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Abstract: A supply chain process in manufacturing industries involves a distribution process that ensures finished 

goods distribute to their customers properly. The process may involve several parties such as manufacturing plans, 

distributions centres, and retailers. The companies should optimize the process by minimizing related costs to achieve 

the maximum profit. The multi-stage distribution problem contains several constrains so obtaining optimum solution 

using exact methods may require excessive processing time. Genetic algorithm is proposed the solve the complex 

problem. The genetic algorithm is improved by modifying chromosome representation and related genetic 

reproduction operators. The new chromosome is designed to address different number of distribution stages in 

manufacturing industries and could be applied for various distribution problems. Several genetic operators are tested 

to obtain the most suitable reproduction operator for the multi-stage distribution process. The numerical experiments 

prove that the improved genetic algorithm is suitable for the optimization of the multi-stage distribution process and 

produce better result compared to those achieved by original genetic algorithm, simulated annealing, and random 

search as baseline method. The improved genetic algorithm produces solution with cost of Rp 20,167.8, lower than 

cost of Rp 21,860.4, Rp 23,354.30 and Rp 34,328.0 obtained by original genetic algorithm, simulated annealing, and 

random search, respectively. For a bigger size problem, the improved genetic algorithm also produces solution with 

lower cost. The result proves the robustness of the improved GA for solving big size problems. The improved GA also 

produces solutions that has the lowest value of coefficient of variation. It means that the improved GA is more stable 

and produces less variation if it is run several times. 
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1. Introduction 

Distribution is common activity in manufacturing 

companies to deliver finished products to their 

customers [1]. The product may be delivered through 

several stages such as manufacturing plants, 

distribution centres, and retailers before it gets to the 

customer [2, 3]. Thus, the process can be defined as 

multi-stage distribution process. Distribution cost 

together with production and promotion cost have 

high percentage to the total cost of product [4]. Thus, 

minimizing the distribution cost is an important task 

in manufacturing industries. 

A higher number of stages is used to cover the 

wide area of customers’ locations. Thus, a longer 

distribution network and also a higher distribution 

cost are required. The cost could be reduced by 

choosing the right distribution routes and appropriate 

product quantity for each route. This effort will help 

the company to stay competitive with other 

companies [2]. Since minimizing cost is also 

resulting in minimizing distribution time, a good 

distribution process may also increase company’s 

service level [3]. 

The decision related to the distribution process 

should be frequently made as there is an increase of 

fluctuations in consumer demands. The demands 

should be fulfilled on time while considering 
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manufacturer’s inventory level [5]. Therefore, an 

efficient approach is required to produce good 

solutions in reasonable amount of time [6]. 

In term number of stages, several types of the 

distribution network have been addressed in the 

previous studies. The related researches includes 

solving the problem by using two-stage distribution 

[7, 8]. In the studies, there was central distributor as 

intermediary. In this scenario, the products were sent 

to the central distributor in the first stage. In the 

second stage, the central distributor distributed the 

products into customers. A higher level of 

distribution network was solved in [9] that addressed 

a three stages distribution who involved four entities 

namely producers, distributors, wholesalers and 

retailers. 

In this study, rather than using a fixed number of 

distribution stages, we develop a flexible solution 

representation so it could be used to solve a problem 

that involves any level of distribution stages in 

manufacturing industries. The solution representation 

is then implemented as chromosome representation 

used by genetic algorithm to produce feasible 

solutions. The proposed approach in this study is 

developed based on our previous research [6]. The 

GA is chosen as it has been successfully applied for 

various complex combinatorial problems [10]. 

Several genetic operators are modified and tested to 

obtain the most suitable reproduction operator for the 

multi-stage distribution process. The numerical 

experiments are carried out to assess the effectiveness 

of the proposes approach. An original genetic 

algorithm, simulated annealing, and random search 

are used as baseline methods. 

This paper consists of five sections. An 

introduction that contains the background problem 

and the need for a robust algorithm and flexible 

solutions are discussed Section 1. Section 2, literature 

review, explains related previous research. Section 3, 

methodology, explains the development of 

mathematical formulation and operators of the 

genetic algorithm. Presentation of computational 

experiment result is discussed in Section 4. 

Conclusions are presented at the last section. 

2. Literature review 

Some approaches to solve the distribution 

problems have been proposed. The approaches 

included mathematical modelling and fuzzy logic-

based methods. To get good solutions in reasonable 

amount of time, several meta-heuristic algorithms 

such as simulated annealing, particle swarm 

optimization, and genetic algorithm were also 

implemented. Hybrid algorithms were also applied in 

several studies to address the complexity of the 

distribution problems. 

