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Abstract

Plastic waste (PW) is a major soild waste, which its generation continues to increase globally year in and year out. Proper
management of the PW is still a challenge due to its non-biodegradable nature. One of the most convenient ways of
managing plastic waste is by using it in concrete as a partial substitute for natural aggregate. However, the main
shortcomings of adding plastic waste to concrete are a reduction in strength and durability. Hence, to reduce the undesirable
impact of the PW in concrete, highly reactive additives are normally added. In this research, 240 experimental datasets
were used to train an artificial neural network (ANN) model using Levenberg Marquadt algorithms for the prediction of
the mechanical properties and durability of high-volume fly ash (HVFA) concrete containing fly ash and PW as partial
substitutes for cement and coarse aggregate, respectively, and graphene nanoplatlets (GNP) as additives to cementitious
materials. The optimized model structure has five input parameters, 17 hidden neurons, and one output layer for each of
the physical parameters. The results were analyzed graphically and statistically. The obtained results revealed that the
generated network model can forecast with deviations less than 0.48%. The efficiency of the ANN model in predicting
concrete properties was compared with that of the SVR (support vector regression) and SWLR (stepwise regression)
models. The ANN outperformed SVR and SWLR for all the models by up to 6% and 74% for SVR and SWLR,
respectively, in the confirmation stage. The graphical analysis of the results further demonstrates the higher prediction
ability of the ANN.
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1. Introduction

Plastic waste (PW) is one of the most generated and disposed of solid wastes globally due to the continuous usage
of plastic materials in almost all areas of life, ranging from schools, hospitals, homes, markets, industries, etc. Due to
its nonbiodegradable nature, proper disposal and management of the PW becomes a major challenge for most nations,
especially developing and underdeveloped countries [1-3]. According to the United Nations Environment Programme
UN Environment Programme [4] (UNEP 2022), globally, about 1 million plastic bottles are purchased per minute, while
about five trillion plastic bags are utilized annually. Out of the plastic materials used, about 50% are used for a single
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purpose and then disposed of in the environment. The estimated global PW generation has reached around 400 million
metric tons per year, with this number projected to reach 1.1 billion metric tons by 2050. Out of this amount of PW
generated, only about 15% is properly treated or reused, with about 85% of it discarded as unregulated waste or in
landfills [4]. When PW is discarded in landfills, it causes several undesirable and harmful effects on the environment
due to its nonbiodegradability and chemically non-reactive nature with the environment, as it will not decompose even
after centuries. With time, the disposed PW will begin to release poisonous or toxic chemicals and gases into the
environment, polluting the soil, air, and underground water. When disposed into the ocean, rivers, or seas, the toxic
gases or chemicals leaching out of the PW can pollute the water and even affect the lives of aquatic animals. Using PW
as a source of power through burning might be an alternative to its disposal; however, the negative effects of burning
the PW include the release of CO,, poisonous fly ash, and toxic chemicals [2, 5].

The utilization of PW as aggregate in buildings and construction is one of the most viable solutions to issues related
to its disposal. This is because concrete, which is the most commonly used construction material, contains about 80%
aggregate as its constituent material. Therefore, proper utilization of the PW in concrete will significantly reduce the
amount disposed of in landfills and reduce the dependency on natural aggregates for making concrete, thus enhancing
environmental and material sustainability. Furthermore, PW as an aggregate in concrete enhanced some properties of
the concrete. However, PW was reported to have a negative influence on the mechanical properties and durability
performance of concrete [6-8]. Nevertheless, there are several benefits to using PW as a substitute for aggregates in
concrete. Some of the advantages of adding PW to concrete include enhancements in impact resistance, energy
absorption, and ductility. Furthermore, due to its fibrous nature, PW prevents crack formation and limits its propagation
in concrete structures before failure occurs. Furthermore, PW can enhance the flexural strength and toughness of
reinforced concrete structures, especially in the tension zone [9, 10]. PWSs are usually used in producing concrete barriers
on roads to minimize accidents due to impacts or collisions with the barriers [8, 11]. Another benefit of using PW in
concrete is that it increases the thermal insulation properties of concrete, mortar, and blocks due to its lower thermal
conductivity in comparison to mineral aggregates. Thus, if used in buildings, PW is expected to reduce the needed
energy for cooling the structure [12, 13].

