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Abstract 

This paper discusses how a vendor manages multiple products 

within its multiple non-identical retailers operating under a 

vendor managed inventory (VMI) contract that allows unequal 

shipment frequencies to the retailers. The vendor 

replenishment cycle for each product is taken to be an integer 

multiple of the retailer replenishment cycle where vendor is 

penalized for exceeding the upper stock limits at the retailer 

premises for each product. A mixed-integer nonlinear model 

is developed to address the replenishment problem among 

multiple retailers for multiple products that minimizes the 

joint relevant inventory costs under unequal shipment 

frequency. A particle swarm optimization (PSO) and 

simulated annealing (SA) algorithm along with a numerical 

illustration is also provided to demonstrate the proposed 

model. Results show that PSO algorithm finds optimal or near 

optimal solutions for the total system cost, and it proposes 

substantial savings compared to the solution obtained in SA 

and traditional optimizer software. 

Keywords: supply chain, inventory model, vendor managed 

inventory, unequal shipment, penalty cost, particle swarm 

optimization, simulated annealing. 

 

INTRODUCTION 

Vendor managed inventory (VMI) is one of the coordination 

mechanism that has been gaining a lot of attention recently 

and many successful businesses have demonstrated the benefit 

of VMI, e.g. Wal-Mart, JC Penny, HP, Shell, Campbell Soup, 

Barilla, Johnson & Johnson, Kodak Canada Inc. and White 

Bread Beer [2, 9 & 39]. In VMI, retailer hands over the 

operational control of inventory within a mutually agreed 

framework and the performance targets are monitored and 

updated on as-needed basis [29], and the retailer must provide 

all relevant information like sales, inventory level etc. while 

the vendor determine the timing and replenishment quantity of 

the product for each retailer based on that information. In 

order to reap maximum benefit, the vendor always tends to 

move much of its inventory to the retailer premises by 

shipping large quantities, whereas each retailer restricts the 

vendor to keep inventory level below an agreed maximum 

level. Thus, it is quite common in VMI contracts that the 

retailer is protected from over-supplies from the vendor by 

means of a mutually agreed-upper stock limit at the retailer 

and the vendor is penalized for items exceeding these limits 

[4, 6 & 36]. Thus, retailer relieved of keeping track of its 

inventory and placing orders with the vendor from time to 

time, thereby eliminating its order costs [28]. 

Benefit of VMI adoption cited in literature include reduction 

in costs related to ordering [24], inventory [44], transportation 

[48], and improvement in different areas like production 

planning [9], service level [45], customer quality [49], 

forecasting accuracy [22] etc. VMI has some advantages not 

only for both the retailer and for the supplier, but also the 

customer service levels may increase in terms of the reliability 

of product availability [32]. Thus, VMI is best viewed as a 

part of a process of ongoing improvement, rather than as a 

standalone arrangement [13]. The customize replenishment 

frequencies in VMI is more beneficial when the supply chain 

retailers are heterogeneous in terms of their cost and demand 

parameters. Therefore, if the retailers are identical, then there 

is less need for VMI [17].  

Many researchers have tried to model mathematically 

different aspects of VMI systems. Viswanathan and Piplani in 

2001 [47] proposed a strategy where the vendor specifies 

common replenishment period in a single-vendor multi-

retailer supply chain. Choi et al. in 2004 [5] presented an 

analytical model to measure the service level under VMI. 

Cetinkaya and Lee in 2004 [3] proposed a two-echelon 

dynamic lot-sizing model where demands had to be satisfied 

during pre-specified time windows with early and late 

delivery penalties. Darwish and Odah in 2010 [7] proposed a 

single-vendor multi-retailer VMI model in which the vendor 

incurs a penalty cost for items exceeding the bounds that are 
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agreed upon in a contractual agreement between vendor and 

retailers. Mateen et al. in 2015 [28] developed an approximate 

model in which the vendor replenishes all the retailers at the 

same time under stochastic demand and in case of a shortage 

at the vendor, the available stock is allocated to the retailers 

on the basis of equal stock out probability. Mateen and 

Chatterjee in 2015 [27] proposed a detailed analysis of four 

different replenishment policies for single-vendor multi-

retailer single-product under VMI contract. 

