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Abstract:-This work aims at solving the Traveling Salesman Problem (TSP) through developing an advanced
intelligent technique based on real genetic algorithm (GA). The used GA comprises real-value coding with
specific behavior taking each code as it is (whether binary, integer, or real), rank selection, and efficient
uniform genetic operators. The results indicated, in comparison with the other applied optimization methods
(linear, dynamic, Monte Carlo and heuristic search methods), that the real GA produces significantly the lowest
distance (least cost tour) solution. It is concluded that real GA approach is robust and it represents an efficient
search method and is easily applied to nonlinear and complex problems of the TSP in the field of solid waste

routing system in the large cities.
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1 Introduction

The problem of solid waste and its management is
complex in small towns and critical in large
metropolitan areas [1]. The routing is one of the
main components of solid waste management in the
cities where the collection takes 85% of the solid
waste system cost and only 15% for disposal [2].
The traveling salesman problem (TSP) is one of the
most widely studied and most often cited problems
in operations research. For over fifty years the
study of the TSP has led to improve solution
methods for wide range of practical problems [3].
Those studies based mainly on several modeling
approaches like linear, dynamic programming
techniques and heuristic techniques [4, 5, 6].
Genetic  algorithms have also been used
successfully to solve this NP-problem. However, in
many of such works, a little effort was made to
handle the nonlinear optimization problem of
routing solid waste collection.

In general, the TSP has attracted a great deal of
attention because it is simple to state but difficult to
solve [7]. The exhaustive algorithms for solving the
TSP or node route problem are rarely very good in
any sense [8]. They perform well for
n < 6 and very badly for n > 15; it is time
consuming and needs huge storage and memory
time. It has been reported by Coney (1988) that a
21-location tour would require 77,100 years of
computer time on a million operation per second
(PC) [9]. Mathematical programming approaches

have had rather limited success with this problem.
According to Thieraut and Klekamp (1975) for a
20-node problem, integer linear programming
requires 8000 variables and 440 constraints while
dynamic programming is limited to 13-node
problems [10].

The aim of this paper is to find the optimal
routing for solid waste collecting in cities, taking
Irbid City in Jordan as an example problem,
through developing an advanced intelligent
technique based on real genetic algorithm (GA). In
addition, a comparison has been made with other
optimization techniques such as linear, dynamic,
Monte Carlo simulation, heuristic algorithms.

2 Encoding Schemes of GA

There are many variations of GAs but the following
general description encompasses most of the
important features. The analogy with nature
requires creation within a computer of a set of
solutions called a population. Each individual in a
population is represented by a set of parameter
values that completely propose a solution. These
are encoded into chromosomes, which are
originally sets of character strings, analogous to the
chromosome found in DNA.

The GA search, sometimes with modification,
has proved to perform efficiently in a large number
of applications. This efficiency lies in the
robustness of the search method that underlies the
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GA approach and in the flexibility of the
formulation itself. In contrast to traditional
optimization methods that track only a single
pathway to the optimal solution, genetic algorithms
cover a whole population of possible solutions. The
selection of an appropriate = chromosome
representation of candidate solutions to the problem
at hand is the foundation for the application of
genetic algorithms to a specific problem. With a
sufficiently large population of chromosomes,
adequate representation will be achieved. In real-
value coding, variables that can take on continuous
values are represented as a real (i.e. continuous)
variable in the string. In this case, the string
consists of a series of real values.

Real-value chromosomes have been used
successfully in multireservoir system operation by
various authors [11, 12], and in pipe networks
optimization by the authors [13]. In this paper a
new GA based methodology for optimal solving
the TSP has been applied. This methodology takes
by real representation with any code (binary,
integer, or real) without any need to transfer from
one to another, i.e. our GA, using chromosome as
unit, works equally well with integer and non-
integer decision variables. This is a specific
behavior distinguishes our real-coding GA from
other (binary, Gray, or integer) coding GAs. Thus
the encoding scheme used herein proved to have
the property of matching the effective problem
search space towards the GA search space. But
here in our example the nodes are taken as integer
quantities working with one Chromosome which
comprises all nodes encoded as A, B, C and so on
(Table 1). Nevertheless, this choice does not limit
our GA.

