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Abstract. Distribution is the challenging and interesting problem to be solved.
Distribution problems have many facets to be resolved because it is too
complex problems such as limited multi-level with one product, one-level and
multi-product even desirable in terms of cost also has several different versions.
In this study is proposed using an adaptive genetic algorithm that proved able to
acquire efficient and promising result than the classical genetic algorithm. As
the study and the extension of the previous study, this study applies an adaptive
genetic algorithm considering the problems of multi-level distribution and
combination of various products. This study considers also the fixed cost and
variable cost for each product for each level distributor. By using the adaptive
genetic algorithm, the complexity of multi-level and multi-product distribution
problems can be solved. Based on the cost, the adaptive genetic algorithm
produces promising result compared to the existing algorithm

1 Introduction

The shipping activity of the production company to customers called the distribution
process. At the time of the distribution process, companies need a strategy to
minimize the costs incurred with the objective able to produce a profit. With the
limited time in returning profits to some investors, the company should be able to
manag time well and quickly in deciding on the right distribution model while still
providing minimal costs. Increasingly wide distribution area covered by the company,
the more complex the distribution in resolving problems. The wide of the range of the
distribution process, implemented with a multi-level model where there are several
levels of distributors such as distributor center, dealer and wholesaler [1].
Optimization of distribution costs made by the company involves several things
including the number of orders for each level, the number of vehicles, vehicle
capacity, available stock, and transportation costs for the delivery process. Another
consideration is the majority of companies are usually able to produce more than one
kind of products (multi-product), it makes more and more complex and complicated
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process of distribution.

Some studies related to this study have been done by implementing several
algorithms such as system dynamic [2], and fuzzy [3, 4]. The completion of the
distribution problem using a system dynamic addreses a model of multi-level, multi-
product and consider multi-region shipping. Based on multi-region, the distribution
process with some cases give the different results ie when under normal conditions,
the shipment is in one region only, but if there are changes in product prices,
transportation costs, or etc then the region product's placement is outside. It aims to
minimize the costs and product shipment. But when the shipment considers multi-
region, it is possible will extend the lead time so it does not consider the time required
for the shipment. In addition, the study also only considers a uniform distribution.

Fuzzy is also applied by academicians to solve the problems of fuzzy
transportation (distribution) with the function of ranking [3]. Trapezium fuzzy value
represents distribution costs resulting in a ranking function. Once it is converted into
crisp, which is solved easily using standard transport algorithm. The approach is still
too classic to be easily understood and applied in the real world. The benefit is
reduced computational complexity. However, the optimal solution produced has the
possibility of the same value with standard transport algorithms without fuzzed. This
shows that there is no change in the optimal solution of methods offered. While the
study, using type-2 fuzzy parameters on the two problems fixed costs of
transportation [4]. Unit transportation cost and fixed cost in the first problem and the
second problem is the unit transportation cost, fixed cost, supplies, and demands. As
with previous studies [3], the proposed methodology is still said to be public so that it
can be implemented with type-2 fuzzy parameters for decision-making. But in both of
these studies, the topic distribution problems only take two stages from multiple
sources to multiple destinations (customer) only without going through the
distribution center or retailer, etc.

Another study completed distribution problems using the evolutionary algorithm
such as genetic algorithms [5, 6]. Both of those studies solved the multi-level
distribution using one-type of the product. As the basis study, genetic algorithm (GA)
implemented using the test of GA parameters (population size, the number of
generation, the combination of crossover rate and mutation rate) but the model of
crossover, mutation, and selection process are not tested [5]. The other study is using
the different model of crossover, mutation, and selection process. Based on the same
data used also the test performed, the extension of the study before is superior [6].

