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ABSTRACT 
 
Software testing is used to increase the confidence of the programmers in the 
correctness and reliability of software. However due to limited resources, time and 
cost constraints, the software could not be tested on all input values. Therefore a 
realistic goal for software testing would be to maximize the probability of finding 
errors using a limited number of test cases, within minimum time, effort, cost and 
resources. To meet this goal, a number of methods like random test-data 
generation, symbolic test-data generation, dynamic test-data generation, and 
meta-heuristic search have been suggested in literature to solve this problem.  
However, most of study in software testing is focused on white box testing in 
which an adequacy criterion is used to generate a test suite for the software. This 
study proposed a mutation testing based study to improve the fault detection 
capability of any test suite using elitist genetic algorithm. An experimental study 
has also been conducted to verify the proposed approach over three programs. 
From the results of the experiments, it can be acknowledged that our approach is 
far better than the previously stated algorithm, that is randomized algorithm and 
genetic algorithm for test data generation and fault detection capability of test 
data. 
 
Key words: Mutation testing, genetic algorithm, test suite, elitist genetic 
algorithm, optimization. 

 
 
INTRODUCTION 
 
The role of software testing is very significant for 
maintaining the quality of software, which can be enhanced 
by minimizing the total number of errors present in the 
software. Most of the study on software testing is focused 
on white box testing, in which an adequacy criterion is used 
to generate a test suite for the software (Badlaney et al., 
2006). Generally, test suite is generated based on coverage 
criteria, as it is not easy to predict the fault detection 
capability of this test suite. Further, it may be possible that 
the test suite. that is generated on some coverage criterion 
is not up to the mark and can only be useful if its fault 
detection capability can be improved (Geist et al., 2008; 
Ayari et al., 2007; Mathur, 1994).  In mutation testing, the 
fault detection capabilities of test cases are measured by 
calculating the mutation score for each individual test case 
and mutation scores of initial and final test suits are 
compared to check whether the newly generated test suite 
is better than initial test suite or not, in terms of fault 

detection capabilities. In the present study, an approach has 
been proposed to improve the mutation score of initial test 
suite. For this purpose, elitist genetic algorithm has been 
applied to search the test cases with high mutation score. 
Initial test suite works as an initial population for elitist 
genetic algorithm and Mutation score of each test case is 
taken as fitness of that test case. The proposed method can 
be used to improve quality of any test suite. A brief 
overview of mutation testing and genetic algorithm is given 
in next section. 
 
 
Mutation testing 
 
Paul E. Black (2013) has come up with a modified 
technology to check the coverage area of generated test 
suite irrespective of implementation details. Modification is 
done in the technology created by NIST to generate the test 
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suite based upon the model checking and specification 
mutation. This is a three step process in which it first 
models the behavior of software as a finite state machine. 
Secondly, derivation of requirements from finite state 
machine. Third step identifies the mutants that are not 
correct properties. With several commercial tools 
incorporating model-based test generation, NIST’s work 
helped lay the foundation for widely-used techniques. 

Peter et al. (2013). tried to minimize the effort required 
to analyze the result of mutation testing. H used coverage 
discounting technique for mutation analysis. Author 
automated coverage discounting by using it for mutation 
analysis of an RTL design.  He proposed a confidence metric 
and confidence-directed simulation ordering.  The most 
direct way to reduce the cost incurred in discounting with 
respect to mutation analysis is to limit the number of 
mutants simulated or the number of tests simulated per 
mutant. Proposed approach shifts the focus from selecting 
tests/mutants that approximate the final mutation 
coverage metric to selecting tests that help the discounted 
coverage converge faster.  

Testing of a software product line is a challenging task 
due to presence of large number of products. Proposed 
scheme examined the ability of test cases to detect the 
errors induced by taking a specific set of products for test 
suite generation. Henard et al. (2013) proposed a mutation 
analysis approach for software project line based on feature 
models. It is the first mutation analysis approach applied in 
the context of software product lines. In addition, this 
approach has been evaluated towards similar and 
dissimilar test suites to evaluate whether dissimilar test 
suites bestow a higher mutant detection rate than similar 
ones. The benefit of dissimilar test suite is that they are 
allowed to drastically decrease the number of products to 
test.  Software product lines (SPL) are families of product 
sharing similarities and differences in re-usabilities of 
software.  

