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1. Introduction 

 
Over the decades, the quality of concrete and cement 

productions are essentially required for civil engineering 
applications, including the construction requirements (Chu 
2019, Torres and Seo 2017). The key hardened property of 
cement mortar and paste quality is the compressive strength 
(CS) of them (Chu 2019, Dhir et al. 2017, Taylor et al. 
2012). The cement mortar and paste are considered to be a 
composite material consisting of a mixture of cement with 
and without fine aggregate, for the mortar and paste, 
respectively, and water amount for the hydration process 
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(Chu 2019, Yousry et al. 2020). Fine and coarse aggregates 
were found to significantly affect the concrete 
characteristics (Torres and Seo 2017, Torres et al. 2017, Seo 
and Pokhrel 2019). Recently, mineral additives, such as fly 
ash, lime, granulated blast-furnace slag (GBFS), palm oil 
fuel ash and silica have been widely added for producing of 
cement mortar and paste (Ma et al. 2019, Qadir et al. 2019; 
Safiuddin et al. 2016, Yousry et al. 2020). These additives 
decrease using Portland cement and improving the 
characteristics of cement productions (Ma et al. 2019, 
Yousry et al. 2020). Ma et al. (2019) showed that the 
addition of slag improved the physical and mechanical 
properties of mortars. Kockal et al. (2017, 2018) found the 
mechanical characteristics of concrete is improved by 
adding slag in the mixture of concrete with applying milling 
process of it. The compressive strength and workability of 
cement mortar were improved by adding lime (Qadir et al. 
2019). Also, mineral additives affect the thermal condition 
of the concrete (Kockal 2015). 

Meanwhile, magnetic water (MW) affects the 
performance of hardened and fresh characteristics of 
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Abstract.  The compressive strength is an important mechanical feature of concrete that is needed in construction design. Thus, 
a lot of investigations were carried out to predict the compressive strength of various concretes. However, the prediction models 
for the compressive strength of cement mortar or paste that include magnetic water (MW) and granulated blast-furnace slag 
(GBFS) are still limited. The current study has developed hybrid algorithms based on adaptive neuro-fuzzy inference system 
(ANFIS) for modeling the compressive strength of cement mortar and paste that made with MW and GBFS as a novel mixture 
content. A total of 144 experimental sets of concrete-compressive strength tests for each cement mortar and paste were collected 
to train and validate the proposed methods, in which the cycles number of water magnetization, cement, GBFS, superplasticizer 
contents and curing time are set as the input data while the compressive strength value is set as the output. The developed hybrid 
algorithms of ANFIS optimized by firefly algorithm (FA), Improved Particle Swarm Optimization (IPSO) and biogeography-
based optimization (BBO) algorithms for predicting the compressive strength of the mortar and paste. The proposed models and 
relevance vector machine (RVM) approach were evaluated and compared. The results showed that the ANFIS-FA outperforms 
other models for modeling the compressive strength of cement mortar and paste. The adjusted-coefficient of determination and 
root mean square error values of cement mortar models (96.20%, 92.33%, 92.36% and 89.41%) and (2.17 MPa, 3.10 MPa, 3.18 
MPa and 3.06 MPa) and of cement paste models (96.92%, 80.91%, 92.19% and 88.18%) and (2.45 MPa, 5.80 MPa, 4.39 MPa 
and 5.20 MPa) were determined for ANFIS-FA, ANFIS-IPSO, ANFIS-BBO and RVM models, respectively, which indicate that 
the ANFIS-FA is a suitable model for estimating the compressive strength of cement mortar and paste that include MW. 
Moreover, the sensitivity of MW and GBFS is shown high for modeling the compressive strength of cement mortar. 
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cement mortar and paste (Khorshidi et al. 2014, Yousry et 
al. 2020). For instance, Khorshidi et al. (2014) concluded 
that the MW improved the CS and workability of cement 
paste by 10%. Yousry et al. (2020) found that the CS of 
cement mortar can be increased up to 60% by using 150 - 
cycle MW in mortar mixtures. Furthermore, MW increased 
the CS of self-compacting concrete (Esfahani et al. 2018). 
Moreover, MW influenced the admixture contents by 
decreasing the water content of the concrete and reducing 
superplasticizer dosage of the mortar or paste (Esfahani et 
al. 2018, Khorshidi et al. 2014, Yousry et al. 2020). More 
details for the effects of MW on the cement mortar/paste 
and concrete properties and admixture contents can be 
found in (Bharath et al. 2016, Su et al. 2000, Wang et al. 
2018). The current study uses MW and GBFS as a novel 
additive content for producing cement mortar and paste. 
The CS of cement mortar and paste was determined at the 
age of 28 days. 

The conventional methods for estimating CS of cement 
mortar or paste, including mechanical tests and preparation 
of large numbers of specimens, are time-consuming and 
costly. In recent years, soft computing techniques have been 
widely and successfully used to estimate the CS of concrete 
or cement mortar and paste. For example, the Relevance 
Vector Machine (RVM) was shown to be robust for 
estimating the CS of concrete that included silica fume 
contents (Biswas et al. 2019). Also, the RVM was used to 
estimate the CS of concrete, including GBFS additive 
contents, and the results showed its performance was an 
agreement with experimental results (Prasanna et al. 2018). 
In addition, the RVM outperformed than least square 
support vector machine (LSSVM) for estimating the CS of 
self-compacting concrete (Aiyer et al. 2014). Furthermore, 
the performance of RVM was shown to be acceptable for 
predicting the CS of cement mortar (Mishra et al. 2019b, 
Verma et al. 2017) and other concrete characteristics 
(Yuvaraj et al. 2014). Artificial neural network (ANN) was 
successfully applied to predict the CS of concrete (Seo et al. 
2015, 2017, Al-Swaidani and Khwies 2018). In the same 
time, the fuzzy logic was found more explicit and useful 
than the ANN for predicting the CS of cement mortar 
(Akkurt et al. 2004), and concrete (Aggarwal et al. 2013, 
Tayfur et al. 2014). Recently, adaptive neuro-fuzzy 
inference system (ANFIS) significantly applied to predict 
different concrete performances; while, it possesses 
advantages of both fuzzy logic and ANN (Prasad 
Meesaraganda et al. 2020). Sinha et al. (2019) applied the 
ANFIS for predicting the early age of CS of high-
performance concrete, and their results showed it could be 
considered as one of the best reliable tools for modeling the 
relationship between inputs and output variables. In 
addition, the ANFIS model outperforms statistical models 
for predicting CS of lightweight concrete (Razavi Tosee 
and Nikoo 2019). The CS of brick-mortar masonry 
structures was also estimated using ANFIS, and the results 
showed its performance high for modeling the CS (Mishra 
et al. 2019a). Also, ANFIS was applied to predict the 
weight loss of cement (Boukhari 2020), the strength of 
rubber concrete (Jalal et al. 2020) and characteristics of 
concrete (Mansouri et al. 2016, 2017, 2018, 2019). More 

