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ABSTRACT
There is a growing attention in the world on supply chain management as a new
source of potential profits. Traditionally high-profit industries like manufacturing and
retailing are squeezed to the bone. Thus, supply chain management, focusing on
reducing costs on integrated logistics systems, attracted increasing research funding.
Warehouse management is an essential part of the supply chain, in which inventory
control and operations management are often discussed. Inventory control is an
obvious way to find a balance between the conflicting inventory holding cost and
backorder cost. Considering the whole year’s demand as a fixed parameter the lower
inventory level inevitably leads to higher turn-over rate, which means, more operations.
Warehouse operations cost is rarely discussed because of its miscellaneous nature.
This thesis tries to combine these two aspects by adding energy consumption to the
supply chain simulation model and comparing the supply chain system under different
inventory management policies.
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Chapter 1
INTRODUCTION
1.1

Problem statement and background
As industrial engineering technology develops, people in all industries are trying

to squeeze money as much as possible. Manufacturing is the bellwether. The adoption
and proliferation of digital computers and digital records significantly improve the
productivity and thus lower production costs. Likewise, consistent improvement
happens in the service industries. Designers, suppliers and production engineers
benefit from Internet accessibility and collaboration over crowdsourcing platforms.
These circumstances have led to a revolution in the logistics industry as well.
The logistics industry is a traditional industry, but received scant attention before
the rise of online business. Nationally, US businesses spent approximately $1.39 trillion
dollars on logistics in 2013, which is 8.3 percent of US gross domestic product (GDP)
and an increase of 2.3 percent over the previous year. Between January and May 2014,
the transportation industry saw a 13 percent increase in freight (Hanna, 2014). The
growth of the logistics industry is following the trend of business growth.
As enterprises grow, they do not restrict themselves to one industry. Big
companies try to gain more profit by expanding their supply chain functions. .
Manufacturing companies, like Apple, own their own retailer stores and logistics
systems to satisfy the hungry marketplace and successfully process the long lines of
people waiting outside the Apple stores. Service industry companies, like Walmart, sell
their own brands with competitive pricing. These are examples of enterprises expanding
1

both downstream and upstream. When a company owns more than one stage of its
supply chain, the problem becomes complex as conflicting requirements arise.
To minimize operating costs, mathematical techniques and computer software
are used in complex models of logistics systems. This is supply chain optimization, a
sub-branch of supply chain management. The minimizing of costs objective can be
achieved by the optimal placement of inventory within the supply chain and careful
consideration of manufacturing costs, transportation costs, and distribution costs.
(Ravindran, 2012).
Optimal inventory placement often results from application of suitable inventory
refill policies. Inventory refill policies involve decisions such as when and how much to
order, setting safety stock levels, and determining what service level can be met. Before
the mathematic model of EOQ (Economic Order Quantity) was introduced by R. H.
Wilson in 1913, these decisions were based on experience. Based on the EOQ model,
several other policies were developed to improve performance and save money.
The primary objective of this thesis is to study inventory refill policies of a
regional beer supply chain. In this model, a two-stage supply chain containing one
warehouse and 20 retailers were considered. We take into account different refill
policies of retailers and the warehouse and analyze the cost outputs. Here warehouse
and retailers are different stages with different functions. The retailers directly deal with
customers and their performance directly affects the reputation and sales of brands,
while the warehouse is facing more aggregated demands and would baer less risk if
stock-out occurs. An experiment was conducted to test on the supply chain costs under
16 sets of policy combinations. For each combination, the inventory holding cost,
2

backorder cost, and utilization of the warehouse devices were compared. Then a
MCDM (Multiple Criteria Decision Making) methodology was applied to find the
optimal combination.

1.2

Research motivation
This thesis is based on the Beer Game. The Beer Game, created by a group of

professors at MIT Sloan School of Management in the early 1960s, is a classic supply
chain management model.
In this game a four-echelon supply chain is played by four people and each stage
deals with inventory decisions. Retailer, distributer, wholesaler, manufacturer each
serves as a simplified echelon of a supply chain. From retailer to upstream, the supply
chain is driven by end customer demand. A slight fluctuation of demand will cause
exaggerated changes of inventory level through the whole supply chain. The
phenomenon that a fluctuation of end customer demand will be exaggerated along the
supply chain, is called Bullwhip Effect. Several solutions are developed to mitigate the
Bullwhip Effect. Application of inventory refill policies is one of them.
The primarily concern of this thesis is to stretch out the Beer Game into a more
realistic situation where the demand, and lead-time are random variables and to place
sets of inventory refill policies into this situation to see if it could work efficiently to avoid
Bullwhip Effect. As we are building the model, more and more factors come into
consideration and we try to merge them together in a MCDM (Multiple Criteria Decision
Making) way.

3

In the data analysis the warehouse and the retailers can be treat as two types of
companies, one dealing with fluctuating demands and directly interacting with
customers; the other working with aggregated demand - thus, fluctuating less and less
intensely related to the sales target. We treat them separately and hope that some
rough conclusions drawn from the data analysis can be related to those companies.

1.3

Types of inventory refill policies

1.1.1 Economic Order Quantity (EOQ)
Economic order quantity (EOQ) developed by Ford W. Harris in 1913 is the order
quantity that minimizes total inventory holding costs and ordering costs. It is one of the
oldest classical production scheduling models. Simple, yet it is, successful in many
cases.
The method is clearly described in Dr. Ravindran’s book. (Ravindran, 2012)
The model is based on the simplest situation where the lead-time is zero, so
there is no necessity to keep safety stock. Minimizing the total cost results from the cost
of inventory holding and the cost of placing an order. The maximum inventory level is Q,
the order quantity. Given enough observations on inventory at truly random intervals,
the average of inventory would be necessarily 𝑄/2, which is also known as the cycle
stock. The total cost of the constant-demand EOQ model as
𝑇𝐴𝐶 (𝑄 ) = 𝑎 ∙

𝐷
𝑄
+ℎ∙
𝑄
2

Q- Economic order quantity
4

a- $/order, Ordering cost, including cost of shipment and order processing
h- Inventory holding cost
D- Annual demand
To find the optimal value of 𝑄, take the derivative of this expression and set it as
zero, and solve for Q,
𝑑𝑇𝐴𝐶(𝑄)
𝑎𝐷 ℎ
=− 2+ =0
𝑑𝑄
𝑄
2
Which solve for

∗
𝑄𝐸𝑂𝑄
=√

2𝑎𝐷
ℎ

Since the demand is constant, the reorder point is 𝑅 = 0, the time interval is also
constant,

∗
𝑇𝐸𝑂𝑄
=√

2𝑎
ℎ𝐷

∗
∗
Under this policy, the company reorders every 𝑇𝐸𝑂𝑄
interval and orders 𝑄𝐸𝑂𝑄

quantity of goods. The most benefit of EOQ comes from maintaining a as low as
possible. Inventory level for the company, as well as order stably from upstream thus
would help reduce the Bullwhip from fluctuation of the demands. The disadvantage, as
clear as the advantage of EOQ, is that because the inventory level is so low it bears
more risk of stock-out.

5

1.1.2 (𝑸, 𝑹) Model
The QR model goes one step farther than the EOQ model in that the lead-time is
not considered as zero. Thus, an amount of safety stock should be set aside in case of
stock-out while waiting for shipment. The lead-time and even demand can be random
variables.
The QR model is a continuous review model, which indicates the inventory level
should be monitored consistently, once it reaches the reorder point, R, an order with
quantity of Q is placed.
By setting the lead-time demand as 𝐿𝑇𝐷, which is a random variable, there are
three different conditions:
𝐿𝑇𝐷 > 𝑅, Shortage in inventory
𝐿𝑇𝐷 > 𝑅, Excess in inventory
𝐿𝑇𝐷 = 𝑅, Ideal case that no shortage or excess in inventory
However, due to uncertainty in demand and lead-time, it is impossible to
determine the comparison relationship between 𝐿𝑇𝐷 and the reorder point, 𝑅. In order
to determine 𝑅, we need to know the probability distribution of demand (𝐸(𝑑), 𝑉𝑎𝑟(𝑑 ))
and lead-time (𝐸(𝐿), 𝑉𝑎𝑟(𝐿)). Based on central limit theorem, the distribution of 𝐿𝑇𝐷 can
2
be approximated by normal distribution (𝜇𝐿𝑇𝐷 , 𝜎𝐿𝑇𝐷
), which is shown as follows,

