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Abstract—Fuzzy rules are very important elements that should 

be taken consideration seriously when applying any fuzzy system. 

This paper proposes the framework of Mamdani Fuzzy Rule-

based System with Weighted Subsethood-based Algorithm 

(MFRBS-WSBA) for forecasting electricity load demand. 

Specifically, this paper proposed two frameworks: MFRBS-

WSBA and WSBA framework where the WSBA is embedded in 

MFRBS-WSBA (fourth step in MFRBS-WSBA). The objective of 

this paper is to show the fourth step in the MFRBS-WSBA 

framework which applied the new electricity load forecasting 

rule extraction by WSBA method. We apply the proposed WSBA 

framework in Malaysia electricity load demand data as a 

numerical example in this paper. These preliminary results show 

that the WSBA framework can be one of alternative methods to 

extract fuzzy rules for forecast electricity load demand where the 

proposed method provide a simple to interpret the fuzzy rules 

and also offer a new direction to interpret the fuzzy rules 

compared to classical fuzzy rules. 

 

Index Terms—Fuzzy Rules; Forecasting; Electricity Load 

Demand. 

 

I. INTRODUCTION 

 

A great number of literatures have studied the application of 

Fuzzy Rule-Based System (FRBS) in numerous real world 

problems, where the recent research is largely on the 

development of the specific techniques for data-driven 

machine learning in the FRBS. The extensive researches on 

such techniques have been motivated by the fact that rules 

generated by the techniques are able to provide the decision 

maker with the knowledge that embedded in the training 

samples. One should know that human expertise is important 

in the development of conventional fuzzy systems. However, 

extracting fuzzy rules automatically from data can be very 

meaningful to accommodate the decision making process 

when human experts are not available and may even provide 

new information which not known by the experts [1]. 

A number of approaches have been used to develop data-

driven learning for FRBS in forecasting task. One of them is 

the use of a method that can automatically generate either 

membership functions or fuzzy rule structures or both from 

training data. The most popular choices for learning and 

reasoning from data among them is neural network [2], 

heuristic technique [3], Wang and Mandel method [4], 

qualitative description [5] and Song and Chissom method [6]. 

The proposed aforementioned methods are based on the 

Mamdani Fuzzy Rule Based System (MFRBS). In this 

research, the interest on the method of extracting fuzzy rules 

for forecasting problems is from Othman et al. (2013) This 

method uses fuzzy subsethood values in generating fuzzy 

rules. 

The aim of this paper is to propose a framework model to 

forecast electricity load demand and to show the numerical 

example of fuzzy rules extraction using WSBA method. 

Furthermore, the numeral example is real data from Tenaga 

Nasional Berhad (TNB) even that is old data but this 

framework can implement to current data once the data is 

available for this study. This paper consists of four sections. 

The following sections discuss the propose framework. The 

last two sections are related to the explanation of numerical 

example results with a conclusion.  

 

II. THE FRAMEWORK 

 

Figure 1 shows the framework of Mamdani Fuzzy Rule-

based System with Weighted Subsethood-based Algorithm 

(MFRBS-WSBA) for electricity load demand forecasting. The 

framework consists of six steps. Starting with step (1) Data 

Collection and Selection. The process includes identifying 

variables and identify time frame and time horizon based on 

the forecasting problem. Then, in step (2) Preprocessing Data, 

which are consist of data partition, handling any missing value 

and transformation if necessary. Step (3) Variables Selection; 

once the significant variables identified by using Rough set 

method, the framework’s flow continue to step (4) 

Constructing Fuzzy Model and use the same variables to apply 

in other FRBS with difference fuzzy inference system (FIS) in 
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step (5). Lastly, step (6) is Performance Evaluation.  

