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Abstract—One of the most challenging tasks for energy domain 

stakeholders is to have a better preview of the electricity 

consumption. Having a more trustable expectation of electricity 

consumption can help minimizing the cost of electricity and also 

enable a better control on the electricity tariff. This paper presents 

a study using a Methodology to Obtain Genetic fuzzy rule-based 

systems Under the iterative rule Learning approach (MOGUL) 

methodology in order to have a better profile of the electricity 

consumption of the following hours. The proposed approach uses 

the electricity consumption of the past hours to forecast the 

consumption value for the following hours. Results from this study 

are compared to those of previous approaches, namely two fuzzy 

based systems: and several different approaches based on artificial 

neural networks. The comparison of the achieved results with 

those achieved by the previous approaches shows that this 

approach can calculate a more reliable value for the electricity 

consumption in the following hours, as it is able to achieve lower 

forecasting errors, and a less standard deviation of the forecasting 

error results. 

Keywords — Electricity consumption, Forecasting, Fuzzy rule 
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I.  INTRODUCTION  

Electricity consumption forecasting is crucial to enable 
dealing with the new paradigm of consumers’ active 
participation in the power and energy system [1]. The 
uncertainty related to the variability of consumption is 
associated to numerous factors, such as consumers’ habits, the 
environmental temperature, luminosity, etc. Current forecasting 
methods are not suitable to deal with such a combination of input 
variables, with often highly variable influence on the outcomes 
– the actual energy consumption.  

Time series forecasting is an attractive domain in the power 
and energy systems field, as it is essential to enable and adequate 
energy resources management. With the increase of renewable 

generation with an intermittent nature, and the consequent need 
for the increase in consumers’ flexibility, forecasting energy 
generation and consumption, in addition to other factors, such as 
market prices, environmental variables, among many others, 
becomes crucial [2]. In this scope, regression approaches and 
Artificial Intelligence (AI) based methods, such as Artificial 
Neural Networks (ANN) are the most common approaches. 

Several studies have been published related to energy 
consumption forecast. An approach based on data mining to 
forecast electricity consumption of a region, based on the 
meteorological conditions has been presented in [3]. In this 
work, the data mining method is implemented using Artificial 
Neural Networks (ANN), and uses information about several 
variables such as temperature, humidity and public holiday on 
which electricity consumption depends, and the daily 
consumption values as the data.  

In [4] the author presents a study about Forecasting 
electricity consumption using historical electricity consumption 
in South Africa based on three deferent approaches, namely, 
Autoregressive Moving Average (ARMA) model, Neural 
networks and Neuro-fuzzy models. The final results prove that 
the Neuro-fuzzy models outperformed the neural network and 
ARMA models in terms of accuracy. And in [5], where the study 
provides accurate and efficient energy forecasting tool based on 
Support Vector Machine Regression (SVMR) and the results 
shows that in this approach the structure of the training set has 
significant effect to the accuracy of the prediction. Also in [6] 
the author applies an ANN in order to forecast the consumption 
of an office building. Most of these works achieve acceptable 
results. However, the integration of correlated external 
variables, which can aid the forecast of energy consumption, 
such as the influence of temperature, brightness, among others, 
is still insufficiently studied.      

This paper proposes the use of a Methodology to Obtain 
Genetic fuzzy rule-based systems Under the iterative rule 
Learning approach (MOGUL) methodology 
(GFS.FR.MOGUL) to forecast energy consumption of an office 
building. The objective of this study is to forecast a better profile 
of the energy consumption for the following hours. Results from 
the proposed approach are compared to those achieved in 
previous studies, using different techniques, namely two fuzzy 
based systems: A Hybrid Neural Fuzzy Inference System 
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(HyFIS) [7], and the Wang and Mendel’s Fuzzy Rule Learning 
Method (WM) [8]; and also several different approaches based 
on ANN [6]. The case study is based on data referring to the 
electricity consumption of a campus building of ISEP/GECAD. 

