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Abstract- Traditional methods for managing the inventory are not 100% applicable in the case of perishable products as they 
have shorter product life. As a result, perishable need extra attention, otherwise high outdating and lost sales cost, which would 
contribute hugely for the firms to suffer a huge loss will incur. In this paper, we studied the replenishment policies in each 
scenario to manage the inventory of perishable products keeping into consideration the age of perishable inventories. We also 
compared the outcomes of the replenishment policies with and without Backroom and found out how and in what situations 
one policy could outperform the others in each scenario. The results will show that in an environment, which contain important 
features of the real-life retail environment, the product age based policies will lead to substantial cost reductions as compared 
to the ones that does not take the age of inventories into consideration. 
 
Index Terms- Inventory management, Perishable products, In-store replenishment policies, Simulation and optimization. 
 
I. INTRODUCTION 
 
The life of perishable products such as fruits, meat and 
dairy products or any cooked vegetable, starch or grain 
products depends on the product’s characteristics and 
the environment in which the products are stored. An 
efficient inventory management is essential to ensure 
that these products remain fresh for the expected 
duration in order to satisfy the customer’s demand 
efficiently. Every perishable item has a certain date 
before which it needs to be sold to the consumer. This 
date needs to be concerned providing that the required 
environment is maintained. The management aspect of 
inventory is essential for the future of business. Any 
organization should be able to take wise decisions by 
taking into consideration the strategic issues that are 
faced by the organization from the immediate 
environment or situation that the organization is in. 
The core subject in every retail company is to reduce 
the costs while maintaining a certain level of customer 
satisfaction. The availability of products depends upon 
the customer demand at retailer's outlet, which is 
rarely deterministic in nature. In most situations, 
planning becomes much more complicated when 
demand behaves stochastically, which causes severe 
fluctuations in demand. Firms tend to keep their stock 
high enough to minimize the amount of lost sales, but 
storage of surplus goods costs both time and money, 
which may also lead to incurring outdating cost. Since, 
balancing between these two aspects is essential, it is 
important and necessary to find the optimal strategy of 
how much to replenish and when to replenish. 
Outdating in the food industry occurs on various 
varieties of products. Some perishable goods such as 
the canned foods sometimes can be preserved for over 
a few months or sometimes over a year. On the other 
hand, the perishable goods such as fruits and 
vegetables perish in a period of just a few days. These 

two different types of products require different 
approaches and therefore different inventory 
strategies. For the products, which expire within a 
short period of time, the focus might be less on 
minimizing lost sales and more on preventing these 
products from passing their expiration dates and 
minimizing the amount of the outdating goods. This 
paper is an extension of the work of Broekmeulen and 
Bakx [1] and Broekmeulen and Van Donselaar [2], in 
which they presented an inventory control policy for 
products with a short remaining shelf life, where the 
customer can observe the expiration date of the items 
and is allowed to select the items, and inventory 
replenishment is done periodically in small batches 
with a lead-time of one period. In this study, a 
simulation model is constructed to imitate the flow of 
the product from the supplier to a retailer and from a 
retailer to the customer. This study basically has two 
parts. In the first part we compared two replenishment 
policies, which are Base policy and EWA policy and 
find which one performs better. In the second part, we 
take the better policy from the first part and add 
different Backroom policies as the in-store 
replenishment. Then comparison among these policies 
will be made in various scenarios. 
 
