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Incorporating steel fibers into plain concrete has been shown to effectively improve the load-bearing capacity of
structural elements. As of now, the impact of fibers on the fundamental mechanical characteristics of Steel Fiber
Reinforced Concrete (SFRC) and the associated uncertainties remain inadequately characterized, and precise
models for predicting their mechanical properties are lacking. This significantly restricts the applicability in
actual buildings. The study investigates various factors affecting settlement, including the water-tocement
ratio, sand-to-cement mass ratio, coarse aggregate-to-cement mass proportion, fiber reinforcement coefficient,
fiber morphology parameter, coarse aggregate size, superplasticizer-to-cement mass ratio, and fiber tensile
yield strength. This research evaluates three approaches for forecasting Ecy, emphasizing the use of a hybrid
optimization approach, the Electric Eel Foraging (EEF), with Gradient Boosting regression (GB) and Random
Forests regression (RF) methods. Based on the available data, it is likely that RF-EEF and GB-EEF will be able to
accurately compute the Ecy. The GB-EEF approach exhibited a high level of functional dependability throughout
the training and evaluation phases, as shown by the R2 values of 0.9764 and 0.9822 . Findings of 0.9892 and
0.9965 , achieved utilizing the RF-EEF technique, were relatively close. Feature importance depicted the highest
impact of coarse aggregates to cement ratio and fiber kinds on the target by 0.9961 and 0.995.
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1. Introduction

In 2020, the annual universal usage of cement-based com-
posite was nearly 14 billion cubic meters, which was about
4.4 tons per individual [1]. On the other hand, the use of
cementbased composite also brings issues that restrict its
excessive use in civil engineering [2]. For instance, one
of these defects is the low tensional resistance of concrete,
which is about 1.16 to 1.18 of compacting resistance [3].
Overall, enhanced cement-based composite is still prone
to cracking. To solve this issue, scientists proposed a ap-
proach that diminishes this issue to some extent by adding
steel fibers to concrete. This approach is called steel fiber
reinforced concrete (SFRC). The proposed resolution has

been very effective in declining the amount of concrete
gapping & expanding its resistance [4].

The first study on fiber-enhanced concrete was con-
ducted by Yu et al. [5] in early 1874. He aimed to enhance
the tensile strength of concrete by using iron alloy. Upon
completion of this study, other research followed, focusing
on various aspects of fiber-enhanced concrete performance,
including uniaxial and multi-axial mechanical properties
[6–8], permanence [9, 10], exhaustion & resistant attributes
against catastrophes [11, 12] & micro-structure [13]. Re-
cent mesoscale statistical evaluations [13, 14] have been
published to highlight the critical failure mechanisms of
steel fiber-enhanced concrete under different external loads.
Furthermore, several innovative fiber types have been sug-
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gested for enhancement [6], & the application of magnetic
fields has been investigated to align the steel fibers during
the casting procedure [14]. Similar instigations have shown
that there are notable differences between the properties of
fiber-enhanced concrete and ordinary concrete. The unique
resistance and flexibility of steel fibers provide steel fiber-
enhanced concrete with effective bridging capabilities after
cracking, as well as enhanced mechanical attributes when
subjected to tensile, shear, and torsional loads [5]. A large
inconsistency in the materials used is often the primary
reason for the variations in mechanical attributes. Steel
fibers are capable of significantly inhibiting the propaga-
tion of macro-cracks; however, they generally reduce the
spread of the novel admixture compared to conventional
cement-based composites at the same water-tobinder ratio.
This reduction is most likely due to the interaction between
the aggregate and the fibers [5]. To forecast the crucial me-
chanical features of fiber-improved concrete (such as elastic
modulus), models need to be developed that can be easily
integrated into engineering design codes. However, exist-
ing models used by researchers lack sufficient accuracy and
sometimes fail to reflect the physical relationships between
the model and the characteristics of the predicted proper-
ties. Abbass et al. [15], Luo et al. [16], & Jamshidi and Arefi
[17] previously proposed simple linear formulas to estimate
the mechanical features of steel fiber-enhanced concrete,
based on their empirical findings. The consensus among all
these studies is that the fiber volume fraction and the water-
to-binder ratio are key agents influencing the strength and
behavior of steel fiber- enhanced concrete. Wu et al. [18]
applied a composite material mixing strategy and found
a significant correlation between the strength and defor-
mation properties and the relative elastic modulus of steel
fibers in relation to concrete. He subsequently proposed
two experimental equations. Zhu [19], suggested equations
for calculating the tensile strength, bending strength, and
elastic modulus of steel fiber-enhanced concrete, based on
correlations between these properties and the compressive
strength of steel fiber-enhanced concrete. However, the
models used to estimate the compressive strength of steel
fiber-enhanced concrete were not included in their study.
In general, the prediction of mechanical properties in these
models is based on experimental testing, but a compre-
hensive validation of these models’ accuracy is not always
provided [20].

