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Abstract:- Fuzzy logic is a branch of mathematics that focuses on the partial truth concept and approximation. 

The reasoning system of the theory has strong quantitative performance (accuracy) as well as language 

representation (interpretability). Designing a fuzzy system, on the other hand, is a difficult undertaking that 

necessitates the identification of numerous parameters. The performance of a fuzzy system is determined by 

several factors, including the fuzzy rules that are used and the membership functions. This function is responsible 

for mapping crisp inputs of the system to linguistic variables. In general designing these parameters is considered 

a difficult undertaking that necessitates the assistance of a fuzzy system expert or an effective optimization 

procedure. In order to overcome this problem, a genetic approach was used in this paper to create efficient fuzzy 

systems. The Wisconsin breast cancer diagnostic (WBCD) problem is then subjected to this optimization 

technique. This strategy was effective in developing fuzzy based systems which uses a smaller number of rules 

and provide a higher performance of over 93%. 

Keywords: Fuzzy logic, Genetic Algorithm, Brest Cancer Detection. 

 

1. Introduction 

Fuzzy Logic was developed in the year 1965 by Lofti Zadeh [1]. The truth values of variables in this multi-valued 

logic can be any value between 0 and 1. The human capacity for vision and cognition served as the inspiration for 

the development of fuzzy logic, which makes use of linguistic variables instead of discrete values and so supports 

the idea of partial truth. This reasoning is at the heart of fuzzy systems, which find widespread usage in fields as 

diverse as fuzzy control [2], [3], medical diagnosis [4], and data classification [5]. A fuzzy system's effectiveness 

is determined by a number of criteria, including the fuzzy rules employed and what type of membership function 

(MF) used. The construction of MF is considered to be a challenging task, because defining the parameters that 

interpret/convert the crisp form of the input into suitable linguistic variables, requires an extensive understanding 

of the subject area, generally involving a subject matter expert or an appropriate optimization tool. Evolutionary 

algorithms have already been shown to be useful at designing effective fuzzy systems [4], [5], [6]. As a result, an 

implementation of evolutionary fuzzy modelling is described here, followed by its application and evaluation on 

the benchmarked dataset WBCD - Wisconsin Breast Cancer Diagnostic. The flow of research work is mentioned 

below, General overview of the Fuzzy Sets & Fuzzy Systems is presented in Section II. The optimization approach 

is then illustrated in Section III using a simple evolutionary algorithm. Section IV will detail the methodology 

utilised to solve the Wisconsin breast cancer diagnostic (WBCD) challenge, as well as the outcomes obtained. We 

draw some conclusions from the conducted research in Section V. 

2. Fuzzy Systems 

Fuzzy logic is a branch of mathematics concerned with approximate reasoning. By including the concept of degree 

into the condition verification process. The application of fuzzy logic provides more flexibility as well as the 

capacity to account for mistakes and uncertainties. Fuzzy systems use fuzzy logic to make decisions about data. 

To do this, they use a technique that compares each instance's occurrence with one or more entries in the rule 
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base, a single repository for all relevant rules [7]. These rules were developed by experts in the field. The sections 

that follow define the fundamental ideas and concepts. 

2.1. Fuzzy Logic and Sets 

Similar to a normal or a crisp set, a fuzzy set in a universe of discourse can be described by requirements that 

allow for the identification of the elements 𝑥 ∈ 𝑃, The fuzzy set is denoted by P and the universe of discourse is 

represented by U. These criteria are defined by a membership function. 

 𝜇𝑃(𝑥): 𝑈 → [0,1]  Eq. 1 

 Eq. 1 expresses the degree to which 𝑋 is a member of the fuzzy set 𝑃. Fuzzification operation converts a given 

input value 𝑥 to a membership value 𝜆(𝑥). Triangular, trapezoidal, or bell-shaped membership functions are 

frequently used because they provide a straightforward illustration of the fuzzy set they describe. 

We define the fuzzy logic's primary operators using these membership functions. The AND, OR, and NOT 

operators of fuzzy logic can be defined in the same way as their boolean counterparts can. The operations listed 

are a generalisation of Boolean operators, however the Boolean operators cannot be used as is, it needs to be 

reduced to standard operators when fuzzy sets are transformed into crisp sets. There are many different variants 

of AND and OR operators event though that is the case, in this section, the focus will only be on the minimum 

and maximum values. 

