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Abstract 
 
Geopolymer concrete (GPC) based on fly ash (FA) is being studied as a possible alternative solution with a lower environmental 
impact rather than the use of Portland cement based composites. However, the accuracy of the strength prediction still needs to 
be improved. This study was based on the investigation of various types of machine learning (ML) approaches to predict the 
compressive strength (C-S) of GPC. This paper proposes a novel approach to predict the compressive strength (C-S) of GPC 
utilizing Manta Ray Foraging Optimization (MRFO) based on Artificial Neural Network (ANN). Manta ray has three foraging 
behaviors like chain foraging, cyclone foraging, and somersault foraging for solving various optimization problems. The 
coefficient of determination (R2) is used to measure how accurate the results are, which usually ranged from 0 to 1. ANN is 
utilized to forecast the optimized outcomes. Various statistical assessment criteria, such as the coefficient of determination, the 
mean-absolute percentage deviation, and root-mean-square deviation, were used to evaluate the efficiency of the developed 
models. The cross-validation technique (k-fold) confirmed the model's performance. The results indicated that the ANN-MRFO 
model predicted the C–S of FA-GPC mixtures better than the other models. Also, the sensitivity analysis of the proposed model 
shows that the curing temperature, the ratio of alkaline liquid to the binder, and the amount of sodium silicate are the most 
important parameters for estimating the C–S of the FA-GPC. 
 
Keywords: Geopolymer concrete, compressive strength, Artificial Neural Network, Manta Ray Foraging Optimization, Global 
optimization. 
__________________________________________________________________________________________ 
 
