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Abstract
Genetic algorithms and simulated annealing are two important iterative algorithms
widely used in combinatorial optimizations. While genetic algorithm is a probabilistic algorithm inspired in design by evolutionary mechanisms found in biological
species, simulated annealing is based on the analogy of the cooling and annealing
of metals. Both genetic algorithm and simulated annealing have been used for
solving numerous problems from a wide range of application domains and have
been found to be very effective and robust throughout, and are even suitable for
ill-posed problems where some of the parameters are not known before hand. In
this paper we propose simulated annealing based probability conditions to generate
a new population in genetic algorithm. The proposed algorithm does not make use
of the mutation operation. The new algorithm is validated with standard test cases
and the results are compared with genetic algorithm and simulated annealing algorithm. The results obtained indicate a promising performance of the new approach
in genetic algorithm.
AMS subject classification:
Keywords: optimization; genetic algorithm; simulated annealing.
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Introduction

Genetic algorithm (GA) is a partial search algorithm inspired by observing the biological
evolution processes such as reproduction, recombination and mutation. The application
of genetic algorithm has been successful in generating sufficiently close approximate
solutions to various optimization problems. The genetic algorithm is designed in such a
way that a solution of the problem naturally evolves when the parameters of the problem
are suitably tweaked. The applications of genetic algorithm are wide and diverse and include areas such as engineering, art, biology, economics, marketing, genetics, operations
research, robotics, social sciences, physics, politics and chemistry. Genetic algorithms
have been successfully used in numerical function optimization [1], combinatorial optimization [2], image processing [3], machine learning ([4, 5, 6]), data mining, information
retrieval and grammar induction.
The building block theory of GA that was proposed by John Henry Holland [7] in the
1970s for solving practical optimization problems and are well documented ([8, 3, 9, 10,
11]). A basic genetic algorithm comprises of three genetic operators, namely, selection,
crossover and mutation. GA aims to achieve quality results through selection, crossover
and mutation. The effectiveness of GA can be improved by the correct design of the
search operators and their appropriate integration to the GA. It aims the best solution
which would be a global optimum and is achieved by maintaining the population of
search operators fairly diverse. There is a lot of literature to improve the effectiveness
of the GA operators (see [8, 3, 12, 13, 14, 15, 16, 17, 18, 19, 20, 18, 21, 1]).
The overall GA process steps are summarized as follows:
STEP 1 Choose coding to represent problem parameters: a selection operator, a crossover
operator and a mutation operator.
STEP 2 Choose initial population size, length of a string, probabilities of cross over
and mutation, search domain of the variables, termination criteria or maximum
number of iteration.
STEP 3 Set T = 0. Generate initial population from the search domains randomly.
STEP 4 Evaluate each string of the population for fitness.
STEP 5 If termination criteria is satisfied, or T > T max, then STOP.
STEP 6 Perform selection on the population.
STEP 7 Perform crossover on random pairs of strings.
STEP 8 Perform mutation on every string.
STEP 9 Evaluate the strings of the new population.
STEP 10 Set T = T + 1, go to step 4.
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Figure 1: Flowchart for GA

Fig. 1 shows the schematic of the application of genetic algorithm.
Simulated annealing (SA) is a randomized perturbation technique, which often generates excellent solutions to various optimization problems. The main advantage of SA
is the substantial reduction in computation time for most optimization problems. The
basic strategy behind simulated annealing is to start from an arbitrarily selected solution
and keep generating improved solutions by slightly perturbing it. Each time a solution
is generated, a cost function evaluates its optimality, based on which it is accepted or
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allowed to move onto an improved solution according to an acceptance rule.
SA has received a lot of attention in the field of solving various optimization problems.
Based on a theory proposed by Metropolis et al. [22], Kirkpatrick et al. [23] and Cerny
[24] exhibited a model for simulating the annealing of solids. Many of the desciplines
in Engineering such as integrated circuit placement, VLSI design, pattern recognition,
optimal encoding, resource allocation, logic synthesis use SA solution. At the same time,
theoretical studies have been focusing on the reasons for the excellent behaviour of the
algorithm. There is an extensive literature on the strategy and its convergent properties,
which can be found in [25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42].
The overall SA process steps are summarized as follows:
STEP 1 Select an initial temperature T .
STEP 2 Select a randomly generated initial solution vector, X, and generate the objective function.
STEP 3 Select the temperature change counter.
STEP 4 Select a temperature cooling schedule.
STEP 5 Select a repetition schedule that defines the number of iterations executed at
each temperature.
STEP 6 Give a random perturbation on X and generate a new solution vector, Y , in the
neighbourhood of current solution vector, X, evaluate the objective function.
STEP 7 If f (Y ) < f (X), replace X with Y . Update the existing optimal solution and
go to Step 9.
f