Mathematical modelling-based methods were 

implemented in several studies. For example, min–

max dynamic programming formulation was used to 

solve a two-echelon supply chain problem [11]. 

While the min–max dynamic programming was used 

for small size problem, they implemented a min–max 

matheuristic for larger problems. Similar approaches 

were applied in [12, 13] for optimization of inventory 

levels and transportation cost. The research [12] used 

non-integer linear optimization problems in the 

formulation to minimize inventory and transportation 

costs. To solve the formulated problem, Lagrangian 

approach was applied. Results of the study was the 

achievement of cost savings and profit improvement. 

Distribution issues raised in the study encouraged the 

non-linearity of inventory cost. The study [13] used 

max-min penalty approach to reducing the total cost 

of transportation.  

Fuzzy logic based methods were also applied by 

researchers to solve the problems of fuzzy 

transportation and distribution with the function of 

ranking [14]. Trapezium fuzzy value represented 

distribution costs resulting in a ranking function. 

Once it is converted into crisp, which was solved 

easily using standard transport algorithm. The 

approach was still too classic to be easily understood 

and applied in the real world. The benefit was 

reduced computational complexity. However, the 

optimal solution produced had the possibility of the 

same value with standard transport algorithms 

without fuzzification. This shows that there was no 

change in the optimal solution of methods offered. 

While the study [15] used type-2 fuzzy parameters on 

the two problems fixed costs of transportation. Unit 

transportation cost and fixed cost in the first problem 

and the second problem was the unit transportation 

cost, fixed cost, supplies, and demands. As with 

previous studies [14], the study addressed the 

distribution problems only take two stages from 

multiple sources to multiple destinations (customer) 

without going through the distribution centre or 

retailer. 

Artificial intelligence based methods were also 

implemented like in [16] which resulted in a three-

stage distribution model so that it can generate a good 

simulation for distribution management. Meta-

heuristic algorithms that belong to artificial 

intelligence-based methods were also implemented. 

For example, simulated annealing was used to solve 

the distribution problem in [17]. The transfer of the 

product to the customer through a cross-docking 

centre that has a short storage time. The problem was 

modelled using mix-integer programming. Even 
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though the study reported promising results by 

minimizing costs related to the cross-docking 

network, they addressed only fixed level multi-stage 

distribution problems. 

Population based meta-heuristic algorithms that 

have capability in exploring a wide search space were 

also implemented in several studies. For example, 

particle swarm optimization (PSO) was used to solve 

the distribution problem that exists in real-world [18]. 

The study had an objective determining the best 

reorder point of warehouses in supply chains.  

A genetic algorithm (GA) is well known as a 

robust optimization tool has been successfully used 

for complex combinatorial problems [10]. Thus, the 

algorithm has been used for solving various cases 

related to the transportation problems. For example, 

the genetic algorithm in [7] was used to solve the 

distribution problems that involves several 

parameters such as transportation cost per unit of 

product, a fixed cost for certain distribution route, and 

capacity of each distributor centre (DC). As other 

studies, this study addressed only fixed level multi-

stage flexible distribution problems. 

The mentioned previous studies mostly used a 

fixed number of distribution stages and fixed number 

of vehicles used for transportation. Optimization of 

multi-stage distribution using genetic algorithm was 

also presented in [6]. The results of GA were 

compared with iterative local search. This research 

study conducted a flexible multi-stage distribution 

problems and flexible number of vehicles. The GA 

with different operators is developed to obtain better 

results. 

3. Methodology 

This study addresses a multi-stage distribution 

problem and use one type of product. A data set is 

generated according to the statistical distribution of 

the real data from surveys. The data have several 

parameters such as products stock in the plant, 

storage capacity of distributors in each stage, number 

and capacity of vehicles in each stage and other 

related costs [6]. 

Genetic algorithm (GA) is chosen to address the 

distribution problem. The GA has several steps 

including determining chromosome representation to 

encode solution of the problem, reproduction to 

generate alternative solutions, and selection to choose 

which solutions should be passed into the next 

iteration. The process is adopted from biological 

natural selection [19]. In each iteration, the 

chromosomes are evaluated its fitness value to 

determine the goodness of the solutions for the 

considered problem [20]. 

