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Abstract—The distribution process of finished product is one
of the important processes in the company. To maximize the
profit, companies need to optimize the distribution network
process by minimizing the costs. Genetic algorithm is proposed
to find a solution of the problem. In this study, Genetic
Algorithm use a one-cut-point (OCP) crossover, swap mutation,
and elitism for the selection. Results obtained using GAs in this
study is better than those achieved by baseline algorithm. This
indicated that OCP crossover, swap mutation, and elitism
selection are effective. To increase the quality of the solution, an
adaptive genetic algorithm is proposed. The advantage of the
adaptive process is producing more different chromosomes.
Thus, the adaptive solution gives more efficient solution in
minimizing the cost compared to the traditional genetic
algorithms.

Index Terms—Genetic Algorithms; Supply Chain; Cost
Optimization.

I. INTRODUCTION

Every manufacturing company is very familiar with the term
distribution. Distribution is the delivery of production
(finished products) from producers to customers [1], [2].
Wide area coverage in the distribution process resulting
product must be delivered to some stage before it gets to the
customer [3]. The process is often referred to as
multistage/multilevel distribution. In line with the opinion of
R. R. P. Langroodi and M. Amiri [4] which state that the
multistage distribution is the delivery from the
manufacturer/plant to the distributor and then underneath the
distributor to the customer. The stage that is intended consists
of distributor centers, retailers, agents.

The number of levels used by the company has an impact
on the cost because it has a longer distribution network. This
is contrary to the desire of companies that want to gain a lot
in order to stay ahead when competing with other companies
[3]. Therefore, minimizing the costs is very important in the
distribution process [1].

There are several previous studies conducted for the issue
of the distribution network. In terms of the distribution
network related research include the study [2], [5] which
solve the problem of distribution by using two-stage
distribution. In the study, there is central distributor located
between manufacturers and customers as an intermediary so
that manufacturers are not directly sent to customers but
through a distributor center first and that study only used one
type of product [2]. The other study [6] also solves the
problem of the distribution with the distribution of three
stages involving manufacturers, distributors, wholesalers and
agents, also only using one type of product.

Some algorithms have also been used to solve distribution
problems. Some of them are from the statistical approaches

[71-[9] and the other researchers [10][11] using particle
swarm optimization (PSO) to resolve the problems that exist
in distribution. In a study by Kiraly, Varga, and Abonyi [11]
describes the limitations that occur in distribution problems if
solved using PSO. In addition, the complexity of the
problems in the distribution can also be solved using genetic
algorithms [2], [3], [12]. Based on previous studies using
different strategies and methods to solve the problems of
distribution, so in this study to solve the problems of product
distribution using distribution strategy of multi-stage and just
focus on one type of product. This strategy is chosen to
provide flexibility in resolving problems for the distribution
of both large and small companies. This study is an extension
of previous studies that also use genetic algorithms (GAs) to
find solutions to the problems [12]. In that study, the problem
of distribution used is multi-stage and only using one type of
product and use the extended intermediate crossover
operator, insertion mutation, also roulette-wheel in the
selection process. But in this new research uses the one-cut-
point (OCP) crossover, swap mutation and elitism selection.
Referring to the same data for both studies, researchers
compared the results of fitness and the cost obtained from
previous research. Then to reduce the cost, genetic operators
that have been selected are processed adaptively. Based on
several studies [13], [14], besides the process of adaptive GAs
is very helpful in minimizing the cost compared to traditional
GAs, it is also able to avoid the trap of local optimum

Il. LITERATURE REVIEW

Referring to the problem of multi-stage distribution that
has been declared in the first section shown that the problem
is very important to be solved. This interesting problem leads
researchers to dig further on distribution problems and try to
solve them. Some approaches with regard to finding solutions
to problems of distribution have been done using some
statistical approaches [7]-[9], simulated annealing [15] and
evolution algorithms such as particle swarm optimization
[11] and genetic algorithms [2], [3], [12].

