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Abstract Self-organizing map (SOM) is a powerful var-
iant of neural network for solving optimization problems.
Many researchers have reported SOM for Traveling
Salesperson Problem; however, problems still exist due to
the trapping of the optimization techniques at the local
optimal position. In this work, we propose an Extended
Self-Organizing Map based on 2-opt algorithm with one-
dimensional neighborhood to approach the Symmetrical
Traveling Salesperson Problem (STSP). We elaborate our
approach for STSP where weights of neurons represent
nodes that are placed in the polygonal domain. The
selection of winner neuron of SOM has been extended to
overcome the problem of trapping of SOM at local optima.
The results of SOM are improved through 2-opt local
optimization algorithm. We briefly discuss self-organiza-
tion in neural networks, 2-opt algorithm, and extension
applied to SOM. Finally, the algorithm is compared with
Kohonen Self-Organizing Map and Evolutionary Algo-
rithm. The results show that our approach performs better
as compared to other techniques.
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1 Introduction

The traveling salesperson problem (TSP) is being studied
from the last few decades. Given the list and pair-wise
distance of cities, the task is to find the shortest tour that
passes through each city exactly once. The problem seems
to be very simple, but it has been reported as an NP-hard
problem [1]. As a typical NP-hard problem, the classical
TSP has attracted extensive research efforts in artificial
intelligences methods [2]. This is because of its vast real-
life applications, such as printed circuit-boards manufac-
turing [3, 4], data transmission in computer networks [5],
power-distribution networks [6], image processing and
pattern recognition [7], robot navigation [8], data parti-
tioning [9], hole punching [10], vehicle routing [11], doc-
ument locating, and so forth. Nowadays, the increasing
diversity of applications requires increasingly large-scale
TSP problems to be solved with precisions. The TSP can be
stated as a search for a round trip of minimal total length
visiting each node exactly once. Since there are (N — 1)!/2
possible round trips for an N-city TSP, it is impractical to
apply brute-force approach to the problem for a large N
[12]. Many heuristic methods have been developed in order
to achieve a near to optimal solution of the problem. The
heuristics such as simulated annealing (SA) [13], genetic
algorithm (GA) [14, 15], tabu search [16], neural networks
[16] have demonstrated various degrees of strength and
success to the TSP, among which neural networks are
considered as a promising approach for large-scale TSP
problems [16]. Due to the huge search space of a TSP (n!),
it is not feasible to check all the solutions for city sets with
many thousands of cities. Some engineering problems like
VLSI designing need 1.2 million cities [17] with a limited
time interval. A fast and effective heuristic method is thus
needed to find the shortest route.
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In this paper, we present an Extended SOM, a neural
network-based algorithm improved with a 2-opt local
optimization algorithm for solving symmetrical TSP. In our
approach, the nodes of TSP are placed in a polygon domain
and represented by weights of neuron in SOM Network. It
is observed that the SOM could not reach to global optima
and trapped at the local optima. To overcome this problem,
we use 2-opt local optimization algorithm. The 2-opt
algorithm locally optimizes the TSP tour, which leads to a
global optima by the SOM. We called this approach as
Extended SOM (ESOM).

The rest of the paper is organized as follows: In Sect. 2,
the basic SOM is discussed. In Sect. 3, the extended SOM
is discussed in detail for symmetrical TSP. Section 4
explains the experimentation and results. In Sect. 5, we
describe the conclusion and future direction of the paper.

2 Related work
2.1 Basics of Self-Organizing Map

Teuvo Kohonen introduced a new type of neural network
in 1975 that uses competitive, cooperative, and adaptive
unsupervised learning [18]. The approach is based on
winner takes most (WTM) and winner takes all (WTA)
algorithms. WTA is a competitive learning algorithm. The
distance to each neuron’s synaptic weights is calculated
when input vector is presented. The winner neuron is
considered the one whose weights are most correlated with
current input vector. The scalar product of input vector and
considered synaptic weights are equal to correlation. The
winning neurons then modify their synaptic weights with
respect to the current input vector. However, the synaptic
weights of other neurons remain the same. The learning
process can be described by the following equation:

Wi =W, +n(x—W,) (1)

where i € [0, 1,...n], n represents the number of neurons,
W; is the synaptic weights of the winning neuron, 7 is
learning rate and x stands for current input vector. This
algorithm seems very simple and could be extended. The
most common extension is giving more chance of winning
to neurons that are rarely activated. Compared with WTA,
the WTM strategy has better convergence. The main dif-
ference between WTA and WTM is that many neurons in
WTM strategy adapt their synaptic weights in single
learning iteration. Therefore, the winner neurons as well as
the neighborhood neurons adapt their synaptic weights.
The modification applied to the weights of neurons
depends upon the distance of the neighborhood neurons
from the winning neuron; the smaller the distance, the
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greater change will be applied to the weights of neigh-
borhood neurons. This adaptation process can be described
as:

Wi = Wi + TIN(l,x) (W, Wl) (2)

for all neurons i that belong to winner’s neighborhood. W;
stands for synaptic weights of neuron i and x is current
input vector. n stands for learning rate and N(i, x) is a
function that defines neighborhood. The SOM can be cre-
ated when function N(i, x) is defined as:

N(i.x) {1 for d(i,w) <
i,x) =
0 for others .

