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Themain variables that influence the efficiency of a warehouse are the use of space and the order picking distance. In the literature,
there are proposals to add the costswith space andorder picking in order to evaluate each alternative for storage location assignment.
However, there were problems with the adoption of this methodology, including difficulties in determining the costs and tradeoffs
between them.These difficulties can result in solutions that are suboptimal. Based on these facts, this paper proposes a class-based
storage process and storage location assignment by a cube-per-order index (COI) that analyzes the space required and the total order
picking distance by Pareto-optimal calculations.The efficient frontier possibilities allow the reduction of the set of alternatives, and
the DM can analyze only the alternatives on efficient frontier.

1. Introduction

Warehouses are essential components of logistics and supply
chains. The performance of warehouse operations signifi-
cantly affects the efficiency of the whole chain to which it
belongs [1]. Warehouse operations involve receiving, ship-
ping, storing, and order picking, among other actions, and
the coordinated optimization of all of these different opera-
tions is highly complex [2].

In its simplest form, an order arrives at the warehouse
and an order picker is sent into the picking area with the
customer’s list to retrieve the requested items from storage
[3]. One of the most important concerns of warehouse
managers is finding the most cost efficient and time efficient
way to pick orders placed by customers; this would allow
the company to be known as a responsible company with
satisfied customers [4]. The service level is composed of a
variety of factors, including response time, order integrity,
and accuracy. Thus, a crucial link between order picking and
service level is that the faster an order can be retrieved, the
sooner it is available for shipping to the customer.Minimizing
the order retrieval time (i.e., picking time) is therefore a need
for any order picking system [3].

Products typically arrive in large units, such as unit
loads and standard or custom containers or pallets. However,
customer order lists demand the transformation of these
large arrival materials into small quantities and often for
timely delivery [5, 6]. Integrated information systems that
allow retailers to order more frequently and in multiple
items, usually smaller quantities, make this problem even
more pronounced. This situation becomes more difficult in a
disintermediation supply-demand system [7]. In this way, in
global logistics systems, warehousing plays a critical role in
ensuring high levels of customer service and overall supply
chain performance [8].

However, most of the activities of material handling are
repetitive and intensive hand labor is required to handle
those small orders separately. Therefore, among operations
costs in a warehouse, labor cost, principally the order picking
cost, is significant [6, 8]. Jane and Laih [9] defined order
picking as “the process by which appropriate amounts of
products are retrieved from specified storage locations to
fulfill customer requests.” In addition, according to Chen
et al. [10] because these warehouse activities are common,
even small improvements can achieve significant balances.
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Therefore, it is necessary to enhance the productivity and
reduce the operational costs of the warehouse [1].

Warehouse managers can influence the responsiveness
of their system through a number of controls, such as the
capacity of the picking and sorting operations and the order
picking policy used [11]. Therefore, the selection of an order
picking method is a strategic decision because it has a
wide impact on many other decisions in warehouse design
and operation [12]. In this sense, four methods are usually
used to reduce travel times or distances by means of more
efficient control mechanisms in warehouses.They include (1)
determining a good order of picking routes, (2) zoning the
warehouse, (3) assigning orders to batches, and (4) assigning
products to the correct storage locations [13].

Routing policies determine the route of a picker for a
picking tour, which specifies the sequence in which SKUs
are to be picked [14] which minimizes the travel distances
by pickers. The average length of an order picking route can
be calculated for two different routing policies, which are (1)
distance traveled within the aisles and (2) distance traveled in
the cross aisles [3].

Zoning means that a logical storage area (e.g., a pallet
storage area, the entire warehouse, etc.) is split into multiple
parts, each with a different order of pickers (i.e., an order
picker picks only that part of an order that is in his/her
assigned zone). Possible advantages of zoning include the fact
that each order picker only needs to traverse a smaller area,
reducing overall traffic congestion, and the possibility that
order pickers become familiar with the item locations in their
specific zone. The main disadvantage of zoning is that orders
are split and must be consolidated again before shipment to
the customer [13, 15].