Machine learning approaches have been used in recent
years as an efficient and innovative method to determine
the mechanical properties of engineering problems [21–27].
Açikgenç et al. [28] employed a back-propagation artificial
neural network to estimate the compressive strength of

steel fiber-enhanced concrete, considering key factors such
as maximum aggregate size, fiber volume fraction, and
the length and diameter of the fibers. In another research,
Awolusi et al. [29] used the compacting resistance & split
tensional resistance of 100 mm thick cubes estimated by
artificial neural network of fiber enhanced concrete to es-
timate slump. In the research conducted by Karahan et al.
[30], the solidified resistance of fiber-enhanced concrete
with various amounts of fly ash was estimated using artifi-
cial neural network & multivariate non-linear regression.
The models that are based on black box data to evaluate
the mechanical features of fiber enhanced concrete have
deficiencies, but they are often accurate enough in estima-
tion. These models often lack a clear statement, which
restricts their availability, & they intrinsically do not pro-
vide sufficient representations of the underlying physical
tactic.

This research aims to address the aforementioned dif-
ficulties. The primary step involved searching for and
screening accessible test data to establish a comprehensive
database encompassing the mechanical attributes of SFRC
and its mix ratios (mass contents of cement, water, sand,
gravel, water reducer, and fiber), coarse aggregate size,
fiber characteristics, and any other pertinent information.
This study measured the elastic modulus (Ecy) of SFRC
via several tree-based regression methodologies. The aim
of this work was to forecast the Ecy by the use of several
machine learning approaches derived from tree-based re-
gression methodologies. Random Forests regression (RF)
and Gradient Boosting regression (GB) are the names of
the tree-based models that were taken into account in the
context of this specific inquiry. New studies have shown
that the hyperparameters of the RF and GB significantly af-
fect the accuracy and performance of the system. By using
metaheuristic optimization techniques, these hyperparam-
eters may be generated as effectively as feasible to achieve
the intended outcomes. To help in this quest, a recently
developed technique called electric eel foraging (EEF) has
been selected. This is primarily due to the fact that too few
samples were studied, which prevented the findings from
being broadly generalized. For the purpose of the research,
the elastic modulus of concrete was determined 113 times
overall using information from various sources. These sets
then went through two rounds of different learning and
assessment processes. For a more detailed explanation, 75%
of the dataset was used as a training dataset and 25% as an
evaluation subset throughout the development and testing
of the proposed framework. The steel fiber-reinforced con-
crete’s elastic modulus, which is a property of concrete, is
calculated using eight different agents.
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2. Methods

2.1. Dataset description

The combination of steel fibers in plain concrete effectively
improves the bearing capacity of structural elements. The
influence of fibers on the fundamental mechanical proper-
ties of steel fiber-reinforced concrete, such as its modulus of
elasticity (Ecy) requires accurate information that is essen-
tial for prediction methods using artificial intelligence ap-
proaches. Therefore, in order to make relevant predictions,
a series of data from valid technical literature is needed
to perform the forecasting operation. In this article, 113
data points have been collected from reliable articles in the
technical literature [31–41]. The data is divided into two
sets: a training set, which includes 75% of the data, and a
testing set, which includes 25% of the total data, in order
to ensure accurate estimation. Also, the correct selection
of input variables to perform operations on them is one
of the key standards in doing it correctly & accurately. To
further evaluate the robustness of the proposed model, a
4-fold cross-validation (CV) procedure was conducted. The
dataset was divided into four equal subsets, where each
subset was used once as a test set while the remaining three
were used for training. The process was repeated four
times, and the average results were computed. The perfor-
mance metrics across all folds are summarized in Table 1.
These results demonstrate consistent model performance
across different splits of the data, confirming the model’s
stability and generalization capability.

