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Abstract:  

In this paper, we present a rule-based mamdani fuzzy inference system for predicting the electrical power consumption on campus for 

different time of the day and period of a semester. Our choice of fuzzy logic approach is due to the nonlinear relationship b etween the 

output (electrical power consumption) and the inputs (time of the day and period of semester). The Mamdini fuzzy logic in MATLAB 

software was implemented. We incorporated a 30 if-then rules based on electrical power consumption data for different time of the 

day and period of the semester. The centroid method for defuzzification, preceded by Mamdani max–min in ference supposition was 

adopted. We compared predicted results for different inbuilt membership functions with realistic data. The triangular and tra pezoidal 

membership function gave good results for their respective designed parameters. Our result shows that the fuzzy  model can 

effectively be used to predict periodic electr ical power consumption in an organization. 

 

I. INTRODUCTION 

 

An accurate forecast of energy consumption is crucial for policy-

makers in areas of budgeting, audit and choice of investments 

regarding energy usage. Electrical energy consumption is 

multivariate. It depends on climate, economic factors such as 

income and price, demographic factors such as population, level 

of technology and time of the day (1; 2; 3; 4; 5; 6). Therefore 

depending on the objective of the model, an electrical energy 

consumption model must contain necessary variables needed for 

accurate predictions. For example, a model suitable for energy 

forecast in a complex like this case under study will depend on 

the demography, climate and time of the day. Economic factors 

and available technology will much less affect the fluctuation of 

consumption. Methods for predicting electricity consumption in 

building and can be categorized into engineering, statistical, 

computational intelligence (CI). Engineering method is a 

comprehensive method that makes use of the structural 

properties of buildings in the form of physical principles, 

thermal dynamics equations, and environmental information 

such as climate conditions, occupants, and their activities to 

predict heat loads. This method requires detail informat ion about 

the structural and thermal parameters of build ings which are not 

always available. A lso, a high level of expertise is needed to 

develop the corresponding models (7; 8) elaborately. For 

Statistical methods, the use historical data to correlate energy 

consumption with inputs which are mostly the influential 

variables makes the quality and quantity of historical 

informat ion crucial in developing statistical models (8; 9). 

Statistical methods provide models have less number of 

variables than engineering models. Some instances of regression 

models are p resented in (9; 10). Haris and Line proposed 

ARIMA and transfer function model for predict ion of electricity 

consumption (11). Statistical models are time series approaches 

and are inherently linear as thus cannot adequately model non-

linear behaviour. CI-based methods have been widely used for 

prediction of energy consumption. CI-based methods can 

adequately model the nonlinear behaviour of a system. Fuzzy 

logic and neural networks (NN) are two common CI-based 

techniques. They are widely applied in function approximat ion, 

simulation, modelling and prediction (12; 13). Energy 

consumption modelling and prediction are also among the 

applications of the CI-based approaches. Fuzzy logic is an 

approach to computing degree of truth rather than the usual true 

or false (1 or 0) Boolean logic. Energy consumption forecasting 

using fuzzy logic reduces the uncertainty, inconvenience and 

inefficiency in carry ing out energy consumption analysis. 

Azadeh et al. developed a fuzzy system for oil demand 

estimation of the U.S., Canada, Japan and Australia (14). 

Shakouri et al. (15) proposed a fuzzy system for pred icting 

electric demand for a short term period. While Yokoyama et al. 

applied neural networks to predict energy demands (16).  In this 

work, we used Fuzzy logic to model the periodic electrical 

energy consumption in the Federal University of Petroleum 

Resources, Effurun, (FUPRE) Nigeria. In a campus like this 

where electrical power consumption does not follow a regular 

pattern, fuzzy logic models are very useful tools for decision-

making authorities. 

 

II. METHODOLOGY 

 

2.0 Preamble  

 

This part of the work presents the development of the fuzzy 

inference system. The system is built to have 30 if -then rules 

which were obtained from observed electrical consumption data 

for the study area. 

 

2.1. Study Area 

 

The study was conducted at Federal University of Petroleum 

Resources Effurun, Delta state (FUPRE). The location of 

FUPRE is at latitude 5.5765
0
 north of the Equator and longitude 

5.8378
0
 east of the Greenwich meridian. The campus has a 

health center, two student hostels, one admin istrative complex, 

five engineering laboratories, two faculty complexes and two 

lecture build ings. 
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2.2. Data Collected 

Data were obtained on the total electrical appliances in each 

office, hostels, and laboratory facilities. Daily duration of use 

was also included in the questionnaires as well as the period of 

maximum and minimum energy usage within a semester. The 

data collected was via oral interview of residents and direct 

reading of electrical appliance ratings. 