For proper utilization and acceptance of PW as a partial or complete replacement for aggregates in concrete, there is
aneed to devise proper measures to reduce and limit its deleterious effects on the concrete’s properties. Some researchers
added highly reactive pozzolanic materials, either as a partial replacement or additive to cement, to the concrete
containing PW. Farajzadehha et al. [14] reported that using nano silica as an additive in concrete containing PW
enhanced its mechanical strengths. Adamu et al. [2] also reported that graphene nanoplatelets (GNP) as an additive to
concrete containing PW as aggregates enhanced and partially mitigated the loss in mechanical strengths, while up to
0.225% GNP as an additive by cement weight totally mitigated the loss in strengths in concrete containing up to 15%
PW as a partial substitute for coarse aggregates. Ahmad et al. [15] also found that the addition of GNP as an additive to
PW concrete mitigated the loss in mechanical strength caused by the concrete. They found that 5% GNP addition by
cement mass totally mitigated the loss of strength in concrete containing 25% PW as a partial substitute for coarse
aggregate. For concrete containing 25% PW and 5% GNP, its compressive strength improved by 13.6% while its flexural
strength enhanced by 31.4% compared to the plain concrete. Adamu et al. [3] reported that using silica fume to partially
replace 10 to 20% of cement in concrete containing up to 20% PW as fine aggregate replacement significantly mitigated
the loss in compressive and tensile strengths of the concrete due to the negative effect of PW. According to the findings
of Punitha et al. [16], exchanging 10% cement with metakaolin partially mitigated the loss in strength in concrete
containing up to 15% PW as a replacement for fine aggregate. According to the findings of Balasubramanian et al. [17],
replacement of up to 15% cement with waste ground powder mitigated the reduction in strengths in concrete containing
up to 15% PW as a substitute for coarse aggregates. A few studies adopted some methods of reducing the undesirable
effect of PW on concrete’s properties. Studies by Liu et al. [18] showed that subjecting the PW to Gamma radiations
before adding it to concrete led to an enhancement in the mechanical strengths of the concrete, where the negative effect
of replacing up to 7% fine aggregate with PW on the strengths of the concrete was totally mitigated. Khan et al. [19]
also reported that exposing PW to gamma rays before adding it to grout significantly diminishes the loss in strength
caused by the negative effect of the PW.

The artificial intelligence approach is established as complementary to conventional mathematical tools and is widely
used in many areas for predicting the performance of structures or systems using existing data. ANN is one of the
artificial intelligence tools that have high accuracy of prediction ability with their powerful structures and learning
capabilities. ANN has been applied in the areas of building and construction for the prediction of concrete’s properties.
Colak et al. [20] applied ANN to examine the influence of elevated temperature on the properties of mortar containing
PW as a partial replacement for fine aggregates. They subjected the mortar to temperature exposures between 100 and
400 °C for up to 3 hours. They utilized ANN to develop models for predicting the compressive and bending strengths
of the mortar. Their results disclosed that increasing temperature and the amount of PW in the mortar caused a decline
in compressive and flexural strengths. The established ANN models were able to predict the strengths of the mortar with
a mean error of -0.51%. Celik et al. [21] established ANN models for predicting the Marsh cone flow time, mini-slump
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propagation diameter, and plate cohesion of a grouting material. The proposed ANN model was able to predict mini
collapse propagation diameter, Marsh cone flow time, and plate cohesion value with very low error rates. Colak, et al.
[22] used an MLP-ANN model for the prediction of the workability of mortar produced with fly ash and nanosilica as
binder materials. In the study on predictive values, it has been seen that the MLP network can predict the workability
properties with ideal precision. Rezvan et al. [23] employed the ANN technique to investigate the advantages of using
polyethylene terephthalate (PET) PW as a fiber material in concrete. Their proposed ANN model can predict the
mechanical properties of the PET fiber-reinforced concrete with a 98% coefficient of correlation and a 7.11 MPa mean
square error (MSE). Sau et al. [24] adopted ANN for the prediction of the fresh and hardened properties of concrete
containing PW as a partial substitute for fine aggregate, where they used replacement levels between 5 to 40%. They
found that the ANN technique has excellent prediction ability; it was able to predict the fresh and hardened properties
of the concrete with up to a 99% degree of determination.

