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ABSTRACT 
       This paper details the development of a Hybr id 
Evolutionary Algor ithm for solving the Traveling Salesman 
Problem (TSP).  The strategy of the algor ithm is to 
complement and extend the successful results of a genetic 
algor ithm (GA) using a distance preserving crossover  (DPX) 
by incorporating memory in the form of ant pheromone 
dur ing the city selection process.  The synergistic 
combination of the DPX-GA with city selection based on 
probability determined by both distance and previous success 
incorporates additional information into the search 
mechanism.  This combination into a Hybr id GA facilitates 
finding quality solutions for TSP problems with lower  
computation complexity. This study represents a preliminary 
investigation with direct compar ison to show the feasibility 
and promise of this hybr id approach. 
 

1. INTRODUCTION 

       In the Traveling Salesman Problem (TSP) [7], a 
varying number of cities are given with coordinates in a 
two dimensional Euclidian space with the objective of 
searching for the minimum-length closed tour that visits 
each city once returning to the starting city. A symmetric 
TSP (STSP) is one where the distance between any two 
cities with a tour from city i to j is equidistant to the tour 
from city j to i; while in an asymmetric TSP (ATSP) they 
are not equidistant. The TSP provides a standard test bed 
for combinatorial optimization methods for finding near 
optimum solutions to a NP-hard problem [1][2][4]. Other 
approximation techniques for finding near optimum 
solutions for the TSP based on heuristics are proposed in 
the literature such as simulated annealing [8], threshold 
accepting [9], ant colonies [6], and genetic algorithms 
(GA) [10], just to name a few. While these methods 
produce successful results when used individually, best 
efforts are from hybrid approaches especially for large 
TSP problems. For example, tours of optimum or close to 
optimum results have been found by combinations of local 
search algorithms and simulated annealing, and by 
combinations of local search algorithms and genetic 
operators [1][2].   
       This paper presents a hybrid approach for solving the 
TSP by incorporating problem dependent knowledge into 
a genetic algorithm including selection based on a 
probability found in the natural metaphor of ant colony 

formulation. Combination of local search heuristics and 
genetic operators with probabilistic city selection promises 
to be an approach that finds near optimum solutions to the 
TSP while lowering computation time required by 
traditional approaches.  The genetic algorithm searches the 
space of local optima towards the global optimum while 
memory in the form of ant pheromone guides the tour 
selection process for greater convergence speed and 
accuracy. 
        Improved genetic operators incorporate ant 
pheromone memory through the development of crossover 
and reproduction between parents in the evolutionary 
process. The crossover operator enables the GA to move 
through the search space in a nonlinear fashion. It is 
inspired from the idea that the TSP often has Òglobally 
convexÓ or Òbig valleyÓ characteristics where the optimum 
may be near the center of a valley of near optimum results 
[1].  Also, it brings in domain knowledge from the 
development of the Ant System in which the solution may 
be found by using probabilistic selection based not only on 
a greedy distance but also on memory of the best 
performing tours [6].  This approach simultaneously 
introduces the concept of evolution into the Ant System as 
well as memory learned from successful tours into the 
genetic algorithm. 
       The paper is ordered as follows. Section 2 describes 
the nature and procedure of the Hybrid GA proposed. 
Section 3 shows simulation results from experiments with 
the Hybrid GA. Section 4 offers observations and 
conclusions about the Hybrid GA and its results. 
  

2. HYBRID GA DESCRIPTION 

2.1 Hybri d GA Overview 

       Traditional GA approaches for solving the TSP 
produce less than desirable results but offer an opportunity 
to develop specif ic operators to better handle such a 
problem [2].  The proposed Hybrid GA in this paper builds 
on much work done by previous researchers [1][4], but 
introduces additional improvements.  The idea behind the 
Hybrid GA proposed is to take information about the 
nature of the problem (specif ically TSP), and exploit this 
while using specific crossover and mutation operators 
tailored to retain as much information about the parents as 



possible while remembering successful tours. Such 
techniques which have improved performance and are 
included in this Hybrid GA are as follows. Rather than a 
random initial configuration of city connections, the 
Hybrid GA employs an initial configuration heuristic such 
as the nearest neighbor (NN) for initial tour construction.  
This allows n different starting configurations which 
facilitate a diverse initial population. After each tour 
construction the tour is subject to a tour improvement 
heuristic which could range from a 2-option local search to 
the Lin-Kernighan (LK) heuristic.  Instead of a 
conventional random crossover, an improved crossover 
based on domain knowledge about the TSP combines 
randomly selected parents.  This crossover bridges the gap 
between GA and Ant System by including city selection 
based on memory due to pheromone characteristics. Also, 
specific mutation operator characteristics are necessary in 
order to prevent cancellation by the tour improvement 
heuristic. Figure 1 summarizes the TSP heuristics which 
are used in this Hybrid GA. 
 
