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Abstract— Chromosomes identification is of the paramount 

importance. The centromeric location of chromosomes is used 

to classify different species. Plethora of research has already 

been done in the domain of Bio-inspired computation. 

However, a Bio-inspired variant of Differential Evolution 

(DE) is still not designed. In this work attempt has been made 

for this pursuit and a new variant named as “Chromosomes 
Identification based Differential Evolution (CIDE)” has been 

proposed.  This technique is used to extract the knowledge 

from the databases and it constructs effective and reliable 

decision rules for the purpose of classification.  Further, the 

testing accuracies of proposed CIDE technique has been 

compared with nearest neighbour classifier (1-NN) optimized 

by various existing variants of differential evolution and 1-R 

classifier using six-real datasets, mainly from medical field. 

The experimental analysis reveals the fact that proposed 

technique is superior to 1-NN and 1-R classifier. Over and 

above, Friedman test has also been conducted to validate the 

superiority of proposed CIDE technique. Moreover, the 

proposed CIDE algorithm is also tested on KDDCup’99 
dataset and different parameters such as classification 

accuracy, false alarm rate and precision are computed. 
 

Keywords — Natural Computing; Differential evolution; 

Chromosomes Identification; Data Classification; Network 

Intrusion detection. 

 

 

1. Background 

 

Nature is endowed with diversified phenomena and many of 

them are related with computing. Natural computing is highly 

interdisciplinary domain and it mimics nature inspired 

methodology and techniques. Precisely, it is the amalgamation 

of natural phenomena and computation. This interdisciplinary 

domain is widely used in fundamental research and in 

information sciences [1]. Moreover, different nature inspired 

techniques are used for performing the specific tasks [2-4] 

including the information fusion in offspring generation [5]. 

Further, evolutionary computation (EC) is a peculiar 

ingredient of natural computing and it is motivated by the 

Darwinian theory of evolution [6]. It is pertinent to mention 

that evolutionary algorithm requires parameters specification 

and these specifications are used in the creation of new 

generation [7]. In addition, evolutionary algorithms are greatly 

influenced by the solution of suitable parameter value. 

Broadly, EC can be classified in three streams. These are [8]: 

 

 Evolutionary strategies 

 Evolutionary programming 

 Genetic algorithm     

 

In [9, 10], another aspect of EC is proposed which is 

known as the Differential Evolution (DE). Indeed, the 

mutation process of DE is different from the genetic 

algorithm. The mutation operation of DE is an outcome of 

arithmetic combinations of individuals whereas the mutation 

operation of genetic algorithm creates minor changes in the 

positioning of genes. Perhaps, the good convergence and its 

comprehensiveness renders increased popularity for DE [11]. 

Recent advances in DE are given in [12]. Like any 
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evolutionary algorithm, DE also requires parameters 

specification. Different control parameters used in DE are: 

 

 Population size 

 Scalar factor S  

 Cross over rate (CR).  

 

These parameters substantially affect the efficacy of DE. 

However, selection of control parameter (CP) is time 

consuming and it requires high computational cost. The effect 

of good parameter selection on the convergence of DE is 

given in [13-15]. In [16], the adjustment of CP is performed 

using the problem dependent heuristic rules. A hybrid strategy 

of DE and modified particle swarm optimization for numerical 

solution of a parallel manipulator is given in [17]. 

 

      Further, EC is widely used for solving the problems 

pertaining to the domain of data mining and data reduction 

processes are very useful task within the purview of data 

mining. The two main data reduction techniques are given in 

[18, 19]. These are: 

 

 Prototype selection (PS) 

 Prototype generation (PG) 

 

In PS process a subset of instance is selected from the 

original training dataset and literature survey reveals the fact 

that the PS process can be grouped in to three categories. 

Namely: condensation [20], edition [21], and hybrid methods 

[22]. Condensation method is an attempt to remove those 

instances or examples which do not possess sufficient 

classification capabilities whereas the task of edition method 

is to remove the noisy examples from the datasets. Finally, 

hybrid methods combine the features of both approaches. 

There are different PS techniques in literature e.g., CNN [23], 

ENN [24], IBL [20], and DROP family methods [18], and 

iterative case filtering (ICF) algorithm [25]. Recently, a new 

PS technique is proposed in [21].  

 

    The PG method for data reduction is also known as 

prototype abstraction methods [22]. PG method can perform a 

variety of task. It can select the data, modify the data and even 

more it can perform interpolation and movements of 

instances. An important PG method is given in [26]. 

Moreover, integrated concept prototype learner (ICPL) [22], 

hybrid (HYB) [27], and mixtures of Gaussians (MixtGauss) 

[28] are also the PG method. The deep insight about the PS 

and PG methods are elaborated in [29]. 

 

 In [30-32], it has been mentioned that EC can successfully 

be used for solving the prototype selection and generation 

problem. One popular model for PS problem entails the 

memetic algorithm. It is known as Steady State Memetic 

Algorithm (SSMA) [33]. There are many evolutionary 

algorithms for PG problem. Two main evolutionary 

algorithms based approach to solve the PG problems are 

Evolutionary Nearest Prototype Classifiers (ENPC) [33] and 

Prototype Selection Clonal Selection Algorithm (PSCSA) 

[34]. 

 

From literature survey, it has been revealed that DE 

technique has also been used to solve the PS and PG 

problems. The first attempt at using DE for PG can be found 

in [35].  

 

Further, automated chromosomes classification is of the 

paramount importance and it is an indispensable problem in 

the domain of pattern recognition. Moreover, various machine 

learning and artificial intelligence based approaches have been 

used for this purpose. In [36], different algorithms used for 

chromosomes classification are discussed. Furthermore, 

extensive literature survey revealed the fact that hybrid 

approaches have also been used for the chromosomes 

classification e.g., hybridization of GA and SVM is given in 

[37]. Moreover, genetic algorithm based approaches like 

GABIL [38], GIL [39], and the algorithm given in [40] 

employ a single chromosome which contains multiple rules to 

represent the whole solution. 

 

 The contributions of this paper are enumerated below: 

 

1. An innovative variant of DE is proposed. This variant is 

motivated by the evolutionary technique of chromosome 

identification.  

2. The proposed variant of DE requires no parameter tuning 

and is easy to implement.  