 

2.3 Fuzzy logics system 

The Fuzzy expert system (FES) depicted in fig. 1 was used to 

predict the energy consumption for desired time of the day and 

periods of a semester by implementing fuzzy logics in 

MATLAB software (version 7.6, 2013, Mathworks Company). 

The variables are required to be changed with fuzzification to 

lexical parameters of very low (VL), low (L), medium (M), and 

high (H) and very high (VH). Fuzzy membership functions can 

take various forms; however, different functions were used to 

find out which one gives best performance. The membership 

function defines the quality of mapping each point of the input 

space to a relevant degree varying between 0 and 1. The 

membership function is dependent on the research stipulation. 

 

 
Figure.1.The structure of fuzzy expert system (Mamdani)  

 

In the case of finding membership functions at defuzzification  

phase, the truth degree was obtained by min imization of each 

rule and then finding the maximum of minimum values among 

the rules. Consequently, the output variable is computable. 

 

2.3. 1 If–then true rule  

 

The fuzzy plan is required to be characterized using an 

implication function. The implication function is, however, 

known as If–then true rule or called linguistic rule. The rules 

feature to determine the input and output membership functions 

that will be used in inference procedure. A total of 30 rules were 

generated as following. 

 

      1. If (period is just resumed) and (Time is holy hr) then 

(consumption is very low)  

2. If (period is just resumed) and (Time is early morn ing) 

then (consumption is low)  

3. If (period is just resumed) and (Time is active hr) then 

(consumption is low) 

4. If (period is just resume) and (Time is evening) then 

(consumption is low)  

5. If (period is just resumed) and (Time is night) then 

(consumption is very low)  

6. If (period is just resume) and (Time is late-night) then 

(consumption is very low)  

7. If (period is mid-semester) and (Time is holy hr) then 

(consumption is very low)  

8. If (period is mid-semester) and (Time is early morn ing) 

then (consumption is very low) 

9. If (period is mid-semester) and (Time is active hr) then 

(consumption is very high)  

10. If (period is mid-semester) and (Time is evening) then 

(consumption is very low)  

11. If (period is mid-semester) and (Time is night) then 

(consumption is very low)  

12. If (period is mid-semester) and (Time is late-night) then 

(consumption is very low)   

13. If (period is near exam) and (Time is holy hr) then 

(consumption is very low)  

14. If (period is near exam) and (Time is early morn ing) 

then (consumption is very low)   

15. If (period is near exam) and (Time is active hr) then 

(consumption is very high)  

16. If (period is near exam) and (Time is evening) then 

(consumption is very low)   

17. If (period is near exam) and (Time is night) then 

(consumption is very low)  

18. If (period is near exam) and (Time is late-night) then 

(consumption is very low)  

19. If (period is exam) and (Time is holy hr) then 

(consumption is very low)  

20. If (period is exam) and (Time is early morn ing) then 

(consumption is very low) 

21. If (period is exam) and (Time is active hr) then 

(consumption is high)  

22. If (period is exam) and (Time is evening) then 

(consumption is very low) 

23. If (period is exam) and (Time is night) then 

(consumption is very low)  

24. If (period is exam) and (Time is late-night) then 

(consumption is very low)  

25. If (period is holiday) and (Time is holy hr) then 

(consumption is very low)  

26. If (period is holiday) and (Time is early morning) then 

(consumption is very low)  

27. If (period is holiday) and (Time is active hr) then 

(consumption is low)  

28. If (period is holiday) and (Time is evening) then 

(consumption is very low)  

29. If (period is holiday) and (Time is night) then 

(consumption is very low)  

30. If (period is holiday) and (Time is late-night) then 

(consumption is very low) 
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2.4. Membership function plot 

Plots of triangular membership function of variables are as shown in figures 2 and 3 below 

 

 
a. Input variable “Period (weeks)” 

 

 
b. Input variable “Time (hours)”  

Figure.2.The prototype membership functions o f input variables 

 

 
Figure. 3. Membership function of output variable “consumption (watts)” 

Using Gaussian membership type, we have the inputs and outputs as shown in Fig. 4 and 5 below. 

 

 
a. Input variable “Period (weeks)” 
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b. Input variable “Time (hours)”  

Figure. 4.Gaussian membership functions of input variables 

 

 
Figure. 5.Output variable “consumption (watts)”  

 

Plots of trapezoidal membership function of variab les are as shown in figures 6 and 7 below  

 
a. input variable “Time (hours)”  
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b. plot of input variable “time (hours)”  

Figure. 6.Trapezoidal membership functions of input variables. 

 

 
Figure 7. Trapezoidal membership function of output variable “consumption (watts)”   

 

III. RES ULTS AND DISCUSS ION  

 

The plots of fuzzy rule v iewer and surface plots for some tests 

for the different membership functions are as shown below. 