Step  1: create configuration from construction heuristic 
Step  2: update tour with tour improvement heuristic 
Step  3: create decision matrix from Max-Min Ant System 
Step  4: select parents to mate 
Step  5: recombination by crossover and decision matrix 
Step  6: update tour with tour improvement heuristic 
Step  7: mutate individuals based on a probability  
Step  8: replace some parents with some kids 
Step  9: update the decision matrix 
Step 10:go to step 4 unless reached stopping criteria 

Figure 1: Hybrid GA Template 

2.2 Hybri d GA Procedure 

       The Hybrid GA developed begins by configuring n 
different starting cities in a NN construction method.  Each 
individual has a 2-option local search minimization 
applied to their tour.  The 2-option local search is not the 
most effective local search method.  A 3-option local 
search or the ÒchampionÓ LK search has been proven 
much more effective and eff icient [2].  While this may be 
true, they also require much more computation time and 
perhaps parallel processing to obtain an adequate number 
of generations in a reasonable timeframe.  For the city sets 
examine here a 2-option local search is sufficient, and for 
larger city sets employing a LK search will continue the 
success of the algorithm.  The framework for a 2-option 
local search is shown in Figure 2.   

The local search takes an initial solution and makes 
incremental modif ications in order to find a better tour.  
The operation makes 2 breaks in the tour, recombines in 
the only possible other option for a complete tour, and 
then compares the new tour distance to the previous tour 
distance.  This process results in a local optimum due to 

small rearrangements which work out short nonoptimized 
sections in the tour. 

 

 

Figure 2: 2-Option Local Search [3] 

 
       Once the tours have been locally minimized, then they 
are ranked according to the distance of their tours. The 
individual with the shortest tour will update a probability 
matrix that is used for decision making.  Two parents are 
then selected to mate at random.  They are selected at 
random to produce children not too much resemble their 
parents.  The parents are sent to the ANT-DPX crossover 
explained below, mutated with certain probability, and 
then the same number of parents are replaced as the 
children. Figure 3 presents the pseudo code for the 
algorithm. 

 
procedure Hybrid-GA; 
       star t 
               initial configuration of population M  
                        with Nearest-Neighbor heuristic; 
               for  each individual k in M  
                     do 2-option local search (k); 
                          update decision matrix according  
                                 to Equation (2); 
               repeat 
                      for  j = 1 to M/2 crossovers do 
                      select two parents randomly ka 

                                                 and kb in M randomly; 
                      child kc = ANT-DPX(ka , kb); 
                      2-option local search (kc); 
                      if random number > predefined probability  
                             do mutation(kc); 
                      replace worst half parents with children;  
                      update decision matrix according  
                               to Equation (2); 
               until stopping criteria are met; 
       end;                       

Figure 3: Algorithm Code 



2.3 ANT-DPX Crossover 

       After parent selection the ANT-DPX crossover is 
applied.  This crossover evolves from the DPX crossover 
developed by Freisleben and Merz [1][2].  The distance 
defined in the crossover comes from the number of edges 
that are contained in the first and the second parent. The 
observation made compares the distance between a locally 
optimum tour and the global optimum tour. The distance 
between two local optimum tours is said to be the same 
distance as between the local optimum and the global 
optimum.  Thus, the DPX crossover aims to preserve the 
distance between parent one and the child, parent two and 
the child, and parent one and parent two.  The 
improvement to this crossover comes in the reconnection 
procedure.   Figure 4 describes the overall functionality. 
 
procedure ANT-DPX(ka , kb); 
       star t 
               child kc = ka; 
               delete all edges in kc that are not contained in kb; 
               reconnect remaining segments based on a  
                        probability from Equation (1); 
       end;                       

 Figure 4: ANT-DPX Functionality 

 
       The original DPX works by copying the contents of 
the f irst parent to the child. All the edges that are not 
common in the other parent are then removed.  The child 
is left with varying sized ÒchunksÓ or city segments that 
are common to both parents.  The resulting chunks of 
broken edges are reconnected without replacing any edges 
originally broken. A city from one of the broken edges is 
chosen at random to be the start of the child tour. The 
original DPX reconnects remaining edges using a greedy 
procedure. The ANT-DPX, however, makes remaining 
reconnections based on a probability that is defined below 
in Equation (2). Figure 5 illustrates an example of the 
DPX [1]. 
 