After this introductory section, section II presents the 
formulation and explanation of the proposed approach, section 
III presents the achieved results and discusses their comparison 
to the results achieved by previous methods. Finally, section IV 
presents the most relevant conclusions and contributions of this 
work  

II. MATERIAL AND METHODS 

This paper implements a genetic fuzzy system for fuzzy rule 
learning based on the MOGUL methodology 
(GFS.FR.MOGUL) to forecast the electricity consumption of an 
office building. The electricity consumption form building N of 
the Research Group on Intelligent Engineering and Computing 
for Advanced Innovation and Development (GECAD) research 
center located in ISEP/IPP, Porto, Portugal has been chosen to 
be used in this work. These data is collected and stored through 
SOICAM (SCADA Office Intelligent Context Awareness 
Management) [9], a system that is used to manage and simulate 
the GECAD campus microgrid. GFS.FR.MOGUL approach has 
been developed based on R programming language. The 
implementation details and results of this work are discussed and 
compared in the following sections. 

A. GFS.FR.MOGUL methodology 

Genetic fuzzy systems for fuzzy rule learning based on the 
MOGUL methodology (GFS.FR.MOGUL) is a forecasting 
method that implements a genetic algorithm determining the 
structure of the fuzzy IF-THEN rules and the membership 
function parameters. Two general types of fuzzy IF-THEN rules 
are considered: 

• Descriptive rules; 

• Approximate/free semantic approaches. 

In the first type the linguistic labels illustrate a real-world 
semantic and the linguistic labels are uniformly defined for all 
rules. In contrast, in the approximate approach there is any 
associated linguistic label. 

Modeling a fuzzy IF-THEN rule on a chromosome which 
consists of the parameter values of the membership function 
shows that every rule has the own membership function values. 
A population contains many such generated chromosomes, 
based on the iterative rule learning approach (IRL). IRL means 
that the chromosomes will be generated one by one, taking into 
account the fitness value and covering factor, until there are 
sufficient chromosomes in the population. After having obtained 
the population, the genetic algorithm is started, using the genetic 
operators’ selection, mutation, and crossover [10]. 

Many important statistical properties have to be considered 
by the Fuzzy Rule Base (FRB) in order to obtain an FRB System 
FRBS presenting good behavior [11]. In the Generated Fuzzy 
Rule Bases (GFRB) obtained from MOGUL, there will be 
consider the satisfaction of two of these statistical properties, 
which are: 

 

• completeness 

• consistency 

As an inductive approach to building GFRBSs is considered, 
both properties will be based on the existence of a training data 
set, Ep, composed of p numerical input-output problem variable 
pairs. These examples will present the following structure (1): 

𝑒𝑙 = (𝑒𝑥1
𝑙 , 𝑒𝑥2

𝑙 , … , 𝑒𝑥𝑛
𝑙 , 𝑒𝑦𝑙),    𝑙 = 1, … , 𝑝 (1) 

1) Completeness of a Fuzzy Rule Base 

As it is explained in [12], it is clear that an FRBS most be 
always able to infer a proper output for all possible system input. 
This property is called 𝜏-completeness in the field of inductive 
learning and it may be mathematically formulated using a real 
value t by means of the following expressions (2), (3), (4) [13]: 

𝐶𝑅(𝑒𝑙) =  ⋃ 𝑅𝑖(𝑒𝑙) ≥ 𝜏,      𝑙 = 1, … , 𝑝

𝑖=1…𝑡

 (2) 

[𝑅𝑖(𝑒𝑙) = ∗ (𝐴𝑖(𝑒𝑥𝑙), 𝐵𝑖(𝑒𝑦𝑙))] (3) 

𝐴𝑖(𝑒𝑥𝑙) = ∗ (𝐴𝑖1(𝑒𝑥1
𝑙 ), … , 𝐴𝑖𝑛(𝑒𝑥𝑛

𝑙 )) (4) 

Where * is a t-norm, and Ri(𝑒𝑙) is the compatibility degree 
between the rule Ri and the example 𝑒𝑙  .Given an FRB composed 
of T fuzzy rules Ri, the covering value of an example 𝑒𝑙 ∈  𝐸𝑝  is 

defined as (5): 

𝐶𝑉𝑅(𝑒𝑙) =  ∑ 𝑅𝑖(𝑒𝑙)

𝑇

𝑖=1

 (5) 

And the following condition (6) is required: 

𝐶𝑉𝑅(𝑒𝑙) ≥  𝜖,     𝑙 = 1, … , 𝑝 (6) 

A good FRB must satisfy both the conditions presented 
above, to verify the 𝜏-completeness property and to achieve an 
appropriate final covering value. 