Statistical approaches have been implemented for
resolving the problem of distribution are the min-max
approach, linear  programming, and mathematical
programming [7]-[9]. One of them applies linear
programming to completing the process of distribution and
novelty proposed is chosen the best candidate method (CBM)
so that it can achieve the optimal solution [8]. Using single-
stage distribution, this model became an attractive alternative
as a solution to a classic problem. The resulting performance
is fast enough if compared to existing methods. In contrast, to
the other study [9], the distribution network used is the
distribution network of two stages, namely the distribution of
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products from the plants to the customer must go through a
central distributor first and in that study, the product is used
more than one type. Constraints are used already includes the
whole search for solutions in the distribution of resources
among others, stock inventory, production, transportation
costs. Optimization model proposed in the study applying the
integer programming and the solutions sought the help of
special applications such as LINGO. The advantage of this
model is to find the flow distribution (variable decision) is
used and offers a variety of possibilities for decision support
through analysis of available capacity on the distributor and
the number of the transport unit. However, the weakness of
this approach is referred to as the approach is intuitive and
consistent with the standard form of linear programming so
it's not very useful in practice because of the differences in
the size of the model that is implemented

The meta-heuristic algorithm also ever solve the problems
of distribution such as simulated annealing [15]. The delivery
of the product to the customer using a cross-docking center
with a short storage time. Mix-integer programming is used
to formulate the problems which are solved using simulated
annealing. Based on that the proposed algorithm, the results
obtained provide solutions that are effective and efficient in
minimizing the total cost of transport in the cross-docking
network. However, the study failed to consider the
distribution of multi-stage flexible distribution problems.

Research by background optimization is incomplete if it
does not try to be solved using evolutionary algorithms such
as particle swarm optimization (PSO) [11] as well as genetic
algorithms [2], [12]. Completion of using PSO combined
using Monte Carlo Simulation. The goal is to determine the
optimal reorder point warehouses, so that the objective
function on the holding and order costs that represented by a
linear combination could be minimal. Results fatherly
flexible enough to handle the complex situation is shown by
the developed stochastic simulator and optimization tool.
Then the genetic algorithm tries also to resolve the
distribution problems in two ways, namely by considering the
transportation costs per unit, the fixed costs associated with
the route and the infinite capacity of each distributor center
(DC) and the way followed is considering opening cost of
distributor centers, per-unit transportation costs from plant to
DC and DC to a customer [2]. The benefit is that the proposed
algorithm provides a better solution to the computational
experiment than the respective best-existing algorithms for
the two procedures. However, the research only applies two
stages. Making it less flexible for multi-stage problems.
Genetic algorithms are also used in the study [12]. In that
study, GAs already raised the issue of multi-stage
distribution. The result of GAs is compared with the Random
Search and found that the results of GAs more qualified than
random search. For the development of that research [12]
with the aim of obtaining optimal results, this research study
conducted multi-stage distribution problems using GAs with
different operators. GAs operators which are selected will be
processed in an adaptive way that is expected to provide more
minimal cost. Such as study [13] that the practice of study,
adaptive GAs is very useful in reducing the cost

I1l. METHODOLOGY
The problem in this study is a multi-stage distribution and

only use one type of product. In the research process, based
on a survey and interviews with experts in the distribution of

the company where they work, this study used simulated data
that has been designed. The data has been designed and
tailored to the problem so that the distribution data used in
this study is the data capacity of the stock of each company,
the capacity of the stock distributor at each stage, the number
of vehicles, vehicle capacity, and costs that follow [12].
Distribution problem is solved using genetic algorithms
(GAS). In GAs, there are several steps that must be done
starting from chromosome representation, reproduction, and
selection in accordance with the principle of imitating the
biological properties of individual natural selection [16]. As
a potential solution, a chromosome/individual should be
measured his ability to complete solutions with regard to the
fitness value. The greater fitness that produced the better the
chromosomes are selected in solving a problem [17].

A. Mathematical Formulation

The mathematical formulation is used to describe the
objectives and constraints of multi-stage distribution
problem. For i assumed as each stage numbering. Whereas
every stage i has distributor unit number of J where every
distributor unit j has vehicle v with total /" used to deliver the
product units. Each distributor unit has the capacity Cp to
stock the product unit and any vehicle has a capacity of V,
and fixes cost Co. Each distributor unit R that requests
amounting Or serviced by distributor unit at the stage above
and beyond also to know which the distributor stage that
responds to the order indicated by the status of Sz. 1 on St
value indicates that the distributor stage responds the order
and vice versa for 0.

In the distribution process, the objective function of the
problems faced is to minimize the costs [18]. Because
minimizing the cost to be the solution to the problem of multi-
stage distribution. The cost function of multi-stage
distribution is formulated in Equation (1).

z :ZZJ:ZR:Coij,Sti (1)

|
i=0 j=0r=0

Here Cojjr is fixed cost for the delivery of distributor unit j
to distributor unit r. St; is the status of the distributor stage i
in the service request. In this study, in addition to using
equations to calculate the costs, there are also some equations
which are used as constraint functions as a prerequisite to
represent a chromosome. The constraint functions are used.