The propose framework of Weighted Subsethood-based 

Algorithm (WSBA) fuzzy rule extraction method is embedded 

in step (4) MFRBS-WSBA framework. By referring step (4) 

in Figure 1, a fuzzy model has four components: fuzzification, 

fuzzy inference system (FIS), defuzzification and model 

output. Mamdani FIS in FRBS is the most widely applied 

because it can model the dynamic structure of systems where 

the robustness of this method has high power of 

approximation of nonlinear function [7]. 
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Figure 1: Proposed MFRBS-WSBA for electricity load demand forecasting  

 

The WSBA fuzzy rules extraction is used as a fuzzy rule set 

extraction method as shown in Figure 1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2: Proposed WSBS for fuzzy rules extraction 

 

 

The WSBA framework in this study is shown in Figure 2 

and the detail of six steps are as follow: 

 

Step (1): Divide data set into subgroup 

Step (2): Define fuzzy partition 

Step (3): Calculate fuzzy subsethood values for         

                each subgroup using the following   

                definition [8].  

 

Let A and B be two fuzzy set defined on the universe U. The 

fuzzy subsethood value of A with regard to B, S(B,A) 

represents the degree to which A is subsethood of B. 

 

𝑆(𝐵, 𝐴) =
𝑀(𝐵 ∩ 𝐴)

𝑀(𝐵)
=

∑ ∇(𝜇𝐵(𝑥), 𝜇𝐴(𝑥))𝑥∈𝑈

∑ 𝜇𝐵(𝑥)𝑥∈𝑈

 (1) 

 

where S(B,A) ∈ [0, 1] and ∇ is the t-norm operator. 

 

Step (4): Calculate weights based on the    

                subsethood values using the following   

                definition [8].  

 

The related weight for the linguistic terms Ai with regard to 

electricity load forecasting output X is calculated using 

Equation (2). 

Divide data set into subgroups 

START

Calculate fuzzy subsethood values for 

each subgroup

Calculate weights based on the 

subsethood values

Create Rules based on the weight 

subsethood values for every subgroup

Mamdani Fuzzy Rule Model

END

Define fuzzy partition
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𝑤(𝑋, 𝐴𝑖) = (
𝑆(𝑋, 𝐴𝑖)

max
𝑗=1,2,…𝑙

𝑆(𝑋, 𝐴𝑗)
) (2) 

 

Let w(X,Ai) ∈ [0,1], i = 1, 2,..., l and Ai ∈ {A1, A2, … Al}. The 

linguistic terms are attached with the weight generated which 

associates with the attributes. The Equation (3) is used to 

calculated weight conjunction of linguistic terms. 

 

𝑇(𝐴) = (
𝑤𝑖

𝑤
(𝐴1)∇ … ∇

𝑤𝑚

𝑤
(𝐴𝑚)) (3) 

 

where A is the conditional attribute T(A) is the compound 

weight and ∇ is the t-norm, Ai , i= 1,2,…,m are the linguistic 

terms of variable A which are conjunctively combined and w 

is the largest amongst the m associated weights. For the 

compound weight T(B) of the weighted disjunction of 

linguistic terms associated with variables B is calculated as in 

Equation (4). 

 

𝑇(𝐵) = (
𝑤𝑖

𝑤
(𝐵1)∆ … ∆

𝑤𝑚

𝑤
(𝐵𝑚)) (4) 

 

where ∆ is the t- conorm and Bi, i=1,2,…, m are the linguistic 

terms B, which are disjunctively combined. 

 

Step (5): Create fuzzy rules based on the weight  

                subsethood values for every subgroup [9].  

 

In this step, the weight Subsethood-Based Algorithm then 

used the weighted conjuction T(A) and weighted disjunction 

T(B) to generate fuzzy IF-THEN rules.  

 

Step (6): Then, in this step, we apply the fuzzy rule   

                sets for forecasting that are generated by  

                using WSBA to forecast electricity load   

                demand. 
 

III. NUMERICAL EXAMPLE OF FUZZY RULES EXTRACTION 

(WSBA) 

 

For this purpose, the study considers two input variables 

which are the previous day electricity load (Ld-1) and the 

similar day of last week electricity load (Ld-7). The next day 

forecast value (L) is the output variable of this study. This 

numerical example has adopted the data from Tenaga 

Nasional Berhad (TNB) from 27 October 2005 to 16 

November 2005 as shown in Table 1. 