3 Example: A Real Problem of Solid
Waste Routing

The use of GA to solve a traveling salesman
problem will be illustrated by wusing real
representation to solve the solid waste network
studied initially in Reference [14].

Irbid is divided into six regions which are
considered as separate solid waste generation areas.
Each of these regions has its own department which
regulates the solid waste services in the region.
There is no specific routing basis for the vehicles
being left to the driver’s choice. Occasionally, one
pick-up point may be missed. In regions which
have two collection vehicles, they may meet at the
same pick-up point several times. Once the solid

waste is loaded into the vehicles, it is carried out of
Irbid to the disposal site located far away.

The suggested procedure for solving the vehicle
routing problem in the selected Region 2 of Irbid
begins with a particular node closest to the garage
or the previous region and ends with the nodes
closest to the disposal site. This reduces the number
of permutations considerably. Further detailed
procedures can be found in Reference [15]. There
are thirty-one pick-up points (nodes) in this Region
2 with about fifty containers distributed on it. Two
major streets pass through the area of this region
and divide the total area into three sectors, each
having its own nodes and its own network, and
each network has its distance matrix (Figure 1).
Network I has 9 nodes (pick-up points), network II
has 7 and finally network III has 15 nodes. The
network III was used as a case study. A set of 15
nodes with 1 or 2 waste containers at each node
were in service by vehicles. The collecting vehicles
are equipped with compactors and have to collect
the contents of about thirty full containers. The
distances between nodes in Network Il are shown
in Figure 2. The routing problem in this part of
Irbid is a node routing or traveling salesman
problem (TSP).

Table 1: Coding of the network

A 1
B 2
C 3
D 4
E 5
F 6
G 7
H 8
| 9
J 10
K 11
L 12
M 13
N 14
O 15
P 16 |le—— Node No. 16 is added

to indicate the ending point.
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Figure 1: The constructed networks in region
two

Our problem has been the construction of a tour
through n points with the minimum distance, where
the vehicle does not have to return to the starting
point, i.c. the number of possible tours is (n-2)! .
The application based on the fact that the shortest
solid waste collection tour should begin with the
first node No.1 (closest to the municipality garage),
pass by all nodes once and only once, and end with
the node No. 15 (closest to the disposal site out of
the city).

Figure2: Network (III) of region two

4 GA Optimization

The following procedures are required for the
formulation of GA:

4.1 Coding

The genetic algorithm requires that the decision
variables describing trial solutions to the solid
waste routing problem be represented by a unique
coded string of nodes (pick-up points). This coded
string is similar to the structure of a chromosome of
genetic code. As for the example, there are 15
decision variables to be made about the network.
Each of these decision variables can take one node
(pick-up point). A real string made of 15 substrings
is used for representing the problem into a suitable
form for use within a GA (Table 1). This string
(chromosome) of 15 genes represents a route
design for the network consisting of 15 nodes.

It is worthy to mention that the node (No. 16 or
P) has not been coded but was used (as pseudo
node) to indicate the ending point of the studied
network.

4.2 Fitness

The fitness of a coded string representing a solution
for the traveling salesman problem of solid waste
routing is determined by the shortest cycle/cost
provided that the collection vehicle passes through
all nodes just for once on each.

The evaluation or objective function used is
rather simple and determinant of the distance of a
routing solution by summing the lengths of the
nodes distances making up the network (Table2).
The value of 10000m is a hypothetical value points
to the node itself, but actually such a case never
occurs. In the used coding scheme also infeasible
solution can appear. In the distance matrix every
infeasible route selection such as “C to J” will be
penalized with a high distance of 5000m. An
example for fitness evaluation is shown in Figure 3.
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Table 2: Distance matrix among the nodes