In Table 2, using a series of commonly used & well-
known evaluation indices including min, max, skewness,
standard deviation, variation, mean & kurtosis. A detailed
examination of the characteristics of the agents required
for estimation in the abnormal state has been carried out.
In this table, the data are examined in two divided parts of
training & testing. It also shows that the prediction includes
9 input agents & one outcome agent, which includes: water-
tocement proportion W/C, mass ratio of sand / cement
S/C, mass ratio of coarse aggregates / cement CA/C, fiber
enhancement coefficient R =

(
Vf × L f /D f

)
, fiber shape

variable ρf, size of coarse aggregate Smax , mass proportion
of superplasticizer / cement SP/C, fiber tensional yield
resistance f f & fiber kinds including: Hooked (coded as 1),
Mill-cut (coded as 2) and Crimped (coded as 3). The re-
sult variable means elastic modulus of steel fiber enhanced
concrete Ecy. These evaluation indices provide important
attributes of the parameters in the two mentioned fields
and effectively help scholars & studiers in correctly under-
standing the data, such as how they are distributed and the
common points of their properties.

Next, for a better understanding of the data, another
type of visualization is used to examine the characteristics
of the variables more accurately and easily. For instance,
the diagram presented in Fig. 1 is known as the Pearson cor-
relation chart. It is a statistical tool used to evaluate the lin-
ear link between two factors. This analysis can significantly
influence the development of robust artificial intelligence
methodologies. The correlation coefficient ranges from -1
to 1 . A value of 1 indicates a perfect positive correlation,
meaning that an increase in one parameter corresponds to
an increase in the other variable. A value of -1 indicates a
perfect negative correlation, meaning that an increase in
one parameter results in a decrease in the other. A value
of 0 indicates no correlation, meaning that variations in
one parameter do not affect changes in the other parameter.
The correlation levels can be sorted as follows: a correlation
between 0 and 0.1 is considered insignificant, between 0.1
and 0.3 is weak, between 0.3 and 0.5 is moderate, between
0.5 and 0.7 is robust, and between 0.7 and 1.0 is very strong.
Positive values indicate a direct correlation, while negative
values indicate an inverse correlation. However, there are
limitations to this analysis. For instance, this graph only
estimates linear links and may not capture more complex
relationships. It is also sensitive to outliers, which can have
a significant impact on the correlation coefficient. Overall,
Pearson’s correlation is a valuable tool for understanding
the connection between two agents, provided its assump-
tions are met and the context of the data is considered. In
this graph, we can see the connection among 9 input vari-
ables against the result agent. The result shows a robust
correlation of 0.76 among S/C&W/C agents, while the cor-
relation among SP/C&ρt variables is relatively feeble with
a number of -0.43 .

Table 1. 4-Fold Cross-Validation Results

Fold R2 RMSE MAE
1 0.999 0.3315 0.1588
2 0.9878 0.3589 0.1788
3 0.9899 0.3555 0.1733
4 0.992 0.345 0.1688

Avg 0.9928 0.3475 0.1697

Also, Fig. 2 shows a linkage chart commonly used in
data analysis to visualize the relationships among multiple
input parameters and a target parameter. Each colored
line corresponds to a specific index in the data, linking the
values of the input parameters to the outcome parameter.
The different colors in the chart represent various types of
data. The size of the lines - whether increasing, decreasing,
or remaining fixed - can indicate the relationship between
the parameters. For instance, you may observe that cer-
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Table 2. Statistical properties of input and target variables

Index
Input variables Target

W/C S/C CA/C Smax SP/C FT R ρ f f f Ecy
Unit - - - mm - - % - MPa GPa

Training dataset
Min. 0.3 0.81 1.57 10 0.0 1.0 0.0 0.5 500 23.7
Max. 0.7 3.251 4.764 25 0.04 3.0 175 1.0 2000 45.9
Skew. 1.051 0.423 1.027 -1.514 1.978 2.560 1.223 -2.246 1.289 0.469
St.D. 0.099 0.632 0.713 3.191 0.009 0.555 32.027 0.163 281.31 4.201
Var. 0.010 0.399 0.508 10.185 0.0 0.308 1025.73 0.027 79137.63 17.649
Avg. 0.448 2.013 2.636 18.835 0.007 1.212 42.007 0.935 1156.81 34.545
Kurt. 0.305 -0.719 1.329 2.857 5.234 5.285 2.248 3.245 3.282 0.210