The next sections show the step by step numerical 

calculation by applying the WSBA framework from this study. 

 

A. WSBA Step 1: Divide Data Set into Subgroup 

Based on the information in Table1, we created Table 2 

where the data by case into subgroup with respect to the 

output variable linguistic term. 

 

 

Table 1 

TNB Data Set 
 

Cases 
Input Variables 

Output 

variable 
Output 

linguistic 

term Ld-1 Ld-7 L 

1 11,631 11,325 11,486 High 

2 11,486 10,599 11,276 High 

3 11,276 10,280 10,270 Medium 
4 10,270 9,880 9,510 Medium 

5 9,510 11,630 10,005 Medium 

6 10,005 11,778 8,673 Low 
7 8,673 11,631 8,342 Low 

8 8,342 11,486 7,270 Low 

9 7,270 11,276 7,536 Low 
10 7,536 10,270 8,104 Low 

11 8,104 9,510 8,381 Low 

12 8,381 10,005 10,984 High 
13 10,984 8,673 11,331 High 

14 11,331 8,342 11,929 High 

15 11,929 7,270 11,732 High 
16 11,732 7,536 11,412 High 

17 11,412 8,104 10,613 Medium 

18 10,613 8,381 9,639 Medium 
19 9,639 10,984 12,056 High 

20 12,056 11,331 12,031 High 

21 12,031 11,929 11,880 High 

 

Table 2 

Subgroup of data set with respect to the output 

 

Subgroup Cases 
Next day forecast 

(Output) 

1 6, 7, 8, 9, 10, 11 Low 

2 3, 4, 5, 17, 18 Medium 
3 1, 2, 12, 13, 14, 15, 16, 19, 20, 21 High 

 

B. WSBA Step 2: Define Fuzzy Partition  

Then, we define the fuzzy partition all linguistic term by 

transforming the data into membership set score by using the 

membership function definition μ, in Equation (5), (6) and (7) 

where a = 8051, b = 10099.5 and c = 11605.79. In order to 

construct load membership function, we apply k-means 

clustering to identify a, b and c value. The graphical of load 

membership functions as shown in Figure 3. 

 

 
 

Figure 3: Graphical presentation of load membership function 

 







  
  

  

( )
( ) max 0,min ,1

( )
Low

b x
x

b a
 

(5) 


 


 

  
  

  

( )
( ) max 0,min ,

( )
Medium

x a c x
x

b a c b
 

(6) 

Low Medium High 
1 

8051 10099.5 11605.79 

0 

𝜇 

Load(Mw) 



Journal of Telecommunication, Electronic and Computer Engineering 

100 ISSN: 2180-1843   e-ISSN: 2289-8131   Vol. 8 No. 8  







  
  

  

( )
( ) max 0,min ,1

( )
High

x b
x

c b
 

(7) 

 

We applied k-means clustering to assist us to construct the 

membership function for three linguistic term ‘Low’, 

‘Median’ and ‘High’ [10]. Result from k-means clustering 

analysis showed that 8051, 10099.5 and 11605.79 is the final 

cluster canters for load data, then the graphical membership 

function as seen in Figure 3 constructed. Table 3 shows the 

membership function set score regarding to fuzzy partition in 

Figure 3. 

Based on Subgroup of a data set with respect to the output 

in Table 2, we divide the membership function set score into 

three subgroups as presented in Table 4. 