Modern heuristic algorithms are considered as practical tools 

for nonlinear optimization problems. The population-based 

optimization approaches can find very good solution within 

the solution space efficiently and effectively, when solving the 

constraint np-hard problem. Meta-heuristic algorithms have 

proposed to solve some of the existing developed inventory 

models in the literature and have received an increasing 

attention from the researchers and practitioners since they 

give us an alternative to traditional optimization techniques. 

Some of these algorithms are: genetic algorithm [1, 8, 30, 40, 

41], particle swarm optimization (PSO) algorithm [8, 16, 20, 

26, 31, 33, 34 & 35], simulated annealing [23, 30 & 42], ant 

colony algorithm optimization [10] and harmony search [15, 

25 & 40]. Most of the population-based search approaches 

like genetic algorithm are motivated by evaluation as seen in 

nature, while PSO is motivated from the simulation of social 

behavior. Nevertheless, they all work in the same way so that 

the individuals of the population can be expected to move 

towards better solution space [37]. Another widely used meta-

heuristic algorithm that has been used to solve sophisticated 

problems in different fields of study is the simulated annealing 

(SA) algorithm [23 & 42]. 

Under VMI contract, many authors have tried to come up with 

single-vendor single-retailer or single-vendor multi-retailer 

replenishment schemes for single product, and/or single-

vendor single-retailer multi-product with constraint like order 

quantity, space, budget, product life time, maximum 

backorder level etc.  

In this paper, we consider a single-vendor multi-retailer multi-

product supply chain operating under VMI contract with 

unequal shipment frequencies. As suggested by the extant 

literature on VMI, to overcome the over-supply problem at the 

retailer end, we consider an upper stock limit for each product 

at the retailer and penalty for the vendor for over-supply. In 

this case, the vendor incurs the storage cost for the extra 

quantity for each product beyond the retailers’ storage 

capacity, which does not include the capital cost as the stock 

is owned by the retailer [17] and vendor is penalized 

whenever replenishment exceed this upper stock limit, which 

may be linked to the space constraint at the retailer [4, 6, 7, 14 

& 36]. A mixed-integer nonlinear model is developed to 

address the replenishment problem among multiple retailers 

for multiple products that minimizes the joint relevant 

inventory costs under unequal shipment frequency and solve 

this hard optimization problem through a valuable and elegant 

approach based on PSO and SA algorithms. 

The remainder of the paper is organized as follows: The next 

section presents a problem statement, associated notations and 

mathematical model developed for evaluating VMI systems. 

In order to demonstrate the application of the proposed 

methodology, a solution procedure including particle swam 

optimization and simulated annealing algorithm, and a 

numerical illustration in following sections and the last 

section concludes the paper and recommendations for future 

research. 

 

PROBLEM STATEMENT AND FORMULATION  

Consider a supply chain where a vendor supplies n products to 

k retailers under a VMI agreement. The vendor orders the 

product from an external source with unlimited capacity. The 

consumer demand for each product at each retailer is known 

and constant, which must be meet without lost sales or 

backordering, while each retailer faces independent, stationary 

and normally distributed demand for each product. The 

vendor replenishment cycle is taken to be an integer multiple 

of the retailer replenishment cycle where vendor is penalized 

for exceeding the upper stock limits of each product at the 

retailer premises. In such a situation, the vendor is responsible 

for initiating the orders and setting the replenishment 

quantities on behalf of the retailers.  

