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Abstract
The correct and proper selection of coolant and lubricant fluids in the dimension hard rocks’ cutting process is one of the 
most important factors in the improvement of the cutting process, and in the increase of economic efficiency and qual-
ity of stone production. Therefore, this present study aims to study the role of coolant and lubricant fluids in the cutting 
performance of dimension hard rocks. In this study, 10 granite stone samples were collected from Iranian quarries and 
their physical and mechanical properties including their uniaxial compressive strength, Mohs hardness, Schimazek’s  
F-abrasiveness factors and Young modulus were measured and determined. According to the three types of coolant and 
lubricant fluids, including the two types of soap water with ratios of 1 to 40 and 1 to 20 and one type of lubricant and 
coolant powder, and using two different operational parameters such as feed rate (Fr) and depth of cut (Dc), 160 labora-
tory tests for each of these fluids were studied and measured in order to determine the maximum electrical current 
consumed by the machine. The obtained results were statistically and intelligently evaluated and analyzed through the 
radial basis function (RBF). Based upon the results obtained from both the analytical methods, the lubricant and coolant 
powder with ratios of 1 to 20 had the maximum and minimum effects on the reduction of the maximum consumed elec-
trical current in the hard rocks’ cutting process.
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1. Introduction

Significant growth in the construction industry has in-
creased the application of dimension stones and invest-
ment in this industry. Investors in sectors of quarries and 
rock cutting factories look for ways to reduce expenses 
and enhance the quality. Therefore, the reduction of en-
ergy consumption and improvement of the cutting pro-
cess as the most influential factors in increasing the ef-
ficiency are the most important concerns of investors in 
the sectors of quarries and dimension stones. Thus, 
proper identification and understanding of the cutting 
process can have a key role in increasing the efficiency 
and quality of the processed product (Careddu et al., 
2017a; Careddu et al., 2017b; Mikaeil et al., 2018a). 
In the cutting process, various factors influence the per-
formance of cutting devices and the machine’s con-
sumed power. Coolant fluids and lubricants are two of 
the most effective factors in the cutting process, and se-

lecting the proper type of these fluids can lead to a re-
duction in the consumed energy, improvement of the 
cutting process, and an increase in the quality of stone 
and longevity of the cutting device. In fact, coolant flu-
ids and lubricants help mitigate thermal tensions. Inap-
propriate tension in the cutting process causes power 
fluctuations and chips which are the main factors in en-
ergy loss in the cutting process. Various studies have 
been conducted for reviewing the consumed electrical 
current and increasing the efficiency in the stones’ cut-
ting process (Balci & Tumac, 2012; Tumac et al., 2016; 
Copur et al., 2017; Tumac et al., 2018; Mikaeil et al., 
2018; Antoljak et al., 2018; Akhyani et al., 2018; Ar-
yafar et al., 2018). In a study conducted by Ucun et al., 
alternative fluids for water in the natural stones’ cutting 
process were investigated. In their study, water, Ace-
Cool, boron oil and liquid soap were used as coolant flu-
ids, and two different natural stones were evaluated. The 
results obtained from this research showed superiority of 
other fluids over water in the cutting process, and in the 
meantime, a mixture of water and boron oil had the 
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highest effect in increasing the efficiency of the cutting 
process (Ucun et al., 2012). In another study conducted 
by Mikaeil et al., using the harmony search algorithm 
(HAS), the cutting performance of the diamond wire 
saw was evaluated. In their study, the cutting perfor-
mance was evaluated using the wear rate of the diamond 
wire saw. The final results indicated that the harmony 
search algorithm had a high capability in the identifica-
tion of the cutting process and evaluation of the diamond 
wire saw’s cutting performance (Mikaeil et al., 2016). 
In the study of Bai et al., using the integration of two 
distinctive multiple attribute decision making (MADM) 
techniques, the most appropriate cutting fluid was rated 
as the cleaner production. These research studies have 
been conducted on granite samples and finally the ob-
tained results showed that the proposed decision method 
was used in the codification of instructions for proper 
selection of the cutting fluid as the cleaner production 
(Bai et al., 2018). A study was conducted by Mikaeil et 
al. for anticipating the performance of the cutting pro-
cess based on the wear rate using techniques such as the 
adaptive neuro-fuzzy inference system (ANFIS) and a 
group method of data handling a type of neural network. 
Experiments were conducted on 38 stone samples ex-
tracted from Turkey quarries. The obtained results 
showed that the ANFIS-subtractive clustering method 
had the most capability in the performance evaluation of 
the diamond wire saw’s cutting process in comparison to 
other methods (Mikaeil et al., 2018b). In the study of 
Dormishi et al., the cutting process was evaluated based 
on the anticipation of the maximum electrical current 
consumed by the cutting machine. The intelligent mod-
els of ANFIS-PSO and ANFIS-DE were used to provide 
a model and predict the consumed electrical current in 
order to evaluate the cutting performance. The result ob-
tained from the research showed that intelligent tech-
niques had a high ability to identify the cutting process 
and provide a dynamic model for anticipating the elec-
trical current consumed by the cutting machine (Dormi-
shi et al., 2018). In the study of Mikaeil et al., to evalu-
ate and understand the cutting process of the circular 
saw machine, two soft computing methods including the 
imperialist competitive algorithm and the fuzzy cluster-
ing technique were used. In this study, 12 dimension 
stone block samples were used. The obtained results in-
dicated the superiority of the imperialist competitive al-
gorithm over the fuzzy clustering technique in understat-
ing and evaluating the performance of the machine based 
on the hourly production rates (Mikaeil et al., 2018c).