2) Consistency of a Fuzzy Rule Base 

A generic set of IF-THEN rules is consistent if it does not 
contain contradictions. It is necessary to relax the consistency 
property to consider the fuzzy rule bases. And it will be done by 
means of the positive and negative examples concepts [14]. 
Equations (7) and (8) are the examples of the positive and 
negative set for the rule 𝑅𝑖  

• Positive: 

𝐸+(𝑅𝑖) = {𝑒𝑙 ∈
𝐸𝑝

𝑅𝑖(𝑒𝑙)
≥ 0}  

 

 

(7) 



 

 

• Negative: 

• 𝐸−(𝑅𝑖) = {𝑒𝑙 ∈
𝐸𝑝

𝑅𝑖(𝑒𝑙)
= 0 𝑎𝑛𝑑 𝐴𝑖(𝑒𝑥𝑙) > 0 } 

 

(8) 

And by giving the value 𝑘  [0,1] and equations (9) and (10): 

𝑛𝑅𝑖

+ = |𝐸+(𝑅𝑖)| (9) 

𝑛𝑅𝑖

− = |𝐸−(𝑅𝑖)| 
(10) 

We get that: 

𝑅𝑖  𝑖𝑠 𝑘 − 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑡 when 𝑛𝑅𝑖

− ≤ 𝑘. 𝑛𝑅𝑖

+    (11) 

So, the way to incorporate the satisfaction of this property in 
the designed GFRBSs is to encourage the generation of k-
consistent rules. Those rules not verifying this property will be 
penalized so as not to allow them to be in the FRB finally 
generated. 

In this work the GFS.FR.MOGUL method is implemented 
in R programming language using FRBS package [10]. FRBS is 
a R based package that include the implementation of 15 fuzzy 
rule based forecasting methods. While running the 
GFS.FR.MOGUL method by this package there are 6 variables 
that need to be specified. The table 1 presents these variables as 
well as the used values for these variables during this work. 

Table 1 - Required variables to run the GFS.FR.MOGUL 

Variable Description Used values  

Persen_cross 
the probability of 

crossover 
0.6 

Persen_mutant 
the probability of 

mutation 
0.3 

Max.iter 
The maximal 

number of iterations 
10 

Max.gen 

The maximal 
number of 

generations of the 

genetic algorithm 

10 

Max.tune 
The maximal 

number of tuning 

iterations 

10 

Epsilon 
the boundary of 
covering factor 

0.4 

 

B. Data base description 

This study uses the SQL server of GECAD research center 
located in ISEP/IPP, Porto, Portugal. This server includes 
several databases with the electricity information of GECAD 
campus buildings. The database of building N of this research 
center has been used in this work. This building has five energy 
meters, and each of them stores the electricity consumption data 
of one specific part of the building with 10 seconds time interval. 

A java based application has been developed in this 
implementation. Which collect the data from the SQL server and 
calculate the average of the total electricity consumption of the 
building N – ISEP/GECAD per each hour. This application also 
creates a new .csv file in a format that can be used as the input 
of the forecast method. 

III. RESULTS AND DISCUSSION 

This work studies on a forecasting approach in order to 
create a more reliable profile for the electricity consumption in 
the following hour. In this order, the GFS.FR.MOGUL 
forecasting method has been chosen to predict the electricity 
consumption value. The value of the electricity consumption of 
the intended place during the past 10 days is used to train the 
GFS.FR.MOGUL method in order to predict the consumption 
of the next hour.  

A java programming language based application has been 
developed to collect the data from the GECAD SQL server 
database. The building has 5 energy meters for different parts. 
The java application receives the recorded consumption of every 
energy meter and calculates the total energy consumption of the 
building as well as the average consumption for every hour. The 
Figure 1 presents a brief perspective of the data sources and data 
collection of this work. 

 
Figure 1 - perspective of the data sources and data collection 

For every forecasted value the GFS.FR.MOGUL method 
receives a set of three tables as the input. which are: (i) Testing 
input, (ii) Training input, and (iii) Training output. The testing 
input table is the main input of the methods and includes the 
average of total energy consumption of the building for each 
hour from last 24 hours before the forecast hour. Table 2 shows 
a summarized testing input table in case of forecasting the  hour 
12 of 16/3/2016.  