  

 

 

Table 3 

Membership function sets score 
 

 
Ld-1 Ld-7 L 

Case Low Medium High Low Medium High Low Medium High 

1 0 0 1 0 0.1864 0.8136 0 0.0795 0.9205 
2 0 0.0795 0.9205 0 0.6684 0.3316 0 0.2189 0.7811 

3 0 0.2189 0.7811 0 0.8802 0.1198 0 0.8868 0.1132 

4 0 0.9286 0.0714 0.1072 0.8928 0 0.2878 0.7122 0 
5 0.2878 0.7122 0 0 0 1 0.0461 0.9539 0 

6 0.0461 0.9539 0 0 0 1 0.6964 0.3036 0 

7 0.6964 0.3036 0 0 0 1 0.8579 0.1421 0 
8 0.8579 0.1421 0 0 0.4128 0.5872 1 0 0 

9 1 0 0 0 0.2189 0.7811 1 0 0 

10 1 0 0 0 0.8868 0.1132 0.9741 0.0259 0 
11 0.9741 0.0259 0 0.2878 0.7122 0 0.8389 0.1611 0 

12 0.8389 0.1611 0 0.0461 0.9539 0 0 0.4128 0.5872 

13 0 0.4128 0.5872 0.6964 0.3036 0 0 0.1824 0.8176 
14 0 0.1824 0.8176 0.8579 0.1421 0 0 0 1 

15 0 0 1 1 0 0 0 0 1 

16 0 0 1 1 0 0 0 0.1287 0.8713 
17 0 0.1287 0.8713 0.9741 0.0259 0 0 0.6591 0.3409 

18 0 0.6591 0.3409 0.8389 0.1611 0 0.2263 0.7737 0 

19 0.2263 0.7737 0 0 0.4128 0.5872 0 0 1 
20 0 0 1 0 0.1824 0.8176 0 0 1 

21 0 0 1 0 0 1 0 0 1 

  
Table 4 

Three Subgroups According to the L (Nextday Forecast Output) 

 

Linguistic variables Ld-1 Ld-7 L 
Linguistic term 

Low Medium High Low Medium High Low Medium High 
Subgroup Case 

Subgroup_1 6 0.0461 0.9539 0 0 0 1 0.6964 0.3036 0 

 

7 0.6964 0.3036 0 0 0 1 0.8579 0.1421 0 

 

8 0.8579 0.1421 0 0 0.4128 0.5872 1 0 0 

 
9 1 0 0 0 0.2189 0.7811 1 0 0 

 

10 1 0 0 0 0.8868 0.1132 0.9741 0.0259 0 

  11 0.9741 0.0259 0 0.2878 0.7122 0 0.8389 0.1611 0 

Subgroup_2 3 0 0.2189 0.7811 0 0.8802 0.1198 0 0.8868 0.1132 

 

4 0 0.9286 0.0714 0.1072 0.8928 0 0.2878 0.7122 0 

 

5 0.2878 0.7122 0 0 0 1 0.0461 0.9539 0 

 
17 0 0.1287 0.8713 0.9741 0.0259 0 0 0.6591 0.3409 

  18 0 0.6591 0.3409 0.8389 0.1611 0 0.2263 0.7737 0 

Subgroup_3 1 0 0 1 0 0.1864 0.8136 0 0.0795 0.9205 

 
2 0 0.0795 0.9205 0 0.6684 0.3316 0 0.2189 0.7811 

 

12 0.8389 0.1611 0 0.0461 0.9539 0 0 0.4128 0.5872 

 

13 0 0.4128 0.5872 0.6964 0.3036 0 0 0.1824 0.8176 

 
14 0 0.1824 0.8176 0.8579 0.1421 0 0 0 1 

 

15 0 0 1 1 0 0 0 0 1 

 

16 0 0 1 1 0 0 0 0.1287 0.8713 

 
19 0.2263 0.7737 0 0 0.4128 0.5872 0 0 1 

 

20 0 0 1 0 0.1824 0.8176 0 0 1 

  21 0 0 1 0 0 1 0 0 1 

 

C. WSBA Step 3: Calculate fuzzy subsethood value  

In this step, in each subgroup, we calculated the fuzzy 

subsethood by using Equation (1). These values describe the 

relationship between L and every linguistic term. The fuzzy 

subsethood set value represents the larger the value, the closer 

the relationship between output linguistic term and the input 

linguistic term. Based on Table 2 and Table 4, we can see that 

there are three subgroups of cases. In each subgroup the next 

day forecast load term is fixed. 
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Take Subgroup_1 as an example to show the fuzzy 

subsethood calculation. Based on Equation (1), “B” is ‘Low’ 

term in L of Subgroup_1 and “A” is the ‘Low’ term in Ld-1. 