1. Introduction 
 
Concrete is one of the most popular materials used in modern construction, and cement is known as the main binder of the 
concrete structure. The applications of geopolymer concrete for structural repair and rehabilitation works show higher durability 
properties; however, the knowledge of the long-term performance of the geopolymer composites remains limited, especially in 
corrosive environments such as marine infrastructural applications. Soft computing tools and techniques are now being widely 
adopted by researchers in the field of civil engineering owing to the accuracy in predictions, especially with trained network 
models such as artificial neural networks (ANN) (Tang et.al., 2022; Mashrei, et.al., 2013; Rahman et al., 2021). Artificial neural 
networks are a soft computing tool that can provide self-learned, logical prediction patterns based on the framework of an input 
layer for datasets, a hidden layer for nodes assigning weights, and an output layer for targeted results (Rahman e.tal., 2021; 
Asteris et.al., 2016; Alnedawi et.al., 2019).  The production process of geopolymer concrete also meets the circularity principles 
in which the reliability of virgin raw materials is drastically reduced (Chong, B.W.; et al., 2021).ANNs are preferred owing to 
their higher error tolerance, precision in decision-making, and ability to solve complex non-linear relations (Łach et.al., 2021). 
However, using cement leads to a negative effect on the environment due to the emission of carbon dioxide generated during the 
production of cement, according to Davidovits. As a consequence, the influences of climate change, the greenhouse effect, and 
calamities have serious threats to human life and the environment. The demand for research regarding friendly environmental 
construction materials, a decrement the carbon dioxide emissions into the air, and a reduction of cost are important needs for 
sustainable development all around the world. Therefore, many works have been carried out to develop a new eco-friendly and 
green material used to alter cement in concrete.  
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“Geopolymers” was a term invented by Davidovits in the 1970s which can be used to describe new materials or alternative 
binders in concrete. Geopolymers were investigated by combining source materials such as slag, fly ash, and minerals to replace 
cement and alkaline solution. There are many advantages when using geopolymer composites, such as higher mechanical 
performance, low production cost, good properties like a low creep and drying shrinkage, excellent fire resistance, and a low 
corrosion rate.Geopolymer concretes produced by the alkali activation of alumino-silicate-rich supplementary cementitious 
materials, including fly ash and slag, have been proven to offer higher strength and better resistance to aggressive environments 
(Rahman, S.K. et al., 2021; Rahman, S.K. et al., 2022). The geopolymer concrete exhibits similar brittleness and shrinkage 
properties to conventional cement concrete (Omer, L.M.et.al., 2022; Goswami, A.P.2021). The experimental results indicated 
that the flexural strain capacity of BF is sensitive to stress accumulation due to the cement hydration products in the matrix-fibre 
interface.(Girgin, Z.C.; Yıldırım, M.T.;2016). This study reviews current developments in the manufacturing of mine tailings-
based geopolymer composites from industrial waste as a possible sustainable building material (Krishna, R.S.; et al.,2021). The 
development of new, sustainable, low-CO2 construction materials is essential if the global construction industry is to reduce the 
environmental footprint of its activities, which is incurred particularly through the production of Portland cement (Provis, J.L.; 
et al.,2014). Cement is the main component of concrete, a widely used building material. Cement production requires substantial 
energy, exhausts natural resources, and causes CO2 emissions. Efforts are being undertaken to develop a concrete binder instead 
of cement.Cement is the main component of concrete, a widely used building material. Cement production requires substantial 
energy, exhausts natural resources, and causes CO2 emissions. Efforts are being undertaken to develop a concrete binder instead 
of cement (Yang, H et al.,2022). More importantly, geopolymers have obvious advantages in immobilizing heavy metals in solid 
wastes. Therefore, it can demonstrate geopolymer is a sustainable and environmentally friendly "green material"(Ren, B.;et 
al.,2020). Compressive strength can be improved with the replacement of fly ash with other waste materials; however, it is 
strongly dependent on the mix design, which highlights the importance of Si/Al ratio, NaOH concentration, and SS/SH ratio as 
a factor (Podolsky, Z.; et al.,2021). The widespread industry adoption of geopolymer concrete has the potential to positively 
contribute to environmental sustainability in both the industrial and construction sectors, through the recycling of waste materials, 
and the reduction in carbon emissions. (Mohajerani, A.;et al.,2019) A familiar metaheuristic significantly performs the test result 
in the proposed method. In MRFO algorithm the study of structure is explained. It is derived from natures which possess basic 
theories or mathematical models in this method (Farooq, F.;et al.,2021). A comparison with existing research results shows that 
MSFRC has achieved an ideal effect of high temperature resistance. The multi-scale hybrid fiber system significantly alleviates 
the deterioration of cement-based composite’s mechanical properties under high temperatures. (Li, L.;et al.,2021)This study aims 
to examine the strength of fly ash geopolymer concrete and reduce carbon emissions. In this investigation, the flexural test is 
done for conventional and geopolymer concrete (GPC) beam samples after the fulfillment of the rest period and 24 h steam 
curing at 60 °C. The experimental results prove that the initial characteristics of both specimens are almost similar. When GPC 
specimens reached the service, yield, and failure stages, the load carrying capacity, and defection increased up to 21.5 and 8.75% 
(Alex, A.G.,et al.,2022).When the beam specimens are allowed to reach the service yield and failure stage (in both the CB and 
GB), the defection in GB is higher than the CB, i.e., it increases up to 21.5% and 8.75%, respectively, on the above two stages. 
Better crack propagation was observed in GB than in CB. Hence, this study upholds GB is a better alternative material for CB, 
within the limit of applied specifications (Alex, A.G., et al.,2022).The incorporation of SiC particles increases the mechanical 
strength and wear performance of Al composites. However, the ejection of these particles can reduce the wear performance of 
Al composites under severe conditions. The addition of Gr particles helps in the formation of a thick and extensive tribolayer on 
the wear surface. This layer reduces direct contact between the rubbing surfaces, thereby decreasing the wear (Singh, J. 2016).A 
correlation study was undertaken to compare the fly ash precursor chemical and crystallographic compositions as well as particle 
size distribution, with the mechanical and chemical characteristics of the resulting geopolymer the strength increased compared 
to CC (Diaz, E.I.;et al.,2010).Geopolymer concrete produced using 100% fly ash is a similar sustainable construction material 
capable of replacing Portland Cement (PC) concrete. As a replacement for PC, fly ash seems to be a sustainable solution, 
however, the benefits from the production process of fly ash geopolymer (FAGP) concrete is the subject of considerable debate. 
In addition, factors such as local availability and transportation issues could potentially increase the emission profile of FAGP 
concrete.(Sandanayake, M.;et al.,2018)Various studies have reported using different types of composites such as glass, carbon, 
basalt, polyethylene, polypropylene, steel, etc., as fibre reinforcements for geopolymer concrete (Shaikh, F.; Haque, S.;2018, 
High, C.;et al.,2015). Researchers focus on geopolymer binders as an alternative so that less energy consumption, reduce carbon 
emission, with less waste materials can be obtained. 
 
