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Abstract— Genetic algorithm is very popular searching technique for multi variable, multi objective with different linear and nonlinear 
constraints problems and mutation is an important step or key to find or generate an optimum solution. In this research multiples algorithm run 
done with different mutation probability and try to find how much mutation probability effects the objective. 
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I. INTRODUCTION 

 
Mutation is a key which help to generate global minima and help to converge the solution and there many researchers who gave 
different types of mutation rate or how to adept mutation with respect to number of generation. Matthias et al [1] represented that 
varying mutation rate with respect to number of generation gives better result and there may be different types of variation method 
for better results in genetic algorithm. Xinchao et al [2] generated new evolutionary programming algorithm and proved that varying 
mutation gives better results. The greedy idea is incorporated into the non-uniform search in order to avoid the random blind jumping 
and to stay" at the promising solution areas. The probabilistic gradual decreasing jump length makes the algorithm exploring smaller 
and smaller regions with the progress of algorithm. 
 
Fredrik et al [3] overcame much of the difficulty in deciding which crossover and mutation operators to use on a specific problem, a 
novel Automated Operator Selection technique is presented. The time saving was achieved by no longer having to repeatedly try 
different combinations of crossover and mutation operators in order to find ones that work effectively. Kalyanmoy et al [4] suggested 
five different mutation schemes for real parameter GAs and tested their performance with two commonly used mutation operator 
polynomial mutation and Gaussian mutation on four different test problems. Nitasha et al [5] Milena et al [6] and Nga et al [7] 
described different types of mutation which can be used in genetic algorithm. Imtiaz et al [8] proposed a directed mutation operator 
for genetic algorithms to explore promising solutions in the search space. In this individual shifting is not only based on the feedback 
information of the fitness of each interval, but also on the population distribution and showed that the efficiency is improved by the 
proposed enhancement. 
 
Sean et al [9] presented a large and systematic body of data on the relative effectiveness of mutation, crossover, and combinations of 
mutation and crossover in genetic programming and showed that better results can be achieved by create large space. Diptesh et al 
[10] studied various crossover and mutation operators for genetic algorithms to solve the indexing problem and concluded that the 
combination of the alternating edge crossover operator and the invert mutation operator output the best results for this problem. Natalia 
et al [11] adapted a strategy to control the mutation probability based on the variations of the population entropy between the current 
and previous epoch and obtained high quality solutions than any GA variants with fixed mutation probabilities, and also exhibits a 
similar convergence velocity. Srinivas et al [12] adopted a ‘messy’ approach to determine objective mutation probability taken in a 
range from 0.0 to 1.0 and adapted to the fitness values of the solutions that not only improves the convergence rate of the GA, but also 
prevents the GA from getting stuck at a local optimum.  
 
Stefan et al [13] focused on offspring selection to counteract the loss of relevant alleles and to prolong ate premature convergence. A 
new version of offspring selection was presented in which the offspring selection step is not applied after mutation but before mutation. 
Ahmad et al [14] investigated the use of more than one mutation operator to enhance the performance of genetic algorithms. New 
mutation operators were proposed and showed the importance of some of the proposed methods, in addition to the significant 
enhancement of the genetic algorithms’ performance, particularly when using more than one mutation operator. Keivan et al [15] 
showed the computation results that the proposed method to find the better paths than the conventional GA within an acceptable 
computation time. Siew et al [16]  concluded  that the key issue in developing a GA is to deliver a balance between explorative and 
exploitative features that complies with the combination of operators in order to produce exceptional performance as a GA as a whole. 
Sangari et al [17] discussed about the GA-Genetic Algorithms, Flow of GA-Genetic Algorithmic approach and its Simple Genetic 
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Algorithm (SGA) and The Crossover and mutation operations were considered through weighted matrix and the part of crossover 
operations are specified by the genetic segmentation algorithm. Here an engineering design problem is selected in which three 
variables with lower and upper range or bound, different linear and nonlinear constraints.  
 