The meaning of fuzzy subsethood value is defined by using 

Equation (1), is measuring the degree in which, “B” is a 

subset of “A” defined by 

 

𝑆(𝐵, 𝐴) =
𝑀(𝐵 ∩ 𝐴)

𝑀(𝐵)
 

 

Therefore, 

 

𝑀(𝐵) = ∑ 𝜇𝐵(𝑥)

𝑥∈𝑈

= 0.6964 + 0.8579 + 1 + 1 + 0.9741
+ 0.8389 = 5.3673 3 

 

𝑀(𝐵 ∩ 𝐴) = ∑ ∇(𝜇𝐵(𝑥), 𝜇𝐴(𝑥))

𝑥∈𝑈

= min(0.6964,0.0461)
+ min(0.8579,0.6964) + min(1,0.8578)
+ min(1,1) + min(0.9741,1)
+ min(0.8389,0.9741) 

 

= 0.0461 + 0.6964 + 0.8579 + 1 + 0.9741 + 0.8389
= 4.4134 

 

Hence, the value of S(B,A) is: 

 

𝑆(𝐵, 𝐴) =
𝑀(𝐵 ∩ 𝐴)

𝑀(𝐵)
=

4.4134

5.3673
= 0.8223 

 

Table 5 shows all fuzzy subsethood value from the similar 

calculation as presented in previous example regarding to the 

membership function linguistic term of Ld-1, Ld-7 and L values 

in Table 4. 
Table 5 

Fuzzy subsethood value 

 

  Output Linguistic variable, L 

Input linguistic 

variables 

Linguistic 

Term 
Low Medium High 

Ld-1 
Low 0.8223 0.0823 0 
Medium  0.7454 0.6100 0.4138 

High 0 1 0.7772 

Ld-7 
Low 0.0536 0.5953 0 
Medium  0.2956 0.4464 0.8741 

High 0 0.2493 0.3954 

 

 

D. WSBA Step 4: Calculate weight based on the fuzzy 

subsethood value 

By referring subsethood value in Table 5, we calculate the 

weighted subsethood value. Take Ld-1 as an example to show 

the weighted fuzzy subsethood calculation. Based on Equation 

(2), in this example, “X” is ‘Low’ linguistic term of output 

variable L and “Ai” is ‘Low’ linguistic term of input variable 

Ld-1. The meaning of weighted fuzzy subsethood value is 

defined by using Equation (1), is measures the degree of 

‘importance’ of linguistic term “Ai” to corresponding “X” 

defined by: 

 

𝑤(𝑋, 𝐴𝑖) = (
𝑆(𝑋, 𝐴𝑖)

max
𝑗=1,2,3

𝑆(𝑋, 𝐴𝑗)
) 

 

 

Therefore, S(X,Ai) = 0.8223 

 

𝑚𝑎𝑥
𝑗=1,2,3

𝑆(𝑋, 𝐴𝑗) = 𝑚𝑎𝑥(0.8223 , 0.7454 , 0) = 0.8223 

 

Hence,  

𝑤(𝑋, 𝐴𝑖) = (
𝑆(𝑋, 𝐴𝑖)

max
𝑖=1,2,3

𝑆(𝑋, 𝐴𝑗)
) =

0.8223

0.8223
= 1 

 

All the results from the similar calculation are shown in 

Table 6. 
 

Table 6 

Weighted subsethood value 

 

  Output Linguistic variable, L 

Input linguistic 

variables 

Linguistic 

Term 
Low Medium High 

Ld-1 

Low 1 0.0823 0 

Medium  0.9065 0.6100 0.5324 

High 0 1 1 

Ld-7 

Low 0.1814 1 0 

Medium  1 0.7499 1 

High 0 0.4187 0.4524 

 

E. WSBA Step 5: Create fuzzy rules based on the weight 

fuzzy subsethood value for every subgroup 

 We create the fuzzy rules based on information in Table 6. 