Ofuyatan et al. [25] used ANN and response surface methodology (RSM) to predict the mechanical properties of
self-compacting concrete (SCC) containing silica fume and PW as partial substitutes for cement and fine aggregates,
respectively. They replaced between 0 to 20% of the fine aggregate with PW and 0 to 40% of the cement with silica
fume. From their findings, both ANN and RSM models can accurately predict the compressive strengths and other
hardened properties of the SCC. The ANN model has the best predicting power, where it has an R? value of 0.93 for the
compressive strength model at the stages of training, testing, and validation. Furthermore, the ANN model has higher
suitability for the datasets. Nafees et al. [26] utilized different machine learning techniques (individual and ensemble)
for creating models for the prediction of compressive and tensile strengths. They used PW to partially replace either fine
aggregate or cement in the concrete and cast 160 cylinders, testing them for compressive and split tensile strengths in
the laboratory. Furthermore, for the models, they used an addition of about 320 datasets each for the compressive and
split tensile strengths from existing literature. They used multilayer perceptron neural networks (MLPNN), support
vector machines (SVM), and other machine learning techniques. From their findings, the ensemble models with boosting
and bagging have better performance with fewer errors compared to the individual models. The models have high
performance, with coefficients of correlation up to 0.932 and 0.86 for the compressive and split tensile strengths,
respectively. They concluded that the machine learning techniques were used to predict the mechanical properties of the
PW concrete to promote sustainability.

Given the advantages and shortcomings of using PW as aggregates in concrete and the methods devised to
completely or partially mitigate the loss in mechanical strength of concrete due to the undesirable effects of PW.
Producing concrete using PW with improved or acceptable strengths for structural applications will significantly reduce
the dependency on natural aggregates for making concrete, which will reduce the depletion of natural resources.
Furthermore, this improves environmental sustainability through proper PW disposal. However, most of the methods
developed for reducing the negative effects of PW on the mechanical properties of concrete are not cost-effective and
sometimes do not significantly mitigate the loss in strength. Hence, this led to the use of graphene nanomaterials due to
their high reactivity and fine sizes. Studies by Adamu et al. [2] have shown that when graphene nanoplatelets (GNP)
were used as additives in concrete containing PW, it significantly mitigated the loss in mechanical strengths due to the
negative effect of the PW.

ANN is now one of the most acceptable and precise methods of predicting the behavior or properties of materials.
Many studies have utilized ANN techniques to predict the properties of concrete containing PW. However, the use of
GNP to reduce the negative effects of PW in concrete is still in its early stages, and there are few studies that have
employed GNP as an additive in PW concrete. Furthermore, ANN techniques have been able to predict the properties
of concrete. There is a need to employ ANN techniques to predict the mechanical properties of concrete containing PW
with GNP added to mitigate the negative effect of the PW. To the best knowledge of the authors, there are no available
studies that utilized ANN techniques for the modeling and prediction of the mechanical properties of PW concrete
modified with GNP as an additive to cement to mitigate the negative effects of the PW. Therefore, in this study, the
ANN technique was used to predict the mechanical strengths of HVFA-modified PW as a partial substitute for coarse
aggregates and GNP as an additive to cementitious materials.

2. Data and Analysis Method

The study was conducted in two stages. In the first stage, a multilayer perceptron feed-forward neural network
(MLP-FFNN) was used for predicting the mechanical properties of concrete modified with plastic waste, fly ash, and
graphene nanoplatelets. Finally, the results of the MLP-FFNN models were compared with those of the support vector
regression (SVR) model and stepwise regression (SWLR) model. The schematic of the proposed methodology is
given in Figure 1.
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Figure 1. Proposed Schematic of Methodology

Data

For a supervised machine learning algorithms, several input variables are needed to give the predicted response in
form of outputs. The experimental data used for devloping the prediction models for the mechanical properties of the
concrete using fly ash, PW and GNP as the input variables was obtained from previous study by Adamu et al. [2], where
a total of 240 data sets (mixes) were used for training, testing and validation. Five input variables were used as
summarized in Table 1. The number of output variables i.e. predicted responses are eight as depicted in Table 1.

Table 1. Input and Output Variables used for ANN Modelling

Input Variables

Predicted Responses (Output Variables)

Variables Symbol  Units Outputs Symbols  Units

Plastic Waste P % Slump $ mm
Fly Ash F % Fresh Density e kg/m®
Graphene Nanoplatelets (GNP) G % Unit Weight Yw kg/m®
Curing Periods C Days  Compressive Strength Fe MPa
Water-to-binder w - Split tensile strength Fs MPa
Flexural strength Fe MPa

Elastic Modulus 3 GPa

Water Absorption Bw %
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2.1. ANN Modelling

