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Abstract. The paper deals with model of electricity consumption in a 
company providing hot and cold forming. As modelled data, there were 
used hourly records of electricity consumed in the manufacturing 
processes. The data covered working hours over a year. The probability 
distributions, chosen for modelling, were normal distribution, gamma 
distribution, logistic distribution, Weibull distribution and Rayleigh 
distribution. The goodness of fit of these distributions was judged based on 
the values of the information criteria (AIC, AICc and BIC), coefficient of 
determination (R2) and the root mean square error (RMSE). According to 
these criteria, the best fit was achieved by the two-parameter Weibull 
distribution.  

1 Introduction 
The aim of the paper is to model the electricity consumption in a manufacturing company 
that provides hot and cold bending. Despite the growing electricity demand from residential 
sector, commercial and public services, and transportation (partially caused by the 
spreading interest in electric cars), the industrial sector still possesses the leading role as 
main electricity end-user worldwide [1]. The electricity consumption by industries over the 
globe has increased by about 0.9% annually between years 2010 and 2018 [2]. Rapid 
growth has been observed in energy-intensive industrial subsectors where also processes of 
metal forming belong. With lessening supplies of fossil fuels and only slowly growing 
incorporation of renewable electricity production sources, such as wind, solar, thermal and 
biomass, we might witness possible electricity shortage in the future. In order to prevent 
such scenario, companies need to transform their processes to be more energy-efficient. In 
literature, there have been proposed several possibilities – rescheduling the processes in 
order to optimize the peak demand patterns [3-6], supplementing part of the energy supply 
by renewable energy sources [7-10], applying modern procedures and machines in 
manufacturing [11-13], etc. Such solutions do not need to be limited to industry, but are 
applicable also in households. However, optimization of electric energy consumption is 
conditioned by appropriate electricity consumption model.   
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The electricity consumption can be considered as a variable with stochastic character. Such 
assumption is supported by consumption variation in time and place as well as by being 
influenced by a number of internal and external factors. Due to this fact, several statistical 
approaches were adopted to modelling the electricity consumption or electricity demand. 
Particular method of modelling depends on the structure of available data and on the 
purpose of the analysis. There have been developed energy consumption models from the 
level of countries [14-17] to level of individual units, such as households, companies, 
machines [18-20]. Models of electric energy consumption include models based on analysis 
and forecasting of time series, probability distributions, regression analysis or Markov 
chains. For review on modelling methods, see for example [21].   
In this paper, we model electricity consumption in manufacturing processes recorded over 
the period of one year. Five probability distributions are fitted to data: normal, Weibull, 
Rayleigh, logistic and gamma distribution. The goodness of fit of each probability 
distribution is judged by the Kolmogorov-Smirnov test. The most appropriate probability 
distribution is chosen based on values of information criteria – Akaike’s information 
criterion, corrected Akaike’s information criterion and Bayesian information criterion; 
coefficient of determination and the root mean square error.  
The paper is organized as follows: in section 2, the modelled data are described alongside 
with brief characteristics of probability distributions chosen to fit the data. Moreover, the 
estimation method for probability distribution parameters is defined and the model selection 
criteria and goodness of fit test are outlined. Results of the fitting procedure are discussed 
in section 3. Summarization of the paper is given in section 4.  

2 Data and methodology 

In the following section, we briefly characterize data along with probability distributions 
that are fitted to the data. As a method for estimation of parameters of each probability 
distribution, the maximum likelihood method is chosen. Further in the section, the criteria 
for goodness of fit are listed. 

2.1 Characteristics of data 

Data modelled in this paper represent electricity consumed in manufacturing processes in a 
company providing hot and cold bending. The data were collected from four production 
halls and were recorded hourly. They cover the consumption of electric energy (in [kW]) 
during the working hours throughout one year. According to this, the sample includes 3984 
observations. Descriptive statistics of the data are given in Table 1. 
As we may see from the coefficient of skewness, the data are positively skewed. This might 
indicate that the probability distribution fitting the data will be asymmetrical. Such 
assumption is not surprising since consumptions of low and moderate amount are more 
common; on the other hand, high consumptions occur seldom.  