The objective of this study is to determine the optimal 

replenishment policy with unequal shipment frequencies 

under VMI agreement that is economically beneficial to the 

entire supply chain. It is shown in Figure 1 that the variation 

over time of the stock of  product at each echelon is saw-

toothed in shape, which simplifies the formulation of the total 

holding costs per unit of time for both echelons. Moreover, 

the conditions under which the vendor operates are as follows: 

 There is no procurement lead time for all products for the 

vendor. 

 Vendor orders the products from an external source 

having unlimited supply. 

 Cost of holding one unit of each product per unit of time 

at the vendor facility is less than that of each one of the 

retailers. 

 Each retailer specifies an upper stock level for each 

product under VMI, and the vendor penalize financially 

whenever that level exceeded. 

 Retailers face independent, stationary and normal 

distributed demand for each product.  

 There are no shortages in retailer’s end. 

Retailers bear only their own holding cost and all the 

remaining costs, viz. vendor order and holding costs, retailer 

order costs, and penalty costs for each product are borne by 

the vendor. 
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Notations 

Let  be the number of products, and  be the index for 

products, ,  be the number of retailers, and  be 

the index for retailers, , the following notations 

will be used to develop the proposed model: 

 Vendor’s fixed ordering cost per order for    

product ($/order) 

 Cost charged for  product to the  retailer for  

receiving its ordered shipment and cost incurred by  

the vendor for initiating and releasing an order for      

              product to the  retailer ($/order) 

 , total demand to be supplied by the vendor  

for  product (unit/order) 

 Demand rate per unit of time for  product to   

retailer (unit/order) 

 vendor holding cost per unit per unit of time for   

product ($/unit/order) 

  retailer holding cost per unit per unit of time for  

 product ($/unit/order) 

 Penalty cost per unit for the over-stock quantity for  

 product at the  retailer ($/order) 

 Upper stock limit for  product at the  retailer  

facility (units) 

 Vendor reorder cycle for  product (years) [a  

decision variable] 

 replenishment cycle for  product to  retailer  

(years) 

    number of deliveries made during the vendor’s cycle  

 for  product to the  retailer [a decision  

variable] 

 , ordering quantity of  product shipped to  

the  retailer (units) [a decision variable] 

 over-stock quantity for  product at the  retailer  

(units) 

 

Figure 1: Demand and shipment variation for  product 

over time of the inventory levels for one vendor and three 

retailers. 

Mathematical Model 

In spite of Hariga et al. [17], Hariga et al. [18] and Verma et 

al. [46] who extended the single-vendor multi-retailer single-

product supply chain problem with capacity constraints of 

Darwish and Odah [7] to considered unequal shipment 

frequencies, in this paper, a model for the single-vendor multi-

retailer multi-product supply chain problem is developed. To 

do this, a model for a single-vendor multi-retailer developed 

first for one product and then it will be extended to include 

single-vendor, multiple retailers, and several products. 

 

Model for  product and for  retailer: 

Vendor annual order costs =  

Retailer annual order cost =  

Average annual holding cost for the  product at the  

retailer =  

Average holding cost for the vendor for the  product  

=  

Referring to Figure 1, which shows the variation over time of 

the vendor inventory levels and three retailers for the  

product, the over stock for the  product at the  retailer, 

 can be written as: 

   

 

Where R is the set of retailers with over stock and  is the 

complement set of R. 

Since the penalty cost is charged per unit of time and based on 

the average over-stock (the shaded triangles in Fig. 1). 

Therefore, the total over-stock penalty costs per unit of time 

for  item can be written as [7, 17 & 18]: 

 

 

subject to, 

   

 

The optimization problem for n products and k retailers can 

then be stated as 
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subject to, 

 

   

 

      (1) 

 

 

 