recently, hybrid ANFIS algorithms have been developed to 
map a nonlinearity relationship between inputs and outputs 
variables of different concrete performances. Ly et al. 
(2019) improved the performance of the ANFIS model for 
estimating CS of concrete by optimizing it using Principal 
Component Analysis (PCA) together with Teaching-
Learning-Based Optimization (TLBO) methods. 
Furthermore, a combination of ANFIS with Gases 
Brownian Motion Optimization (GBMO) was proposed and 
evaluated for estimating the CS of high-performance 
concrete, and the proposed model performance was 
acceptable to estimate the CS in limited reiterations 
(Rahchamani et al. 2019). Herein, many algorithms can be 
used to improve ANFIS performance in the modeling 
algorithms; among these are firefly algorithm (FA) 
(Kamarian et al. 2014, Moghadam et al. 2019, Riahi-
Madvar et al. 2020), Improved Particle Swarm 
Optimization (IPSO) (Rayen and Subhashini 2019, Selma et 
al. 2020, Xiao et al. 2014) and biogeography-based 
optimization (BBO) (Ahmadlou et al. 2019, Jaafari et al. 
2019, Termeh et al. 2019) algorithms. The performance of 
integration ANFIS with FA, IPSO and BBO showed great 
potential by considering the model accuracy and 
computational time (Ahmadlou et al. 2019, Moghadam et 
al. 2019, Selma et al. 2020). 

Based on our state-of-the-art, it can be seen that hybrid 
models have shown good performance in different 
prediction applications. However, the prediction models for 
CS of cement mortar or paste that include MW and GBFS 
are still limited. Therefore, this study investigates to 
develop novel hybrid algorithms of ANFIS optimized by 
FA, IPSO and BBO methods for predicting the CS of the 
mortar and paste includes MW and GBFS. The results of 
the proposed hybrid ANFIS approaches and conventional 
ANFIS model were compared to the RVM model, in which 
hyperparameters were determined using the trial-and-error 
method. The models were evaluated based on different error 
indices and residual analysis. The training and testing 
datasets of the proposed models were experimentally 
implemented utilizing different additives contents of GBFS 
and magnetization cycles for producing MW. 

 
 

2. Material and methods 
 
2.1 Materials used and experimental mixture 

design 
 
2.1.1 Materials descriptions 
Cement: CEM I class (42.5 N) of the chemical 

composition shown in Table 1A was used in this study, 
which was purchased from a local store (Suez Cement 
Company). Cement conforms to ASTM C150 Type1 
(American Society for Testing and Materials International 
2011) with a specific weight of 3.15. Physical and 
mechanical characteristics are calculated and recorded in 
Table 1B. 

Sand: Siliceous natural sand compliant with ASTM 
C33(ASTM Standard C33, 2003) has been used. The sand 
was collected from a nearby warehouse. The physical 
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Table 1A Chemical composition of used cement 
(American Society for Testing and Materials 
International 2011) 
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Bouge 
composition C3S C2S C3A C4AF      

Mass (%) 46 26 6 11      
Limit - - - -      

 

 
 

Table 1B Physical and mechanical properties of used 
cement 

Element Blain fineness 
(cm2/g) 

Initial setting time 
(min) 

Final setting 
time (min) 

Value 3000 180 300 
Condition - Tap water Tap water 

 

 
 

Table 1C Physical properties of used sand 
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properties of the fine aggregate are shown in Table 1C, 
while the sieve analysis is shown in Fig. 1(a). 

Superplasticizer: Sikament 163 superplasticizer (Type F) 
with a specific gravity of 1.1 was developed by SIKA CO. 

Granulated blast-furnace slag (GBFS): GBFS is 
procured from corporation ELMOTAHIDA, Cairo, Egypt. 
Its physical and chemical characteristics are shown in Table 
2. In this study, GBFS is used in the mixing process to 
replace cement. 

 
 

 

Table 2 Physical and chemical properties of GBFS 

Test item Test result Reference standard
Physical properties 

Fineness (cm2/g) 421.2 > 330 
After #325 sieving 9.5 < 20 

Sp. gr 2.94 - 
Chemical properties 

Air content of paste (%) 3.56 < 12 
Activity, 3 days (%) 75.1 - 
Loss of ignition (%) 0.441 - 

SiO2 (%) 34.56 - 
Al2O3 (%) 13.21 - 
Fe2O3 (%) 0.314 - 
CaO (%) 40.32 - 
MgO (%) 7.46 < 4 
SO3 (%) 1.25 > 1.4 

Alkalinity 1.55 < 2.5 
Sulfide sulfur 0.57 - 

K2O (%) 0.281 - 
Na2O (%) 0.083 - 

 
 
Water: Two types of water have been used; tap water 

(TW) and MW. The MW was produced by passing water 
through a magnetizer with a magnetic intensity of 1.4 Tesla. 
The magnetizer was produced by the Delta Water Company, 
Alexandria, Governorate of Alexandria, Egypt. It was 
installed at the lab through some preparations for the 
creation of a circulation device. This device passed the 
water in a cyclical manner. The surface tension of the water 
was determined and found to be 0.06624 N/m, which 
demonstrated a substantial improvement and prepared the 
water for the next level. As seen in Fig. 1(b), the system 
consists of the following: the water supply (1), the bucket 
that holds the water to be magnetized, the pump (2), which 
drags the water from the container bucket and then moves it 
through the pipes (3), the calibration valve (4), the 1.5’’ 
valve used to brace the pump for dragging water, the water 
protection valve (5), the control valve used not to render the 

 
 

 
(a) (b) 

Fig. 1 (a) Particle size distribution (Sieve Analysis) for used fine aggregate; and (b) Water Magnetization Process
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flow. The magnetizer (6), the instrument itself, which 
carried out a magnetization test on the surface. Next, the 
length of the process is determined, the pump continues 
drawing water up from the water supply to move it through 
the magnetizer, and then returns to another container, i.e., 
water has completed one cycle. The time needed for a 
single cycle was 36 s. According to Eq. (1), the water 
discharge rate is measured and estimated to be 9 lit/min, 
and then regulated using the safety valve for all mixtures. 

 Water discharge Rate (Q) =  Volume (lit)time (min)  (1)
 
In order to get further cycles, the time needed for the 

desired number of cycles is determined by equation (2), so 
the system runs for the specified time, indicating that the 
water outlet is returned to the water supply again, i.e., 
closed circulation, as seen in Fig. 1(b). 

 Targeted Cycles Time (min) =  Number of cycles × one cycle time (sec)60 (sec min⁄ )  (2)

 
2.1.2 Mixing proportions 
The testing system concluded with 72 combinations. 

The mixtures were split into two main groups. The first 
section consists of 36 mixtures of cement mortar, while the 
second one includes 36 mixtures of cement paste. The two 
divisions were divided into four classes, each comprising 
nine mixtures. The water used was the TW in the first group 
however the water used in the 2nd, 3rd and 4th classes were 
MW, which varied from each other in the number of cycles 
of 50 cycles, 100 cycles and 150 cycles, respectively while 
exploring the impact of the time spent in magnetizing water. 
Each of the eight groups was classified into three 
subgroups. 