Table 1. Descriptive statistics of modelled data. 

Min Max Mean Variance 
Quartiles 

Skewness Kurtosis 
1st 2nd 3rd 

31.82 1419.24 501.80 71 640.07 291.11 469.95 679.92 0.48 -0.37 
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2.2. Probability distributions 

As authors in [22] noted, a variety of probability distributions can be used to fit the 
electricity consumption data. In [23], authors fitted two-parameter Weibull and two-
parameter lognormal distribution to electricity consumptions in selected Swedish 
households. Electricity consumption in university campus in Nigeria was modelled by 
normal, two-parameter Weibull and Gumbel distribution [24]. The electricity loads have 
been modelled by several probability distributions: in [25], Weibull distribution was fitted 
to energy consumption of customers in Northern Ireland; lognormal distribution was 
applied to electricity consumption data in [26]. In [27], a number of distributions – Weibull, 
normal, inverse-normal, Rayleigh, gamma, lognormal – were fitted to consumption data. 
Similarly in [28] where data of electricity load in two substations of Venezuelan power 
system were fitted by normal, Weibull, gamma, Rayleigh and exponential probability 
distributions, respectively. Probability distributions chosen for fitting to data considered in 
this paper are summarized in Table 2. 

Table 2. Characteristics of chosen probability distributions. 

Probability  
distribution 

Probability density function𝑓𝑓(𝑥𝑥) 
Cumulative distribution function𝐹𝐹(𝑥𝑥)  

Normal   
𝑁𝑁(𝜇𝜇, 𝜎𝜎2) 

𝑓𝑓(𝑥𝑥) =
1

𝜎𝜎√2𝜋𝜋
𝑒𝑒𝑥𝑥𝑒𝑒 (−

(𝑥𝑥 − 𝜇𝜇)2

2𝜎𝜎2 ) 

𝐹𝐹(𝑥𝑥) =
1

𝜎𝜎√2𝜋𝜋
∫ 𝑒𝑒𝑥𝑥𝑒𝑒 (−

(𝑡𝑡 − 𝜇𝜇)2

2𝜎𝜎2 )
𝑥𝑥

−∞
𝑑𝑑𝑡𝑡 

𝑥𝑥 ∈ 𝑅𝑅, 
𝜇𝜇 ∈ 𝑅𝑅, 
𝜎𝜎 > 0 

Weibull  
𝑊𝑊(𝑎𝑎, 𝑏𝑏) 

𝑓𝑓(𝑥𝑥) =
𝑎𝑎

𝑏𝑏𝑎𝑎 𝑥𝑥𝑎𝑎−1 𝑒𝑒𝑥𝑥𝑒𝑒 (− (
𝑥𝑥
𝑏𝑏

)
𝑎𝑎

) 

𝐹𝐹(𝑥𝑥) = 1 − 𝑒𝑒𝑥𝑥𝑒𝑒 (− (
𝑥𝑥
𝑏𝑏

)
𝑎𝑎

) 

𝑥𝑥 > 0, 
𝑎𝑎 > 0, 

𝑏𝑏 > 0 

Gamma 
𝐺𝐺𝑎𝑎𝐺𝐺𝐺𝐺𝑎𝑎(𝑎𝑎, 𝑏𝑏) 

𝑓𝑓(𝑥𝑥) =
1

𝑏𝑏𝑎𝑎𝛤𝛤(𝑎𝑎) 𝑥𝑥𝑎𝑎−1 𝑒𝑒𝑥𝑥𝑒𝑒 (−
𝑥𝑥
𝑏𝑏

) 