3. The proposed variant of DE is suitable for the PS and PG 

processes. It first performs the PG operation and creates 

artificial data and subsequently PS operation is 

performed. 

 

     Remaining part of the paper has been structured as follow. 

DE and previous works related to DE is depicted in Section 2. 

The phenomenon of chromosomes identification is given in 

section 3 and the proposed Chromosomes Identification based 

Differential Evolution (CIDE) is illustrated in section 4. 

Further, section 5 renders the results and discussions. Finally, 

the concluding remarks are given in section 6. 

 

 

2. Methods 

 

This section will render introductory information of DE. 

Section 2.1 presents the basic information of DE followed by 

the advancement took place in recent past given in Section 

2.2. 

 

2.1 DE 

 

   DE evolves a given initial population. Let NP be a 

stochastically chosen population size with uniform 

distribution and D, G are dimensional parameter vector and 

generation respectively. At G=0, the commencing population  
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{𝑥𝑖,0 =  (𝑥𝑖,01 , 𝑥𝑖,02 , … … , 𝑥𝑖,0𝐷 ) 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2 … 𝑁𝑃} 

 

is randomly sampled from the feasible solution space. At each 

generation G, the encoded candidate solutions can be 

symbolically written as: 

            𝑋𝑖,𝐺 = (𝑥𝑖,𝐺1 , 𝑥𝑖,𝐺2 , … … , 𝑥𝑖,𝐺𝐷 ) 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2 … 𝑁𝑃   
 

Analytically, the minimum and maximum parameter bounds 

of search space can be represented as: 

  𝑋𝑚𝑖𝑛 = {𝑥𝑚𝑖𝑛1 , 𝑥𝑚𝑖𝑛2 , … … , 𝑥𝑚𝑖𝑛𝐷 } 𝑋𝑚𝑎𝑥 = {𝑥𝑚𝑎𝑥1 , 𝑥𝑚𝑎𝑥2 , … … , 𝑥𝑚𝑎𝑥𝐷 } 

 

The initial value of 𝑗th parameter in 𝑖th individual at the 

generation 𝐺 = 0 is generated by  

 

      𝑥𝑖,0𝑗 = 𝑥𝑚𝑖𝑛𝑗 + 𝑟𝑎𝑛𝑑(0,1). (𝑥𝑚𝑎𝑥𝑗 − 𝑥𝑚𝑖𝑛𝑗 ) , 𝑗 = 1,2, , 𝐷  
               (1) 

It is important to mention that rand(0,1) represents is a 

random variable of uniform distribution within the range [0,1]. 

       

DE entails three operations. These are elaborated in 

forthcoming sections 2.1.1, 2.1.2, and 2.1.3. First two 

operations are implemented to create the new vectors. These 

vectors are known as the trial-vectors. Subsequently, selection 

operation decides survival of the vectors for next generation. 

 

2.1.1 Mutation operation 

 

This is the first step after initialization. This operation 

generates mutant vector. At each generation G, DE creates a 

mutant vector     𝑉𝑖,𝐺 = {𝑣𝑖,𝐺1 , 𝑣𝑖,𝐺2 , … … , 𝑣𝑖,𝐺𝐷  } for each 

individual 𝑋𝑖,𝐺  .  𝑋𝑖,𝐺 is called the target vector. The six 

frequently used operators for the purpose of mutation are 

given below. 

 

1.”DE/rand/1”: 
                              𝑉𝑖,𝐺 = 𝑋𝑟1𝑖 +  𝐹(𝑋𝑟2𝑖 ,𝐺 − 𝑋𝑟3𝑖 ,𝐺)                  (2) 

 

2.”DE/best/1”: 
 

                            𝑉𝑖,𝐺 = 𝑋𝑏𝑒𝑠𝑡,𝐺 + 𝐹(𝑋𝑟1,𝐺𝑖 − 𝑋𝑟2,𝐺𝑖 )                 (3) 

 

3.”DE/rand-to- best/1”: 
 𝑉𝑖,𝐺 = 𝑋𝑖,𝐺 + 𝐹(𝑋𝑏𝑒𝑠𝑡,𝐺 − 𝑋𝑖,𝐺) + 𝐹(𝑋𝑟1𝑖 ,𝐺 − 𝑋𝑟2,𝐺𝑖 )            (4)  

 

4.”DE/best/2”: 
 𝑉𝑖,𝐺 = 𝑋𝑏𝑒𝑠𝑡,𝐺 + 𝐹 (𝑋𝑟1𝑖 ,𝐺 − 𝑋𝑟2𝑖 ,𝐺) + 𝐹(𝑋𝑟3𝑖 ,𝐺 − 𝑋𝑟4𝑖 ,𝐺)        (5) 

 

5. “DE/rand/2”: 
 

    𝑉𝑖,𝐺 = 𝑋𝑟1𝑖 ,𝐺 + 𝐹 (𝑋𝑟2𝑖 ,𝐺 − 𝑋𝑟3𝑖 ,𝐺) + 𝐹(𝑋𝑟4𝑖 ,𝐺 − 𝑋𝑟5𝑖 ,𝐺)        (6) 

 

6. “DE/rand- to-best/2”: 
 𝑉𝑖,𝐺 = 𝑋𝑖,𝐺 + 𝐹(𝑋𝑏𝑒𝑠𝑡,𝐺 − 𝑋𝑖,𝐺) + 𝐹 (𝑋𝑟1𝑖 ,𝐺 − 𝑋𝑟2,𝐺𝑖 )                        +𝐹 (𝑋𝑟3,𝐺𝑖 − 𝑋𝑟4,𝐺𝑖 )                                               (7) 

 

In the above equations; 𝑟1𝑖 , 𝑟2𝑖,, 𝑟3𝑖 , 𝑟4𝑖 , 𝑟5𝑖[1, 𝑁𝑃] and F is 

scaling factor. 𝑋𝑏𝑒𝑠𝑡,𝐺  is the vector of highest fitness at 

generation G. 

 

2.1.2 Cross-over operation 

 

     After mutation, DE performs a binomial crossover 

operation. This step is implemented with the target vector 𝑋𝑖,𝐺  

and its mutant vector 𝑉𝑖,𝐺and a trial vector is produced. 