Models have been established to analyze and predict the mechanical properties of concrete containing fly ash, PW,
and GNP using the ANN approach. The established ANN models were designed in multi-layer perceptron (MLP)
architecture as an extensively used structure with its strong structure. MLP networks are structurally composed of layers,
and each layer is directly linked to the others. First is the input layer, where all the independent variables are defined
and described. Next is the hidden layer; all MLP networks consist of a minimum of one layer. The final layer is the
output layer, where all the predicted properties were obtained. In the input layer of the developed ANN model, P, F, G,
C, and W values were defined as input variables, and a total of eight responses, Fe, Fs, Fr, &, vs, $, yw, and Pw, were
estimated in the output layer. The basic design of the established MLP network is given in Figure 2. No fixed model is
available for the determination of the number of neurons, which is a critical computational element in the MLP’s hidden
layer. This is one of the main shortcomings in creating MLP networks. To overcome this challenge, the number of
neurons in the hidden layer was optimized by performing performance analyses of MLP networks with different neuron
numbers. Figure 3 summarizes the essential MLP networks’ structure, which contains 5 independent variables (input)
in the input layer, 17 neurons in the hidden layer, and 8 output parameters in the output layer.

Input Hidden Output
Layer Layer

Figure 2. The basic architecture of the developed MLP network

Hidden Output
Wi- ,, A Wi | Output
. / L0 . Ty ")Qi
17 8

Figure 3. The basic structure of the MLP network model

In the establishment of the ANN models, it is vital to carry out optimization of the data set in an ideal way. For the
ANN modeling, which was established using a set of 240 data points, the methodology available in existing studies was
adopted for grouping the data [27, 28]. For the training phase of the model, 168 data sets were used, while for the testing
and validation stages, 36 data sets were each used. The training algorithm of the model is the Levenberg-Marquard
algorithm, which is one of the most commonly used algorithms in MLP networks. Tan-Sig and Purelin transfer functions
were employed in the hidden and output layers of the MLP network, respectively. The mathematical expressions of the
transfer functions used are given below [27, 28]:

f(x) = ———— @)

1+exp(—x)

purelin(x) = x 2
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One of the important steps in the establishment of ANN models is analyzing their performance in terms of prediction
accuracy. For this purpose, mean squared error (MSE), coefficient of performance (R), and margin of deviation (MoD)
parameters, which are widely used in the literature, were determined. The numerical expressions applied for calculating
the model’s performance parameters are expressed below [29, 30]:

1
MSE = N iN=1(Xexp(i) - XANN(i))2 ©)
Re |1 - HaCepn—Xanw)’ (4)
=N (Kexp)

MoD (%) = [X;’(‘ﬂ] x 100 (5)

exp

2.2. Support Vector Regression (SVR) and Stepwise Linear Regression (SWLR)

Support vector regression (SVR) is a regression technique that is nonlinear in nature and is used to model complex
nonlinear problems and processes. It is established based on the theory of support vector machines (SVM). Some of the
advantages of SVR in modeling complex engineering problems include better noise tolerance, higher learning speed and
accuracy, and exclusive generalization ability [31-33]. The main objective of SVR is to minimize operational risk,
which is similar to other SVM techniques. The SVR differs from the black box technique, whose main aim is to minimize
the errors between the predicted and measured values. For the SVR, two phases are involved: the first phase is to fit the
data into a linear regression, and the second phase is to pass the output over a nonlinear kernel, which then returns the
nonlinear shape of the data. SVR employs a kernel function to map the data to a higher-dimensional feature space from
the sample space [32, 34].

On the other hand, stepwise regression (SWLR) is a linear regression technique best used for the description of the
reliance between the input and output variables. Consequently, when expressing the reliance amongst the output
variables and many free variables, it is crucial to obtain the best variable groups that create more precise prediction
results in terms of the input variable [35]. SWLR is simply defined as a frontward selection process in which the set of
optimum input variables is chosen through the removal or addition of the variable(s) that have the highest impact on the
remaining sum of squares (SoS). A systematic refinement of the variables is normally done by the SWLR and is then
done by reassessing the quality of the passed-added variables based on their partial SoS. However, when the partial SoS
for any of the previously appended variables is not satisfied with a base rule for fitting the models, then the set of
variables is shifted to an omission state in a stepwise approach pending each of the residual variables fulfilling the base
rule [35].

