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Abstract: This paper presents a computational intelligence approach for coping with bullwhip effect in 
supply chains (SCs). An imperialist competitive algorithm (ICA) is employed to decrease the bullwhip 
effect and cost (inventory, ordering and production) in the MIT beer distribution game. The ICA is used to 
determine the optimal ordering policy for members of the SC. The results shows the ability of the proposed 
ICA for decreasing the bullwhip effect under deterministic and random customer demand, deterministic 
and random lead times.  
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INTRODUCTION 

 
A supply chain contains a joined process in which 

all activities deal with the flow and transformation of 
goods from raw materials stage through to the 
customer. Businesses are all working together in one 
SC and trying to improve the quality of products and 
services across the SC. The main goal of an SC is to 
satisfy the needs of the customer  while  creating 
profits. Supply chain management (SCM) is a group of 
approaches utilized to efficiently integrate suppliers, 
manufacturers, warehouses and stores so that 
merchandise is manufactured and distributed at the 
right  quantities,  to  the  right  locations  and  at the 
right  time  in  order   to   minimize   system  costs 
while satisfying service-level requirements [1]. The 
bullwhip phenomenon eludes to the amplifications in 
orders in an SC. Industries with reliable demand 
forecasts waste millions of dollars annually because 
they are unable to match production to demand 
correctly. An important cause of this problem is the 
bullwhip effect.  

This paper proposes the optimal ordering policies 
for each member of an SC using an ICA, to reduce the 
bullwhip effect and cost across the entire SC. This 
paper discusses how an ICA is employed to optimize 
ordering policies to minimize the bullwhip effect in an 
SC. The next section considers of the literature and 
computational intelligent techniques. Then, 
implementation of the ICA to the MIT beer game and 
number of experiments are carried out. Finally, 
conclusion and future research area are presented in the 
last section.  

LITERATURE REVIEW  
  

The bullwhip effect is not a new phenomenon and 
numerous researchers from different backgrounds have 
studied it so far. Forrester [2] was the first one studied 
about the dynamic behavior of simple linear SCs. Lee et 
al. [3] identified the four main causes of the bullwhip 
effect, which are briefly Demand Forecast Updating, 
Order Batching, Rationing and Shortage Gaming and 
Price Variations. 

Classical management methods are widely used to 
diminish the bullwhip effect in supply chains. 
Information sharing [4-8] and information distortion [9] 
have been examined in the literature. The effect of 
vendor-managed inventory (VMI) on the bullwhip 
effect has been examined by Disney and Towill [10] 
and Jiang et al. [11]. Production and inventory control 
has been investigated using control theory by Disney et 
al. [12]. The artificial intelligence approach to decrease 
the bullwhip effect has been proposed by a small 
number of researchers as stated previously. Carlsson 
and Fuller [13] employed fuzzy logic to supply chains 
to decrease the bullwhip effect and Kimbrough et al. 
[14] created artificial agents via genetic algorithms 
(GA) to reduce the bullwhip effect.  
 Computational intelligence (CI) techniques present 
an approach to classical management techniques. CI 
techniques provide more computationally powerful 
algorithms and also capability to exhaustively search 
complex situations. Classical management methods 
may find the local optimum instead of the global 
optimum. CI approaches are more robust and have 
better generalizations, which mean that the employed 
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techniques can be easily modified to optimize a similar 
problem. There are three principal techniques that may  
be utilized in a CI approach, Fuzzy Logic, Artificial 
Neural Networks and Evolutionary Algorithms.  
 The CI approach is showed in this paper allows for 
a similar effect to that of VMI, but information sharing 
between members is not needed. The only information 
required by the ICA is customer demand and it does not 
need derivative information found in analytical 
optimization. The ICA is able to search completely for 
the global optimum ordering policy and allocate this 
ordering policy to each member of the SC. The ICA 
approach presented in this paper provides an ordering 
policy for each member of the SC while not needing the 
sharing of information. The initial experiments are 
based on Kimbrough et al. [14] to prove the validity of 
the model. The other experiments are used to 
investigate whether the proposed ICA has the ability to 
diminish the bullwhip effect and cost across the entire 
SC when encountering random customer demand and 
lead times. 
 