Batch picking involves the assignment of a group of orders
to a picker to be picked simultaneously in one trip [16].
With respect to order batching, two problem types can be
distinguished: in offline (i.e., static) batching, all customer
orders are known in advance; in online (i.e., dynamic)
batching, customer orders become available dynamically over
time [17]. So, the main decision involved in order batching
problems is how a given set of customer orders should be
combined such that the total length of all tours is minimized
and determining which are necessary to collect all items [18].
However, when batching and/or zoning are applied, usually
some additional effort is needed to split the batch and to
consolidate the items per customer order or per destination
to which the orders will be shipped.These processes are often
called accumulation/sorting (A/S) [15].

Storage assignment is an important decision problem in
warehouse operation management. It involves the placement
of a set of items in a warehouse in such a way that some
performance measure is optimal. The main purpose of using
one storage location assignment system or combination of
this is to establish the parameters for ease of identification and
location of items in warehouse. Storage assignment methods
typically make use of demand attribute information of order
quantity, order frequency, and correlation between demands
[19, 20].

Thus, the product location assignment in warehouses is a
problemwhere the stock keeping units (SKUs) are assigned to

storage positions in order to reduce the requirement for space
and minimize the resulting picking effort when retrieving
SKUs (i.e., minimize the total distance travelled or travel
time throughout the warehousing process) [21, 22]. Further-
more, poor use of space has become common uneconomical
behavior. Thus, one goal of warehouse management is to
maximize the storage space available. Proper planning helps
make moving and storage efficient and ultimately results in
lower operating expenses [23].

Three storage location assignment policies were put
forward byMuppani andAdil in 2008 [24], namely, dedicated
or fixed storage, randomized or variable storage, and class-
based storage (CBS). A dedicated storage policy prescribes a
particular location for the storage of each product [25], such
that no other item can be stored there, even if the space is
empty. Systems with random storage are used because of the
necessity of optimizing the storage area. The materials are
placed in existing open spaces. Randomized and dedicated
storage are extreme cases of class-based storage policy:
randomized storage considers a single class and dedicated
storage considers one class for each item [26, 27].

According to Fontana and Cavalcante [28], in dedicated
storage, there is a rise in the cost of using space when such
space is used poorly, while under random storagemuch effort
is placed on the order picking system. Class-based storage
combines features of the prior two systems and can be a good
alternative for making a warehouse more efficient in terms of
the space used and the order picking operation, as well as for
minimizing warehouse costs.

Meghelli-Gaouar and Sari [29] proposed the class-based
storage formation according to their request (i.e., total
demand). They applied ABC analysis for this. However,
before it, Hesket, in 1963, proposed the cube-per-order index
(COI), which is expressed as the ratio of the storage space
required (i.e., a cube) per SKU and the order frequency of
the SKU [30]. According to Jane and Laih [9], the rule ranks
the items in ascending order of the index and then assigns
them in that order to the locations nearest to the input/output
(I/O) point to reduce the cost of order picking. To Brynzér
and Johansson [30], the storage location assignment by COI
is justifiable because the components included in the same
order have many different characteristics that could lead to
components that are spread over a large geographical area.

However, determining the proper storage locations for
potentially thousands of products is one major task that faces
thewarehousemanager during the design of a newwarehouse
or the refurbishment of an existing facility. There are many
factors that affect storage assignment, including the order
picking method, size and layout of the storage system, the
material handling system, product characteristics, demand
trends, turnover rates, and space requirements [26].