It is worth mentioning that although various studies 
were conducted for evaluating and investigating the cut-
ting process and the electrical current consumed by the 
cutting machine, few studies addressed the effect of the 
coolant and lubricant fluids on the improvement of the 
cutting process and the reduction of the electrical current 
consumed by the cutting machine. The effect of the lu-
bricant fluid on the cutting process is undeniable and 

through serious and planned studies, it is possible to 
achieve significant savings in energy consumption and 
cutting devices in the stone cutting industry. Thus, based 
upon the importance of the situation, in this study, first 
the laboratory sampling and investigation of the samples 
are addressed. Then, according to the three types of 
coolant and lubricant fluids, including the two types of 
soap water with ratios of 1 to 40 and 1 to 20 and one type 
of lubricant and coolant powder and with two different 
operational parameters such as the feed rate (Fr) and 
depth of cut (Dc), 160 laboratory tests are conducted for 
each fluid in order to measure the electrical current con-
sumed by the cutting machine. Finally, results are evalu-
ated through analytical-statistical methods, including 
multivariate linear regression and the radial basis func-
tion (RBF) and the effect of each of the coolant and 
lubricant fluids on the performance of the cutting pro-
cess is considered according to the consumed electrical 
current.

2. Case Study

In this study, 10 granite stone samples were collected 
from Iranian quarries, respectively, including Khorram 
Dareh granite, Birjand Gangali green granite, Naein 
Shadab green granite, Birjand Kahooei green granite, 
Natanz white granite, Nehbandan white granite, Isfahan 
red granite, Yazd red granite, Mashhad pearl granite, and 
Chayan black granite. In the next step, the collected 
samples were prepared for laboratory experiments and 
four physical and mechanical parameters of stones, in-
cluding the uniaxial compressive strength, Mohs hard-
ness, Schimazek’s F-abrasiveness factors and Young 
modulus were tested and measured. In the final step, for 
measuring the maximum electrical current consumed by 
the disk cutting machine, three types of coolant and lu-
bricant fluids were used, including two types of soap wa-
ter with ratios of 1 to 40 and 2 to 20, and one type of 
lubricant and coolant powder, respectively. Table 1 and 
Figure 1 show the properties of fluids and the disk cut-
ting machine used in this study, respectively.

Table 1: Properties of the coolant and lubricant fluids

No. Fluid Viscosity (mPa·s) PH
1 Soap water, 1 to 40 0/9851 7.87
2 Soap water, 1 to 20 0/9754 8.23
3 Lubricant & Coolant powder 1.839 7.96

There are a lot of key purposes for using coolant and 
lubricant fluids such as coolant of the work and tool; en-
hancing dimensional stability (Boubekri & Shaikh 
2015). In this study, a major contribution of using these 
fluids is the investigation of the relationship between 
coolant and lubricant fluids and the maximum electrical 
current consumption. According to Table 1, the three 
types of coolant and lubricant fluids, namely the two 



15� Investigating the Role of Coolant and Lubricant Fluids on the Performance of Cutting Disks

The Mining-Geology-Petroleum Engineering Bulletin and the authors ©, 2019, pp. 13-25, DOI: 10.1177/rgn.2019.2.2

types of soap water with ratios of 1 to 40 and 1 to 20 and 
one type of the lubricant and coolant powder were con-
sidered based upon the experiences of the research team 
and the common and available fluids on the market and 
industry.

In the cutting process, the two different operational 
characteristics of the cutting machines, namely Fr (feed 
rate) and Dc (depth of cut) are often considered as a pair, 
because of their combined impact on the cutting process. 
Hence, according to two different operational character-
istics of the cutting machines including Fr and Dc, the 
cutting machine conducted the experiments under differ-
ent operational conditions with various depths of cutting 
of 0.5, 0.7, 1 and 1.3 (Cm) and different feed rates of 45, 
60, 75 and 90 (cm/min) with a fixed rotation of 3400 
(round/min) of the disk, and for each fluid, 160 tests 
were conducted, and a total of 480 tests were performed 
for the three fluids. In addition, some important experi-
mental parameters were the diameter and width of the 
disc, which equal 25 (Cm) and 5 (mm), respectively. 
There were 18 diamond segments, each with a size of 35 
(mm) × 2.5 (mm) × 6.0 (mm). A maximum spindle mo-
tor power of 4 (kW) was used. The specimen dimensions 
were 40×40×2 (Cm), and the cutting length was consid-
ered 40 (Cm). Also, the coolant flow was water. In all 
cases, the maximum electrical current consumed by the 
machine during the cutting process was measured and 
recorded by an exact ammeter (considering the record-
ing of changes in the machine’s input current). It is worth 
noting that all of these experiments were done in the 
rock mechanic laboratory of Shahrood University of 
Technology and based on the ISRM international stand-
ards (ISRM 1981). The physical and mechanical charac-
teristics and test results of one specific operating condi-
tion are shown in Table 2. In Figure 2, some prepared 
samples for testing are shown.