Mutation analysis and genetic algorithm are used in the 
proposed method for generating the software test cases. 
Random generation of test cases is done and then refined 
using genetic algorithm. Mutation score is measured to 
decide adequacy of test cases set, these mutation score was 
given on the basis of mutation analysis of software testing.  
Author focused on unit testing to automatic generation of 
software test cases.  The proposed scheme is tested with c 
program which is only adequate for the numerical data due 
to difficulty in generation of boundary values for non-
numeric data. A limited number of mutant operators are 
considered to automatic generation of test cases. Proposed 
procedure which is build with genetic algorithm is 
generating high quality test case sets than those without 
GA. 

This work proposes μTIL, a method dedicated to AFL to 
generate a statically test inputs, based on constraint solving 
and mutation testing. Mutants are used where the locations 
of injected faults are known; the length of AFL test suite is  

 
 
 
reduced significantly while retaining its accuracy. To 
achieve the motivation mentioned earlier, a two-fold 
statistical generator objective is used. First to produce each 
feasible path of the program with same probability, 
secondly the sub-domain associated to each feasible path is 
uniformly covered. Using several widely used ranking 
techniques (that is, Tarantula, Jaccard, Ochiai), Mickael et al. 
(2012) show on a small but realistic program that a proof-
of-concept implementation of μTIL can generate test sets 
with significantly better fault localization accuracy than 
both random testing and adaptive random testing. Test 
suite properties help improve the fault localization 
accuracy of AFL technique, which leads to more cost 
effecting debugging. 

The detection of faults by first mutating the source code 
and then testing the mutant program is called mutation 
testing. Mutation testing is more efficient in finding faults 
than other types of testing. According to mutation testing, 
the test case is considered to be good if it kills one or more 
mutants, by producing different outputs from the original 
program (Masud et al., 2005). Mutation testing is also used 
to identify the adequate test data which can uncover faults. 

The mutation testing involves the deliberate 
instrumentation of faults into the original program by 
applying few syntactic changes in original program 
(Hamlet, 1977). The modified version of program is called 
‘mutant’. Similarly, several mutated copies of original 
program are generated. On the basis of outputs generated 
by mutants and the original program, a mutant is killed or 
alive. If output of both programs is same then mutant is said 
to be alive else if outputs are different it is said to be killed. 
For instance consider following program code P: 
 

z=x + y 
 

Here, if operator ‘+’ is changed with some other operator 
say ‘*’, the program would be called mutant program. One 
of the possible mutant programs (M1) of the original 
program can be as follows: 
 
z=x * y  
 
If the value of x=2 and y=2, then it is very clear that original 
program P and mutant program M1 will produce same 
output and the mutant will remain ‘alive’. This mutant 
under the above test case is equivalent mutant. 

To check the fault detection capability of any test case X, 
mutants of original program generated by replacing the 
operators with mutant operator. Then equivalent mutants 
are identical, if they are producing the same value even 
after changing the operator. Therefore, mutation adequacy 
criteria or mutation score of test case (x) can be calculated 
as follows: 
 

 

                                   (100) d                   
Mutation score (X) =      
                                   N – eq         (1) 



Engineering and Technology Research; Kumar et al.        003 
 

 
 
Where: d= the total number of killed mutants, N=total 
number of mutants generated, eq= equivalent mutant. 
 
 
Elitist genetic algorithms (EGA) 
 
An elitist genetic algorithm (EGA) is updated version of 
simple GA. In EGA, an additional storage is used to store 
good solutions generated in previous generation (Mishra et 
al., 2010). Genetic algorithm (GA) mimics the process of 
natural evolution and applies the principles of evolution 
found in nature to find an optimal solution for optimization 
and search problems. In GA, a population of solutions (each 
called a chromosome), which are encoded as binary strings 
of 0s and 1s evolve toward an optimal solution as already 
explained earlier. 
 
