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Abstract

Background: We study one of the most important problems in production and warehouse
management: the problem of determining how to allocate the initial stock and the quantity
produced to bins, and then how to manage picking operations from these bins. The
objective is to minimize the total cost of the bins used. Methods: We formulate an integer
linear programming model able to manage the two time periods related to assignment
and picking together, and to handle the FIFO picking logic. We prove that it is NP-hard,
and solve it to optimality. Then, we design a tailored heuristic algorithm, inspired by the
current rule of thumb used by one of the main Italian mineral water bottling companies.
Results: An extensive computational experiment allows us to show that this problem can be
solved to optimality in a reasonable computational time based on real-world instances, and
that the heuristic provides near-optimal solutions. Conclusions: Our approach provides a
contribution to modeling and solving this problem when FIFO picking operations are taken
into account. Moreover, it contributes by building important bridges between theoretical
understanding and practical applications.

Keywords: logistics; warehouse and production management; food and beverage industry;
stock allocation problem; FIFO; exact and heuristic solutions

1. Introduction
The effective management of stock and storage capacity is a crucial and very common

challenge for companies operating in various industries. This has a significant impact on op-
erational decisions and on the company’s financial performance. Companies that are driven
by a Make-to-Stock production strategy must pay particular attention to managing storage
capacity, meeting market demands, and simultaneously minimizing operational costs.

The advent of the COVID-19 pandemic showed the impact that uncertainty and
demand variability can have on supply chains. As a result, storage capacity management
has emerged as a critical factor in responding to this unpredictability. The first response
in that particular situation was to raise stock levels at all stages of the supply chain.
However, under normal operating conditions, storage capacity is inherently limited, and
optimal management practices are needed to prevent cost increase and diminished profit
margins. In this setting, the optimization of stock allocation in existing warehouse facilities
becomes a necessary activity for any company seeking to maintain its competitiveness
and profitability.

The problem we study is a stock allocation problem with picking operations that
corresponds to a real-world operational challenge routinely encountered by a primary
Italian mineral water bottling company. In this company, several stock keeping units
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(SKUs) of bottled products are produced in a plant, with dedicated zones designated
to bottling production lines, and then the finished products are stored in a warehouse.
The entire production schema runs around Polyethylene Terephthalate (PET) containers
of varying capacities, ranging from 0.5 to 2 L. The facility operates continuously 24 h a
day, Monday through Friday, with sporadic weekend operations. Strategic and tactical
production planning is designed considering the Make-to-Stock strategy, in which the
production quantity is defined based on demand forecasts. The produced stock is then
stored in either an internal depot or external warehouse facilities. Since the mineral
water industry is characterized by high volumes and low unit values, optimal logistics
management assumes a crucial role in the pursuit of corporate profitability.

The problem under examination is based on three types of operations:

1. Allocation of the initial stock to the warehousing area.
2. Allocation of the quantities produced to the warehousing area.
3. Picking from the warehousing area in order to fulfill pending orders.

In the first two operations, the logistics manager has to decide on the optimal allocation
of the stock, while picking is based on the “First-In-First-Out” (FIFO) principle, meaning
that the selection of the stock location for picking depends on where the SKUs were placed
in the previous two steps. The goal is to minimize the total cost of the bins used, as unused
bins provide additional capacity when the problem is solved again on the same day. Taking
into account that this problem is typically solved four times a day, the total cost savings
may be relevant. In fact, thanks to these “additional” available bins, part of the SKUs will
be stored in the internal depot, rather than being sent to external warehouse facilities at
higher costs.

This problem is new in the literature, mainly because it is a stock allocation problem
based on two time periods (allocation and then picking), and FIFO picking operations are
handled in the second time period. The existing approaches, that will be summarized in
Section 2, are not able to solve this problem because stock allocation problems are typically
defined by just one time period and the FIFO logic is used in inventory constraints of
production management models.

Our research questions are the following. Is it possible to formulate an integer linear
programming model for this complex problem, to minimize the total number of used bins?
If yes, is this model easy to solve or is it NP-hard? What is the improvement obtained by
this model with respect to a heuristic solution based on the rule of thumb applied by the
company? Given an optimal solution by this model, is this solution good in terms of other
KPIs not considered in the objective function and related to the residual space?

