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In order to solve the Distance-constrained Capacitated Vehicle Routing Problem ( Distance-
constrained CVRP), the cellular genetic algorithm(CGA) is used in this paper. A new crossover
operator--SAX which can better reflect the self-adaptability of CGA is proposed, and three types
of neighborhood are introduced to analyse the search performance of CGA in Distance-
constrained CVRP . Two instances are introduced to show the feasibility of CGA in solving
Distance-constrained CVRP . The experimental results show that the performance of CGA is
obviously better than that of the traditional genetic algorithm, and the optimization results of the
vehicle routings are improved. Especially, the Moore neighbor structure indicates better search
efficiency for SAX crossover operator. Because of the strong searching ability, CGA can
effectively solve the optimization of vehicle routing problems.
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1.Introduction

In the 1950°s, Von Neumann, the father of modern computer theory, put forward the
concept of Cellular Automaton(CA), and constructed a machine that can replicate itself. Since
1990’s, the application of CA has been developing rapidly in many fields. In recent years, some
scholars have begun to study the combination of CA and intelligent optimization algorithms. In
1993, Whitel first proposed the concept of cellular genetic algorithm(CGA), and then Tomassini
et al conducted continuous study of CGA in many aspects[1-3]. CGA is a kind of genetic
algorithm(GA) in which the population is structured in a specified topology so that individuals
may only interact with their neighbors. In the past 10 years, the research in this field has been
gradually active. The combination of CA structural features and GA can simulate not only the
biological evolution process, but also the living environment of organisms. Some studies have
shown that compared with the traditional GA, the CGA has better performance in solving
complex and multimodal optimization problems.

The Vehicle Routing Problem(VRP) consists in delivering goods to a set of customers with
known demands through minimum cost vehicle routes, beginning and finishing at the depot.
The VRP has been the subject of widespread concern since Dantzig and Ramzer proposed it in
1959. The VRP is a NP-hard problem and has many industrial applications, being studied both
theoretically and practically, resulting in significant reduction of total cost. Due to the practical
relevance of VRP and its NP-hardness, many heuristic or meta-heuristic solution methods have
been proposed to solve the VRP. Some examples include Tabu Search[4], Genetic Algorithm[5],
Simulated Annealing[6], Ant Colony[7] and Particle Swarm[8] and so on. These methods have
the potential to jump out of the local optima and wide adaptability, and become the main
method to study the VRP .

CGA has been successfully used in solving many optimization problems, but the
application research in the VRP is still in the initial stage. In 2004, Alba first solved a large
benchmark of the Capacitated Vehicle Routing Problem(CVRP) with a CGA in which each
individual could only interact with its neighbors to ensure the diversity of population and
improve search efficiency. The local optimization step by applying 2-Opt and A-Interchange was
used to get the best known results[9]. Then, in 2008, Alba further perfected his work, and
proposed a hybrid cellular genetic algorithm[10]. In 2010, Kamkar firstly used CGA to solve the
Vehicle Routing Problem with Time Window(VRPTW), and the simulation experiment data
showed that CGA had superior search performance compared with other heuristic
algorithms[11]. D L Zhu and Y M Qin studied the VRP for express delivery based on automatic
parcel machine and the VRPTW by using CGA respectively[12,13].

In this paper, we consider the Distance-constrained Capacitated Vehicle Routing Problem
(Distance-constrained CVRP) in whih a fixed fleet of vehicles must serve customers from a
common depot at minimum travel costs. The customer demands for a single commodity are
known, and vehilce capacity is the same. Each route must start and end at the depot, and each
customer must be served exactly once by one vehicle. The total demand of any route does not
exceed the vehicle capacity and the distance of any route does not exceed an upper limit.

Although the VRP has been studied by CGA in some literature, few works have addressed
the influence of different neighbor forms on the search results of vehicle routing and the self-
adaptability of the CGA.

2.Cellular Genetic Algorithm(CGA)



The Application Research of Cellular Genetic Algorithm Youzhi Jin

2.1 Neighborhood

In CGA, cells distribute in two-dimensional grid of size nxn, and cells represent
individuals in population. The most frequently used neighborhoods are Von Neumann, Moore
and Extended Moore, so each cell can have 4, 8 or 24 neighbors, as shown in Figurel (a)—(c).