 𝑉𝑖,𝐺 = {𝑢𝑖,𝐺1 , 𝑢𝑖,𝐺2 , … … , 𝑢𝑖,𝐺𝐷 ) 

 

The binomial (uniform) crossover is generally used for this 

purpose. Mathematically, this crossover is given below.  

       𝑢𝑖,𝐺𝑗 = {𝑣𝑖,𝐺𝑗 , 𝐼𝑓 (𝑟𝑎𝑛𝑑 𝑗 [0,1] ≤ 𝐶𝑅)𝑜𝑟 (𝑗 = 𝑗𝑟𝑎𝑛𝑑)  𝑥𝑖,𝐺𝑗 ,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                              
                                                                                              (8) 

Given that 

 

 𝑖=1,2,...,NP  

 𝑗=1,2,....,D 

 𝑗𝑟𝑎𝑛𝑑 [1,D]  

Cross over control parameter CR∈[0,1] 𝑟𝑎𝑛𝑑𝑗(0,1): Uniformly distributed random number 

between 0 and 1 created for each 𝑗. 
 

2.1.3 Selection operation 

 

      This operation is required to choose the better individual 

from 𝑋𝑖,𝐺and 𝑈𝑖,𝐺 .  These better individuals are transferred to 

next generation. The selection operation is given in equation 

(9).  

          𝑋𝑖,𝐺+1 = {𝑈𝑖,𝐺  𝑖𝑓 𝑓(𝑈𝑖,𝐺) ≤ 𝑓(𝑋𝑖,𝐺)𝑋𝑖,𝐺                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒        

                                                                                             (9) 

 

The above 3 steps are recursively called unless and until a 

predefined termination strategy is not achieved. 

 

2.2 Recent advances 

 

Different variants of DE have been proposed in recent past. 

In [41], a new variant of DE called FADE is introduced which 

uses the concept of fuzzy logic for dynamic adjustment of F 

and CR.  Breast et al. [16], introduced a new variant of DE 



 4 

which uses F and CR at individual level. This variant is called 

self adaptive DE (JDE). In [42], normal and Cauchy 

distribution are implemented to create the F and CR. In 

addition, SADE [13] and EPSDE [43] are two different 

variants of DE and these variants incorporate a pool of distinct 

trial vector generation strategies and a pool of values for F 

and CR. Further, in [44], a combination approach of DE is 

introduced and it has experimentally been observed that this 

approach augments the efficacy and versatility. Moreover, in 

[45], a hybridization of DE and estimation of distribution 

algorithm (EDA) is proposed and it has been observed from 

experimental analysis that the hybridization of DE and EDA 

algorithms outperforms the DE and the EDA. In [46], a 

hybridized approach of fuzzy logic controller and genetic 

operator is implemented to set the CP. Stochastic genetic 

algorithm is also proposed which employs stochastic coding 

strategy [47]. In addition, an improved DE with modified 

orthogonal learning strategy is proposed in [48]. 

 

Different strategies for setting the associated parameters are 

also suggested in recent past. In [49, 50], how to avoid 

premature convergence or stagnation is discussed. In [51], an 

innovative mutation operator is introduced to speed up the 

convergence. In [52], trial vector generation strategy and its 

various parameters have been suggested. It is suggested in 

[53] that for the optimum performance of DE, 3D  NP  8D 

should exist and F is not less than the threshold value where 

the threshold value is problem dependent. These conditions 

are required to prevent the premature convergence. Further, in 

[54], it is suggested that the range of F should be from 0.4 to 

0.95. However, 0.9 is considered as a good choice to initiate.  

 

  

3. Chromosome identification  

 

Automated chromosomes identification is an essential task 

in cytogenetic. The chromosomes identification method is 

mainly based on geometric and morphological features. 

Indeed, the locus of centromere plays vital role in 

chromosomes identification.  

 

The history of human chromosome identification is twenty 

years old. In mid-sixties, automated analysis for chromosomes 

identification was initiated in several laboratories [55-57]. 

However, it was observed that scoring an identification 

accuracy above than 70-80% is hard. A comprehensive 

description of nomenclature and method for calculation of 

centromeric location is proposed in [58, 59]. This method of 

calculating the centromeric locations is briefly described as: 

 

Let the complete span of chromosome be 𝑐 and the span of 

longer and shorter arm is 𝑙 and 𝑠 respectively. With the help 

of these parameters, we can calculate the centromeric 

locations in terms of difference 𝑑 , ratio 𝑟 , and centromeric 

index 𝑖. Mathematically 𝑑, r, and 𝑖  can be represented as [59]: 

 

    𝑐 = 𝑙 + 𝑠                                (10) 

                        𝑑 = 𝑙 − 𝑠       (11) 

  𝑟 = 𝑙𝑠                                                (12) 

   

                       𝑖 = 100×𝑠𝑐                                          (13) 

 

In our proposed algorithm, equation (11) is used for 

mutation operator and equations (12) and (13) will be used for 

crossover operation. Further, in selection operation, the 

[𝑑, 𝑟, 𝑖] is selected for rule generation. Fig.1 shows the pattern 

of centromeric locations in different chromosomes and Fig.2 

shows the centromeric position of the chromosomes with 

respect to 𝑑 and 𝑟.  

 

4. Chromosome identification based DE (CIDE) 

 

The concept of chromosomes identification technique as 

proposed by Denver in [59] motivated the authors to construct 

the CIDE technique.  In this technique, each instance or 

example of the dataset is considered as the chromosomes and 

different attributes of the instance are assumed to be different 

segments of the chromosomes. Further, classes are considered 

as different species and attempt has been made to classify 

different classes on the basis of the centromeric location of 

chromosomes.  

 

4.1 The structure of CIDE 

 

The algorithmic details of CIDE are shown in Fig. 3. The 

symbols used in sub-section 4.2 are already explained in 

section 3. 

 

4.2 Implementation details of CIDE 

 

      Table 1 is constructed for the purpose of explanation. This 

table incorporates four attributes 𝐴, 𝐵, 𝐶, 𝐷and three classes 𝑋, 𝑌, and 𝑍.  There are five examples in each class. 