 

Figure 5: DPX-Crossover 

As shown in Figure 5, the two parents are described as 
is in a tour from 0 to 9 cities.  Copying parent 1 and 
deleting the non-common edges reveals 6 chunks of cities 
with the segment fragments: 539-12-8-06-7-4.  The 
recombined child retains the same city segments and 
remains a distance of 6 away from each parent.  This 
crossover operation is successful because it takes the most 
important information (chunks of cities) from the parents 
and passes it on to the child.  It preserves diversity by not 
allowing the child to look too much like each parent since 
the reconnection procedure prevents the same edges from 
being reconnected that were broken in the f irst place.  The 
Hybrid GA improves this method for reconnection by 
including both the distance between two cities as well as 
an amount of pheromone placed by the best recorded 
tours.    

2.3.1 ANT-DPX Reconnection Procedure 
       The Ant System (AS), originally introduced in [6], has 
been advanced into an improved version called the MAX-
MIN Ant System (MMAS) [4]. They are both inspired by 
the biological metaphor found in ant colonization.  Ants 
have been shown to find good solutions to a shortest 
distance problem between home and food source.  They 
communicate to each other without visual cues using 
pheromones which are aromatic substances that mark a 
trail.  Ants have shown a correlated behavior with 
following trails proportional to pheromone intensity.  
Because the pheromone evaporates over time, the path 
chosen most often will retain the most travel and 
eventually become the dominate trail.  To solve the TSP, 

the MMAS as well as the AS use a pheromone trail ij!  

associated with each edge between the cities.  The tour is 
built by selecting the next city probabilistically based on a 
distribution found using Equation (1):  
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city  j is not yet visited (1) 

0 otherwise 
 
where ij!  is a local heuristic from the AS defined by 

ijij
d/1=! . ij!  will be high if the distance between cities i 

and j is small.  The overall probability for the decision 
matrix p is also biased by parameters !  and !  which 
determine the relative signif icance of either the distance 
between the cities or the amount of pheromone already 
present.  For the ANT-DPX crossover, this will be used 
only for reconnecting edges that have been broken due to 
difference between two parents.    



2.4 Mutation 

       Mutation alters each child at a predefined probability.  
The operator used modif ies the tour by a random non-
sequential 3 edge change.  This operator must be tailored 
for the local search scheme used.  Because a 2-option local 
search is used to find local minima, a 3-change is the 
smallest city alteration that cannot be undone by applying 
the local search.  For example, if a LK or 3-option local 
search were substituted for larger city sets, then a non-
sequential 4-change would be required [1][2].  The 
functionality of the mutation can be seen in Figure 6. 
 

procedure mutation(kc); 
       star t 
               non-sequential 3-change(kc); 
               2-options local minimization(kc); 
       end;                       

Figure 6: Mutation Functionality 

The method for the mutation is derived from a 3-option 
local search routine.  The tour is broken at three edges and 
then reordered in two possible fashions.  Whichever 
combination has the shorter tour is kept while the other is 
discarded.  Figure 7 shows an example. 

 

 

Figure 7: Mutation Operation 

2.5 Update-Processing  

       The MMAS uses only the best tour to update the 
pheromone matrix

ij
! .  Two methods exist for this type of 

trail update.  Either the trail corresponding to the iteration 
best or the global best can be used to add pheromone to the 
matrix in the following way: 
 
                       best
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where p is the decay parameter and best

best
ij LQ/=!" .  This 

corresponds to either the iteration or the global best the 
length to update can be found using Equation (3). 
 