Many authors study the storage allocation problems
to improve order picking performance (i.e., they aim to
minimize the total order picking distance, time, or cost).
Petersen and Aase [14] proposed the implementation of
class-based storage. They concluded that the choice of how
storage classes are assigned to storage locations has a major
impact on the successful implementation of CBS. Daniels
et al. [31] formulated amodel that simultaneously determined
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the assignment of inventory and the associated sequence
in which the selected locations are visited. Pan and Wu
[32] proposed an algorithm to storage assignment into
zones in a pick-and-pass warehousing system because of
the growth of e-commerce. F. T. S. Chan and H. K. Chan
[26] showed a study of a real case to improve the perfor-
mance of picking by performing twenty-seven experiments
on different combinations of storage assignment policies,
routing policies, and pick densities. Chuang et al. [7] pro-
posed the clustering-assignment problem model (CAPM)
for item-associated cluster assignment. Ene and Öztürk [33]
developed amathematical model and stochastic evolutionary
optimization approach to design a storage assignment and
order picking system in the automotive industry. First, they
solved the storage location assignment problem with a class-
based storage policy with the aim of minimizing warehouse
transmissions by using integer programming. Second, they
considered the batching and routing problems together to
minimize travel cost in warehouse operations. Xiao and
Zheng [34] proposed a mathematical model to design a
correlated storage assignment system by storing items with
demand dependences together to minimize zone visits when
picking materials/parts in a production line. The demand
dependences can be obtained from the products’ bill of mate-
rials (BOMs) and production rates. Boysen and Stephan [21]
proposed a model to treat the deterministic product location
problem (PLP) in different warehouse layouts. Kovács [20]
proposed a system of mixed integer programming (MIP) for
this problem in a warehouse characterized bymulticommand
picking and served by milk-run logistics where vehicles
circulate according to a predefined schedule, often with
multiple cycles (i.e., routes), serving different departments.

However, these authors did not consider reducing the
total space required for storage. In this sense, Muppani and
Adil [24, 27] proposed a simulated annealing approach and
the Branch and Bound algorithm to solve the class formation
and allocation problem of items in warehouses with the
objective of minimizing the order picking distance of a
single command (i.e., taking one product at a time) and of
minimizing the total space required for storage. To evaluate
these two criteria simultaneously, the authors proposed to
analyze the total cost of order picking and space. Thus, the
setup considered more efficient is that with the least cost.
They compare their results with a dynamic programming
algorithm by Van Den Berg [35]. Guerriero et al. [36] also
considered the total cost in a multilayer warehouse with
compatibility constraints among the classes.

Nevertheless, in some cases, there may be a tradeoff
between space cost and order picking distance cost. In other
words, the alternative chosen can be the best in a single
criterion only (i.e., space or order picking) andwill be poor in
the other. This alternative does not meet the real needs of the
warehouse. According to Chen et al. [37], a transformation
of multiobjective functions into a single objective function
cannot be the best choice for optimization. Moreover, in
warehouses with high product turnover, a greater interest in
smaller order picking distance than a greater economy in
the space used is common. Thus, a cost analysis cannot be
efficient for this case.

For these reasons, Fontana and Cavalcante [38] proposed
the use of a multicriteria method called PROMETHEE. This
method allows simultaneous evaluation of the different costs
and assigns different weights to them in the final calculation.
However, it is difficult for decision makers to compute the
cost of storage particularly that cost related to the opportunity
cost of wasted space. In addition, many decision makers have
no knowledge of methods to support multicriteria decision.
This fact implies a need of a facilitator to implement the
method.

Therefore, based on these facts, this paper proposes a
class-based storage formation and storage location assign-
ment system using a cube-per-order index (COI) and ana-
lyzes the space required and total order picking distance using
a Pareto-optimal curve. The Pareto-optimal curve gives the
set of alternatives in a nondominated list. It assumes that the
DM has more facilities to analyze the alternatives because
the amount of alternatives will be smaller due the efficient
frontier described by the Pareto-optimal curve.

The paper is organized as follows. In Section 2, the
proposed methodology is described; Section 3 presents a
description of the type of storage simulated; the results and
analysis are given in Section 4; finally, concluding remarks are
proposed.

2. Proposed Methodology

Here the proposed methodology will be presented. This
proposal intends to describe a class-based storage system and
storage location assignment by cube-per-order index (COI).
With this system, it aims to minimize the space required
and the total order picking distance. The analysis is made
by Pareto-optimal curve. Figure 1 shows the steps of this
proposal.

2.1. Preliminary Stage. In the first stage, the decision maker
(DM) should obtain data about product characteristics,
which include the type (i.e., how many different products
there are), the products density and demand, and the space
required for each product in the warehouse. Moreover, the
warehouse characteristics are required, which include its
dimensions (i.e., length and width), layout, picker capacity,
and order picking policies (i.e., order picking in single
command, in batching, per zone, per route, etc.).