The 1st subgroup was treated without any 
superplasticizer, whilst the 2nd and 3rd subgroups were 
provided with 0.5 percent, and 1 percent of the 
superplasticizer by weight of binders, respectively. 
Subgroups have been developed to analyze the dosage of 
the superplasticizer. The three mixtures in each subgroup 
are distinct from each other to analyze the effect of 
increasing the dosage of GBFS (0,10 per cent and 20 per 
cent by weight of binders). The amounts of mixtures of 
cement mortar and cement paste are listed in Appendices 
A1 and A2, respectively. 

To produce mixtures of paste and mortar, the ingredients 
to be blended are prepared, weighted, and packed for 
mixing. When using tap water, the superplasticizer was first 
applied to the water, but when using MW, it was placed into 
the bucket and then magnetized in the manner described 
above, then the superplasticizer was applied. The valve was 
used to control the flow rate of the water at 9 lit/min. 
Materials were initially combined in a dry state using a 
hydraulic mixer to ensure homogeneity, and then the water, 
including a superplasticizer, was applied to the mixture. The 
average time of each mixture was 4-5 minutes. 

Wooden shapes, including separators, to form 70 mm × 
70 mm × 70 mm cubes for cement mortar were used for 
compressive strength testing; however, similar shapes have 

been used for cement paste sizes of 50 mm × 50 mm × 50 
mm. Since being destroyed at one day of maturity, all 
specimens (648 cubes) were cured in TW at 25°C for 3, 7 
and 28 days. In both studies, triplicate specimens were used 
for each sample case, and the mean findings were then 
considered. 

 
2.2 Models design 
 
This study designs and evaluates a developed soft 

computing technique to estimate CS of cement mortar and 
paste that made with MW and GBFS as a novel mixture 
content. MATLAB software was used to design the 
proposed models. following is a summary of these models. 

 
2.2.1 Relevance vector machine (RVM) 
The RVM is a developed algorithm based on the support 

vector machine, that can be used for probabilistic 
classification and regression (Tipping 2000). The full 
description and mechanism of RVM for modeling can be 
found in (Prasanna et al. 2018, Yuvaraj et al. 2014). The 
sparse representation in RVM is attained by assuming a 
sparse distribution based on the weights of the input 
variables in the regression model (Verma et al. 2017). The 
low computational cost of RVM is the main advantage of 
this model (Verma et al. 2017). The map between inputs 
and output for RVM model can be expressed as follows 

 𝑦(𝑥) = ෍ 𝑤௡𝐾(𝑥, 𝑥௡) + 𝑤଴ே
௡ୀଵ  (3)

 
where, N = data number; 𝑤௡ are the model weights; 𝑤଴ is 
bias, and 𝐾(𝑥, 𝑥௡)denotes a kernel function. Where, 𝑥 is 
the input variables. 

As presented in Eq. (3); it can be shown that the main 
factor in RVM for modeling is the Kernel function width 
which can be determined using post modeling analysis 
(Murthy et al. 2019, Tipping 2000). Post-modeling analysis 
in training and testing phases is associated with the number 
of relevance vectors (NRV) involved in the model and their 
corresponding weights and variations in kernel width (𝜎). 
Fig. 2(a) shows the RVM processing for the modeling CS of 
cement mortar and paste. In this study, the radial basis 
kernel (RBK) function, Eq. (4), was selected. 

 𝐾(𝑥, 𝑥௜) = 𝑒𝑥𝑝 ቆ−(𝑥 − 𝑥௜)(𝑥 − 𝑥௜)்2𝜎ଶ ቇ (4)

 
Here, the 𝜎  was initially assumed as 0.13, and the 

optimum 𝜎 was 1 for the CS estimating of cement mortar 
and paste in the training phase. The coefficient of 
correlation (R) was used to assess the model performance in 
the design stage. A sparse solution was conducted. Herein, 
the following RVM models were obtained for the CS of 
cement mortar (Eq. (5)) and paste (Eq. (6)). Fig. 2(b) 
illustrates the CS model’s weights for the cement mortar 
and paste. 

 𝐶𝑆௠ = ෍ 𝑤௜ 𝑒𝑥𝑝 −(𝑥 − 𝑥௜)(𝑥 − 𝑥௜)்2ଵ଴ଵ
௜ୀଵ  (5)
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Fig. 3 The ANFIS diagram (Eldessouki and Hassan 2015) 

 

 

𝐶𝑆𝑝 =∑𝑤𝑖 𝑒𝑥𝑝
−(𝑥 − 𝑥𝑖)(𝑥 − 𝑥𝑖)

𝑇

2

101

𝑖=1

 (6) 

 

2.2.2 Adaptive neuro-fuzzy inference system 
(ANFIS) 

The ANFIS is an integration algorithm that comprises 

ANN and fuzzy logic (FL) methods (Ly et al. 2019). Fig. 3 

illustrates the ANFIS diagram for two inputs x1 and x2, as an 

example for the ANFIS processing. The ANFIS structure 

includes five layers, as presented in Fig. 3, which contains 

two adaptive layers (fuzzification and defuzzification) and 

three fixed layers (rule, normalization and aggregation) 

(Eldessouki and Hassan 2015, Jaafari et al. 2019, Ly et al. 

2019, Termeh et al. 2019, Xiao et al. 2014). The adaptive 

layers are distributed between the premise and consequent 

parts; this allows these layers to adjust the performance of 

the ANFIS model (Eldessouki and Hassan 2015). 

Commonly, the Takagi-Sugeno (TS) if-then rules and 

suitable membership function are used in ANFIS for fuzzy 

inference system; this provides the ANFIS to distinguish the 

nonlinearity relationship between inputs and output 
variables (Ly et al. 2019). 

The rules of TS for two inputs x1 and x2 were expresses 

as: 

Rule 1: if x1 is A1 and x2 is B1, then 

𝑓1 = 𝑝1𝑥1 + 𝑞1𝑥2 + 𝑟1 

Rule 2: if x1 is A2 and x2 is B2, then 

𝑓2 = 𝑝2𝑥1 + 𝑞2𝑥2 + 𝑟2 

 

Where, A1,2 and B1,2 are the fuzzy sets for inputs x1 and 

x2, respectively. p1,2; q1,2 and r1,2 are the parameters of 

output function for the two rules calculated through the 

 

 

training process, and these parameters are used to improve 

the consequent part (Eldessouki and Hassan 2015). 

Here, the summary of outputs of the five layers of the 

ANFIS model can be presented as follows 
 

𝑂𝑖
1 = {

𝜇𝐴𝑖(𝑥1)

𝜇𝐵𝑖(𝑥2)
 (7) 

 

𝑂𝑖
2 = 𝑤𝑖 = 𝜇𝐴𝑖(𝑥1) ∙ 𝜇𝐵𝑖(𝑥2) (8) 

 

𝑂𝑖
3 = 𝑤𝑖 =

𝑤𝑖

∑ 𝑤𝑗
𝑁
𝑗=1

 (9) 

 

𝑂𝑖
4 = 𝑤𝑖𝑓𝑖 = 𝑤𝑖(𝑝𝑖𝑥1 + 𝑞𝑖𝑥2 + 𝑟𝑖) (10) 

 

𝑂𝑖
5 = 𝑓 =∑𝑤𝑖𝑓𝑖

𝑁

𝑖=1

 (11) 

 

where, 𝑂 represents the output of each calculation in the 

layers; 𝜇𝐴𝑖  and 𝜇𝐵𝑖  are the membership functions (MF) 

for x1 and x2 inputs, respectively; N is the number of inputs. 