II. LITERATURE REVIEW 
 
Literatures on perishable inventory systems are vast. 
So we have limited our review only for the research 
related to this topic up to 2001. In today’s global 
market, the retailer’s efficient and responsive supply 
chain can be achieved only by making timely and 
accurate decisions regarding ordering quality and 
maintaining proper inventory in competitive market 
conditions. Broekmeulen & Van Donselaar [2] 
reviewed a research on replenishment policies for a 
single echelon perishable inventory system with 
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stochastic demand and a fixed lifetime equal to m 
periods to compare the EWA policy with other 
available policies. Lian & Liu [14] proposed that 
perishable items have the uncertain nature of demand. 
Chande et.al [4] further explained that if large 
inventory are maintained, there is maximum chance of 
spoilage due to decay of perishable products. Duan 
and Liao [8] developed an age-based policy using only 
partial age information and concluded that policies 
accounting for age distribution of stocks are superior 
to policy without age consideration. Nahmias [15] 
approximated the original problem with a heuristic 
that took into account detailed age information about 
newer inventory and aggregated information about 
older inventory. His experiment used FIFO 
withdrawal with no lot sizing and no week pattern. 
Tekin et al. [17] introduced a (Q,r,T)-policy, in which 
a replenishment order of size Q is placed either when 
the inventory drops to r, or when T units of time have 
elapsed since the last instance at which the inventory 
level hit Q, whichever occurs first, assuming FIFO 
withdrawal and no demand week pattern. Haijema et 
al. [10] reported that the supplier instead of the 
customer controls the withdrawal of the inventory and 
no lot-sizing restrictions apply. For products with a 
visible expiration date at a grocery retailer, the 
customers prefer Last in First out (LIFO) withdrawal 
[1]. Cohen & Prastacos [5] dealt with the effect of 
FIFO versus LIFO withdrawal policies on both the 
system performance and ordering decisions by using 
the critical number policies but the critical numbers 
turned out to be insensitive to the type of withdrawal 
policy. For perishable products with fixed batch sizes, 
Ferguson & Ketzenberg [9] developed a heuristic, 
which is based on the full age distribution with both 
lead-time and the review period as one day and 
without demand week pattern. Ketzenberg [12] 
proposed dense retail stores, which rely on demand 
substitution and only marginal handling cost. 
According to Van Zelst et al [18], handling costs are a 
considerable part of the logistics costs for 
non-perishables. Cachon [3] optimized the shelf space 
allocation by making a trade-off between the shelf 
space cost, the inventory holding costs and the 
transportation costs. Since he assumed the handling 
cost to be linear with demand, he was able to omit 
handling costs. According to Van Zelst et al. [18], 
handling costs are a considerable part of the logistics 
costs for non-perishables. The additional activities 
needed to maintain perishables in a store, such as 
outdating, increase these costs further. Kotzab & 
Teller [13] carried out an empirical study of grocery 
retail in-store logistics for dairy products with two 
storage locations in the store, the shelf and the 
Backroom, and the resulting additional handling 
needed to replenish the shelves. Hayya et al. [11] 
stated that some inventory problems, “such as the 
interaction with marketing, as in the allocation of shelf 
space in supermarkets, remains a murky area.”  
Curhan et al. [6] presented that space elasticity (the 

ratio of relative changes in unit sales to relative change 
in shelf space) is a function of several product-specific 
variables, including physical properties, 
merchandizing characteristics, and use characteristics. 
Using nearly 500 grocery products, he developed a 
regression model to test the impact of shelf space 
changes on unit sales. Although he was unable to 
explain observed variations in space elasticity, his 
model showed a positive relationship between shelf 
space and unit sales. 
 
III. OBJECTIVES 
 
 To construct simulation models which imitate the 
flow of perishable goods and measure the long term 
average cost and profit for each replenishment 
policies. 
 To analyze the consequences or results of FIFO and 
LIFO customer withdrawal behavior  
 To find and analyze the differences between the 
scenarios with constant demand and stochastic 
demand during a week 
 To find significant factors that would contribute to 
the profit maximization during the inventory 
management of perishables. 
 To find which policies perform best under each 
interested scenario including with and without 
Backroom in-store replenishment. 
 
IV. CHARACTERISTICS OF THE MODEL 
 
We constructed discrete event simulation models of 
the retail process of perishable products at a single 
store in order to compare different replenishment 
policies using ARENA. In the model, we used the 
following assumptions: 
 We considered a single perishable product at a 
single store with a fixed remaining shelf life of 14 
days.  
 The batch-size of the product from the supplier is 
set to be a multiple of 12 units per batch. 
 Customer demand is probabilistic with time varying 
demand pattern for the days in the week. The weekly 
demand has mean   and variance   and f  as the 
fraction of the weekly demand for each day d of the 
week. We used Gamma distribution to model the 
demand for each weekday with mean   and 
variance 	 . The mean   and Variance    were 
calculated in accordance with the data of the weekly 
mean  and variance  . 
Mean ( )	= f . 
Variance ( ) = 	 f .  
 
