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Abstract 

 

In this work, a series of statistical methods were applied in order to characterize the 

influence of operation variables in the energetic performance of industrial-scale 

milling processes. To do so, a certain set of factors were evaluated, to estimate the 

correlation degree between these and the energetic consumption rate, which is the 

most used indicator of energy efficiency. Due to the quantity and level of 

complexity of the operations involved, statistical package Minitab® was used, 

being its application an easy way to establish statistical criteria to evaluate the 

influence of said variables. The results obtained, show that from the set of variables 

studied, only two (the energy and the production), have a degree of correlation 

enough to be taken in account into post processing operations; though the behavior 

of these operation variables differ considerably from each other, the statistical 

analysis done remarks their influence on the consumption rate using correlation 

processes, and therefore, this study acts as a basis to future optimization processes 

that contribute to improve the overall performance of milling operations. 
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1. Introduction 
 

Milling processes are defined as those that involve breaking down, separating, 

sizing, or classifying aggregate material [1]. Though the milling processes are 

present into a wide variety of engineering applications, the economic activity that 

uses these to their full extent, is the construction; actually, concrete (a composite 

material composed of fine and coarse aggregate bonded together with a fluid cement 

paste that hardens over time) is the preferred choice in the construction of buildings 

and houses, due to its low cost and high resistance to environmental factors (as the 

rain and dust). As a result, the milling process is now part of huge industrial 

complexes that devotes specifically to the fabrication and processing of concrete. 

However, with the apparition of standards that regulate the energetic and 

environmental issues associated to production (such as ISO standards), the latter 

has become a variable of special care into the industrial processes. Therefore, a 

huge quantity of studies was developed in recent years, with the sole purpose of 

analyzing the influence of operational variables on the process efficiency, to find 

the most efficient combination of these variables and improve the overall 

performance [2]–[4]. 

 

However, this raises a question: How many variables have a notable influence on 

the efficiency? If a simple and robust model is required to predict it, then the usage 

of all variables would be a waste of time, as many of these do not affect the 

efficiency. To solve the former issue, is required to evaluate the influence of each 

variable on the behavior of the process, which means to apply statistical methods 

that can define, on a solid basis, if a factor is relevant over the output variable [5]. 

Regarding said evaluation, modern statistics establish certain methods to verify if a 

certain variable has an effect on the behavior of another variable; from these, the 

correlation analysis is a widely known example [6]–[14]. The goal of correlation 

analysis, is to determinate the degree of influence of two or more studied variables, 

using a statistical parameter, known as the Pearson Correlation Coefficient, which 

defines in a numerical form the magnitude and direction of the influence, and due 

to being a method programmed in every statistical package (such as Statgraphics® 

and Minitab®), it has been the base of many influence studies belonging to the 

analysis of industrial processes and such. 

 

In this article, the influence of four operation variables on the consumption rate of 

an industrial-level milling process was studied: the energy of the raw material, 

energy and gas consumption, and the production, all of these measured in 

experimental way; due to the quantity of operations needed to do so, the statistical 

package Minitab® was used. The results obtained show that from the 5 evaluated 

variables, only two have a significant effect over the indicator (the consumption 

rate, in this case), which is verified by the Pearson Coefficient and automatically 

discards the other two variables from posterior tasks in post-processing analysis, as 

regression or RSM, being the application beyond the scope of this work.  
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2. Methodology 

 

2.1. Development of the study 

In the present study, a correlation analysis was done, using four factors that initially 

were supposed to have an impact on the consumption rate in the milling process of 

concrete production: the energy of the raw material, the energy and gas 

consumption, and the production volume. These variables were measured in an 

experimental form. From these, the commercial package Minitab® was used to 

calculate the Pearson coefficient, and therefore calculate the degree of relationship 

existent between the studied variables and the consumption rate; besides the 

numeric calculation in the package, the results obtained were compared using 

graphical means, by plotting the studied variable against the consumption rate; 

these plots were meant to analyse the trend shown by the data for an specific 

variable, keeping aside the influence of others variables and therefore, an intuitive 

conclusion about the probability of an correlation can be inferred and be added to 

the calculation results. 

 

2.2. Fundamental Equations  

The main objective of the correlation analysis, is to evaluate sample data as 

evidence that a linear association exists between two quantitative variables; in other 

words, this analysis is used to test the Null hypothesis that there is no association 

between an independent variable x and the dependent (output) variable y. However, 

for its application, the correlation analysis, requires certain considerations in order 

to work properly, which are the following [15]: 

 

 The data for the variables x and y has to be obtained from a randomized 

design. 

 Both variables have an approximately Normal distribution. 

 The true association among the variables x and y is linear; this can be 

fulfilled by using a scatterplot and verifying the linear pattern of the data.  

