
   
 

ELK Asia Pacific Journals – Special Issue 

ISBN: 978-81-930411-4-7 

SOLVING MULTI-OBJECTIVE PROBLEM ON SUPPLY CHAIN PERFORMANCE MEASURE BY MULTI-

OBJECTIVE EVOLUTIONARY ALGORITHM 

 

Susmita Bandyopadhyay 

Department of Business Administration 

The University of Burdwan, Burdwan-713104 

West Bengal, India 

Email: bandyopadhyaysusmita2010@gmail.com 

Indraneel Mandal 

School of Management Studies 

IMS Unison University 

Dehradun-248001, Uttarakhand, India 

Email: indraneel75@gmail.com 

 

 
Abstract— In this paper, we have proposed a new multi-

objective supply chain problem related to the performance 

measure of a supply chain. The problem consists of four 

objectives, viz., 1) minimization of total cost, 2) minimization of 

total inventory, 3) minimization of bullwhip effect, and 4) 

maximization of service level. These four objectives are the 

expressions for the four performance measuring factors for a 

supply chain. The problem has been solved by two algorithms – 

1) modified Nondominated Sorting Genetic Algorithm-II (NSGA-

II) and 2) the original NSGA-II. Comparison between the 

experimental results for the two algorithms shows that the 

proposed modified NSGA-II performs significantly better than 

the original NSGA-II. 
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I.  INTRODUCTION 

A supply chain is an integrated view of interconnected 

business organizations (known as echelons) that are connected 

to each other through some form of business transactions. The 

echelons of a serial supply chain may consist of supplier, 

manufacturer, distributor, wholesaler, retailer (Figure 1). The 

benefits of these business organizations in a modern supply 

chain are inter-linked to one another which results in the need 

to consider these echelons in an integrated fashion. Thus 

maximizing the benefits or minimizing the losses or expenses 

of an entire supply chain is a very important issue to consider.  
 

 
Fig. 1. A Serial Supply Chain 

 

        In this regard, this paper deals with the supply chain 

performance. The performance of a supply chain can be 

measured by various factors. The most important ones among 

these factors are: 1) the total cost of a supply chain, 2) the total 

inventory of a supply chain, 3) the bullwhip effect of a supply 

chain, 4) the service level. The total cost may consist of the 

transportation costs, the inventory holding costs, the shortage 

costs and so on. The total inventory represents the aggregate 

inventory of all the echelons of a supply chain. The bullwhip 

effect is “the amplification in the fluctuation of order, as we 

move upwards in a supply chain from the retailer to the 

manufacturer” (Bhattacharya and Bandyopadhyay [1]). 

Service level measures the extent to which the customers have 

been serviced. There are different types of service level 

concepts. In this paper, a service level in terms of ‘the 

fulfillment of customer demands from the inventory’ has been 

considered. 

II. LITERATURE REVIEW 

       A multi-objective optimization problem consists of more 

than one objective along with the constraints. However a 

multi-objective optimization problem may be solved either by 

mathematical approach or by various nature based algorithms 

such as Genetic Algorithm, Differential Evolution, Particle 

Swarm Optimization, Honey Bee Mating Algorithm, 

Simulated Annealing, and hybrid algorithms.  

 

Most of the research papers on supply chain dealing with 

multi-objective problems are on supplier selection problem, 

such as research work by Ozkok et al. [2] and designing and 

planning problems, such as research work by Giarola et al. [3]. 

Among some other areas of research on the application of 

multi-objective approach on supply chain include the research 

studies of Deshpande et al. [4], Langella and Zanoni [5].  

Among the various multi-objective algorithms proposed in the 

literature, the benchmark ones are - Non-dominated Sorting 

Genetic Algorithm (NSGA-II) [6], Strength Pareto 

Evolutionary Algorithm (SPEA2) [7], Pareto Archived 

Evolutionary Strategy (PAES) [8], Pareto Envelop-based 

Selection Algorithm (PESA-II) [9], Niched Pareto Genetic 

Algorithm (NPGA-II) [10]. Some of other significant research 

studies include the studies of Jaimes et al. [11], Jun-jie et al. 

[12]. In spite of the presence of a number of original 

algorithms, hybrid algorithms and modified algorithms, the 

literature still lacks a superior multi-objective evolutionary 

algorithm that can solve problems with more than two 

objectives. In this paper, we have modified the original 

NSGA-II to deal with the multi-objective problem proposed in 

this paper. 

III   PROBLEM FORMULATION 

Before presenting the formulation of the problem, the 

notations used and the assumptions taken are presented below. 

The assumptions, notations and the formulated problem are 

shown in Figure 2, Figure 3 and Figure 4 respectively. 
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 Objective (1) minimizes the total cost of a supply chain. 
The first three terms of (1) represent the transportation costs 
for the units transported from manufacturers to distributors, 
distributors to wholesalers and wholesalers to retailers 
respectively. The next three terms represent the inventory 
holding costs at the manufacturers, the distributors and the 
wholesalers respectively. The last three terms represent the 
inventory shortage costs at the manufacturers, the distributors 
and the wholesalers respectively. Objective (2) represents the 
total inventory at the manufacturers (first term), the 
distributors (second term) and the wholesalers (last term). 
Objective (3) represents the total bullwhip effect (BWE) 
which is a ratio of the order variability to the demand 
variability. The first and second terms of (3) represent the 
BWE as faced by the distributors and the wholesalers 

respectively. Objective (4) represents the service level which 
is defined as the ratio of the total demand and total inventory.   