 Here f  is the week pattern taken from [2] where: 
f = {0.12,0.13,0.13,0.16,0.18,0.18,0.10}; 
Each value of f  stated above is the probability of 
demand for each day of the week respectively. 
 The inventory is controlled with a periodic review 
period of 7 days. 
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 All the perishables have their maximum useful 
lifetimes. As a result, the products are outdated when it 
get past its useful lifetime (shelf life). 
 Replenishment orders arrive with a fixed lead time 
of 1 day. 
 We assume that the supplier has ample stock. 
 For EWA policy, the store clerks will remove the 
items with 1 day remaining shelf life at the end of the 
day. 
 The Backroom also has ample capacity for In-store 
replenishment policies but the shelf space has limited 
capacity. 
 The lead time for the in-store replenishments from 
the Backroom to the shelf is assumed to be negligible.  
 The withdrawals from the back room are always 
FIFO for in-store replenishment policies. 
 
 The store clerks will check the shelf inventory by 
the end of every day, and replenish the items from the 
Backroom to the shelf every time the number of units 
in shelf falls below a certain margin, depending on the 
type of in-store replenishment policies. 
 The relevant handling costs only depend on the 
number of trips between the Backroom and the shelf 
for in-store replenishment policies. 
 
V. FIRST EXPERIMENT: BASE POLICY VS 
EWA POLICY  
 
In the first experiment, we considered two basic 
policies namely, Base policy and EWA (Estimated 
Warehouse Arrival) policy. Under the Base policy the 
replenishment order is placed periodically after every 
reorder-cycle. The second policy is called the EWA 
policy introduced by Broekmeulen & Van Donselaar 
[2]. This policy works similar to the Base policy 
except that the inventory position is corrected for the 
estimated amount of outdating. Broekmeulen & Van 
Donselaar [2] stated that the estimated amount of 
outdating is the only difference between the EWA 
policy and Base policy. Simple flow charts explaining 
the operating mechanisms of the Base policy and 
EWA policy can be found in Fig 1 and Fig 2 
respectively. 
 

 
Fig 1. Base Policy 

 

 
Fig 2. Estimated Warehouse Arrival Policy (EWA) 

 
In each policy, there are two types of customer’s 
withdrawal behavior of the product from the retailer 
shop, namely FIFO and LIFO. Due to the different 
withdrawal behaviors, there might be some variations 
in the number of outdating items. In our study, we try 
to find the difference between LIFO and FIFO 
withdrawal behavior based on the above two 
replenishment policies in terms of the extent to which 
they reduce the inventory cost. The order placed to the 
supplier is the difference between the Target Stock 
Level (TSL) and the Stock On Hand (SOH) of the 
retailer. In the experimental combination, there are 
two policies namely Base policy and EWA policy and 
for each policy there are two types of demands; 1) 
same demand for all 7 days of the week and, 2) the one 
with probabilistic demand for each day of the week 
which was achieved using Gamma distribution. 
Furthermore, for each type of the demands and 
policies we experimented with the two customer 
withdrawal behaviors (FIFO or LIFO). The structure 
of cost combinations is given in Table I. 
 

Table I. Cost combination structure 

 
 
VI. SECOND EXPERIMENT: IN-STORE 
REPLENISHMENT POLICIES 
 
 In an in-store replenishment policy, for replenishing 
the shelves we have to add storage called the 
Backroom. Since EWA policy shows to perform better 
than the Base policy, we developed the in-store 
replenishment policies using EWA policy. 
The non-perishables at grocery retailers can only be 
put directly on the shelf, avoiding the Backroom when 
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the shelf has ample capacity. In this paper, the shelf 
space capacity is treated as a decision variable. When 
the shelf space is less than the delivery amount from 
the suppliers, the delivery will not be fit on the shelf 
and hence, has to be stored in the Backroom. 
 
A. Direct to Shelf 
 
This ‘Direct to Shelf’ policy applied to products with 
insufficient shelf space has a potential disadvantage 
for perishables, since it does not respect FIFO rotation. 
A fresh delivery occupies space on the shelf while the 
Backroom could still contain remnants from a 
previous delivery. With the ‘Direct to Shelf’ policy, 
we also have the possibility of multiple batches on the 
shelf and the number of batches is limited by the 
available shelf capacity in units. Since, deliveries are 
always direct to the shelf first, they do not incur 
handling costs. 
 
B. Full Shelf-Replenishing when Stock-On-Hand 
equals 0 
 
In this policy, all products are first delivered to the 
Backroom. We only replenish the shelf if the 
inventory on the shelf drops to zero, based on the 
assumption of zero lead-time to the shelf. The size of 
the in-store replenishment is limited by the shelf 
capacity or the available inventory in the Backroom. 
In the case of a large shelf capacity, the shelf can 
contain multiple batches with each a different 
remaining shelf life. 
 