2.2. Evaluation Stage. This stage generates a set of storage
location assignment alternatives that may be viable. Based on
the data from step 1, the calculation of the COI is applied.This
index is defined as the ratio between the spaces required for
storing the item(s) (i.e., per unit of storage) and by popularity
(i.e., demand/period), as follows:

COI
𝑐
=
𝑓
𝑑
∗ [Max 𝐼𝑡

𝑝𝑐
]

𝐷
𝑝𝑐

, (1)

where COI
𝑐
= cube-per-order index for class 𝑐, 𝑓

𝑑
= density

for products (i.e., unit load/m2), 𝐼𝑡
𝑝𝑐
= storage level in the unit
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Evaluation stage

Calculation of the COI
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Pareto-optimal solutions

Solution of storage location assignment

Order picking distance Space required

Figure 1: Steps of the proposed methodology.

loads planned for product 𝑝 during period 𝑡 in class 𝑐, and
𝐷
𝑝𝑐
= total number of picks for product 𝑝 in class 𝑐.
The location of the itemsmust follow the ascending order

of the index. Based on the COI, there is a tendency for
products with lower space requirements and high demand
to be located in front of the store (i.e., next to the I/O) and
products with greater space requirements and low demand
to be located far from the I/O. Thus, the COI tries to make
storage more efficient by minimizing the distances with a
single control for order picking [39].

To illustrate the application of the COI, let us assume a
warehouse in two dimensions (2D) with 5 columns (𝑥) and 17
rows (𝑦) which is available to allocate products divided into
cells of 1m × 1m, as shown in Figure 2.

In this example, the characteristics of the products will
vary with the total space required and the demand. In this
way, four different ranges of these characteristics, which
range from high to low, were proposed. To calculate the
space required, the density (i.e., size) of the products and the
amount in storage during a specific interval of timewere used.
Moreover, four weeks is considered to represent a typical
month. Thus, the demand amount is a median estimated
based on forecasts and/or orders for a week.This information
is presented in Table 1. Importantly, the difference between
the demands of the product may be different to those in
storage because of the economic lot size, safety stocks, and
so forth.

Firstly, the COI is calculated for a dedicated storage
system. From the ascending order of the index, the products
are located in the warehouse from the I/O to the back.
From this initial storage assignment it is possible to calculate
the average distance to order picking. Only the direction 𝑦

in Figure 2 was considered because the products are being
picked by single order picking (i.e., one per route).The picker
always exits from the I/O point and follows the row 𝑦 where
the product is located. He then returns to the I/O. Thus,
there is no significant displacement in the direction 𝑥. Table 2
illustrates the steps for obtaining a dedicated storage policy.

Table 2 shows that the position of the products in storage
follows the order 𝑃

4
, 𝑃
2
, 𝑃
3
, and 𝑃

1
. As a result, this policy

I/O

x

y

1m

1m1m1m

Figure 2: Illustration of the layout of the storage area in the
warehouse Adapted from Fontana and Cavalcante [38].

needs a total space of 85m2 and a total order picking
distance of 357.5 meters. Importantly, twice this total distance
is required for total order picking (i.e., round trip). The
reduction of the space required is possible in some cases
during the class-based storage formation, as shown inTable 3.

Using the policy without space reduction, when there
is a class-based formation (e.g., 𝑃

2
+ 𝑃
4
), the largest space

requirement for each product is verified first. Afterwards,
these requirements are summed for all products in storage.
When space reduction is considered, the space required for
all of the products within the same class-based storage is
summed. Then, the space required for this class-based is
considered. If the largest space requirement (i.e., peak) of
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Table 1: Example of product characteristics used in this study.

Product (𝑃
𝑖
) Space Demand Density (m2/un) Total space required (m2) Demand/period (units)

1 2 3 4
𝑃
1

High Low 6.20 35 30 30 30 5
𝑃
2

High High 0.79 25 30 30 25 35
𝑃
3

Low Low 0.75 10 5 10 5 10
𝑃
4

Low High 0.25 5 5 5 10 25
Adapted fromMuppani and Adil [27].

Table 2: Product location in the dedicated storage system using COI.