THE SOLUTION PROCEDURE 

The model that was formulated in the previous section 

belongs to mixed-integer nonlinear programming (MINLP) 

problem. The goal is to determine the vendor order cycle ( ), 

number of deliveries to each retailer for each product ( ) 

and order up to level to each retailer for each product ( ) so 

that the total cost ( ) under VMI policy given in (1) is 

minimized and all constraints are fulfilled. The difficulty 

originated from the nonlinearity of the objective function and 

constraints, and integer restriction of  in the MINLP 

formulation. Since the model (1) is mixed-integer nonlinear 

programming (MINLP) in nature an analytical solution (if 

any) to the problem is difficult. In addition, efficient treatment 

of mixed-integer nonlinear optimization is one of the most 

difficult problems in practical optimization [12] and one 

cannot use an exact algorithm to solve them. Hence, typically 

some non-precise heuristic search algorithms are needed for a 

near-optimum solution in shorter period. Furthermore, a meta-

heuristic algorithm is a heuristic method to solve a very 

general class of computational problem by combining user-

given black box procedure (usually heuristic themselves) in 

the hope of obtaining a more robust procedure. 

Many researchers have successfully implemented meta-

heuristic approaches to solve complicated optimization 

problem in various fields of scientific and engineering 

disciplines. Some of these algorithms such as particle swarm, 

ant colony optimization, genetic algorithm and simulating 

annealing have been employed to solve complex supply chain 

problems. However, the particle swarm optimization (PSO) 

search algorithm, due to its good performance in solving 

complex optimization problems [20, 33 & 42], is model in (1). 

In addition, to validate the results and to compare its 

performance, a simulated annealing (SA) algorithm also 

employed to solve the problem as well [30 & 41]. Further, 

since no benchmarks can be found in the literature to assess 

the performance of PSO and SA, a branch and bound solver 

based programming in LINGO software is employed to solve 

the model (1) as well. 

 

Particle swarm optimization 

Particle swarm optimization (PSO) is a population based 

stochastic optimization techniques proposed by Kennedy and 

Eberhart [21], inspired by social behaviour of bird flocking or 

fish schooling and based on evolutionary computational 

techniques where system is initialized with a population of 

random solution and searches for optima by updating 

generations. In PSO, the potential solutions, called particles, 

fly through the problem space by following the current 

optimal particles. 

The type of particle is associated with the number of decision 

variables involved in a problem. In this paper, the decision 

variables of the proposed model are vendor’s product wise 

common replenishment cycle ( ), number of deliveries for 

each product to each retailer in each vendor order cycle ( ) 

and order quantity ( ) to respective retailers. The particle is 

modelled by a  matrix for n products and k 

retailers, and so, for a 5 products and 4 retailers case, the 

particle is represented as 1x45 matrix. The general form of 

particle is considered as 

[ ]. 

As PSO is a population based optimization algorithm, each 

particle is an individual and swarm is composed of particles. 

Mapping between swarm and particles in PSO is similar to the 

relationship between population and chromosomes in genetic 

algorithm [43]. 

PSO algorithm start with initialization of random particles 

position (solution) and exploration velocities, and then 

searches for optima by updating exploration velocities and 

then position update of particles. In every iteration, each 

particle is updated by following two “best” values. The first 

one ( ) is the best solution (fitness) achieved so far. 

Another best value ( ) is a global best solution tracked by 

the particle swarm optimizer and obtained so far by any 

particle in the population. When a particle takes part of the 

population as its topological neighbours, the best value is a 

local best ( ). 

The initialization process allows the swarm particles and 

exploration velocity to be generated under feasible solution 

space as given in equation (2) and (3) assuming constant time 

interval to be 1. 

  (2) 

   (3) 

Where  and  are the lower and upper bounds on the 

design variables values respectively.  and  are the 

position and velocity of the  particle in the population at 
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 iteration respectively, and  is a uniformly 

distributed random number between [0, 1]. 

In each step, the feasibility of a generated solution is checked 

and if a solution vector does not satisfy a constraint, the 

related vector solution will be punished by a big penalty on its 

fitness. 