IMPLEMENTATION OF THE ICA  
TO THE MIT BEER GAME 

 
 The purpose of this research is to investigate if the 
ICA is able to diminish the bullwhip effect in an SC 
based on the MIT beer distribution game. The ICA will 
determine the optimal ordering policy for each member 
of the SC, thereby significantly decreasing the bullwhip 
effect and cost. The beer game is completely 
deterministic and there are no random elements in the 
model.  
 In this paper, the model used five players: a 
customer, a retailer, a warehouse, a distributor and a 
factory. The customer’s order drives the whole 
simulation; each of the following four players makes 
order decisions based on the order from the downstream 
buyer in order to maximize profits, or to minimize 
costs. In addition the inventory holding cost and the 
backorder cost, two more types of costs are considered, 
namely the ordering cost and the production cost. These 
types of costs are important in practice. The ordering 
cost exists when a player places an order; and the 
production cost is applied only to the factory when it 
orders from its product lines. 
 There is a one-period delay in the order being 
received and a two-period delay in items being shipped 
and reaching their destination. The factory has a three- 
period production delay. In all experiments, the 
ordering cost and all unit cost prices are treated as 
constants. The players try to eliminate the gap between 
desired and actual inventory and supply line levels in 
terms of inventory and what is in the chain. 

 The formulas for computing the four types of cost 
are demonstrated as follows. For the inventory holding 
cost and the backorder cost, we define: 
 

 

where t represents the week number; Inventory cost is 
the inventory holding and backorder cost for player i at 
week t; INi is the inventory level for player (echelon) i 
at week t; Hi(t) is the inventory unit holding cost price 
for player (echelon) i at week t; BCKi is the backorders 
for player (echelon) i at week t; Bi(t) is the backorder 
unit cost price for player(echelon) i at week t. For the 
ordering cost, we explain: 
 
         
 
where ordering cost is the ordering cost for player i at 
week t; ORi(t) is the order from player i for player j at 
week t and ocij is the ordering cost at week t. This 
formula is furnished by Chen and Samroengraja [15]. 
We use the production cost provided by Chen and 
Samroengraja [15] for the factory: 
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where Deij(t) is the demand that player j receives from 
player i in week t; and UCi(t) is the production unit cost 
price for player i at week t. Therefore, the cost for the 
retailer, warehouse, distributer and factory at week t 
are: 
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If M is denoted as the number of weeks, then the total 
supply chain cost, that is the sum of all costs involved 
in the supply chain, is  
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Minimizing the quantity TCOSC is the objective that 
the ICA will try to minimize it by finding the optimal 
ordering policies. The above formulas and the supply 
chain model are implemented using MATLAB. In   the   
ordering   process, each player (except   the customer) 
has its own ordering policy and the ordering policy is 
the input to the simulation model before running. The 
ordering policy is in the form of (o1, o2, o3, o4) where 
oi represents the difference between the order player i 
receives from the downstream player i-1 and the order 
placed with the upstream player i+1. Hence, the 1-1 
policy can be represented as (0, 0, 0, 0), which means 
that every player always orders the same quantities as 
received from the downstream neighbor. In the original 
simulation program, no player orders are more than 30 
units in any week. 
 
Proposed Imperialism Competitive Algorithm 
(ICA): Figure 1 indicates the scheme of the proposed 
ICA [16]. Like other evolutionary algorithm, the 
proposed algorithm starts with an initial population 
(countries in the world). Some of the best countries 
(order policies with lower cost) in the population are 
chosen as imperialists and the rest constitute the 
colonies of these imperialists. All the colonies of initial 
population are divided among the imperialists based on 
their power. The power of an empire corresponding to 
the fitness value in the GA is inversely proportional to 
its cost. For more and additional information about this 
algorithm refer to above mentioned paper [16]. 
 