3. Results and Discussions
3.1. ANN Model

The initial stage in examining the performance of the established ANN models in terms of predictability is to assess
the correctness of the predicted outputs estimated from the ANN models with the experimental data. In this context,
firstly, the compatibility of the values obtained from the ANN model with the target values was examined. The fact that
the values obtained from the ANN model are in ideal agreement with the target values is considered a confirmation that
the prediction performance of the model is high. Figure 4 presents the ANN outputs and targeted values for each of the
data points used to develop the model. After examining the data points for all the outputs (8 responses), the predicted
values from the ANN models were in very good harmony with the target values representing the experimental data. This
perfect fitness of estimation and target values displays that the obtained ANN model can ideally predict eight different
output parameters. After examining the fitness of the ANN outputs with the data set, the estimation error of the ANN
model was examined comprehensively. Even though all the mechanical properties and durability parameters of the
concrete were predicted with high accuracy, A nearly perfect goodness of fit was observed in Figures 4-a to 4d, which
indicates higher accuracy of the ANN models in prediction of Fc, Fs, Fr, and &, which are the major indicators of concrete
strength.

The parameters with relatively lower accuracy in comparison with F¢c and Fr are v and $. Several studies have also
reported the suitability of a machine learning approach for the prediction of concrete strength with high accuracy and
stability [36, 37]. MoD values express the deviation rates between the predicted values obtained from the ANN model
and the target values. The low MoD values indicate that the model's estimation error is low. The MoD values for all the
data points in the establishment of the ANN model network are depicted in Figure 5. When the MoD values acquired
from the calculations for each of the 8 different output parameters were assessed, it was observed that they were on a
line near the zero-deviation line in general. When MoD values are taken into consideration, they are found to be mostly
very low. However, it should be understood that the average MoD values are also quite low. The low MoD values
indicate that the outputs acquired from the ANN model have a very low margin of error with the experimental data.
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Figure 5. The MoD values calculated for each data point

Examination of MoD values gives sufficient information about the error rates of the ANN model. However, in order
to make the prediction error analysis of the ANN model more comprehensive, it is important to examine the target values
for each data point and the prediction values obtained from the ANN model. The low difference values indicate that the
ANN model can predict with high accuracy for each data point. To further evaluate the models’s goodness of fit, a
scatter plot (Figure 6) presents the variations between the data sets and ANN model outputs calculated. This plot was
used to make the analysis of the model's errors more comprehensive. After the discrepancy values presented for the
eight different output values were assessed, it was found that a very low difference in terms of values was realized for
each output value. All eight models have shown a high goodness of fit between the predicted and experimental data. It
can clearly be seen that the data was compacted along the diagonal of the bisector (Figure 7). A perfect model will have
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all the data along the diagonal bisector. The closer the data is to the diagonal bisector, the higher the accuracy. The
results obtained from MoD and difference analyses revealed that the generated ANN model can estimate all eight output
parameters with very low errors. In order to see the prediction accuracy of the ANN model more clearly, it was planned
to perform the accuracy analysis of the model by creating a more comprehensive graph. Experimental data are placed
on the x-axis of Figure 6, and the output values acquired from the ANN model are placed on the y-axis. Looking at the
data points obtained for the 8 output values, it was generally observed that each of the data points was aligned very close
to the zero-error line. However, it should be noticed that the data points also hang within the £10% error band. For the
developed ANN model, the MSE value was computed as 2.71E-03 and the R value as 0.99957. The nearness of the
MSE and R values to zero and 1, respectively, is another piece of evidence that the established ANN model is proposed
to carry out predictions with high accuracy.
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Figure 6. The differences between the experimental data and the ANN outputs
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Figure 7. Experimental and ANN predictions
3.2. Support Vector Regression (SVR) and Stepwise Linear Regression (SWLR) Models