𝜇𝐿𝑇𝐷 = 𝐸 (𝑑 ) ∙ 𝐸 (𝐿)
2
𝑉(𝐿𝑇𝐷 ) = 𝜎𝐿𝑇𝐷
= 𝐸(𝐿) ∙ 𝑉𝑎𝑟(𝑑 ) + [𝐸(𝑑 )]2 ∙ 𝑉𝑎𝑟(𝐿)
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Knowing the distribution of lead-time demand, we could specify service level 𝑆𝐿
as the criteria. Then the service level constraint is,
𝑃𝑟𝑜𝑏(𝐿𝑇𝐷 ≤ 𝑅) = 𝑃𝑟𝑜𝑏 (𝐿𝑇𝐷 ≤ 𝜇𝐿𝑇𝐷 + 𝑆𝑆) = 𝑆𝐿
Therefore, the definition of reorder point 𝑅 in the (𝑄, 𝑅) Model is the sum of mean
value lead-time demand and safety stock,
𝑆𝑆 = 𝑘𝑆𝐿 𝜎𝐿𝑇𝐷
where 𝑘𝑆𝐿 is the coefficient refer to each service level parameter 𝑆𝐿. The purpose
of the introduction of safety stock is to protect against stock-outs caused by the
uncertainty of both demand and lead-time. In addition to service level, we can also use
fill rate as the criteria.
The total cost can be expanded to
𝑇𝐴𝐶 (𝑄, 𝑅) = 𝑎 ∙

1.1.3

𝐷
𝑄
+ ℎ ∙ ( + 𝑅 − 𝜇𝐿𝑇𝐷 )
𝑄
2

(𝑻, 𝑺) Model
One downside of a continuous review policy like QR is that the inventory level

needs to be monitored consistently. In industry, a one day inventory review is
maintained under QR policy. In contrast to QR, TS policy offers the inventory manager
less review work by reviewing the inventory every T time interval. S denotes the
inventory level after refilling. 𝑋 is defined as the inventory position at time of review.

7

In this policy, 𝑋 is checked at a fixed interval 𝑇, and every time the inventory is
reviewed, an order is placed to bring the inventory to level 𝑆 . Therefore the order
quantity in each time is,
𝑄 = 𝑆−𝑋
This equation is applied under the assumption that the lead-time is less than the
review period, 𝑇. When the lead-time is longer than 𝑇, the order quantity is,
𝑄 = 𝑆 − 𝑋 − 𝑎𝑛𝑦 𝑜𝑢𝑡𝑠𝑎𝑛𝑡𝑖𝑛𝑔 𝑜𝑟𝑑𝑒𝑟𝑠 𝑖𝑛 𝑡𝑟𝑎𝑛𝑠𝑖𝑡
Considering the above two equations, the inventory position 𝑋 at the time of
review can be redefined as on hand inventory plus outstanding orders in transit.
Therefore the two equations can both be written as the previous one, and 𝑋 will never
exceed 𝑆. However, the order quantity 𝑄 might exceed 𝑆 if a shortage needs be fulfilled.
In the (𝑇, 𝑆) Model, the optimal review period 𝑇 can be obtained from an
estimation using the basic EOQ model. To measure the highest inventory level, 𝑆, the
service level or fill rate or other standards should be introduced as criteria. Here we set
service level as the criteria to simplify the model. Since the inventory will be
supplemented every 𝑇 time, 𝑆 should be determined such that it covers the demand
during a period time 𝑇 and a cycle of lead-time 𝐿 under the constraint of service level,
𝑃𝑟𝑜𝑏(𝑆𝑇+𝐿 ≤ 𝑆) = 𝑆𝐿
Similarly, with the measurement of the distribution of lead-time demand, when 𝑇
is constant, the distribution of 𝑆𝑇+𝐿 follows normal distribution (𝜇𝑆 , 𝜎𝑆2 )
𝜇𝑆 = (𝑇 + 𝐿) ∙ 𝐸(𝑑)
8

𝜎𝑆2 = (𝑇 + 𝐿) ∙ 𝑉𝑎𝑟(𝑑)
Given certain service levels as criteria, 𝑆 can be written as,
𝑆 = (𝑇 + 𝐿) ∙ 𝐸 (𝑑 ) + 𝑆𝑆
The safety stock is,
𝑆𝑆 = 𝑘𝑆𝐿 ∙ 𝜎𝑆2
Hence the parameters in the (𝑇, 𝑆) Model are determinable respectively. The
variable order quantity, 𝑄 will be determined by the inventory level 𝑆 and the instant
inventory position at the review point.
1.1.4

(𝒔, 𝑺) Model
Within periodic-review policy, there is also an (𝑠, 𝑆) model most directly parallel

to the continuous-review (𝑄, 𝑅) model (Ravindran, 2013). The (𝑠, 𝑆) model is also called
an (s, S, T) system to indicate that it is a reorder point (s)-order-up-to (S) system under
periodic review, with period length T. Every T time units, review the inventory position, 𝑥
(i.e., on-hand plus on-order), the reorder point 𝑠 is set as the threshold to measure
whether the firm should place an order at this review point. If 𝑥 < 𝑠, order a sufficient
amount to bring the inventory level back to the order-up-to level, S; i.e., order 𝑄 = 𝑆 − 𝑥.
In this case, the reorder point 𝑠 should cover the demand during the next review period
and the lead-time, which is actually the same with the inventory level 𝑆 in (𝑇, 𝑆) Model.

9

Figure 1: Sample inventory profile of sS policy

(Ravindran, 2012)
To determine the value of s we must specify the demand over the lead time plus
the review period, as in Figure 3.8, or what we call DLTR. Since in this case, we
assume DLTR follows a normal distribution, we can compute the periodic-review
reorder point as
𝑠 = 𝜇𝐷𝐿𝑇𝑅 + 𝑧𝐶𝑆𝐿 𝜎𝐷𝐿𝑇𝑅
In practice, however, specifying the DLTR distribution may be a bit tricky in the
case of holding both variables lead-time and demand. To simplify this case, we treat the
lead-time as constant, the review period T is a specified constant. Thus, we can assume
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the DLTR is simply comprised of the sum of T+L independent and identically distributed
demand random variables. In this case, we have
𝜇𝐷𝐿𝑇𝑅 = (𝐿 + 𝑇)𝜇𝐷
and
𝜎𝐷𝐿𝑇𝑅 = 𝜎𝐷 √𝐿 + 𝑇
Note that in sS policy and TS policy, part of the randomization was abandoned
for the purpose of easy application in business. In this thesis we are not going through
the influence of roughly treating variables as constant. Based on past experience, it may
not inevitably lead to an adverse result. Take EOQ model as example, simple and crude
but efficient and effective.

When determining the value of 𝑆, it is assumed that the inventory position 𝑋
should, at each review point, be around 𝑠. Thus each order quantity 𝑄 = 𝑆 − 𝑥 should
be around EOQ (Ravindran, 2013). The up bound of inventory level 𝑆 can be
represented as,

𝑆 = 𝑠 + 𝐸𝑂𝑄 = √

2𝑎𝐷
ℎ

Comparing the (𝑇, 𝑆) Model with (𝑠, 𝑆) Model, it is obvious that (𝑠, 𝑆) Model has a
much higher average inventory level.

11

1.4

Energy consumption of forklifts
The energy consumption of forklifts is studied to define the warehouse energy

consumption. A VDI test is used in technique handouts of forklifts.
VDI is the abbreviation for Verband Deutscher Ingenieure, the accepted standard
for comparing fuel consumption for different forklift trucks.
The VDI standard test follows specific processes, a completion of these
processes called a VDI cycle. The VDI cycle including several steps (Mitsubishi Forklift
Briefing International, 2015)
1) The truck being tested drives forward to position A
2) Lifts its rated load to a height of 2 meters
3) Reverses out and travels to position B, which is 30 meters away
4) Lifts its load again to 2 meters at position B
5) Reverses to its start position.