 

Fig. 1 Operators AND (on the left) and OR (on the right) 

The NOT (complement) operator, is a widely utilized operator in fuzzy systems. To represent language variables 

such as Low, High, and Cold, fuzzy sets are employed. A crisp value can be subjected to a variety of membership 

functions. A height of 5 ft, for example, might have the membership values Tall = 0.7 and Short = 0.3, indicating 

that it belongs to the Tall and Short sets. Because of this, we are able to readily express some fuzzy conditions, 

like “His hight is tall” then apply fuzzy rules to make judgments that have significant implications. 

 if (input − fuzzy − condition) then (output − fuzzy − assignment)  Eq. 2 

where, 

• (input-fuzzy-condition) is the antecedent 

• (output-fuzzy-assignment) is the consequent 

 Eq. 2 represent the general form of fuzzy rules of a fuzzy inference system. Several rules may be present in a 

fuzzy inference system, and all of them are examined during the reasoning process. As a result of the fact that a 

clear input might potentially belong to a number of distinct fuzzy sets, it is possible to make use of a number of 

rules, each of which has a unique truth level associated with the output fuzzy set. 

Because it is meant to come to an overall single conclusion or finding, we employ an aggregate operation to create 

a single fuzzy set. The OR operation (disjunction) is utilised the vast majority of the time to accomplish this task. 

Then, to have a crisp result, a defuzzification procedure is utilised. The Centre of Areas, often known as centroid, 

and the Mean of Maxima are two extensively used defuzzification procedures. These methods are depicted in fig. 

2. COA is Centre of Area and MOM is Mean of Maxima 
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Fig. 2 Defuzzification 

2.2. Fuzzy Inference Systems 

Various components and sub-systems combine together to make up a fuzzy logic system, which is as follows: The 

following are the four components that make up a fuzzy reasoning engine: (1) a fuzzifier, (2) an inference engine, 

(3) a defuzzifier, and (4) a knowledge base. The fuzzy output is transformed into a clear value by the defuzzifier, 

and the knowledge base acts in the same capacity as a traditional database by storing rule definitions, membership 

functions, and permissible fuzzy operators. 

 

Fig. 3 The Fundamental Building Blocks of Fuzzy Systems 

There are 3 different types of fuzzy systems: (1) Mamdani fuzzy system, (2) Takagi-Sugeno Kang fuzzy system, 

and (3) Signleton fuzzy system. The consequences of their norms distinguish them from one another. The 

Mamdani fuzzy system makes use of the definitions of consequents from the preceding sections, however the 

Takagi-Sugeno Kang uses a function of the input variable as the consequent and the Singleton fuzzy systems 

substitute the consequent with singletons [8]. A consequent is just a fuzzy set whose membership function 

represents it. 

Fuzzy system parameters can be divided into four types [9] based on their function, logical parameters, structure 

parameters, connective parameters, and operational parameters. 

3. Genetic Algorithms 

EAs are algorithms that are motivated by nature and can be used to solve issues by applying Darwinian principles. 

They have the ability to develop increasingly better solutions to a problem by mimicking the practice of natural 

selection on a certain population and employing fundamental mechanisms such as selection, mutation, and 

crossover to do so. The performance of each person in a population was then determined by an objective function 

known as the fitness function. 

The following steps can be used to describe a rudimentary genetic algorithm that makes use of binary numbers: 
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Step 1: In the first phase of the technique, an initial population is generated. Any randomization technique could 

be used for this generation. The size of the initial population will be represented by 𝑛 

Step 2: Evaluating the overall fitness of the individuals that make up the existing population of size n. 

Step 3:  A mating pool is established by selecting k individuals from the initial population to serve as potential 

partners. For all of the decision-making that has to be done throughout this article, we shall use one of the most 

commonly used selection methods in Genetic Algorithms, the roulette wheel selection method. To begin, a scaling 

method is utilised on the fitness of every member of the population, which ultimately results in a scaled fitness 

value of for each person in the population, represented in  Eq. 3 

 𝑓𝑖
′ ∈ [0,1]  Eq. 3 

After scaling, the total is then calculated  Eq. 4, and a random number 𝑟 is produced as a result of this computation.  