== i

(a) Von Neumann (b) Moore (c) Extended Moore
Figure 1 : The Neighborhood Type

2.2The Steps of CGA

(1) Population initialization: In the two-dimensional grid of size nxn, each cell represents

an individual Vi J(i,j=l,2,...,n) which has a chromosome x; ;, whose coordination is i and j.

i
(2) Encoding: Similar to the genetic algorithm, the appropriate encoding method is
adopted according to the different problems.

(3) Computation of fitness: The fitness of individual V; J is calculated and denoted by
eval(V; 7]-)o

(4) Selection: Each central cell V; J performs selection operations among the neighbors
whose fitness is greater than or equal to itself (eval(Va pzeval(V; ,j)) according to certain

strategy.
(5) Crossover: Unlike the traditional GA, here the central cell V; J and the selected

neighbor cell V, 5 performs crossover operation according to some manner.
9

(6) Mutation: Similar to the GA, the mutation operation is carried out between the center
cell and neighbor cell after crossover.

(7) Determine whether the end condition of the algorithm is reached, if not to step(3).

(8) Output the current optimal solution.

3.The CGA for Distance- constrained CYRP

3.1 Representation of Individuals

The initial population consisting of permutations of natural numbers is randomly
generated. Each permutation only contains customers, so we will use a permutation of
numbers[1...n] with length n for representing a solution for the VRP with n customers. The
number of vehicles needed is determined through calculation. For example, the permutation for
an individual is 137856429, which indicates arranging vehicles for customers according to the
order of 1»3—7—8—-5—-6—4—2—9. Vehicle 1 begins at the depot, visits customer 1, and
continues the service for customer 3 if the remaining capacity can satisfy it. Otherwise, vehicle
1 returns to depot, and vehicle 2 is rearranged to serve customer 3 and so on.
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This permutation manner need to determine each route by calculation. It is possible that
the number of vehicles needed is less than the number of vehicles available, and the permutation
method is convenient for the crossover and mutation operations.

3.2 Fitness Value

If the routes corresponding to the individual V; J do not exceed the number of vehicles
available and traveling distance limit, the total costs z(V; j) of V; jare the sum of the length of
all routes. Otherwise, z(V; j) is computed by the sum of the length of all routes plus the number

of vehicles exceeding multiplied by the penalty coefficient(Pw). Since the objective of the VRP

is to minimize total costs, the fitness function can be expressed as eval(V; j)=1/ z(V; j) .

3.3 Selection Operation

The three neighborhoods mentioned above are used in the selection operation. For each
central cell Vi 7
are selected from the neighbors(including itself)(eval( Va, pzeval(V; ,j))‘ For each cell Vm,n in set

the ones whose fitness is greater than or equal to it's own (represented by set Q)

Q, the fitness evaluation value is computed as follows .
eval(Vm'")
P S 7)) G

a,be

The p,, , represents the probability of the ¥, . being selected. All the cells in set Q are
arranged in a certain order and the cumulative probability g, ,, for each cell V,,  is calculated.

Unlike the GA, the selection operation is done by Roulette among individuals in set Q, which is
equivalent to the process of central cell learning from neighbors. A random number r is
produced in the interval [0,1], and the individual is chosen according to » and cumulative
probability of each cell. The wheel turns once, and the selected individual is the learning object
of central cell V; J

3.4 Crossover Operator

In this paper we use two kinds of crossover operator. One is the order reverse
crossover(ORX)[12], the other is the self-adaptability crossover proposed in this paper which
determines the learning content of the central cell according to the degree of excellence of

neighborhood individual. If the neighbor cell ¥, 4 is much better than the central cell V; ;, the

i
individual V; J will learn more from the neighbor V, ;, otherwise it will be less learned.
Supposing the crossover probability is p., the probability values p for central cell V; J is

calculated as follows.

eval(Vny,))—eval(V,_/‘) (3.2)
/ eval(Va,b)—eval(\V,»,/-Jp(

The probability p represents how much the central cell V; J learn from neighbor V, ;. The
length of the cross segment is determined by the probability p and permutation length, then the

ORX crossover operator is used between individual V; J and V, 5, and the central cell V; J is

replaced. Probability p can be regarded as the degree of self confidence or learning tendency of
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individual Vi 7
own to Cross.

and it can also guarantee the generation of new individuals when selecting their

3.5 Mutation Operator

The inversion mutation operator is used which selects a section of permutation [ranl,
ran2] randomly and reverses it(see Figure 2).