 
Proposed approach 
 
To improve the fault detection capability of existing test 
cases, the problem is formulated as an optimization 
problem. The main goal of this optimization problem is to 
generate a set of test cases that has high mutation score. In 
first step, best test cases which were generated by EGA are 
supplied as an initial population. Then for each test case, 
the proposed approach is used for calculating mutation 
score. First faults are introduced in the program ‘P’ under 
test by replacing the mutant operator. To the instrument 
the fault in program ‘P’, the program ‘P’ is decomposed in 
‘N’ (1…N) numbers of units say U1, U2, U3…. Un. Mutants are 
created for each unit separately. Then mutation score of 
each test case is calculated using Equation 1 for each unit. 
For ith test case, that is, ti and jth unit of program P the 
mutation score is represented by Xtij. For example, if a 
mutant program has been decomposed into five (05) units, 
then for fifth test case the mutation score of 5th test case for 
each of the units will be Xt51, Xt52-----Xt55.   Then for each 
test case average mutation score is calculated with the help 
of Equation (2) as given below: 
 

Average mutation score of ith test case =   (2) 

 
A test case may be modified within a unit, and the value of 
its input variables might change. However in the proposed 
approach, when the mutancy score of a test case is 
calculated on different units, it is assumed that the modified 
value is passed to the other units. The proposed approach is 
described in following steps and also explained with the 
help of a flow chart in Figure 1. 
 
1) The program under test, that is, P is decomposed into N 
number of individual units (U1, U2, U3, …, UN). 
2) Generate a Test suite of “p” best test cases based on 
coverage based method using EGA as explained earlier. 
3) Choose value of p, based on the judgment of tester or as 

 
 
per other requirement. 
4) Calculate average mutation score of each test case of this 
Test suite for given program by creating mutants unit wise. 
5) Set of ‘p’ best test cases is the initial population and 
average test score of each test case is its fitness value.  
6) Apply Roulette-wheel selection, create copies of good 
test case (test case having higher fitness). 
7) Apply Uniform crossover, generate new test case and 
calculate the fitness of these test cases with the help of 4th 
step. 
8) Apply mutation, generate new test cases and calculate 
the Fitness of these test cases with the help of 4th step. 
9) Store best results in separate memory. 
10) While number of iterations is less than maximum 
number of Iteration Repeat step 3 to 10. 
11) Print the result. 
 
Program under test (PUT): Three test Programs that is, 
Calculator program, Triangle program and Text editor 
program. The detailed code used, of each program is given 
in Appendix 1, 2, 3 have been considered to prove the 
capabilities of proposed approach to improve the fault 
detection capability of initial test suite by proposed 
algorithm. It is useful to have knowledge of programs under 
the test to understand the comparisons and results. First of 
all each program has been discussed and then application 
of proposed approach is shown on these programs. 
 
 

EXPERIMENTAL RESULTS  
 
Calculator program 
 
This is a program that performs the logical and 
trigonometric calculations. It contains 37 statement blocks 
and 109 LOC. It performs arithmetic operations that is, 
addition ’+’, subtraction ‘-’, multiplication ‘*’ and division ‘/’, 
as well as six logical and trigonometric operations that is, 
provide the values for Sin θ, Cos θ and Tan θ, logarithmic 
operation, power operation and square root operation. For 
mutation testing, faults are instrumented in the program by 
replacing any operator with its mutation operator. All 
mutation operators are listed in Table 1. 

To calculate the value of average mutation score for a test 
case, that is, T1 toT10. Test programs have been divided in 
to five units (U1 to U5). For each unit, we have created 
mutants according to Table 2.  

Tables 3 to 7 are generated for the test cases which are 
able to kill the generated mutants. e.g. in Table 3 M1 is 
being killed by test cases T2,T3,T4,T5,T6,T8 and T9, When 
seven mutants are generated for units 1of this program. 
To calculate the average mutation score for test case T1, we 
have calculated the mutation score of T1 on units U1, U2, 
U3, U4, and U5. From Table 3, it is clear that test case T1 is 
killing 6 mutants out of 7 and there is no Equivalent 
mutant. So the mutation score of Test case T1 on unit U1 
using Equation 1. 
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Figure 1.  Proposed approach for improving the fault detection capability of initial test suite using elitist 
genetic algorithm. 