3. Statistical Analysis

One of fundamentals of any scientific study is the cor-
rect scientific research data process. There are different 
methods for the descriptive and statistical analyses 
among which the multivariate linear regression is one of 
the most complicated statistical techniques in the analy-
sis, description and process of data and provision of a 

Figure 1: A view of the disk cutting machine at an 
experimental scale

Table 2: Physical and mechanical properties of rock samples and the results of one specific operating condition

Stones 
Group Commercial name SF-a 

(N/mm)
YM

(GPa) Mh UCS
(MPa)

Dc
(Cm)

Fr
(Cm/min)

I (A) for 
Soap Water 
with ratios 
of 1 to 40

I (A) for 
Soap Water 
with ratios 
of 1 to 20

I (A) for 
Lubricant  
& Coolant 

powder
Granite Khorram Dareh granite 10.42 28.9 5.65 133 0.5 90 5.9 6.1 5.5
Syenite Birjand Gangali green granite 28.3 52 6.4 239 0.5 90 6.1 6.7 5.1
Diabase Naein Shadab green granite 8.352 56 6.1 279 0.5 90 5.9 6.4 6.4
Granite Birjand Kahooei green granite 4.284 37 6.3 110 0.5 90 5.8 5.8 7.4
Granite Natanz white granite 46.63 43 5.7 150 0.5 90 5.8 5.8 6.1
Granite Nehbandan white granite 24.25 35.5 5.95 145 0.5 90 5.5 5.8 6.7
Tuff Isfahan red granite 1.872 46.5 6 182 0.5 90 6.1 6.3 6.1
Basalt Yazd red granite 14.24 43.6 6.1 142 0.5 90 6.4 6 6.9
Granite Mashhad pearl granite 8.5 31.2 5.6 125 0.5 90 5.5 6.5 5.5
Diorite Chayan black granite 7.6 48.6 6.6 173 0.5 90 5.8 6 6.1

Figure 2: Some prepared samples
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highly precise prediction model. Therefore, in this study, 
the application of the multivariate linear regression 
method for data analysis is addressed, and a model with 
a high ability in the prediction of the consumed electrical 
current is proposed. Before conducting the regression 
analyses for the data, it is necessary to study the para-
metric correlation of every independent variable 
(Ivšinović 2018; Feng et al., 2018). In this study, in or-
der to study the parametric correlations of 6 input data 
(independent variables), although, there are some ap-
proaches to determine the correlation coefficient, based 
upon the number of data set and a measure of the linear 
correlation between two variables, the Pearson method 
is used. Equations 1 to 4 show the mathematical rela-
tions of the Pearson correlation coefficient.

	 � (1)

	 � (2)

	 � (3)

	 � (4)

While the Pearson correlation coefficient is deter-
mined by r or p. x and y are two independent parameters, 
respectively which are in the interval of 1+ and 1-. A 
negative sign shows a reverse relation and a positive 
sign indicates a direct relation between the two inde-
pendent parameters. For interpreting the correlation be-
tween these two independent parameters, the absolute 
value of these coefficients are used. The closer these cor-
relation coefficients are to unity, the higher the correla-
tion, and the closer these correlation coefficients are to 
zero, the lower the correlation between these two varia-
bles. The Pearson correlation coefficient is also called 
the Pearson product-moment correlation coefficient or 
the bilateral correlation coefficient. After measuring the 
data obtained from the laboratory experiments, in the 
first step, using the statistical package for social sciences 
(SPSS), data was studied for the purpose of the Pearson 
correlation coefficient analysis and study in order to de-
termine the adaptability of the independent variables, 
including four mechanical and physical parameters in-
cluding the uniaxial compressive strength, Mohs hard-
ness, Schimazek’s F-abrasiveness factors and Young 
modulus and two operational parameters of the machine, 
including Fr and Dc. The results are shown in Table 3.

The important point in the study of the p value is that 
if |ρ| > 0.85, then the correlation is considered to be 
strong, which according to the results obtained from Ta-
ble 3, the ρ value is acceptable for all the cases. Although 

the ρ value between USC and YM is equal to 0.855, con-
sidering the nature of these parameters, this value can be 
ignored, and all of the independent parameters have a 
desired and proper correlation in order to study the de-
pendent variable. Furthermore, the ρ value between the 
stones’ physical and mechanical independent variables 
and the machine’s operational parameters obviously 
confirm that these 6 parameters have enough signifi-
cance and desirability for analyzing and studying data 
by using the multivariate linear regression technique.