                              global

best
iteration
bestbest orLLL =  (3) 

Additionally, intermediate possibilities exist by 
choosing one length by default and choosing the other 
after a f ixed number of iterations.  Using the iteration best 

results favors a higher level of exploration and using the 
global results favors a high lever of exploitation [5].   
       Once the pheromone matrix has been updated, it is 
subject to a few additional constraints imposed by the 
MMAS.  If the values in the matrix fall below a certain 
predetermined amount, they are set to the minimum.  Also, 
if they rise above a set predetermined amount, they are set 
to the maximum [4][5].  The procedure for setting the 
minimum and the maximum is described below. 

2.5.1 Trail Limits 
       Explicit limits are placed on the pheromone matrix to 
limit the influence of trail strength by two parameters:  

max!  and min! .  For all edges in the tour the trail strength 

must be min! < ij! < max! .  The values for the upper and 

lower trail strength limit include input to avoid stagnation 
and to allow concentration [4].  For a through detailed 
description of the MMAS and trail limits see [5].  The 
maximal trail strength is calculated in Equation (4):  
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where optL  is the optimal tour length for the TSP problem. 

       The minimum trail value is set with a few ideas.  The 
best tours are found near stagnation of the search.  Also, 
the main influence on the tour construction is shown to 
relate to the value between the upper and lower trail limit 
[5].  Equation (5) shows the calculation for the minimum 
trail limit: 
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where decp  corresponds to a probability for construction 
which relates to the probability of convergence.    

2.5.2 Trail Initialization 
      The MMAS system initializes the trail strengths to the 
maximum level for all edges.  This allows the following 
search analysis: After iteration the trail strength is reduced 
by a factor p shown in Equation (2).  Since only the best 
individual is allowed to update the trail, the best arcs will 
retain near the maximum strength and process of 
exploration will slowly change to exploitation of the best 
trail.  Edges that are not reinforced by updates will fall to 
the minimum trail strength and have less opportunity for 
selection.  Higher values for p indicate a slower learning 
rate for the good vs. the bad edges, and make it possible to 
correct for early mistakes.   
 
 



Table 1: Symmetric Traveling Salesman Problem Hybrid GA Results 
Symmetr ic Traveling Salesman Problem Results Ð Hybr id GA 

problem generations Best (quality) average (quality) 
eli51.tsp 1000     428  (0.46%)     428.5  (0.58%) 

kroA100.tsp 1000 21285  (0.01%)    21285  (0.01%) 
d198.tsp 1000 15797  (0.1%) 15839.5  (0.37%) 
lin318 1000 42334  (0.7%) 42605.3  (1.3%) 

 
Table 2: Symmetric Traveling Salesman Problem Quality Results 

Symmetr ic Traveling Salesman Problem Results Ð Best (Quality) 
problem MMAS best DPX 2-opt best  Hybrid GA 2-opt best 
eli51.tsp 0.0% 0.46% 0.46% 

kroA100.tsp 0.68% 0.01% 0.01% 
d198.tsp 0.48% 0.0% 0.1% 
lin318 0.94% 0.5% 0.7% 

 
Table 3: Symmetric Traveling Salesman Problem Average Results 

Symmetr ic Traveling Salesman Problem Results Ð Average 
problem MMAS average DPX 2-opt average  Hybrid GA2-opt average 
eli51.tsp 427.2 430 428.5 

kroA100.tsp 21427 21285 21285 
d198.tsp 15856 15788 15839.5 
lin318 42426 42263 42605.3 

 
Table 4: DPX-GA with Lin-Kernighan [1] 

Symmetr ic Traveling Salesman Problem Results Ð DPX GA with L in-Kernighan 
problem best (quality) average (quality) 
eli51.tsp 426 (0.0%) 426 (0.0%) 

kroA100.tsp 21282 (0.0%) 21282 (0.0%) 
d198.tsp 15780 (0.0%) 15780 (0.0%) 
lin318 42029 (0.0%) 42029 (0.0%) 

 
2.5.3 Trail Smoothing 
      In addition to other improvement mechanism, in [5] a 
smoothing mechanism is described to avoid stagnation in 
the ANT-DPX recombination procedure.  The trail 
intensities are adjusted in a way that new tours are 
explored when the search has become sufficiently 
stagnant.  The increase in trail intensity is proportional to 
the current and maximum pheromone amount shown in 
Equation (6), 
 

                         Increase ~ )(max t! - )(tij! . (6) 

 

3. EXPERMENTATION RESULTS 

3.1 Parameter Settings 

       The details for the experiments are as follows unless 
otherwise explicitly stated.  Q is chosen to be one as the 
value of Q does show a significant influence [5].  The bias 
of the trail strength compared to the pheromone!  is set to 
1.  The bias of the distance heuristic strength !  is set to 2.  

p is chosen as 0.98, corresponding to slow learning to 
avoid early error pitfalls.  The number of ants, k, is 10. 
 

