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Abstract— This paper aims at achieving global optimal 
solution of complex problems, such as traveling salesman problem 
(TSP), using extended version of real coded genetic algorithms 
(RCGA). Since genetic algorithm (GA) consists of several genetic 
operators, namely selection procedure, crossover, and mutation 
operators, that offers the choice to be modified in order to improve 
the performance for particular implementation, we propose three 
new crossover techniques for Real Coded Genetic Algorithms, 
which will improve the quality of solution as well as the rate of 
convergence to the optimum solution. Methods proposed for 
crossover operators are inspired by asexual reproduction 
commonly observed in nature. In this regard, new crossover 
techniques proposed incorporates the concept of Boltzmann’s 
distribution (BD) for escaping local optima by allowing hill-
climbing moves and Metropolis Algorithm (MPA), where, survival 
of offspring is tested before transit to new generation. Finally, 
these three methods are compared on various aspects like rate of 
convergence and quality of final solution among each other and 
against other randomized algorithms. (Abstract) 

Keywords—Genetic algorithm, traveling salesman problem, 
crossover, Simulated annealing (key words) 

I.  INTRODUCTION  
Genetic Algorithms are non-traditional computerized search 

and optimization techniques which are based on the real life 
concepts of natural genetics and natural selection. It is well 
known that Genetic Algorithm (GA) is one of the best 
optimization technique to solve non-linear non-continuous 
optimization problems (1). In the past, various computationally 
expensive problems have been successfully solved using 
Genetic Algorithms (2). Although the original idea of Genetic 
Algorithms proposed coding the information in binary values 
(  and ), over the last few years, lot of emphasis has been 
given to Real Coded Genetic Algorithms where the information 
is coded in real numbers depending upon the problem statement. 
This is because original binary coded genetic algorithm is not 
well suited for fine tuned searching in complex search space 
(3)(4). 

Generally genetic algorithms incorporate three mechanisms 
to fine-tune the search space, namely selection, crossover, and 
mutation. The selection mechanism determines which 
individuals are chosen for mating (reproduction) and typically 
selects fitter individuals over others according to the survival of 
fittest strategy which says- the better is an individual; the higher 

is its chance of being parent. (5) Crossover and mutation 
mechanisms primarily explore the search space, whereas 
selection reduces the search area within the population by 
discarding poor solutions. However, worst individuals should 
not be discarded straight-away and they must have some chances 
to be selected, since it may lead to better direction afterwards. A 
good search technique must find a good trade-off between 
exploration and exploitation in order to find a global optimum. 
(6) 

In this paper, a variant of Real Coded Genetic Algorithm 
(RCGA) is proposed based on the idea of asexual reproduction. 
In asexual reproduction, offspring(s) is/are generated from a 
single parent. Nature has many example of this mode of 
reproduction like liverworts, starfish, etc. (7) Here, 
characteristics of the offspring(s) are determined only from the 
transformed heredity of single parent. In context of our 
algorithm, this escapes the RCGA to strike with similar resulting 
chromosomes in later stages in population, which reduces 
efficiency of RCGA for multi-modal objective functions. 
Asexual reproduction based RCGA generates diverse 
chromosomes in population until the end of all iterations.  

Proposed RCGA with crossover operator mimicking asexual 
reproduction method is tested to solve Traveling Salesman 
Problem (TSP), which is an NP-hard combinatorial optimization 
problem and is used as a benchmark for many optimization 
methods. The aim of Traveling Salesman Problem is to find the 
optimum route such that the distance traveled by the salesman is 
minimum while traversing all the cities/places exactly once. (8)  

1) Problem Statement: The variant of Traveling Salesman 
Problem we considered in this paper is to find the optimum route 
traveled while traveling from the national capital of India (New 
Delhi) to each of the 28 state capitals (shown on map of India in 
figure 1) and then to return back to national capital. It is practical 
version of TSP, where we have accurate data.  

If we have to solve problem I-1 tediously, we have to check 
all the 8.84 × 1030 possibilities, which will take 280 billion years 
on a machine with an ablity to perform 1 trillion computations 
every second. This is indeed computationally very expensive. To 
solve problem I-1, we use substring swapping method, aspired 
by asexual reproduction, in which optimum route is evolved by 
the process of self-crossover. In this approach, offspring is 
generated without the fusion of gametes (Agamogenesis). In 
second and third method, the survival of chromosomes is 
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modified using the concept of Boltzmann’s Distribution (BD) 
based Metropolis Algorithm (MA), which is one of the best  

 

 

 
Figure 1. State capitals on the map of India 

 
algorithm for natural selection. According to the algorithm, 
strong offspring becomes the part of the next generation. Some 
weak offspring may also survive along with best offspring, when 
provided some survival probability. This also introduces Hill 
Climbing (HC) search procedure in RCGA to handle multi-
modal objective functions very efficiently.  