 

Step 1; Mutation:  

 

   The maximum and minimum attribute values are calculated 

for each instance. As per our assumption, the max and min 

attribute values represent the longer and shorter arm of the 

chromosomes. Our mutation operator is based on the equation 

(11). We can represent our mutation operator as:  𝐷𝐸 𝑏𝑒𝑠𝑡 − 𝑡𝑜 − 𝑤𝑜𝑟𝑠𝑡 1⁄⁄  𝑜𝑟 𝐷𝐸 (𝑙 − 𝑠) 1⁄⁄ , where, 𝑙 and 𝑠 

represents longer and shorter arm of chromosome. The values 

of  𝑙 𝑎𝑛𝑑 𝑠 are selected from the range[1, 𝐷], where 𝐷 is the 

dimension of the data set. The mutation operator provides the 

mutated vector e.g., the mutated vector of first example given 

in Table 1can be calculated as: 

 𝑑1 = 𝑙 − 𝑠                                                      = 4.6 − 0.3         

 (i.e., Difference of maximum and minimum attributes values) 

       = 4.3 
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Likewise, other mutated vector can be calculated for other 

examples. All mutated vectors are shown in Table 2. 

 

Step 2: Cross-over:  

 

   In this step we will find the values of  𝑟 and 𝑖 for different 

instances of the dataset by implementing the equation (12) and 

(13). This step produces the trial vector 𝑟 and 𝑖. For example, 

the trial vector r for first instance of Table 1 can be calculated 

as: 

             𝑟1 = 𝑙𝑠 

   = 4.60.3 

                   = 15.33  
The trial vector 𝑟 for different instances of sample table 1 is 

shown in Table 2. We can calculate the trial vector 𝑖 with the 

help of equation e.g. (10) and (13). The chromosome’s length 

of the first example given in table 1 can be calculated as: 

 𝑐 = 𝑙 + 𝑠 
                                      = 4.6+0.3 

                                      = 4.9 
Further 𝑖1 = 100𝑠𝑐            = 100 × 0.34.9   = 6.12 
Similarly, the trial vectors of other examples can be worked 

out. These trial vectors are shown in Table 2. 

 

Step3: Selection:  

      

 This operator generates the min and max values of 𝑑, 𝑟 

and 𝑖 . The lower and upper bounds of 𝑑, 𝑟 and 𝑖 is very useful 

for the purpose of generating the induction rules.  Different 

classification rules obtained for Table 1are given below. The 

min and max values of 𝑑, 𝑟 and 𝑖 obtained after first 

generation are shown in Fig.4. 

 

(a) Based on mutated vector 𝑑: 

 1. (𝑑 < 3.4)  Y. 

 2. (𝑑 > 5.0)  X. 

(b) Based on trial vector 𝑟: 

 1. (𝑟 > 5.0)  X. 

 2. (3.86 < 𝑟 ≤ 5.0) Y. 

     3. (𝑟 < 2.52) Z. 

(c) Based on trial vector 𝑖: 
 1. (𝑖 < 16.66) X. 

 2. (16.66 ≤ 𝑖 < 20.54)Y. 

 3. (𝑖 > 28.40) Z. 

 

These rules are sufficient to classify many instances of the 

sample table 1. It is obvious that instance number 10,11,12,14 

and 15 are still unclassified. Therefore, the second generation 

of CIDE algorithm is required. In second generation of CIDE 

algorithm the second longer value of the attribute is taken as 𝑙 
and the second smaller attribute is taken as s e.g., the value of  𝑙 and 𝑠 will be 3.4 and 1.4 respectively for first example of 

Table 1. Therefore, 

 

  𝑑2 = 𝑙 − 𝑠   
       = 3.4 − 1.4 

                                 = 2.0 

Similarly 𝑟 and 𝑖 can be calculated as: 

 

  𝑟2 = 𝑙𝑠  

 

                                = 3.41.4  

 

      = 2.42  
And 

  𝑖2 = 100×𝑠𝑐   

 

  𝑖2 = 100×1.4(3.4+1.4) 
 
                           = 29.16  
In the same way, 𝑑, 𝑟, and  𝑖  can be computed for other 

instances for second generation of CIDE algorithm. 

 

      It is explicit that the classification rules obtained after the 

first generation are sufficient to classify class X completely 

and many instances of class Y and Z as well. Thus, it is 

genuine to construct only those classification rules from 

second generation which are associated with class Y and Z. 

The min and max of 𝑑, 𝑟, and 𝑖 obtained after second 

generation is shown in Fig.5. Further, we can easily construct 

the following classification rules associated with class Y and 

Z. 

 

(a) Based on mutated vector  𝑑: 

   1. (𝑑 < 0.90) Z. 

(b) Based on trial vector 𝑟: 

      1. ( 𝑟 < 1.42) Y. 

     2. (1.78 < 𝑟 < 1.93) Y. 

(c) Based on trial vector 𝑖: 
 1. (35.48 ≤ 𝑖 ≤ 35.95) Y. 

 2. (𝑖 > 41.30) Y. 

 

Now, all the rules obtained after the first and second 

generation can classify class X and Y completely. Many 

instances of class Z have also been classified but some 

instances of class Z are still unclassified. Therefore, a usual 
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classification rule can be generated for class Z. This rule can 

be written as: 

 

      “If any instance does not follow the above mentioned rules 

implicate class Z”. 

  

4.3 Classification rules of Iris dataset 

 

Iris dataset is taken from [60] for the purpose of 

explanation of CIDE technique. Details of this dataset are 

given in table 3. Following classification rules can be 

generated for this dataset after the first generation with the 

help of Fig.6. 

 

(a) Based on mutated vector  𝑑: 

1. ( 𝑑 < 3.82 𝑜𝑟 𝑑 > 5.6) Virginica. 

(b) Based on trial vector 𝑟: 

1. (𝑟 > 6.0) Setosa. 

2. (4.5 < 𝑟 < 6.0) Versicolor. 

3. (𝑟 < 3.27) Virginica. 

(c) Based on trial vector 𝑖: 
1. (𝑖 < 14.28) Setosa.  

2. (14.28 ≤ 𝑖 < 18.18) Versicolor. 

3. (𝑖 > 23.27) Virginica.  

 

Similarly, rules given below can be obtained after second 

generation with the help of Fig.7. 

 

 (a) Based on mutated vector  𝑑: 

1. (𝑑 < 1.8) Versicolor. 

2. (𝑑 > 2.4) Virginica. 