 
 

Table 1. Mutants used for calculator program. 
 

Operator Replaced with 

+ * 

* + 

/ - 

- / 

Sin(Ѳ) Tan(Ѳ) 

Tan(Ѳ) Sin(Ѳ) 

Cos(Ѳ) Sin(Ѳ) 

Log10 Log2 

Pow(a,b) (a) 1/b 

== != 

!= == 

Break  
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Table 2.  Number of mutants generated for each unit for 
calculator program. 
 

Program Unit No. of Mutant Generated 

1 7 

2 12 

3 15 

4 12 

5 8 

 
 

Table 3. Matrix showing the mutant skilled by different test cases for Unit (U1) a Calculator Program. 
 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

M1  X X X X X  X X  

M2 X   X       

M3 X X X  X X  X   

M4 X X X X X  X X   

M5 X X  X X X X X X X 

M6 X  X X X X X X X X 

M7 X X X X X X X X X X 

 
 

Table 4. Matrix showing the Mutants killed by different test cases for Unit (U2)   a Calculator Program. 
 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

M1  X X  X X X X X X 

M2  X X  X X X  X X 

M3 X X   X X X  X X 

M4 X X   X X    X 

M5 X   X X     X 

M6 X  X X X   X  X 

M7 X  X X X   X X X 

M8 X  X X X X  X X X 

M9 X X X X  X  X X  

M10 X X X X  X X X X  

M11  X X X  X X X X  

M12 X X X X  X X X X  

 
 
Mutation score Xt11 = 100X6 / (7-0) = 600/7 = 85.71 
 
Similarly the mutation score of Test case T1 on unit 
U2……U5 can be calculated using Equation 1 and Equation 
2. The mutation scores of individual test cases on different 
units and the average mutation score are listed in Table 8.   

To apply EGA, program is divided in to five that is, U1 to 
U5. For each unit mutation score is calculated for each test 
case. Finally average mutation score is calculated according 
to Equation 2 for the complete program. Table 8 shows how 
mutation score is calculated for each test case. To improve 
the fault detection capability of test case, average mutation 
score is taken as fitness function .This is done because a 
high value of   average mutation score shows high fault 
detection capability of test cases. With the help of EGA, new 

test cases with high average mutation score are generated. 
Therefore this approach is able to generate good fault 
revealing test cases. Since in literature, average mutation 
score has not been taken as fitness function. Results are not 
compared with other approaches. 

A, B, C are the respective test case values executed on 
different units. For example: in the first row of the table, 
A=2, B=2, C=0 are the values executed on units U1 to U5. On 
the given test case, EGA is applied and after a fixed number 
of generations, we found that the average mutation scores 
are now improved. Out of many test cases generated during 
the process, we have selected ten best test cases with 
highest mutation scores which are equal to the number of 
test cases, we started with. These test cases are listed in 
Table 9. During this experiment, the parameters chosen
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Table 5. Matrix showing the Mutants killed by different test cases for Unit (U3) a Calculator Program. 
 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

M1  X  X  X X X  X 

M2 X X    X X X  X 

M3 X X  X   X X  X 

M4 X   X X  X X  X 

M5  X   X   X  X 

M6  X X X X   X  X 

M7 X  X X X     X 

M8 X  X  X     X 

M9 X X X X X X    X 

M10 X X X X X X X X  X 

M11  X X X X X X X X X 

M12  X X X X X X X X X 

M13  X X X X X X X X  

M14 X X X X X X X X X  

M15 X X X X X X X X X  
 
 
 
 

Table 6. Matrix showing the Mutants killed by different test cases for Unit (U4) a Calculator Program. 