𝐹𝐹(𝑥𝑥) =
1

𝑏𝑏𝑎𝑎𝛤𝛤(𝑎𝑎)
∫ 𝑡𝑡𝑎𝑎−1 𝑒𝑒𝑥𝑥𝑒𝑒 (−

𝑡𝑡
𝑏𝑏

)  𝑑𝑑𝑡𝑡
𝑥𝑥

0
 

𝑥𝑥 ∈ [0, ∞), 
𝑎𝑎 > 0, 
𝑏𝑏 > 0 

 

Logistic  
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑡𝑡(𝜇𝜇, 𝜎𝜎) 

𝑓𝑓(𝑥𝑥) =
𝑒𝑒𝑥𝑥𝑒𝑒 (𝑥𝑥−𝜇𝜇

𝜎𝜎
)

𝜎𝜎 [1 + 𝑒𝑒𝑥𝑥𝑒𝑒 (𝑥𝑥−𝜇𝜇
𝜎𝜎

)]
2 

𝐹𝐹(𝑥𝑥) =
𝑒𝑒𝑥𝑥𝑒𝑒 (𝑥𝑥−𝜇𝜇

𝜎𝜎
)

1 + 𝑒𝑒𝑥𝑥𝑒𝑒 (𝑥𝑥−𝜇𝜇
𝜎𝜎

)
 

𝑥𝑥 ∈ 𝑅𝑅, 
𝜇𝜇 ∈ 𝑅𝑅, 

𝜎𝜎 > 0 
 

Rayleigh 
𝑅𝑅𝑎𝑎(𝑏𝑏) 

𝑓𝑓(𝑥𝑥) =
𝑥𝑥

𝑏𝑏2 𝑒𝑒𝑥𝑥𝑒𝑒 (−
𝑥𝑥2

2𝑏𝑏2) 

𝐹𝐹(𝑥𝑥) = 1 − 𝑒𝑒𝑥𝑥𝑒𝑒 (−
𝑥𝑥2

2𝑏𝑏2) 

𝑥𝑥 > 0, 
𝑏𝑏 > 0 

 𝑎𝑎 – shape parameter; 𝑏𝑏 – scale parameter;𝜇𝜇 – location parameter;  
𝜎𝜎 – scale parameter 
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2.3 Parameter estimation method 

Among the methods for estimation the parameters of probability distributions, the 
maximum likelihood method (MLM) has been chosen since it is considered as the most 
common one.  
Let 𝑋𝑋1, 𝑋𝑋2, … , 𝑋𝑋𝑛𝑛 be a random sample from a population with probability density function 
𝑓𝑓(𝒙𝒙; 𝜽𝜽) where 𝜽𝜽 = (𝜃𝜃1, 𝜃𝜃2, … , 𝜃𝜃𝑝𝑝) is a vector of parameters, 𝜽𝜽 ∈ Ω, and Ω is the parameter 
space. The likelihood function 𝐿𝐿(𝒙𝒙, 𝜽𝜽) is a function of vector parameter 𝜽𝜽 defined as 
follows 

 𝐿𝐿(𝒙𝒙, 𝜽𝜽) = ∏ 𝑓𝑓(𝑥𝑥𝑖𝑖, 𝜽𝜽)𝑛𝑛
𝑖𝑖=1  (1) 

with 𝒙𝒙 = (𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛) being the realization of random sample. If there 
exists a value �̂�𝜽 ∈ Ω such that for all 𝜽𝜽 ∈ Ω 
 𝐿𝐿(𝒙𝒙, �̂�𝜽) ≥ 𝐿𝐿(𝒙𝒙, 𝜽𝜽) (2) 

then �̂�𝜽 is called the maximum likelihood estimate of parameter 𝜽𝜽. 
When estimating parameters of particular probability distribution via MLM, we need to 
find values that maximise the likelihood function (1). In order to achieve that, the system of 
equations in the form 