Genetic algorithm is able to provide a superior solution to distribution problems
that are complicated and complex. But sometimes the weaknesses still provide
optimal results yet. One of the solutions to cover the weaknesses of the genetic
algorithm is to implement an adaptive process in reproduction so that the results is
superior compared to the traditional. In this study, the problem of distribution used is
multi-level, multi-product, and just at time of shipment. By using the same model of
crossover, mutation, and selection that proven gives the best solution on previous
study [6], this study still test the GA parameters because the costs are sought is fixed
and variable costs
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2  Problem Description

The Mathematical formulation used to model the distribution of multi-level multi-
product problem into a mathematical, making it easier to understand. On the problem
of the distribution of multi-level and multi-product in this study is assumed there is |
level of distribution. At each level, there is a distribution of the distributor unit j. On
each level, there are a number of P products. Where for every item at every
distribution level are Cp costs of different products. In addition, each unit has a CAPp
capacity distributor to stock the product. At each distributor unit having an amount
vehicles to make deliveries. Where on each vehicle v has a payload capacity of Vcap.
In addition, for each vehicle v is used for shipping items has fixed costs of C.

Each unit distributor R can place an order for Op for each product will be serviced
by the unit distributors at the level above. For each level of distribution that serves the
demand order status is shown by St. If St is 1 then the level in the distribution demand
order. Meanwhile, if the value is 0 then the reverse.

Based on a mathematical formulation problems of the distribution of multi-level
and multi-product that has been described, it is to calculate the total cost to be
incurred can use the following formula in equation (1).

Z =Z‘£=DZ}T=D R o X ol(X:jrpCpijp) + Cvyjr)SE, @
Description
I represents the number of distribution level
J is the number of units on each level distributor
R is the number of subscriber units on each level distributor
P is the number of types of products
Xijrp represents the number of units of items to be sent by the distributor j to distributor
r with p product.
Cpijp Is the variable cost for each product p at distributor unit j at level i.
CVijr is a fixed cost for shipping items of vehicles from distributor j to distributor r.
Sti is a distributor in status that level i do the delivery.

Besides formulating a mathematical model of distribution problems, in this study,
there are also some constraint functions are used as a prerequisite to represent a
chromosome so as to provide optimal solutions. The function of the constraints used
in this study among others :

2.1  The Function of Demand Order

2
Y o ThoXijp = Opp @

Description

J is the number of the sender on the distributor level i

P is the number of types of products

Xijp represents the number of units of goods shipped from the distributor j for each
product p

O,,, is the number of requests in the order j distributor for each product p
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2.2 The Function of the Limits of Inventory For Each Product on The
Distributor Unit

%) 5o Xy = CAP,, )
Description
J is the number of units at the distributor level i
P is the number of types of products
Xijp represents the number of units of goods shipped from the distributor unit j for
each product p.
CAPj, is the capacity of the stock owned by the distributor unit j for each product p

2.3 The Function of The Vehicle Capacity Constraint for Each Unit
Distributor

Ej.;n beo Xije = Veap; @
Description
J is the number of the sender distributor unit for each level i.
V is the number of vehicles for each unit j distributor
P is the number of types of products.
Xijp represents the number of units of goods to be shipped by the distributor j by using
the vehicle v.
Vcapijy a vehicle capacity v owned by distributor unit j

3 Genetic Algorithm (GA)

Genetic Algorithm (GA) is a method which is used as the basis for the settlement of
the problem of distribution. GA is a proven method capable of solving various
problems of distribution of both the multi-level, two-level or multi-level multi
products. GA works by mimicking the workings of natural selection [7]. GA has
stages that must be passed to produce a solution of which the process of forming the
individual as the candidate solution, the reproduction process, and the selection
process. At the stage of the selection process, each individual contained in the GA has
the value obtained from the evaluation process. The value of the evaluation process is
the value that will be used as a benchmark to get a good solution due to the highest
value [8].