 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

M1  X      X  X 

M2  X      X  X 

M3  X   X   X   

M4 X X   X   X X  

M5 X    X   X X  

M6 X    X  X X X  

M7   X  X X X X X  

M8 X  X  X X X X X  

M9 X X X X  X   X  

M10 X X X X  X X    

M11  X X X  X X   X 

M12  X X X  X X   X 

 
 
 
 

Table 7. Matrix showing the Mutants killed by different test cases for Unit (U5) a Calculator Program. 
 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 

M1 X X X  X X X X X  

M2 X X X  X X X X X  

M3 X  X X X X X X   

M4    X X X X X   

M5 X   X  X  X   

M6 X X X X  X  X  X 

M7 X X X X    X X X 

M8 X X X X   X  X X 
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Table 8. Mutation score of initial test cases for calculator program. 
 

Test 
case  

 

A 

 

B 

 

C 

Mutation 
Score for 
Unit U1 

Mutation 
Score for 
Unit U2 

Mutation Score 
for Unit U3 

Mutation 
Score for 
Unit U4 

Mutation 
Score for 
Unit U5 

Average Mutation 
Score for UNITs (UI 

To U5) 

T1 2 2 0 85.71 75 66.67 50 87.5 72.976 

T2 2 0 0 71.42 66.67 80 66.67 62.5 69.452 

T3 2 1 2 71.42 75 66.67 50 75 67.618 

T4 3 4 0 66.67 66.67 80 33.33 75 64.334 

T5 6 8 0 85.71 66.67 80 50 50 66.476 

T6 2 3 0 71.42 75 66.67 50 75 67.618 

T7 2 2 1 42.86 50 66.67 50 62.5 54.406 

T8 2 2 0 85.71 66.67 80 66.67 87.5 77.31 

T9 5 4 2 57.14 75 33.33 50 50 53.094 

T10 3 8 0 42.86 66.67 80 33.33 37.5 77.072 

 
 
 

Table 9. Best test cases generated by elitist genetic algorithm for calculator program. 
 

Test case  A B C Average Mutation Score for UNITs (UI To U5) 

T1 3 8 1 78.50 

T2 8 2 2 79.64 

T3 7 4 1 76.47 

T4 6 2 2 74.80 

T5 5 4 2 75.95 

T6 6 8 1 73.33 

T7 5 2 4 77.5 

T8 2 4 4 72.61 

T9 2 4 2 73.09 

T10 2 3 5 73.61 

 
 
 
are shown below: 
 
(i) Size of initial population: 10 
(ii) Number of generations: 1000 
(iii) Crossover probability: 0.76 
(v) Mutation Probability: 0.2 
 
 
Triangle program 
 
This is a simple program to test whether from given three 
sides a triangle exist or not. If it does, it checks whether it is 
equilateral, isosceles and scalene triangle. On the basis of 
angles, it also checks whether it is right angle, acute and 
obtuse-angled triangle. It contains 19 statement blocks and 
34 LOC. 

For mutation testing, faults are instrumented in the 
program by replacing operator with its mutation operator. 
All mutation operators are listed in Table 10. 

To calculate the value of average mutation score for a test 
case, that is, T1 to T10. Test programs have been divided in 

to four units (U1 to U4). For each unit, we have created 
mutants according to Table 11. 

Similarly the mutation of Test cases on different units can 
be calculated using Equation 1 and Equation 2 for Triangle 
program. The mutation scores of individual test cases on 
different units and the average mutation score are listed in 
Table 12 for Triangle program. 

To apply EGA, program is divided in to five units’ that is, 
U1 to U4. For each unit mutation score is calculated for each 
test case. Finally average mutation score is calculated 
according to Equation 2 for the complete program. Table 5 
shows how mutation score is calculated for each test case. 
To improve the fault detection capability of test case, 
average mutation score is taken as fitness function. This is 
done because a high value of average mutation score shows 
high fault detection capability of test cases. With the help of 
EGA, new test cases with high average mutation score are 
generated. Therefore this approach is able to generate good 
fault revealing test case since in literature average mutation 
score has not been taken as a fitness function. Results are 
not compared with other approaches. 
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Table 10. Mutants used for triangle program. 
 