(b) Based on trial vector 𝑟: 

1. ( 𝑟 < 1.58) Versicolor. 

2. ( 𝑟 > 2.04) Virginica. 

(c) Based on trial vector 𝑖: 
1. (𝑖 < 18.18) Versicolor. 

2. ( 𝑖 > 23.27) Virginica. 

 

The classification rules obtained after the first generation will 

classify some instances of each class. Similarly, the 

classification rules obtained in second generation will again 

classify some new instances of different classes. In this way, 

we can construct the classification rules generation after 

generation and some new instances will be classified in each 

generation. Therefore, it is obvious that for a given dataset the 

cumulative classification accuracy of all generation will 

render substantially good result. Fig.8 and Fig.9 shows the 

subsequent scenario of first and second generation of CIDE 

algorithm for iris dataset. 

 

 

4.4 Convergence analysis of CIDE 

 

Many researchers have been investigated the limit 

behaviour of DE’s population. The main issue of their 
research was to find that under which assumptions it can be 

guaranteed that DE or its variants can reach an optimal 

solution [61]. The convergence in probability can be used for 

the convergence analysis of different DE variants. 

Our proposed DE variant i.e., CIDE can be considered as 

an optimization problem in which we have to optimize the 

min i.e., lower bound (LB) and max i.e., upper bound (UB) of 

mutated vector 𝑑, trial vector 𝑟 and 𝑖. Mathematically, this can 

be described as: 

 𝐿𝐵 = {𝑓(𝑥1, 𝑥2,𝑥3): 𝑥1 ∈ 𝐴𝑑𝐺,𝑥2 ∈ 𝐴𝑟𝐺,𝑥3 ∈ 𝐴𝑖𝐺} 

 

Where 𝐴𝑑is the set of mutated vector,  𝐴𝑟 and 𝐴𝑖be the set of 

trial vector. 𝐺 = 1,2, … , 𝑁𝑃 is the number of generation. 

Similarly, we have to optimize the given problem. 

   𝑈𝐵 = {𝑓(𝑥′1, 𝑥′2,𝑥′3): 𝑥′1 ∈ 𝐴𝑑𝐺,𝑥′2 ∈ 𝐴𝑟𝐺,𝑥′3 ∈ 𝐴𝑖𝐺} 

 

Here 𝑓(. , . , . )is the objective function. 

 

       Let 𝑆 be a measurable space. We can consider 𝑆 similar to 

a dataset whose different attributes or features are 𝐴𝑑𝐺,𝐴𝑟𝐺, 
and 𝐴𝑖𝐺 .  Further, different instances or examples can be 

obtained by calculating 𝐴𝑑𝐺,𝐴𝑟𝐺, and 𝐴𝑖𝐺  for𝐺 = 1,2, … , 𝑁𝑃. 

Therefore, we can say that {(𝑥1, 𝑥2,𝑥3), (𝑥′1, 𝑥′2,𝑥′3)}  ∈ 𝑆 and 𝑆 is bounded. The optimal solution set which consists of 𝐿𝐵 

and 𝑈𝐵 𝑜𝑓 𝐴𝑑𝐺,𝐴𝑟𝐺, and 𝐴𝑖𝐺  is denoted as 𝑆∗. 

 𝑆∗ = {(𝑥1, 𝑥′1), (𝑥2,, 𝑥′2,), (𝑥3, 𝑥′3)} 

                           =𝑥∗ 

Here, 𝑥∗ is the collection of 𝐿𝐵 𝑎𝑛𝑑 𝑈𝐵of 𝐴𝑑𝐺,𝐴𝑟𝐺, and 𝐴𝑖𝐺 . 
       Let µ(. ) be a function which implicates the measure of 

space 𝑆. Perhaps µ(𝑆∗) = 0, which reflects the fact that set 𝑆∗ 

is with measure zero. Precisely, we can say that this will be 

the situation when 𝐿𝐵 = 𝑈𝐵 for mutated vector 𝐴𝑑𝐺,trial 

vector 𝐴𝑟𝐺, and 𝐴𝑖𝐺for every class of the dataset. Therefore, 

keeping the accuracy of practical problem in view, we can 

assume an expanded set 𝑆𝛿∗ such that(𝑈𝐵 − 𝐿𝐵) > 𝛿, where 𝛿 

is positive value. We can work out the appropriate value of 𝛿 

so that accuracy of classification rules can be increased and 

render the condition  µ(𝑆∗) > 0. 

 

     The asymptotic convergence of algorithm can be defined in 

number of ways for the purpose of analysis. Attempt has been 

made to define the convergence in terms of probability below. 

We will use this definition for the analysis of CIDE algorithm. 

 

Definition [62] 

   

     Let {𝑋(𝑡), 𝑡 = 0,1,2, … } be a series of population created 

by DE for solving the optimization problem 𝑚𝑎𝑥{𝑓(𝑥), 𝑥 ∈𝑆}. Then the condition for its convergence to global optimum 

is given by: 

              lim𝑡→∞ 𝑝{𝑋(𝑡) ∩  𝑆𝛿∗ ≠ ∅} = 1          (14) 
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Let us give a sufficient condition for the global convergence 

of DE. 

 

Theorem [62] 

 

      Consider using DE to solve the optimization 

problem  𝑚𝑎𝑥{𝑓(𝑥), 𝑥 ∈ 𝑆}. In the 𝑡𝑘𝑡ℎ target population 𝑋(𝑡𝑘),  individual 𝑥 (at least one). Further, with the help of 

reproduction operator the individual 𝑥 will map to the trial 

individual 𝑦, such that 

 

             𝑝{𝑦 ∈ 𝑆𝛿∗} ≥ 𝜁(𝑡𝑘) > 0                                       (15) 

 

And the series∑ 𝜁(𝑡𝑘)∞𝑘=1  diverges; then DE converges to the 

optimal solution set 𝑆𝛿∗. 

          Where {𝑡𝑘 , 𝑘 = 1,2, … } is the natural number, 𝑝{𝑦 ∈𝑆𝛿∗} is probability of 𝑦   𝑆𝛿∗, where 𝑆𝛿∗ is the optimal solution 

set.  𝜁(𝑡𝑘) is a small positive value  which can alter as 𝑡𝑘. 