 

 



 

 

 

Table 2 - summarized testing input table to forecast the 12hour of 16/3/2016 

Date 

Hour 

15/3/2016 

12:00 
… 

16/3/2016 

11:00 

Energy 

Consumption 

(w) 

1898.15 … 3424.76 

The other two tables are used in order to train the 
GFS.FR.MOGUL method and generate the FUZZY rules. The 
training input table has the same set of the data as the testing 
input table but from the last 10 days before the forecasting day. 
Also, the training output table includes the energy consumption 
values of the same hour of the target hour from last 10 days. By 
these two training tables, to forecast every value the 
GFS.FR.MOGUL method will be trained 10 times by the data 
from the last 10 days before the target day.  

According to equation (1) in this case 𝑝 is 10 and every set 
of data from training input table correspond a set of 
(𝑒𝑥1

𝑙 , 𝑒𝑥2
𝑙 , … , 𝑒𝑥𝑛

𝑙 , ) where every value from training output table 

is the  𝑒𝑦𝑙  . 

In order to test this method, the energy consumption of a total 
of 12 hours, namely from 12:00 until 23:00 of 16/3/2016, have 
been forecasted. These hours are chosen because they refer to 
the hours of greatest activity in the building (higher variation in 
consumption), thus being the most interesting hours to be 
forecasted. The MAPE (Mean Absolute Percent Error) error 
calculation formula is used to compare the forecasted values and 
the real values of each hour. 

Table 3 shows the forecasted value for these 12 hours by the 
GFS.FR.MOGUL method and the real consumption values of 
each hour, including the MAPE error for each of the forecasted 
values. 

Table 3 - Results of forecasting the energy consumption of 12 hours of 

16/3/2016  by GFS.FR.MOGUL method 

Hour 

Real 

Consumption 

(W) 

Forecasted 

consumption by 

GFS.FR.MOGUL 

MAPE 

error 

(%) 

12:00 2247.844174 1956.43053 12.96% 

13:00 2253.590524 2250.89165 0.12% 

14:00 2449.511654 2362.65151 3.55% 

15:00 2676.168089 2310.858353 13.65% 

16:00 2580.225047 2154.66557 16.49% 

17:00 2017.849737 2225.699199 10.30% 

18:00 1888.344068 1958.06592 3.69% 

19:00 1624.601199 1876.106348 15.48% 

20:00 1271.71025 1482.189028 16.55% 

21:00 1253.198825 1236.9543 1.30% 

22:00 1257.133005 1125.4727 10.47% 

23:00 1228.879333 1350.27417 9.88% 

During these 12 hours, the largest error belongs to the hour 
20 by 16.55% and the lowest error is 0.12% for the hour 13. And 
also, the average error of these forecasted values is 9.54%. 

Many works have been published about forecasting the 
electricity consumption based on fuzzy rules methods. The work 
presented in [7] studies about the forecasting of electricity 
consumption based on the Hybrid Neural Fuzzy Interface 
System (HyFIS), and in the [8] the electricity consumption has 
been forecasted by Wang and Mendel’s Fuzzy Rule Learning 
Method (WM). Both of these works forecast the electricity 
consumption of an office building in a total of 12 hours of an 
official day. The average MAPE error of these 12 hours for the 
HyFIS method is 12.42% and this average for the WM method 
is 18.41%. Which shows that the GFS.FR.MOGUL method by 
the average of 9.54% has a better performance than the other two 
fuzzy rule based methods.  

Figure 1 shows a comparison between the MAPE errors of 
the forecasted values by these three methods. 

 

Figure 2Comparison between the results of HyFIS [7], WM [8] and the 

proposed GFS.FR.MOGUL 

As Figure 1 shows, the forecasting error of 
GFS.FR.MOGUL presents less variation than the other two 
methods. This means that the results of the GFS.FR.MOGUL 
method during these hours are more reliable than the other 
results. Table 4 shows the value of the Standard deviation 
between errors of these three forecast methods. 

Table 4 - Standard deviation between errors of HyFIS , WM and 

GFS.FR.MOGUL 

Forecast Method  
Forecast Error Standard 

Deviation (%) 

HyFIS 13.90% 

WM 17.32% 

GFS.FR.MOGUL 5.95% 

As the Table 4 presents, the GFS.FR.MOGUL method has 
the lowest Standard deviation between his errors, compare to 
other two methods. It proves that the possibility of having a large 
error by the GFS.FR.MOGUL is less than the HyFIS and WM 
and it makes this method more trustable. This building includes 



 

 

5000 m² of laboratories out of which 3600 m² are clean rooms, 
and the rest is mainly composed of offices and meeting rooms.  