B. The constraint on the limits of the total order

This constraint relates to the limit of total orders from the
customer of distributor unit so that the number of orders
should be the same as the product units delivered by the
sender of distributor unit. If the sender distributor unit has less
stock to serve an order, the system automatically takes the
shortage of product units on a stage above and beyond. The
function of the limits of the total order is shown in Equation
(2) and Or, is the total of order request to distributor r.

> X, =0r, )

1 J R
i=0 j=0 r=0

C. The constraint on the limits of the vehicle capacity

Every vehicle from a distributor unit sender used to deliver
the product units to the customer of distributor unit has a
certain capacity limit. The number of delivered product units
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may not exceed the capacity of the vehicle that has been
determined. This is determined because it affects the quality
of the delivered product units and vehicle durability to
prevent rapid deterioration. The constraint function is shown
in Equation (3).

V
inrv Schv (3)
v=0

where X is the total of product units delivered from the
distributor stage i to distributor r using vehicle v. Vcpy is the
capacity limit of vehicle v.

D. The constraints on the stock available of distributor
unit sender

Last is the limits stock of distributor unit sender means each
distributor unit sender always have inventory stock. When a
distributor units delivered the product units then, the number
of delivered product units may not exceed the stock available
of distributor unit sender. The constraint of the limit stock
function is shown in Equation (4).

J
> X, <Cp, (4)
=0

where Xj is the total of product units unit sent by distributor
unit sender j and has inventory stock with total Cp;. To solve
the problems of multi-stage distribution, such constraints
must be passed. Each candidate solutions that do not meet
defined not eligible to be a candidate for a solution.

E. Chromosome Representation

The most important initial step in the process of GAs is to
represent chromosomes. Because the chromosome is used to
encode a solution in the genetic algorithms [19]. The
encoding genetic algorithm used in this study is a real-coded.
In Figure 1 shows a representation of the chromosome that is
used in this study. Each chromosome is divided into several
segments. The first segment represents a stage distributors
and sub stage below consecutive represent the distributor
sender, the sender's vehicle from each distributor and the
distributor customer. Each gene located on a chromosome is
a representation of the number of product units unit delivered
by any vehicle. The length of chromosomes in this study
determined from the number of distributors who do order in
every stage multiplied by the total number of vehicles owned
by each distributor that serves the ordered product units in
each stage. In Figure 1 shows a representation of
chromosomes for one stage or one segment.

In Figure 1, stage/level i is stage distributors that serve the
request, but because of the stage of distributor exemplified
only one segment, then i only equal to 1. However, if the case
is multi-stage, the value of i equal to the number of stages
required. At each stage has some distributor unit sender that
serve the request order and expressed by j. While v state the
vehicle of distributor unit sender j and distributor unit
customer denoted by r.

On the first gene contains 45 which means it is at stage i,
distributor unit sender j sent to distributor unit customer r
using vehicle v and so on until the last gene in accordance
with the structure of the image of the chromosome
representation.

Level i
Distributor Sender § Distributor Sender J
Vehicle v Wehicle I Vehicle v Wehicle
r R r R r R L -
45 20 | 38 21 73 27| 54 24

Figure 1: Chromosome representation in 1 segment

F. Fitness Function

Each chromosome is represented to have a value called the
fitness function. The value obtained from this fitness function
which is used as a comparison between one chromosome to
another [20]. Higher fitness value which gives the possibility
of chromosomes is selected as the solution [21]. This is what
makes the representation of chromosomes and the fitness
function as the main key in the evaluation of GAs process
[22]. Calculations used to obtain fitness values shown in
Equation (5).

Fitness = K ()
Z

where Z is the total cost from distribution process regarding
Equation (1).

After the calculation of fitness is done, it is necessary to
collect chromosome/individual as many as the population
size to the population pool. When the population size is 10
then the population pool must contain 10 individuals.

G. Reproduction

The next steps in the genetic algorithm after initialization
population is the reproduction. There are two operators in the
reproduction process including crossover and mutation.
Additionally, the reproduction process has parameters that
determine how large the number of children generated,
namely crossover rate (cr) in the crossover process and
mutation rate (mr) in the process of mutation. The number of
children resulting from the reproduction process are collected
in a separate pool called children's pool. The purpose in the
reproductive process is the number of children produced
diverse because through the process of exploration and
exploitation of the parent who elected to produce children
[23].