Index
Input variables Target

W/C S/C CA/C Smax SP/C FT R ρ f f f Ecy
Unit - - - mm - - % - MPa GPa

Testing dataset
Min. 0.3 0.81 1.57 10 0.0 1.0 0.0 0.5 500 28.9
Max. 0.7 3.105 4.805 22 0.013 3.0 116.66 1.0 2000 46.5
Skew. 0.679 0.174 1.309 -2.640 0.71 2.806 0.961 -2.391 1.130 0.408
St.D. 0.112 0.561 0.788 2.260 0.004 0.467 26.71 0.158 369.62 4.403
Var. 0.012 0.314 0.620 5.106 0.0 0.218 713.72 0.025 136621.17 19.384
Avg. 0.443 2.079 2.629 19.036 0.005 1.179 40.01 0.938 1196.4 35.925
Kurt. -0.538 -0.470 1.857 8.783 -0.496 7.846 0.715 4.243 1.228 -0.559

Fig. 1. Correlation type of statistics: Pearson

tain inputs result in higher or lower values in the outcome
agent. Lines that move together may suggest correlations
between specific input parameters and the outcome pa-
rameter. The expansion or contraction of the lines can
demonstrate the variability of the outcome based on differ-
ent input combinations. Additionally, the FT parameter in
the chart consists of three sections. The first section corre-
sponds to Hooked fibers, the second to Mill-cut fibers, and
the third to Crimped fibers. In summary, line graphs are
an effective way to visualize complex relationships within
data, enabling analysts to extract insights from multiple
parameters simultaneously. They are especially valuable
in fields like engineering, and in any area where under-
standing the relationship between inputs and outcomes is

critical.

Fig. 2. Linked line of input and target variables

The assessment of Table. 3indicates that the model’s
input agents are arranged according to their significance in
predicting the modulus of elasticity of steel fiber reinforced
concrete (Ecy).

The S1 values serve as an index of the relative signifi-
cance of each parameter; the closer this value is to 1 , the
bigger the parameter’s influence on the model output. The
assessment indicated that the agents (CA/C and Smax) and
(FT and f f ) are the most significant factors, whereas the
variables (SP/C) and (R) are equally critical but ranked
lower than the former group. Ultimately, proportions such
as W/C and S/C, contrary to assumptions, exert a declined
influence relative to other parameters. This may indicate
the model’s superior effectiveness in assessing microstruc-
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tural effects compared to macroscopic effects.

Table 3. feature importance analysis by FAST methodology

Parameter S1 value from highest to smallest
CA/C 0.9961

FT 0.995
Smax 0.9807

f f 0.9676
SP/C 0.9368

R 0.8099
ρ f 0.701

W/C 0.6472
S/C 0.4698

2.2. Adjuster optimization: Electric eel foraging (EEF)

Electric Eel Foraging Optimization begins by adjusting con-
trol variables, such as the maximum repetition count and
the size of the electric eel population. A group of eels
is randomly initialized, and each eel exhibits interactive
behavior to explore resources when its energy level (E)
exceeds 1. When at rest, moving, or chasing, each eel ex-
ploits resources with equal probability if its energy level
(E) is at or below 1. Candidate solutions are generated and
evaluated against current options, with the most effective
solution being refined through iterative updates. As the
iterations progress, the energy level (E) decreases, causing
a shift from exploration to exploitation. The interactive
process continues until a predefined stopping criterion is
met, at which point the best solution is recorded.

Electric eel foraging optimization has shown exceptional
function in discovery, regional improved avoidance, and
utilization when subjected to thorough testing, outperform-
ing other enhancement methods. Its adaptability encom-
passes a wide range of enhancement challenges, including
those characterized by multiple constraints and parame-
ters. Importantly, electric eel foraging optimization takes
into account the ethical sizes of issue-solving. Eels pos-
sess the ability to detect the situation of their prey through
low-level electrical emissions, allowing them to set up their
situations actively. During searching, when an eel detects
the presence of prey, it shifts to a possible situation; if no
prey is sensed, it stays in its present situation [42, 43].

Xi(t + 1) =
{

Xi(t) fit (Xi(t) ≤ (ϑi(t + 1)))
ϑi(t + 1) fit (Xi(t) > (ϑi(t + 1))) (1)

The term fit (Xi(t)) donates the fitness associated with
the applicant situation of the ith electric eel. Here, Xi repre-
sented the place of an eel that has been accidentally selected
from the existing group, while ϑi indicates the situation of
an accidentally chosen power supply resource. Electric

eel foraging optimization setting up requires the explana-
tion of control variables, including the highest repetition
count & the crowd size of the electric eels. A collection of
eels is manufactured with an accidental broadcast. In each
repetition, when the energy standard E exceeds 1, each
eel participates in discovery through its inter-active acting.
When the energy standard E is at or below 1, every eel has
an equal chance of participating in activities such as relax-
ing, moving, or chasing. To manufacture novel candidate
solution, each case is evaluated against every eel, and these
resolutions are then compared to the existing ones. The
improved resolution is consistently refined during each
level of the repetition strategy. As the repetition advances,
the energy standard E declines, leading each eel to shift
from discovery to utilization. This inter-active strategy per-
sists until the explained stopping criterion is satisfied. At
that moment, the improved resolution obtained thus far
is recorded. The operational sequence of the Electric Eel
foraging optimization is illustrated in Algorithm 1.