gtri %nte zinte %nte %nte 5in!:e %nte %nte E‘inte S,in';e %Bte ﬂlte igte igte %rqlte %gte irﬁmeger
stri PO O O O O - T O T T T T T
1 |a  |[lo00 |30 |ss5  |sooo |soo0 [s000 s000 |s0oo [soo0 [sooo [sooo |sooo |sooo |sooo [sooo
2 [e Jseo [woooo |05 [265 |soo0 [sooo [sooo [sooo [sooo [sooo [sooo [sooo [sooo [sooo [sooo
3 [c 535 |35 toooo (470 |435 [sooo [e1s 1335 [1090 5000 [sooo [sooo [sooo [sooo [sooo
a [0 |s000 |25 470 [1ooo0 [270 [s10 [sooo [soo0 [sooo [soo0 [sooo [sooo [sooo [sooo [sooo
5 [ |so00 |sooo |435 [270 |tooo0 (555 [3s5  [soo0 [sooo [so00 [sooo |sooo [sooo [sooo [sooo
6 |F |sooo |soo0 [sooo [sto [ss5  [ioooo [s30  |sooo [sooo |sooo 235 [s10 5000 [sooo [sooo
7 |6 |s000 |sooo |s1s  [sooo |ass  [s30  [1oooo [sooo [4eo [se0 [4s0 |so00 [sooo [sooo [sooo
8 [H  |s000 |sooo 1335 [sooo |sooo [sooo [sooo [roooo [220 5000 [sooo [sooo [sooo [sooo [sooo
s |1 |soo0 [sooo [1oso [sooo |sooo [sooo [4so  [ee0  [10000 [720  |sooo |sooo [sooo [s7s  [sooo
10 ) |soo0 |soo0 [sooo [sooo [sooo |sooo 320 [sooo 720 [1oooo [475 |sooo [seo  [7os  [sooo
11 |k |soo0 |soo0 [sooo [sooo [sooo [235 [4eo  |sooo [sooo [475 [roooo [280  [ses  |sooo [sooo
1z . |soo0 5000 [sooo [sooo [sooo [410 [sooo [sooo [sooo [sooo 260 [1oooo [seo  [sooo [sooo
13 M |so00 |soo0 [sooo [sooo [sooo |sooo [sooo |sooo [sooo |seo  [ses  [sso oo [4so  [sooo
1a [N |soo0 |so00 [sooo |sooo [sooo [sooo [sooo [sooo [e7s  [7os 5000 [sooo 480 (10000 [s000
15 |0 |soo0 |so00 [sooo |sooo [sooo [sooo [sooo |sooo [sooo |sooo [sooo [sso [aso [e2s  [1oooo
|16 [P |sooo [soo0 |sooo [s000 [sooo [sooo [sooo [sooo [sooo [sooo [sooo [sooo [soon [sooo [io
parameter value; while in the binary or Gray coding
Infeasible  solutions, failed to meet the the crossover occurs only at the boundaries of the
aforementioned node requirements, are not gene which consists of alleles or bits, thus exposing
removed from the population. Instead, they are the gene to split. Therefore, what distinguishes our
allowed to join the population and help guide the GA work is that the crossover comes only in

search, but for a certain price. Although this
technique does not exclude infeasible solutions
from the population, it reduces the probability of
infeasible solutions remaining in future generations
and permits convergence from all regions of the
parameter space.

4.3 Selection, Crossover and Mutation
Detailed explanation and analysis of the selection,
crossover and mutation operators for reproduction
process using real representation with examples,
features and processes can be seen in Reference
[14]. The foregoing procedures of the GA
formulations are shown in Figure 4. The used
parameters for implementing our GA technique in
the real example are the population size of 40 with
probabilities of 0.8 for crossover and 0.4 for
mutation. The optimization was carried out over 80
generations.

Furthermore, it is worthy to mention here, that an
important aspect of crossover operator in
application to a multivariate problem in real-
representation comes from the fact that the gene
comprises a single allele and it is itself the

between the genes, thus avoiding destroying any of
them, so the coded information is not destroyed;
contrary to what happens with most GAs based on
binary coding and others.