Class 𝑃
𝑖

Space (m2) Max∗ Demand (𝐴)
(units) COI Place Required rows (𝑦

𝑖
)

(𝑦
𝑖
= Max/𝑥)

Average distance
(𝐵) (m)

Total distance
(𝐶 = 𝐴 ∗ 𝐵)1 2 3 4

1 𝑃
1

35 30 30 30 35 5 7.00 4 7 13.5 67.5
2 𝑃

2
25 30 30 25 30 35 0.85 2 6 5.0 175.0

3 𝑃
3

10 5 10 5 10 10 1.00 3 2 9.0 90.0
4 𝑃

4
5 5 5 10 10 25 0.40 1 2 1.0 25.0

Total space 85 17 357.5
∗Max = maximum space required.
Adapted fromMuppani and Adil [27].

Table 3: Space reduction by class-based formation.

Class 𝑃
𝑖

Space Max Demand COI Place Required rows (𝑦
𝑖
) Average distance Total distance

1 2 3 4
Without space reduction

1 𝑃
1

35 30 30 30 35 5 7.00 3 7 13.5 67.5
2 𝑃

2
+ 𝑃
4

25 30 30 25 40 60 0.67 1 8 4.0 240.0
5 5 5 10

3 𝑃
3

10 5 10 5 10 10 1.00 2 2 9.0 90.0
85 397.5

With space reduction
1 𝑃

1
35 30 30 30 35 5 7.00 3 7 12.5 62.5

2 𝑃
2
+ 𝑃
4

30 35 35 35 35 60 0.58 1 7 3.5 210.0
3 𝑃

3
10 5 10 5 10 10 1.00 2 2 8 80.0

80 352.5
Adapted fromMuppani and Adil [27].

each product in the same class-based occurs in different
periods, a space reduction is possible.

Table 4 summarizes all possible setups of the class-based
storage and their requirements of space (𝑆) and order picking
distance (OP). All class-based storage is formed from the
initial location (i.e., dedicated storage), as shown in Table 2.
The alternatives can be generated from a deterministic
manner; that is, we can test all possible combinations or
we can use a heuristic method for that. The choice will
depend on the number of products in the warehouse, since
the larger the number of products, the greater the number
of possible combinations of storage location, making the
complex problem, and thus a deterministic method may fail

to resolve the problem. In this work we will not emphasize
heuristic methods, because this is well crystallized in several
works as that of Muppani and Adil [24, 27]. Our main goal
is to demonstrate the existing tradeoff between the space
required and the order picking distance in warehouse.

Table 4 shows that there are two important values in the
storage location assignment: order picking distance and space
required. Assuming that, for example, only the space required
is considered, the better alternative is the single class-based
or random system (𝑒) because this yields the smallest space
required. However, this allocation creates the greatest order
picking distance. Conversely, the alternative (𝑏) shows the
smallest order picking distance but requires a space greater
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Table 4: Summary of class-based storage generated by the COI.

Alternative Class Product 𝑆 OP

a

1 𝑃
1

85 357.52 𝑃
2

3 𝑃
3

4 𝑃
4

b
1 𝑃

1

80 352.52 𝑃
2
𝑃
4

3 𝑃
3

c
1 𝑃

1
𝑃
3

85 387.52 𝑃
2

3 𝑃
4

d 1 𝑃
1
𝑃
3 80 382.5

2 𝑃
2
𝑃
4

e 1 𝑃
1
𝑃
2
𝑃
3
𝑃
4

75 562.5

f 1 𝑃
2
𝑃
3
𝑃
4 80 377.5

2 𝑃
1

g 1 𝑃
4 80 475.0

2 𝑃
1
𝑃
2
𝑃
3

h
1 𝑃

2
𝑃
3

85 362.52 𝑃
1

3 𝑃
4

Adapted fromMuppani and Adil [27].

than (𝑒). Thus, the use of a Pareto-optimal curve or efficient
Frontier is proposed to aid in this tradeoff (i.e., space required
versus order picking distance).

2.3. Decision Stage. From the prior stage, it is assumed that
the DM decides to implement an alternative for storage
location assignment based on a Pareto-optimal solution. As
previously mentioned, this solution takes into account two
criteria or objectives: the space required and the order picking
distance.