 

II. GENETIC ALGORITHM 

Genetic algorithm is an optimization technique based on evolution. It is very useful for design optimization in engineering. Genetic 
algorithm is a tool which can optimize any equation with constraint or without constraints. Algorithm starts with encoding. Here a set 
of solution represented by chromosomes that is population. Population size is constant in all iteration. This chromosome generates 
new chromosomes with help different operators that are crossover and mutation. After using operators new population comes and 
better chromosomes or set of solution will be select for next iteration. After number of iteration algorithm converges to best solution 
and it may be optimal or sub optimal. 

 
Encoding is a key to generate a set of solutions for evolution. Mostly binary codes use for this operation. Population size depends on 
difficulty of problem, some researcher take ten times of variables. [19] The number of bits depends on accuracy required. 
If a function [𝑓(𝑥 , 𝑥 , 𝑥 , … , 𝑥 )], then one chromosome represents a function cost. 
 
 

101011|111011|100111|…………………………………………………….|101101 
 

Fig.1: Representing chromosome in binary coding. 
 
In Figure 1, one chromosome has (6 × 𝑁) bits and 6 bits represents one variable and function depends on N variable. Accuracy of 
function depends on number of bits. Number of bits and number of chromosomes in population varies according to difficulty of 
problem. [19] 
 
Decoding is use to convert chromosomes, binary to decimal form in a required range. 
Formula used for decoding given by [19], is 
 

𝑥 = 𝑥 +                                                                                                                                (1) 

 
Where n is the no. of bits used per variable, 
𝑥 →    Lower limit of  𝑖  variable, 
𝑥 →   Upper limit of  𝑖  variable, 
𝑥 →   Decoded value of  𝑖  variable 
 
Selection is a process to find better chromosomes from population and how many times it should be selected. Chances of selection is 
depends on fitness value of that chromosome. There some chromosome eliminates but population size is constant in all iteration and 
there are many methods for selection. 
 
Crossover is an operator use for crossing two chromosomes and produces two new chromosomes. The new chromosomes may be 
better than old chromosomes. Different types of crossover can be used. These are single point, multi point and uniform crossover. 
Crossover rate should be high and it is probability that crossover will performed it also depends on problem. 
 
 

101011|111011|100111|…………….|101101 ( 𝑷𝟏)               101101|110111|100101|…………….|110010 (𝑪𝟏) 
001101|100111|110101|…………….|110010   (𝑃 ) 001011|101011|110111|………….….|101101 (𝑪𝟐) 

 
Fig. 2: Showing new chromosomes produced for evaluation. 
 
Where 𝐶 , 𝐶 are children produced by parents   𝑃 , 𝑃  [19] 
 
Mutation is an operator which adds new information at random way. Randomly selects new chromosomes and applies mutation. It 
removes local optima and it help to generates global minima. In binary coding it converts 0 to 1 and 1 to 0. Mutation gives new 
chromosomes for evolution in random way. It may be single point or multi-point and its probability should be low.  
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III. PROBLEM FORMULATION 
 

A. Objective Function 
 
𝑊 = 𝜌 × 𝑁 × (𝜋 × 𝐷) × ( × 𝑑 )                                                                                                    (2) 

Where 𝑁 , 𝑑 𝑎𝑛𝑑 𝐷 𝑎𝑟𝑒 total number of coil, diameter of spring wire and diameter of coil respectively. Weight directly depends on 
these variables but these variables also must be satisfied in constraint equations for this we establish these constraints. 

B. Constraints  
1) Condition of Coil Not Touch 

In helical spring, when force applies on spring then spring compress but coils must not touch under maximum load condition so 

TABLE I [20] 

 REPRESENTS DIFFERENT LENGTHS OF SPRINGS ACCORDING TO END CONDITION AND NUMBER OF END COILS.  