3.1 Problem formulation 

All objectives and constraints of the problem are 

determined in the problem formulation.  

3.1.1. Variables of the problem 

We address a distribution problem that have I 

stages. In stage i there are Ji manufacturing 

plants/distributors/retailers that are involved in the 

distribution process. Next, we will consider the 

plants/distributors/retailers as an entity. 

Each entity in j have Vij vehicles that may have 

different capacity (VCijv). A unit cost Cijk is required 

if there is a product delivery from entity j in stage i 

into entity k in the lower level (i+1). A number of 

products Rij are requested by entity j in stage i from 

entities in higher level.  

3.1.2. Objective function 

Based on all identified variables in the 

distribution process, we determine the problem as 

total cost minimization in Eq. (1) according to [21] as 

follow: 

 

𝑐𝑜𝑠𝑡 = ∑ ∑ ∑ 𝐶𝑖𝑗𝑘𝑄𝑖𝑗𝑘
𝐽𝑖+1
𝑘=1

𝐽𝑖
𝑗=1

𝐼−1
𝑖=1

                (1) 

 

Where Qijk represents the total quantity of items 

delivered from entity j in stage i into entity k in the 

lower level (i+1). Qijk is decision variable that its 

value will be searched during optimization process. 

3.1.3. Constraints to fulfill all request 

Request Rij by entity j in stage i must be fulfilled 

from entities in higher level as shown in Eq. (2). 

 

∑ 𝑄𝑖−1,𝑘,𝑗
𝐽𝑖−1
𝑘=1 = 𝑅𝑖𝑗                           (2) 

 

This constraint also ensures that total 

request/available product stock in higher level must 

be equal or greater than total request in lower level. 

3.1.4. Constraints on the vehicle capacity 

Total capacity of all vehicles in entity j in stage i 

is enough to deliver all product into all entities in the 

lower level (i+1) as shown in Eq. (3). 

 

∑ 𝑄𝑖𝑗𝑘
𝐽𝑖+1
𝑘=1 = ∑ 𝑉𝐶𝑖𝑗𝑣

𝑉𝑖𝑗

𝑣=1                     (3) 
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Table 1. Chromosome representation in 1 segment 

Entity in Level i 

Distributor Sender j … Distributor Sender Ji 

Vehicle v Vehicle Vij … Vehicle v Vehicle VJi 

k .. Ji+1 k .. Ji+1 … k .. Ji+1 k .. Ji+1 

30 .. 40 27 … 25 … 42 … 38 54 … 31 

3.2 Chromosome representation 

Determination of chromosome representation is a 

crucial step in GA implementation. Each 

chromosome represents a possible solution [22] and 

a good chromosome representation will enable the 

GA to efficiently explore vast search space. A real-

coded chromosome that contains several segments is 

used this research. Number of segments is determined 

according to number of stages and each segment 

represents a stage or plants/distributors/retailers that 

are involved in the distribution process. For example, 

this first segment encodes the plants, its vehicles, and 

quantity of products delivered by the vehicles. The 

next segment represents the distributors or retailers in 

the lower levels. An example of one segment of 

chromosome is provided in Table 1. 

As shown in Table 1, in level i there is Ji entities 

(plants/distributors/retailers) that deliver final 

product to Ji+1 entities in level i+1. Numbers in the 

last row represent number of products that are 

delivered by each vehicle. The numbers are treated as 

real (float) number when are processed in the cycle 

of the GA. The number will be converted into round 

number when used for calculation of problem’s 

objective. 

3.3 Fitness function 

Fitness function is used to measure the quality of 

solution decoded from a chromosome. Determining 

the function is an important key in GA process [23]. 

A chromosome that has higher fitness will have 

higher probability to be selected for the next 

generation. As the objective of this optimization 

problem is minimizing the total distribution cost as 

stated in Eq. (1), the fitness function is defined as Eq. 

(5). 

 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =
1

𝑐𝑜𝑠𝑡
                          (5) 

3.4 Reproduction 

The reproduction process is carried out after the 

initialization population that randomly produce a 

number (population size or pop_size) of initial 

chromosomes. The reproduction process will 

produce new chromosomes as new possible solutions. 

The reproduction process is executed using two 

genetic operators, namely crossover and mutation. 

The crossover operator produces a child (offspring) 

by using two chromosomes as parents. The mutation 

operator uses only one chromosome as a parent. The 

number of children produced using the crossover 

operator is determined by crossover rate (cr) while 

the number of children producing using the crossover 

operator is determined by mutation rate (mr) [24]. 