2.3.1. Efficient Frontier. In systems with multiple objectives,
the objectives are often in conflict with one another where
one objective function valuemust be “traded off” for another.
There are two approaches to solve these problems: the first
approach combines all of the objectives into a single compos-
ite function and moves all but one objective to the constraint
set and the second approach determines the Pareto-optimal
solution set or an efficient frontier, which is a set of points
in the objective function space that is often referred to as
a tradeoff curve [40, 41]. The efficient frontier is defined as
the locus of achievable joint evaluations from which no joint
gains are possible [42].

Theunderlying premise of themodern Paretian construc-
tion is individualistic: the individual himself is assumed to be
the only one who is able to measure or to quantify his own
utility or satisfaction. No external observer is presumed able
to make comparisons of utility among separate individuals.
It is possible, however, even within these limits, to develop

Objective or criterion 1

O
bj

ec
tiv

e o
r c

rit
er

io
n 

2

Non-Pareto-
optimal point

point

Pareto-optimal 

Pareto-optimal 

frontier

Figure 3: Pareto-optimal points and Pareto frontier.

a means of evaluating either “situations” or “changes in
situations” in terms of their “efficiency.” To do this, a very
weak ethical postulate is proposed.The “welfare” of the whole
group of individuals is said to be increased if (1) every
individual in the group is made better off or (2) at least one
member in the group is made better off without anyone being
made worse off [43].

Let 𝑀 be the set of points admissible and let 𝐽 be the set
of criteria/objectives. Alvarez-Vázquez et al. [44] defined the
Pareto-optimal solution as follows.

Definition 1. 𝑚 = (𝑚
1
, . . . , 𝑚

𝑁
) ∈ 𝑀 is a Pareto-optimal

solution of problem (𝑃) if there does not exist any 𝑚∗ ∈ 𝑀

such that 𝐽
𝑗
(𝑚∗) ≤ 𝐽

𝑗
(𝑚), for all 𝑗 = {1, 2, . . . , 𝑁𝐸}, and for at

least one 𝑗 ∈ {1, 2, . . . , 𝑁𝐸}, 𝐽
𝑗
(𝑚∗) < 𝐽

𝑗
(𝑚).

If𝑚 ∈ 𝑀 is a Pareto-optimal solution, the objective vector
(𝐽
1
(𝑚), . . . , 𝐽

𝑁𝐸
(𝑚)) ∈ R𝑁𝐸 is also known as Pareto-optimal.

The set of Pareto-optimal solutions is called a Pareto-optimal
set and the set of Pareto-optimal objective vectors is called
a Pareto-optimal frontier. Figure 3 shows the Pareto-optimal
curve.

In Figure 3, it can be seen that there are points that are
not part of the solution because they are dominated solutions
and are known as non-Pareto-optimal points. In addition to
these points, there are points on the efficient frontier (i.e., the
nondominated solutions) and are known as a Pareto-optimal
frontier. Finally, the point of the optimal solution (i.e., the
Pareto-optimal point) is also shown. The latter makes part of
the set of nondominated solutions and is one that yields the
best benefit to theDMor group ofDMs. In other words, when
analyzing a single decision with a single DM, the Pareto-
optimal solution is the pointwhere any gain on a criterionwill
lead to a loss in another when analyzing all feasible points.

Depending on the criteria examined, the Pareto-optimal
point may not be evident and requires that the DM performs
the trade-off analysis between the nondominated alternatives.
In this paper, for example, there are two criteria: the space
required by each alternative and the order picking distance.
As a result, there may be a set of solutions that are nondomi-
natedwhose values are such that it is difficult to saywhich one
is the Pareto-optimal. For example, there are two alternatives,
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such as A = {space = 200, order picking = 1000} and B =
{space = 150; order picking = 1100}. To choose between A and
B, theDMwill have to consider other criteria intrinsic to their
preferences, such as the costs involved and the influence of the
level of customer service.

3. Description of the Simulation

This simulation was based on the work of Fontana and
Cavalcante [38, 39]. It was initially assumed that the picking
operations were performed under a single command, and
all items were stored and transported in identical manners.
Each storage location was uniformly used and points were
distributed homogeneously in the space allotted for the class-
based storage. This assumption implies that the geometric
center of the class-based is the same as the load center.