12

Figure 2: The VDI cycle of a forklift
(Mitsubishi Forklift Briefing International, 2015)
The VDI cycle is a quite intensive cycle, and obviously more intensive than most
real-world situations. However, this standard measurement provides us with a
reasonable estimation of real-world fuel consumption cost.
The estimation of fuel cost for a VDI 2198 rated forklift can be conducted by
several steps (Mitsubishi Forklift Briefing International, 2015):
1. Take the Fuel Consumption figure from a forklift’s specification sheet
2. Multiply this by the fuel cost per liter of diesel or per kg for LPG (Liquefied
Petroleum Gas)
3. Estimate how many hours per day the truck will be used (Utilization)
(e.g. 60% of an 8 hour shift = 4.8hrs)
4. Multiply by number of shifts per year (e.g. 260)
5. Multiply by number of years in contract (e.g. 5)
13

So we can calculate the annual cost of fuel 𝐶𝑓 of single forklift by multiplying the
VDI 2198 index from its type sheet 𝑉𝐷𝐼2198 , the price of fuel 𝑃𝑓 , the utilization of the
device, the lasting hours of an shift, 8, and the number of shifts per year.
𝐶𝑓 = 𝑉𝐷𝐼2198 𝑃𝑓 𝜌 × 8 × 260
Thus for a certain type of forklift, the energy consumption of it is of linear
relationship with its utilization.
According to the specification of forklift Clark CPS 16 ac, the energy consumption
according to VDI cycle is 1.25 kW/h (Clarkmheu, 2015). So we can calculate the energy
consumed by one forklift with given device utilization.
In fuel price, as the price offered by West Penn Power to residence, is 0.022690
dollars/kW/h.
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Chapter 2
LITERATURE REVIEW
2.1

Background
Due to the complexity of logistics systems, simulation and multiple criteria

decision making methods are often applied to optimize supply chains. Shin built a
simulation model of 4-echelon supply chain to study the bullwhip effect in cash-flow.
(Shin, 2013) The model is built on the base of beer game and for each echelon, the
coefficient of variance of payment was measured and compared as the measurement of
the bullwhip effect in supply chain. The conclusion is that lead time, order size and time
can explain up to 98% of the coefficient variance of payment. The cash flow bullwhip
effect either is not affected or is marginally affected by the size of cash collection. The
model is built with Matlab and successfully functions as a supply chain.
Prabhu (2013) proposes a model to manage energy consumed in discrete
manufacturing systems. The EC1 energy control policy for machine-level is proposed
where a machine is switched to lower power consumption state if the idle time of the
machine exceeds a threshold value. The authors state that the two states of a machine,
idle and busy, are essential to model the utilization of the machine and related
information such as queueing times. The authors assume the presence of a standby
energy state which serves as an intermediary state when the machine transitions from
idle to busy condition. The authors present a simulation tool called HySPEED for the
integration of policies in a holistic fashion, and suggest improvements on the tool to
include production states such as setup and scheduled maintenance of the machines.
15

Prabhu. (2012) proposes analytical models for single server and serial production
lines considering Markovian arrivals and service times for an M/M/1 queue to manage
idle time power consumption to estimate reduction in energy waste for different
production parameters. The model is extended to a production line consisting of a
series of queues and experimentation is carried out to validate the results of the model.
Results show that the model is highly robust, and the authors direct future work to the
areas of considering general distributions of arrivals and service and implementation of
other energy control policies.

2.2

Inventory refill Policies
Six inventory refill policies in a four-echelon supply chain network were compared

by Subhash Wadhwa and his co-workers (Subhash Wadhwa, 2009). The six policies
were: demand flow, order Q, order upto, (s, Q), sS, and moving average policy. The
demand flow policy transfers the end demand directly to the upstream supplier. The
order Q policy is exactly EOQ policy. The order upto policy is reorder every day to keep
the inventory level up to a certain criterion. (s, Q) policy is the same as QR policy
mentioned in Chapter 1. The moving average policy is averaging previous demand of n
periods and using it as the reorder quantity. Research shows that among the six
policies, EOQ is the best. Notice that in this model, the demand is constant, and the
transportation lead time and ordering lead time are also constant. So we can put our
trust in this model’s application in real life, which is actually the ideal condition for the
EOQ model. Furthermore, this model just takes inventory level as the criterion of supply
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chain performance, thus no considerations were made on stock-out. This would
necessarily weaken the advantage of sS policy. But one useful conclusion by this model
is that the policy which is best for one supply chain node is generally less efficient from
a supply chain perspective.
T. Warren Liao and P. C. Chang researched the impact of forecast, inventory
policy and lead time on supply chain inventory (T. Warren Liao, 2010). In this paper two
inventory policies were compared, QR and sS, on the total inventory cost of a 3-echelon
serial supply chain system. They also compare the situations of when demand
information shared with when it is not shared. They found that the supply chain
inventory cost increases with increasing lead time and echelon level of the supply chain
when the sS policy is used, but not the QR policy. The QR policy generally incurs lower
supply chain inventory cost than the sS policy. Sharing demand information reduces
inventory cost and the reduction is higher for sS than for QR. This model compared
only the two policies since its main focus was on forecasting method, and they just took
total inventory cost as measurement, ignoring the effect of stock-out and other issues.
Chandra and Grabis studied on the bullwhip effect in the case of serially
correlated external demand in a 2-enchelon supply chain consists of one retailer and
one distributor (Chandra, 2005). They compared several forecasting methods and
focused on the most downstream supply chain unit. Two inventory policies were
compared. One was the order-up approach, where the order quantity is determined by
the last period demand and the standard deviation of the lead time demand forecasting
error. This is actually the combination of forecasting method and inventory policy. The
MRP approach uses the actual demand of last period added with the difference of
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forecasting and actual demand of the lead time. The variance of order is studied in this
paper to reduce bullwhip effect. In the same manner as T. Warren Liao and P. C.
Chang, they just focused on inventory level, regardless of backorder cost and other
issues.
A study by Zhou, Huang and Sun (2010), using Liang and Huang (2006) on
dynamic order policy in four-echelon supply chain, employs two types of agents in the
supply chain: control agents and demand forecast agents. The control agent collects
demand history data and costs to demand forecast agent and waiting for the decision of
demand forecast agent to place orders.

The order is placed based on a set of

experience rules, and these rules result in a crossover piece to be applied in the genetic
algorithm (GA). At the end, the performance of the algorithm is compared with moving
average, exponential smoothing and results of four MBA students. The paper is very
interesting since it didn’t try to use statistic method to describe demand but the
experience rules abstracted from a large data base of past demand history. This
method is very advanced since it used the concept of big data in early days but how
they generate the demand variables is not mentioned in the article. If they are using the
exactly demand history data where they use in the experience rules, the comparison is
useless, if they are using statistic model, the application of GA may be unnecessary.

2.3

Warehouse throughput estimation
Davydenko (2014) describes a 2-stage logistics model that estimates the volume

of regional warehouse throughput. The first stage estimates interregional trade flows by
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gravity model, and the second stage splits the production-consumption flow between
direct shipments and shipments that go through warehouse facilities. This model
successfully describes the supply chain of regional production to consumption, using
the gravity and logistics OD (origin-destination) matrix where the throughput of each
supply chain note is accurately estimated. This model has its roots in a huge database,
in this case, the Dutch statistics bureau, which performs annual transport surveys of
HGV (heavy goods vehicles) operators. However, this model is unavailable in the U.S.
because of the lack of basic data here.
Huang and his partners studied the throughput analysis of an automated
warehouse with pallet shuttle based on travel time. The commend cycle of a pallet
shuttle is carefully studied to drive the average commend time thus calculating the
throughput of the automated warehouse. The commend time was knocked down into
several operations where each can be either treated as a travel duration or an operation
duration. This work is very significant since it offers a simple way to estimate the
warehouse throughput without much data.
Tho and Rene research on the order batching and travel time estimation of
warehouse (Tho Le-Duc, Rene M.B.M. de Koster, 2007). In this model, travel time
estimation determined the commend time of each operation section and derived the
total traveling time. The warehouse was modeled as an M/G/1 queueing and a
simulation model built on basic settings of the warehouse, such as the number of aisles
and length and width of the pic aisle. This article is generalized and gives basic
throughput estimation based on the warehouse itself.
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Andrzej and Pawel researched the total energy consumption of a logistics
warehouse system in a physical way (Zając, 2012). They estimated the energy of
moving the pallet by dividing the total energy consumption into operations, such as
lifting, moving and traveling. For each operation, Netown’s second law of motion was
applied and the motion and potential energy was calculated as the work has been done
to the pallet. In other words, the energy the forklift consumed on the pallet. The authors’
solid physics background is the root of this method, and they are fortunate to get the
data on the transmission rate of certain types of forklift, which is not easy in all cases.