H. Crossover

Crossover operator is a method of reproduction that
involves two parents from population pool that selected
randomly. The number of children from crossover process
derived from multiplying population size and crossover rate
so that if the population size is 10 and cr is 0.5 (generated
randomly) then the total is 5 children. In this study, the model
crossover used is one cut point crossover (OCP). It does a
crossover on each segment or at the level of each individual.
In Figure 2 is shown the crossover process using OCP.

OCP crossover process is shown in Figure 2. In the left
figure, there are some initials of the individual such as P, P2,
and Ci. P1 which means Parent 1, P, describe Parent 2, and
C is the result of the first child of the crossover between Py
and P.. In here, both of parents (P, and P,) are randomly
selected. Every individual has a chromosome that consists of
several genes that are shown in the columns after each initial.
C. is the result of the crossover process and it can be seen that
the genes possessed a cutting at point 3rd of the gene on the
figure. The 1%t and 2" gene of the C; is the same as the gene
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from P4, the 3rd gene until the end of the same gene from gene
P,. All children from crossover process incorporated into a
pool of the children.

Fl | 45 20| 38 21 73 27| 4 24
Pz | 32 12 | 37 31 b M| 82 32
Cl | 45 0] 37 il 66 M| 82 32
Figure 2: Crossover process using one cup point.
I.  Mutation

Mutation is another operator of the reproductive process.
This method performs the reproduction process involving
only one chromosome. There are several methods of
mutations that exist in genetic algorithms. This research uses
the method of swap mutations. Mutations of this model using
two random of genes position in a chromosome then swap the
positions of the value of these genes.

J. Selection

Besides, there is a method of reproduction used to produce
a child, the genetic algorithm also has a selection process in
which this selection process evaluates each chromosome
parent and child to get a new population that contains new
individual qualified. Before entering the selection process,
GAs works by evaluating each chromosome using a fitness
function. The value generated by the fitness function which
is on each chromosome that is used as a benchmark in the
selection process. There are various methods used. In this
study, the selection method used is elitism which this method
works by sorting in descending based on the fitness value so
that only individuals with the greatest fitness will be selected.
The GAs process is continued until the limits of the
generation that have been determined [24].

IV. EXPERIMENTAL RESULT

A Genetic algorithm is an algorithm that works by using
several parameters as input. Genetic algorithm parameters
have an influence on the optimal solution given. Therefore,
in this study conducted some tests to get the best parameters
of the genetic algorithm also the model of crossover, mutation
and selection that have been chosen so as to give the best
solution. The best solution to the stochastic algorithms such
as GAs is seen by the average fitness to test the stability of
the solutions obtained

A. Testing size of population

The genetic algorithm is one kind of population-based
algorithm [25] that really popular to solve some
combinatorial problems [26]. To gain the optimal results
approach, it is necessary to know the population size is best
for every problem has a different size. The size of a large
population is not necessarily providinga better solution
otherwise small population size may not necessarily give a
bad solution.

Testing Result of Population Size

10 20 30 40 50 &0 70 80 a0 100

Population Size

Figure 3: Testing result of population size

The test results to determine the appropriate size of the
population are shown in Figure 3. From the results obtained
the population is able to provide the best solutions are the size
of 100.

B. Testing number of generation

By testing the number of generation is expected to get the
optimal solution. In general, genetic algorithms provide a
better solution if the number of generation is greater.
However, in some cases neither effect to get a better solution
nor minimal computing time. In this study, testing the number
of generation is done by a range between 100 to 1000. The
population size used based on the best fitness value of
previous tests, 100. The test result of the number of
generation is shown in Figure 4. The test result to find the
right the number of generation is shown in Figure 4. From the
test results obtained 300 for the number of generations which
give the best fitness value.

Testing Result of Generation Number

tness

Average F

100 200 300 400 500 600 VOO BOO 900

Generatin Number

Figure 4: Testing result of generation number

C. Testing combination of crossover rate (cr) and

mutation rate (mr)

The testing combination of cr and mr also used to get a
combination that can provide optimal solutions. In this test
using the combination of cr and mr between 0.1 to 0.9 for
each combination. Population size and the number of
generations used by 100 for population size and 300 for
generation number based on the best results of the previous
test. Figure 5 shows the result of the testing combination of
crand mr.