C. Full Shelf-Replenishing when Stock-On-Hand < 
Target-Stock-Level 
 
For this policy, all products are first delivered to the 
Backroom as in the previous Full Shelf policy but we 
only replenish the shelf when the inventory on the 
shelf drops below the TSL of the shelf in this policy. 
The shelf can contain multiple batches with each batch 
having the same remaining shelf life. This policy is 
intended to make the maximum usage of the shelf 
space.  
 
D. Single Batch 
 
The ‘Single Batch’ policy limits the number of batches 
on the shelf to one. As in the ‘Full Shelf’ policy, all 
products are first delivered to the Backroom. This will 
result in more trips from the Backroom to the Shelf, 
but has the advantage that the customer has no choice 
during withdrawal. Therefore, the “Single Batch’ 
policy enforces FIFO withdrawal at the expense of an 
additional handling cost. 
 
VII. SIMULATION EXPERIMENTS 
 
A. Objective Function 
The objective function of our model is to maximize the 

profit. Table II summarizes the used notations. 
Table II. Summary of used notations 

 
 

The cost incurred during period t is given by the 
following: 
Total Costs = Purchasing Cost + Outdating Cost + 
Lost Sales Cost + Loss of goodwill cost + Holding 
Cost 
C = C . Q + C . Z + C . K + C . H + C . Q  (1) 
Revenue = Units Sold * Selling Price of the product 
R = Q + Q . SP             (2) 
Profit = Revenue – Total Costs 
Pro it = Q + Q . SP − C           (3) 
We did a full factorial experiment in which we tested 
several levels for each of the input parameters. The 
experimental setup is given in Table III.  
 

Table III. Input parameter for the simulation experiment 

 
 

Outdating cost parameters in the model are normalized 
on the purchasing cost, whereas the holding cost is 
based on the selling price of the product and, loss sales 
cost and loss of good will costs are based on the 
expected profit that was obtained from the preliminary 
results of running the model. The relative outdating 
costs are varied between -0.5 and 0.5. Here, the 
negative parameter reflects the situation in which the 
outdated products still generate some positive revenue 
(salvage value). We assumed the holding cost to be 
around 40% of the selling price. In our experiment, we 
use the lost sales costs and loss of goodwill cost, which 
is varied from the expected profit of 140฿, which was 
obtained from preliminary results to the upper bound 
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of the selling price of 200฿ and a lower bound of 80฿. 
The relative handling costs are set to be 5% of the 
purchasing cost per trip. 
 
B. Decision Variable  
 The decision variable of our simulation model is the 
Target Stock Level (TSL), which is the maximum 
level of stock in the shop. We set the lower bound of 
the variable as 0 and the upper bound as 1,000 units in 
order to make sure that the range covers the optimal 
value. For all the scenarios we used OptQuest tool to 
find the optimal TSL, which maximizes the profit. 
 
C. Experimental Condition 
Ten replications were simulated with 168,000 minutes 
(1 year) per replication after an initial warm-up period 
of 84,000 minutes (6 months). Based on 10 
replications, a 95% confidence interval of the flow 
time has a width less than 5% of the mean. The 
warm-up period proved to be sufficient to generate 
stable estimates of the steady state results.  
 
VIII. RESULTS 
 
A. Experiment I 
A statistical test was carried out on the data obtained 
from Arena to find the significant factors using the 
ANOVA in Minitab. After statistical analysis of the 
data using ANOVA, it was found that all factors 
except the lost sales cost were all significant under 
95% confidence level. The ANOVA results of the 
significant factors are shown in Table IV. 
 

Table IV. Statistical analysis of the factors using ANOVA 
(P-value of the interaction among selected factors) 

 
 

The performance on the average profit of the EWA 
policy compared to the average profit of the Base 
policy is measured by the following equation: 

Performance = 100 ∗ 	
P(EWA)− P(Base)

P(Base)  

P (EWA) = Average profit generated by EWA policy 
P (Base) = Average profit generated by Base policy 
We also used Pair-t test to find the significant 
difference of profits between EWA and the Base 
policy. In Table V, we can see substantially larger 
benefits from the EWA policy under FIFO withdrawal 

in comparison to the LIFO withdrawal. Although the 
Base policy did perform better in some of the cases 
with LIFO withdrawal (noted by negative percentage 
values) but the difference was found to be not 
significant enough with P-value below 0.05. 
It was also found that both EWA policy and Base 
Policy would perform better when the demand is 
constant throughout the week than with probabilistic 
demand. However the difference is higher when the 
demand is probabilistic, which shows that EWA 
policy should be applied when the demand has more 
fluctuation, which normally is in the real case. 
 