Metaheuristic approaches one of the dominant and well-known tools that efficiently solve optimization problems. A novel 
approach Manta Ray Foraging Optimization (MRFO) is developed and it has three foraging behaviors including chain foraging, 
cyclone foraging, and somersault foraging. The method mimics the human brain, where the hidden neurons which are the 
dependent variables in the network are correlated with the input parameters to produce the desired output (Golafshani, E.M.; et 
al., 2015;). It is easy and simple to implement. To enhance the selected responses, ANN is utilized to find out the unique set of 
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input variables. A limited exploration indicates in the literature. Thus, this research presents a detailed overview of the 
permeability characteristics of self-compacting geopolymer concrete mixes made from recycled industrial waste products 
 
This study uses both the individual ANN and Manta Ray Foraging Optimization (MRFO) ML algorithm to forecast the 
compressive strength of high calcium fly ash-based geopolymer concrete. The ANN and boosting approaches were incorporated 
for the prediction aspect. The evaluation of the errors, mean absolute error (MAE), mean square error (MSE), and root mean 
square error (RMSE) was part of this study, which confirms the model’s accuracy. The statistical checks and k-fold cross-
validation process were also adopted to confirm the model’s accuracy. In addition, the sensitivity analysis was also carried out 
to evaluate the contribution of all input parameters towards the prediction of compressive strength of high calcium fly ash-based 
GPC. Figure 1 shows a schematic illustration of the GP concrete manufacturing process. 
 

                                            
 Figure 1. Schematic illustration of the GP concrete manufacturing process 

 
2.       Methodology 
 
Artificial Neural Network 
 
The ANN consists of an input unit, a hidden unit, and an output unit. The initial unit is known as the input unit used for mapping 
the variables in the network. The final unit is the output unit and the units between both input and output units are known as 
hidden units. The node within the same layer does not interconnect and they are connected by processing nodes of these units. 
The units are denoted by nodes, and in each node of the network, the output is computed in two phases. ANN has many benefits 
such as arbitrary decision boundary capabilities, various kinds of data, and non-parametric nature. Considering, all patterns in 
the neural network take place for learning and training the data in an iterative way. ANN is called data dependent models. 
Therefore, ANN can successfully utilize for planning input to a desired output and for learning the patterns in the dataset 
delivered. In multilayer perceptron the neural network model commonly utilized is a feed forward neural network.Fig.2 shows 
the structure of ANN model. 
 

                                                   
 Figure 2. Structure of Artificial Neural Network 
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The proposed ANN approach utilizes Eqn- (1) to calculatethe percentage error, 
 

% of predicted error = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸−𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝐸𝐸𝐸𝐸𝐸𝐸
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑑𝑑𝐸𝐸𝐸𝐸𝐸𝐸

× 100                         (1) 
 
2.1  Manta Ray Foraging Optimization 
 
One of the largest known marine living being is Manta rays [9]. They are subdivided into two: reef manta rays and giant manta 
rays. They can live an average of about 20 years. A huge amount of plankton is required by manta rays for their food. Manta 
rays implement three aging intelligent tactics such as chain foraging, cyclone foraging, and somersault foraging. 
 
2.1.1.  Chain foraging 
 
When a manta ray locates itself, it searches for plankton and swims in its direction. It forms a foraging chain by lining up head 
to tail. Each manta ray moves not only toward the food but also toward the manta ray in front of them. Each manta ray got the 
best solution so far and the solution in front of them. Eqn (2) denotes the chain foraging. 
 

𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡 + 1) = �
𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡) + 𝑟𝑟 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛼𝛼 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� 𝑖𝑖 = 1

𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡) + 𝑟𝑟 ∙ �𝑦𝑦𝐸𝐸−1𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛼𝛼 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� 𝑖𝑖 = 2, … ,𝑚𝑚
�----               (2) 

 
𝛼𝛼 = 2 ∙ 𝑟𝑟 ∙ �|log (𝑟𝑟)|-----                       (3) 

 
𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡) 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑑𝑑𝑑𝑑 𝑡𝑡ℎ𝑑𝑑 ithmanta ray; the arbitrary vector r ranges between 0 and, 𝛼𝛼denotes the coefficient weight,𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) represents 
the best area in search of food plankton𝑦𝑦(𝐸𝐸−1)

𝑑𝑑 (𝑡𝑡)represent themodifiedithmanta ray location, where d denotes the dimension 
 
2.1.2.  Cyclone foraging 
 
Aside from spiraling nearer to the food, the individual swims in front of it. Manta rays' spiral-shaped movement can be 
represented in Eqn(4) 
 