 𝜕𝜕 𝐿𝐿(𝒙𝒙,𝜽𝜽)
𝜕𝜕 𝜃𝜃𝑖𝑖

= 0,      𝑖𝑖 = 1, 2, … , 𝑝𝑝 (3) 

need to be solved. However, it is more convenient to work with the logarithm of likelihood 
function 

 ln 𝐿𝐿(𝒙𝒙, 𝜽𝜽) = ∑ ln 𝑓𝑓(𝑥𝑥𝑖𝑖, 𝜽𝜽)𝑛𝑛
𝑖𝑖=1  (4) 

called loglikelihood function. Substituting (4) in (3), we obtain a system of likelihood 
equations for finding the maximum likelihood estimates of parameters. The likelihood 
equations for each considered probability distribution are given in Table 3. 
We can see that shape parameter of Weibull and gamma distribution, respectively, as well 
as both parameters of logistic distribution cannot be calculated directly. In such cases, the 
iterative methods are required to find these particular estimates. 
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Table 3. Maximum likelihood estimates of parameters for chosen probability distributions. 

Probability  
distribution 

MLM estimates 

Normal   
𝑁𝑁(𝜇𝜇, 𝜎𝜎2) 

�̂�𝜇 =
1
𝑛𝑛

∑ 𝑥𝑥𝑖𝑖

𝑛𝑛

𝑖𝑖=1

, 

𝜎𝜎2̂ =
1
𝑛𝑛

∑ (𝑥𝑥𝑖𝑖 −
1
𝑛𝑛

∑ 𝑥𝑥𝑗𝑗

𝑛𝑛

𝑗𝑗=1

)

2𝑛𝑛

𝑖𝑖=1

 

Weibull  
𝑊𝑊(𝑎𝑎, 𝑏𝑏) 

1
𝑎𝑎

+
1
𝑛𝑛

∑ ln 𝑥𝑥𝑖𝑖

𝑛𝑛

𝑖𝑖=1

−
∑ 𝑥𝑥𝑖𝑖

𝑎𝑎 ln 𝑥𝑥𝑖𝑖
𝑛𝑛
𝑖𝑖=1
∑ 𝑥𝑥𝑖𝑖

𝑎𝑎𝑛𝑛
𝑖𝑖=1

= 0, 

�̂�𝑏 = (
1
𝑛𝑛

∑ 𝑥𝑥𝑖𝑖
�̂�𝑎

𝑛𝑛

𝑖𝑖=1

)

1
�̂�𝑎

 

Gamma 
𝐺𝐺𝑎𝑎𝐺𝐺𝐺𝐺𝑎𝑎(𝑎𝑎, 𝑏𝑏) 

𝜕𝜕 ln Γ(𝑎𝑎)
𝜕𝜕 𝑎𝑎

− ln 𝑎𝑎 + ln �̅�𝑥 −
1
𝑛𝑛

∑ ln 𝑥𝑥𝑖𝑖

𝑛𝑛

𝑖𝑖=1

= 0, 

�̂�𝑏 =
�̅�𝑥
�̂�𝑎

, 

�̅�𝑥 =
1
𝑛𝑛

∑ 𝑥𝑥𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

 

Logistic  
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝜇𝜇, 𝜎𝜎) 

1 −
2
𝑛𝑛

∑
exp (𝑥𝑥𝑖𝑖−𝜇𝜇

𝜎𝜎
)

1 + exp (𝑥𝑥𝑖𝑖−𝜇𝜇
𝜎𝜎

)

𝑛𝑛

𝑖𝑖=1

= 0, 

𝜎𝜎 − 𝜇𝜇 +
1
𝑛𝑛

∑ 𝑥𝑥𝑖𝑖

𝑛𝑛

𝑖𝑖=1

−
2
𝑛𝑛

∑
(𝑥𝑥𝑖𝑖 − 𝜇𝜇) exp (𝑥𝑥𝑖𝑖−𝜇𝜇

𝜎𝜎
)