      Our proposed algorithm generates artificial data after the 

prototype generation. Indeed, after every generation proposed 

algorithm generates an artificial data which is the measurable 

space 𝑆 as already discussed. We can say that 𝑆 = 𝑋(𝑡) as 

given in eq. (14). Further, it has already been declared that 𝑆𝛿∗ 

is a set which contains 𝐿𝐵 and  𝑈𝐵𝑜𝑓 𝐴𝑑𝐺,𝐴𝑟𝐺, 𝐴𝑖𝐺 . 

    Let 𝑆1 be the measurable space and ( 𝑆𝛿∗)1be 𝐿𝐵 and 𝑈𝐵 𝑜𝑓 𝐴𝑑𝐺,𝐴𝑟𝐺, 𝐴𝑖𝐺  obtained after the first generation of 

CIDE algorithm respectively. Then it is obvious that ( 𝑆𝛿∗)1is 

contained in 𝑆1 i.e.,( 𝑆𝛿∗)1 ⊆ 𝑆1. Similarly, it will also be true 

that ( 𝑆𝛿∗)2 ⊆ 𝑆2and so on. Therefore, the condition given in 

eq. (14) will always be satisfied. Further, it is obvious that the 

probability 𝑝{𝑦 ∈ 𝑆𝛿∗} will always be equal to one because 𝑆𝛿∗ ⊆ 𝑆 is true for every generation. Therefore, the sufficient 

condition of convergence given in eq. (15) will also be 

satisfied. Thus, we can infer that the proposed CIDE 

algorithm converges to global optimum. 

 

4.5 Asymptotic analysis 

 

 The runtime complexity analysis of DE algorithm is hard 

because of its non-predictable nature [63]. However, 

following the work of Zielinski et al., [64] we note that the 

average runtime of a standard DE algorithm is    𝑂(𝑁𝑃, 𝐷, 𝐺𝑚𝑎𝑥) where 𝐺𝑚𝑎𝑥 is the highest digit of 

generations. Further, in [65] it is given that the runtime 

complexity of different DE variants like DE/rand To best/1, 

DEGL etc also possesses the average runtime complexity 

of 𝑂(𝑁𝑃, 𝐷, 𝐺𝑚𝑎𝑥). Furthermore, the runtime complexity of 1-

R is 𝑂 (𝑛) while there is 1- rules and n-features. In addition, 

the runtime complexity of 1-R is O (n2) while 1-rule pairs. 

Perhaps, it can inhibit 1-R as a viable tool. 

 

 In proposed CIDE algorithm, finding the max and min 

quantity of each attribute considering all instances will have a 

runtime complexity of 𝑂(𝐷); where D is the number of 

attributes of the dataset. Further, total runtime complexity of 

NP population will be 𝑂(𝑁𝑃, 𝐷); therefore, for 𝐺𝑚𝑎𝑥  i.e., the 

highest digit of generation, net runtime complexity of CIDE 

will be𝑂(𝑁𝑃, 𝐷, 𝐺𝑚𝑎𝑥). 

 

4.6 Limitations of CIDE 

 

 It is explicit from previous discussion that the proposed 

CIDE technique performs its computation based on maximum 

and minimum attribute values. However, this technique has its 

own limitations as given below. 

 

 In some datasets, the maximum and minimum attribute 

values of the first generation are very close to the 

maximum and minimum attribute values of the second 

generation. This will render the difference (d) obtained 

during mutation i.e., step 1 for all instances of different 

classes in first generation in closed vicinity of the value 

of d obtained in second generation. Similar is the case for 

trial vector r and i calculated during the crossover 

operation i.e., step 2. Finally, in selection operation i.e., 

step 3 we generate the lower and upper bound of d,r, and 

i for the purpose of constructing the classification rules. 

Thus, it is intuitive to visualize that if the maximum and 

minimum attribute values of the first generation are very 

close to the maximum and minimum attribute values of 

the second generation then efficiency of classification 

rules constructed during the selection operation will not 

display the substantial classification accuracy. This fact is 

also valid if the maximum and minimum attribute values 

of second generation are very close to the third generation 

and so on. This can be considered as the main limitation 

of the proposed algorithm. 

 It is explicit that if the number of attributes in the dataset 

is less then the number of generations take place will also 

be less. Eventually, it will result in less number of 

classification rules obtained. This can also cause 

mitigation in classification accuracy. 

 

5. Experimental Results and Discussion 

 

    The performance of CIDE algorithm has been checked 

experimentally on six actual datasets given in [60]. Properties 

of these datasets are given in Table 3. The fivefold cross-

validation is used for partitioning the datasets and the mean of 

five results obtained from fivefold cross-validation is 

calculated which produces a single result.  

Further, the classification accuracy of proposed algorithm is 

compared with different state-of-art variants of DE. Different 

variants of DE are used to optimize the nearest neighbour 

(NN) classifier [65] and 1- NN is considered as the basic of 

performance. Brief descriptions of algorithms used for the 

purpose of comparison are given in sub-section 5.1. 

 

5.1 Characteristics of algorithms 
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   Following algorithms are used for the purpose of 

comparison with CIDE. 

 

 DE/Rand/1/Bin 

 DE/Best/1/Bin 

 DE/RandToBest/1/Bin 

 DE/Best/2/Bin 

 DE/Rand/2/Bin 

 DE/RandToBest/2/Bin 

 1-R 

 

The mutation operators for these variants of DE have been 

given in Section 2. In addition to these variants of DE, we 

have also included four recent variants of DE in our 

experimental analysis. These four most recent DE algorithms 

are briefly introduced in forthcoming sub-sections. 

 

5.1.1 Self-adaptive DE 

 

In [13], a new variant of DE known as SADE is proposed 

which reduces the excessive search time. Four mutation 

strategies are implemented in this variant. These four mutation 

strategies are given in (Eqs. (2), (6), (7), (9)) that are called 

candidate pool. 

 

5.1.2. Adaptive DE with optional external archive (JADE)  

 

     JADE is proposed in [42]. In this variant, normal and 

Cauchy distribution are implemented. These distributions are 

used to create the scaling factor (𝐹) and crossover rate (CR). 

This variant of DE uses the recent successful 𝐹 and CR for 

getting the information. Further, this information is used for 

creating the new 𝐹 and CR.      