In a d-dimension searching space and a swarm of N particle 

searching for the global optimal solution within the searching 

space. Three d-dimensional vectors are assigned to each 

particles and the  particle: position, denoted by 

; the rate of change of position of 

particle, also called velocity, denoted by 

; and best personal position, denoted 

by . Where the velocity vector 

represents the distance a particle will traverse in each 

dimension in each iteration of the algorithm and the best 

personal position vector is the best visited position for a 

particle. Particles also need to be aware of the best position 

visited by the whole swarm, which is denoted by 

. 

 

 

Figure 2: General structure of proposed PSO algorithm 

 

Then to update velocity and position vectors of the particles 

for the next iteration, the following equations (4) and (5) will 

be used respectively: 

 

 

                             (4) 

    (5) 

Where  is the inertia weight introduced by Shi and 

Eberhart [38];  and  are the cognitive and social factors 

respectively;  represent the iteration number and  and 

 are the random number between [0, 1]. 

In PSO, the inertia weight ( ) is brought in for balancing 

the global and local search. A large inertia weight facilitates a 

global search while a small inertia weight facilitates a local 

search. By linearly decreasing the inertia weight from 

relatively large value to a small value, the PSO tends to have 

more global search ability at the beginning of the run while 

having more local search ability near end of the run [49]. The 

linear distribution of inertia weight is expressed as follows 

[31]: 

   (6) 

Where  is the initial weight;  is the final weight; 

 is the maximum iteration number and  is the 

current iteration number. 

Figure 2 shows the general flowchart in the optimization of 

the proposed VMI model using PSO algorithm. 

The simulation result presented by [37] illustrate that an 

inertia weight starting with a value close to 1 and linearly 

decreasing to 0.4 through the course of the run will give the 

PSO the best performance compare with all fixed inertia 

weight setting. In this research, a linearly decreasing inertia 

weight is used which starts at 0.9 ( ) and ends at 0.4 

( ), with ,  and N=200. 

 

Simulated Annealing 

Simulated annealing (SA) is a probabilistic single-solution 

based search method inspired by the annealing process in 

metallurgy. In SA, a simulation is carried out of 

physical/chemical process, where annealing referred to as 

tempering certain alloys of metal or glass by heating above its 

melting point, holding its temperature, and then cooling it 

very slowly until it solidifies or produces high-quality 

materials. SA is basically composed of two stochastic 

processes: generation of solutions and acceptance of solutions. 

The generated temperature is responsible for the correlation 

between generated probing solutions and the original solution 

[11]. SA is best for solving unconstrained and bound-

constrained optimization, but by introducing penalty method 

to handle the constraints, which penalizes infeasible points 

and as the temperature decreases, the algorithm reduces the 

extent of its search to converge to a minimum. 

The SA involves four control parameters  (the cooling 

schedule),  (the initial temperature), the iteration of the 

internal loop, and maximum iteration of external loop. The 

cooling schedule for  is critical to efficiency of SA. If  is 

reduced too rapidly, a premature convergence to a local 

minimum may occur and if it is too slow, the algorithm is very 

slow to converge. Given a sufficiently large number of 

iteration at each temperature, SA is proved to converge almost 

surely to the global optimum. Fig. 3 presents the general 

framework of SA procedure for the proposed model (1) and 
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the SA parameters best values are summarized in table 3 [2 & 

19]. 

 

 

Figure 3: General structure of proposed SA algorithm 

 

Constraint handling 

The constrained problem is transformed into a sequence of 

unconstrained problems by adding penalty terms for each 

constraint violation, if a constraint is violated at any point, the 

objective function is penalized by an amount depending on the 

extent of constraint violation. Here the exterior penalty 

method is used to handle the constraints of the problem. This 

kind of penalty method penalizes infeasible points but does 

not penalize feasible points. In these methods, every sequence 

of unconstrained optimization finds an improved yet 

infeasible solution [20]. 

Table 1: The vendor’s common product data. 