1 + exp (𝑥𝑥𝑖𝑖−𝜇𝜇
𝜎𝜎

)

𝑛𝑛

𝑖𝑖=1

= 0 

Rayleigh 
𝑅𝑅𝑎𝑎(𝑏𝑏) 

�̂�𝑏 = √
1

2𝑛𝑛
∑ 𝑥𝑥𝑖𝑖

2
𝑛𝑛

𝑖𝑖=1

 

2.4 Model selection criteria 

In order to choose the probability distribution that fits the data the best, we apply 
information criteria, coefficient of determination and root mean square error (Table 4). 
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Table 4. Model selection criteria. 

Criterion Formula 
Akaike’s information criterion  
[29] 𝐴𝐴𝐴𝐴𝐴𝐴 = −2 ln 𝐿𝐿(𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛; �̂�𝜽) + 2𝑚𝑚 

Akaike’s information criterion  
corrected 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴𝐴𝐴 +

2𝑚𝑚(𝑚𝑚 + 1)
𝑛𝑛 − 𝑚𝑚 + 1

 

Bayesian information criterion  
[30] 𝐵𝐵𝐴𝐴𝐴𝐴 = −2 ln 𝐿𝐿(𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛; �̂�𝜽) + 𝑚𝑚 ln 𝑛𝑛 

Coefficient of determination 𝑅𝑅2 =
∑ [�̂�𝐹(𝑥𝑥𝑖𝑖) − �̅�𝐹]

2𝑛𝑛
𝑖𝑖=1

∑ [�̂�𝐹(𝑥𝑥𝑖𝑖) − �̅�𝐹]
2
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Here 𝑋𝑋1, 𝑋𝑋2, … , 𝑋𝑋𝑛𝑛 represent a random sample from a population with cumulative 
distribution function 𝐹𝐹(𝑥𝑥) and 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛 are respective observations. Term 
𝐿𝐿(𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛; �̂�𝜃) is the maximum value of likelihood function (1) for estimated model, m 
is number of estimated parameters, n is the sample size. Further, for coefficient of 
determination R2 and RMSE, the term �̂�𝐹(𝑥𝑥) represents the estimated cumulative distribution 
function with �̅�𝐹 being the average value defined as 

 �̅�𝐹 = 1
𝑛𝑛
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Function 𝐹𝐹𝑛𝑛(𝑥𝑥) is the empirical distribution function  

 𝐹𝐹𝑛𝑛(𝑥𝑥) = 1
𝑛𝑛

∑ 𝐴𝐴(𝑥𝑥(𝑖𝑖) ≤ 𝑥𝑥)𝑛𝑛
𝑖𝑖=1  (6) 

where 𝐴𝐴(𝑥𝑥(𝑖𝑖) ≤ 𝑥𝑥) = 1 if inequality 𝑥𝑥(𝑖𝑖) ≤ 𝑥𝑥 holds; otherwise 0. Values 𝑥𝑥(1), 𝑥𝑥(2), … , 𝑥𝑥(𝑛𝑛) 
are observations in ascending order. 
When choosing the best fitting model among the considered ones according to given 
criteria, we judge by the values of these criteria as follows – we select the model with 
lowest values of AIC, AICc, BIC and RMSE and with R2 closest to 1.   
However, these criteria provide only partial information. Their main disadvantage is that 
the value of information criterion alone does not express whether the probability 
distribution fits the data properly or not. Therefore, it is optimal to combine the information 
criteria with goodness-of-fit tests. Among the existing tests, we opt for Kolmogorov-
Smirnov goodness-of-fit test (KS test). The test determines whether the data follow given 
probability distribution with cumulative distribution function �̂�𝐹(𝑥𝑥)(null hypothesis), against 
the alternative that they do not come from such distribution. The null hypothesis is rejected 
on significance level 𝛼𝛼 when the test statistic 