3.1. Multivariate Linear Regression

As mentioned before, the multivariate linear regres-
sion technique is one of the most appropriate methods in 
data analysis and provision of a proper model for pre-
dicting data. In this step, considering different electrical 
current obtained from the experiments using three dif-
ferent types of fluids, one prediction model was provid-
ed for each model, and the related analyses were done. 
For the entry of independent variables, “the enter meth-
od” was used because in this method, all of the inde-
pendent variables were simultaneously entered in the 
model to determine the effect of all of the significant and 
non-significant variables on the dependent variable. Ta-
ble 4 shows the values obtained from these analyses.

Where, the Std.Error of estimate shows the prediction 
power of the regression equation which is acceptable for 
all of the three models according to the results of Table 
4. The f value shows whether the obtained regression 
model is a good model or not, and is equal to dividing 
the average regression squares by the means residual 
squares. In fact, this parameter shows the ability of the 
independent variables in explaining the dependent vari-
able, which in all of the three models, the obtained f 
value shows the efficacy and ability of variables in de-
scribing the maximum consumed electrical current as 
the dependent variable. Additionally, the beta parameter 
determines the relative proportion of each dependent 
variable in specifying the changes in the dependent vari-
able. For example, Dc as one of the 6 dependent varia-
bles in this study with values of 0.797 and 0.706 had the 
highest effect on the maximum consumed electrical cur-
rent (the dependent variable) in models 1 and 2, respec-
tively. This means that by increasing or reducing one 
standard deviation, the standard deviation of the maxi-
mum consumed electrical current (the dependent varia-

Table 3: Correlation Coefficients between Various Factors

SF-a YM Mh UCS Dc Fr
SF-a 1 0.077 -0.219 0.043 0 0
YM 0.077 1 0.632 0.855 0 0
Mh -0.219 0.632 1 0.369 0 0
UCS 0.043 0.855 0.369 1 0 0
Dc 0 0 0 0 1 0
Fr 0 0 0 0 0 1
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ble) in model 1 was increased or reduced to the value of 
0.797, respectively. The beta value for UCS as another 
dependent variable in model 1 was equal to -0.037, 
meaning that UCS had a negative and reverse effect on 
the maximum consumed electrical current in model 1. It 
is worth mentioning that the more independent the value 
of the beta coefficient is, the greater its role in changing 
the dependent variable. According to the results of Table 
4, equations 5 to 7 calculated the multivariate linear 
equation for anticipating the maximum electrical current 
consumed by the machine for the two types of soap wa-
ter with ratios of 1 to 40 and 2 to 20, and one type of 
lubricant and coolant powder, respectively.

	

	 � (5)

	

	 � (6)

	

	 � (7)

According to the value R2 obtained for each model, it 
is completely clear that the second model with a value of 
R2=0.863 has a better prediction power compared to the 

two other models. In addition, Figure 3 shows the re-
gression diagram between the maximum consumed 
electrical current measured and predicted.

According to the results of Table 4 and Figure 3, it is 
completely clear that the maximum consumed electrical 
current when using the lubricant and coolant powder as 
the coolant and lubricant fluids in the cutting machine 
was reduced and this fluid as an influential and desired 
factor could play an effective role in the reduction of 
energy consumed by the machine.

4. �Radial Basis Function (RBF) Neural 
Networks

In the area of computational intelligence, there are 
numerous efficient and intelligent methods and optimi-
zations for solving complicated and dynamic problems 
such as heuristic and meta-heuristic algorithms, fuzzy 
logic, and artificial neural networks which are undoubt-
edly the most important components in the computation-
al intelligence of artificial neural networks (Fathabadi 
& Khodaei, 2012). Artificial neural networks have vari-
ous applications in solving complicated problems and 
uncertainty (Rad et al., 2012; Rad et al., 2014; Man-
ouchehrian et al., 2014; Faradonbeh et al., 2016; Sa-
bzi et al., 2016; Khandelwal et al., 2016; Sabzi et al., 
2017; Hoseinian et al., 2017; Darbor et al., 2017; 