In the [X] has been presented a study which also uses the 
same three used fuzzy rule based forecasting methods in order 
to predict the electricity consumption of the TRT building 
located in Palaiseau France. 12 hours of an official day (form 
12h to 23h of 20/12/2013) has been chosen as the target hours in 
this work. The table 5 presents the forecasted values during these 
hour for electricity consumption of TRT building. 

Table 5 – Forecasted values for the electricity consumption of the TRT 

building[X] 

Hour 

Real 

Consumption 

(W) 

GFS.FR. 

MOGUL  HYFIS  WM 

12:00 1700 1686 1691.71 1696.9 

13:00 1659 1658 1649.31 1634.3 

14:00 1616 1686 1678.44 1708.7 

15:00 1606 1599.5 1686.2 1705.3 

16:00 1619 1667.5 1747.05 1771.2 

17:00 1702 1710 1715.56 1710 

18:00 1607 1704.5 1535.23 1534.7 

19:00 1489 1579.5 1424.66 1431.2 

20:00 1498 1541 1449.38 1450.8 

21:00 1480 1528 1453.66 1453.7 

22:00 1493 1512 1429.99 1430 

23:00 1507 1520.5 1433.99 1434 

As it is visible in table 5, the electricity consumption of TRT 
building during 12 hours of an official day has less variation that 
the electricity consumption of the building N during a day. The 
standard deviation of the real electricity consumption of the TRT 
building during the presented hours is 80.43 W while this value 
for the building N is 530.69W. It is clear that when the value of 
the real electricity consumption has less variation during 
different hours, the forecasting methods are able to predict more 
reliable values. The figure 2 presents a comparison between the 
average MAPE errors of the forecasted values by 
GFS.FR.MOGUL, HyFIS and WM forecasting methods for the 
electricity consumption of the TRT building and building N. 

 

Figure 3 - average MAPE errors of the forecasted electricity consumption 

values of TRT building and N building 

1-Errors of forecasting the eceltricity consumption of building N 

2- Errors of forecasting the eceltricity consumption of TRT building 

As the figure 2 presents, while forecasting the electricity 
consumption of the TRT building the errors are much lower than 
the errors of forecasting the electricity consumption of the 
building N. during the day the TRT building has a more stable 
value of the electricity consumption and in the pick hours of 
consumption this value does not have a lage diference to the 
consumption of the other hours. In the other hand, the electricity 
consumption of the building N by standard deviation of 
530.69W presents a larg diference between the consumption 
value in the pick hours and the other hours. So, as it is visible by 
the results while the variation of the consumption is lower, the 
forecasting method provide a more reliable forecasted value for 
electricity consumption. However, in both cases the 
GFS.FR.MOGUL method by 9.54% for the building N and 
2.46% for the TRT building presents the most trustable values 
comparing to the other two fuzzy rule based methods.  

IV. CONCLUSIONS  

This paper addresses the use of a genetic fuzzy systems for 
fuzzy rule learning based on the MOGUL methodology to 
forecast the electricity consumption of an office building in the 
following hours. This method uses the value of the electricity 
consumption from last hours to preview this value for the next 
hour.   

By comparing the results of the GFS.FR.MOGUL method to 
the results of some other previous works it is concluded that this 
method can present a better electricity consumption profile for 
the following hours. The presented results in this paper in 
comparison to the results of some other fuzzy rule based 
methods, namely HyFIS and WM, are more reliable and all 
calculated errors ate closer to the average error. In other 
methods, there is usually a large deference between some 
calculated errors and the average error of the method. These 
results show that the GFS.FR.MOGUL method is more trustable 
that the other fuzzy rule base methods. In addition, these results 
have been compared to the results of some different ANN 
approaches. The average error of the GFS.FR.MOGUL method 

9,54%

12,42%

18,41%

2,46%
3,45% 3,82%

Average MAPE error



 

 

in comparison to the average errors of the ANN approach is 
much lower, which makes the GFS.FR.MOGUL method a more 
trustable method to forecast the electricity consumption. 
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