The weight (or firing strength) and normalized matrices (𝑤 

and 𝑤, respectively) are calculated in the second and third 

layers, respectively. 

In this study, the selected MF is the Gaussian (bell-

shape) function with normalized output in between [0 and 

1], which can be expressed for the input x1 as follows 
 

𝜇𝐴𝑖(𝑥1) = 𝑒
−(

𝑥1−𝑎𝑖
𝑏𝑖

)
2

 (12) 

 

where, a and b are the parameters of MF. These parameters 

are used to improve the premise part (Eldessouki and 

Hassan 2015). Here, the hybrid learning algorithm 

presented in Eldessouki and Hassan (2015) was applied in 

this study to estimate the ANFIS parameters. The number 

and type MF are determined in the design stage. Here, 

ANFIS has three different FIS, that are grid partitioning 

(GP), subtractive clustering (SC) and fuzzy c-means (FCM) 

(Moghadam et al. 2019, Benmouiza and Cheknane 2019). 

In this study, the AFNIS with FCM gives the best 

performance in terms of RMSE. Also, 2 to 8 MF’s are 

evaluated, and the results showed that with increasing the 

MF numbers, the accuracy of ANFIS is increased. In this 

study, 4 MF’s were selected, since the changes of Akaike 

1. Inputs 

2. Output 

3. Assume Ϭ=0.13

Training of 

RVM

Values of w 

and NRV

R closer to 

1?

Check testing 

performance

Change Ϭ 

value

CS prediction

No

Yes

  

(a) (b) 

Fig. 2 (a) RVM development model for CS prediction; (b) Values of weight vector for the developed RVM models 
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information criterion (AIC) of the model that has MFs 
greater than 4 are insufficient. 

Although the ANFIS performance was shown better 
than ANN and FL for nonlinear modeling of different 
concrete characteristics, it is still limited in calculating the 
accurate firing strength or weight matrix (Jaafari et al. 
2019, Riahi-Madvar et al. 2020, Termeh et al. 2019). Many 
researchers had applied different optimization methods for 
improving the strength parameters, such as Genetic 
Algorithm (Hesami et al. 2019), PSO (Pannu et al. 2018), 
Grey Wolf optimizer (Jaafari et al. 2019), teaching-learning 
based optimization (Ly et al. 2019). The current study 
investigates the use of IPSO, FA, and BBO techniques to 
improve the ANFIS performance for estimating CS of 
cement mortar and paste. 

 
2.2.3 Improved Particle Swarm Optimization 

(IPSO) 
IPSO is an optimization algorithm that is currently 

applied to overcome the drawback of PSO technique, in fail 
to converge to the best position (Rayen and Subhashini 
2019, Selma et al. 2020, Xiao et al. 2014). The D-
dimensional space uses to fix the size agents in the PSO 
algorithm technique. The position and speed particles 
applied to a setting of the fuzzy logic controller and a 
modifying of parameters of the model between two 
simulations, respectively. The PSO started with generating a 
random swarm of particles for each parameter of the model. 
Next, the swarm was updated based on the position update 
of particles. The updated circulated up to obtain the 
optimum position of particles. The position update can be 
expressed as follows (Selma et al. 2020) 

 𝑣௜௧ାଵ = 𝑤𝑣௜௧ + 𝑐ଵ𝑟ଵ൫𝑝௕௘௦௧,௜௧ − 𝑋௜௧൯            +𝑐ଶ𝑟ଶ(𝑔௕௘௦௧,௜௧ − 𝑋௜௧) (13)

 𝑋௜௧ାଵ = 𝑋௜௧ + 𝑣௜௧ାଵ (14)
 

where, 𝑋  and 𝑣  denote the position and speed of the 
particle, respectively; 𝑤 is the inertia parameter; 𝑐ଵ and 𝑐ଶ  represent the cognitive and social component 
parameters, respectively. 𝑟ଵ and 𝑟ଶ are randomly assumed 
in between 0 and 1. 𝑝௕௘௦௧,௜௧  and 𝑔௕௘௦௧,௜௧  are the best 
positions of the particle at individual and global positions, 
respectively. 

In IPSO, a dynamic acceleration parameters adjustment 
is applied to estimate the cognitive and social component 
parameters. Moreover, an adaptive nonlinear adjustment 
weight is applied depending on the particle’s fitness value. 
Furthermore, to improve the best performance of the 
particle’s positions, the adaptive genetic operators 
(crossover operation and mutation operation) are employed. 
The detail of PSO and IPSO can be found in Rayen and 
Subhashini (2019). The pseudo-code that used in this study 
for CS of cement mortar and paste is presented in Algorithm 
1. 

In the current study, the parameters of IPSO were 
defined as follows for the CS estimation of cement mortar 
and paste: the size of particle swarm is 30, the maximum 
iteration is 1000, the initial random range of particles 

Algorithm 1. 
IPSO pseudo code (Rayen and Subhashini 2019) 
Begin 
For each and every particle 
Initialize 𝑝௜ and 𝑣௜ of the swarm 
End for 
do 
For each and every particle 
Calculate fitness D of the particle 
If D is greater than 𝑝௕௘௦௧ 
Set 𝑝௕௘௦௧=current fitness 
End if 
If 𝑝௕௘௦௧ is better than 𝑔௕௘௦௧ 
Set 𝑔௕௘௦௧=best fitness value of all particles 
End if 
For each particle 
Find 𝑣௜, update 𝑝௜ 
for each particle 
Apply crossover and mutation 
End for 
End for 
End for 
End

 
 

position and velocity are -1.0 to 1.0 and -0.5 to 0.5, 
respectively; 𝑐ଵ =  𝑐ଶ = 0.30. Herein, in the ANFIS-IPSO, 
IPSO utilizes to improve the approximation capacity of 
ANFIS by tuning its parameters. IPSO is used to minimize 
the model errors by tuning input and output MF functions 
through the search space provided by the ANFIS model. 
IPSO optimized MF functions of the developed ANFIS 
model while minimizing the error indices criteria. 

 
2.2.4 Firefly algorithm (FA) 
FA is designed based on the following rules that were 

proposed by Yang (2010): (I) all fireflies move in a more 
attractive and transparent way; (II) the attractive firefly is 
considered a brightness, which may decrease by increasing 
the distance from other fireflies; when there is no attractive 
firefly, a random move is considered; (III) the value of the 
objective function is used to calculate the brightness. Based 
on these rules, Algorithm 2 presents the processing steps of 
FA. Here, three components should be defined that are 
attractiveness, distance and movement of fireflies 
(Moghadam et al. 2019, Riahi-Madvar et al. 2020). The 
distinctive attractiveness 𝛽  refers to the firefly strong 
attraction to other swarm members. The following equation 
can be used to select the attractiveness firefly 

 𝛽(𝑟) = 𝛽଴𝑒ିఊ(௥೔ೕ)೘,           𝑚 ≥ 1 (15)
 

where, r is the distance between two fireflies, 𝛽଴ is the 
attractiveness at r = 0, and 𝛾  denotes a fixed light 
attraction coefficient. 