Algorithm 1. The operational sequence of the Electric Eel
foraging optimization [42, 43]

Create a preliminary value for both N and T
Manufacture a group Xi (i = 1, . . . , N) at random and
estimate the fitness Fiti

Designate Xb as the improved representation of the eel
while Terminal conditions have not been satisfied do

for each Xi, where i ranges from 1 to N do
Revise E values
if E > 1 then

Revise the inter-action variables
Calculate the fitness Fiti

else
if rand > 1/3 then

Recognize the rest position
Implement the relaxing attributes
Assess the fitness Fiti

else if rand > 2/3 then
Implement the transforming attributes

else
Recognize the chasing place
Implement the chasing attributes

Revise the value of eel
Upgrade Xb

return the value of Xb

2.3. Estimator 1: Random Forests regression (RF)

The Random Forest (RF) method is a leading technique
for both regression and classification within decision tree
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learning. It demonstrates high efficiency and offers su-
perior regression accuracy compared to other regression
methods. The RF model was introduced by L. Breiman in
1986. This model constructs a large number of uncorrelated
decision trees during the training process. The model’s
output is derived by averaging the results from all the indi-
vidual decision trees. In the RF technique, the learner uses
the bootstrap method to train each tree. This procedure
involves repeatedly selecting bootstrap specimens from the
training dataset and fitting decision trees based on the Gini
impurity calculated from these samples. The predicted val-
ues for unseen data points are obtained by averaging the
prediction results from all regression trees after the training
strategy:

y =
1
B

B

∑
b=1

tb(x) (2)

In the above formula, B represents the number of deci-
sion nodes in the decision tree, tb(x) represents the decision
tree prediction number b for input sample x.

The RF approach improves forecasting precision by uti-
lizing multiple trees rather than relying on a single tree [44].
This method yields an unbiased ranking of parameters that
surpasses the precision of outcomes obtained from CART.

The RF technique finds application in a range of catego-
rization and regression duties, including the forecasting of
urban NO2 exposure levels in Japan [45], investigations of
landslide vulnerability in China [46], and the mapping of
ground-water possible for forecasting crop yields in Iran
[47, 48].

2.4. Estimator 2: Gradient Boosting regression (GB)

The Gradient Boosting Regressor (GBR) is a group model
that consists of a collection of tree models organized in
sequence, where each following model is trained to true,
the faults made by the prior one. This machine learning
model utilizes enhancing tactics to improve a group of fee-
ble estimative methods, typically decision trees, resulting
in a stronger overall model [49]. A gradient enhancing
regressor comprising M trees can be expressed as bellows:

fM

(
xj

)
=

M

∑
m

γmhm

(
xj

)
(3)

In this context, hm represents a feeble learner that ex-
hibits subpar function on its own, while γm serves as a
scaling standard that improves the contribution of a tree
to the overall model. Gradient boosting regressor employs
the gradient descent loss subordinate to decline faults by
refining the primary forecasting based on the updated pre-
diction. An ultimate model is developed by integrating

all preliminary estimates with suitable weights. The GBR
model utilized in this investigation is derived from the GBR
method available in Scikit - learn.

In gradient boosting, the method is trained by minimiz-
ing the loss through repetitive upgrades.

Feeble Learners: In gradient boosting, member models
are known as feeble learners because they perform slightly
better than accidental guessing.

Loss subordinate: The choice of loss subordinate is
very crucial & can vary depending on the normal of the
regression issue (eg, mean squared error for continuous
aims).

Setting up: Start with a primary forecasting (eg, the
mean of the goal quantities).

Iterative training: For each repetition, compute the
residuals from the present forecasting.

Fit a feeble learner to these residuals. Update forecasting
by adding feeble learner forecasting, scaling the learning
rate. Ultimate method: The ultimate method is the sum of
all the feeble forecasting of the learners.