It is assumed that the inventory decision ismade indepen-
dently of the storage decision and that all the time required in
the process of storage, except the picking time, is independent
of storage location assignment. The analysis considered four
periods, with each period representing aweek, forming a total
of one month.

The warehouse simulated was rectangular and was
divided into cells of 1.0 × 1.0 meters, as shown in Figure 2.
The layout used in the warehouse consisted of five columns (𝑥
direction in Figure 2).The use of space in the 𝑦 direction was
not restricted, which did not represent a significant aspect in
the simulation. It was found that all products were stacked
with up to 10 levels high.

Four scenarios were generated randomly. The quantities
demanded were in the range of 60 to 1500 units weekly. The
demand used in the calculations was the average of the four
periods. The inventory (i.e., the quantity of items in storage)
was the ratio of the average demand and a random variable,
which simulated the variations of units stored in each period.
The values of the quantities demanded and inventoried were
rounded upwards to have integer values of products.

The space required was related to the inventory.Thus, the
space used was calculated as the inventory multiplied by the
product density and divided by the 10 possible levels (i.e., the
maximum height of a product stack). It is shown that there
will be an oscillation of the space required in each of the four
periods.Thedensity of the products is 0 to 1m2/unit andmust
always be not equal to zero.

The simulated warehouse has five distinct products, and
all of the products considered in the first period are assumed
to be used up in the following periods. The values presented
in the course of the simulations refer to the average (i.e.,
these values represented only one period). The order picking
distances represent a round trip, always starting at the I/O.

4. Results and Analysis

There are two objectives 𝑓
1
(𝑥) and 𝑓

2
(𝑥) in this work: space

required and the order picking distance. In both the DM
wants the same goal; that is, he wants the alternative with
the least space required and the least order picking distance.
However, the values were normalized on a scale from 0 to 1,

where the worst alternative was (0) and the best was (1).Thus,
in this case, the DMwants the maximization of the result. So,
the problem formulation is shown as follows:

Max 𝑍 = (𝑓
1
(𝑥) , 𝑓

2
(𝑥)) ∈ R

𝑁𝐸

s.t. 𝑥 ∈ 𝑋
∗

𝑓
𝑗
(𝑥
∗

) ≤ 𝑓
𝑗
(𝑥)

𝑓
𝑗
(𝑥
∗

) ̸= 𝑓
𝑗
(𝑥)

∀𝑗 = {1, 2, . . . , 𝑁𝐸} ,

(2)

where𝑋 is the decision space,𝑥 = {𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
} is a vector

of decision, and𝑋∗ is the set of feasible solutions.
The alternatives were generated from deterministic man-

ner; that is, we tested all possible combinations, respecting
the information described above. In real case, with a larger
number of alternatives, we can use a heuristic method
for generating the alternatives. Table 5 presents the space
required in m2 and the order picking distance in m by the
set of viable alternatives in the four simulated cases.

In general, the dedicated storage system used more space
than the random storage system. However, this results in
larger order picking distances because its average load center
is greater than the dedicated storage system. For example,
in Table 2, the dedicated storage system shows the average
load center (i.e., average distance) as 1.0, 5.0, 9.0, and 13.5
meters, respectively, while the random storage system has a
value of 7.5 meters. This number multiplied by the demand
results in an order picking distance of 562.5 meters, while
the dedicated storage system yields an order picking distance
of 357.5 meters. However, when space reduction is possible,
the random storage system yields a large reduction in space
and can result in the least space required. Moreover, the
random storage system requires a much greater control of
inventory, requiring pickers to know the exact location of
each product. In the dedicated storage system, this control
is smaller because the pickers are already familiar with the
location of each item (i.e., it makes the order picking activity
easier.).

These alternatives (i.e., dedicated and random storage
systems) show the conflicts between the objectives consid-
ered.Thus, the efficient frontier is considered. Figure 4 shows
the efficient frontier, which is composed by the following
alternatives: random, class-based 11 and class-based 13 in the
first case (see Figure 4(a)), class-based 4 and class-based 12
(these had the same results), random, class-based 14 in the
second case (see Figure 4(b)), random, class-based 4 and
class-based 14 in the third case (see Figure 4(c)), and finally,
random and class-based 14 in the last case (see Figure 4(d)).