For comparison, SVR and SWLR were also used for the prediction of concrete properties. The modeling results
indicated the superiority of the ANN models over both the SVR (nonlinear model) and SWLR, which is a nonlinear
model, in terms of the prediction error. This is because the neuron in the ANN captures the data pattern more than the
other models. The study results were further analyzed using two powerful graphical charts (the Taylor diagram and
violin plots). The Taylor Plot (Figure 8) graphically compares three statistical measures of the models (correlation
coefficient, standard deviation, and RMSE). Thus, it gives a separate and unswerving comparative assessment of the
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three models in terms of performance accuracy and efficacy. The position of the azimuthal test field demonstrates the
association between the estimated and observed results. The standard deviation (SD) for the experimental data set has a
direct proportionality to the radiated value determined from the source. Additionally, the RMSE-centered value has a
direct proportionality with the distance between the projected and experimental data, with a similar unit as the SD [38].
A faultless or good model is the one separated by the reference point with an equivalent CC value of 1, which looks
alike with the profusion of diversities but is in contrast with the observations [39]. Additionally, the outcomes of the
Taylor diagrams show that the ANN outshined the other two models (SVR and SWLR) with regards to all three statistical
measures for all the concrete parameters. The CC values for all eight predicted concrete parameters (that is, fresh density,
slump, unit weight, water absorption, compressive strength, flexural strength, and split tensile strength) are all greater
than 0.99 for ANN and range from 0.99-0.95 for SVR. For the SWLR models, the CC values differ significantly. For
example, the CC values for the unit weight and absorption models are between 0.99 and 0.95 while the CC values for
compressive strength, flexural strength, split tensile strength, and elastic modulus range between 0.7-0.8 while those of
fresh density and slump are between 0.5 and 0.6. This indicates the higher goodness of fit and estimation accuracy of
the ANN models, followed by the SVR models, and lastly SWLR, as hinted by Zhu and Heddam [40]. This is because
of the ability of the nonlinear models (ANN and SVR) to capture nonlinear patterns in the data. Also, in terms of error
(RMSE), the ANN has the least error for all the models, followed by SVR and lastly SWLR. The models’ SD was
observed to be less than the experimental data, hence eliminating the overestimation problem. The ANN models replicate
the experimental data more accurately than the SVR model and the linear SWLR model, and hence could be adopted by
relevant stakeholders in concrete property modeling.

Finally, violin plots (Figure 9) were used to compare the models’ performance further. Violin plots are used because
of their advantage in combining distribution and box plots in addition to the interquartile ranges, median, and spread of
observed data [32]. From Figure 8, it can be clearly observed that the shape of both the violin and box plot within it for
the established ANN model looks more similar to the actual data compared to the SVR and SWLR models. This finding
reveals that ANN can well mimic the data distribution, interquartile ranges, median, and data range for the eight concrete
parameters. The overall assessment of the models using statistical and graphical measures (scatter plots, Taylor
diagrams, and violin plots) proved increased prediction accuracy and error reduction in predicting the concrete
parameters with the ANN models compared to SVR and SWLR.
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Finally, the results of the present study were validated with literature. The validation was done based on the goodness
of fit measures only as error measures might vary from one case study to another as per the data range. Musa et al.
(2023) predicted the accuracy of concrete’s flexural strength, compressive strength, and split tensile strength with an
accuracy value of 0.9949. Haruna et al. [41] predicted the compressive strength of concrete modified with rice husk ash
and calcium carbide waste using an emotional neural network and ANN with an R? value of 0.8951. Adamu et al. [37]
predicted the compressive strength of concrete containing jujube seed as a partial replacement for coarse aggregate using
the Hammerstein-Weiner (HW) and SVR models. The model predicted compressive strength with R values of 0.9953
and 0.9982 for HW and SVR, respectively. Based on the revealed prediction accuracy and in comparison, with the
current research model accuracy, the ANN was able to obtain better predictability performance (R = 0.9994). Therefore,
the application of ANN models to the prediction of the mechanical properties of concrete with high levels of accuracy
and stability has been suggested.

4. Conclusion

In this study, ANN, SVR, and SWLR were used to develop models for forecasting and estimating the mechanical
properties of HVFA concrete containing PW and GNP. An experimental dataset containing 240 datasets of P, F, G, C,
W, Fe, Fs, Fr, &, v1, $, yw, and Pw was used for conducting the study. The five input parameters P, F, G, C, and W were
used to model each of the eight physical properties of the concrete. An ANN model trained using the Levenberg-
Marquard algorithm predicted all eight concrete properties with a very good correlation and agreement between the
estimated values from the ANN model and the experimental data. The MSE and R values of 2.71E-03 and 0.99957,
respectively, explained the high accuracy of the prediction of the ANN model. From the deviation analysis, a 0.48%
deviation value was found to be the highest deviation between the experimental and computed data using ANN. For
comparison, SVR and SWLR were also employed for the prediction of the concrete properties. In addition to statistical
analysis, two graphical charts (the Taylor diagram and Violin plots) were also used for comparing the accuracy and
stability of the three models (ANN, SVR, and SWLR). The ANN outperformed both SVM and SWLR models by
improving the performance efficiency of the models by up to 6% and 74%, respectively, for SVM and SWLR in the
verification stage. These results have shown that the developed ANN model can forecast Fc, Fs, Fr, &, vi, $, Yw, and PBw
values with very high accuracy. The major drawback of the study is that it did not show the degree to which each of the
input parameters was affecting the properties of the concrete.
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