To solve this problem, we formulate an integer linear programming model able to
handle FIFO picking operations, prove that it is NP-hard, and solve it to optimality. Then,
we design a heuristic algorithm, based on the current rule of thumb used by the company,
and compare its solutions with the optimal solutions and the ones applied by the company.
In particular, we perform computational experiments using real-world data, thus offer-
ing valuable insights into their performance and applicability to address the real-world
complexities of stock allocation and storage capacity management.

The paper is organized as follows. In Section 2, we provide a literature review of
the stock allocation problem and related problems in warehouse operation planning. In
Section 3, we describe the problem we study. In Section 4, we formulate an integer linear
programming model to solve this problem. In Section 5, we propose a heuristic algorithm
based on the current rule of thumb applied by the company. In Section 6, we carry out
an extensive computational experiment on real-world instances, to compare the optimal
solution with the heuristic solution and the company’s solution. Finally, in Section 7, we
draw some conclusions.

https://doi.org/10.3390/logistics10030053

https://doi.org/10.3390/logistics10030053


Logistics 2026, 10, 53 3 of 20

2. Literature Review
The stock allocation problem is a part of the warehouse operation planning problems,

i.e., a class of problems belonging to a wide range of activities, including inventory man-
agement, stock allocation, and storage location assignment. All these problems aim at
optimizing warehouse operations and ensuring efficient supply chain management. Ware-
house operation planning problems have a great impact on the profitability of industrial
companies. For this reason they are very well studied.

Gu et al. [1] provide a literature review classifying the Operation Planning Problems
according to the function of the different flow operations that occur in the operations areas.
Storage is one of the most crucial warehouse functions. It is a complex activity that depends
on many parameters such available space, number of products, type of products, value of
the products, technology used, picking system used, and inventory rotation.

We can distinguish two main problems dealing with two different aspects of storage:

1. The Storage Location Assignment Problem—that is, the problem of selecting the
specific locations where to place product stock. The goal is to maximize efficiency and
to minimize costs. It is solved by considering many factors, such as the number of
spaces, the quantity of products, the number of rack levels in the warehouse, and the
resources to move items. The goal is to have efficient warehouse operations, including
receiving, storing, picking, packing, and shipping products.

2. The Stock Allocation Problem, that is the problem of determining how much stock to
allocate to each location based on factors like demand forecasts, location capacity, and
replenishment quantity. It is a decision that has an impact on inventory costs, service
levels, and sales.

Therefore, while the former is about where to place items in a warehouse, the latter
is about how much stock to allocate to each location in a warehouse. Both are critical for
an efficient Supply chain management, but each of them addresses different aspects of
it. The scientific literature tends to consider the Storage Location Assignment Problem
as the general version of the Stock Allocation Problem (see Guerriero et al. [2]). Actually,
the Storage Location Assignment Problem and the Stock Allocation Problem are closely
linked in the optimization of business processes. At the operational level, the Stock Allo-
cation Problem is consequential to the choice of where to position the products and with
which technologies.

In a recent article, Medrano-Zarazúa et al. [3] present a literature review regarding the
Storage Location Assignment Problem. This study shows the indicators used to measure
the incidence of warehouse management activities with respect to company profitability,
and the incidence of storage activities with respect to the total logistics costs. In particular,
they show that the warehouse management activities are relevant in the supply chain
management: The storage activities represent between 2% and 5% of the total cost. Instead,
storage operations represent approximately 23% of logistics costs in the United States and
rise up to 39% in Europe. The Storage Location Assignment Problem also affects all the
other logistics activities. For this reason, it is important that decision makers in this area of
management are able to make good choices and are supported by adequate methodologies
and tools.