 𝐷𝐷𝑛𝑛 = 𝑚𝑚𝑚𝑚𝑥𝑥
1≤𝑖𝑖≤𝑛𝑛

{|𝑖𝑖
𝑛𝑛

− �̂�𝐹(𝑥𝑥(𝑖𝑖))| , |�̂�𝐹(𝑥𝑥(𝑖𝑖)) − 𝑖𝑖−1
𝑛𝑛

|} (7) 

is greater than the critical value of KS test. Usually, the p–value is used for comparison 
with null hypothesis being rejected at significance level 𝛼𝛼 when 𝑝𝑝 − value < 𝛼𝛼.  
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Table 4. Model selection criteria. 

Criterion Formula 
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2𝑚𝑚(𝑚𝑚 + 1)
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are observations in ascending order. 
When choosing the best fitting model among the considered ones according to given 
criteria, we judge by the values of these criteria as follows – we select the model with 
lowest values of AIC, AICc, BIC and RMSE and with R2 closest to 1.   
However, these criteria provide only partial information. Their main disadvantage is that 
the value of information criterion alone does not express whether the probability 
distribution fits the data properly or not. Therefore, it is optimal to combine the information 
criteria with goodness-of-fit tests. Among the existing tests, we opt for Kolmogorov-
Smirnov goodness-of-fit test (KS test). The test determines whether the data follow given 
probability distribution with cumulative distribution function �̂�𝐹(𝑥𝑥)(null hypothesis), against 
the alternative that they do not come from such distribution. The null hypothesis is rejected 
on significance level 𝛼𝛼 when the test statistic 

 𝐷𝐷𝑛𝑛 = 𝑚𝑚𝑚𝑚𝑥𝑥
1≤𝑖𝑖≤𝑛𝑛

{|𝑖𝑖
𝑛𝑛
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is greater than the critical value of KS test. Usually, the p–value is used for comparison 
with null hypothesis being rejected at significance level 𝛼𝛼 when 𝑝𝑝 − value < 𝛼𝛼.  

3 Results and Discussion 

Parameter estimates obtained by MLM, along with the information criteria, coefficient of 
determination and the root mean square error are summarized in Table 5. All the 
calculations were done in software Matlab R2019b.  

Table 5. Parameter estimates and values of model selection criteria for chosen probability 
distributions. 

Probability 
distribution 

Parameter 
estimates 

Model selection criteria 
AIC AICc BIC R2 RMSE 

Normal   
𝑁𝑁(𝜇𝜇, 𝜎𝜎2) 

�̂�𝜇 =501.801 
𝜎𝜎2̂ =71640.27 55 847.871 55 847.874 55 860.451 0.989 0.031 

Weibull  
𝑊𝑊(𝑎𝑎, 𝑏𝑏) 

�̂�𝑎 =565.796 
�̂�𝑏 =1.952 55 430.672 55 430.675 55 443.252 0.999 0.010 

Gamma 
𝐺𝐺𝑎𝑎𝐺𝐺𝐺𝐺𝑎𝑎(𝑎𝑎, 𝑏𝑏) 

�̂�𝑎 =2.915 
�̂�𝑏 =172.170 55 602.996 55 602.999 55 615.576 0.994 0.023 

Logistic  
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝜇𝜇, 𝜎𝜎) 

�̂�𝜇 =487.249 
�̂�𝜎 =155.805 56 008.041 56 008.044 56 020.621 0.992 0.027 

Rayleigh 
𝑅𝑅𝑎𝑎(𝑏𝑏) 

�̂�𝑏 =402.136 55 432.418 55 432.419 55 438.708 0.998 0.013 

 