Term Plain Plain and Ground Squared or Closed Squared and Ground 

End coils, 0 1 2 2 

Total coils, 𝑁  𝑁 + 1 𝑁  𝑁 + 2 

Free length, 𝑝𝑁 + 𝑑 𝑝(𝑁 + 1) 𝑝𝑁 + 3𝑑 𝑝𝑁 + 2𝑑 

Solid length, 𝑑(𝑁 + 1) 𝑑𝑁  𝑑(𝑁 + 1) 𝑑𝑁  

 

𝑓𝑟𝑒𝑒 𝑙𝑒𝑛𝑔𝑡ℎ − 𝑠𝑜𝑙𝑖𝑑 𝑙𝑒𝑛𝑔𝑡ℎ >  𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑑𝑖𝑓𝑙𝑒𝑐𝑡𝑖𝑜𝑛 

𝑙 − 𝑙 > 𝛿                                                                                                                                   (3) 

𝑝 = 2𝐷 tan  and 𝛿 =  

Where 𝛿 is maximum deflection, ‘p’ is pitch and 𝛽 is helix angle (𝛽 should be less than15 )[21] 

2) Condition of Critical Frequency 
 
When helical spring uses at where high rapid reciprocating motion than there will be chances of resonance. For safety from 
resonance problem, fundamental critical frequency of helical spring must be at least 15 to 20 times greater than frequency of 
applied force [19] 

𝑓 >  20𝑓                                                                                                                                   (4) 

TABLE II 
REPRESENTING CRITICAL FREQUENCY OF HELICAL COMPRESSIVE SPRING ACCORDING TO MOUNTING CONDITION.[20] 

Condition  𝒇𝒄(critical frequency) 
 

one end against a flat plate and the other end free 1

4

𝑆

𝑚
 

 
one end at flat plate and other is free 1

2

𝑆

𝑚
 

 

 

International Journal of Scientific Research and Review

Volume 7, Issue 6, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/94



𝑆 =  and 𝑚 = 𝜌 × × 𝑑 × 𝜋𝐷𝑛 

Where ‘𝑆’ is stiffness of spring and ‘𝑚’ is mass of spring   

3) Condition of Buckling 

Buckling is also a problem, it depends on ratio of free length of spring to coil diameter of spring and if we increase the length of spring 
and uses as a compressive spring then there will be high chances of buckling so it must be maintain a ratio for prevent buckling.[7] 

𝑙 < ×
( )

                                                                                                                            (6) 

Where ‘𝛼’, ‘𝐸’, ‘𝐺’are End-condition constant, Young's modulus and Modulus of Rigidity respectively. 

TABLE III 
REPRESENTING VALUE OF END CONDITION CONSTANTS ACCORDING TO END CONDITIONS.[20] 

End Condition 𝜶 
Spring supported between flat parallel surfaces (fixed ends) 0.5 

One end supported by flat surface perpendicular to spring axis (fixed),other end pivoted (hinged) 0.707 

Both ends pivoted (hinged) 1 
One end clamped; other end free 2 

 

  

4) Condition of Fatigue Loading 

At some applications spring used for millions number of cycles such that automotive engine, cam and follower etc. so spring subjected 
to variable stress and there are large chances of fatigue failure and we must check for fatigue and static stress, if 𝐹  and 𝐹  are 
respectively maximum and minimum force applied on spring then  

𝐹 = ,      𝐹 =  

𝜏 = 𝐾 × ,    𝜏 = 𝐾 ×  

𝐾 = +
.

and𝐾 =1+  

Where 𝐹 is mean force, 𝐹 is force amplitude,𝐾  is shear stress correction factor and  𝐾 is Whal correction factor.𝜏  𝑎𝑛𝑑 𝜏  are stress 
produced for𝐹 𝑎𝑛𝑑 𝐹  respectively.Factor of safety for helical spring should be greater than 1.5[8] 

𝑓𝑜𝑠 =
. × ×

. .
> 𝑓𝑜𝑠                                                                                           (7) 