2.4

Multiple Criteria Decision Method
Santiago and Ravindran introduced a three-phase multi-criteria methodology to

the supplier selection problem (Mendoza, 2008). They initially reduced the number of
alternatives for supplier selection by simple linearization and L2 metric combination, and
used Analytical Hierarchy Process (AHP) to determine the criteria weights and ranking
of suppliers. Then they calculated the efficient allocation of orders of each potential
supplier by applying preemptive (GP) goal programming.
Velazquez, Claudio and Ravindran (2010) conducted an experiment to find the
best combination of scaling and weighting method in multiple criteria selection problem.
They found that the best combination in overall performance for both single and multiple
decision makers is L∞ Norm with Ranking (Borda count), and the worst combination is
L∞ Norm with L∞ Metric.
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Chapter 3
Simulation Model
3.1

Background
As the complexity of logistics systems grow, end customer delivery attracts more

attention. The last two stage of supply chain, warehouse and retailer, directly affect the
customer service level and thus have great impact on sales profit. To study the regional
supply chain, a simulation model is built on the distribution network of a small town.
In a very small town, there are more than 20 beer retailers within 5 miles. To
support these retailers a warehouse center is built in the center of the region in charge
of the certain brand of beer. To compete with other brands the warehouse offers a very
low shipment fee, but it supplies the retailers on a relatively long lead-time due to order
batching.
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Figure 3: Structure of a regional supply chain
We describe the information flow and material flow in the supply chain as follows.
Stage 1: The retailers obtain actual demands from customers. Retailers respond
to demands and try to fulfill all these demands. This process consumes the inventories
of retailers and causes retailers to place orders to manufacturer.
Stage 2: The orders placed by retailers generate demands to the brand
manufacturer. This process will consume the inventory of manufacturer’s brand and
therefore push manufacturer to place orders to suppliers.
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3.2

Model assumptions
To generalize the simulation model, some assumptions were made to fit the real

situation:
The people in the small town don't have a preference for a certain brand of beer
and the marketing share of each beer is stable. They don’t have special preferences to
significantly consume a brand of beer on celebrations.
Due to the order batching period, the lead-time of both retailer and warehouse is
not fixed. But the warehouse promises the retailers that the delay won’t last for more
than one day.
The warehouse’s promised response to orders at the end of each ordering cycle,
when inventory is sufficient, is that the order will be shipped immediately. When a
shortage occurs, the warehouse would ship whatever is in the warehouse and the
backorder automatically rolls to the next period.
The brand wants to keep the service level of 90%. On that basis, the warehouse
and retailer can choose the inventory policies they like.
When a stock-out occurs, the retailer would simply reject the demand and place it
on backorder. The demand will not carry over to the next day because if customer
cannot get what they want they may turn to other retailer or switch to another brand.
For the warehouse, if stock-out occurs, the demand will automatically roll to next
day, since the reorder quantity must be met, and the backorder cost will roll to next day.
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3.3

Determination of the Input data

3.3.1 Demand
We took the monthly sales data of more than 500 retailers from a beer company
in Indiana for two years. 20 retailers were randomly chosen, and no significant trend or
seasonality existed in the data. With some deflections, they fit normal distributions quite
well. The specifics of the 20 normal distributions were as followed:
Table 1: Retailer monthly demand data
Retailer

1

2

3

4

5

6

7

8

9

10

𝜇

91

184

162

260

283

92

283

189

169

271

𝜎

20

28

26

13

18

20

16

24

33

30

Retailer

11

12

13

14

15

16

17

18

19

20

𝜇

198

135

150

281

161

155

169

138

184

259

𝜎

20

39

18

29

22

24

35

20

12

14

To impose more flexibility of demand, we generated daily demand for each
retailer with normal distribution, with the constraint that demand must be nonnegative:
𝑑𝑖 = 𝑁(

𝜇𝑖 𝜎𝑖
,
) (𝑑𝑖 ≥ 0)
30 √30

To create the reorder related parameters, we estimated the monthly demand on
the warehouse by simply summing the retailer demands:
20

𝜇21 = ∑ 𝜇𝑖 = 4814
𝑖=1
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20
2
𝜎21
= ∑ 𝜎𝑖2 = 389
𝑖=1

3.3.2 Lead-time
The lead-time of warehouse and retailer are variable, following certain normal
distribution.
Table 2: Lead-time of retailer and warehouse
𝜇
𝜎

Retailer Warehouse
7
14
1
2

3.3.3 Order cost
Here we denote the setup cost of each retailer as 1 per order. The beer industry
is very competitive, so the warehouse rarely charges for reordering because they make
a profit basically on the markup. To reduce cost the warehouse ships orders when they
reach a batch. Order batching causes lead-time to be as long as one week. For the
warehouse this would cost 100 per order, mainly for shipments.
3.3.4 Inventory holding cost (IHC)
For inventory holding cost, we take approximately 20% of the price of one beer
annually. The beer price was set as 3.75, and the cost to the warehouse buying the
beer is approximately 60% of the sale price to the retailer. So the inventory holding cost
for retailer and warehouse are set:
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Table 3: Inventory holding cost
Inventory Holding Cost ( USD/month)
Retailer
0.0625
Warehouse 0.0375

Under this condition, the reorder interval for the warehouse is around 28 days,
nearly a month long period. For the retailer, the reorder interval is around 15 days, twice
per month.

3.3.5 Backorder cost
For the warehouse, if there is a backorder it will roll to the next day, and
backorder cost counts as long as it is not filled. The cost occurs since it will affect the
relationship between the warehouse and the retailer, and will indirectly affect the market
share of the brand. Thus, we set the backorder cost to be 0.05/ piece/ day.
For the retailer, if there is backorder the backorder cost will be counted once,
because if a customer couldn’t find the beer in stock, they would look for another brand
or go to another retailer. This cost can be calculated as the profit lost due to customers
leaving. The profit is approximately 0.2.
Notice that both backorder costs are higher than inventory holding costs: for the
retailer the backorder cost is about three times the inventory holding cost, and for the
warehouse, the backorder cost is about 1.5 times the inventory holding cost. This
parameter encourages retailers to stock up rather than run out of stock.
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3.4

Device Utilization
The device utilization was calculated based on the orders shipped by the

warehouse and shipments the warehouse received. Each time the warehouse ships an
order the forklifts need to pick up the order and place it on the dock. It is the same when
a shipment arrives, the forklifts need to place them on the rack.
We count one unit of goods as one operation unit, the warehouse operations are
directly linked to the shipment levels. We calculate the total shipments involved in the
supply chain system as an indicator of warehouse throughput. And based on the
throughput data, we find an indicator of energy consumption in the following way.
To estimate the energy consumption of warehouse operations we need the
relationship between energy consumption of warehouse devices and the warehouse
throughput.
To calculate the throughput of warehouse, first we need to calculate the singlecommand cycle of the warehouse operation.
Our model is developed from Bozer’s stochastic model, where:
𝑆ℎ -The speed of the forklift in the horizontal direction;
𝑆𝑣 - The speed of the forklift in the vertical direction;
𝑡𝑝𝑑 -The pickup/deposit time of the forklift;
𝐿-The length of the rack;
𝐻-The height of the rack;
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𝐷-The distance between the P/D Point and the rack;
𝐸 (𝑆𝐶 )-Normalized expected time of single-command cycle;
𝑥 -The horizontal distance from the lower left-hand corner of the rack to the
position of the target item.
𝑧 - The vertical distance from the bottom of the rack to the position of the target
item.
𝑢-Utilization of the forklift;
𝑡𝑖𝑑𝑙𝑒 - The idle time of the forklift during a commend cycle;
𝑇ℎ𝑚𝑎𝑥 -The maximum throughput of the warehouse under ideal condition;
Then the travel time of a command cycle can be calculated by:
𝑆𝐶 = 2 (

𝐷
𝑥
𝑧
+ + ) + 2𝑡𝑝𝑑
𝑆ℎ 𝑆ℎ 𝑆𝑣

Consider sweeping all the slots in a rack, we can easily derive the expected
single command cycle:

𝐸 (𝑆𝐶 ) = 2 (

𝐿
𝐷+2
𝑆ℎ

𝐻
2𝐷 + 𝐿 𝐻
+ 2 ) + 2𝑡𝑝𝑑 =
+ + 2𝑡𝑝𝑑
𝑆𝑣
𝑆ℎ
𝑆𝑣

In an ideal circumstance, the forklift is constantly in use, thus we could estimate
the hourly throughput of the warehouse:
𝑇ℎ𝑚𝑎𝑥 =