STEP 8 Else accept Y with the probability p = e− T where f = f (Y ) − f (X). If
the solution is accepted, replace X with Y . Update the existing optimal solution
and go to Step 9.
STEP 9 Decrease the temperature periodically.
STEP 10 Repeat Steps 6 -9 until stopping criterion is met.
In this paper, we propose a simulated annealing probability condition based new
selection operator for accepting the offspring in genetic algorithm; and an integrated
algorithm which integrates the new selection operator with other GA operators. Further,
the integrated GA, which we call GASA, is free of mutation operator, and which helps to
reduce the number of iterations for convergence substatially. Thereafter, in section III,
the computational results of test problems are shown. Finally, section IV summarizes
the concluding remarks.
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GASA algorithm

In the proposed GASA algorithm, we generate the initial population randomly and create
mating pool using selection operator. A pair (called parents) is chosen randomly from the
selected mating pool for the crossover operation from which two offsprings are created.
An offspring is accepted in the new population if the function value of the offstring has a
better value than one of its parents or probability conditions used in simulated annealing
algorithm is satisfied. The process of creating offsprings terminates when the desired
number of individuals in the new population is satisfied. In each generation, the new
population consists of offsprings produced from mating individuals from the current
population have better quality either by functionally or probabilistically.
The step by step procedure of GASA can be summarized as follows:
STEP 1 Choose coding to represent problem parameters: a selection operator and a
crossover operator
STEP 2 Choose initial population size, length of a string, probability for cross over ,
search domain of the variables, an initial temperature T , the temperature change
counter, temperature cooling schedule, termination criteria.
STEP 3 Generate initial population from the search domains randomly.
STEP 4 Evaluate each string of the population for fitness.
STEP 5 If termination criteria is satisfied, THEN jump to STEP-12. ELSE Jump to
STEP 6.
STEP 6 Perform selection on the population to create mating pool.
STEP 7 Randomly choose a pair from the selected mating pool, say A and B. Perform
crossover on A and B to produce two children, say, X and Y .
STEP 8 Accept X if f (X) < f (A) or f (X) < f (B) or, accept X with the probability
f
p = e− T where f = f (X) − f (A) or f = f (X) − f (B)
STEP 9 Accept Y if f (Y ) < f (A) or f (Y ) < f (B) or, accept Y with the probability
f
p = e− T where f = f (Y ) − f (A) or f = f (Y ) − f (B)
STEP 10 Repeat the steps 7 to 9 until a new population with desired population size is
obtained.
STEP 11 Decrease the temperature periodically. Go to STEP 4
STEP 12 Store best value and corresponding solution. Then STOP.
The flowchart for GASA is shown in Fig. 2.
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Figure 2: Flowchart for GASA

3.