Generating initial empires: The goal of optimization 
is to find an optimal solution in terms of the variables 
of the problem (quantity of orders for elements of 
supply chain; i.e., factory, warehouse, etc.) We 
constitute an array of variable values (order quantities) 
to be optimized. In GA terminology, this  array is called 
“chromosome”; however, here the term “country” is 
used for this array. In an Nvar- dimensional 
optimization problem, a country is the 1*Nvar array. 
This array is defined by: 
 
 [ ]1 2 3 4, , ,                   (9)country o o o o=   

  
The variable values in the country are represented as 
floating point numbers where oi is the order of the i-th 
echelon of supply chain i.e. retailer. The cost of a 
country is found by evaluating the cost function f at the 
order policy variables, order policies, (o1, o2, o3, o4). 
Then, we have: 
 
 ( ) ( )1 2 3 4, , ,  (10)i i i i i icost f country f o o o o= =   

To start the optimization algorithm we generate the 
initial population of size, Npop. We select Nimp of the 
most powerful countries to form the empires. The 
remaining Ncol of the population will be the colonies 
each of which belongs to an empire. Then we have two 
types of countries; imperialist and colony. 
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To form the initial empires, we divide the colonies 
among imperialists based on their power. That is the 
initial number of colonies of an empire should be 
directly proportionate to its power. To divide the 
colonies among imperialists proportionally, we define 
the normalized cost of an imperialist by: 
 
 { }             (12)n i nC max c c= −   

 
where cn is the cost of nth imperialist and Cn is its 
normalized cost. Having the normalized cost of all 
imperialists, the normalized power of each imperialist is 
defined by: 
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From another point of view, the normalized power of an 
imperialist is the portion of colonies that should be 
possessed by that imperialist. Then, the initial number 
of colonies of an empire is computed by: 
 
 ( ){ } ( ). . .          14n n colN C round P N=   

 
where N.C.n is the initial number of colonies of nth 
empire and Ncol is the number of all colonies. To divide 
the colonies, for each imperialist we randomly choose 
of N.C.n the colonies and give them to it. These 
colonies along with the imperialist will form nth 
empire.  
 
Moving the Colonies of an Empire toward the 
Imperialist: Imperialists countries started to improve 
their colonies. We model this fact by moving all the 
colonies toward the imperialist. This movement is 
shown in Fig. 1, in which the colony moves toward the 
imperialist by x units. The new position of colony is 
shown in a darker color. The direction of the movement 
is the vector from colony  to imperialist.  In  this figure,  
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Fig. 1: The scheme of ICA [16] 
 
x is a random variable with uniform (or any proper) 
distribution. Then for x we have: 
 
 ( )~ 0,                 (15)x U dβ ×   

where ß is a number greater than 1 and d is the distance 
between colony and imperialist.     
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 ß>1 causes the colonies to get closer to the 
imperialist state from both sides.  
 Total Power of an Empire: The total power of an 
empire is mainly affected by the power of imperialist 
country. But the power of the colonies of an empire has 
an effect, albeit negligible, on the total power of that 
empire. We model this fact by defining the total cost by 
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where T.C.n is the total cost of the nth empire and ξ is a 
positive number which is considered to be less than 1. 
A little value for ξ causes the total power of the empire 
to be determined by just the imperialist and increasing 
it will increase the role of the colonies in determining 
the total power of an empire.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Imperialistic competition: All empires try to take 
possession of colonies of other empires and control 
them.  To   start   the   competition,  first,  we  find  the 
possession probability of each empire based on its total 
power. The normalized total cost is simply obtained by: 
 
 { }. . . . . . .         (18)n i nN T C max T C T C= −   

 
where T.C.n and N.T.C.n are respectively total cost and 
normalized total cost of nth empire.  
 Having the normalized total cost, the possession 
probability of each empire is given by: 
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 To divide the mentioned colonies among empires 
based on the possession probability of them, we form 
the vector as follows: 
 
 

1 2 3
, , , ,                     (20)

Nimpp p p pP P P P P = … 
  

 
 Then, we create a vector with the same size as P 
whose elements are uniformly distributed random 
numbers between [0, 1]. 
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Then, we form vector D by simply subtracting R from 
P. 
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 Referring to vector D, we will hand the mentioned 
colonies to an empire whose relevant index in D is 
maximum.  
 