3.4.1. Crossover 

Crossover operator is the core and unique 

operator in GA. This crossover method is a method 

of reproduction that involves two parents from 

population pool hat selected randomly. This method 

is used to get the child with chromosome more varied 

because it is derived from two parents. In this stage, 

the operator will produce cr x population size of 

children. There are several kinds of methods of 

crossover in genetic algorithm, but in this study only 

uses one cut point crossover (OCP) that is modified 

to fit the multi-stage distribution problem. The 

mechanism does a crossover on each segment or at 

the level of each chromosome. So, if there are more 

than one stage of distribution problem, the crossover 

process on each chromosome will do as much as n 

stage. This mechanism will keep part of good 

solutions for the distribution problem that may be lost 

if other method such as intermediate extended 

crossover [25] is used. In Fig. 1 is shown the 

crossover process using one cut point in a segment. 

Fig. 1 shows that P1 and P2 are chromosomes 

that are selected as parents. A cutting point is 

randomly chosen. A child (C1) is performed by 

copying the left part from P1 dan the right part from 

P2.  

3.4.2. Mutation 

The mutation operator uses only one 

chromosome as a parent to produce a new child. . In 

this stage, the operator will produce mr x population 

size of children. This research will use an exchange 

mutation and a random mutation. The methods will 

be randomly selected to generate more diverse 

population. 

 
Figure. 1 Crossover process using one cut point 
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The exchange mutation works by exchange two 

genes in each stage of the distribution problem. The 

random mutation uses a random number r as a trigger 

the amount of change in genes value. Random value 

r has a range 0 to 1 assuming that the exploitation of 

r did not exceed the limit range of genes when 

generated. The limit range of gene intended is the 

difference between the maximum and minimum 

limits so that the value generated when r multiplied 

by the difference between the limit range is a 

variation of the portion. The results obtained are 

summed with the value of the parent gene so that the 

changes are not too far away. It is based on the 

principle of a possible child has a gene that is not too 

far from its parent. Eq. (6) is a function of the random 

process of mutation for each gene exchange. 

 

𝑔′𝑎 = 𝑔𝑎 + 𝑟(𝑚𝑎𝑥 − 𝑚𝑖𝑛)                 (6) 

 

Where ga is an original value of the a-th gene before 

mutated and g’a is the resulting gene after mutated. 

Same as the crossover process, mutation process is 

also done at each stage as a segment in a chromosome. 

So, if there is I stage on each chromosome, the 

mutation process is done as many as I stage.  

3.5 Selection 

Children (offspring) produced by using the 

crossover and mutation operators are put the 

offspring pool. As there are pop_size parent 

chromosomes in the population pool, we need a 

mechanism to select which chromosomes should be 

passed into the next generation. In this study, we 

employ elitism selection by putting together parents 

and offspring into a temporary pool and sorting it 

according to its fitness value. The best pop_size from 

the temporary pool will be selected into the next 

generation. This mechanism guarantees that the best 

chromosome always be selected.  

The cycle of GA is repeated by doing 

reproduction process using the new chromosomes 

until a predetermined number of 

iterations/generations [24]. 

4. Experimental results 

A case of distribution problem used in this study 

is taken from [6]. The problem has 3 stages. In the 

first stage there are 3 distribution centres and at the 

second stage there are 7 distribution agents. In the last 

stage there are 9 retailers. 

4.1 Preliminary experiments 

The genetic algorithm will produce satisfactory 

result if its parameters are properly determined. For 

example, setting a higher pop_size may produce a 

higher fitness value as more possible solutions are 

generated to explore the wide are of the search space. 

However, a higher computational time is also 

required. Thus, conducting preliminary 

computational experiments are required to obtain the 

most suitable of parameter values of the GA. 

4.1.1. Testing of population size 

The size of the population contained in the 

genetic algorithm is one of the parameters which have 

an influence on a given solution. The larger the size 

of the population, the more varied solutions that can 

be given to the genetic algorithm so the impact on the 

possibility to get a better solution. In testing the size 

of the population, we use the population size in the 

range between 10 to 100 by 10 times of execution for 

each population size. We repeat the experiment 10 

times for each population size as the stochastic nature 

of GA that produces different results for each run. 

Table 2 shows the test result of population size. 

The test results to determine the appropriate size 

of the population are shown in Table 2. From the 

results obtained the population is able to provide the 

best solutions are the size of 100. It is possible that 

the GA may produce better results if using more than 

100 of population size, however an excessive 

computational time is required and the time may be 

better if used for reproduction process [26]. 