Case studies

We evaluate the performance of the proposed GASA algorithm, standard GA and SA
on a set of 15 benchmark test functions (see Table 1 and Table 2) in the literature with
different complexity. Experiments are conducted on the 2 − D problems. The results
of GASA, GA and SA are compared. Parameters used in the implementation of GASA,
GA and SA are : Population Size = 60, bit length for one variable = 16, probability of
crossover = 0.80, maximum number of generations for convergence = 100, alternative
tolerance for convergence = 0.0000000001, the initial temperature = 1, temperature at
which to stop = e−8 , maximum number of tries within one temperature = 3.
We use the MATLAB to implement the algorithms. All the implementations were
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Figure 3: Convergence Graph for the function g1 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
developed using a computer with processor Core 2 Quad processor of 64 bits that works to
a frequency of 2.7 GHz, 4 GB of RAM Memory and Windows XP Professional Version.
In table 3, we can find the experimental results. The table 3 provides the results with
50 Monte-Carlo simulations with the changes in the random sequence. The results are
provided in terms of statistical parameters such as average, the median, the best value,
the worst value and standard deviation obtained for each test functions. The number of
generations for convergence of the functions taken by the two methods GASA and GA
is shown in table 4. The convergence maps of the algorithm on GASA, GA and SA
functions g1 to g15 are plotted in figures 3-17 respectively.
The experimental analysis shows that the GASA algorithm converges quickly to the
optimal solution and thus exhibits a superior performance in comparison to GA and SA
algorithms.
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Table 1: Test functions g1 to g12
Function Definition
g1
g1 : Sphere function(De Jong’s function 1)
g1 (x) =

D


xi2

i=1

g2

−5.12 ≤ xi ≤ 5.12, x∗ = (0, 0, . . . 0), g1 (x∗) = 0
g2 : Rosenbrock function (De Jong’s function 2, Banana function)
g2 (x) =

D−1


[100(xi+1 − xi2 )2 + (xi − 1)2 ]

i=1

g3

−2.048 ≤ xi ≤ 2.048,
g3 :Ackley’s function

x∗ = (1, 1, . . . 1),

g2 (x∗) = 0





 
D
D
1 
1
2

g3 (x) = 20+e−20exp −0.2
xi −exp
cos(2π xi )
D
D


g4

−32.768 ≤ xi ≤ 32.768,
g4 : Rastrigin function

i=1

i=1

x∗ = (0, 0, . . . 0),

g3 (x∗) = 0

g4 (x) = 10D +

D


xi2 − 10 cos(2π xi )

i=1

g5

−5.12 ≤ xi ≤ 5.12, x∗ = (0, 0, . . . 0),
g5 : : Griewank function

g4 (x∗) = 0

 
D
D


xi2
xi
g5 (x) = 1 +
−
cos √
4000
i
i=1

g6

i=1

−600 ≤ xi ≤ 600, x∗ = (0, 0, . . . 0),
g6 : Schwefel’s Double Sum function
g6 (x) =

D 
i

i=1

−65.536 ≤ xi ≤ 65.536,

g5 (x∗) = 0
2
xj

j =1

x∗ = (0, 0, . . . 0),

g6 (x∗) = 0
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Table 1: Continued.
Function Definition
g7
g7 : Schwefel’s Max function
g7 (x) = max(|xi | : i ∈ {1, 2, . . . , n})
i

g8

−100 ≤ xi ≤ 100, x∗ = (0, 0, . . . 0),
g8 : Schwefel’s absolute function
g8 (x) =

D


|xi | +

i=1

g9

g7 (x∗) = 0
D


|xi |

i=1

−10 ≤ xi ≤ 10, x∗ = (0, 0, . . . 0),
g9 : The Step function

g8 (x∗) = 0

D

g9 (x) =
(floor(xi + 0.5))2
i=1

g10

−100 ≤ xi ≤ 100, x∗ = (0, 0, . . . 0),
g10 : The Tenth Power function
g10 (x) =

D


g9 (x∗) = 0

xi10

i=1

g11

−5.12 ≤ xi ≤ 5.12,
g11 : Easom function

x∗ = (0, 0, . . . 0),

g10 (x∗) = 0

g11 (x) = − cos(x1 ) cos(x2 )exp(−(x1 − π )2 − (x2 − π )2 )
g12

−100 ≤ xi ≤ 100, x∗ = (π, π),
g12 : Shenkel’s foxholes function



1
+
g12 (x) =
500
j =1 j +
25

g11 (x∗) = −1
−1

1
2
i=1 (xi

− aij )6

where
aij is the element in the ith row and j th column of a =

b0 · · · b0
b1 · · · b1
b0 = −32 −16 0 16 32
bi = (16(i − 1) − 32) 1 1 1 1 1
−65.536 ≤ xi ≤ 65.536,