3600
𝐸 (𝑆𝐶 )
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In this circumstance, the utilization of the forklift would be 100%.
However, in general, the input orders can’t be constant all the time, so idle time is
inevitable. The actual utilization of the forklift is:

𝑢=

𝐸 (𝑆𝐶 )
𝐸 (𝑆𝐶 ) + 𝑡𝑖𝑑𝑙𝑒

The actual hourly throughput of the warehouse is:
𝑇ℎ =

3600
= 𝑢𝑇ℎ𝑚𝑎𝑥
𝐸 (𝑆𝐶 ) + 𝑡𝑖𝑑𝑙𝑒

So, the relationship of throughput and the utilization of single server queuing
model should be linear.
To verify whether the relationship holds in a probabilistic model, we test on an
M/M/1 queuing model.
Utilization ρ =

Arrival rate λ
Service Cycle
= =
Service rate 𝜇
Arrival Interval

Flexsim is used to build the simulation model of M/M/1 queue. As the equation
derived from VDI 2198 cycle test,
𝐶𝑓 = 𝑉𝐷𝐼2198 𝑃𝑓 𝜌 × 8 × 260
Here we take the specifications of Clark CPS 16 ac, the energy consumption
according VDI cycle 𝑉𝐷𝐼2198 is 1.25 kW/h. And the price of fuel, here, electricity as the
Clark CPS 16 ac is electric motor truck, according to the quote offered by West Penn
Power, 0.022690 dollar/ kW/h, the annual anal energy cost of a single forklift can be
calculated by:
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𝐶𝑓 = 1.25 × 0.022690 × 8 × 260𝜌 = 58.994𝜌
Then based on the single cycle (SC), we could calculate the throughput hourly:
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =

3600
𝑆𝐶

And the throughput was compared to the designed throughput of the warehouse
(100/ hour):
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (%) =

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡
× 100%
100

Table 4: Throughput and energy consumption
Interval
time

Service
Time

Utilization

1

36.0

36.0

0.747

0.95

37.9

36.0

0.9

40.0

0.85

𝜌

𝐶𝑓

Throughput
%

Time

SC

Throughput

44.07

5237.5

52.4

68.7

0.687

0.729

43.01

5367.2

53.7

67.1

0.671

36.0

0.710

41.89

5510.8

55.1

65.3

0.653

42.4

36.0

0.689

40.65

5661.7

56.6

63.6

0.636

0.8

45.0

36.0

0.668

39.41

5856.7

58.6

61.5

0.615

0.75

48.0

36.0

0.644

37.99

6071.1

60.7

59.3

0.593

0.7

51.4

36.0

0.622

36.69

6314.8

63.1

57.0

0.570

0.65

55.4

36.0

0.593

34.98

6602.0

66.0

54.5

0.545

0.6

60.0

36.0

0.564

33.27

6939.4

69.4

51.9

0.519

0.55

65.5

36.0

0.532

31.38

7345.3

73.5

49.0

0.490

0.5

72.0

36.0

0.499

29.44

7829.3

78.3

46.0

0.460

Note that the real utilization is different from 𝜌, partly because the probabilistic
model doesn’t run to stable state - another reason is that the service time is not an
actual poisson distribution.
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The plot of device utilization and warehouse throughput shows a clear linear
relationship:

Plot of Device Utilization VS Throughput
Achievement
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Figure 4: Plot of device utilization vs throughput achievement

Considering the multiple server condition, it is still clear that there is a linear
relationship between the warehouse throughput achievement and the average utilization
of devices.

Table 5 Throughput of multiple server queue
𝜇2

Idle 1

u

Time

SC

Th

Th%

1

ρ

18

𝜆

36

𝜇1

36

33.68%

37.56%

64.4%

3045.95

30.46

118.19

0.59

0.9

20

40

36

42.91%

34.67%

61.2%

3202.87

32.03

112.40

0.56

0.8

22.5

45

36

38.51%

46.25%

57.6%

3402.38

34.02

105.81

0.53

0.7

25.7

51.4

36

48.18%

44.55%

53.6%

3658.56

36.59

98.40

0.49

0.6

30

60

36

52.68%

49.36%

49.0%

4005.48

40.05

89.88

0.45

0.5

36

72

36

67.85%

67.96%

32.1%

6109.45

61.09

58.93

0.29

Idle 2
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Plot of Average Devices Utilization VS
Throughput Achievement
0.65
0.6
0.55
0.5
0.45
0.4
0.35

0.3
0.25
0.2
30.0%

35.0%

40.0%

45.0%

50.0%

55.0%

60.0%

65.0%

70.0%

Figure 5: Plot of Average Devices Utilization VS Throughput Achievement
From Anand’s thesis we could find the relationship between the utilization and
forklift energy:

Figure 6: Utilization and energy of forklift (Anand, 2014)
It is observed that variation of energy is almost linear in both cases.
According to the relationships between the utilization and the warehouse
throughput, the relationship between the cost of fuel and the warehouse throughput
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should also be linear. As we mentioned in Chapter 1.4, the energy consumption of a
certain type of forklift is linear to its utilization. So we can compare the energy
consumption as the devices utilization of the warehouse.

3.5

Simulation chart flow
In real life, the lead-time is the cycle from placing an order to receiving a

shipment. This cycle could be divided into five processes:
1. Place an order: The retailer place an order to warehouse.
2. Update on-order: The on-order of the retailer is updated as the order quantity
3. Receive an order: The warehouse receives an order, receive the order quantity.
4. Order process: Decide the ship quantity and ship time, if backorder occurs, roll to
the next day.
5. Update on-order: As the order process end, the on-order need update to ship
quantity.
6. Shipment: The inventory of the retailer changes.
In a simulation model, where no order processing time is considered in the model,
the receive an order and order process are accomplished at the same time, at the end
of the day when the retailer places the order. So the inventory of the warehouse
changed before the shipment. This is meant to protect the warehouse from sending the
same batch of goods twice.
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Real-life Timeline
Place an order

Update on-order

Receive an
order

Order process

Update on-order

Shipment

Lead-time

Simulation Timeline

Figure 7: Figure 6 Flow chart of reorder timeline
The order process of warehouse needs to compare to the current inventory level.
With the demand, if the warehouse has enough inventory, the order request of the
retailer will be fulfilled and the shipment quantity and shimentp time are decided at the
end of order process cycle. Otherwise, if the warehouse can’t send that quantity to the
retailer, the warehouse will ship the whole inventory, record the rest of the order as
backorder and roll it into the next day. Once the inventory of the warehouse is refilled,
the backorder will be processed.
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Order Process

Order

Yes, enough
inventory
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ship?

Reorder?
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inventory

Ship time
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order
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inventory
Order
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backorder

Back order roll to
the next day

Update
inventory

Figure 8: Flow chart of retailer placing an order to warehouse
The reorder process, as mentioned in Chapter 1 as four different policies, was
considered in this case.
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Chapter 4
EXPERIMENTATION AND RESULTS
4.1

Design of experiment
A Taguchi design was applied in inventory policies of the warehouse and

retailers.
W\R
EOQ
QR
TS
sS

EOQ
1
5
9
13

QR
2
6
10
14

TS
3
7
11
15

sS
4
8
12
16

The number in each cell indicates the runs of the experiment. For
robustness considerations, we repeated thrice for each combination.

4.2

Data analysis
For each run, five response are analyzed, they are:

1. Sum of IHC (Inventory Holding Cost) of the retailers
2. Sum of IHC of the warehouse
3. Sum of the backorder cost of the retailers
4. Sum of the backorder cost of the warehouse
5. Added utilization of warehouse
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4.2.1

Sum of IHC (Inventory Holding Cost) of the retailers

Figure 9: Main effects plot for means of retailer IHC
From Figure 9 it seems that the warehouse policy doesn’t affect the IHC for
retailers at all. The means of four warehouse policies are almost at the same level. But,
for the retailer policy consider the significant level of sS policy, which is 120,000, while
the other three are around 3,000. The difference may be too relatively small to be
visible. A further comparison without the sS is needed.
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Figure 10: Main effects plot for means of retailer IHC under three policies
In Figure 10 we focus on the EOQ, QR and TS policies only to see if warehouse
policy does affect the retailer IHC.
This figure shows that the IHC of retailers under three warehouse policies varies
very little, within 50, which is approximately 2% of the highest IHC mean. We don’t think
that in controlling the inventory holding cost they are significant different.
Turning to the retailer policy side, the EOQ, QR and TS policies have tiny
differences in contrast to sS. The EOQ, QR and TS policies make a difference of 289,
which is 13% of the highest, 2112, in the three polices.
However, that EOQ results in higher inventory holding cost is interesting. One
possible reason is that when the shock-out occurs, the demand in need is lower than
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expectation. But, if EOQ of not flexibile the result would be to just stock up. Thus the
average inventory level of EOQ is higher than policies monitoring inventory level.