The distance between two fireflies i and j, at positions 𝑥௜ and 𝑥௝, respectively, can be calculated as follows 
 

𝑟௜௝ = ඩ෍(𝑥௜,௞ − 𝑥௝,௞)ଶௗ
௞ୀଵ  (16)
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Algorithm 2. 
FA pseudo code (Kamarian et al. 2014) 
Objective function 𝑓(𝑥),    𝑥 = (𝑥ଵ, 𝑥ଶ, … , 𝑥ௗ)் 
Generate an initial population of fireflies  𝑥௜,    𝑖 = 1,2, … , 𝑛 
Light intensity 𝐼௜ at 𝑥௜ is determined by 𝑓(𝑥௜) 
Defined light absorption coefficient 𝛾 
While (t < Max Generation) 
For i = 1:n all n fireflies 
For j = 1:i  all n fireflies 
If (𝐼௝ > 𝐼௜), move firefly i towards j in d-dimensions, end if 
Attractiveness varies with distance r via exp [−𝛾𝑟] 
Evaluate new solutions and update light intensity 
End for j 
End for i 
Rank the fireflies and find the current best 
End while 

 
 

where, 𝑥௜,௞  represents the kth component of the spatial 
position 𝑥௜  of ith firefly and d is the number of the 
dimensions. 

The movements of a firefly (i) to another firefly (j) can 
be calculated as follows 

 𝑥௜ = 𝑥௜ + 𝛽଴𝑒ିఊ൫௥೔ೕ൯మ(𝑥௜ − 𝑥௝) + 𝛼𝜀௜ (17)
 

where, 𝛼 and 𝜀௜ represents the randomization coefficient 
(between 0 and 1) and random vector, respectively. 

In the current study, the FA was used to determine the 
optimum parameters of the MF of ANFIS for CS 
estimation. Here, the variations of variables should be 
optimized, and the fitness functions were determined. In 
this study, the root mean square (RMSE) is utilized as the 
fitness function for assessing the model performance. Each 
firefly comprises of a set of antecedent and subsequent 
parameters. For modeling, the initial population of fireflies 
was calculated randomly, and each firefly can be mapped to 
a set of ANFIS parameters. According to the light intensity 
related to each firefly, the attraction of each one is estimated 
and compared with others and fireflies with less light move 
toward fireflies with more light. Therefore, the RMSE value 
is calculated. This process continues until it reaches a 
determined iteration value or the least value of the target 
RMSE. Herein, the best solution for the FA parameters are 
found as follows: Light Absorption Coefficient = 2.0, 
Attraction Coefficient Base Value = 2, Mutation Coefficient 
= 0.2, and Mutation Coefficient Damping Ratio = 0.98. 

 
2.2.5 Biogeography-based optimization (BBO) 
BBO was introduced by Simon (2008). It possesses two 

main operations, that called migration and mutation 
(Ahmadlou et al. 2019, Jaafari et al. 2019). The migration is 
processing for sharing the features between the candidate 
solutions; it is used to enhance the quality of a candidate 
solution by modifying them using other solutions. Two 
migration forms are used that are emigration and 
immigration. Meanwhile, the mutation utilizes to improve 
the solution. A deep review of BBO theory can be found in 
(Ahmadlou et al. 2019, Jaafari et al. 2019, Simon 2008, 
Termeh et al. 2019). Here, for CS optimization, the 
algorithm starts with selecting a random set of residential 

habitats. Each habitat has k different inhabitants with its 
own outward and inward migration rates and specific 
mutation. Outward (𝜇௞) and inward (𝜆௞) migrations can be 
defined as the functions of the inhabitant’s number in the 
following equations. 

 𝜇௞ = 𝐸 ൬𝑘𝑁൰ (18)
 𝜆௞ = 𝐼 ൬1 − 𝑘𝑁 ൰ (19)
 

where, k represents the current inhabitants (which is 
calculated using the initial population based on trial-and-
error method), N denotes the maximum number of eligible 
inhabits, and E and I are the highest rate of outward 
migration and inward immigration, respectively. 

Another component of the optimization algorithm, 
mutations, can be defined as follows 

 𝑀௞ = 𝑀௠௔௫ ൬1 − 𝑃௞𝑃௠௔௫൰ (20)
 

where, 𝑀௞ and 𝑀௠௔௫ represent the initial and maximum 
mutation values, and 𝑃௞  denotes the probability of 
mutation for the nth habitat, and 𝑃௠௔௫ is the highest value 
of 𝑃௞ (Du et al. 2009). 

The BBO is sensitive mainly to habitat size (N), max 
immigration rate for each island, migration operators and 
mutation probability (Simon 2008, Murlidhar et al. 2020). 
The final BBO parameters based on the trail were 
determined as follows: N = 30, Max immigration rate for 
each island = 1.0, migration operator = 1.0 and mutation 
probability = 0.01. 

In this study, BBO was applied to calculate parameters 
of MF and FIS in ANFIS model; this leads to finding the 
best parameters of the ANFIS model for CS estimation. 

 
2.3 Models processing and performance evaluation 
 
The current study used five inputs (number of cycles of 

water magnetization (Cycles No.), age of cement mortar or 
paste, and cement (C), GBFS and superplasticizer (Sik) 
contents) to estimate the CS of cement mortar and paste.144 
experimental cases were designed and used for each mortar 
and paste modeling. Fig. 4 presents the input and output 
data histograms (His) and distributions of each case. In 
addition, Table 3 demonstrates data distribution used in the 
modeling CS of cement mortar and paste. The maximum 
(Mx), minimum (Mn), average (Av) and skewness (Sk) of 
mixture cement of mortar and paste are calculated. From 
Fig. 4 and Table 3, it can be seen that the distribution of 
data for the mortar and paste is almost the same. In 
addition, the normal probability distribution (PD) of input 
and output variables imply a linear relationship between 
them. Moreover, the CS of cement mortar and paste has the 
same negative skew, and the age of both has the same 
positive skew. Whereas other parameters have zero skews, 
this means all these parameters distributions have a normal 
distribution around the mean value. The range of data, 
maximum-minimum, is approximately the same for the 
mixtures of cement mortar and past. These results indicate 
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Table 3 Statistical analysis of used data 

 Cycles 
No. 