(3)

where d(i,w) is Euclidean distance between the ith and
winning neuron and 4 is neighborhood radius. For SOM
training, the Euclidean distance between input vector and
all neural weights has to be calculated. The distances of all
neurons are compared, and the neuron that has the shortest
distance to input vector is considered as a winner neuron.
The weights of winner neuron are slightly modified to the
direction represented by input vector. The weights of
neighboring neurons are modified in the same direction
based on their distance from the winner neuron. During
each learning iteration, the 4 and 5 are multiplied with o4
and on respectively. These parameters are always > 0 and
<1. The 4 and 5 will be updated during learning process
and will become smaller during subsequent iterations. The
SOM tries to organize itself globally during the beginning,
and during the subsequent iterations, it performs local
organization due to the smaller values of learning rate and
neighborhood.

Figure 1 shows the classical Kohonen SOM. It maps
input vectors of high dimension onto the map with one,

Input Vector (x1.....xn)

Fig. 1 Two-dimensional neighborhood SOM with input vector
(x1...x,)
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two, or more dimensions. The input patterns, which have
the smaller Euclidean distance from one another in the
input space, are put close to one another in the map. The
input vector is passed through each neuron, and a matrix of
output neurons is formed called SOM.

In one-dimensional neighborhood of matrix representa-
tion, every neuron has two neighbors, i.e., left and right as
shown in Fig. 2.

In two-dimensional neighborhood of matrix representa-
tion, each neuron has four neighbors (left, right, top, and
bottom). The classical two-dimensional neighborhood
SOM with four neighbors is shown in Fig. 3. The neigh-
borhood can be extended. Figure 4 shows the 8 neighbors
scenario. The dimensions could be increased to as many as
needed 1D, 2D, 3D, or more. However, 2D neighborhood
is the most common.

Algorithm 1 shows the basic SOM proposed in [1]

INPUT:

N=number of neurons

I=number of iterations

OUTPUT:

Train_SOM

initialization;

i:=1;

while i <N do

‘ W «—rand() ;

end

fori=1— Ndo
take one random input pattern;
using Euclidean distance find the winning neuron;
based on neighborhood function, find the neighbors;
modify synaptic weights of these neurons;
reduce n and A ;

end

Algorithm 1: SOM training Algorithm

3 Extended SOM-based STSP solver

One-dimensional network must be created to solve TSP
problem. The number of neurons and cities is equal. The
weights of a neuron represent the coordinates of the city. In
other words, a neuron and a city are assigned to each other
and there exist a 1-1 mapping between the set of cities and
set of neurons. All the neurons are organized in a vector.
This vector represents sequence of cities that must be
visited. However, some modifications need to be done
before the SOM is able to fully solve this problem. This is
because the real-valued neural weights may never equal

O—OO—@ OO

Fig. 2 One-dimensional neighborhood SOM

=

Fig. 4 Two-dimensional neighborhood SO

with eight neighbors

exactly the coordinates of the cities. To solve this problem,
we use the algorithm proposed in [16] that will modify
classical SOM solution and will map the neuron weights to
the coordinates of the nodes/cities. Positions of cities and
positions of neurons may not equal. However, adequate
neural weights and city coordinates are very close to each
other. An algorithm that modifies neural weights so they
equal to city coordinates has also been applied. These
weights need to be modified in such a way to restore the
1-1 mapping, assumed on the beginning. If a neuron a is
assigned to city "A,” it means that weights of neuron a are
equal to coordinates of city "A’.

Improvement in the learning of SOM network has been
proposed in previous research in various ways [19, 20]. In
this paper, we used a Gaussian-type neighborhood adap-
tation function A(z,r), as used in [21].

_ oI =r)
h(t,r) = [1 N (m)z} (4)

This function decreases in both spatial and time domains.
In the spatial domain, its value is the largest when node i is
the winner node and it gradually decreases with increasing
distance from i. Parameter o determines the initial value of
|| while the parameter f(0<f<1/r) determines the rate
of decrease of |A| in the spatial domain. In the time domain,
t controls the value of |h|, whereas the parameter cdenom
determines the rate of its decay.