Sample of EOQ inventory profile
250

Inventory level

200

150
EOQ
100

Q

50

0
265

270

275

280

Day

Figure 11: Sample of EOQ inventory profile
As showing in the plot, an acumen occurs after a period of stock-out.
The current conclusion, based on the Main effects of Retailer IHC in Figure 11, is
that sS clearly is not the ideal inventory policy for most goods. But when dealing with
really cheap goods, like salt, where holding and inventory holding costs are relatively
low, sS may be a good choice.
Conclusion 1: The warehouse policy has no effect on retailer IHC.
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Figure 12: Main effects plot for StDevs of Retailer IHC
From the standard deviation figure 11 we can see the variability among all
the policies is not obvious. The warehouse policy that came out with the lowest
standard deviation, without doubt, is sS. The standard deviation of IHC is around
47, very low. However, the EOQ policy result in 185, around 9% of the average
2100 of IHC.

To determine why EOQ policy led to that much variation the interaction
plot below is drawn.
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Figure 13: Interaction plot for means of retailer IHC under three policies

When the warehouse policy and retailer policy are EOQ, a relatively high
IHC will result, about 40% higher than the other two policies. As we predicted
before, EOQ policy may fail in this variable environment.
From the retailer policy we can see the same pattern, the (EOQ, EOQ)
combination actually results in higher IHC cost.
From the interaction plot we find that in all the sets, when warehouse
policy and retailer policy are (EOQ, EOQ), the IHC cost is higher than other
combination, but (QR, EOQ) and (TS, EOQ) are very efficient.
Conclusion 2: (EOQ, EOQ) is not a good combination compare to others.
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Conclusion 3: The most effective policy combination in lowing retailer IHC
is (TS, EOQ).
4.2.2

Sum of IHC of the warehouse

Figure 14: Main effects plot for means of warehouse IHC
Here we have a very similar figure as in the previous one. It look like sS would
cost a significantly high IHC whether for retailer or warehouse.
Comparing to the sum of retailer IHC, the warehouse IHC is about 17,000 higher
due to the significant inventory level the warehouse keeps under this policy.
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Figure 15: Main effects plot for means of warehouse IHC under three policies
Same as previous, we isolate the sS policy to reveal more details. The retailer
policies plot does not seem so flat anymore, the value range is about one third of
warehouse policy.
For the warehouse, the EOQ policy seems very effective in controlling inventory
level. But we cannot just take only one side of the EOQ policy. The backorder cost for
the warehouse under EOQ is the highest too. It is still undetermined whether we should
choose the EOQ policy. However, the QR and TS policies perform quite equally in
controlling warehouse IHC.
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Figure 16 Main effects plot for StDevs of Warehouse IHC under three policies
The standard deviation of warehouse IHC varies from 111 to 221 on the
warehouse policy side. EOQ policy gives a rather high variance as does TS policy on
the retailer side.
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Figure 17: Interaction plot for means of warehouse IHC under three policies
From the interaction plot, we can see the EOQ model of warehouse is always
giving the lowest warehouse IHC among three policies. This phenomenon is obvious
when the combination (EOQ, sS) occurs. It is predictable since when the retailer
maintains a high inventory level while the warehouse chooses a non-flexibility policy,
stock-out seems inevitable.
For the retailer, it seems EOQ policy is most efficient in keeping warehouse IHC,
this is almost the same as we observed in the Beer Game, and a stable reorder policy
will help reduce the Bullwhip Effect.
Conclusion 4: EOQ in both stages helps maintain a low warehouse IHC. The
downstream EOQ helps maintain the stable order to upstream, thus reducing the
upstream IHC.
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4.2.3

Sum of retailer backorder cost

Figure 18: Main effects plot for means of retailer backorder cost
The downside of EOQ policy in maintaining low IHC cost appears that EOQ
results in significantly high retailer backorder cost in both warehouse policy side and
retailer policy side. Compared to warehouse policy, retailer policy has much influence
on backorder cost, with twice the range of backorder cost.
Considering warehouse policy, the EOQ policy causes almost thrice retailer
backorder cost as the other three policy do. On the retailer side, EOQ policy results in
twice of the average retailer backorder cost. To determine whether the EOQ is
untrustworthy in all situation or in just some arbitrary combination, the plot of standard
deviation is drawn.
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Figure 19: Main effects plot for StDevs of retailer backorder cost
One thing is clear from the plot, that sS is the best policy for the retailer to
maintain low backorder cost and thus improve customer services. Warehouse EOQ
policy and retailer TS policy led a high variance in data, while retailer EOQ seems to
performed stably.

47

Figure 20: Interaction Plot for Means of Retailer Backorder Cost
For warehouse policy EOQ is the worse choice, even when retailer sS
successfully keeps a low backorder cost under all conditions. Clearly the backorder
occurrence upstream would significantly affect the downstream. The QR policy seems
to act better than TS in maintaining low backorder cost. The sS is just as good as it is
expected to be.
For retailer policy, EOQ is the only reason of unstable performance of TS, and it
seems TS is just as good as sS.
Conclusion 5: Upstream should maintain higher inventory level than downstream
to keep backorder cost low.
Conclusion 6: TS is enough for the warehouse to keep stock-out for the retailer.
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Conclusion 7: EOQ will lead to high backorder cost and result in failure to meet
customer demands.
4.2.4

Sum of the backorder cost of the warehouse

Figure 21: Main effects plot for means of warehouse backorder cost

The EOQ policy has an significant effect in warehouse backorder cost just
as it has in warehouse IHC. That sS retailer policy causes a high backorder cost
for warehouse is understanble, since the retaielrs stock up, leaving more chance
of stock-out to the warehouse.
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The difference among the backorder cost as significant as 14,000, compared to
the highest mean of warehouse backorder cost, happened when warehouse chose QR
policy, 2. We can see nothing among other polices with this significant of a value.

Figure 22: Main effects plot for StDevs of warehouse backorder cost
Standard deviation plot shows that the warehouse EOQ and retailer sS is
highly fluctuating. It is not hard to guess that is because the combination of
(EOQ, sS) results in high backorder cost.
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Figure 23: Interaction plot for means of warehouse backorder cost

From the interaction plot we can see clearly the (EOQ, sS) is the outlier.
Isolating (EOQ, sS) and comparing the rest of the combinations is shown in
Figure 24.
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Figure 24: Main effects plot for means of warehouse backorder cost without EOQ
It turns out that sS policy is the most effective policy in keeping a lower backorder
cost for the warehouse because the backorder cost is 0. This is easy to predict, since
sS always tries to keep inventory level upon 𝑠, thus the occurrence of backorder is
lowest. As predicted before, TS maintains a high level of backorder cost while
significantly low warehouse IHC.
On the other hand, retailer policy causes a difference around 100 and the highest
mean backorder cost of the warehouse is around 120. EOQ, QR and sS have almost
the same benefit in preventing high warehouse backorder cost. For sS, it is the main
factor because when the retailer maintains a high inventory level, they order more from
the warehouse.
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Figure 25: Interaction plot for means of warehouse backorder cost without EOQ
The interaction plot shows that (TS, sS) causes a relatively high backorder cost
for the warehouse compared to others. Compared to QR, TS tends to maintain lower
inventory due to the fixed time review mechanism.
Conclusion 8: EOQ failed to maintain low backorder cost for the warehouse, but
has good performance in IHC, so it can be used in low customer service level goods.
Conclusion 9: (EOQ, sS) is a disaster. This reflects the importance of keeping the
upstream and downstream in close communication, ensuring the same ABC strategy is
applied in both stage.
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4.2.5

Device utilization

Figure 26: Main effects plot for means of utilization
The frequency of warehouse operation is lower from QR, EOQ, TS to sS. The
more quantity in the warehouse reorder, the higher utilization will occur.
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4.3

Comparison of policies under MCDM
Multiple criteria programming Method in determining best policy combination.
Table 6: Policy combination data with respect to problem criteria
List of Policy Combination
Retailer IHC