Benefits: High precision: often provides high estimative
precision.

Adaptability: It can improve various loss subordinates
& handle several kinds of data.

2.5. Coupled Estimators: RF-EEF, and GB-EEF

A consistent and adaptable ML technique which can deal
with both regression and classification problems with unex-
pected durability and precision has been attempted, using
RF and GB models. Improving feature relevance, scalabil-
ity, and flexibility are further aims of these models. The
hyperparameters of the RF and GB frameworks that sub-
stantially impact efficacy may be adjusted by trial and error
or optimization. These models attempt to enhance accuracy
in prediction and cope with missing data (Table 4).

Optimizing a RF model requires fine-tuning criti-
cal hyperparameters such as n_estimators, max_depth,
andmax_ f eatures, in addition to hyperparameters for
GB such as n_estimators, learning_rate, max_depth,
min_samples_split, andmax_ f eatures, in order to strike a
balance between the model’s complexity and generalizabil-
ity. The process is streamlined by initially dividing the
dataset into 75% for training and 25% for evaluation. Ad-
vanced optimization techniques, such as EEF, are then em-
ployed to explore different hyperparameter combinations
and reduce the RMSE on the validation set. The optimal
set of hyperparameters is selected after extensive training
and evaluation of several models, considering the distinct
effectiveness of every model.
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Table 4. The tunned parameters of coupled estimators

RF − EEF GB − EEF
Parameters Value Parameters Value

Maximum number of iterations 200 Maximum number of iterations 200
Number of tries 5 Number of tries 5

Size of population 30 Size of population 20
Other control parameters - Other control parameters -

n_estimators 68 n_estimators 75
max_depth 28 learning_rate 0.08

min_samples_split 12 max_depth 15
max_ f eatures 6 min_samples_split 20

max_ f eatures 8

2.6. Metrics

A variety of performance criteria, each offering a unique
viewpoint on the accuracy and reliability of the model, can
be utilized to evaluate the RF and GB algorithms.

Coefficient of Determination:

R2 =

 ∑n
i=1 (Xi − X̄) (Si − S̄)√[

∑n
i=1 (Xi − X)2

] [
∑n

i=1 (Si − S̄)2
]
 (4)

Root Mean Square Error:

RMSE =

√
1
n

n

∑
i=1

(Si − Xi)
2 (5)

Scatter index:

SI =

√(
1
n

)
∑n

i=1 ((Xi − X̄)− (Si − S̄))2(
1
n

)
∑i

n=1 Si

(6)

Normalized Root Mean Square Error:

NRMSE =
RMSE

S̄
(7)

Uncertainty with a 95-coincidence level:

Un95 = 1.96
√
(SD2 + RMSE2) (8)

Mean Absolute Error:

MAE =
1
n

n

∑
i=1

|Si − Xi| (9)

Symmetric Mean Absolute Percentage Error:

SMAPE =
1
n

n

∑
i=1

|Xi − Si|
(|Xi |+|Si |)

2

× 100 (10)

Mean Absolute Scaled Error:

MASE =
1
n ∑n

i=1 |Xi − Si|
1

n−1 ∑n
i=1 |Xi − Xi−1|

(11)

Adjusted R2 :

AdjR2 = 1 −
(
1 − R2)× (n − 1)

n − k − 1
(12)

The variables Xi, X̄, Si, and S̄ indicate the observed Ecy,
the average of the observed Ecy, the anticipated Ecy, and
the average of the anticipated Ecy, respectively, in these
calculations. The dataset’s row count is represented by
n, whereas k is the number of independent variables, or
predictors, in the model excluding the intercept.

3. Results and discussion

Ecy of steel fiber-reinforced concrete might be easily found
by combining the RF and GB methods with the EEF pro-
cess (commonly called RF − EEF and GB − EEF). Figure
3 shows the values of Ecy which were measured and an-
ticipated using the RF − EEF and GB − EEF approaches.
These were the data that were collected during the inves-
tigation’s learning and evaluation stages. This figure also
shows the proportion of error between the expected and
actual Ecy. Table. 5 displays the results of the evaluations
of the designs acquired at the different learning levels and
the evaluations of the process of product creation. Each
research model received a score for each statistic at each
phase of the study. This was done in an attempt to improve
the accuracy of the combined models.