Figure 8 shows the fuzzy ru le v iewer for the 30 rules used at 

given input variables . Figures 8a, 8b, and 8c represent 

Triangular, Gaussian and Trapezoidal membership type input 

variables respectively. 

 

 
a. Fuzzy rule viewers for Triangular membership function  
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b. Fuzzy rule viewers for Gaussian membership function 

   

 
c. Fuzzy rule viewers for Trapezoidal membership function 

Figure. 8.Fuzzy rule viewers and rules of the model 

 

Surface viewers are represented in Fig. 9 for description of the interrelations between two input variables and power consumption.  

 

 
a. Surface viewers for Triangular membership function  
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b. Surface viewers for Gaussian membership function  

 

  
 Surface viewers for Trapezoidal membership function 

Figure. 9.Surface viewer of fuzzy system considering Period and Time as input variables  

 

The following observations were made from figure 9 above: 

 

 When the school just resumed; power consumption 

tends to be constant at first (holy hours) and then increases 

linearly during the early morn ing, but there is constant 

consumption from active hour through evening time.  

 At this same period of semester resumption, power 

consumption decreases linearly during night and then remains 

constant at late night. 

 For the rest of the semester; power consumption is 

discovered to be higher albeit it appears to be constant from holy 

hours through morn ing time as well as during late n ight. 

 The power consumption at FUPRE fo llows a 

trapezoidal pattern at resumption period and a truncated 

triangular pris m pattern for the rest of the semester with peak 

power (which ranges between 520kW and 530kW according to 

triangular membership type consumption) being consumed at 

active hours. 

A comparison between the raw data collected and the results 

produced by the fuzzy models are illustrated in table 1 and figure 

10. 
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Table 1: Comparism between data obtained from the three membership types. 

   

 

 TOTAL 

ERROR 

PERIOD 

(week) 
8 4 13 

  

TIME 

(hour)  
12 15 20 

CONSUMPTION 

RAW DATA 

(Watts) 

491,778.5 545,780.5 48,866.3 

TRIANGULAR 

MEMBERSHIP TYPE 

CONSMPTION 

 (Watts) 

526,000 520,000 47,500 

TRIANGULAR 

MEMBERS HIP TYPE % 

ERROR 

6.96% 4.72% 2.80% 14.4% 

GAUSSIAN  

MEMBERSHIP TYPE 

CONSMPTION 

 (Watts) 

512,000 385,000 49,300   

GAUSS IAN MEMBERS HIP 

TYPE %  ERROR 
4.11% 29.46% 0.89% 34.4% 

TRAPEZOIDAL MEMBERSHIP 

TYPE 

CONSMPTION 

 (Watts) 

530,000 525,000 42,900   

TRAPEZOIDAL MEMB ERS HIP 

TYPE %  ERROR 
7.77% 3.81% 12.21% 23.7% 

 

As shown in table 1, power consumption is  lower at 20:00 

(Nigeria local time) during the 13th week of the semester 

(examination period) compared to those of 8th and 4th week 

(afternoon of mid-semester) at 12:00 and 15:00 respectively. The 

higher consumption during afternoon of mid-semester is due to 

high usage of laboratory equipment and office facilities. These 

two other outputs are found to be closer in values across all 

membership type consumptions. Consumption for each of the 

membership type was compared with the actual estimate of 

power consumption. The differences were expressed as 

percentage (error) of the actual power consumption. Triangular 

membership type consumption gave the minimal total error of 

14.4%. The Gaussian membership type consumption gave the 

highest total error of 34.4% while Trapezoidal membership type 

consumption is intermediate with 23.7% total error.  The 

triangular membership type presents the least error and 

consequently the most accurate. 

 

 
Figure. 10. Chart representation of the table above 
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The bar chart shown in fig. 10 depicts the pictorial 

representation of FUPRE power consumption (actual and fuzzy 

logic models) in Watts. 

 

IV. CONCLUS ION 

 

Fuzzy logic techniques system is a promising tool for predicting 

the power consumption in build ings. In this study, we applied 

the fuzzy logic system to predict the total power consumption in 

FUPRE and compared the performance obtained with an already 

existing data. A similar attitude toward classical (conventional 

methods) and fuzzy logic approach approved the latter's 

superiority for accurate predictions. The fuzzy logic system 

includes the advantage over the other traditional methods based 

on simplicity (lexical interpretations for inputs and outputs), 

applicability for nonlinear interactions and robustness. 

Prediction for the total energy consumed for one semester was 

considered where the semester was broken down into five 

periods. We utilized 30 if–then true rules with Mamdani max–

min inference theory with centroid defuzzification formula to 

predict the energy consumption using the data obtained. The 

findings show that the maximum error obtained from the fuzzy 

logic system and the raw data collected from the field using 

different membership types is just 6.96%. This system can be 

employed for further relevant studies as a reference, however, 

can be improved for more generalization. 
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