Where  𝑆 -torsional shear stress,  𝑆  -torsional yield strength and𝑆 -ultimate tensile strength 
 
 

TABLE IV 
REPRESENTING TORSIONAL YIELD STRENGTH ACCORDING TO TYPE OF MATERIAL.[20] 

Material 𝑺𝒔𝒚 

Music wire and cold-drawn carbon steel 0.45𝑆  

Hardened and tempered carbon and low-alloy steel 0.50𝑆  

Austenitic stainless steels 0.35𝑆  

Nonferrous alloys 0.35𝑆  

5) Spring Index 
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Spring index of helical spring should be in a range so we can say 𝐶 < 𝐶 < 𝐶 [21] 

𝐶 − < 0                                                                                                                                  (8)                     

− 𝐶 < 0                                                                                                                                   (9) 

TABLE V 
REPRESENTING DATA SELECTED FOR GENETIC ALGORITHM 

 

Number of 
populations 

No. of bits in 
one 
chromosome 

Type of 
coding  

Type of 
crossover 

Crossover 
probability  

Type of 
selection 

Number 
of 
Iterations 

30 10 Binary Single point 
crossover 

0.8 Rolette 
Wheel 

150 

 

TABLE VI 
REPRESENTING DATA SELECTED FOR HELICAL SPRING  

 
𝑬(𝑴𝒑𝒂) 𝑮(𝑴𝑷𝒂) 𝝆(𝑲𝒈

/𝒎𝒎𝟑) 
𝜶 𝜷 𝑺𝒔𝒚(𝑴𝑷𝒂) 𝑺𝒔𝒆(𝑴𝑷𝒂) 𝑺𝒖𝒕(𝑴𝑷𝒂) 𝒇(𝑯𝒛) 

207 × 10  81370 7.8 × 10  0.707 12  0.45𝑆  0.22𝑆  1440 25 

 
 

TABLE VII 
REPRESENTING DATA SELECTED FOR HELICAL SPRING  

 
𝒅(𝒎𝒎) 𝑫(𝒎𝒎) 𝒏 𝑭𝒎𝒂𝒙(𝑵) 𝑭𝒎𝒊𝒏(𝑵) 𝑪𝒎𝒂𝒙 𝑪𝒎𝒊𝒏 𝒇𝒐𝒔 

2 to 15 20 to 35 3 to 10 350 100 10 6 1.5 
 
 
 
Genetic algorithm used with String length=10; Pop size=30; Dimension=3; Binary coding; Iteration=150; Single point Crossover; 
Variable Range = [10, 30; 40,120; 4, 25] and Selection Based on Fitness. Genetic algorithm is run at different mutation probability 
and result is collected in table. 
  
 

The table is showing results at different mutation probability in ten number of run. Here average result of ten runs is taken for particular 
mutation probability. 