Age 
(days) 

C 
(g) 

GBFS 
(g) 

Sik.
(g) 

CS 
(MPa)

Paste       
Mx 150.00 56.00 210.00 42.00 2.10 73.44
Mn 0.00 3.00 168.00 0.00 0.00 25.20
Av 75.00 23.50 189.00 21.00 1.05 51.40
Sk 0.00 0.58 0.00 0.00 0.00 -0.23

Mortar      

Mx 150.00 56.00 185.00 37.00 1.85 52.46
Mn 0.00 3.00 148.00 0.00 0.00 18.00
Av 75.00 23.50 166.50 18.50 0.92 36.72
Sk 0.00 0.58 0.00 0.00 0.00 -0.23

 

 
 

that the performance of both types of mixtures is almost 
same for estimating the CS of mortar and paste. 

Herein, for modeling the inputs and outputs variables 
were normalized using Eq. (21) and divided randomly into 
70% (101 samples) and 30% (43 samples) for training and 
testing datasets of cement mortar and paste. 

 𝑑௡ = 𝐷 − 𝐷௠௜௡𝐷௠௔௫ − 𝐷௠௜௡ (21)

 
where, 𝑑௡ represents the normalized values; 𝐷, 𝐷௠௔௫ and 𝐷௠௜௡ are the measured, maximum and minimum values of 
data used, respectively. 

Fig. 2 presents the RVM model for estimating the CS, 
and Fig. 5 illustrates the ANFIS-FA, ANFIS-IPSO and 
ANFIS-BBO models. 

To evaluate the performance of the proposed models, six 
statistical indices were used: RMSE, mean absolute error 
(MAE), maximum absolute error (XAE), adjusted of 
correlation coefficient (R2), Pearson correlation coefficient 
(r) and percentage of RMSE (PE); PE indicates the 
percentage of model error (Kaloop et al. 2017). 

Herein, to assess the impact of mixture contents, the 
sensitivity of the mixture was calculated and discussed. The 
impact of input variables in the optimal model was 
assessed. The input variable impact on the CS values of 
cement mortar and paste was determined using Eq. (22). A 
step-by-step method was carried out to obtain the sensitivity 

 
 

index of input variables by varying each variable at a 
constant rate. The sensitivity (S) of each variable can be 
expressed as follows (Dutta et al. 2018, Liong et al. 2000) 

 𝑆(%) for each variable= ൬1𝑁൰ ෍ ቆ(%𝑐ℎ𝑎𝑛𝑔𝑒𝑖𝑛𝑜𝑢𝑡𝑝𝑢𝑡)(%𝑐ℎ𝑎𝑛𝑔𝑒𝑖𝑛𝑖𝑛𝑝𝑢𝑡) ቇ௝ × 100ே௝ୀଵ  (22)

 
where, N is the number of training data points. A constant 
rate of 20% was selected. 

 
 

3. Results and discussion 
 
First, the performance of the proposed models (ANFIS, 

ANFIS-FA, ANFIS-BBO, ANFIS-IPSO and RVM) for 
estimating CS of cement paste is presented and evaluated. 
The population size is evaluated in the training stage. Table 
4 presents the performance of models with changing the 
population size of input and output variables in mortar and 
paste cases. From Table 4, it can be seen that the accuracy 
of models is shown variable with the proposed models. This 
indicates that data size affects the model’s accuracy. In 
addition, the effectiveness of population size on ANFIS-FA 
is shown low compared to other models. This implies that 
the ANFIS-FA is more stable with changing population size 
of available datasets. Here, to compare the proposed models 

 
 

Table 4 Statistical population size effect on RMSE (MPa) 
of proposed models 

 Sample 
size RVM ANFIS-

FA 
ANFIS-

BBO
ANFIS-

IPSO

Paste

10 3.223 1.955 4.496 4.593 
20 3.338 2.335 4.218 4.832 
50 4.556 2.353 3.742 4.432 
80 4.320 2.304 3.576 4.486 

100 4.591 2.310 3.718 4.806 

Mortar

10 2.155 1.700 2.536 3.511 
20 2.469 1.892 2.088 2.794 
50 3.118 1.948 2.214 2.822 
80 2.914 1.737 2.679 3.102 

100 2.991 1.685 2.765 3.188 
 

(a) (b) 

Fig. 4 Histogram of inputs and output datasets along with the normal probability distribution for the (a) mortar; and (b) paste
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Fig. 5 ANFIS-FA, ANFIS-IPSO and ANFIS-BBO 

developed models for CS prediction 
 
 
Table 5 Models performances for estimating CS of cement 

paste 

 RMSE 
(MPa) 

MAE 
(MPa) 

XAE 
(MPa) 

R2 

(%) 
r 

(%) 
PE
(%)

Training       
RVM 4.58 4.30 9.73 87.25 93.47 9.63

ANFIS 0.00 0.00 0.00 100.00 100.00 0.00
ANFIS-FA 2.30 1.91 6.39 97.25 98.63 4.84

ANFIS-BBO 3.74 2.96 9.19 93.36 96.66 7.87
ANFIS-IPSO 4.85 4.96 13.93 82.37 90.86 10.20

Testing       
RVM 5.20 4.40 10.30 88.18 94.05 11.81

ANFIS 9.12 8.26 16.84 56.36 75.76 20.72
ANFIS-FA 2.45 2.12 6.52 96.92 98.48 5.57

ANFIS-BBO 4.39 3.65 8.99 92.19 96.11 9.96
ANFIS-IPSO 5.80 5.51 11.89 80.91 90.20 13.17

 

 
 
the same sample size is used in the training and testing 
phases. 

The statistical indices of CS of cement paste for the 
proposed models are presented in Table 5. Figs. 6 and 7 
show the performances of the proposed models in the 
training and testing stages, respectively. Fig. 8 shows the 
performance of the ANFIS model in the testing stage. The 
comparison of the model’s performances demonstrates that 
the proposed ANFIS-FA model outperforms other models in 
training and testing stages at all statistical indices, and it is 
followed by the ANFIS-BBO model. In the training stage, 
the PE of RVM, ANFIS-FA, ANFIS-BBO and ANFIS-IPSO 
is 9.63%, 4.84%, 7.87% and 10.20%, respectively. And, in 

Fig. 6 Estimated to measured CS of cement paste in the 
training phase

 
 

Fig. 7 Estimated to measured CS of cement paste in the 
testing phase

 
 

the testing stage, the PE of RVM, ANFIS-FA, ANFIS-BBO 
and ANFIS-IPSO is 11.81%, 5.57%, 9.96% and 13.17%, 
respectively. Moreover, the ANFIS performance is shown 
high in the training stage, while it is the worst in the testing 
stage. These results indicate that the accuracy of ANFIS-FA 
model is high and can be used to estimate the CS of cement 
paste with modeling error 5.20%, on average. 