 
𝑆 = ∑ 𝑓𝑖

′
𝑛

𝑖=1
 

 Eq. 4 

 𝑟 ∈ [0,1]  Eq. 5 

For a member of the mating pool to be replicated it needs to satisfy the condition in  Eq. 6. 

 𝑓𝑘
′+. . . +𝑓𝑘+1

′ ≤ 𝑟𝑆 ≤ 𝑓𝑘
′+. . . +𝑓𝑘+1

′   Eq. 6 

After that, the procedure is repeated j times. When utilising this tactic, the likelihood of getting chosen is 

determined by a ratio that is proportionate to a scaled fitness value. 

Step 4: Perform the reproduction process (crossover procedure) in order to generate n children. Using a random 

selection procedure, 2 parents are chosen, and a random portion of their DNA is exchanged to produce 2 offspring. 

Step 5: The freshly formed colony of bacteria was subjected to mutation. Every aspect of the individual is 

investigated using the probability pb
, and any of those parts may undergo modification. In the course of this 

research, the value of pb
was determined to be equal to 0.045.  

When the desired number of generations or desired performance has been achieved, we can return to the second 

stage and repeat the process once more. 

4. The Diagnostics Problem & Application - Wisconsin Breast Cancer Diagnosis (WBCD) 

In this part, a classification system based on fuzzy logic for the detection of breast cancer has been built, with the 

data from the WBCD database serving as the foundation [10], [11]. This dataset is a collection of screening data 

collected at the University of Wisconsin Hospital using fine-needle aspiration. These efforts were conducted with 

the purpose of determining whether or not a patient had breast cancer (FNA). When performing this procedure, a 

small-gauge needle is used to drain fluid from a breast lump. Following that, the fluid is examined under a 

microscope. 

It is believed that the following nine properties of a FNA sample are important in the diagnosis of breast cancer: 

• Clump thickness – v1 

• Cell size uniformity – v2  

• Cell shape uniformity – v3 

• Marginal adhesion – v4 

• Single epithelial cell size – v5  

• Bare nuclei – v6 

• Bland chromatin – v7 
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• Normal nucleoli – v8 

• Mitosis – v9 

In order to facilitate the diagnosis, an integer value ranging from 1 to 10 has been ascribed to each characteristic. 

The WBCD database has 699 cases, each of which has been assigned a diagnosis. 16 of these items had an 

uncertain value for one of the attributes listed above, and as a result, they were eliminated from the database used 

in this study. 

Table 1 Sample from Wisconsin Breast Cancer Dataset 

Sl. No. Patient ID v1 v2 v3 v4 v5 v6 v7 v8 v9 Diagnosis 

206 1218105 5 10 10 9 6 10 7 10 5 4 

300 63375 9 1 2 6 4 10 7 7 2 4 

90 1155546 2 1 1 2 3 1 2 1 1 2 

628 1190546 2 1 1 1 2 5 1 1 1 2 

248 145447 8 4 4 1 2 9 3 3 1 4 

In this fuzzy system, the nine properties of FNA samples are employed as inputs, and the system subsequently 

calculates a continuous appraisal value of said malignancy of a particular case based on those inputs. The output 

of the fuzzy system is then used to generate a diagnostic, which can be either benign or malignant. A benign 

diagnosis is assigned a value of 2 and a malignant diagnosis is assigned a value of 4. The outcome of a fuzzy 

system having a value that is less than 3 is classed by the threshold as a benign diagnostic, whereas the outcome 

of a fuzzy system having a value that is larger than 3 is categorized as the malignant diagnosis. The degree of 

confidence that may be inferred from the system's prognosis is shown by the degree to which the outcome of the 

fuzzy system deviates from a value of either 2 or 4. 

4.1. Parameters of a fuzzy system 

The architecture of our fuzzy system must have two features to be a useful computerised diagnosis tool: it should 

be capable of high performance while also being straightforward to read. Those two features are frequently at 

odds with one another. A high-performance system should be able to make a right diagnosis in most situations, 

whereas an interpretable system has to be able to give a detailed explanation of how the evaluation was carried 

out, in addition to supplying a confidence rating for the diagnosis it produces [12]. It's possible that a fuzzy logic-

based system with a considerable number of difficult and strong fuzzy rules and sophisticated membership 

functions may achieve tremendous performance, but due to the complexity of the system, it would have poor 

interpretability. 