Figure 5 shows the flow diagram of the SOM learning.
The learning process continues for number of iterations
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Sett=0

v

Initialize parameters

|

Set q (number of cycles)

YES
A 4

Apply input pattern X (t) at time t ’

v

Select the winning Neuron whose weighting vector is closest to
X®

v

Update the weighting vectors for all neurons

Sett=t+1

Fig. 5 Flow diagram of Self-Organizing Map learning

provided as input. The number of iterations can be set
empirically to find the better results.

INPUT:

Weight set of neurons

Coordinates set

OUTPUT:

Mapped weights

initialization;

i=1;

while i <N do

nearest_city = nearest city to current neuron ;

i=i+1

if nearest_city is not assigned to any neuron then

‘ assign nearest_city and current neuron;
end
else
| delete neuron(il;

end

end

fori=1—Ndo

if nearest_city is not assigned to any neuron then
create a new_neuron and assign it to current city;
nearest_neuron = find the nearest neuron to current
city;
insert new_neuron before or after nearest_neuron,
depending on which tour is locally shorter;

end

end
Algorithm 2: Mapping of Neuron and STSP cities

The algorithm 2 is used for mapping the real coordinates
and neuron weights, which produce a good and fast
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solution; however, it is not locally optimal. We applied
2-opt algorithm, which is a well-known local optimization
algorithm for producing locally as well as globally opti-
mized solution. The solution obtained from SOM is good
enough; therefore, the 2-opt will work fast even for large
amount of cities. The 2-opt algorithm is based on one
simple rule, and that is “remove the local loop and opti-
mize locally”. The algorithm works as follows:

select part of tour

reverse the tour

insert back in the cycle

test the results

if the new cycle < the old tour

replace the cycle else discard the new cycle
Stop when no improvement can be done.

Suppose we have a cycle (A, B, C, D, E, F, A), we want to
improve this cycle with 2-opt algorithm. Suppose we select
path (B, C, D) and reverse it, the new cycle is (A, D, C, B,
E, F, A). As shown in fig 6, after 2-opt optimization, the
solution is locally optimal.

Figure 7 shows flow diagram of our proposed hybrid
approach for solving STSP. Our approach is based on two
approaches SOM & 2-opt as discussed above. The SOM is
used for solving STSP; however, to overcome the shortcoming
of SOM, we used 2-opt algorithm for better solution. The 2-opt
reads the solution of SOM and finds the local optimal solution.
The process continues until all the tours are visited.

4 Experimentation and results

We have carried out two types of experiments:

e Standard data set for TSP, i.e., TSP Library (TSPLIB)
[22].

Fig. 6 Local optimization with 2-opt algorithm
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Initialize Parameters —» Read SOM Solution

Map Coordinates with Neuron

- Select part of tour
Weights

Train SOM Reverse the tour & Insert
back to tour

No |

No

Yes

‘crmination Criteria

J
Satisfied Is New tour < old tour

Yes
A 4

Replace the tour

Fig. 7 Flow diagram of the proposed system

e Random cities.

TSPLIB data sets contain a number of local optimal values,
which lead to trap the SOM-based system in the local
optimal value; however, our two-layer hybrid approach
does not trap in the local optimal value and finds the global
optimal. The 2-opt local optimization algorithm helps to
optimize the local tour, which could not be solved by SOM.
Testing using randomly chosen cities is more objective. It
is based on the Held-Karp Traveling Salesman bound [23].
An empirical relation for expected tour length is used:

L=kVn-R (5)

where L is expected tour length, n is a number of cities, R is
an area of square box on which cities are placed and k is an
empirical constant. For n > 100 it is:

052229  0.131572 0307474
vn n ny/n

The selection of training parameter plays an important
role during SOM learning. Optimal parameters should be
selected adequately to a number of cities to achieve best
results. We found the following best parameter values
empirically during our experimentation.

k = 0.70805 +

e for 100 cities:

n=20.7
An = 0.987
AL = 0.999s

e for 500 cities:

Fig. 8 SOM solution without 2-opt optimization. There are two local
loops on the left

Fig. 9 SOM solution with 2-opt optimization. Loops on the left have
been erased

n=0.8
An = 0.9985
A2 = 0.994

e for 1000 cities:

n=20.9
An = 0.9992
A2 =0.996
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Fig. 10 Comparison of results
a comparison of ESOM with
SOM and EA on TSPLIB,
b comparison of ESOM with
SOM and EA on TSPLIB,
¢ comparison of ESOM with EA
on random data sets %
=
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Table 1 ESOM comparison Instances Optimum  SOM EA ESOM

with SOM[16] and evolutionary

algorithm Ave. result  Best result  Ave. result  Best result  Ave. result  Best result
EILS1 426 431 427 434 429 429.2 426.2
EIL101 629 662 646 667.3 649 638.3 635
TSP225 3,916 5,364 4,967 5,936 5,201 4,432 4,125
PCB442 50,778 69,526 65,784 73,213 69,479 66,932 57,369
PR1002 259,045 354,896 310,258 390,245 350,417 299,685 271,456
PR2392 378,037 587,023 501,741 612,302 580,256 450,216 410,362

The numbers of iterations were set to 20,000 for all the
cases.