4.1.2. Testing number of generations 

As testing the population size, testing number of 

generations is required to determine its suitable value 

that enable the GA to get the best possible solutions 

in reasonable amount of time. As shown in Table 3, 

we test the value from 100 to 1000. After 300 

 
Table 2. Testing result of population size 

No 
Population 

size 

Average 

cost 
Average fitness 

1 10 6270 0.0001684984 

2 20 5080 0.0001995103 

3 30 4775 0.0002126277 

4 40 4955 0.0002048416 

5 50 4375 0.0002346217 

6 60 4700 0.0002188333 

7 70 4285 0.0002389802 

8 80 4190 0.0002386630 

9 90 4290 0.0002331000 

10 100 3910 0.0002559861 
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Table 3. Testing result of the number of generations 

No 
Generation 

Number 

Average 

cost 

Average 

fitness 

1 100 3945 0.0002579337 

2 200 4200 0.0002434614 

3 300 3685 0.0002761948 

4 400 4125 0.0002488171 

5 500 4440 0.0002330662 

6 600 4105 0.0002478166 

7 700 4090 0.0002472525 

8 800 4245 0.0002424727 

9 900 4190 0.0002484967 

10 1000 3910 0.0002559861 

 

Table 4. Result testing of crossover rate and mutation 

rate combination 

Crossover 

rate (cr) 

Mutation 

rate (mr) 

Average 

cost 

Average 

fitness 

0.1 0.9 4550 0.0002398221 

0.2 0.8 4285 0.0002398221 

0.3 0.7 3945 0.0002593855 

0.4 0.6 3955 0.0002586965 

0.5 0.5 3910 0.0002639413 

0.6 0.4 3925 0.0002627761 

0.7 0.3 4070 0.000250042 

0.8 0.2 4145 0.0002478912 

0.9 0.1 4430 0.0002336377 

 

Table 5. The best GA parameters from preliminary 

experiments 

Parameter of GA Value 

Population size 100 

Number of generations 300 

Crossover rate 0.5 

Mutation rate 0.5 

 

generations, the GA has low probability to get better 

solutions. Thus, we determine that the best number of 

generations is 300. 

4.1.3. Testing combination of crossover rate (cr) and 

mutation rate (mr) 

A proper value of crossover rate (cr) and mutation 

rate (mr) will enable the GA to balance its exploration 

and exploitation power in huge and complex search 

space. To get fair results, the value of cr and mr is set 

so that cr+mr=1 in each run. Using this scenario, the 

GA will produce a same number of offspring 

(possible solutions) in each iteration. In this test, we 

use population size 0f 100 and number of generations 

of 300 as obtained in the previous experiments. The 

testing result is presented in Table 4. Here, we get that 

the best combination is cr=0.5 and mr=0.5. 

4.2 Result analysis 

From the preliminary experiments, the best 

parameter values of the GA are obtained as shown in 

Table 5. By using the values, the GA will efficiently 

explore and exploit the search space of the multi-

stage distribution problem. 

Using the same distribution problem data, 

solutions using the proposed method (improved 

genetic algorithm, IGA) is compared to previous 

version of genetic algorithm (GA) [6] and a random 

search (RS) algorithm as a baseline method. A 

simulated annealing that has been known as popular 

optimization method is also used as a comparison 

method.  

We focus on comparing the improved GA with 

the previous version of GA as the GA has been 

proved as a superior method for complex problems 

such as the product distribution problem. For 

example, the GA produced better results than 

simulated annealing for network design problem that 

is considered as large-scale optimization problem 

[27]. A similar finding was also proved in the 

chemical composition optimization that is considered 

as a complex problem [28]. 

The random search (RS) algorithm has two main 

processes to enable exploiting and exploring the 

search space of the distribution problem. The first 

process works by randomly exchange number of 

items unit transported by any vehicle within a 

distribution stage. The second process exchange the 

number of items between two different distribution 

stages. 

The simulated annealing (SA) has three main 

processes to solve the distribution problem as 

follows: 

- Generating a random initial solution. 

- Producing an alternative solution by using two 

main processes as applied in the RS. 

- Applying a function to reduce the probability of 

accepting a new worse solution. This mechanism 

enables the SA to escape local optimum areas. 

Computational experiments of SA, RS, GA and 

IGA are performed 10 times and the results are shown 

in Fig. 2. 