Despite its potential, the Stock Allocation Problem is not much covered in the scientific
literature in its narrow formulation, but is considered together with either layout or zone
design of the depot. Heragu et al. [4] simultaneously consider the product allocation and
functional area size determination problems in the design of a warehouse. This study
highlights the importance of minimizing both the overall required space and internal travel
times in the warehouse. By optimizing product placement, the model aims to reduce
wasted space and improve operational efficiency. The objective is to assign the stock of
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products coming from previous flows to dedicated storage areas, maximizing storage
capacity and at the lowest possible cost. The stock allocation problem is also known in
the literature as the product allocation problem (PAP) when the aim is to find an optimal
strategy to allocate the products. Guerriero et al. [2] formalize a general version of the PAP
considering some input information: The storage area (e.g., layout of the warehouse), the
storage slots (e.g., number, accessibility, dimension, location, etc.), the stock keeping units
(SKUs) in terms of dimension, demand, quantity and supply times. There are also some
typical constraints regarding storage capacity, picking capacity, supplying time, products
compatibility, picking policy (First In–First Out—FIFO, Last In–First Out—LIFO, etc.).
Depending on the available information and constraints, the problem can be expressed in
different versions.

There is almost an absence in the scientific literature of problems in which the space
utilization in a warehouse is minimized. From the first approaches (see Hausman et al. [5])
to the most recent ones (see Fumi et al. [6], Hou et al. [7], Battista et al. [8]), the
application of policies to optimize stock allocation, starting from the information
that is available on the products, is the most studied method by the research com-
munity. The two most widespread and main classes of policies are the following
(see Goetschalckx and Ratliff [9], Hausman et al. [5]): Dedicated storage, which requires
locations that are reserved for the same product for the entire planning duration, and
shared storage, which provides the possibility of allocating different products to the same
location in different time periods. These approaches combine the characteristics of the
products with the characteristics of the storage areas, with the aim of increasing floor space
utilization and decreasing material handling. Lee and Elsayed [10] focused on optimizing
warehouse space when using a dedicated storage policy; this problem takes into account
the storage capacity, which is not always sufficient for companies with high-volume prod-
ucts. They develop a non-linear model to minimize the total cost of both owned and
leased storage space. To solve this model, they propose an iterative search procedure
that consistently generates an optimal solution for the storage capacity problem. This
approach also considers the use of leased storage space to meet additional requirements
when demand exceeds the warehouse’s capacity, providing flexibility in managing storage
needs. Larson et al. [11] present a method to optimize warehouse layouts using class-based
storage principles. The authors develop a three-step heuristic with the goal of increasing
floor space utilization and reducing material handling. Fumi et al. [6] and Battista et al. [8]
provide an interesting approach using the Vertex Coloring Problem (VCP) technique. The
proposed methodology has the advantage of being accessible to companies of all sizes as it
can be implemented without the need for expensive IT tools.

The scientific literature contains many contributions that deal with the stock allo-
cation problem in relation to one of the most important activities in warehouse man-
agement: picking. In particular, picking activities generate the greatest cost among the
warehouse management activities, being approximately responsible for 55% of the op-
erational costs (see de Koster et al. [12]). Frazele and Sharp [13] and Frazelle [14] well
describe the possible approaches to the problem of determining the assignment of the
stock of components to locations in a warehouse, minimizing the total picking tour time.
Jarvis and McDowell [15] provide a model for optimally allocating products in an order

picking warehouse to minimize the average order picking time. They demonstrate that
simple yet general assignment algorithms can effectively be used to optimally allocate
products. Brynzér and Johansson [16] propose a grouping strategy for product structure to
reduce order picking times. Ashayeri and Gelders [17] provide optimization models and
algorithms for the warehouse product allocation problem that involve assigning storage
locations to products and sequencing the locations to enable FIFO picking. An interesting
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paper by Gu et al. [18] proposes a branch-and-bound algorithm to optimally solve the
forward-reserve allocation problem in warehouse order picking systems. Their mathe-
matical model is based on the classical Knapsack Problem. This is an example of how the
general structure of the stock allocation problem is quite similar to an assignment problem.
Our problem also has this property.