Operator Replaced with 

<= >= 

&& || 

|| && 

>= <= 

!= == 

== != 

+ * 

* + 

> < 

 
 
 

Table 11. Number of mutants generated for each unit for triangle program. 
  

Program unit No. of mutant generated 

1 21 

2 20 

3 7 

4 12 

 
 
 

On the given test case EGA is applied and after a fixed 
number of generations, we found that the average mutation 
scores are now improved. Out of many test cases generated 
during the process .we have selected ten best test cases 
with highest mutation scores which is equal to the number 
of test cases, we started with. These test cases are listed in 
Table 13. During this experiment, the parameters chosen 
are shown below: 
 
(i) Size of initial population: 10 
(ii) Number of generations: 1000  
(iii) Crossover probability: 0.76    
(iv) Mutation Probability: 0.2 
 
 
Text editor program 
 
This is somewhat advanced program that performs 7 
functions. These functions are as follows: 
 
1. Create a new text, 
2. Deleting a char, 
3. Inserting a char, 
4. Open a file, 
5. Insert a Word, 
6. Delete a Word. 
7. Exit 
 
It contains 58 statement blocks and 125 LOC. It performs 
mainly string operations, that is,  strlen(), slen(), strncpy(), 

strcpy(), strrev(), strcat(), etc as well as file functions like 
fclose(), fopen(),  fgets(), etc. For mutation testing, faults 
are instrumented in the program by replacing any operator 
with its mutation operators. All mutation operators are 
listed in Table 14. 

To calculate the value of average mutation score for a test 
case, that is, T1 to T10. Test programs have been divided in 
to five units (U1 to U4). For each unit, we have created 
mutants according to Table 15. 

Similarly the mutation of Test cases on different units can 
be calculated using Equation 1 and Equation 2 for Triangle 
program. The mutation scores of individual test cases on 
different units and the average mutation score are listed in 
table 16 for Text editor program. 

To apply EGA, program is divided in to five units’ that is, 
U1 to U5. For each unit mutation score is calculated for each 
test case. Finally average mutation score is calculated 
according to Equation 2 for the complete program. Table 8 
shows how mutation score is calculated for each test case. 
To improve the fault detection capability of test case, 
average mutation score is taken as fitness function. This is 
done because a high value of average mutation score shows 
high fault detection capability of test cases. With the help of 
EGA, new test cases with high average mutation score are 
generated. Therefore this approach is able to generate good 
fault revealing test case. Since in literature average 
mutation score has not been taken as fitness function. 
Results are not compared with other approaches. 

On the given test case EGA is applied and after a fixed 
number of generations, we found that the average mutation  
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Table 12.  Mutation score of initial test suite for triangle program. 
 

Test case A B C Average Mutation Score for UNITs (UI To U4) 

T1 17 11 28 70.39 

T2 11 14 13 68.96 

T3 5 6 11 69.94 

T4 8 6 10 69.28 

T5 3 5 8 69.11 

T6 11 11 18 69.34 

T7 11 8 0 62.41 

T8 11 8 0 69.11 

T9 1 2 3 68.95 

T10 3 3 3 57.24 
 
 
 

Table 13. Best test cases generated by elitist genetic algorithm for triangle program. 
 

Test case  
Value of First 

Side 
Value of 

Second side 
Value of 

Third Side 

Average Mutation 

Score for Unit(U1 to U4) 

T1 100 1 1 80.5825 

T2 99 100 1 76.55 

T3 99 99 2 74.13 

T4 50 2 2 78.525 

T5 50 2 1 78.4 

T6 50 50 2 74.53 

T7 2 99 50 73.53 

T8 2 99 2 74.9425 

T9 2 2 99 75.79 

T10 2 2 99 75.79 
 
 
 
Table 14. Mutation operators used for text editor program. 
 

Operator Replaced with 

+ - 

++ -- 

- + 

>= <= 

!= == 

== != 

Break  

 
 
scores are now improved. Out of many test cases generated 
during the process, we have selected ten best test cases 
with highest mutation scores which is equal to the number 
of test cases, we started with. These test cases are listed in 
Table 17. During this experiment, the parameters chosen 
are shown below: 

 
(i) Size of initial population: 10  
(ii) Number of generations: 1000  
(iii) Crossover probability: 0.76    

Table 15. Number of mutants generated for each units for text editor 
program. 
 