 

II. ALGORITHM 
     Algorithm starts with the generation of an initial random 
population (showing random tours) consisting of sequences of 
real coded distinct integer values. Here, each integer value 
denotes particular node/city and each chromosome represents a 
valid route. We define a route as a valid route if it satisfies the 
following constraint:  

1. Starting and ending destinations are the same. 
2. Every other city is traversed exactly once while 

following the route. 

     Accordingly, we can formulate problem I-1 as a linear 
programming problem as follows:  

 

 such that,   

 

 
 

    The objective function of this linear programming problem 
is minimize the value of , which is total distance travelled, 
while traversing all the cities satisfying the constraints. 

     First constraint (1) comes from the fact that starting and 
ending destination have been specified (New Delhi) and is 
fixed. Initially, conventional roulette wheel selection procedure 
is adopted as in case of binary coded genetic algorithms. (1) For 
each chromosome, objective function, , calculates the total 
distance covered while traversing the route suggested by 
sequence of nodes in the chromosomes. Since in traveling 
salesman problem, distance traveled has to be minimized, thus 
it is convenient to write the fitness function as  as  

 

where  is objective function defined above. 

     Here, chromosome with lesser traveling distance has larger 
fitness value and hence more chances of survival for the next 
generation. Thereafter, conventional crossover procedures (like 
1 or 2-point crossover, cut and splice crossover) are used in case 
of binary coded genetic algorithms. But in this problem or for 
real coded genetic algorithms in general, above crossover 
operators cannot be applied since each chromosome represents 
different route and crossing over using 1 or 2-point crossover 
may violate second constraint (equation 2) of the problem. 
These crossover operators are replaced by one of three proposed 
efficient techniques as given below to escape from all local 
optimal minimum solution and to increase the rate of 
convergence. After using crossover technique, uniform 
mutation (with some mutation probability ) is done to create 
further diversity in the dimensional search space. 

 
Figure 2. Simple example of substring swapping crossover technique. 

 

A. Simple Substring swapping crossover (SSSC) 

This procedure modifies the chromosomes, before it goes 
into next generation. In this technique, we choose a bit 
somewhere in the middle as a pivot as shown in Figure 2(a). 
Then, from the right half of the pivot bit, a substring of bits 
(representing set of cities) is chosen at random location and is 
swapped/exchanged with the substring of exact same length in 
left half part (keeping start and end cities fixed). This swapping 
satisfies both the constraints (equation 1 and 2), as even after 
changing the order of cities, no city is visited twice and every 
city is visited exactly once (except the starting destination). 
Here, two parameter locations (in the right half, it is from right 
most bit and vice versa for the left side of the pivot) and length 
of substring (number of bits) are chosen randomly. Multi-
substring swapping can be employed at different locations where 
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neither bit should be overlapped, for introducing more diversity 
in the sample space. Figure 3 shows the flowchart of the 
algorithm. 

 

 
Figure 3. Flowchart describing Simple Substring Swapping Crossover 
(SSSC) Algorithm 

 

B. Elite Substring Swapping Crossover (ESSC) 
Above crossover procedure does not necessarily converge 

at later stages. This is because there is no filtration of 
chromosomes happening in previous approach. Therefore, the 
algorithm is further extended using idea of strict elimination, 
where elimination of either parent or offspring is carried out 
based on their performance; thus, referred as Elite substring 
crossover technique. In this approach, computed fitness value 

 of offspring is compared with parent. If the fitness value 
of the offspring is higher than its parent, then this offspring is 
accepted over its parent to transit in the next generation, 
otherwise it is rejected. As we will see in section III, this 
algorithm with the help of concept of natural selection, 
outperforms the earlier method both in terms of quality of 
solution and the rate of convergence. But many a times, it 
converges to local minima. Figure 4 shows the flowchart of the 
algorithm.  

 

C. Hybrid Substring Swapping Crossover (HSSC) 
To improve the quality of solution even further, both in 

terms of convergence and achieving global optima, simulated 
annealing approach comes handy. This technique ensures 
diversity initially and convergence at later stages and is referred 
to as Hybrid Substring Swapping Crossover technique in this 
paper. In this approach, transit of offspring with higher fitness 
value follows elite substring swapping approach, but the 
rejection of worse offspring is decided on the basis of the 
rejection probability . For this procedure, Metropolis algor- 

 
Figure 4. Flowchart describing Elite Substring Swapping Crossover 
(ESSC) Algorithm. 

ithm is adopted. In this approach, normally distributed random 
probability ( ) is compared to the value of probability , given 
by Boltzmann’s distribution.  

 
 

If  , the offspring gets accepted, otherwise it is 
rejected. Here T refers to the temperature. Initial temperature is 
randomly chosen (usually very high temperature results in more 
diverse search). This temperature becomes half of its previous 
value when there is no change in the objective function value, 
until convergence is achieved.  

 
 
As T becomes smaller and smaller with each iteration, 

rejection probability becomes higher and higher and eventually 
leads to Elite Substring Swapping approach. It should also the 
noted that any other heuristics (constantly decreasing) can be 
chosen for the given purpose. 