In this case, the number of nondominated alternatives
was greatly reduced. So, it was not necessary to use any
sophisticated methods to obtain the efficient frontier. Thus,
noting only the efficient frontier, the DM can eliminate
most of the alternatives of storage location assignments;
however, he does not reach the final decision only with
this step. Therefore, he should then check the real needs of
the warehouse. For example, if the warehouse is leased, the
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Table 5: Set of viable alternatives.

Alternatives Case 1 Case 2 Case 3 Case 4
Space Distance Space Distance Space Distance Space Distance

Dedicated 0.00 0.07 0.00 0.41 0.00 0.00 0.00 0.56
Random 1.00 0.00 1.00 0.00 1.00 0.49 1.00 0.36
Class-based

01 0.41 0.57 0.62 0.99 0.48 0.66 0.07 0.05
02 0.19 0.38 0.38 0.72 0.70 0.98 0.02 0.04
03 0.19 0.35 0.00 0.41 0.24 0.47 0.02 0.03
04 0.65 0.57 0.95 1.00 0.89 1.00 0.21 0.06
05 0.35 0.49 0.39 0.72 0.81 0.74 0.16 0.66
06 0.35 0.47 0.01 0.40 0.35 0.52 0.16 0.65
07 0.22 0.29 0.62 0.99 0.24 0.19 0.05 0.57
08 0.00 0.10 0.38 0.72 0.46 0.51 0.00 0.56
09 0.35 0.29 0.49 0.67 0.81 0.53 0.18 0.01
10 0.35 0.26 0.11 0.36 0.35 0.31 0.18 0.00
11 0.81 1.00 0.62 0.88 0.59 0.53 0.19 0.67
12 0.46 0.29 0.95 1.00 0.65 0.53 0.19 0.58
13 0.89 0.92 0.62 0.10 0.59 0.29 0.20 0.03
14 0.81 0.21 0.96 0.88 1.00 0.90 0.98 1.00
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Figure 4: The efficient frontier for the four cases simulated.

DM will probably prefer an alternative that minimizes the
space used. However, if the customers are very demanding
of the response time of their orders, the DM will prefer
an alternative that provides lower order picking distance.
Moreover, he can use other criteria that can aid in the
final decision. However, this additional analysis should be

performed only for the alternatives in the efficient frontier.
The final result will change according to the type of each
warehouse and the DM’s preferences.

Therefore, the biggest gain of this efficient frontier analy-
sis, compared to other methods, is the graphical visualization
of the behavior of alternatives, where it is very clear what
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alternatives are dominated andwhich deservemore attention,
that is, those which are not dominated. In the case analyzed,
the efficient frontier makes this in a simpler manner than
other multiobjective methods.

5. Concluding Remarks

The main variables that influence the efficiency of a ware-
house were shown to be the space required and the order
picking distance. These variables were explored in this study
as criteria/objectives, in which the DM aims to find an
alternative to storage location assignment that minimizes
both variables. To evaluate these criteria, it was noted that
the current literature uses the associated costs. However, in
practice, many DMs have difficulties in quantifying these
costs accurately, especially with regard to the opportunity
cost of space not used. Therefore, this paper suggested the
adoption of a Pareto-optimal solution or efficient frontier to
analyze the alternatives of storage location assignment. It was
found that most of the alternatives are dominated (i.e., the
DMhas a reduced set of solutions) by a few optimal solutions.

It is emphasized that the Pareto-optimal will depend
on the needs of the warehouse, the costs inherent to their
activities, and the DM’s preferences. However, the use of
Pareto-optimal makes the final decision easer and improves
visualization of the behavior of the available alternatives.

As a suggestion for future work, a practical application of
this methodology should be constructed. The following step
may be to attempt to include the preferences of the DM about
the alternatives on the efficient frontier. Furthermore, in a
situation where there are a larger number of alternatives, it
would be interesting to study the use of a heuristic method to
solve this problem.
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