 

5.1.3. DE with neighbourhood-based mutation operator 

(DEGL) 

     
      DEGL variant is introduced in [66]. In this variant 

neighbourhoods scheme is used. Further, “Local” and 

“Global” neighbourhood are incorporated in this variant for 

the purpose of mutation. In addition, two kinds of mutation 

operators are also used. This variant implements a new 

parameter, known as “scalar weight”. Like other adaptive 

methods, this method employs a different scheme for 

adaptation.  

 

5.1.4 DE with Scale factor local search (SFLSDE) 

 
In [67], SFLSDE is introduced. In this variant two local 

search is implemented. These are: scale factor golden section 

(SFGSS) and scale factor hill-climb (SFHC). In SFLSDE, trial 

vector 𝑈𝑖,𝐺 is worked out by the five numbers chosen 

randomly. Mathematical expressions are given below. 

 

𝐹 = { 𝑆𝐹𝐺𝑆𝑆                                          𝑖𝑓 𝑟𝑎𝑛𝑑𝑠 < 𝜏3𝑆𝐹𝐻𝐶                                  𝑖𝑓𝜏3 ≤ 𝑟𝑎𝑛𝑑5 < 𝜏4{  𝐹𝑙 + 𝐹𝑢. 𝑟𝑎𝑛𝑑1 𝑖𝑓𝑟𝑎𝑛𝑑2 < 𝜏1   𝐹𝑙                     𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝑖𝑓𝑟𝑎𝑛𝑑5 < 𝜏4 

 

          (16) 

 

 𝐶𝑅𝑖 = {𝑟𝑎𝑛𝑑3  𝑖𝑓𝑟𝑎𝑛𝑑4 < 𝜏2𝐶𝑅𝑖            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

         (17) 

 

In this experiment we used two mutation strategies for 

SFLSDE. These are DE/Rand/1/Bin and 

DE/RandToBest/1/Bin.  

    

 

5.2 Parameter specification 

 

 Specification of various parameters used is shown in 

Table 4. These specifications are suggested by the developer 

of different variants.   Authors have considered these specified 

parameters in every problem. It is pertinent to mention that 

this work is motivated by the research given in [68]. 

Therefore, the algorithm and parameters considered are 

similar to [68]. 

  
5.3 Analysis of the Results 

 

    The average classification accuracies obtained after five 

fold cross-validation of selected algorithms for six datasets are 

given in Table 5. The bold result in each column shows the 

best value obtained. 

 

    Our validation results show that for iris dataset the 

proposed CIDE algorithm displays maximum testing accuracy 

i.e., 86.66%. The second best testing accuracy for this dataset 

is 85.94% which is shown by 1-R. Further, for wine dataset 

we observed different pattern of testing accuracies for 

different algorithms. For wine dataset SADE (Learning 

Period=50) renders a maximum testing accuracy of 80.02% 

while the second best testing accuracy for same dataset is 

obtained by 1-R. This algorithm provides a testing accuracy of 

79.96% which is very near to the validation accuracy obtained 

by SFLSDE/ReadToBest/1/Bin. Our proposed CIDE 

algorithm also performs well for new-thyroid dataset and 

displays a validation accuracy of 83.72% which is very close 

to the best result. For breast dataset, proposed algorithm again 

produces best validation accuracy of 84.38%. However, 

SADE (Learning Period=100) algorithm also produces a 

considerably good result for breast dataset which is 83.14%. 

Moreover, for Wisconsin dataset the performance of SADE 

(Learning Period=50), SADE (Learning Period=100), 

SFLSDE/Read/1/Bin, SFLSDE/ReadToBest/1/Bin, and CIDE 

produce almost similar results but the result produced by 

SADE (Learning Period=100) is comparatively better. 
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    The standard deviations (SD) of these algorithms in five 

fold cross-validation are displayed in Table 6. The mean SD 

of CIDE technique for all six datasets is 2.39 and 

comparatively it is lowest. 

 

5.3.1 Friedman test 

 
In [69], it has been mentioned that statistics is of the 

paramount importance to validate the innovative method. 

Therefore, Friedman test is conducted for this purpose. 

Ranking of the algorithms for different datasets are shown in 

Table 7. 

 

   This test compares 𝑅𝑗 = (1𝑁) ∑ 𝑟𝑖𝑗𝑖  where, 𝑅𝑗 is the average 

rank of algorithms. If we have 𝑘- algorithms and 𝑁 datasets 

then the 𝑟𝑖𝑗
represents the rank of 𝑗𝑡ℎ of  𝑘 algorithms on the 𝑖𝑡ℎ of 𝑁 datasets. It is important to mention that as per the null 

hypothesis algorithms are entirely equivalent. It implicates 

that ranks 𝑅𝑗 is equal. The mean rank 𝑅𝑗 = 8.99. The 

Friedman statistic can be calculated using  𝜒𝐹2 =( 12𝑁𝑘(𝑘+1)) [∑ 𝑅𝑗2𝑖 − 𝑘(𝑘+1)24 ] . Further, 𝜒𝐹2 with (𝑘 − 1) is 

considered for the purpose of distribution. It is important to 

mention that (𝑘 − 1)  is the ‘degree of freedom (DF)’. It has 

been observed that 𝜒𝐹2 = 77.04. In addition, in [70], a better 

statistic𝐹𝐹 = (𝑁−1)𝜒𝐹2𝑁(𝑘−1)−𝜒𝐹2 is used and in this statistic the 𝐹- 

distribution is considered. Moreover, in this distribution(𝑘 −1)and (𝑘 − 1)(𝑁 − 1) are the number of DF. The 𝐹𝐹= 

20.31and 𝐹𝐹 is distributed as per 𝐹-distribution. The number 

of DF calculated is 17 − 1 = 16 and (17 − 1)(6 − 1) = 80. 

Over and above, the ‘critical value’ of 𝐹(16,80) at the ‘level 

of confidence’ 𝛼 = 0.05 is 2.08 which suggest the rejection of 

null-hypothesis. Detailed information regarding 

implementation of Friedman test is given in [71].  