  

If one of these conditions (mainly the 3rd) is not fulfilled, the correlation analysis 

can be discarded, and an alternate method will have to be used to assess this 

association [15].  Within the correlation analysis, the relationship between the 

variables x and y is established by the calculation of a unique statistic value, denotes 

as the Pearson Correlation Coefficient (symbolized as r). Using a sample of n values 

for the variables x and y, the Pearson coefficient r can be calculated by the 

expression [5] 

 

𝑟 =
∑ 𝑥𝑖𝑦𝑖 − 𝑛 ∙ (�̅� ∙ �̅�)

𝑛 ∙ 𝜎𝑥𝜎𝑦
                                                    (1) 

 

Where 𝑥𝑖 and 𝑦𝑖 denote each individual value of the variables x and y respectively.   
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𝜎𝑥 = √
1

𝑛
∙ ∑(𝑥𝑖 − �̅�)2

𝑛

𝑖=1

                                                    (2) 

𝜎𝑦 = √
1

𝑛
∙ ∑(𝑦𝑖 − �̅�)2

𝑛

𝑖=1

                                                    (3) 

 

For each of the data sample for the variables x and y, respectively. Finally, to verify 

the null hypothesis that is proposed in the correlation analysis, a test statistic F is 

calculated for each variable, which is compared with Fisher's probability 

distribution F to obtain the so-called P-value, which defines a variable studied as 

statistically relevant or not (for a given reliability, usually 95%) by comparing with 

the critical P-value, as in the equation [5] 

 

𝑃(𝐹𝑑𝑎𝑡𝑎) ≤ 𝑃(𝐹𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙)                                                 (4) 

 

3. Results and discussion 
 

Below are the results of the main points of the present study: 

 

3.1. Influence of the Energy Consumption 

The first evaluated variable corresponds to the energy consumption of the facilities; 

in this case, a severe dispersion of the data is observed, which makes harder an 

adequate adjustment of these to a lineal expression. As shown in Figure 1, there is 

no evidence of a proportional relationship between energy usage and the 

consumption rate, as the latter has an irregular behavior when the energy usage 

increases, which in turn generates a lineal fit with a huge dispersion, which it is not 

desired in these kind of studies. Therefore, Figure 1 makes clear the fact there is not 

a lineal relationship between the consumption rate and the energy usage, though 

this affirmation has to be verified with the calculation. 

 

 
Figure 1. Scatter plot of Consumption rate versus Energy consumption. 
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3.2. Influence of the gas usage 

Regarding the gas usage, a severe dispersion of the data is observed (similar to 

energy usage), which makes harder an adequate adjustment of these to a lineal 

expression. As shown in Figure 2, there is no evidence of a proportional relationship 

between gas usage and the consumption rate, with even a greater dispersion that the 

analysis of energy consumption, which it is not desired and makes clear the fact 

there is not a lineal relationship between the consumption rate and the energy usage. 

 

 
 

Figure 2. Scatter plot of Consumption rate versus Gas usage.  

 

3.3. Influence of production 

According to the results shown in Figure 3, Production also generates a linear 

relationship with the consumption rate, though their relation is a inverse one: the 

consumption rate lowers when the production increases; due to this, a lower 

production will have a higher consumption rate, which implies a high production 

cost when the produced unities is lower. As same as the water content, the 

production can generate subtantial changes in the movement of the consumption 

rate (also around 2%); however, production is a variable that needs to keep under 

control even more than energy, given the fact an excessive production volume 

generate a substantial reduction of the consumption rate, which can be the source 

of some issues that affect the overall performance of the company. 

 

 
 

Figure 3. Scatter plot of Consumption rate versus Production. 
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3.4. Validation of the results 
Until now, the influence and effects of each variable on the consumption rate has 

been evaluated using a graphical basis; however, to validate the observations done 

to these graphic schemes, the package Minitab® was used. From the usage of this 

package, it was obtained the matrix shown in Table 1. 

 

Table 1. Results of the correlation analysis done in Minitab® 

 

Variable Energy Gas Usage Production 

Energy 
Pearson’s r - - - 

P-value - - - 

Gas Natural 
Pearson’s r -0.612 - - 

P-value 0.196 - - 

Gas Usage 
Pearson’s r 0.504 -0.349 - 

P-value 0.308 0.497 - 

Consumption rate 
Pearson’s r 0.383 -0.592 -0.988 

P-value 0.215 0.453 0 

 

Within this table, it can be found the two parameters that validate the degree of 

correlation between each set of variables: the Pearson coefficient (r) and the P-value 

calculated at the same value; with the evaluation of the last row (consumption rate), 

it is shown that the energy and the production have a P-value lower than the critical 

(0.05), which allows to establish, with a solid basis, than these variables, have a 

correlation (or a linear correlation) with the consumption rate, which is again 

verified by the values of Pearson coefficient, which are close to the unity [5]. Also, 

to verify the initial assumption (that the data obeys a Normal distribution of 

probability), the Normality test was applied to all data series, obtaining graphs 

similar to Figure 6, in which is shown that the data adjusts to the Normal 

distribution, which ensures the quality of results obtained. 

 

 
 

Figure 4. Results of the normality test done in Minitab®. 
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4. Conclusions  
 

The characterization of the variables with influence on the milling process, allowed 

to establish, from a certain set of variables, which of these have a strong relationship 

with the consumption rate, in order to discard non-influent variables in the 

modelling and subsequent prediction of said variable of interest; besides that, the 

correlation analysis using the Pearson coefficient allowed to look this interaction 

even more, given the fact that statistic parameter allows to classify variables by the 

degree of correlation. From the results obtained, it was shown that out of 3 studied 

variables, only two -the energy of the raw material and production volume- have a 

real effect on the efficiency parameters of the milling process. However, their 

interaction with the consumption rate acts in the opposite way: while the increase 

in the water content contribute to a rise in the rate, the increment in the production 

volume generates the opposite effect, generating a detriment of the efficiency 

parameters. These observations, make evident that these variables need to be 

controlled, in order to achieve the most efficient operation point, as their misuse 

would negatively affect the milling process performance. Though the main goal of 

the study is not the modelling of the process, but the study of influencing 

parameters, the results given by it are a basis for the elaboration of a model 

(presumably linear) that allows to optimize the process y means of controlling the 

influent variables, described and studied here. 
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