EXPERIMENTS 
 
 This section provides results of the tests 
implemented on the MIT beer distribution game using 
ICA. The initial experiments are based on the work of 
Kimbrough et al. [14] in order to prove the validation 
of the model. The purpose of the experiments is to 
minimize cost by obtaining the optimal ordering policy 
for all members. The latter experiments are to 
investigate whether the ICA is capable to decrease cost 
and the bullwhip effect when a sudden spike, 
representing a sales promotion, is introduced into the 
demand and to determine whether the ICA can find the 
optimal ordering policy for each member of the supply 
chain. 
 
Experiment 1: In the first round of our experiment it is 
tested the performance of the beer game under both 
deterministic demand and lead time, Customer demands 

4 cases of beer in the first 4 weeks and then shifts to 8 
cases of beer from week 5 but maintains the same 
demand over time. Figure 2 (i) presents the order 
quantities of each member before utilizing the ICA. The 
beer game was run for 35 weeks to provide a 
comparison with previous work of Kimbrough et al. 
[14] and the  ICA  optimized  policy  that  eliminated 
the  bullwhip  effect.  The result of using ICA is 
showed in Figure 2 (ii). It should be note that the 
accumulated cost (i.e., inventory, ordering and 
production) is 1870$. 
 
Experiment 2: It is tested the case of stochastic 
demand where demand is randomly generated from a 
known distribution, e.g., uniformly distributed between 
[0, 15]. Figure 3 (i) presents the order quantities of each 
member before utilizing the ICA. The result of using 
ICA is showed in Figure 3 (ii). The ICA suggested 
(x+1, x+1, x+1, x+1) policy. It should be note that the 
accumulated cost is 18250$. Also, the cost of the 1-1 
policy is 19850$. 
 
Experiment 3: It is changed lead time from fixed 2 
weeks to uniformly distribute from 0 to 4. So now we 
are facing both stochastic demand and lead-time. Figure 
4 (i) presents the order quantities of each member 
before utilizing the ICA. The result of using ICA is 
showed in Figure 4 (ii). The ICA suggested (x+1, x+1, 
x+2, x+1) policy. It should be note that the accumulated 
cost was 15060$. This is much lower than the 1-1 
policy that has an accumulated cost of 24970$. 
 
  

 
(i) 

 
(ii) 

Figure 2: Results of experiment 1 
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(i) 

 
(ii) 

Figure 3: Results of experiment 2 
 
 

 
(i) 

 
(ii) 

Figure 4: Results of experiment 3 
 
 

CONCLUSION 
 
 By considering the presented experiments we can 
find that utilizing ICA would lead to reduce the 
bullwhip effect in an SC based on the MIT beer 
distribution game. The ICA is able to determine the 
optimal ordering   policy for each member of the SC by 
reducing the bullwhip effect and reducing cost. Also, by 
comparing the results of the ICA by the GA presented 
by Kimbrough et al. [14], it is found that the proposed 

ICA can reduce the cost more than the GA also can 
decrease the bullwhip effect better than the GA. This 
paper presented a supply chain model incorporates 
three additional costs, including the ordering cost, the 
inventory cost and the production cost. Based on this 
supply chain model, it was investigated using the 
proposed ICA to minimize the bullwhip effect in an SC 
based on the MIT beer distribution game. A series of 
experiments was considered. In each experiment, ICA 
was employed to determine the optimal ordering policy. 
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The results showed the efficiency of the proposed ICA 
to reducing the cost and bullwhip effect. Considering 
fuzzy demands and lead times can be suggested for 
future research areas. 
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