According to values of model selection criteria, considered probability distributions are 
ranked from best to worst as follows:  
1. Weibull 
2. Rayleigh 
3. Gamma 
4. Normal/Logistic 
5. Logistic/Normal 
In two last places, there are placed two probability distributions because normal distribution 
is better than logistic with respect to information criteria; on the other hand, logistic 
distribution achieves better values of R2 and RMSE. However, these distributions are less 
suitable for modelling the electricity consumption as both of them extend to negative 
values. 
Results of KS test are summarized in Table 6. Critical value of the test is 0.0215 
on significance level 𝛼𝛼 =0.05.Obviously, Weibull distribution significantly fits the 
electricity consumption data on given significance level 𝛼𝛼. However, in case of Rayleigh 
distribution, we cannot unequivocally decide whether to reject or not the null hypothesis 
because the value of test statistic is very close to critical value (p–value very close to 
significance level). In order to make decision upon goodness of fit, we apply Anderson-
Darling goodness-of-fit test on significance level 𝛼𝛼 =0.05. As p–value of the test is 0.0045, 
we may conclude that Rayleigh distribution does not fit the data significantly. Other three 
probability distributions do not significantly fit the modelled data based on the results of 
KS test.  
  

7

MATEC Web of Conferences 357, 08004 (2022) https://doi.org/10.1051/matecconf/202235708004
MMS 2020



Table 6. Test statistics and p-value of KS test for chosen probability distributions. 

 
Probability distribution Test statistics p–value 
Normal𝑁𝑁(𝜇𝜇, 𝜎𝜎2) 0.0549 7.1432e-11 
Weibull 𝑊𝑊(𝑎𝑎, 𝑏𝑏) 0.0170 0.1985 
Gamma𝐺𝐺𝑎𝑎𝐺𝐺𝐺𝐺𝑎𝑎(𝑎𝑎, 𝑏𝑏) 0.0438 4.4276e-7 
Logistic 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝜇𝜇, 𝜎𝜎) 0.0510 1.8459e-9 
Rayleigh𝑅𝑅𝑎𝑎(𝑏𝑏) 0.0214 0.0516 

 
Fit of all considered probability distributions to energy consumption data is visualised in 
Figure 1. 

 
Fig. 1. Probability distributions fitted to electric energy consumption data. 

4 Conclusions 

In the paper, data of the electricity consumption in manufacturing processes of hot and cold 
bending were modelled. The data covered hourly consumption in working hours throughout 
one year. They were modelled by fitting probability distributions. As tested distributions, 
following were selected: two-parameter Weibull distribution, two-parameter gamma 
distribution, normal distribution, logistic distribution and one parameter Rayleigh 
distribution. As criteria for selecting the best fitting model, information criteria – Akaike’s 
information criterion, Akaike’s information criterion corrected, Bayesian information 
criterion, coefficient of determination and root mean square error – were considered. In 
order to assess the goodness of fit of each distribution to modelled data, the Kolmogorov-
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Fig. 1. Probability distributions fitted to electric energy consumption data. 

4 Conclusions 

In the paper, data of the electricity consumption in manufacturing processes of hot and cold 
bending were modelled. The data covered hourly consumption in working hours throughout 
one year. They were modelled by fitting probability distributions. As tested distributions, 
following were selected: two-parameter Weibull distribution, two-parameter gamma 
distribution, normal distribution, logistic distribution and one parameter Rayleigh 
distribution. As criteria for selecting the best fitting model, information criteria – Akaike’s 
information criterion, Akaike’s information criterion corrected, Bayesian information 
criterion, coefficient of determination and root mean square error – were considered. In 
order to assess the goodness of fit of each distribution to modelled data, the Kolmogorov-

Smirnov test was realized. According to model selection criteria, Weibull distribution 
provides the best fit, closely followed by Rayleigh distribution, with gamma distribution 
being the third best. However, only Weibull distribution passed the KS test, i.e. this 
distribution significantly fitted the data. Thus, we may conclude that electricity 
consumption data from manufacturing processes in considered company follows Weibull 
distribution with shape parameter �̂�𝑎 =565.796 and scale parameter �̂�𝑏 =1.952. 
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