3. Problem Description
In the stock allocation problem we study, several SKUs are bottled in a production

plant. For each of them, we know the initial stock, the expected production, and the
expected demand. The warehouse capacity is defined by the number of available bins.
Each bin has a storage capacity that varies according to the SKU stored in the bin. In each
bin, pallets are organized in rows and stacked two levels high. A dedicated storage policy
is used, i.e., different SKUs cannot share the same bin. A cost is associated to each bin for
each SKU, representing the penalty for using this bin, which is located in a given position
in the warehouse. Picking is carried out on the basis of the FIFO principle.

Two time periods are given. The first corresponds to the beginning of operations.
In this time period, the initial stock is available for each SKU, before production starts.
The second time period corresponds to the allocation of the quantities arriving from the
production lines and then to the picking operations carried out to satisfy pending orders.
Planning over these two time periods can be repeated several times in the same day. Any
bin, totally, partially, or not used in the current allocation, can be used in the next one,
providing in this way a reduction of the quantities of SKUs that must be stored in external
facilities at higher costs.

The problem is to assign the initial stock of SKUs and the quantity produced to bins,
and managing the picking from these bins, in order to satisfy demand, with the goal of
minimizing the total cost of bins used.

4. Model Formulation
In this section, we formulate an integer linear programming model for the prob-

lem described in the previous section. The following indices, parameters, and variables
are introduced:

Indices:

i, s = 1, 2, . . . , n: indices of the SKUs;
j = 1, 2, . . . , m: index of bins;
k = 0, 1: index of time periods.

Parameters:

Si: initial stock of SKUs i;
Pi: expected production of SKUs i;
Fi: expected demand for SKUs i;
Aij: cost of assigning an SKU i to a bin j;
Cij: storage capacity of bin j when SKU i is assigned to it.

Variables:

Ykij: binary variable equal to 1 if SKU i is assigned to bin j at time period k, and 0
otherwise;

Xkij: non-negative integer variable representing the quantity of SKU i assigned to bin
j at time period k;

Pij: non–negative integer variable representing the quantity of SKU i produced and
assigned to bin j at time period 1;
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Uij: non–negative integer variable representing the quantity of SKU i picked up from
bin j at time period 1.

The model can be formulated as follows:

min
1

∑
k=0

n

∑
i=1

m

∑
j=1

AijYkij (1)

Subject to
n

∑
i=1

Ykij ≤ 1, k = 0, 1 j = 1, 2, . . . , m (2)

m

∑
j=1

X0ij = Si, i = 1, 2, . . . , n (3)

X0ij ≤ CijY0ij i = 1, 2, . . . , n j = 1, 2, . . . , m (4)

m

∑
j=1

Pij = Pi i = 1, 2, . . . , n (5)

X0ij + Pij ≤ CijY1ij i = 1, 2, . . . , n j = 1, 2, . . . , m (6)

m

∑
j=1

Uij = Fi i = 1, 2, . . . , n (7)

X1ij = X0ij + Pij − Uij i = 1, 2, . . . , n j = 1, 2, . . . , m (8)

Xkij, Pkij, Ukij ≥ 0 integer k = 0, 1 i = 1, 2, . . . , n j = 1, 2, . . . , m (9)

Ykij ∈ {0, 1} k = 0, 1 i = 1, 2, . . . , n j = 1, 2, . . . , m (10)

The objective function (1) minimizes the total cost of bins used in time periods 0 and 1.
Constraint (2) guarantees that at most one SKU i can be stored in each bin j, in time periods
0 and 1, i.e., the bins are used on the basis of a dedicated storage policy. Constraint (3)
establishes that the initial stock Si, available in time period 0 for each SKU i, is assigned
to the bins. Constraint (4) guarantees that the quantity of SKU i assigned to bin j in time
period 0 is not greater than the capacity Cij of bin j. Moreover, due to its minimization in
the objective function, it guarantees that Y0ij = 1 when X0ij > 0, and that X0ij = 0 when
Y0ij = 0. Constraint (5) establishes that the production quantity Pi of SKU i is assigned
to bins. Constraint (6) guarantees that the quantity of SKU i assigned to bin j in time
period 1, given by the sum of the initial stock and the produced quantity, is not greater
than the capacity Cij of bin j. Moreover, due to its minimization in the objective function,
it guarantees that Y1ij = 1 when X0ij + Pij > 0, and that X0ij + Pij = 0 when Y1ij = 0.
Constraint (7), together with Constraint (8) and the non-negativity of the variables X1ij

due to Constraint (9), guarantees that the demand Fi of each SKU i is extracted from the
bins where the initial stock and the produced quantity of SKU i were assigned. Finally,
Constraints (9) and (10) define the variables.