 Product 

 1 2 3 4 5 

 1200 1200 1200 1200 1200 

 100 100 100 100 100 

 0.2 0.2 0.2 0.2 0.2 

 

This penalty parameter approach is a popular constraint 

handling strategy. Thereafter, all constraint violations are 

added together to get the overall constraint violation which is 

denoted by the ‘ ’ called penalty term. 

 

This constraint violation is then multiplied with a penalty 

parameter  and the product is added to each of the 

objective function values: 

 

The function  takes into account the constraint violations. 

For a feasible solution, the corresponding  term is zero and 

 becomes equal to the original objective function . 

However, for an infeasible solution, , thereby adding 

a penalty corresponding to total constraint violation. 

 

A numerical illustration 

The MINLP for the replenishment problem among multiple 

retailers for multiple products with unequal replenishment 

cycle developed in the preceding section will now be 

illustrated by a numerical example to show the effectiveness 

of the model. In order to show that the PSO algorithm is an 

effective means of solving the complicated mixed-integer np-

hard model, the simulated annealing approaches of Taleizadeh 

et al. [42] and traditional optimization software approaches of 

Mateen et al. [27] are also employed to solve the numerical 

example. 

Table 2: The retailer’s common product data. 

  Retailers 

  1 2 3 4 

 
Product 

 

1 

2 

3 

4 

5 

 

150 

125 

100 

75 

50 

 

250 

225 

200 

175 

150 

 

350 

325 

300 

275 

250 

 

650 

625 

600 

575 

550 

 
Product 

 

1 

2 

3 

4 

5 

 

5 

5 

5 

5 

5 

 

4 

4 

4 

4 

4 

 

3 

3 

3 

3 

3 

 

2 

2 

2 

2 

2 

 
Product 

 

1 

2 

3 

4 

5 

 

0.6 

0.6 

0.6 

0.6 

0.6 

 

0.5 

0.5 

0.5 

0.5 

0.5 

 

0.4 

0.4 

0.4 

0.4 

0.4 

 

0.3 

0.3 

0.3 

0.3 

0.3 

 
Product 

 

1 

2 

3 

4 

5 

 

14 

12 

10 

8 

6 

 

21 

18 

15 

12 

9 

 

28 

24 

20 

16 

12 

 

42 

36 

30 

24 

18 

 
Product 

 

1 

2 

3 

4 

5 

 

1.5 

1.5 

1.5 

1.5 

1.5 

 

2 

2 

2 

2 

2 

 

1 

1 

1 

1 

1 

 

1 

1 

1 

1 

1 
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We consider a system with a vendor supplying 5 products to 4 

retailers under VMI contract where vendor penalized for 

oversupply of the products beyond the pre-defined product 

wise upper stock limit in retailer premises. The vendor and 

retailers’ general data are given in Table 1 and 2 respectively, 

which derived from illustrative example proposed in Mateen 

et al. [28] for 5 products in equal proportion.  

 

Table 3: The initial parameter values for PSO and SA 

SA PSO 

Initial temperature 

( ) = 100 

Inertia factor (w) = [0.4, 0.9] 

Cooling factor (α) = 

0.9 
 

Self-confidence factor (C1) =  2 

Swarm confidence factor (C2) = 2 

Swarm size (N)=150 

 

Stopping criteria 

(MaxIteration) = 2500 

or  

Stopping criteria = N 

 

The developed PSO and SA are coded in MATLAB R2017a 

software and also the proposed model is programmed in 

LINGO 16.0 software. The test problem solved on Intel 

Core™ i5 2.5 GHz with 4 GB RAM CPU. Table 3 shows the 

best combination of different values of the PSO and SA 

parameters used to obtain the solution. The best results 

obtained by the three methods are given in Table 4, 5 and 6. A 

comparison of the results of all three methods and percentage 

of improvement with respect to objective function values are 

given in Table 7, which shows that the PSO algorithm 

performs better than the SA algorithm and LINGO solution in 

terms of system total costs. Furthermore, the convergence 

path of the best results of the objective function for PSO and 

SA are shown in Figure 4 and 5 respectively.  