In addition, from Figs. 6, 7 and 8, it can be shown that 
the fitting line of ANFIS-FA model is highly correlated with 
the best fitting line in training and testing stages, R2 = 
96.92% and r = 98.48% in the testing stage. As well as, the 
ANFIS-BBO correlation performance is shown high with 
R2 and r equal 92.19% and 96.11%, respectively. Also, a 
high correlation is observed with RVM model in the testing 
stage, r = 94.05%. But the distribution of ANFIS-FA model 
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Fig. 8 Estimated to measured CS of cement paste and 
mortar in the testing phase 

 
 

error around the best fit is shown lower than that for 
ANFIS-BBO and RVM models. Here, the worst models into 
predicting the CS of cement paste are ANFIS and ANFIS-
IPSO models, respectively. From these results, it can be 
concluded that the ANFIS-FA model has a good 
performance to use as a soft computing model for 
estimating the CS of cement paste. Furthermore, to evaluate 
the model’s accuracy, the regression error characteristics 
(REC) curved for the hybrid proposed and RVM models are 
assessed. Here, the absolute deviation between the 
measured and estimated CS of cement paste values are used 
to estimate the model’s accuracy. Fig. 9 presents the REC 
curves of the hybrid proposed and RVM models for the 
training and testing phases. In addition, the values of the 
area over the curve (AOC) of REC is calculated and 
presented in Table 6. From Fig. 9 and Table 6, it is 
obviously shown that the developed ANFIS-AF model, 
which has low AOC values in training and testing stages, is 
the best model that can be used to estimate the CS of 
cement paste. 

Secondly, the performance of the proposed models for 
estimating CS of cement mortar is presented and evaluated. 
Table 7 illustrates the statistical indices of the proposed 

 
 

Table 6 AOC of the proposed models for estimating CS of 
cement paste 

Model AOC (training) AOC (testing) 
RVM 0.088 0.089 

ANFIS-FA 0.039 0.042 
ANFIS-BBO 0.060 0.073 
ANFIS-IPSO 0.101 0.111 

 

 
 

models and Figs. 10 and 11 show the scatter plot between 
measured and estimated CS of cement mortar in training 
and testing stages, respectively. In addition, Fig. 8 presents 
the scatter plot of the ANFIS model for the testing stage. 
From Table 7 and Figs. 10 and 11, it can be seen that the 
performance of ANFIS-FA is also the best to estimate CS of 
cement mortar compared to other models. On the model 
error evaluation, the PE for ANFIS-FA in training and 
testing phases are 5.05% and 6.51%, respectively; and on 
the correlation between the measured and predicted CS 
values, the R2 for ANFIS-FA model in training and testing 
stages are 96.92% and 96.20%, respectively. In addition, the 
distributions of ANFIS-FA model errors around the best 
fitting in training and testing stages are shown low 
compared to other models. The second model that can be 
used to estimate the CS of cement mortar is the developed 
ANFIS-BBO; all statistical indices of this model are shown 
lower than ANFIS-FA model and higher than RVM and 
ANFIS-IPSO. Moreover, the ANFIS performance is also 
shown high in the training stage for modeling CS of cement 
mortar, while it is the worst in the testing stage. Here, the 
worst model performance is the RVM model comparing by 
the hybrid ANFIS models. 

From these results, it can be concluded that the ANFIS- 
FA model also has a good performance to use as a soft 

 
 

Table 7 Models performances for estimating CS of cement 
mortar 

 RMSE 
(MPa)

MAE 
(MPa) 

XAE 
(MPa) 

R2 

(%) 
r 

(%)
PE
(%)

Training       
RVM 3.00 2.69 6.33 89.07 94.44 9.00

ANFIS 0.00 0.00 0.00 100.00 100.00 0.00
ANFIS-FA 1.69 1.41 3.95 96.92 98.46 5.05

ANFIS-BBO 2.77 2.17 7.50 92.74 96.34 8.31
ANFIS-IPSO 3.20 2.78 7.51 90.04 94.94 9.58

Testing   

RVM 3.06 3.29 7.29 89.41 94.69 9.19
ANFIS 7.08 7.32 12.29 46.13 68.86 21.21

ANFIS-FA 2.17 1.70 5.24 96.20 98.13 6.51
ANFIS-BBO 3.18 2.51 7.51 92.36 96.20 9.53
ANFIS-IPSO 3.10 2.44 8.12 92.33 96.18 9.28

 
 

(a) (b) 

Fig. 9 REC curve of the proposed models for estimating CS of cement paste in the training (a); and testing (b) phases
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Fig. 10 Estimated to measured CS of cement mortar in 
the training phase 

 
 

Fig. 11 Estimated to measured CS of cement mortar in 
the testing phase 

 
 

computing model for estimating the CS of cement mortar. 
Also, the REC curves of the developed models for 
estimating CS of cement mortar are evaluated. Here, the 
absolute deviation between the measured and estimated CS 
of cement mortar values are used to estimate the model’s 
accuracy. Fig. 12 presents the REC curves of the proposed 
hybrid ANFIS and RVM models for the training and testing 
phases. In addition, the values of AOC of REC for models 
of CS of cement mortar is calculated and presented in Table 
8. From Fig. 12 and Table 8, it is obviously shown that the 
developed ANFIS-FA model, which has low AOC values in 
training and testing stages, is also the best model can be 
used to estimate the CS of cement mortar. 

Here, Table 9 summarizes some of the previous studies 
findings and this study results in estimating the CS of 

 
 

Table 8 AOC of the proposed models for estimating CS of 
cement mortar 

Model AOC (training) AOC (testing) 
RVM 0.077 0.093 

ANFIS-FA 0.040 0.047 
ANFIS-BBO 0.062 0.070 
ANFIS-IPSO 0.080 0.068 
 
 

Table 9 Performances ANFIS models in predicting the CS
Method Material R2 Reference 
ANFIS Concrete 0.981 Gilan et al. (2012) 

ANFIS Mortar 0.983 Gulbandilar and Kocak 
(2016)

ANFIS-SC Concrete 0.766 Mansouri et al. (2017) 
ANFIS-FCM Concrete 0.886 Mansouri et al. (2018) 
ANFIS-TLBO Mortar 0.921 Ly et al. (2019) 

ANFIS Concrete 0.975 Jalal et al. (2020) 
ANFIS Mortar 0.990 Armaghani and Asteris (2020)
ANFIS Mortar 0.994 Madani et al. (2020) 

ANFIS-FA Mortar 0.962 Current study 
ANFIS-FA Paste 0.969 Current study 

*ANFIS-SC: ANFIS-subtractive clustering; ANFIS-FCM: ANFIS-
fuzzy c-means clustering; ANFIS-TLBO: ANFIS-Teaching-
Learning-Based Optimization
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Fig. 12 REC curve of the proposed models for estimating CS of cement mortar in the training (a); and testing (b) phases
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Fig. 13 Sensitivity index of input variables in ANFIS-FA 
model for estimating CS of paste and mortar

 
 

different concrete materials using conventional and 
integrated ANFIS models. From Table 9, it is clear that the 
ANFIS-FA model provides good performance for modeling 
the CS of cement mortar and paste. Furthermore, this study 
is new for the concrete that was prepared with MW and 
GBFS. 

Herein, it should be mentioned that, basically, the 
proposed model needs the five input variables to estimate 
the CS of cement paste and mortar. This means the model 
can be applied for estimating the CS of concrete includes 
GBFS (0-42 g) and MW (0-150 cycles). This limits the 
flexibility of the proposed model for predicting the CS of 
the novel concrete with a huge range of GBFS and MW. In 
addition, although the model is a black box, it can be used 
as a tool to get a sense about the relationship in between the 
input variables for estimating the CS of concrete, as well 
estimate the importance of mixed contents for producing a 
good concrete production. Furthermore, the optimization 
algorithms allow identifying the unknown ANFIS black-box 
parameters. 