Several research has been conducted using the WBCD database. Bennet et al`s work [13] used a linear 

programming model to achieve a 99.6 per cent classification efficiency on a total 487 examples, which they 

reported in their paper. But their diagnosis determinations are opaque, with little explanation as to how they arrived 

at their conclusions. Because of this, we have determined that when designing our fuzzy system, we would take 

the interpretability requirement into consideration. As a result, the fuzzy system must have significantly fewer 

rules and a minimum possible number of variables for each rule, as described above. The following describes the 

configuration of the fuzzy system: 

Input and output membership functions (Input: High or Low; Output: Benign or Malignant) are defined by the 

structural parameters. The user determines the number of rules to be used. 

In the case of connective parameters, the evolutionary algorithm is to be utilised in order to uncover a antecedents 

of criteria for making a diagnosis benign. A default-rule having malignant diagnosis has been designed since at 

least one rule must be utilised for each collection of inputs regardless of the inputs. The evolutionary algorithm is 

responsible for determining the weight and the antecedent to be used. 
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Operational parameters: the GA searches for the input membership-function values using the operational 

parameters. P = 2.7 and d = 0.6 are the fixed values for the output membership values. 

 

Fig. 4  The input membership functions are determined by P and d, the beginning point and edge length. 

4.2. The evolutionary setup 

In order for the evolutionary technique to work properly, it is important to search for several fuzzy-system 

parameters. These parameters include the inputs membership function, antecedents of rules, and weights provided 

to default rules. A conventional genetic algorithm has been used in conjunction with a Pittsburgh-style strategy 

[14]. In this method, each member of a population stands in for the entirety of a fuzzy system, and the job of the 

evolutionary algorithm is to keep a population of candidate fuzzy systems alive and well. Three parameters are 

encoded in the genome of everyone: 

Parameters for the membership-function. For each of the inputs (𝑣1 − 𝑣9), two parameters P and d are specified, 

and these describe the feature of the input membership function, respectively. In the range, the values of P and d 

can be any number between 1 and 8, inclusive. 

A benign rule is of the following structure: if 𝑖𝑓 (𝑣1 𝑖𝑠 𝐴1
𝑖 ) 𝑎𝑛𝑑 … 𝑎𝑛𝑑  (𝑣9 𝑖𝑠 𝐴9

𝑖 ) 𝑡ℎ𝑒𝑛 (𝑜𝑢𝑡 𝑖𝑠 𝑏𝑒𝑛𝑖𝑔𝑛) where 

𝐴𝑗
𝑖 represents the linguistic variable applicable to 𝑣𝑗.  

𝐴𝑗
𝑖 can have one of the following values: Low: 1, High: 2, or Don`t Care: (0 or 3), Don't Care means 𝑣𝑗 will not 

be utilised by our rule. Once a rule has been eliminated from the list of rules because the evolutionary algorithm 

has assigned the value Don't Care to all its antecedents, the rule is no longer considered. 

Parameters for the default rules: The algorithm selects the weight and the index of the suitable antecedent variable 

based on the information provided. Weight and index takes the following constraints 𝑤 ∈ {0.1, … ,1.0} and 𝑘 ∈

{1, … ,9} respectively. 

The evolution first starts out with a population of fixed size, 100. The process of evolution will come to an end 

when the max number of generations has been achieved. The maximum size of the population is represented by 

𝐺𝑚𝑎𝑥. 

The value of 𝐺𝑚𝑎𝑥 = 20 was chosen for this work to keep the processing time as low as possible, however this 

number might be increased if a greater level of performance is desired. The 𝐺𝑚𝑎𝑥 value selection is generally a 

trade-off between the processing time and level of performance. 

During the process of creating the mating pool, a total of 25 individuals were chosen. 

There are three criteria for measuring the performance / outcome of a fuzzy logic system: (1) classification 

performance: 𝐹𝑐, (2) average quadratic error: 𝐹𝑒 (3) number of variables (average) per active rule: 𝐹𝑣.  