Table 4: Statistical analysis for the three coolant and lubricant fluids

Models B Std.Error Beta R2 Std.Error  
of Estimate F

The First model 
with Soap Water 
with ratios of 1 
to 40

Constant 0.781 0.85

0.777 0.42 88.951

SF-a 0.002 0.003 0.024
YM 0.016 0.011 0.152
Mh 0.366 0.165 0.132

UCS -0.001 0.001 -0.037
Dc 2.294 0.11 0.797
Fr 0.015 0.002 0.296

The Second 
model with Soap 
Water with ratios 
of 1 to 20

Constant 1.464 0.661

0.863 0.327 161.04

SF-a -0.006 0.002 -0.086
YM -0.001 0.008 -0.007
Mh 0.143 0.129 0.052

UCS 0.004 0.001 0.245
Dc 2.016 0.085 0.706
Fr 0.028 0.002 0.537

The Third model 
with Lubricant 
& Coolant 
powder

Constant 3.352 1.302

0.726 0.645 67.525

SF-a -0.013 0.004 -0.145
YM 0.066 0.016 0.465
Mh -0.226 0.253 -0.059

UCS -0.015 0.002 -0.609
Dc 2.343 0.168 0.59
Fr 0.037 0.003 0.515

B= Constant and Independent Variables (SF-a,YM, Mh, UCS, Dc, Fr); Beta= Standardized 
coefficients; R2 = Coefficients of Determination
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Mahdevari et al., 2017; Khandelwal et al., 2017; 
Sharifzadeh 2017; Faradonbeh & Taheri, 2018; Sa-
lemi et al., 2018; Ocak et al., 2018). In this study con-
ducted by Armaghani et al. on blasting operations, using 
the imperialist competitive algorithm (ICA), the training 
of neural networks for anticipating air‑overpressure re-
sulting from blasting was addressed. Studies were done 
on 70 blasting operations and the results showed the ef-
ficiency of the hybrid imperialist competitive algorithm 
(ICA)-ANN for anticipating the air-overpressure com-
pared to other empirical methods (Armaghani et al., 
2016). The wear rate of a diamond wire saw was studied 
by Mikaeil et al. using artificial neural networks. In their 
study, the wear rate of a diamond wire saw was investi-
gated for 38 different rocks including andesites, lime-
stones and real marbles from quarries located in eleven 
areas in Turkey. Their obtained results showed the effi-
ciency of artificial neural networks in providing an opti-
mized model for predicting the wear rate (Mikaeil et al., 
2017). In the study of Mohammadi et al., a neural model 
was proposed for anticipating the production rate of a 
chain saw machine using the Perceptron multilayer neu-
ral networks. By conducting 98 laboratory tests on the 
stone samples extracted from Iranian quarries, 4 meas-
ured parameters including uniaxial compressive strength 
(UCS), Los Angeles abrasion (LAA) Test, equivalent 
quartz content (Qc), and Schmidt Hammer (Sch) were 
considered as the model’s input data and the production 
rate as the output data. According to the final results, the 
proposed model had the highest efficiency in anticipat-
ing the production rate of a chain saw machine (Mo-
hammadi et al., 2018).

The RBF neural network is one of the most widely 
used neural networks which has a high convergence 

speed compared to multilayered networks and conducts 
many searches in different technical-engineering areas. 
RBF is a type of feedforward network and creating the 
most optimal mapping between the input and output 
vectors is the most common objective of this network 
(Er et al., 2002; Strumiłło et al., 2003). In terms of lay-
ers’ structures, it is similar to the perceptron neural net-
work and is composed of three layers, including the in-
put layer, the hidden layer and the output layer, respec-
tively. The hidden layer is responsible for creating 
mapping between the input and output data. The input 
and output layers are responsible for the entry and exit of 
data, respectively, and finally, the output data of a simple 
weight set is linear. In addition, one of the most impor-
tant differences between the RBF and perceptron neural 
network is the number of layers, i.e. the number of lay-
ers in the perceptron neural network can be three or 
more, but in the RBF it is just three. The argument of 
functions is in the Euclidean distance, while in the per-
ceptron neural network, it is the product of internal mul-
tiplication of the input vector of layer by the weights 
(Yingwei et al., 1998; Karayiannis & Behnke 2018; 
Mirjalili 2019). One of the reasons for such popularity 
and capability in this network is the fact that due to hav-
ing a high enough number of neurons in the hidden lay-
er, it can estimate each continuous function with any 
degree of precision. Figure 4 shows the basic architec-
ture of this network.

Given the high optimum capability of the RBF neural 
network in facing with complicated problems, in this 
study this technique is used for investigating the effect 
of different coolant and lubricant fluids on the perfor-
mance of a machine and the consumed electrical current, 
and also for providing models for predicting the electri-

Figure 3: Comparison between the linear regressions of models
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cal current consumed by the cutting machine. To ensure 
the efficacy of the algorithm in this study, three perfor-
mance indices of the root mean square error (RMSE), 
value account for (VAF) and correlation coefficient (R2) 
are used according to equations 8 to 10.

	 � (8)

	 � (9)

	 � (10)

Where, xi and yi are the measured and predicted val-
ues of output data, respectively and n is the number of 
data sets. In order to achieve the highest desirability in 
the neural network computations, the performance indi-
ces must be at their highest points, i.e. 1, 100 and 0 for 
R2, VAF and RMSE, respectively.