The model described so far minimizes the total cost of bins used, but does not guaran-
tee the FIFO principle for picking operations. To comply with this, the following additional
variables are defined:

USij : non–negative integer variable representing the quantity of initial stock of SKU i
picked up from bin j at time period 1

σS
ij : binary variable equal to 1 if USij > 0, and 0 otherwise;

∆S
ij : binary variable equal to 1 if the quantity USij of SKU i picked up from bin j is less

than the quantity X0ij of initial stock assigned to bin j, and 0 otherwise;
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UPij : non–negative integer variable representing the quantity of SKU i picked up from the
production assigned to bin j at time period 1;

σP
ij : binary variable equal to 1 if UPij > 0, and 0 otherwise;

∆P
ij : binary variable equal to 1 if the quantity UPij of SKU i picked up from bin j is

less than the quantity X1ij of stock assigned to bin j after production on day 1, and
0 otherwise.

Figure 1 shows how these variables can be used to model the FIFO constraints for the
assignment of the initial stock. The figure represents two possible cases. For each case, the
bins j, j + 1, . . . , m are represented. For each bin, the rectangle in blue corresponds to the
quantity of SKU i assigned to the bin as initial stock, while the rectangle in red in the bin j
corresponds to the quantity of SKU i left after picking USij units from this bin. In the first
case, i.e., the one corresponding to the top part of the figure, since the quantity X0ij − USij

available in the bin j after picking Uij units is equal to 0, a non–negative quantity USis

can be picked from bins s = j + 1, j + 2, . . . , m. Instead, in the second case, i.e., the one
corresponding to the bottom part of the figure, since X0ij − USij is greater than 0, then
USis = 0 for any successive bin s = j + 1, j + 2, . . . , m. Therefore, as required by the FIFO
logic, bins j + 1, j + 2, . . . , m cannot be used until bin j is empty. We need a set of constraints
that guarantee that, given any SKU i and any bin j at which the initial stock of i is assigned,
if bin j has some residual quantity of SKU i after having picked the quantity USij (i.e.,
∆S

ij = 1), then σS
is = 0 for any bin s = j + 1, j + 2 . . . , m. Therefore, no quantity can be picked

from any bin s = j + 1, j + 2, . . . , m, i.e., USis = 0 for any bin s = j + 1, j + 2, . . . , m. To
obtain this, Constraint (8) is first replaced by the following constraints:

X1ij = X0ij + Pij − USij − UPij i = 1, 2, . . . , n j = 1, 2, . . . , m (11)

Uij = USij + UPij i = 1, 2, . . . , n j = 1, 2, . . . , m. (12)

The goal of these constraints is to separate the quantity of SKU i removed from
bin j assigned to SKU i as initial stock (USij), from the one assigned to bin j due to
production (UPij).

Figure 1. FIFO logic for the assignment of the initial stock.

Finally, the following additional constraints are added to the model:

USij ≤ X0ij i = 1, 2, . . . , n j = 1, 2, . . . , m (13)
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Constraint (13) guarantees that the quantity USij of SKU i picked from bin j is not
greater than the quantity X0ij of the initial stock of SKU i assigned to bin j.

USij ≤ Cijσ
S
ij i = 1, 2, . . . , n j = 1, 2, . . . , m (14)

σS
ij ≤ USij i = 1, 2, . . . , n j = 1, 2, . . . , m. (15)

Constraints (14) and (15) set the binary variable σS
ij = 1 whenever USij > 0, and

0 otherwise.
X0ij − USij ≤ Cij∆S

ij i = 1, 2, . . . , n j = 1, 2, . . . , m (16)

∆S
ij ≤ X0ij − USij i = 1, 2, . . . , n j = 1, 2, . . . , m (17)

Constraints (16) and (17) set the binary variable ∆S
ij equal to 1 whenever bin j has

positive residual capacity after picking the quantity USij, and 0 otherwise.