 

 
Figure. 2 Comparison cost of all methods 
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Table 6. Comparison of Average Cost and Fitness 

Methods 
Average 

Fitness 

Average 

Cost (Rp) 

Improved GA (IGA) 0.000050 20,167.80 

Genetic Algorithm (GA) 0.000046 21,860.40 

Simulated Annealing (SA) 0.000043 23,354.30 

Random Search (RS) 0.000029 34,328.00 

 

Table 7. Comparison of Coefficient of Variation 

Methods 
Coefficient of 

Variation 

Improved GA (IGA) 6.719 

Genetic Algorithm (GA) 7.151 

Simulated Annealing (SA) 8.041 

Random Search (RS) 8.016 

 
Table 8. Comparison of Average Cost and Fitness for Big 

Size Problem 

Methods 
Average Cost 

(Rp) 

Improved GA (IGA) 5,937,148.20 

Genetic Algorithm (GA) 6,016,943.30 

Simulated Annealing (SA) 6,219,221.10 

Random Search (RS) 6,837,240.30 

 

Based on the line chart in Fig. 2 it, can be seen 

that IGA provides superior results (the lower cost) 

comparable to those achieved by other methods. The 

random search (RS) as a baseline method gives the 

worst results (the higher cost). The simulated 

annealing (SA) has better results than RS but its 

performance is still bellow than the previous version 

of GA.  

Experiments for GA, SA and RS are done 10 

times considering the methods are stochastic 

algorithms. A stochastic algorithm will produce 

various results for each run and its average is used to 

measure the robustness of the algorithm [24]. The 

average fitness and distribution costs of all methods 

are shown in Table 6.  

According to the Table 6, the improved genetic 

algorithm produces better results in the average cost 

and fitness in comparable to those achieved by the 

previous version of the genetic algorithm. These 

results prove that the improvisation of the genetic 

operators of GA is effective to provide a lower cost 

of distribution process. 

We also calculate coefficient of variation (CV) of 

cost that are resulted by all methods in 10 runs. The 

CV is used to measure the volatility of each method. 

As shown in Table 7, the improved genetic algorithm 

has the lowest value of CV. It means that the 

improved genetic algorithm produces more stable 

results and less variation if it is run several times. 

To prove the effectiveness of the proposed 

algorithm in solving bigger size problems, we 

generate a bigger case distribution problem that has 5 

stages. The problem involves 1, 2, 6, 18, 54 entities 

in each stage from the first stage to the fifth stage, 

respectively. Eighty vehicles are used to deliver the 

products. The average distribution costs of all 

methods for 10 runs are shown in Table 8. The result 

proves the robustness of the improved GA for solving 

big size problems. 

5. Conclusion  

This study proves that the genetic algorithm with 

the proposed operator models can be employed to 

solve multi-stage distribution problems. To enable 

the genetic algorithm obtaining good results in 

reasonable amount of time, some parameters’ values 

of the genetic algorithm are determined in the 

preliminary computational. The computational 

experiments found that the best population size is 100 

and the best number of generations is 300. The 

experiment also found that the best crossover rate (cr) 

and mutation rate (mr) is 0.5. 

Using the best parameters values, the improved 

GA produces the best results comparable to those 

achieved by all comparison methods when viewed 

from the average cost and fitness. The improved 

genetic algorithm produces solution with the average 

cost of Rp 20,167.8, lower than cost of Rp 21,860.4, 

Rp 23,354.3 and Rp 34,328.0 obtained by original 

genetic algorithm, simulated annealing, and random 

search, respectively. The improved GA also produces 

solutions that has the lowest value of coefficient of 

variation. It means that the improved GA is more 

stable and produces less variation if it is run several 

times. 

A bigger size problem is generated to prove the 

effectiveness of the proposed algorithm. The 

improved genetic algorithm produces solution with 

the average cost of Rp 5,937,148.20, lower than cost 

of Rp 6,016,943.30, Rp 6,219,221.10 and Rp 

6,837,240.30 obtained by original genetic algorithm, 

simulated annealing, and random search, respectively. 

The result proves the robustness of the improved GA 

for solving big size problems. 

For stochastic algorithm such as GA, the average 

fitness becomes a reference to determine the solution. 

This describes that the multi-stage distribution 

problems highly recommended solved using the 

improved genetic algorithm in combination with the 

modified one cut point crossover, exchange and 

random mutation, and elitism selection. 
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