4.1. Modelling Using RBF

As mentioned before, the RBF neural network is one 
of the most efficient and desirable intelligent methods in 

Figure 4: Architecture of radial basis function (RBF) neural 
network

Table 5: The effects of control parameters on the statistical functions’ performance of models with soap water  
with ratios of 1 to 40

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of Network 
for R2

The Results of Network 
for RMSE

The Results of Network 
for VAF

Train Test Train Test Train Test

1 3 0.5 90 0.95 0.22 0.18 0.86 95.64 15.34
2 3 0.5 100 0.97 0.24 0.14 0.82 97.19 17.89
3 3 0.5 110 0.99 0.50 0.04 0.72 99.65 47.91
4 3 1 90 0.93 0.20 0.22 1.08 92.85 14.23
5 3 1 100 0.99 0.25 0.06 0.92 99.42 20.76
6 3 1 110 0.99 0.29 0.05 0.99 99.61 18.44
7 3 1.5 90 0.98 0.46 0.09 0.72 98.66 23.33
8 3 1.5 100 0.99 0.81 0.03 0.46 99.85 81.01
9 3 1.5 110 0.99 0.69 0.03 0.48 99.73 63.37

Table 6: The effects of control parameters on the statistical functions’ performance of models with soap water  
with ratios of 1 to 20

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of Network 
for R2

The Results of Network 
for RMSE

The Results of Network 
for VAF

Train Test Train Test Train Test

1 3 0.5 90 0.97 0.57 0.14 0.62 97.12 28.92
2 3 0.5 100 0.98 0.46 0.09 0.66 98.93 36.37
3 3 0.5 110 0.99 0.28 0.02 1.57 99.88 27.49
4 3 1 90 0.98 0.47 0.09 0.75 98.78 30.86
5 3 1 100 0.99 0.31 0.05 0.93 99.65 25.59
6 3 1 110 0.99 0.22 0.02 0.88 99.92 18.37
7 3 1.5 90 0.93 0.54 0.21 0.67 93.41 37.93
8 3 1.5 100 0.99 0.82 0.01 0.44 99.95 81.99
9 3 1.5 110 0.99 0.79 0.02 0.47 99.88 79.41
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Table 7: The effects of control parameters on the statistical functions’ performance of models  
with lubricant & coolant powder

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of Network 
for R2

The Results of Network 
for RMSE

The Results of Network 
for VAF

Train Test Train Test Train Test

1 3 0.5 90 0.96 0.47 0.25 0.87 95.85 35.05
2 3 0.5 100 0.99 0.62 0.11 0.73 99.17 51.07
3 3 0.5 110 0.99 0.23 0.03 1.66 99.93 21.87
4 3 1 90 0.98 0.51 0.15 0.96 98.55 48.84
5 3 1 100 0.99 0.59 0.04 0.99 99.87 59.81
6 3 1 110 0.99 0.81 0.04 0.58 99.85 75.28
7 3 1.5 90 0.99 0.63 0.06 0.79 99.73 55.02
8 3 1.5 100 0.99 0.82 0.03 0.54 99.95 81.95
9 3 1.5 110 0.99 0.74 0.03 0.63 99.91 66.49

Table 8: Ranking of each model of soap water with ratios of 1 to 40 using RBF network

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of 
Network for R2

The Results of 
Network for RMSE

The Results of 
Network for VAF Total Rank

Train Test Train Test Train Test

1 3 0.5 90 6 2 3 5 2 2 20
2 3 0.5 100 7 3 4 6 3 3 26
3 3 0.5 110 9 7 8 7 7 7 45
4 3 1 90 5 1 2 2 1 1 12
5 3 1 100 9 4 6 4 5 5 33
6 3 1 110 9 5 7 3 6 4 34
7 3 1.5 90 8 6 5 7 4 6 36
8 3 1.5 100 9 9 9 9 9 9 54
9 3 1.5 110 9 8 9 8 8 8 50

Table 9: Ranking of each model of soap water with ratios of 1 to 20 using RBF network

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of 
Network for R2

The Results of 
Network for RMSE

The Results of 
Network for VAF Total Rank

Train Test Train Test Train Test

1 3 0.5 90 7 7 5 7 3 4 33
2 3 0.5 100 8 5 6 6 5 6 36
3 3 0.5 110 9 3 8 1 7 3 31
4 3 1 90 8 6 6 4 4 5 33
5 3 1 100 9 4 7 2 6 2 30
6 3 1 110 9 2 8 3 8 1 31
7 3 1.5 90 6 6 4 5 2 7 30
8 3 1.5 100 9 9 9 9 9 9 54
9 3 1.5 110 9 8 8 8 7 8 48

modeling industrial and scientific phenomena. There-
fore, in this section, various neural models are used for 
determining the most appropriate model for the anticipa-
tion of the maximum electrical current consumed by the 
cutting machine for hard rocks under the three different 
fluids. For modelling, firstly, the RBF control parame-

ters are determined. These control parameters play a sig-
nificant role in the convergence speed and improvement 
of the algorithm’s performance. Two important control 
parameters in the RBF neural networks include the num-
ber of hidden layer neurons and spread and these hidden 
layer neurons are responsible for connecting and deter-
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mining the performance of functions in the hidden layer, 
and spread is the controller of dispersion in functions. In 
order to determine these control parameters exactly, trial 
and error must be done. Therefore, based on the opinions 
of experts and professionals in the area of soft comput-
ing and considering the input data, the number of neu-
rons in the hidden layers is considered to be 90, 100 and 
110 and the respected values are 0.5, 1 and 1.5, respec-
tively. The input and output data are used based on 
Looney’s research studies as 0.75% for training data and 
the rest for the test data (Looney 1996). Modellings for 
the experimental results are done based on the three de-
sired fluids and 9 models for each fluid and a total of 27 
models are simulated, respectively. Tables 5 to 7 show 

Table 10: Ranking of each model of lubricant & coolant powder using RBF network

Model 
No.