Decoding by using
the distance table

A 1
5000 m
4
B . 5000 m
2 220 m
B J o 480 m
<@ G V4
2 - 5000 m
8 < M 13
2O
g8 || ...
K 11
5000 m
P 16
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GAs

Action

n=0 Initilize population of individuals (parents)

Random Generator of individuals as binary
chromosome or real chromosome.

1
Start Bvaluation Computing the ﬁtn_ess .value thr.ough evaluating
the objective function.
)
P, Reproduction Selection of parents, depending on their fitness
for creating the next generation.
!
] Application of crossover operator on the
OE Crossover selected parents for creating offsprings of the
v new generation.
= !
E Mutafion Application of r.nutation operator for vz.iriating
_‘_“ some offsprings of the new generation.
E )
i1 Bosluiitin Computing the fitness value through evaluating
= the objective function.

— Termination Condition

If n iteration > n max iteration|

| End

I Testing the termination-condition l

l A proposed solution |

Figure 4: Flow-chart for the GA implementation together with the related actions

5 Results

The present work revealed by using linear and
dynamic programming techniques, that the
mathematical modeling has limited success with
the TSP, with limited number of nodes and with the
need to a large number of constraints; and that for a
case like ours it takes much longer time. These
results conform with the other reported results in
the literature that mathematical programming
approaches have had rather limited success with
TSP.

By using GA, a computer program of three
operators has been developed. The GA deals with a
real-value chromosome comprising the 15 genes
representing the nodes (route) network to be
optimized. The fitness of the chromosome is
computed through the objective or evaluation
function, which determines the cost (distance)
solution by summing the lengths of the node
distances making up the network.

The GA searches for the minimum length of the
solid waste routing, thus the objective function is
supposed to be minimized. The total search space is
6.2 x 10° possible network routes. The reached
results are presented in Figure 5, which shows a
typical plot of the cost (distance) of the solution in
each generation.

These results are presented as worst fitness,
average fitness and best fitness to differentiate
among them, and to show the optimality of the
GA operators program. The GA found the best
solution which led to the shortest — distance
(lowest cost tour) of 6585m (6595-10) with
2060 simulations (evaluations) for collection
vehicles routing in Irbid. Figure 6 shows the
final route of this best solution. The computing
time did not exceed 35 seconds CPU time on a
PC (AMD 24 GHZ), while in the
mathematical methods it takes much longer
time and in the heuristic algorithms and their
modification and Monte Carlo simulations it
takes about 5 minutes.

The quality of the network routes solutions
reached and the robustness of the method can
be gauged by comparing with the other results
from literature presented by the authors [15]
who applied their own research work on the
same example for modeling techniques of
Monte Carlo Simulation and Heuristic
Algorithms which resulted that the shortest
tour was by Monte Carlo Simulation 6715 m
(one million random trials) and by modified
heuristic algorithm was 7945m.
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Figure 5: Worst, average and best of generation distances
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Figure 6: Shortest distance routing for solid waste collection
in the studied network of TSP
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6 Conclusion

The results of our study, in comparison with the
other applied optimization methods (linear,
dynamic, Monte Carlo and heuristic search
method), indicate that the real GA, through its
specific behavior and through its efficient
operators, presents significantly the lowest distance
(cost tour) solution. Accordingly, it is concluded
that real GA approach is robust and it represents an
efficient search method and is easily applied to
nonlinear and complex problems of the TSP in the
field of solid waste routing system in the large
cities. Furthermore, it has certain advantages over
other applied optimization techniques such as
linear, dynamic, Monte Carlo simulation and
heuristic search methods in both cost and computer
time.

Addition of other real constraints such as pick-up
points (nodes) or extension of the studied waste
collecting network for bigger serviced cities etc..,
as decision variables can also be incorporated into
our real GA by increase in the chromosome length
by adding more genes for representing such
additions in a route design for waste collecting
problem in cities, i.e., more generations would be
required to reach the optimum.

It is worthy to remark at the end that our (GA —
TSP) program is not complicated to apply, since it
doesn’t need much mathematical sophistication for
comprehending its mechanisms. So this program
can be considered as a tool that gives the
designer/decision maker a great number of
alternative  solutions for traveling salesman
problem.
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