∆S
ij + σS

is ≤ 1 i = 1, 2, . . . , n j = 1, 2, . . . , m − 1 s = j + 1, j + 2 . . . , m (18)

Constraint (18) applies the FIFO logic to the bins used in the assignment of the initial
stock. In fact, they guarantee that, if ∆S

ij = 1, then σS
is = 0 for any bin s = j + 1, j + 2 . . . , m.

Therefore, no quantity can be picked from any bin s = j + 1, j + 2, . . . , m, i.e., USis = 0 for
any bin s = j + 1, j + 2, . . . , m.

Consider now the application of the FIFO logic to production. We need a set of
constraints that guarantee that, given any SKU i and any bin j at which the initial stock of i
is assigned, if bin j has some residual quantity of SKU i after having picked the quantity
USij (i.e., ∆S

ij = 1), then σP
is = 0 for any bin s = j + 1, j + 2 . . . , m at which the production is

assigned. Therefore, no quantity UPis can be picked from any bin s = j + 1, j + 2, . . . , m,
i.e., UPis = 0 for any bin s = j + 1, j + 2, . . . , m if there are bins related to the initial
stock with positive residual quantity (i.e., ∆S

ij = 1). To obtain this, we introduce the
following constraints.

UPij ≤ Cijσ
P
ij i = 1, 2, . . . , n j = 1, 2, . . . , m (19)

σP
ij ≤ UPij i = 1, 2, . . . , n j = 1, 2, . . . , m. (20)

Constraints (19) and (20) set the binary variable σP
ij = 1 whenever UPij > 0, and

0 otherwise.

∆S
ij + σP

ij ≤ 1 i = 1, 2, . . . , n j = 1, 2, . . . , m − 1 s = j + 1, j + 2 . . . , m. (21)

Constraints (21) guarantee the FIFO logic for production. In fact, if ∆S
ij = 1, then

σP
is = 0 for any bin s = j + 1, j + 2 . . . , m at which production is assigned. Therefore, no

quantity UPis can be picked from any bin s = j + 1, j + 2, . . . , m.
Consider now the application of the FIFO logic to the bins used to assign the quantity

produced. We need a set of constraints that guarantee that, given any SKU i and any bin
j at which the initial stock and the production of i is assigned, if bin j has some residual
quantity of SKU i after having picked the quantities USij and UPij (i.e., ∆P

ij = 1), then

σP
is = 0 for any bin s = j + 1, j + 2 . . . , m. Therefore, no quantity can be picked up from any

bin s = j + 1, j + 2, . . . , m, i.e., UPis = 0 for any bin s = j + 1, j + 2, . . . , m. To obtain this,
we introduce the following constraints.

X1ij ≤ Cij∆P
ij i = 1, 2, . . . , n j = 1, 2, . . . , m (22)
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∆P
ij ≤ X1ij i = 1, 2, . . . , n j = 1, 2, . . . , m. (23)

Constraints (22) and (23) set the binary variable ∆P
ij as equal to 1 whenever bin j has

positive residual capacity after picking the quantity UPij, and 0 otherwise.

∆P
ij + σP

ij ≤ 1 i = 1, 2, . . . , n j = 1, 2, . . . , m − 1 s = j + 1, j + 2 . . . , m (24)

Constraint (24) applies the FIFO logic to the bins used in the assignment of the
production. In fact, they guarantee that, if ∆P

ij = 1, then σP
is = 0 for any bin s = j + 1, j +

2 . . . , m. Therefore, no quantity can be picked from any bin s = j + 1, j + 2, . . . , m, i.e.,
UPis = 0 for any bin s = j + 1, j + 2, . . . , m.

We now prove that this problem is NP-hard by showing that the minimal cost (cover-
age) 0–1 knapsack problem, which is known to be NP-hard, is a particular case of it.

Theorem 1. Problem (1)–(24) is NP-hard.