Warehouse
IHC

Retailer
Backorder
Cost

Warehouse
Backorder
Cost

Utilization

($)

($)

($)

($)

(%)

1

2538.58

1404.63

1,575

6701.255

0.057

2

1857.49

1526.71

1435.58

5612.205

0.057

3

1836.21

2578.03

1,742

1395.89

0.055

4

124581.67

710.53

0

43415.145

0.058

5

2155.57

3098.90

1,268

12.495

0.057

6

2095.93

3180.18

183

1.87

0.06

7

2036.15

3068.71

438

49.57

0.057

8

126913.66

3138.27

0

79.03

0.058

9

2188.10

3142.78

1,260

17.74

0.052

10

2067.78

2924.26

287

96.405

0.054

11

2025.508125

2979.76475

465

76.455

0.0513

12

126907.949

2952.556375

0

256.785

0.0506

13

2206.344375

191235.9255

1,230

0

0.029

14

2093.742708

191929.2491

162

0

0.0301

15

2036.721458

191434.2306

451

0

0.0292

16

126913.6556

191535.1694

0

0

0.0291

Combination

The scaling and weighting calculation method used to rank the
combinations can be shown through answering the questions as below:
1. Scale the combination data using 𝑳∞ Normalization (Simple Linearization)
Using Simple Linearization, we scale the criteria for each supplier by:
fij

Min: rij = H

j
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fij = Value of criterion j for combination i
Hj = max𝑖 fij
The results are shown as below:
Table :7 Scaling the combination data by 𝐿∞ 𝑁𝑜𝑟𝑚
List of Potential Suppliers
Retailer IHC

Warehouse
IHC

Retailer
Backorder
Cost

Warehouse
Backorder
Cost

Added
Utilization

($)

($)

($)

($)

(%)

Min

Min

Min

Min

Min

1

0.02

0.01

0.90

0.15

0.95

2

0.01

0.01

0.82

0.13

0.95

3

0.01

0.01

1.00

0.03

0.92

4

0.98

0.00

0.00

1.00

0.96

5

0.02

0.02

0.73

0.00

0.94

6

0.02

0.02

0.11

0.00

1.00

7

0.02

0.02

0.25

0.00

0.95

8

1.00

0.02

0.00

0.00

0.97

9

0.02

0.02

0.72

0.00

0.86

10

0.02

0.02

0.16

0.00

0.90

11

0.02

0.02

0.27

0.00

0.85

12

1.00

0.02

0.00

0.01

0.84

13

0.02

1.00

0.71

0.00

0.48

14

0.02

1.00

0.09

0.00

0.50

15

0.02

1.00

0.26

0.00

0.48

16

1.00

1.00

0.00

0.00

0.48

Ideal

1

1

1

1

1

Combination

2. Use the Borda Count to rank the suppliers
Using the scaled values for each criterion from above, a rank 𝑟𝑖𝑗 is given, then the rank is
converted into the Borda Count score by
56

𝑏𝑖𝑗 = 17 − 𝑟𝑖𝑗
In this case, the total number of combinations is 16, the first rank gets 16, the second gets 15,
and so on.
To combine all the criteria together, we calculate the score by:
5

𝑆𝑖 = ∑ 𝑏𝑖𝑗
𝑗=1

The results of score and rank for each combination are shown below:

Table 8: Combination ranking by Borda Count
List of Policy Combinations

Combination

Warehou
se Policy

Retaile
r
Policy

Retaile
r IHC

Warehous
e IHC

Retailer
Backorde
r Cost

Warehous
e
Backorder
Cost

Added
Utilizaio
n

($)

($)

($)

($)

(%)

Min

Min

Min

Min

Min

Score
s

Ran
k

Max

Min

1

EOQ

EOQ

5

15

2

2

5

29

16

2

EOQ

QR

15

14

3

3

6

41

10

3

EOQ

TS

16

13

1

4

8

42

9

4

EOQ

sS

4

16

16

1

3

40

11

5

QR

EOQ

8

8

4

11

7

38

12

6

QR

QR

9

5

11

12

1

38

12

7

QR

TS

13

9

9

9

4

44

8

8

QR

sS

1

7

16

7

2

33

15

9

TS

EOQ

7

6

5

10

10

38

12

10

TS

QR

11

12

10

6

9

48

5

11

TS

TS

14

10

7

8

11

50

4

12

TS

sS

3

11

16

5

12

47

7

13

sS

EOQ

6

4

6

16

16

48

5

14

sS

QR

10

1

12

16

13

52

2

15

sS

TS

12

3

8

16

14

53

1

16

sS

sS

2

2

16

16

15

51

3

From the ranking we see that (sS, TS), (sS, QR), and (sS, sS) rank on the top of
16 combinations. We would recommend the warehouse choose sS policy and the
retailers choose TS to maintain the supply chain performance at a relatively high level.
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Chapter 5
CONCLUSIONS
Before the experiments were conducted, we held some expectations toward the
results. First of all, sS policy is going to keep the backorder cost really low by
maintaining relatively high inventory level. This is true, and sS makes no backorder
cost. Furthermore, te EOQ model may result in the lowest IHC, since it's the simplest
one, but it may result in a high backorder cost due to its failure to meet the variable
demands.
One interesting thing that happened in the experiments is the EOQ policy of the
retailer didn’t help the warehouse maintain a lower inventory level. This revealed that
the IHC of a certain stage is not affected by the other echelon in this case. With this
conclusion, we could choose the optimal strategy for the current stage when the IHC is
relatively high.
EOQ is superior in inventory control, but it also took more risk of stock-out. This
is due to the innate mechanism of EOQ of there being no flexibility in EOQ policy to
determine when and how to refill inventory. In a real-life situation, the application of
EOQ should be carefully studied. It is powerful when the goods is not A-class. Also,
EOQ works great in a warehouse, which is partly because the integration of orders from
retailers mitigate the variance of the demands. However, the (EOQ, EOQ) is the worst
since it disregards of end customer demand variability.
The upstream should choose a strategy that maintains no lower inventory level
than the downstream. (EOQ, sS) is a disaster. This reflects the importance of keeping
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the upstream and downstream in communication, ensuring the same ABC strategy is
applied in both stages. Under this conclusion, the sS policy for warehouse seems very
safe and efficient in lowering supply chain costs.
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APPENDIX
Main Function

clear
clc

T=700;
Total_bo_R=zeros(16,3);
Total_ave_ut=zeros(16,3);
Total_bo_M=zeros(16,3);
Total_IHC_R=zeros(16,3);
Total_IHC_W=zeros(16,3);
for runs=1:10
for warehousepolicy=1:4
for retailerpolicy=1:4

%%%%%%%%%%% Input Data %%%%%%%%%%%%%%%%%%%%%%%%
% Off All My Variables, can be divided into three categories
%%%% histories, they have as much as 21 rows and as long as T colums
Row_num=21;
orderhis=zeros(Row_num,T);
sh=zeros(Row_num,T);
onorderhis=zeros(Row_num,T);
Inv=zeros(Row_num,T);
%%% Those with 20 rows and T colums
Retailer_num=20;
Rop=zeros(Retailer_num,T);
rbackorder=zeros(Retailer_num,T);
rbohis=zeros(Retailer_num,T);
ro=zeros(Retailer_num,T);
rorderhis=zeros(Retailer_num,T);
orderlist=zeros(Retailer_num,T);
op=zeros(Retailer_num,T);
% Those Has 21 elements
onorder=zeros(1,21);
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% Those has 20 elements
d=zeros(Retailer_num,1);
rbo=zeros(Retailer_num,1);
dhis=zeros(Retailer_num,T);
wo=zeros(1,T);

orderfill(20,1)=0;
wshi=zeros(20,1); %Agree to Sh on re
wbackorder=zeros(20,T);
bo=zeros(20);
bohis=zeros(20,T);
ns=zeros(1,20);
%sh=zeros(20,T);
wbo=zeros(1,20);
wshisw=zeros(1,T);
whasorder=zeros(1,T);

% Running Start!!!!!!
[t1,t2]=check(2, warehousepolicy,0,0,21,0);
Inv(21,1)=t2;
for i=1:20
[t1,t2]=check(1,retailerpolicy,0,0,i,0);
Inv(i,1)=t2;
end