Layer 
Size Spread The Number 

of Neuron

The Results of 
Network for R2

The Results of 
Network for RMSE

The Results of 
Network for VAF Total Rank

Train Test Train Test Train Test

1 3 0.5 90 7 2 4 4 1 2 20
2 3 0.5 100 9 5 6 6 3 4 33
3 3 0.5 110 9 1 9 1 8 1 29
4 3 1 90 8 3 5 3 2 3 24
5 3 1 100 9 4 8 2 6 6 35
6 3 1 110 9 8 8 8 5 8 46
7 3 1.5 90 9 6 7 5 4 5 36
8 3 1.5 100 9 9 9 9 9 9 54
9 3 1.5 110 9 7 9 7 7 7 46

Table 11: Comparison of the results of models among the 
three coolant and lubricant fluids using RBF

Models
The Results 
of Network 

for R2

The Results 
of Network 
for RMSE

The Results 
of Network 

for VAF
The model with 
Soap Water with 
ratios of 1 to 40

0.857 0.345 85.31

The model with 
Soap Water with 
ratios of 1 to 20

0.895 0.285 89.16

The model with 
Lubricant & 
Coolant powder

0.793 0.572 77.82

Figure 5: The correlation between the measured and anticipated electrical current  
for the three models using RBF
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the conducted simulations for the soap water with a ratio 
of 1 to 40, soap water with a ratio of 1 to 20, and lubri-
cant and coolant powder, respectively.

After the modelling based on the experimental results 
obtained under three different fluids, the simulated mod-
els are rated according to the simple rating method to 
determine the best simulated model for each of the de-
sired fluids (Zorlu et al., 2008). The obtained results are 
provided in Tables 8 to 10.

According to Tables 8 to 10 and based on the results 
obtained from the simulated models, model 8 with a rat-
ing of 54 has the best simulation of the maximum con-
sumed electrical current in accordance with the results 
of the cutting machine with the soap water fluid with a 
ratio of 1 to 40. Additionally, model 8 with a rating of 54 
has the best anticipation and simulation performance for 
the maximum consumed electrical current based on the 
results of the cutting machine with the soap water fluid 
with a ratio of 1 to 20 and lubricant and coolant powder.

It is worth mentioning that according to the results 
obtained from the analyses and simulations conducted in 
this study, it is obvious that in the most optimal and de-
sired models for anticipating the maximum electrical 
current consumed by the cutting machine, spread is 
equal to 1.5 and the number of neurons in the hidden 
network is equal to 100 for the results obtained using all 
of the three fluids used in the experiment. Furthermore, 
generally it can be said that most models with 90 neu-
rons have minimum performance.

In the final step, by determining a structure similar to 
the RBF artificial neural network for the three fluids, 
once more data was randomly and separately evaluated 
for each fluid. The results obtained for each of the mod-
els are provided in Table 11 and Figure 5 for each fluid.

According to the results of Table 11, it is clear that the 
structure of the RBF neural network is very optimal and 
appropriate for the experimental data analysis based on 
three different fluids, and the neural network’s perfor-
mance indices in each of the three models have accept-
able and proper values. According to Figure 5, it is 
worth noting that the proposed model showed the high-
est reduction in the maximum electrical current con-
sumed by the cutting machine under the lubricant and 
coolant powder compared to the other two fluids. Fur-
thermore, the soap water fluids with ratios of 1 to 40 and 
20 had the highest reduction in the consumed electrical 
current, respectively.

5. Discussions and Conclusions

•	 Nowadays, with the growth of the construction in-
dustry and a significant increase in housing demand, 
dimension stones play a significant role in this in-
dustry as one of the most important construction 
materials. Therefore, investors in the sectors of 
quarries and stone processing factories look for 