x∗ = (−32, −32),

g12 (x∗) = 1
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Table 2: Test functions g13 to g15
Function Definition
g13
g13 : Goldstein-Price function
g13 (x) = [1 + (x1 + x2 + 1)2 (19 − 14x1 + 3x12 − 14x2 + 6x1 x2 + 3x22 )]
×[30 + (2x1 − 3x2 )2 (18 − 32x1 + 12x12 + 48x2 − 36x1 x2 + 27x22 )]
g14

−2 ≤ xi ≤ 2, x∗ = (0, −1), g13 (x∗) = 3
g14 : Six hump camel back function
4/3

g14 (x) = [(4 − 2.1x12 + x1 )x12 + x1 x2 + (−4 + 4x22 )x22

g15

−3
≤
x1
≤
3, −2
≤
(−0.0898, 0.7126), (0.0898, −0.7126),
g15 : Branin’s rcos function


2

5.1 2 5
g15 (x) = x2 −
x + x1 − 6
4π 2 1 π

x2
≤
2, x∗
g14 (x∗) = −1.0316


5
+ 10 −
4π

=


cos x1 + 10

−5
≤
x1
≤
10, 0
≤
x2
≤
15, x∗
=
(−π, 12.275), (π, 2.275), (9.42478, 2.475) g15 (x∗) = 0.397887

Table 3: Comparison results of the best value, the median, the worst value, average, and
standard deviation of the functions g1 − g15 for 50 independent runs using GASA, GA
and SA methods
Median
Worse
Average
S.D
F Method
Best
GASA 1.1642E-10 1.1642E-08 1.1823E-08 1.1435E-08 1.6885E-24
g1
GA
4.6568E-06 4.6568E-06 2.3284E-05 1.3970E-05 9.4081E-06
SA
1.4136E-10 1.1834E-08 4.9742E-08 1.2281E-09 7.1842E-06
GASA 2.3516E-08 2.9087E-08 5.1371E-08 3.3098E-08 9.5848E-09
g2
GA
7.2552E-07 1.8174E-05 5.1102E-05 2.2489E-05 1.5667E-05
SA
1.8498E-06 8.1437E-06 5.4235E-05 9.8367E-06 4.0757E-05
GASA
0.0020
0.0020
0.0020
0.0020
3.4156e-35
g3
GA
0.0020
0.0020
0.0034
0.0023
8.6401E-04
SA
9.7133E-07 4.4241E-05 7.4176E-04 1.7511E-05 3.2534E-05
GASA 2.3097E-08 2.3097E-08 1.6523E-06 2.3549E-08 7.2236E-24
g4
GA
2.4219E-06 1.2109E-05 2.1797E-05 1.1722E-05 7.0457E-06
SA
2.6316E-08 1.6317E-07 1.6523E-06 4.6412E-07 1.8557E-05
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F
g5

g6

g7

g8

g9

g10

g11

g12

g13

g14

g15

Method
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA
GASA
GA
SA

Best
6.2907E-05
0.0061
0.2929
2.8374E-09
1.0000E-06
3.5179E-09
0.0015
0.0015
3.2158E-06
3.0520E-04
3.0520E-04
1.9585E-07
0
0
0
1.3053E-34
5.2160E-29
3.6763E-14
-1.0000
-1.0000
-1
0.9980
0.9980
0.9980
3.0000
3.0000
3.0000
-1.0316
-1.0316
-1.0316
0.3979
0.3979
0.397887