Based on the available data, it is likely that both
RF − EEF and GB − EEF will be able to accurately com-
pute the Ecy. The GB − EEF approach exhibited a high
level of functional dependability throughout the train-
ing and evaluation phases of the operation, as shown
by the R2 values of 0.9764 and 0.9822 . Findings of
0.9892 and 0.9965 , achieved utilizing the RF− EEF tech-
nique, were relatively close. The findings show that the
RF − EEF method functioned superior than the GB −
EEF approach regarding R2 values. The best-performing
model was paired with Adj−R2, and the outcomes re-
vealed a performance pattern resembling one of the an-
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ticipated metrics. Merely relying on this figure to assess
the model’s dependence is insufficient. In order to accom-
plish this, a thorough analysis of many metrics-including
RMSE, SI, U95, NRMSE, MAE, SMAPE, and MASE-is re-
quired. In light of these attributes, a lower score denotes
an even greater level of perfect consistency, while a bigger
number denotes the reverse. A detailed examination of the
numbers related to these aspects shows that the RF − EEF
method produces the best accurate results with the least
amount of data needed. The RMSE index values produced
by the RF − EEF were lowest during the learning and as-
sessment periods, at 0.4376 and 0.2575 , correspondingly.
In contrast to the other values achieved, the GB − EEF ’s
training and assessment phases yielded values of 0.6504
and 0.5903 , respectively, indicating a lower degree of de-
pendability.

A comparison between the performance of EEF-based
models is made in the Table 5 based on valid indicators.
The research shows that U95, representing the 95% con-
fidence level uncertainty measurement, signifies that the
exact value will reside within the anticipated and measured
range. U95 is utilized to evaluate uncertainty, encompass-
ing prediction accuracy and measurement variability. Clear
reliance facilitates decision-making. The U95 index values
for the assessment and training periods were 1.2167 and
0.72 , accordingly, according to the RF−EEF. The compa-
rable U95 values for the GB − EEF were 1.8031 and 1.6492.
These specifications remained the same throughout the
project. Considering assessment variables, logical infer-
ence, and rating level, it has been determined that all mod-
els are considered reliable and trustworthy. The RF−EEF
model is marginally better than the other model in terms
of its objective.

The Electric Eel Foraging Optimization (EEF) algo-
rithm was chosen for this investigation due to its demon-
strated efficacy in recent benchmark tests involving high-
dimensional and nonlinear engineering challenges. While
regional enhancer like particle swarm optimization (PSO),
genetic algorithm (GA), and Bayesian optimization have
been extensively utilized and validated, recent compara-
tive studies indicate that EEF offers improved convergence
speed, robustness in evading regional ideal, and an effec-
tive balance among utilization and discovery, particularly
in intricate optimization scenarios such as ML hyperparam-
eter tuning. Moreover, we sought to explore the application
of contemporary metaheuristic methods like EEF within
the realm of civil engineering materials modeling, where
optimization performance can profoundly influence esti-
mation precision.

Differences % plots in tree and regression systems at

each training and testing phase provide a way to assess
how much of the variability seen in Fig. 3a may be respon-
sible for the model’s incorrect predictions. These charts are
produced by deducting the expected values from the actual
values to get the error, then estimating the variability of
these errors across data points or epochs. Plots that are spe-
cific to the training and testing phases are created, showing
how the variance percentage changes over time or across
samples. Great variability during training but low variance
during testing indicates the presence of overfitting, while
low variance percentages indicate a high degree of stability
and consistency in predictions. These graphs provide im-
portant insights into the stability and generalizability of the
concept. The distribution results unequivocally show that
across all stages, the RF − EEF has continuously surpassed
the GB − EEF.

(a)

(b) (c)

Fig. 3. a) Error distribution between EEF-based models, b)
Correlation of simulated and recorded Ecy for EEF-based

models

The work had to deal with some limited restrictions,
such as a roughly small dataset size that makes it hard
to use the results in other situations and the lack of fiber
distribution variation, which could have changed SFRC
features. Also, focusing on short-term mechanical prop-
erties like elastic modulus ignores long-term performance
issues like creep and shrinking.