 
Figure 5 shows the flowchart of the algorithm.  
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Figure 5. Flowchart describing Hybrid Substring Swapping Crossover 
(HSSC) Algorithm. 

 

D. Mutation 
After crossover step, with some probability ( ), we mutate the 
chromosome. We exchange a random bit in the chromosome 
with another bit at random location in the chromosome. This 
ensures hill climbing moves to avoid convergence at plateaus 
or local optima.  
 

III. RESULTS 
We compared the results of traveling salesman problem 

given in I-1 for three modified RCGA procedures (having 
different crossover methods as described above, in which 
traveler’s starting and ending destination is New Delhi, and he 
traverses each of Indian states capital exactly once except New 
Delhi. Fig. 6 to 8 show the plots of Maximum and average 
fitness value versus number of iterations for different 
algorithms.   

 

 

 

Fig. 7. Maximum (diamond) and average fitness value (+)    
for Elite Substring Swapping Crossover (ESSC) algorithm 

Figure 7. Maximum (diamond) and average fitness value (+) for 
Elite Substring Swapping Crossover (ESSC) algorithm. 

Figure 8. Maximum (diamond) and average fitness value (+) 
Hybrid Substring Swapping Crossover (HSSC) algorithm. 

Figure 6. Maximum (diamond) and average fitness value (+) for 
Simple Substring Swapping Crossover (SSSC) algorithm. 
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IV.  COMPARISON WITH EXISTING ALGORITHMS 
In previous section, we have compared our three 

algorithms on the basis of convergence rate and quality of 
solution these algorithms offered for the problem I-1. In this 
section, we will compare the performance of our algorithm 
with existing approximation and randomized algorithms like ant 
colony optimization. (9)  

A. Comparison with greedy algorithm (Nearest Neighbor 
algorithm)  
One other approach to solve traveling salesman problem is 

to use Greedy Algorithm. Greedy algorithm chooses the locally 
optimum choice available at each stage in hope of producing 
globally optimum solution. Nearest Neighbor algorithm is a 
greedy algorithm that lets the salesman choose nearest unvisited  

city as the next destination. When we solved the problem I-1, the 
solution given by NN algorithm outputs 21490 Kilometers 
which is nearly twice the distance given by our algorithm. 
Clearly our algorithm outperforms NN algorithm.  

B. Comparison with Ant Colony Otimization  
When we solved the same problem using Ant Colony 

optimization, the algorithm output the local maxima which was 
approximately 1.3 times our minimum distance and got stuck in 
local minima in very early stages of optimization. Figure 9 
shows the plot of optimal tours vs iteration count for the ant 
colony optimization method and three of our algorithms for one 
instance. Ant Colony method was able to outperform SSSC 
algorithm in few runs but is almost surely outperformed by 
ESSC and HSSC algorithms.  

 

V. CONCLUSIONS 
       From Fig. 6 to 8, it has been noted that HSSC algorithm 
outperforms both SSSC algorithm and ESSC algorithms over 
large number of iterations (~104 iterations). HSSC selects 
better chromosomes (of more diverse nature) to avoid local 
minimum in multi-modal objective functions. However, ESSC 
converges much faster than both hybrid and substring swapping 
algorithm, but, converging towards local minimum many a 
times.  
 

     Increasing crossover probability (in the range of 
) improves the solution with more diversity 

in dimensional search space. Number of chromosomes in 
the population improves the optimal solution directly. Figure 10 
shows the variation of average fitness value of each iteration 
with change in crossover probability for HSSC algorithm. It can 

be observed from the figure that as we increase the crossover 
probability i.e. increasing chances for crossover operation to 
occur, quality of the solution improves.  
      However, when we increased the mutation probability, it 
turned out that the quality of solution decreases with increase in 
mutation probability. Figure 11 shows the variation of average 

Figure 9. Performance of all the methods on the same problem. (-) 
shows the output of Ant Colony method. (o) shows performance of 
SSSC algorithm. (+) shows performance of ESSC algorithm while 

diamond symbol shows output of HSSC algorithm. 

Figure 10. Variation of average fitness value of each iteration with 
change in crossover probability for HSSC algorithm. 

Figure 11. Variation of average fitness value of each iteration with 
change in mutation probability for HSSC algorithm. 
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fitness value of each iteration with change in mutation 
probability for HSSC algorithm.  
      It must also be noted that higher initial temperature in HSSC 
makes search space more robust initially, thus, reduces the 
chances of convergence to a local minimum. Figure 12 shows 
the graphical proof of the above statement. Here, we can see 
that more robust search (one with higher initial temperature) 
significantly outperforms the less robust search (one with lower 

initial temperature). Finally, we have observed that the number 
of iterations improves performance.  
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Figure 12. Variation of average fitness value of each iteration with 
change in Temperature for HSSC algorithm. 
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