Table 3: Continued.
Median
Worse
6.2907E-05 6.2907E-05
0.0127
0.0143
0.2929
0.2929
9.4386E-09 9.8374E-08
1.3000E-05 2.5001E-05
6.1342E-09 2.9201E-07
0.0015
0.0015
0.0046
0.0076
5.1157E-05 4.9007E-05
3.0520E-04 3.0520E-04
9.1566E-04 9.1575E-04
2.6243E-06 6.1208E-06
0
0
0
0
0
0
4.0974E-29 1.4874E-27
7.6683E-22 2.2810E-20
1.3712E-14 7.6102E-13
-1.0000
-1.0000
-0.9995
-0.9986
-1
-0.9997
0.9980
0.9980
0.9980
0.9980
0.9980
0.9980
3.0000
3.0000
3.0000
3.0000
3.0000
3.0000
-1.0316
-1.0316
-1.0316
-1.0316
-1.0316
-1.0316
0.3979
0.3979
0.3979
0.3979
0.397887
0.397887
F-Function

Average
6.2907E-05
0.0121
0.2929
2.9025E-09
1.4360E-05
9.3266E-08
0.0015
0.0052
1.0211E-05
3.0520E-04
7.5087E-04
3.1147E-06
0
0
0
3.4084E-28
3.8371E-21
4.7126e-14
-1.0000
-0.9995
-1
0.9980
0.9980
0.9980
3.0000
3.0000
3.0000
-1.0316
-1.0316
-1.0316
0.3979
0.3979
0.397887
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S.D
6.3582E-32
0.0023
1.0121E-17
1.8174E-22
7.0735E-06
1.1271E-05
5.2345E-45
0.0022
1.0193E-05
1.6598E-19
2.4052E-04
3.1206E-05
0
0
0
5.3894E-28
5.8580E-21
3.1773E-05
2.4896E-05
3.5878E-04
7.1214E-05
3.3993E-16
1.9323E-10
1.2305E-16
1.1943E-48
1.2456E-05
1.2614E-05
2.2662E-16
1.3930E-05
1.2164E-08
1.1331E-16
1.9852E-06
1.1699E-06
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Table 4: Comparison results - The number of generations for convergence of the functions
g1 − g15 using GASA and GA methods
Function
Method

GASA
GA

g1
42
136

g2
92
172

g3
60
62

g4
54
85

g5
68
110

g6
80
89

g7
35
49

g8
70
142

g9
5
5

g10
8
10

g11
17
19

g12
86
99

g13
62
114

g14
40
48

Figure 4: Convergence Graph for the function g2 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.

g15
72
90
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Figure 5: Convergence Graph for the function g3 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 6: Convergence Graph for the function g4 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 7: Convergence Graph for the function g5 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 8: Convergence Graph for the function g6 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 9: Convergence Graph for the function g7 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 10: Convergence Graph for the function g8 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 11: Convergence Graph for the function g9 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 12: Convergence Graph for the function g10 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 13: Convergence Graph for the function g11 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 14: Convergence Graph for the function g12 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 15: Convergence Graph for the function g13 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 16: Convergence Graph for the function g14 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Figure 17: Convergence Graph for the function g14 using GASA, GA and SA algorithms.
Left most plot is for GASA algorithm, middle plot is for GA algorithm and right most
plot is for SA algorithm.
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Conclusion

In this paper we have introduced simulated annealing based probability conditions to
accept offsprings for creating a new population in genetic algorithm and have applied
the integrated algorithm on a number of standard test cases. In the new approach the
mutation operator is absent. We have simulated the results for the standard GA, SA and
proposed GASA optimization method obtained by integrating the selection operator with
the GA operators. The results of the three methods, namely proposed GASA method,
GA method and SA, indicate that the former is capable of generating better solution
quality than the other methods. It is seen that the GASA method significantly improve
the convergence rate and the quality of the solution. In conclusion, it can be said that the
proposed selection operator reduces the number of searches within the solution space
and enhances the convergence capability and the performance of the GA.
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