Program Unit No. of Mutant Generated 

1 20 

2 15 

3 25 

4 21 

5 30 

6 25 

  
 
(v) Mutation Probability: 0.2 
 

After applying proposed approach for three Programs, that 
is, calculator, triangle and Text editor with random, GA and 
EGA. Finally mutation score of results (after each test case 
Execution), the result is shown in Tables 18, 19 and 20. 
 
 

RESULTS 
 

Fault detection capability of test suite generated by random 
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Table 16. Mutation score for initial test suite generation using selected test suite generation study for text-editor program. 
 

Test case  Choice Parameter Operation Average mutation score for Unit 

T1 2 - Save 51.66667 

T2 3 8aa Delete 75.23667 

T3 8 - Invalid 41.38833 

T4 2 - Insert 61.38667 

T5 7 abv Discard 63.29 

T6 2 A Discard 73.07 

T7 1 D.c Create 63.29 

T8 5 abc Insert 77.22167 

T9 5 UML Insert 77.22167 

T10 3 abc Save 81.38833 

 
 
 

Table 17. Best test cases generated by elitist genetic algorithm for text editor program. 
 

Choice Parameter Operation 
Mutation 
Score for 

U1 

Mutation 
Score for 

U2 

Mutation 
Score for 

U3 

Mutation 
Score for 

U4 

Mutation 
Score for 

U5 

Mutation 
Score for 

U6 

Average  
Mutation 
Score for 

3 Abc Save 80 85.71 85 80 83.37 75 81.51 

4 Text.c - 80 85.71 85 72 80 75 79.61 

4 Video Open 83.33 85.71 87.5 80 83.37 75 82.48 

3 Abc Save 80 85.71 85 72 80 75 79.61 

6 .png Delete 80 71.42 85 72 80 66.67 75.84 

5 UML Insert 80 85.71 85 80 83.37 75 81.51 

6 ML Delete 80 71.42 85 72 80 66.67 75.84 

4 Vedio - 80 85.71 85 72 80 70 78.78 

5 Abc Insert 80 85.71 85 72 80 70 78.78 

1 D.c Create 75 71.42 85 72 80 66.67 75.01 

 
 

Table 18. Test case execution results based on mutation score analysis for calculator program. 
  

Test Suite Total Alive Killed Mutant score (%) 

Random 1530 1344 186 12.16 

GA 675 595 80 11.85 

EGA 225 195 30 13.35 

 
 

Table 19. Test case execution results based on mutation score analysis for triangle program. 
 

Test suite Total Alive Killed Mutant score (%) 

Random 918 796 122 13.29 

GA 630 541 89 14.13 

EGA 180 153 27 15.67 

 
 

Table 20. Test case execution results based on mutation score analysis for text editor program. 
 

Test suite Total Alive Killed Mutant score (%) 

Random 407 388 19 4.67 
GA 110 105 5 4.55 
EGA 110 101 9 8.18 
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Figure 2. Comparison of result by average mutation score of initial test cases and EGA for calculator program. 

 
 
 
process, GA and EGA is analyzed in Table 18. For the 
calculator program, when random test suite of size 1530 is 
generated, the overall mutation score of all test cases were 
12.16%. However when GA is applied test suite of size 675 
is generated and the overall mutation score of all test cases 
were 11.85%. The mutation score of this test suite was 
surprisingly less as compared to random test suite. For 
EGA, test suite of size 225 is generated; the overall 
mutation score of all test cases were 11.85%, so the 
Mutation score of test suite was high as compared to other 
approaches. Here as we use additional storage, good test 
cases generated in previous Generation was kept and 
stored. Hence the fault detection capability of test suite was 
very good. 