3.1 Chromosome Representation

The process of chromosome representation is a crucial stage in the genetic algorithm.
Representation of the chromosome is a process of encoding a solution to the
problems, where the solution to this problem is coded into coding model contained on
genetic algorithms [9]. The accuracy in selecting the encoding model for chromosome
representation process is important and greatly affect the resulting solutions. In this
study, the encoding used is encoding real (real-coded). the selection of the coding
model has been based on the issues raised in this study which is about distribution.
Fig. 1 shows a representation of chromosomes used in this study. For each

p-1SSN: 2540-9433; e-ISSN: 2540-9824


file:///C:/Users/Bayu/Downloads/18-64-1-ED.doc%23_ENREF_7
file:///C:/Users/Bayu/Downloads/18-64-1-ED.doc%23_ENREF_8
file:///C:/Users/Bayu/Downloads/18-64-1-ED.doc%23_ENREF_9

Sarwani M. Z. et al., Cost Optimization of Multi-Level Multi-Product ... 57

chromosome or individual has several levels depending on the orders. Every level of
the chromosome is a segment and there are several sub-segments such as sender
distributor unit, delivery vehicles, distributor subscriber units and units of the product
ordered. If I is the segment of level, j is the sub-segment for distributor unit shipper, k
is the vehicle of shipper, r is the distributor unit ordered as a receiver, and p is a kind
of product ordered and every gene for each chromosome or individual is the total of
product unit that will be shipped. Every chromosome can be read that the number of
product units with p-type ordered by the distributor unit r are shipped by the
distributor unit j using vehicle v for each level i.

Level |

Distributor Sender Distributor SenderJ
Vehicle v Vehidle ¥ Vehicle v Vehicle
r R r R r R r R

10.0 122.0 210 51.0 [101.0 15.0 35.0 77.0 |200.0 110 13.0 31.0 | 55.0 210 25.0 67.0

Fig. 1. Chromosome representation for multi-level multi-product distribution
consists sub-segments. The first gene on a chromosome describes that 10 p-type
product shipped by distributor unit shipped j to distributor unit receiver r using
vehicle v.

3.2 3.2 Calculate The Fitness Function

Each chromosome or individual in the genetic algorithm has a function value which is
used as a measuring tool. The value of this function is owned chromosome also
determines the individuals who will be elected in the selection process for next
generation. The value of functions found on an algorithm popular called the fitness
function [10]. In this study, to minimize the cost to be the benchmark goal of fitness.
Because the purpose of distribution is contrary to the fitness value obtained, then the
fitness value is the inverse of the distribution cost as shown in equation (5) and z as
the total cost spent referring to equation (1).

fitness = 1 5)
Z

3.3 Reproduction

Reproduction is a process used in genetic algorithms to produce new individuals. The
total number of individuals generated in reproduction depend on the value of the
reproductive parameters, namely crossover rate and mutation rate. In reproduction
consists two operators, there are crossover and mutation. The purpose of the
reproduction process is to produce new individuals who adopt the properties of its
parent so the new individuals more diverse which mean more explore and exploit in
finding the new solutions [11].

Crossover. Crossover is an operator present in the reproductive process. The
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perform of crossover operator is the cross-breeding of the two parents to produce a
new individual [12]. The number of new individuals is produced from crossover
operator is obtained by multiplying the parameter crossover rate (Cr) and the number
of population size (popSize).

In this study, the model contained in the crossover operator is the one cut point.
This method performs by selecting random cut points of the gene for each level on
each chromosome or individual then do exchange genes from two parents that
randomly selected and the length of genes are exchanged until the cutoff obtained.
Any individual or chromosome is carried out crossover process as many levels it has.
Fig. 2 is shown the crossover process using one cut point

Individual 1 :

Individual 2 :

New ’ L 1
Individual 1 : 0 2 3 5 1
New Y 4 ] !
Individual 2 : 4 2 1 4 1 6

Fig. 2. is the process of one cut point model in crossover operator using 4 gene as
the cut point to exchange the length gene for both individuals.

Mutation. Besides the crossover operator, in the reproduction process, there is
also a mutation operator. In contrast to crossover operator, mutation operator only
involves one individual to produce new individuals [13]. The number of new
individuals produced in the process of mutation is also obtained by multiplying the
parameter mutation rate (Mr) and the population.