% montly demand
mu_dd=[192 226 236 215 249 227 194 231 376 279 267 253 205 289 263 246
373 210 130 147 0];
sd_dd=[20
28 26 13 18 20 16 24 33 30 20 39 18 29 22 24
35 20 12 14 0];
%daily demand
mu_dd=mu_dd/30;
sd_dd=sd_dd/sqrt(30);
for j=1:T-10
for i=1:21
%%%%%%%%%%%%%%%% Receive Shipment %%%%%%%%%%%%%%%%%%%%
if sh(i,j)~=0
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Inv(i,j)=Inv(i,j)+sh(i,j);
onorder(i)=onorder(i)-sh(i,j);
onorderhis(i,j)=onorder(i);
end
end

for i=1:20
%%%%%%
Retailer
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
d(i)=demand(mu_dd(i),sd_dd(i));
dhis(i,j)=d(i);

Demand

Processing

if d(i)==0
elseif Inv(i,j)>=d(i);
Rop(i,j)=d(i);
Inv(i,j)=Inv(i,j)-d(i);
else
rbackorder(i,j)=1;
rbo(i)=d(i);
rbohis(i,j)=d(i);
end
Inv(i,j+1)=Inv(i,j);
%%%%%%%%%% Retailer Reoder %%%%%%%%%%%

[swt,OrderQuantity]=check(1,retailerpolicy,Inv(i,j),onorder(i),i,j);
if swt
ro(i,j)=OrderQuantity;
rorderhis(i,j)=OrderQuantity;
orderlist(i,j)=orderlist(i,j)+OrderQuantity;
onorder(i)=onorder(i)+OrderQuantity;
onorderhis(i,j)=onorder(i);
whasorder(j)=1;
end
end
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%%%%% warehouse Receive orders %%%%%%%%%%
if whasorder(j)==1
for i=1:20
if orderlist(i,j)==0
elseif Inv(21,j)>=orderlist(i,j)
orderfill(i,j)=1;
op(i,j)=orderlist(i,j);
Inv(21,j)=Inv(21,j)-op(i,j);
wshi(i,j)=1;
ns(i)=leadtime(i)+j;
sh(i,ns(i))=op(i,j);
wshisw(ns(i))=1+wshisw(ns(i));
% Clear backorder
if bo(i)<=0
elseif op(i,j)>bo(i)
bo(i)=0;
else bo(i)=bo(i)-op(i,j);
end
bohis(i,j)=bo(i);
elseif Inv(21,j)>0
wbackorder(i,j)=1;
op(i,j)= Inv(21,j);
Inv(21,j)=Inv(21,j)-op(i,j);
% Clear backorder
if bo(i)<=0
elseif op(i,j)>bo(i)
bo(i)=0;
else bo(i)=bo(i)-op(i,j);
end
bohis(i,j)=bo(i);
wshi(i,j)=1;
ns(i)=leadtime(i)+j;
sh(i,ns(i))=op(i,j);
%onorder(i)=onorder(i)+op(i,j)-orderlist(i,j);
wshisw(ns(i))=1+wshisw(ns(i));

% backorder
wbo(i)=orderlist(i,j)-op(i,j);
bo(i)=wbo(i);
bohis(i,j)=bo(i);
% Rest of the order
orderlist(i,j+1)=wbo(i);
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whasorder(j+1)=1;
else
wshi(i,j)=0;
wbackorder(i,j)=1;
bo(i)=orderlist(i,j)-Inv(21,j);
bohis(i,j)=bo(i);
orderlist(i,j+1)=orderlist(i,j);
whasorder(j+1)=1;

end
bohis(i,j+1)=bohis(i,j);
end
end
Inv(21,j+1)=Inv(21,j);
%%%%%%%%%%%%%%%%%% Warehouse Reorder %%%%%%%%%%%%%%%%%%
[swt,OrderQuantity]=check(2,
warehousepolicy,Inv(21,j),onorder(21),21,j);
if swt
wo(j)=OrderQuantity;
orderhis(21,j)=OrderQuantity;
onorder(21)=onorder(21)+OrderQuantity;
onorderhis(21,j)=onorder(21);
ns(21)=leadtime(21)+j;
sh(21,ns(21))=OrderQuantity;
end
end
%%%%%%%% Inventory Holding Cost %%%%%%%%%%%%%%%%%%%%
hR=0.0625/30;
Inv_R=Inv(1:20,:);
IHC_Rhis=Inv_R*hR;
IHC_R=sum(IHC_Rhis,2);
Total_IHC_R(4*(warehousepolicy-1)+retailerpolicy,runs)=sum(IHC_R,1);

hW=0.0375/30;
Inv_W=Inv(21,:);
IHC_Whis=Inv_W*hW;
Total_IHC_W(4*(warehousepolicy-1)+retailerpolicy,runs)=sum(IHC_Whis,2);

%%%%%%%%%%%%%%% Backorder Cost %%%%%%%%%%%%%%%%%%%%
bR=0.2;
rbo_Rhis=rbohis*bR;
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rbo_R=sum(rbo_Rhis,2);
Total_bo_R(4*(warehousepolicy-1)+retailerpolicy,runs)=sum(rbo_R,1);
bM=0.05;
bo_Mhis=bohis*bM;
bo_M=sum(bo_Mhis,2);
Total_bo_M(4*(warehousepolicy-1)+retailerpolicy,runs)=sum(bo_M,1);

%%%%%%%%%%%%%%%%%%% Utility Cost %%%%%%%%%%%%%%%%%%
sh1=sh(1:21,:);
shm=sum(sh1,1);
shmax=max(shm);
multipler=1;
utilization=shm/(multipler*shmax);
Total_ave_ut(4*(warehousepolicy1)+retailerpolicy,runs)=mean(utilization);
end
end
end
disp('Over');

Check
function [swt,OrderQuantity]=check(type,policy,Inv,onorder,i,j)
% monthly demand
mu_mm=[192 226 236 215 249 227 194 231 376 279 267 253 205 289 263 246
373 210 130 147 4814];
sd_mm=[20
28 26 13 18 20 16 24 33 30 20 39 18 29 22 24
35 20 12 14 20];
% daily demand
mu_dd=mu_mm/30;
sd_dd=sd_mm/30;

switch type
case 1 % retailer
setupcost=1;
h=0.0625;
E_L=7;
V_L=1;

case 2 % warehouse
setupcost=100;
h=0.0375;
E_L=14;
V_L=2;
end
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% b bcak order cost
%bM=0.5;
%bR=2;

SL=0.9;

[q,t]=EOQ(setupcost,mu_mm(i),h);
swt=0;
OrderQuantity=0;
switch
policy
case 1 % EOQ Model
if(mod(j,t)==0)
swt=1;
OrderQuantity=q;
end

case 2 % Q,R Model
Reorderp=QRF(mu_dd(i),sd_dd(i)*sd_dd(i), E_L,V_L,SL);
if(Inv+onorder<Reorderp)
swt=1;
OrderQuantity=q;
end
case 3 % T,S
S=TSF(t,mu_dd(i),sd_dd(i)*sd_dd(i), E_L,SL); % V_L is
unused
if(mod(j,t)==0 )
swt=1;
OrderQuantity=S-Inv-onorder;
end

case 4 %s, S
s=TSF(t,mu_mm(i),sd_mm(i)*sd_mm(i), E_L,SL);
if(mod(j,t)==0 && Inv+onorder<s)
swt=1;
OrderQuantity=q+s-Inv-onorder;
end
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end
OrderQuantity=round(OrderQuantity);
end

demand
% Generate normally distributed customer demand
function x=demand(mu,sdd)
x=-1;
while x<0
x=normrnd(mu,sdd);
end
x=round(x);

leadtime
function x=leadtime(i)
x=rand(1,1);
if i==21
x=x*14+2;
else
x=x*7+1;
end
x=round(x);

EOQ
function [Q_e,T_e]=EOQ(a,D,h)
Q_e=sqrt(2*a*D/h);
T_e=round(sqrt(2*a/(h*D))*30);
end

QRF
function R=QRF(E_d,V_d, E_L,V_L,SL)
E_LTD=E_d*E_L;
V_LTD=E_L*V_d+E_d*E_d*V_L;
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k=norminv(SL,0,1);
SS=k*sqrt(V_LTD);
R=E_LTD+SS;
end

TSF
function S=TSF(T,E_d,V_d, E_L,SL)
E_S=E_d*(E_L+T);
V_S=(E_L+T)*V_d;
k=norminv(SL,0,1);
SS=k*sqrt(V_S);
S=E_S+SS;

end
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