Fault detection capability of test suite generated by 
random process, GA and EGA is analyzed in Table 19. For 
the Triangle program, when random test suite of size 918 is 
generated, the overall mutation score of all test cases were 
13.29%. However when GA is applied test suite of size 630 
is generated and the overall mutation score of all test cases 
were 14.13%. For EGA, test suite of size 180 is generated; 
the overall mutation score of all test cases were 15.67%, so 
the Mutation score of test suite was high as compared to 
other approaches. Here as we use additional storage, good 
test cases generated in previous generation was kept and 
stored. Hence the fault detection capability of test suite was 
very good. 

Fault detection capability of test suite generated by 
random process, GA and EGA is analyzed in Table 20. For 
the Triangle program, when random test suite of size 407 is 
generated, the overall mutation score of all test cases were 
4.67%. However when GA is applied test suite of size 110 is 
generated and the overall mutation score of all test cases 
were 4.55%. For EGA, test suite of size 110 is generated; the 

overall mutation score of all test cases were 8.18%, so the 
Mutation score of test suite was high as compared to other 
approaches. Here as we use additional storage, good test 
cases generated in previous Generation was kept and 
stored. Hence the fault detection capability of test suite was 
very good. 

Proposed approach for test case generation has been 
applied with EGA. The process of storing best results has 
already been discussed. Finally mutation score of results 
(test cases) generated by EGA and Initial Test case 
approaches for calculator program are compared and the 
result is shown in Figure 2. Mutation score of test cases 
generated by EGA outperform the mutation score of initial 
test cases. Average mutation score calculated by EGA shows 
a steady amount as compared to dynamic nature of initial 
test suite. So, our proposed EGA approach gives a better 
average score of test cases than initial test cases. 

Proposed approach for test case generation has been 
applied with EGA. The process of storing best results has 
already been discussed. Finally mutation score of results 
(test cases) generated by EGA and Initial Test case 
approaches for triangle program are compared and the 
result is shown in Figure 3. Mutation score of test cases 
generated by EGA outperform the mutation score of initial 
test cases. Average mutation score calculated by EGA shows 
a steady amount as compared to dynamic nature of initial 
test suite. So, our proposed EGA approach gives a better 
average score of test cases than initial test cases.  

Proposed approach for test case generation has been 
applied with EGA. The process of storing best results has 
already been discussed. Finally mutation score of results 
(test cases) generated by EGA and Initial Test case 
approaches for text editor program are compared and the 
result is shown in Figure 4. Mutation score of test cases 
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Figure 3. Comparison of result by average mutation score of initial test cases and EGA for triangle program. 
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Figure 4. Comparison of result by average mutation score of initial test cases and EGA for calculator program. 

 
 

 
generated by EGA outperform the mutation score of initial 
test cases. Average mutation score calculated by EGA shows 
a steady amount as compared to dynamic nature of initial 
test suite. So, our proposed EGA approach gives a better 
average score of test cases than initial test cases.  
 
 
TEST CASE EXECUTION COMPARISON OF RESULTS 
 
Proposed approach for test case generation has been 
applied with GA and EGA. The process of storing best 
results has already been discussed. Finally mutation score 
of results (test cases) generated by EGA, GA and random 
approaches are compared and the result is shown in Figure 
5. All three approaches (Random, Genetic Algorithm and 
Elitist Genetic Algorithm) are applied on three programs 
namely Calculator, Text-editor and Triangle to calculate the 
average mutation score. The percentage mutation score is 
compared for all three approaches compiled on three 

different programs. Elitist Genetic Algorithm (EGA) gave 
the best percentage mutation score for all three programs 
and among all three approaches. 
 
 
Conclusion 
 
In this study,  an approach for Effective Mutation score 
based test data generation using EGA has been proposed, 
result are compared by calculating the mutation adequacy 
score of randomly generated test cases and test cases 
generated using elitist version of GA. Based on the 
experimental study on the three programs, that is, 
calculator, triangle and text editor following is concluded. 
The proposed approach produces test cases with higher 
mutation score as compared to the mutation score of initial 
test cases than with other algorithms. The proposed 
approach using with EGA gives improved and number of 
test cases than with other algorithms.  
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Figure 5. Comparison based on mutation score of calculator program, triangle program and text editor program using elitist genetic algorithm. 
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