TABLE VIII 
TYPES OF RUN WITH RESPECT TO MUTATION PROBABILITY 

    
Types of Run 

M
ut

at
io

n 
P

ro
ba

bi
li

ty
 

 
1st Run 2nd Run 3rd Run 4th Run 5th Run 6th Run 7th Run 8th Run 9th Run 10th Run 

Avg. of 
10 

0.0
1 64.4528 

104.324
7 69.0406 67.3278 

75.135
1 

114.781
4 63.1186 

109.621
5 103.906 84.1895 85.5898 

0.0
2 85.7283 78.0526 61.6889 59.1914 

67.584
6 80.7972 61.3301 86.11 72.3723 85.5313 

73.8386
7 

0.0
3 59.0976 

105.335
4 

103.319
6 

106.240
6 

69.219
9 59.1465 64.103 63.7847 71.8725 78.1871 

78.0306
9 

0.0
4 63.1774 60.298 62.0275 59.5441 

66.738
6 

110.495
6 58.7658 59.5623 88.8302 65.0604 

69.4499
9 

0.0
5 60.6727 70.7701 93.6129 60.9159 

61.092
8 

101.296
1 75.9662 58.9615 61.0715 69.3827 

71.3742
4 

0.0
6 

102.769
4 75.9069 73.2928 65.0575 

60.373
9 59.0472 70.9507 59.8256 100.657 58.5724 

72.6453
4 
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0.0
7 71.8725 

109.858
1 62.4607 85.9972 

86.238
7 86.097 79.9223 63.6239 62.0534 63.7697 

77.1893
5 

0.0
8 

102.361
3 86.393 62.6033 87.4417 

77.978
1 63.9602 39.1361 71.3452 61.6493 69.3389 

72.2207
1 

0.0
9 63.356 60.3739 59.5621 59.0146 

85.199
8 87.7423 102.539 60.7362 

104.250
7 60.0078 

74.2782
4 

0.1
0 77.7959 61.0506 59.0089 60.3045 

64.897
9 61.1803 70.8131 60.3555 62.6162 100.799 

67.8821
9 

0.1
1 71.3823 59.7436 63.9602 61.6655 

59.441
7 62.086 86.097 60.3207 59.2491 60.7033 

64.4649
4 

0.1
2 77.9443 71.3326 61.6904 71.7478 

71.057
7 

102.098
8 86.5869 59.9417 59.0972 60.1192 

72.1616
6 

0.1
3 60.0458 

101.198
8 59.0119 59.755 

59.770
4 68.1699 64.6186 61.3485 77.7351 

101.083
1 

71.2737
1 

0.1
4 74.6143 60.5285 66.1941 64.341 

61.329
4 60.5748 

101.166
4 70.8851 60.0979 75.7066 

69.5438
1 

0.1
5 63.9602 58.6984 89.8442 60.9591 65.398 65.2534 63.008 

100.971
9 62.0456 59.7636 

68.9902
4 

0.1
6 61.3294 61.6655 85.1357 65.0604 60.78 58.9692 59.8389 64.2303 59.2688 

102.734
7 

67.9012
9 

0.1
7 59.4506 61.6655 71.1832 59.0119 

61.777
3 95.7739 77.8665 86.3287 64.0078 60.1872 

69.7252
6 

0.2 101.022
1 78.0052 65.4394 59.2375 

59.182
5 61.276 64.1825 64.119 64.9506 65.3111 

68.2725
9 

0.3 
59.2 60.103 61.151 59.0972 

89.785
4 58.5704 60.1165 59.3114 59.9417 86.097 

65.3373
6 

0.5 
60.5148 61.8186 58.7404 70.7701 

59.825
6 59.9417 65.1507 64.1506 59.2375 60.1499 

62.0299
9 

0.7 
59.2458 60.1105 70.8452 58.5977 

89.785
4 58.6093 61.8909 58.7655 61.6725 63.5141 

64.3036
9 

1 
59.4387 60.3048 59.1999 59.7744 

58.529
2 89.4915 58.9178 60.3634 60.1033 59.1571 

62.5280
1 

 

 

Fig. 3 Average Results at Different Mutation Probability  

 

Fig. 4 Average Results at Different Mutation Probability  

 
IV. RESULT AND DISCUSSION 

The result in genetic algorithm depends on mutation probability and here we try to find how results change with this. As we know 
mutation probability help to generate new values to evaluate the function on these and try to find optimum solution. As we can see in 
table there are different mutation probabilities taken from 0.01 to 0.17 in short interval and 0.1 to 1 for large interval. At every mutation 
probability ten runs are taken and average taken for better investigation. In the graph for short interval from 0.01 to 0.17 shows the 
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downward trend of average results and it is also same for large interval in downward trend. It is due to increase of mutation probability 
because as when it increases then space of searching is also increased and there are large number of variables values generated as 
probability of mutation goes low to high. It is found that better result comes at high mutation probability. 
The results taken for a specific number of generation for lookout the effect of mutation probability in algorithm. When large number 
of generation selects then low mutation rate is preferred always but it can be change with procedure of selection populations for next 
generation. 
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