In this study, the method used in the process of mutation is a swap model. The
perform of this model is a way to redeem the 2 positions of the gene that randomly
selected [14]. As well as the process of crossover, mutation process is also done as
much as the number of levels which is on each individual.

3.4 Selection

The genetic algorithm is able to provide the best solution because it has the selection
process where selecting individuals using fitness value. Any individual who has a
greater fitness value has a better chance to be selected as the initialization of the
population in the next generation [15].

The selection process in the genetic algorithm has several models. One of them is
roulette wheel ever used to solve the problems of distribution [5]. The other model is
elitism selection method that also been used to solve the problems of distribution [6].
based on the results obtained from these two studies, elitism selection method capable
of giving an average value of better fitness. Therefore, in this study a selection
method used is elitism selection. It works by individuals sorting largest to the smallest
regarding the value of fitness.
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4 Adaptive Genetic Algorithm

Adaptive Genetic Algorithm (AGA) is the proposed algorithm to solve distribution
problems. The implementation of AGA still using parameter population size and the
number of generations. The difference compared to the classic algorithm is the
parameter Cr and Mr functioning as determining the number of new individual results
of the process of reproduction. Cr and Mr value are not settling for a whole generation
but will change to reflect the average fitness results obtained from current generation
with average fitness in the previous generation. Benchmark change of the values of Cr
and Mr is obtained from the difference between the average fitness and the threshold
that has been set in advance. If the difference between the average fitness is smaller
than the threshold, then reproduced the process of exploration and shrink the
exploitation and vice versa. The goal is to maintain the diversity of non-convergence
results so early and get more efficient results [6].

program adativeGADistribution (Output)
const MaxYears = 10;
var gene : 0..MaxGene;
pop : 0..popSize;
cr, mr, threshold : Real;
begin
population initilization;
repeat
Reproduction ();
Evaluation () ;
Selection ();
condition ((cAvg-bAvg) <= treshold) {
cr += 0.01;

mr -= 0.01;
} else {
cr -= 0.01;

mr += 0.01;
}
until gene = MaxGene
end.

5 Analysis and Discussion

At this stage performs some testing to get a combination of genetic algorithm
parameters that can provide the best solution. The tests conducted starting from
testing of the population size, the number of generations, and the combination of Cr
and Mr. Results of the testing at this stage would be used to compare the genetic
algorithm using the best combination of parameters with the random search algorithm
and proposed algorithm. Setting initial parameters in the initial test using the GA
parameters of a previous study which generates the population size of 80, the number
of generations 300, and combinations of cr and mr respectively of 0.5 [6].
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5.1  Test of Population Size

The test is the population size to get the right size that is able to provide optimal
solutions. The size of population is performed by the execution of as many as 10
times for each size where the total population to be tested are from 10 to 200. The 10
times of execution is performed to get the average fitness for each size because the
stochastic properties of GA give the different result for each execution [16].

Average Fitness for Population Size Test
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Fig. 3. Average fitness for population size test result

In Fig. 3 is shown the test results combined population size. On that result, the
average value of fitness has increased along with the growing size of population. It
shows that the size of population can determine the diversity of the resulting
solutions. However, if the size of population is too large, it has an impact on the
execution time but the average value of fitness did not change significantly [17].
Therefore, based on the results of testing the population shown in Fig. 3, it is obtained
the population size of 150 which is the exact population size.

5.2  Test of Generation Number

The number of generation is one of the parameters contained in the genetic algorithm
which is able to determine the optimal solution. The greater number of generations,
provide an optimal solution. However, at a certain moment, the resulting solution
does not change and the conditions as it is called convergent. Therefore, it is
necessary to test to get the right number of generation that is able to provide optimal
solution. Figure 4 is shown the test results for the number of generations.
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Average Fitness for Generation Number Test
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Fig. 4. The result of the generation number test shown by the line of average
fitness for each generation number that has executed ten times.