Table V. Average increment of profit by EWA policy in 
comparison to Base policy under FIFO and LIFO withdrawal 

 
 

When the shop operates with LIFO, as the customers 
prefer to select the product with the later expiry date, 
EWA does make much difference to the Base policy. 
However, if the shop can control and let the customer 
selects the product according to FIFO, implementing 
EWA results in much better performance than the 
Base policy. With LIFO withdrawal, more units 
outdates in the shelf resulting in high outdating cost. 
With EWA, the outdated units are removed from the 
shelf by the store worker by the end of each day, which 
will lead to an increase in loss sales cost. Whereas, 
with FIFO withdrawal, less units outdates in the shelf 
as the customer will buy the old units first, which 
results in lesser lost sales and loss of goodwill cost in 
comparison to LIFO withdrawal. 
 
B. Experiment II 
We performed Tukey multiple range test to analyze 
the performance of the in-store replenishment policies 
as well as EWA. The results of Tukey multiple range 
test can be shown in Table VI. 
‘Direct to Shelf’ policy performs the best compared to 
the other In-store replenishment policies. Since, it 
replenishes the units directly to the shelf; it provides 
fresher products whereby, minimizing the loss of 
goodwill cost. Moreover, the shelf space is utilized 
better by replenishing the units from the Backroom to 
the shelf whenever the store clerk finds out that the 
number of units on the shelf is less than the TSL of the 
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shelf. This avoids the case of facing lost sales cost 
which is quite expensive.   
In ‘FS2’ policy, the shelf space is utilized better other 
policies and multiple batches are allowed on the shelf. 
Whereas a larger fraction of store inventory is located 
in the Backroom in ‘Single Batch’ and ‘FS1’ policies 
compared to ‘FS2’ and ‘Direct to Shelf’ policies. 
Therefore ‘Single Batch’ and ‘FS1’ policies has a 
higher outdating in the Backroom, compared to ‘FS2’ 
and ‘Direct to Shelf’ policies. This leads to high 
outdating cost, lost sales cost and loss of goodwill 
cost. The effect of having the newest batches of items 
in the Backroom on being able to provide fresher 
products to the customers is relatively small in ‘Single 
Batch’ policy.  
 

Table VI. Performance ranking from the best to worst of 
in-store replenishment policies in comparison to EWA by 

Tukey multiple range test 

 
 

DS = Direct to Shelf, SB = Single Batch, FS1 = Full 
Shelf; Replenish when SOH equals zero, FS2 = Full 
Shelf; Replenish when SOH<TSL 
 
According to our experiment, ‘Direct to Shelf’ policy 
is the only one out of the four in-store replenishment 
policies, which manages to outperform the EWA 
policy in all scenarios except with the case of constant 
demand. ‘FS2’ policy outperforms the EWA policy 
only when the demand is constant but in the other 
cases it could not catch up with the performance of the 
EWA policy. The average profit among tested policies 
in the second experiment can be viewed in Fig. 3. 
 

 
Fig. 3 Profit generated from in-store replenishment policies in 

comparison to EWA 
 

IX. FUTURE RESEARCH 
 

In future research, we can experiment the in-store 
replenishment policies with different levels of batch 
sizes to find the levels of batch size with which 
different  replenishment policies can have some 
advantage. This would enable us to use the 
replenishment policies according to the batch size 
provided by the supplier. The concept of allowing 
discount to the different replenishment policies can 
also be applied. For perishable products, regular 
inspection by trained store clerks is need to sort the 
products on display and to remove products that are 
below certain quality level to be sold at discounted 
price, and remove the ones that are outdated. By 
including the discount factor, we will be able to find 
which level of discount will allow the retailer to 
perform better by enabling the retailer to avoid the loss 
of good will cost. The size of the Backroom in the case 
of in-store replenishment policies can be limited as 
well to make the model more realistic and applicable.  
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