Before mutation:

1 2 3 4 5 6 T 8 9

After mutation:

e = EIEEER

Figure 2: Inversion Mutation Operator

4. Experimentation

In the Visual Studio 2015 environment, the experimental simulation analysis software is
written in C# language. The Distance-constrained CVRP is implemented by using GA, CGA
with Von Neumann, Moore and Extended Moore neighborhoods. They have been tested with
instances in literature[ 14] and literature[15].

4.1 GAvs CGA

We will compare the behavior of GA and CGA with instances in this section, in which the
maximum mileage per vehicle is not more than 50 kilometers. The iterations of algorithms is set
to 1000, crossover probability is 0.6 to 0.8 and mutation probability is 0.1. The order reverse

crossover(ORX) is used as crossover operator. In order to meet the requirements of the two-
dimensional space of CGA, the population size is set to 144, 100 and 64 respectively. Each
algorithm runs 10 times and the average total traveling length of the solutions found is shown in
Table 1 and Table 2.

Crossover Population GA CGA- | CGA-M | CGA-

probability size Von EM

144 68.4 67.5 67.5 67.5

0.6 100 68.2 67.5 67.5 67.5

64 68.3 67.5 67.5 67.5

144 68 67.5 67.5 67.5

0.7 100 68.5 67.5 67.5 67.5

64 68.4 67.5 67.5 67.5

144 68.3 67.5 67.5 67.5

0.8 100 68.8 67.5 67.5 67.5

64 68.7 67.5 67.5 67.8

Table 1: GA vs CGA for Instance in Literature[14]

Crossover Population GA CGA- | CGA-M | CGA-

probability size Von EM




The Application Research of Cellular Genetic Algorithm Youzhi Jin

144 119.6 109.9 110.4 112.1
0.6 100 117.2 111.4 112.4 113.8
64 116.5 112.3 112.7 118.1
144 121.2 110.1 111.3 113.7
0.7 100 117.3 110.8 111.7 115.2
64 120.9 110.9 114.8 116.9
144 117.3 109.8 110.6 112
0.8 100 117.5 110.7 111.7 115.1
64 120.9 110.8 112.9 118.1

Table 2: GA vs CGA for Instance in Literature[15]

CGA-Von, CGA-M and CGA-EM mean CGA with Von Neumann, Moore and Extended
Moore neighborhood respectively. The total traveling distance of optimal path in literature[14]
and literature[15] is 67.5 and 107.8. As can be seen, the results of CGA are better than those of
GA, and the neighborhood of Von Neumann type has better search performance than the other
two neighbor structures.

In terms of time complexity, CGA need more computation time than GA in each evolution
generation, which is mainly reflected in the selection process. This is especially true for the
Extended Moore neighborhood. In terms of search performance and computation time, the Von
Neumann and Moore neighbors are preferable. But the search speed of CGA is faster than GA,
because the CGA can find the optimal solution more quickly with less evolution generation to
meet the requirements.

4.2 The Comparison of Crossover Operators

In this section, we will study the behavior of self-adaptation crossover(SAX) proposed in
this paper, and compare the results of SAX with those of ORX. Similarly, crossover probability
is set to 0.6 to 0.8, mutation probability is 0.1 and the population size is 144, 100 and 64
respectively. CGA with three types of neighborhood are used, and each algorithm runs 10 times
for each crossover operator under different crossover probabilities. The best results for ORX
and SAX are shown in the Table 3.

Algorithm Crossover Population size
operator 144 100 64

ORX 109.8 110.7 110.8
CGA-Von

SAX 109.7 110.3 110.2

ORX 110.4 111.7 112.7
CGA-M

SAX 109.5 109.8 111.5

ORX 112 113.8 116.9
CGA-EM

SAX 111.7 110.5 114.5

Table 3: Comparison of Crossover Operators
As can be seen, the best results of SAX(p~0.6) are better than ORX, and the Moore
neighbor structure in SAX operator has outstanding performance.

5.Conclusion and Further Work
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This paper studies the Distance- constrained CVRP using CGA, and compares the results
with GA. The search performance of three kinds of neighborhood is analyzed, and a self-
adaptation crossover operator(SAX) is presented. The research results show that CGA has better
search performance. Hence, for a future work, one can think about applying the CGA in the
study of other types of vehicle routing problems.
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