 

6. Experimental Results and Analysis for KDDCup’99 
Dataset 

 

Network security is of the paramount importance in order to 

keep confidential data and information safe from unauthorized 

third party access [72, 73]. Network Intrusion Detection 

System (NIDS) is a succinct domain of research. Perhaps, it is 

due to the fact that this tackles miscellaneous possibilities and 

issues of the real-time applications for the purpose of network 

security. The NIDS detects the intrusion and send the 

information to the authority [74, 75]. Role of swarm and 

evolutionary algorithms are discussed thoroughly in [76]. 

 

The performance of CIDE algorithm has also been checked 

experimentally for the intrusion detection dataset 

KDDCup’99[77]. There are 4,898,430 labelled and 311,029 

unlabeled connection records in the dataset. The numbers of 

attributes in labelled connection records are 41. Different 

types of attacks for labelled records of KDDCup’99 dataset 
are depicted in Table 8. Further, Table 9 entails the complete 

list of the set of features of this dataset. It is important to 

mention that in Table 9 c and s stand for continuous and 

symbolic respectively. 

This dataset incorporates one type of normal data and 22 

different attack types categorized into four classes. These four 

classes are given below.   

 

 Denial of Service (DoS): In this attack, attacker 

attempts to stop legitimate users from using a service.   

 Probe: In this attack, attacker strives to elicit 

information about the target host.   

 User-to-Root (U2R): In this attack, attacker has local 

access to victim machine and attempts to obtain 

privileges of super user.   

 Remote-to-Login (R2L): In this attack, an attacker 

attempts to get access of victim’s machine even he 
does not have account on the victim machine.  

 

In this experimentation, 10% of the entire KDDCup’99 
labelled dataset is taken for experimentation purposes. It 

includes 4, 94,020 records and 41 features. The distribution of 

connections types for this dataset is shown in Table 10. The 

most substantial drawback of KDDCup’99 dataset is number 

of redundant instances. Presence of redundant instances 

renders the training of learning algorithm difficult. The overall 

effect of these redundant instances makes the learning 

algorithm biased towards the frequent instances and restricts 

the learning from infrequent instances. This phenomenon is 

harmful to networks. Therefore, to cope with this problem 

duplicate instances are removed and selected random sample 

of 10% normal data and 10% Neptune attack in DoS class. 

This comprises of 8783 normal instances, 7935 DoS instances, 

2131 Probe instances, 52 U2R instances and 999 R2L 

instances. Four new sets of data are generated with the normal 

class and four categories of attack as mentioned earlier (DoS, 

Probe, U2R, and R2L). It is important to mention that in each 

data set, instances with the same attack category and 10% 

normal instances are included, where each dataset has its own 

distribution of categories of instances [77]. 

 

The performance metrics like accuracy, false alarm rate, and 

precision are registered for different DE variants and CIDE 

algorithm. The formulae used to calculate these metrics are 

given below.   

 

Accuracy = (TP + TN) / (TP + FP + TN + FN)  (18)  

False Alarm Rate = FP / (TN + FP)     (19)  

Precision = TP / (TP + FP)     (20) 

 

Table 11 shows the classification accuracies (A), false alarm 

rate (B) and precision (C) of DoS+10% Normal and 

Probe+10% Normal datasets. For Dos+10% normal dataset 

and Probe+10% Normal, the classification accuracy and 

precision are highest for proposed CIDE algorithm. For 

Dos+10% normal dataset, the classification accuracy and 

precision are 83.68% and 84.56% respectively and for 

Probe+10% Normal dataset, the classification accuracy and 

precision are 85.57% and 86.87% respectively. 



 10 

 
Table 12 shows the classification accuracies (A), false alarm 

rate (B) and precision (C) of R2L+10% Normal and 

U2R+10% Normal datasets. The SADE (Learning Period = 

50) algorithm shows the highest classification accuracy and 

precision for R2L+10% Normal dataset. These are 79.02% 

and 80.12% respectively. However the values of classification 

accuracy and precision for proposed CIDE algorithm are also 

very close to SADE (Learning Period = 50) algorithm. For 

CIDE algorithm the values of classification accuracy and 

precision are 77.65% and 79.86% respectively. 

 

In contrast, for U2R+10% Normal dataset, the JADE 

algorithm renders the highest classification accuracy and 

precision. The JADE algorithm shows 82.88% classification 

accuracy and 84.03% precision for U2R+10% Normal. 

However, the classification accuracy and precision of 

proposed CIDE algorithm are 82.62% and 84.03% 

respectively. 

 

Classification accuracies, false alarm rate and precision of 

these datasets are also illustrated in Fig. 10. 

 

7. Conclusions 

 

   The proposed CIDE technique renders the processes of 

prototype selection and prototype generation and requires no 

parameter tuning and thus it is easy to implement. 

Experimental analysis reveals its superiority with selected 

classifiers. The performance of proposed CIDE algorithm is 

also satisfactory for KDDCup’99 dataset. The experimental 
results render the substantial better classification accuracy and 

low false alarm rate for IDS. The future research scope of this 

work is pervasive. It can be used within the purview of 

medical domain for the purpose of disease classification and 

prediction. Further, implementation of proposed technique in 

the pursuit of anomaly detection can also be considered as 

subsequent future research work. 
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Figures

Figure 1

See image above for �gure legend

Figure 2

Interrelation of d, and r for different chromosomes



Figure 3

Algorithmic description of CIDE



Figure 4

Rule extraction from sample data after the �rst generation of CIDE (a) from (b) from (c) from i

Figure 5

Rule extraction from sample data after the �rst generation of CIDE (a) from (b) from (c) from i



Figure 6

Rule extraction from iris data set after the �rst generation of CIDE algorithm (a) rule extraction on the
basis of (b) rule extraction on the basis of (c) rule extraction on the basis of i

Figure 7

Rule extraction from iris dataset after the second generation of CIDE algorithm (a) rule extraction on the
basis of (b) rule extraction on the basis of (c) rule extraction on the basis of i



Figure 8

Scatter plot for the distribution of mutated vector d, trial vector r, and trial vector after the �rst generation
of CIDE for iris dataset 

Figure 9

Scatter plot for the distribution of mutated vector d, trial vector r, and trial vector after the second
generation of CIDE for iris dataset 



Figure 10

Bar graph of classi�cation accuracy, false alarm rate and precision (a) Dos+10% Normal (b) Probe+10%
Normal (c) R2L+10% Normal (d) U2R+10% Normal

 