ways to increase the efficiency and quality of the 
produced products. Therefore, the appropriate iden-
tification and understanding of the production pro-
cess and cutting process of dimension stones are the 
most influential factors in economic efficiency and 
the reduction and optimization of the maximum 
electrical current consumed by the cutting ma-
chines. One of the influential factors in the reduc-
tion of the maximum electrical current consumed 
by the cutting machines is the correct selection and 
application of the coolant and the lubricant fluids. 
Thus, in this study by reviewing three different flu-
ids, the machine’s cutting process and the effect of 
each of these fluids on the consumed electrical cur-
rent are investigated and measured. In order to con-
duct laboratory experiments, 10 granite stone sam-
ples were collected from Iranian quarries and after 
preparation of the samples, 160 tests were conduct-
ed for each fluid and a total of 480 laboratory tests 
were done for the three fluids. According to the con-
ducted tests, 4 important and influential physical 
and mechanical parameters of stones included the 
uniaxial compressive strength, Mohs hardness, 
Schimazek’s F-abrasiveness factors and Young 
modulus, and the maximum consumed electrical 
current were determined and measured based on the 
machine’s two different operational parameters, in-
cluding Fr and Dc. In the final step, the results 
measured based on the analytical and statistical 
methods and also the RBF neural network as one of 
the most practical intelligent methods were evalu-
ated and analyzed. The results obtained from this 
study can be explained and the required suggestions 
are provided as follows:

•	 According to the outputs of the regression method, 
the multivariate linear regression method as one of 
the most practical analytical and statistical methods 
had a high ability in analyzing the data obtained 
from each test. The results of the multivariate linear 
regression method show the superiority of the lubri-
cant and coolant powder over the other two fluids 
for reducing the electrical current consumed by the 
cutting machine.

•	 In another analysis by the RBF neural networks, it 
was determined that this kind of network had a very 
optimal efficiency in providing an optimal model 
for predicting the maximum consumed electrical 
current and the analysis of results. In addition, the 
lubricant and coolant powder and two types of soap 
water with ratios of 1 to 40 and 1 to 20 had the high-
est effect on the reduction of the maximum con-
sumed electrical current, respectively.

•	 Consequently, it can be concluded that based upon 
the obtained results and the properties of the cool-
ant and lubricant fluids, the viscosity of fluids plays 
a key role in reducing the electrical current con-
sumed. The lubricant and coolant powder as the 
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best fluid had the viscosity = 1.839 (mPa∙s) com-
pared to the soap water with ratios of 1 to 40 and 1 
to 20 with 0.9851 and 0.9754 (mPa∙s), respectively. 
It roots in the fact that, in order to reduce thermal 
stresses in the cutting process of hard rocks, the ef-
fect of lubricant had superiority in comparison with 
the effect of coolant.

•	 It is worth noting that based on the conducted stud-
ies, it was determined that in both analytical meth-
ods, the obtained results are the same and confirm 
each other. In other words, the statistical results are 
appropriately matched with the results of the intel-
ligent method used in this research, and it means 
that the process of analysis and study of results pro-
ceeded in a correct and accurate path.

•	 By determining the most appropriate fluid to reduce 
the consumed electrical current, the obtained results 
could have a significant role in enhancing the effi-
ciency and quality of the produced products for 
granite stone as a hard rock in quarries and rock 
cutting factories.

•	 Finally, it is suggested that the results obtained from 
this research are studied and analyzed with other 
analytical methods and meta-heuristic and hybrid 
algorithms. In addition, the relationship analysis 
between coolant fluids and tool consumption for 
improving the efficiency and quality of the manu-
factured product are worth studying.
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Sažetak

Utjecaj rashladnih i mazivih fluida na svojstva reznih diskova  
(na primjeru tvrdih stijena)

Pravilan odabir rashladnih i mazivih fluida u rezanju tvrdoga arhitektonsko-građevinskog kamena jedan je od najvažni-
jih čimbenika uspješnosti toga postupka. Također utječe i na veću ekonomičnost pridobivanja te kvalitetu pridobivenoga 
kamena. Stoga je prikazano istraživanje uloge spomenutih fluida u postupku pripreme takva kamena. Uporabljeno je 10 
uzoraka granita prikupljenih u iranskome kamenolomu. Izmjerena su njihova fizička i mehanička svojstva, uključujući 
jednoosnu tlačnu čvrstoću, tvrdoću prema Mohsovoj ljestvici, faktor trošenja prema Schimazeku te Youngov modul 
elastičnosti. Uporabljene su tri vrste rashladnih i mazivih tekućina, od kojih su dvije otopine na bazi sapuna u kojima je 
omjer maziva i hladiva bio 1 : 40 do 1 : 20. Korištene su dvije vrijednosti kojima se određivao način obradbe kamena – 
stupanj napredovanja i dubina rezanja. Načinjeno je 160 laboratorijskih testiranja za sve omjere fluida te je pri tome 
mjerena potrošnja električne energije. Rezultati su procijenjeni statistički i drugim algoritmima te su modelirani algo
ritmom radijalne bazne funkcije. Temeljem rješenja dobivenih objema analitičkim metodama ocijenjeno je kako omjer 
maziva i praha za rashlađivanje 1 : 20 ima najpovoljniji utjecaj na količinu potrebne električne energije prilikom obradbe 
kamena.

Ključne riječi:
tvrde stijene, fluidi za hlađenje i podmazivanje, rezanje, najveća potrošnja električne energije, radijalna bazna funkcija
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