�
𝑋𝑋𝐸𝐸(𝑡𝑡 + 1) = 𝑋𝑋𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸 + 𝑟𝑟 ∙ �𝑋𝑋𝐸𝐸−1(𝑡𝑡) − 𝑋𝑋(𝑡𝑡)� + 𝑑𝑑𝑏𝑏𝑏𝑏 ∙ cos(2𝜋𝜋𝜋𝜋) ∙ �𝑋𝑋𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸 − 𝑋𝑋𝐸𝐸(𝑡𝑡)�
𝑌𝑌𝐸𝐸(𝑡𝑡 + 1) = 𝑌𝑌𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸 + 𝑟𝑟 ∙ �𝑌𝑌𝐸𝐸−1(𝑡𝑡) − 𝑌𝑌𝐸𝐸(𝑡𝑡)� + 𝑑𝑑𝑏𝑏𝑏𝑏 ∙ sin(2𝜋𝜋𝜋𝜋) ∙ (𝑌𝑌𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸 − 𝑌𝑌𝐸𝐸(𝑡𝑡))

� − − −− − −(4) 

 
Here, w denotes an arbitrary value between 0 to 1. 
 
The Cyclone foraging is computed as, 
 

𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡 + 1) = �
𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 + 𝑟𝑟 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛽𝛽 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)�      𝑖𝑖 = 1

𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 + 𝑟𝑟 ∙ �𝑦𝑦𝐸𝐸=1𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛽𝛽 ∙ �𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)�   𝑖𝑖 = 2, … ,𝑚𝑚
�----------              (5) 

 
𝛽𝛽 = 2𝑑𝑑𝐸𝐸1

𝑇𝑇−𝑡𝑡+1
𝑇𝑇 ∙ sin(2𝜋𝜋𝑟𝑟1)                                         (6) 

 
Here, the total number of iterations is denoted as T, β represents the weight coefficient and 𝑟𝑟1 denotes arbitrary numbers varying 
in [0.1]. Cyclone foraging also improves exploration, which is an arbitrary search procedure performed according to the food. 
To obtain the global best solution, each individual may be pushed to hunt for a new location, regardless of the present best one. 
The mathematical equation is described below, 
 

𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 = 𝐿𝐿𝑏𝑏𝑑𝑑 + 𝑟𝑟 ∙ (𝑈𝑈𝑏𝑏𝑑𝑑 − 𝐿𝐿𝑏𝑏𝑑𝑑)                           (7) 
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𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡 + 1) = �
𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 + 𝑟𝑟 ∙ �𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛽𝛽 ∙ 𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)) 𝑖𝑖 = 1

𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 + 𝑟𝑟 ∙ �𝑦𝑦𝐸𝐸=1𝑑𝑑 (𝑡𝑡) − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� + 𝛽𝛽 ∙ �𝑦𝑦𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 − 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� 𝑖𝑖 = 2, …𝑁𝑁
�      -              (8) 

Where 𝑥𝑥𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑑𝑑 denotes an arbitrary location in the search area, L𝑏𝑏𝑑𝑑and U𝑏𝑏𝑑𝑑represents the maximum and minimum bounds of the 
dth dimension  
 
2.1.3.  Somersault foraging: 
 
Each member spins around the food and somersaults into a different location. They constantly adjust their location in areas with 
more plankton. The following is a description of the mathematical model: 
 

𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡 + 1) = 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡) + 𝑆𝑆 ∙ �𝑟𝑟2 ∙ 𝑦𝑦𝑏𝑏𝐸𝐸𝑏𝑏𝐸𝐸𝑑𝑑 − 𝑟𝑟3 ∙ 𝑦𝑦𝐸𝐸𝑑𝑑(𝑡𝑡)� , 𝑖𝑖 = 1, … ,𝑚𝑚                              (9) 
 
Here, the somersault factor is denoted as S which agrees with the somersault series of manta rays and S=2, 𝑟𝑟2and 𝑟𝑟3 represents 
arbitrary numbers between 0 and 1. The number of iterations in the outcome is inversely related to the range of somersaults. 
 