All computations were performed on AMD Athlon
(tm)64-bit X2 Dual Core 6000+ 3.10 GHz processor with
4GB Physical Memory.

Six different size data sets were selected for testing our
proposed approach, i.e., EIL51, EIL101, TSP225, PCB442,
PR1002, and PR2392. The SOM solution for a 200 random
cities problem without 2-opt optimization which resulted in
two loops in the resulted solution as shown in Fig. 8. The
2-opt local optimization identify and replace the loops in
the SOM resulted solution with optimal results as shown in
Fig. 9. Figure 10a shows the comparison of EA, SOM, and
ESOM on data sets EIL51, EIL101, and TSP225. It is clear
from the figure that the tour size is almost the same in small
size data set; however, when the number of cities grows,
the tour size and difference of tour size increase. Fig-
ure 10b shows the comparison of EA, SOM, and ESOM on
data sets PCB442, PR1002, and PR2392. It is very clear
from Fig. 10b that the ESOM performs better than and near
optimal than the other two counterparts.

Experiments were also carried out on different size
random data sets 50, 100, 150, 200, 250, 300, and 500
cities, respectively. Rectangular box edge length was set to
500. The ESOM was run for 50 times on each city set, and
the statistics were generated. It has been observed that
SOM takes relatively shorter time to generate an optimal
tour. During our experimentation, the 1000 city set is
solved in less than 2.5 s. ESOM approach generates solu-
tions that are almost 10 % better than the other evolu-
tionary techniques and classical SOM. However, in most of
the cases, the difference is very small, i.e., just a few
percent. EA used enhanced edge recombination (EER)
operator [24, 25], survival of the fittest (where always the
worst solution is replaced), and tournament parent selection
with tournament size depending on number of cities and
population size. Mixed along with self-adapting mutation
rate has been used. The mutation rate is different for every
genotype, and the modification is similar to that of evolu-
tion strategies. Due to this adaptable strategy for mutation
rate, it is not needed to check manually which parameters
are optimal for each city set. The convergence of

population is the stopping criteria. Population size was set
to 1000 (as in [25]). With smaller populations, EA did not
work that well. When EA stopped, its best solution was
optimized by 2-opt algorithm. The ESOM is run for 10
times for each city set, and the statistics were calculated.
For data sets, EIL51, EIL101, and the EA run for 10 times.
For other experimental sets, the EA was run only once. The
optimum solutions of city sets are taken from TSPLIB.
Experimental results show that EA and SOM perform
better in small city sets. Both the average and best results
of EA are near ESOM’s results. For city sets with 50 or less
cities, EA finds optimum in almost every execution.
Results for above 100 cities are comparable for both
algorithms. As shown in Table 1, the ESOM performs
better than EA and SOM for TSPLIB data sets. The dif-
ference between the two algorithms increases as the num-
ber of instances increases in a set. With more cities, search
space increases significantly and EA needs bigger popu-
lation size, while SOM stuck in local optimal value. The
EA needs larger population size and larger generation size
for more instances, which lead to poor performance both in
the form of time and optimality. The EA algorithm is much
slower, while SOM produces the results faster than ESOM.

5 Conclusion

It seems that SOM 2-opt hybrid is a powerful algorithm for
the TSP. It outperforms both EA and SOM algorithms. Its
speed might not be impressive as compared to SOM, but it
is more effective in terms of optimality.

In order to improve the efficiency of ESOM, there are couple
of things that can be optimized. Here are some of them:

e An optimal network parameter settings should be found
(n, Ay, AL, number of iterations)

e Experiments with other self-organizing networks
should be performed; Gaussian neighborhood and
conscience mechanism may be applied. Conscience
mechanism can improve TSP solutions generated by
neural networks, as reported in [26].

e 2-opt algorithm is not very sophisticated. Some other
optimization method may improve the results.
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There are many algorithms that solve permutation prob-
lems. Evolutionary algorithms have many different opera-
tors that work with permutations. EER is one of the best
operators for the TSP [25]. However, it was proved that
other permutation operators, which are worse for the TSP
than EER, are actually better for other permutation prob-
lems (like warehouse/shipping scheduling) [25]. Therefore,
it might be possible that SOM 2-opt hybrid might work
better for other permutation problems than for the TSP.
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