Figure 4 shows the three fuzzy rules obtain were consistent 

with results in Table 6. In the previous definition, 'OR’ and 

'AND' are fuzzy logical operators and are interpreted by t-

conorm and t-norm respectively. Weights created from fuzzy 

subsethood values (WSBA value) work as multiplication 

factors for each linguistic term. During the extraction process, 

the ruleset is simplified as any linguistic terms that have a 

weight equal to 0 is automatically removed from the fuzzy 

rule.  

Generally, Rule 1 fuzzy rule in Figure 4 indicated the Ld-

1=Low and Ld-7=Medium were most important linguistic term to 

LLow. In other words, we can said that these two linguistic 

terms (Ld-1=Low and Ld-7=Medium) were main factors contribution 

to LLow.  The similar interpretation from previous Rule 1 for 

Rule 2 and Rule 3 based on the weighted values respectively. 

Then in the next step (step 6: Apply the fuzzy rule), the fuzzy 

rule sets can be used to apply for forecasting process. Once 

the fuzzy rules set is obtained, electricity load demand 

forecasting can be performed if data over the two variables are 

obtained. 
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Figure 4: Fuzzy rules based on WSBA for electricity load demand forecasting 
 

IV. DISCUSSION AND CONCLUSION 

 

This paper proposed two frameworks studies: MFRBS-

WSBA framework and WSBA framework which the second 

framework (WSBA) is embedded in the MFRBS-WSBA. 

However, the aim of this paper is to show the fuzzy rules 

extraction process calculation in WSBA framework mainly. 

Step (6) in WSBA framework is cannot show in this paper due 

to the limited data set and this is the preliminary result only. 

This study will continue for further steps once the current data 

set available. Even though, the process of fuzzy rules 

extraction from this method can be one of alternative methods 

to extract fuzzy rules in other problems.  

The problem to interpret the fuzzy rules among practitioner 

can be solving by SBA and WSBA methods. The 

interpretation between SBA and WSBA fuzzy rules is a totally 

different. SBA method provides the degree of input linguistic 

term is a subset of output linguistic term measurement. While 

WSBA provides the degree of ‘importance’ of the input 

linguistic term to corresponding output linguistic term. 

Moreover, WSBA value behaves as a multiplication factor for 

the input variables linguistic term. These fuzzy rules 

characteristic give a new dimension in fuzzy rules 

interpretation compared to classical fuzzy rules. 

In conclusion, we have shown the example calculations for 

SBA and WSBA in the electricity load demand problem. The 

definition both of them also presented. The proposed fuzzy 

rules extraction method can give minimum number of rules 

regarding the number of output linguistics term. However, the 

fuzzy rules can added by adding the set of data to be many 

partitions of data or adding the linguistic term in the input 

and/or output variables. Furthermore, the interesting of 

WSBA fuzzy rules extraction method, it can express the 

degree of ‘importance’ input variables(s) linguistic term 

corresponding to output variable. In the meantime, this 

method able to show the hidden relationship between input 

variables and output variable. Moreover, this promising 

results provide a simple to interpret and able to improve the 

interpretability of derived fuzzy rules set compared to 

classical fuzzy rules. Future work will also focus on 

determining whether the number of fuzzy rules extraction 

from WSBA method influence the forecast error and FRBS 

accuracy. 
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Rule 1 

IF Ld-1 is (Low OR 0.9065Medium )  

AND  Ld-7 is (0.1814 Low OR Medium) 

THEN  L is Low 

 

Rule 2 

IF Ld-1 is (0.0823Low OR 0.61Medium) 

AND Ld-7 is (Low OR 0.7499Medium OR 0.4187High) 

THEN L is Medium 

 

Rule 3 

IF Ld-1 is (0.5324Medium OR High)  

AND  Ld-7 is (Medium OR 0.4524High) 

THEN L is High 