 Constraints (5) and (6) are the expressions for the order 
quantities for the OUT inventory policy. Constraint (5) says 
that the quantity ordered for product i by distributor d to 
manufacturer m is the sum of the difference between the 
inventories at the current and previous periods at the 
distributor d and the total demand of all the wholesalers for 
that particular distributor. Likewise constraint (6) is the 
expression for order quantity by wholesaler to distributor. 
Constraints (7), (8) and (9) are the constraints for fixed 
capacities of the manufacturers, the distributors and the 
wholesalers. Constraints (10), (11) and (12) are the 
expressions for the shortages of product i. Constraint (13) 
means that the sum of the total inventory of product i at the 
manufacturer m and the total units transported from 
manufacturer m to all the distributors is greater than the buffer 
stock at the manufacturer m. Constraint (14) means that the 
sum of the total inventory of product i at the distributor d and 
the total units transported from the distributor to all the 
wholesalers is greater than the buffer stock at the distributor d. 
Constraint (15) means that the sum of the total inventory of 
product i at the wholesaler and the units transported from the 
wholesaler w to all the retailers greater than the buffer stock at 
wholesaler. Constraints (16) and (17) ensure that the units 
transported for a product should be less than the quantity 
ordered. Constraints (18) to (25) define the upper and lower 
limits of the decision variables. 

IV   PROPOSED ALGORITHM 

 The algorithm proposed in this paper is shown in Figure 5. 
The main components of the proposed algorithm are discussed 
below. 

 

A. Initialization 

The decision variables’ spaces are divided into n number 
of divisions and an equal number of chromosomes are chosen 
randomly from each of the divisions in order to maintain a 
good spread of chromosomes over the variables’ spaces. Next, 
we have normalized each objective by expression (26). Then 
the normalized values have been added. The result can be 
thought of as fitness for the chromosomes. These values can 

be used easily to select the chromosomes. Here, V  is the 

value of an objective for a chromosome, minV  is the 

minimum value of that objective in the population, maxV  is 

the maximum value of that objective in the population. In this 
way the algorithm will be able to solve problems with two 
more objectives. The genotype of the chromosomes as used in 
this paper is given in Figure 7. 
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Normalized Value 
min

max min

V V

V V





   (26) 

B. Crossover and Mutation 

 The probabilities of both the crossover and the mutation 
are 1, which means that both the crossover and the mutation 
are certain events in the proposed algorithm. The purpose of 
making mutation, a certain event, is to introduce more 
diversity in the population. The algorithm for mutation is 
depicted in Figure 6. The mutation algorithm takes the same 
approach as the initialization – dividing the population into n 
parts and distributing the chromosomes into each part equally. 

 

The experimentation has been conducted in Matlab 

software in a PC with 2.8 GHz and 2 GB memory. Both the 

proposed algorithm and NSGA-II [6] have been used to solve 

the proposed problem. The population size has been taken to 

be 100 and the number of generations has been varied from 10 

to 100 with an interval of 10, that is, the number of 

generations are 10, 20, 30, …, 100. The probabilities of 

crossover and mutation are both 1 for the proposed algorithm. 

Since for the proposed algorithm, the crossover and mutation 

are certain events, thus we had to choose a fixed probability 

value for the original NSGA-II, which will show the best 

results. For the original NSGA-II, a number of experiments 

have been performed with probability values of 0.1, 0.2, 

0.3,…,0.9 and the crossover probability is set to 0.9 since the 

probability value of 0.9 provides the best results for the 

original NSGA-II. 

 
Table 1 shows the average values of all the objectives for 

both the proposed algorithm and NSGA-II. The average values 
for the proposed algorithm are observed to be significantly 
better than those for NSGA-II for objective 1, objective 2 and 
objective 3. For objective 4, both algorithms fail to perform 
well since no value for objective 4 is less than or equal to or 
around 1. For the first 4 values, the proposed algorithm 
performs worse than NSGA-II and for the next five values, the 
proposed algorithm performs better. Thus as a whole, both 
algorithms perform nearly same for the average values of 
objective 4. Table 2 shows the minimum values of all the 
objectives for both the proposed algorithm and NSGA-II. 

 

 

 The Pareto optimal solutions for proposed algorithm show 
significantly better result than those of NSGA-II. A fraction of 
the solutions is shown in Table 3 above. Table 3 shows the 
first 10 Pareto optimal solutions for both proposed algorithm 
and NSGA-II at generation 10. The reason for using such low 
generation number is to show that, even at such an early 
generation, the proposed algorithm performs better than 
NSGA-II. Since this paper deals with a multi-objective 
problem, thus the true comparison of the results can be 
performed only through Pareto optimal solutions. Figure 8 
shows the Pareto optimal solutions for the proposed modified 
NSGA-II and the original NSGA-II. Figures 8a,8b, 8c and 8d 
show the Pareto optimal solutions for the generation numbers 
70, 80, 90 and 100 respectively. These figures show the 4-
dimensional scatter plot drawn by dplot software. The 
meaning of the representative legends are mentioned only in 
Figure 8a. Figure 8 clearly shows that the modified NSGA-II 
performs significantly better than the original NSGA-II for the 
all the generations except for generation 80 which shows 
better results for the original NSGA-II. From the above results 
and discussions it is clear that the proposed algorithm solves 
the proposed supply chain problem remarkably better than 
NSGA-II. 
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(a) 

 

            (b) 

  
(c )     

 
        (d) 

Fig. 8. Pareto Optimal Solutions 
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