 

Table 4: The best result of the PSO 

Product 

i 

Retailers 

 

 

 

Cycle 

Time  

Penalty 

Cost 

Chain 

total cost 

 

1 8, 7, 6, 8 15, 29, 

47, 66 

0.81101 6.699 1497.527 

2 9, 9, 5, 5 12, 22, 

58, 111 

0.88735 7.566  

3 2, 6, 9, 7 39, 26, 

26, 67 

0.77950 11.264  

4 5, 6, 5, 5 14, 27, 

51, 107 

0.93383 12.402  

5 6, 5, 6, 6 7, 25, 

35, 78 

0.84839 6.141  

 

CONCLUSION AND RECOMMENDTION FOR 

FUTURE RESEARCH 

In this paper, we have presented PSO and SA algorithms to 

solve a single-vendor multiple-retailer multiple-product 

vendor managed inventory system with unequal shipment 

frequencies. Results shows that the PSO algorithm always 

obtained better solutions than the solutions of the SA 

algorithm and LINGO software. Additionally, the PSO 

algorithm is simple and find near-optimal solutions in a very 

short time. However, constraint handling in SA is a 

challenging task and possible by introducing penalty 

parameter approach. Finally, we conclude that the PSO 

algorithm performs very well compare to SA algorithm. 

 

Table 5: The best result of the SA 

Product 

i 

Retailers 

 

 

 

Cycle 

Time  

Penalty 

Cost 

Chain 

total cost 

 

1 5, 6, 5, 8 30, 42, 

71, 82 

1.01476 30.088 1525.912 

2 5, 5, 8, 6 23, 42, 

38, 98 

0.93749 29.414  

3 6, 8, 7, 7 13, 20, 

35, 69 

0.80871 24.179  

4 6, 6, 7, 8 10, 24, 

32, 59 

0.81995 29.289  

5 7, 8, 6, 8 6, 17, 

38, 62 

0.90707 34.211  

 

Table 6: The best result of the LINGO 

Product 

i 

Retailers 

 

 

 

Cycle 

Time 

 

Penalty 

Cost 

Chain 

total cost 

 

1 4, 6, 7, 8 36, 40, 

48, 78 

0.960 42.893 1777.012 

2 4, 6, 8, 

10 

30, 36, 

39, 60 

0.960 28.111  

3 4, 5, 6, 

10 

25, 40, 

50, 60 

1.0 52.251  

4 3, 6, 6, 6 18, 21, 

33, 69 

0.720 34.844  

5 3, 6, 6, 

11 

16, 24, 

40, 48 

0.960 38.345  

 

 

 



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 21 (2017) pp. 11658-11667 

© Research India Publications.  http://www.ripublication.com 

11665 

Table 7: The chain total cost obtained by the algorithms 

Total cost 

P
S

O
 v

s 
S

A
 

Im
p

ro
v

em
en

t 
(%

) 

P
S

O
 v

s 
L

IN
G

O
 

Im
p

ro
v

em
en

t 
(%

) 

LINGO SA PSO   

1777.012 1525.912 1497.527 1.861 15.728 

 

This study can be extended in many directions. An obvious 

extension is to consider the case of stochastic demand or 

where lead time varies with time or randomness is introduced 

into the demand pattern. Considering the retailers upper limit 

as decision variables is another possible extension. Different 

meta-heuristic search algorithms like genetic algorithm, ant 

colony optimization, differential evolution etc. may also be 

employed to solve the proposed model and a comparison may 

be made among the algorithms. The model can further extend 

to some practical situations, such as VMI model for multi-

vendor multi-retailer multi-product case. We will consider 

these problems in the near future. 

 

Figure 4: Convergence path of the objective function by PSO 

 

 

Figure 5: Convergence path of the objective function by SA 
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