Furthermore, the models simplified the complicated be-
havior of SFRC by leaving out things like fiber-matrix bind-
ing and fracture formation. More data needs to be added,



Journal of Applied Science and Engineering, Vol. 29, No 5, Page 1249-1260 1257

Table 5. performance compartions between EEF-based models

Metrics (Best value)
Coupled estimators

Metrics
Score (High is good)

RF − EEF GB − EEF RF − BWO GB − BWO RF − EEF GB − EEF
Training dataset

R2(1.0) 0.9892 0.9764 0.9694 0.9568 R2 2 1
RMSE (0.0) 0.4376 0.6504 0.4546 0.6757 RMSE 2 1

SI (0.0) 0.0127 0.0188 0.0131 0.0195 SI 2 1
U95(0.0) 1.2167 1.8031 1.264 1.8732 U95 2 1

NRMSE (0.0) 0.0197 0.0293 0.0204 0.0304 NRMSE 2 1
MAE (0.0) 0.2145 0.3055 0.2228 0.3174 MAE 2 1

SMAPE (0.0) 0.6465 0.9233 0.6716 0.9592 SMAPE 2 1
MASE (0.0) 0.0443 0.063 0.0460 0.06545 MASE 2 1

Adjusted_R2 (1.0) 0.989 0.9757 0.9593 0.94643 Adjusted_R2 2 1
Testing dataset

R2(1.0) 0.9965 0.9822 0.9766 0.9626 R2 2 1
RMSE (0.0) 0.2575 0.5903 0.2675 0.6133 RMSE 2 1

SI (0.0) 0.0072 0.0165 0.0075 0.0171 SI 2 1
U95(0.0) 0.72 1.6492 0.7480 1.7134 U95 2 1

NRMSE (0.0) 0.0146 0.0335 0.0152 0.0348 NRMSE 2 1
MAE (0.0) 0.1249 0.2727 0.1298 0.2833 MAE 2 1

SMAPE (0.0) 0.3493 0.7972 0.3629 0.8282 SMAPE 2 1
MASE (0.0) 0.0246 0.0537 0.0256 0.0558 MASE 2 1

Adjusted_R2 (1.0) 0.9964 0.9811 0.9665 0.9517 Adjusted_R2 2 1
OBJ 0.2941 0 .4717

more advanced methods need to be used to study fiber dis-
persion, and long-term properties need to be checked out
in a range of situations. If more aspects were taken into con-
sideration, such as the curing conditions and the strength
of the fiber joining, then the predictions would be more
accurate. For the purpose of ensuring that full-scale SFRC
structures are effective in real-world settings, it is advised
that these structures be evaluated personally. Through the
production of fundamental tools based on these models,
SFRC would be able to continuously increase its appeal
within the construction sector.

4. Conclusions

The aim of this research is to create and evaluate the most ef-
ficient machine learning, tree, and regression algorithms for
estimating the elastic modulus (Ecy) of steel fiber reinforced
concrete (SFRC). A crucial component of the method used
to attain this goal was the application of Random Forests
regression (RF) and Gradient Boosting regression (GB) soft-
ware tools. This research utilized a metaheuristic optimiza-
tion method known as Electric Eel Foraging (EEF).

The FAST sensitivity analysis results indicated that the
model input elements were prioritized based on their im-
pact on predicting the modulus of elasticity of steel fiber
reinforced concrete (ECY). The parameters CA/C, Smax, FT,
and f f exerted the most significant influence, but W/C and
S/C had a diminished impact, contrary to expectations,
suggesting a more effective emphasis of the model on mi-

crostructural effects.

It is likely that both RF − EEF and GB − EEF will be
able to accurately compute the Ecy. The GB − EEF ap-
proach exhibited a high level of functional dependability
throughout the training and evaluation phases, as shown
by the R2 values of 0.9764 and 0.9822 . Findings of 0.9892
and 0.9965 , achieved utilizing the RF − EEF. The find-
ings show that the RF− EEF functioned superior than
the GB − EEF regarding R2 values. The best-performing
model was paired with Adj−R2, and the outcomes revealed
a performance pattern resembling
one of the anticipated metrics.

The U95 values for the assessment and training peri-
ods were 1.2167 and 0.72 , according to the RF−EEF. The
comparable U95 for the GB − EEF were 1.8031 and 1.6492.
These specifications remained the same throughout the
project. Considering assessment variables, logical infer-
ence, and rating level, it has been determined that all mod-
els are considered reliable and trustworthy. The RF−EEF
model is marginally better than the other model in terms
of its objective.

The work’s disadvantages include a roughly small
dataset, absence of fiber dispersion modeling, hyperpa-
rameter vulnerability, and focus on short-term attributes
without considering creep and shrinkage. For future en-
hancement, expand the dataset, analyze fiber orientation,
evaluate long-term behavior, and investigate different opti-
mization methodologies. Validating models on real struc-
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tures and giving easy-to-use tools will help promote SFRC
in construction.
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