In this case, the fitness function of the designed fuzzy system is denoted by the Eq. 7 
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 𝐹 = 𝐹𝑐 − 𝛼𝐹𝑣 − 𝛽𝐹𝑒,  Eq. 7 

where 𝛼 and 𝛽 are tiny empirical values. In this section, we corrected 𝛼 = 0.05 and 𝛽 = 0.01. 

Table 2 Parameter Encoding – Individual Genome 

Parameters Bits Quantity Total Bits Values 

𝑃 3 9 27 {1, … ,8} 

𝑑 3 9 27 {1, … ,8} 

𝐴 2 9𝑁𝑟 18𝑁𝑟 {0,1,2,3} 

𝑤 4 1 4 {0.1, … ,1.0} 

𝑘 4 1 4 {1, … ,9} 

4.3. Results 

One to five harmless rules were given. The evolutionary method was trained using all 683 instances from the 

WBCD database; a future enhancement to this implementation might include the definition of test and training 

sets in order to reduce overfitting. Features exhibited by the developed fuzzy logic system is illustrated in Table 

3 

Table 3 Performance of the Fuzzy System 

𝑵𝒓 1 2 3 4 5 

𝐹𝐶 0.9541 0.9511 0.9401 0.9427 0.9454 

𝑁𝑟 is the number of rules specified, while 𝐹𝑐 denotes the proportion of correctly categorised cases. 

Raising the number of rules doesn't always necessarily boost performance, as demonstrated. By doing a larger 

number of evolutionary runs it can be discovered how the average performance changes as the number of benign 

rules and generations increases. 

Table 4 Parameters - Fuzzy System - One Rule 

 𝒗𝟏 𝒗𝟐 𝒗𝟑 𝒗𝟒 𝒗𝟓 𝒗𝟔 𝒗𝟕 𝒗𝟖 𝒗𝟗 

𝑷  4 1   1    

𝒅  1 5   6    

          

 𝑨𝟏 𝑨𝟐 𝑨𝟑 𝑨𝟒 𝑨𝟓 𝑨𝟔 𝑨𝟕 𝑨𝟖 𝑨𝟗 

𝑹𝟏  1    1    

𝑹𝒅   1       

𝑅𝑑 – default rules with a weight of 𝑤 =  0.3. 

The tables Table 4 and Table 5 illustrate the designed fuzzy systems using one/two benign rules. 𝑃 and 𝑑 are the 

membership functions' parameters.  

When a rule does not use any of the available variables, the parameters related to it become irrelevant and are 

excluded from the subsequent tables. 

The 𝐴𝑖, the rules' antecedents: 𝐴𝑖 = 1 denotes a low value for 𝑣𝑖, whereas 𝐴𝑖 = 2 denotes a high value for 𝑣𝑖. 

Consequently, when our fuzzy systems are optimised with a genetic algorithm, they may attain high performance 

in a reasonable amount of generations. 
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Table 5 Parameters Of The Fuzzy System With Two Rules 

 𝒗𝟏 𝒗𝟐 𝒗𝟑 𝒗𝟒 𝒗𝟓 𝒗𝟔 𝒗𝟕 𝒗𝟖 𝒗𝟗 

𝑷 6  8 1 1 7  5 3 

𝒅 1  6 3 2 5  6 7 

          

 𝑨𝟏 𝑨𝟐 𝑨𝟑 𝑨𝟒 𝑨𝟓 𝑨𝟔 𝑨𝟕 𝑨𝟖 𝑨𝟗 

𝑹𝟏    2 1     

𝑹𝟐 1  1   1  1 1 

𝑹𝒅      1    

𝑅𝑑 – default rules with a weight of 𝑤 =  0.7. 

5. Conclusion 

This paper aims to demonstrate how a genetic algorithm optimization method may be used to create high-

performance fuzzy systems. This procedure was then applied to benchmarked dataset WBCD. The research work 

considers a population of size 100 different individuals and for a total of 20 generations, using this a fuzzy system 

was constructed. This fuzzy system was able to attain a performance rate of 93%  

Future research may involve estimating the average performance of fuzzy systems throughout several 

evolutionary runs. Incorporating a training dataset into the evolutionary algorithms may also be advantageous. 
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