2.1.4   Proposed Approach  
 
Manta ray foraging optimization algorithm is a recently introduced algorithm with various models of foraging behaviours that 
are considered for training the artificial neural network(ANN) in the proposed method. The convergence and divergence of ANN 
are influenced by optimizing the connection weight of feed forward (FF) neural network models. In the proposed approach, 
MRFO is utilised in the search space for finding the optimal value of network weight and bias. This process of initialising the 
network weight and bias using optimal values and the results indicate that the artificial neural network optimized in MRFO 
exhibits greater flexibility and accuracy in comparison with conventional models. In this, MRFO is taken to train the data in 
ANN with a single hidden unit. While modeling the proposed approach, the estimation of the fitness value function and the 
initialization of parameters is considered. In this process, to initialize the parameters and to update the position of manta ray can 
be predetermined as one-dimensional vector for reproducing the optimistic neural network. The proposed model consists of three 
layers such as network weights linking the unit and hidden unit, network weights linking the hidden unit and output unit, and 
bias. The workflow of the proposed mode is shown in figure 3. 
 

 
Figure 3. Flowchart of the proposed MRFO - ANN model. 
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Each solution is taken from a vector of a real number with an interval in the range of -1 to 1. Mean Square Error (MSR) has been 
utilized for minimizing and optimizing the network weight and bias for measuring the fitness value in manta ray foraging 
optimization algorithm. It may be defined that the quantity of difference between the actual values and predicted values produced 
by the neural network of all the training data. MRFO is utilized for training the neural network after the estimation of fitness 
function and the representation of solutions. 
 
3.  Experimental Tests 
 
The statistical findings from the MRFO - ANN between the targeted result obtained from the experimental work and the 
forecasted outcome can be seen in Figure 4. The result of the ANN model reveals that the accuracy level was impressive towards 
the prediction of CS of flays ash-based GPC as indicated by the coefficient correlation (R2) value (0.87). However, the 
distribution of the errors from the actual and forecasted results is depicted in Figure 5. The errors’ maximum, minimum, and 
average values were 9.56 MPa, 0.85, and 3.86 MPa, respectively. Moreover, it was noted that 25.8% of the error data lie between 
0 to 2 MPa, and 48.38% of this data was reported between 2 MPa to 5 MPa. However, only 19.35% of the error data was observed 
to be above 5 MPa.. 
 

 
Figure 4. Relationship between the targeted and predicted results obtained from the MRFO - ANN model 

 

 
Figure 5. Error distribution of the targeted and predicted results from the MRFO - ANN model 

 
The data of the parameters (R2, MAE, MSE, and RMSE) obtained from the data of the employed algorithmMRFO - ANN model 
is taken for the k-fold cross-validation process as depicted in Figure 6 and Figure 7. However, the maximum, minimum, and 
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average values of MSE during the process of k-fold cross-validation for MRFO - ANN model are 1658.28 MPa, 14.33 MPa, and 
612.97 MPa, respectively, as shown in Figure 6. In addition, the maximum values of MAE, RMSE, and R2 were noted as 42.76 
MPa, 40.72 MPa, and 0.98, respectively. In comparison, the maximum, minimum, and average results of MSE for boosting 
approach were 601.90 MPa, 10.41 MPa, and 132.96 MPa, respectively, and can be seen in Figure 7. However, the maximum 
values reported for MAE, RMSE, and R2 are 47.51 MPa, 24.53 MPa, and 0.95, respectively. 
 

 
 

Figure 6. Representation of the statistics for k-fold cross-validation of theMRFO - ANN model 
 

 
Figure 7. Representation of the statistics for k-fold cross-validation of the boosting model 

 
To check the influence of each variable on the prediction of CS of high calcium fly-ash-based GPC, the analysis was carried out 
known as the sensitivity analysis. Since the input parameters play a key role in the accuracy of employed models for the prediction 
aspect, it is also necessary to know the effect of input parameters individually on the predicted outcome. The contribution of 
each input parameter towards the forecasted output of the CS of GPC can be seen in Figure 8.  
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Figure 8. Influence of input parameters towards the prediction of outcome (CS) of GPC 

 
4. Conclusion 
 
An artificial neural network is combined with the Manta Ray Foraging Optimization Algorithm in the proposed model to predict 
the compressive strength (C-S) of GPC. This work proposes a new foraging behavior optimization approach called Manta Ray 
Foraging Optimization (MRFO).To replicate the way manta rays forage for food, this algorithm uses three foraging operators: 
chain foraging, cyclone foraging, and somersault foraging. The results of hardness and tensile strength are compared to the 
experimental outcomes and ANN is anticipated to be more accurate. The prediction findings are in acceptable agreement with 
the experimental data when artificial neural networks are optimized using the manta ray foraging optimization algorithm. 
Furthermore, the ANN-MRFO model can be utilized for to compressive strength (C-S) of GPC. For future development, the 
binary MRFO might be introduced to solve complex discrete problems. 
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