which illus-
trate the ratio between the anticipated G and the observed
Gr for both WOA — SVR and AOA — SVR. A better level
of accuracy in a model is achieved when there is a greater
frequency of cases with a ratio equal to one, as well as a
more pronounced dispersion. Based on the presented data,
it is evident that the AOA — SVR model outperforms the
WOA — SVR model in both the training and testing phases.
This superiority is shown by a more pronounced distribu-
tion, with a higher concentration of cases around the ratio
of one.
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6. Conclusion

This study created a coupled SVR methodology to have
a greater performance of concrete’s initial (Gf) and total
fracture energy (Gp). Systems were utilized to estimate the
Gr and G in this situation by integrating the arithmetic
optimization algorithm (AOA) and whale optimization
algorithm (WOA) approaches with SVR. For this experi-
ment, a data set was created that includes four data inputs
and two outcome factors. At last, the performance of mod-
els has compared altogether and literature by calculating
and analyzing different statistical criteria.

* Considering Gy, the findings of the calculations show

that both SVR — WOA and SVR— AOA might per-
form favorable via the estimation outline, with R
of 0.92 and 0.9714 for SVR — WOA, and 0.9597 and
0.9926 for SVR — AOA, respectively, for the train and
test stage. The models” wonderful performance is
supplied in the values of R? in both SVR WOA and
SVR — AOA regression analysis in the testing dataset.
Related to RMSE index, the SVR — AOA depicted a
decline in comparison to the SVR — WOA, coming
from 0.0055kN /m to 0.0035kN /m in the training stage.
With an increment in R-value from 0.95 [26] to 0.9926 ,
the created SVR — AOA also reported a good modifi-
cation in usefulness.
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Fig. 6. The results of models.

e Regarding Gr, the findings of the calculations de-
picted that both SVR — WOA and SVR - AOA might
remarkably perform with favorable via the outline,
with R of 0.927 and 0.9278 for SVR — WOA, and
0.9634 and 0.961 for SVR — AOA, respectively, re-
lated to the train and test stages. Related to RMSE,
the SVR — AOA depicts a decline compared to the
SVR — WOA. For test portion, a half decline from
0.0155kN/m to 0.0078kN/m was founded. The val-
ues of the VAF supplied a good increment in the
train stage, from 85.9% for WOA — SVR to 92.81%
for SVR — AOA. The resulting SVR — AOA model
likewise offers an excellent boost in effectiveness with

a rise in R value from 0.91 [26] to 0.9634.

* Asit was clear from error distribution plots for G; and
G, AOA — SVR performs better than WOA — SVR
model in both training and testing stages by shaper
distribution with more instances around Predicted /
Recorded ratio equals to one.

¢ The regression models that have been constructed pos-
sess the capability to be practically used in the determi-
nation of concrete fracture energy. The precise estima-
tion of G¢ and G has the potential to enhance the opti-
mization of concrete design and the evaluation of the
structural soundness of concrete components, hence
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making a valuable contribution to the advancement
of construction methodologies. The study included
a total of 264 samples that were obtained from previ-
ous research endeavors. The addition of this database
proved to be beneficial in the development of the re-
gression systems. However, it is worth noting that
the inclusion of a bigger and more varied dataset has
the potential to improve the generalizability and de-
pendability of these models. In order to enhance the
generalizability and reliability of the regression simula-
tions, it would be advantageous to gather a bigger and
more varied dataset. The integration of data from di-
verse sources and the incorporation of varied concrete
compositions and mechanical aspects have the poten-
tial to increase the prediction capacities of the models.
Performing a comparison study with other regression
approaches that are often used for the prediction of
fracture energy will provide a more comprehensive
comprehension of the merits and limitations of the sug-
gested models. The application of the created models
to real-world circumstances and the subsequent valida-
tion of their performance on actual physical structures
would constitute a crucial milestone in the practical

implementation process.

Therefore, despite the potential of the SVR — WOA
framework for the process of forecasting, the SVR —
AOA assessment appears to be a reliable method for
determining concrete Gy and Gg. This conclusion is
based on the logic and processability of the models.
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