From the test results combined crossover rate and mutation
rate shown in Figure 5 obtained that best fitness value when
using a combination of 0.5 for crossover rate and 0.5 for
mutation rate.
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Testing Result of Crossover Rate and
Mutation Rate

4 03 02 01

Crossover Rate and Mutation Rate

Figure 5: Testing result of crossover rate and mutation rate
V. RESULT ANALYSIS

After testing the parameters of GAs, based on the average
cost and average fitness then obtained the best GAs
parameters that are shown in Table 1.

The parameters of GAs in Table 1 is able to provide near
optimal solution to the problem of multi-stage distribution.
Using the same data, the solution in this study compared to a
solution on previous studies that is Random Search (RS)
algorithm and genetic algorithms that are solved using an
extended intermediate crossover, insertion mutation and
elitism selection (GAs Previous). Experiments performed 10
times and the results are shown in Figure 6.

Table 1
Result of The Best Gas Parameters

Parameter GAs Value
Population Size 100
Number of Generation 300
Crossover rate 0.5
Mutation rate 0.5

Based on the line chart in Figure 6 can be seen that the RS
gives results that are not optimal but provide the most stable
outcome. Line chart GAs (previous) also provide a more
stable solution than GA (new). However, if viewed from the
obtained solution, GAs (new) provides superior results from
all methods at 8 times execution. But on the 7 and 10
execution, a solution using GAs (previous) showed better
results. Experiments performed 10 times considering GAS is
one of the stochastic algorithms that give different results
when executed. [19]. Because of the stochastic nature of GAs
[27], the results that can be used as a benchmark is the
average value. The average fitness and distribution costs of
the overall method are shown in Table 2.

Comparison Fitness of Overall Methods

4 5 6 7 8 9

-
=]

Number of Testing

GAs [New) GAs (Previous)

Figure 6: Comparison fitness of overall methods

Table 2
Comparison of Average Cost and Fitness of
Overall Methods

Methods Average Fitness Average Cost
Genetic Algorithms (New) 5.01E-05 20167.8
Genetic Algorithms (Previous) 4.59E-05 21860.4
Random Search 2.93E-05 34328

According to Table 2, the average cost and fitness of GAs
(new) in this study indicates the best and optimal value than
GAs (previous). Thus, genetic operators of GAs (new) highly
recommended. Then to reduce the cost, the elected operators
are processed adaptively using the best population size 100
and generation number 300. Adaptive process is executed 10
times to get the average fitness. Table 3 is the average fitness
of traditional GAs (new) compared to adaptive GAs (new).

Referring to Table 3, the adaptive genetic algorithm (new)
proven to reduce cost compared to traditional genetic
algorithms (new). It can declare that adaptive GAs (new)
provides an effective solution for multi-stage supply chain
problems.

Table 3
Comparison of Average Cost and Fitness of Traditional and Adaptive
GAs
Average Average
iz Fitness Cost
Genetic Algorithms (new) 5.01E-05 20167.8
Adaptive Genetic Algorithms (new) 5.10E-05 19908.5

Referring to Table 3, the adaptive genetic algorithm (new)
proven to reduce cost compared to traditional genetic
algorithms (new). It can declare that adaptive GAs (new)
provides an effective solution for multi-stage supply chain
problems.

VI. CONCLUSION

Multi-stage distribution problems can be solved using
genetic algorithms with the proposed operator models that are
extended intermediate crossover, the insertion mutation, and
elitism selection.

To produce a near optimal solution, GAs parameter testing
performed and resulted in the best parameters GAs including
the population size of 100, the number of generations 300,
and a suitable combination of cr 0.5 and mr 0.5. Using those
parameters, GAs (new) still less stable give the solution
compared to GAs previous based on the line chart. However
GAs (new) provides superior results from all methods when
viewed from the average cost and fitness obtained. For
stochastic algorithm such as GAs, the average fitness
becomes a reference to determine the solution. This describes
that the multi-stage distribution problems highly
recommended solved using genetic algorithms (new) in
combination with the one-cut-point (OCP) crossover
operator, swap mutation, and elitism selection.

Traditional GAs (new) compared to adaptive GAs (new).
In this study, the genetic operators used of both GAs are same
such as using OCP as the crossover, swap as the mutation,
and elitism as the selection. The result indicates that adaptive
GAs (new) provide more efficient solution compared to the
classical GAs on multi-stage supply chain problems.
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