The test results demonstrated by the number of generations that Fig. 4. The greater
of the number of generations, the greater the average fitness value is generated. The
test results show that there is a convergence point in the generation number 807. It
happened because, after 807 generations, the average fitness is unchanged.

5.3  Combination Test of Cr and Mr

Cr and Mr are the GA parameters used in the reproduction process. These parameters
affect the total number of new individuals produced by crossover and mutation
operator. This combination test used to get the combination of Cr and Mr value which
able give the optimal solution.

Table 1. The result of the combination tests shown by average fitness and average cost.

Mr Cr Average Fitness Average Cost
0.1 0.9 2.8685E-08 34861800
0.2 0.8 2.9663E-08 33712500
0.3 0.7 2.8513E-08 35072200
0.4 0.6 2.8723E-08 34815800
0.5 0.5 2.8413E-08 35195100
0.6 0.4 2.7681E-08 36125300
0.7 0.3 2.6690E-08 37467200
0.8 0.2 2.6676E-08 37486700
0.9 0.1 2.6037E-08 38406200

The test results are shown in Table 1. The best combination of cr and mr are 0.8
and 0.2 because, at that combination, the average fitness is the highest and the average
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cost is the lowest. Based on the best combination of Cr and Mr, it is known that for
the distribution problems, crossover operator provides a major influence on the
resulting solutions genetic algorithm. it can be proved with the greater value of Cr
than Mr.

54  Analysis

After testing the genetic parameters, at this stage is testing the proposed algorithm by
the comparison algorithms to determine how well the resulting solution. The
parameters results from previous tests is used for the classical genetic algorithm that
will be compared with the proposed algorithm. Table 2 is shown the configuration of
genetic parameters.

Table 2. The configuration parameters for classical GA regarding the previous tests

Parameters Result
Population Size (popSize) 150
Generation Number 807
Crossover rate (Cr) 0.8
Mutation rate (Mr) 0.2

Next is a new test to compare the random search algorithms as an algorithm that is
not population-based, the classical genetic algorithm using selected parameters
outlined in Table 2, and the proposed algorithm. In this study, the proposed algorithm
is an adaptive genetic algorithm that adaptive the results of the fitness function based
on the number of new individual candidates generated from the primary process,
namely genetic algorithm crossover and mutation. The test results are shown in Table
3 and it can be seen that the adaptive genetic algorithm is superior and able to provide
the best average fitness value than the classic algorithms. The difference of proposed
algorithm and the classic algorithm is Rp 894.100 and with random search is Rp
14.692.700.

Table 3. The comparison of random search, classic GA, and adaptive GA.

Algorithms Average Fitness Average Cost
Random Search 2.0582230E-08 48585600
Classical GA 2.8746371E-08 34787000
Adaptive GA 2.9504705E-08 33892900

6 Conclusion

The proposed algorithm for solving the multi-level and multi-product distribution
problem is an adaptive genetic algorithm (AGA). By solving the complex and
combinatorial problem in distribution, AGA provides efficient and promising result
than the other algorithms with the shipment of product just in time. The result is
shown by the minimal cost obtained from fixed and variable cost. The average cost of
AGA is the most minimal and the difference with the other algorithm are Rp 894.100

p-1SSN: 2540-9433; e-ISSN: 2540-9824



Sarwani M. Z. et al., Cost Optimization of Multi-Level Multi-Product ... 63

compared to the classical algorithm and Rp 14.692.700 compared to random search.

The minimal result of AGA proves that the adaptive of the number of new
individuals produced from crossover and mutation operators in reproduction process
affects the result. It shows that the ability of exploration and exploitation to get the
diversity of new individuals avoid the trap of local optimum solutions.

Although AGA able to give promising results, it could still be said to be not
optimal global because despite applying an adaptive process, the basic algorithm used
is still the classic of GA, so they converge early sometimes and should be optimized
then it can approach the global optimum solution. For future study the genetic
algorithm will be hybridized with local search algorithm.
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