Finally, the sensitivities of input variables in ANFIS-FA 
model for estimating CS of cement paste and mortar are 
calculated and presented in Fig. 13. From the figure, it can 
be seen that MW and GBFS both have a significant effect 
on the CS of cement mortar; while the cement and 
superplasticizer affect the CS of cement paste. Furthermore, 
MW affected higher than GBFS the CS of cement mortar, 
while via versa is shown for the CS of cement paste. The 
cement content and age effects are shown low for the CS of 
cement mortar and paste, respectively. These results 
indicate that the MW and GBFS have a crucial effect on the 
CS of cement mortar and partially affect the CS of cement 
paste. Whereas the superplasticizer contents were shown 
highly affects the CS of cement mortar and paste. This 
ensures the MW can replace the superplasticizer and 
provide similar results. 

 
 

4. Conclusions 
 
In this research, hybrid algorithms were proposed and 

developed. The proposed models ANFIS-FA, -IPSO and -
BBO were employed and compared for estimating the CS 
of cement mortar and paste, which includes GBFS and 

prepared using MW. A total of 144 experimental sets of CS 
tests for each cement mortar and paste were collected. Five 
inputs variables were considered (i.e., cement, GBFS, 
cycles number of water magnetization, superplasticizer 
contents and curing time), and the sensitivity of them in the 
proposed model was evaluated in this study. The proposed 
models were evaluated and compared by the RVM 
approach, which was previously approved for predicting the 
CS of concrete. The developed ANFIS-FA algorithm is 
found to outperform other models for estimating CS of 
cement mortar and paste. The RMSE and R2 of RVM, 
ANFIS-FA, ANFIS-BBO and ANFIS-IPO are 5.2 MPa, 
2.45 MPa, 4.39 MPa, 5.80 MPa and 88.96%, 96.92%, 
92.19%, 80.91%, respectively for cement paste prediction, 
and that for cement mortar prediction are 3.06 MPa, 2.17 
MPa, 3.18 MPa, 3.10 MPa and 89.41%, 96.20%, 92.36%, 
92.33%, respectively. The accuracy of ANFIS-FA model 
was found high compared to other models, and it can be 
used to estimate the CS of cement mortar and paste that 
include MW with modeling error 5.78% and 5.20%, in 
average, respectively. The sensitivities of input variables on 
ANFIS-FA model show that the MW and GBFS both have a 
significant effect on the CS of cement mortar; while the 
cement and superplasticizer affect the CS of cement paste. 
Furthermore, the MW affected higher than GBFS the CS of 
cement mortar, while via versa was shown for the CS of 
cement paste. 
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Table A1 Mixture proportions of mortar mixes (% of binders) incorporating (W/B = 0.4). (B = CEM + GBFS) 

Mix ID CEM (I) 
(%) 

GBFS 
(%) 

SP 
(%) 

No. of
cycles

Sand
(%) Mix ID CEM (I)

(%) 
GBFS 
(%) 

Sik 
(%) 

No. of
cycles

Sand
(%) 

TM-000-0.0-00 100 0 0 0 300 MM-050-0.0-00 100 0 0 50 300 
TM-000-0.0-10 90 10 0 0 300 MM-050-0.0-10 90 10 0 50 300 
TM-000-0.0-20 80 20 0 0 300 MM-050-0.0-20 80 20 0 50 300 
TM-000-0.5-00 100 0 0.5 0 300 MM-050-0.5-00 100 0 0.5 50 300 
TM-000-0.5-10 90 10 0.5 0 300 MM-050-0.5-10 90 10 0.5 50 300 
TM-000-0.5-20 80 20 0.5 0 300 MM-050-0.5-20 80 20 0.5 50 300 
TM-000-1.0-00 100 0 1 0 300 MM-050-1.0-00 100 0 1 50 300 
TM-000-1.0-10 90 10 1 0 300 MM-050-1.0-10 90 10 1 50 300 
TM-000-1.0-20 80 20 1 0 300 MM-050-1.0-20 80 20 1 50 300 
MM-100-0.0-00 100 0 0 100 300 MM-150-0.0-00 100 0 0 150 300 
MM-100-0.0-10 90 10 0 100 300 MM-150-0.0-10 90 10 0 150 300 
MM-100-0.0-20 80 20 0 100 300 MM-150-0.0-20 80 20 0 150 300 
MM-100-0.5-00 100 0 0.5 100 300 MM-150-0.5-00 100 0 0.5 150 300 
MM-100-0.5-10 90 10 0.5 100 300 MM-150-0.5-10 90 10 0.5 150 300 
MM-100-0.5-20 80 20 0.5 100 300 MM-150-0.5-20 80 20 0.5 150 300 

 

Table A2 Mixture proportions of paste mixes (% of binders) incorporating (W/B = 0.28) 

Mix ID CEM (I) 
(%) 

GBFS 
(%) 

SP 
(%) 

No. of
cycles Mix ID CEM (I) 

(%) 
GBFS 
(%) 

Sik 
(%) 

No. of
cycles

TP-000-0.0-00 100 0 0 0 MP-050-0.0-00 100 0 0 50 
TP-000-0.0-10 90 10 0 0 MP-050-0.0-10 90 10 0 50 
TP-000-0.0-20 80 20 0 0 MP-050-0.0-20 80 20 0 50 
TP-000-0.5-00 100 0 0.5 0 MP-050-0.5-00 100 0 0.5 50 
TP-000-0.5-10 90 10 0.5 0 MP-050-0.5-10 90 10 0.5 50 
TP-000-0.5-20 80 20 0.5 0 MP-050-0.5-20 80 20 0.5 50 
TP-000-1.0-00 100 0 1 0 MP-050-1.0-00 100 0 1 50 
TP-000-1.0-10 90 10 1 0 MP-050-1.0-10 90 10 1 50 
TP-000-1.0-20 80 20 1 0 MP-050-1.0-20 80 20 1 50 
MP-100-0.0-00 100 0 0 100 MP-150-0.0-00 100 0 0 150 
MP-100-0.0-10 90 10 0 100 MP-150-0.0-10 90 10 0 150 
MP-100-0.0-20 80 20 0 100 MP-150-0.0-20 80 20 0 150 
MP-100-0.5-00 100 0 0.5 100 MP-150-0.5-00 100 0 0.5 150 
MP-100-0.5-10 90 10 0.5 100 MP-150-0.5-10 90 10 0.5 150 
MP-100-0.5-20 80 20 0.5 100 MP-150-0.5-20 80 20 0.5 150 
MP-100-0.5-00 100 0 0.5 100 MP-150-0.5-00 100 0 0.5 150 
MP-100-0.5-10 90 10 0.5 100 MP-150-0.5-10 90 10 0.5 150 
MP-100-0.5-20 80 20 0.5 100 MP-150-0.5-20 80 20 0.5 150 
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