3.2 Experi ments 

       The algorithm is implemented in MATLAB on a 
single processor 1GHz Pentium 4.  The final results are 
displayed in Table 1 over several city sets.  These city sets 
correspond with [1][4] for comparison in Tables 2 and 3.  
All sets were taken from TSPLIB.  The results indicate 
that the Hybrid GA approach can produce quality results 
for small and medium city sets.  It can find near optimums 
for each set on a consistent basis.  The compared results 
come from two different sources. 
       The first is the MMAS algorithm in [4] that were with 
an average of 10 runs with 100!! nk  iterations.  This is 
the shortest number of iterations performed for analysis in 
[4] which can be compared. The performance of the 
Hybrid meets or exceeds the results obtained by using only 
the MMAS with the same settings.  This indicates that the 
hybrid combination may be a source for competitive 
results.  I t is diff icult to compare as due to time constraints 



the Hybrid GA was only run for a maximum of 1,000 
generations, and the generations vs. iterations may not be a 
fair comparison either.  Regardless, the performance is still 
noteworthy. 
       The second comes from [1] using the original DPX-
crossover GA.  Two sets of results are shown to illustrate 
important differences.  Before comparison it is important 
to note that the results from [1] are based on longer 
averages that were used in the Hybrid GA. 
      The f irst set of results is without the LK search 
technique and only NN with 2-option local search.  The 
performance of the Hybrid GA performs as well as this set 
of results.  This indicates that the original DPX-crossover 
may be improved by adding the ant memory probabilistic 
selection method.  This comparison seems fair as the only 
difference between the two algorithms is the selection 
process for city recombination during the crossover. I t 
should be noted that this comparison is based on results 
that were recorded from an implementation of the 
algorithm and not from the original authors.  The original 
authors used the Lin-Kernighan-Option for local 
minimization.     
       The second set of results is with the LK search 
technique form [1].  As these results are perfect, the best 
that can be hope for is to match them.  The Hybrid GA 
does not perform as well which illustrates the power of the 
LK algorithm.  In order to make any definite conclusions 
the Hybrid GA would need to add the LK algorithm and 
compare results with large city sets.  Due to the 
comparison with the DPX GA without the LK results, 
there remains reason that the DPX GA could be improved 
by adding ant memory.  
 

4. CONCLUSIONS 
 

       In this paper a new Hybrid GA approach has been 
presented for solving the Traveling Salesman Problem.  
This approach incorporates domain knowledge into the 
search mechanism due to the pheromones left by the 
MAX-MIN Ant System during the city selection process.  
This approach uses a Nearest-Neighbor tour construction 
heuristic for building the initial population of the Genetic 
Algorithm.  A 2-option tour improvement heuristic is used 
to locally minimize results obtained.  The results for city 
instances from 50 to 318 have been shown to find quality 
solutions on a consistent basis.  These results improve 
upon both methods that were combined when compared 
under similar scenarios for local search minimization. 
      Many issues exist for further research.  First, the same 
experiments should be carried out for more generations 
and on a parallel processing system. Also, they should be 
reconstructed using a lower level programming language 
such as C++.  More importantly, an implementation of the 
Lin-Kernighan heuristic should be adopted to test the 

larger TSP instances and reduce run time.  Using the LK 
minimization method will also facilitate more valuable 
comparison to the DPX-GA.  
This research represents a preliminary investigation into a 
method for effectively solving the TSP.  The small city 
sets results illustrate its success when compared to other 
methods.  The real value of the algorithm will not be 
understood until it can be tested with large computing 
power over large city sets.  The information incorporated 
into this Hybrid GA should become more and more useful 
as the city size increases.  For very large city sets, the 
information gained from using ant pheromone memory 
should save computation time and decrease successful 
convergence time.  This Hybrid GA highlights the benefits 
learned from combination and historical success. 
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