Proof. Consider the simplified version of the problem with k = 0 only, in which the initial
stock of a single SKU must be assigned. The problem (1)–(24) becomes

min
m

∑
j=1

AjYj (25)

m

∑
j=1

Xj = S (26)

Xj ≤ CjYj j = 1, 2, . . . , m (27)

Xj ≥ 0 integer j = 1, 2, . . . , m (28)

Yj ∈ {0, 1} j = 1, 2, . . . , m (29)

By summing up Constraint (27), the following relaxation is obtained:

min
m

∑
j=1

AjYj (30)

S ≤
m

∑
j=1

CjYj (31)

Yj∈ {0, 1} j = 1, 2, . . . , m (32)

The latter problem is the minimal cost (coverage) 0–1 knapsack problem, which is
known to be NP-hard (see Martello and Toth [19]).

5. A Heuristic Algorithm
In this section, given that the problem is NP-hard, we provide a heuristic algorithm

for the solution of the problem, inspired by the current rule of thumb applied by the
company. This rule is based on operational procedures, refined over the years, mainly on
an experiential basis. Daily, at least four times a day, the logistics area manager and his
team update the stock flow data in Microsoft Excel files, obtaining in this way a report of
the stock levels and, at the end of the day, the final stock levels. Based on the processed
data, they decide how to assign the quantities produced. The decision is based on their
experience. The first part of the warehouse, from bin number 1 to bin number 6, is dedicated
to high rotation SKUs, while the remaining bins are used for medium- and low-rotation
SKUs. Based on the current stock levels, the expected production plan and the orders
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to be processed, the allocation of the SKUs is done, trying to have as many free bins as
possible. Since only one SKU can be stored in each bin, the choice is based on the trade-
off between how much SKU production a bin is able to contain, and how quickly it can
be emptied, depending on the orders that need to be fulfilled, to make the bin empty
for the next allocation. All data, as mentioned, are processed on Excel printouts, while
the calculations on the various trade-off scenarios are made by physically inspecting the
warehouse. Following this analysis, the sequence of the bins used until the next update
is established. Sometimes, the need to provide housekeeping activities emerges in the
analysis. The most recurrent example is that of repositioning the pallets at the beginning of
the bin. Each bin is used to allocate stock in one direction and is used to remove stock in the
other. This promiscuity determines that any bin that has exhausted the space available for
stock allocation cannot be used until it is completely emptied from the opposite direction.
Repositioning the remaining pallets at the beginning of the bin allows the manager to have
new space for stock allocation.

Let us now describe the heuristic we propose, in which three consecutive steps are
carried out: Assign, Production and Outbound. Since the company uses the same cost for
each bin and SKU, the following is based on having Aij = 1, for all i and j.

The objective of the first step (Assign) is to minimize the waste of space in the assign-
ment of the initial stock. If the stock of an SKU to be assigned is less than or equal to the
capacity available in one or more bins, the logic is to select the available bin which allows
us to minimize the difference between the assigned stock and the storage capacity of the
bin. However, if the stock to be allocated is greater than the capacity of all available bins,
the logic is to choose the bin that allows us to allocate the largest quantity of product; we
choose the one with the largest capacity with the aim of minimizing the total number of
bins used. This step is described in Algorithm 1.

Algorithm 1: Assign
1 Sort the initial stock Si in the non–increasing order. Following this order,
2 foreach SKU i do
3 Stocki := Si

4 Let B be the set of available bins. If Stocki > 0, select the bins to allocate Stocki on the basis of the following rule:
5 if there exists at least one available bin in B with storage capacity Cij greater than or equal to Stocki then
6 Select the one, say j◦ , that minimizes the difference between the storage capacity and the stock to be allocated,

i.e.,
j◦ := arg min

j∈B
(Cij − Stocki).

7 The quantity of SKU i assigned to bin j◦ is equal to Stocki , i.e.,

X0ij◦ := Stocki

Stocki := 0

8 Remove bin j◦ from the set B.
9 else

10 Select the bin that has the largest storage capacity, i.e.,

j◦ := arg max
j∈B

Cij .

11 The quantity of SKU i assigned to bin j◦ is equal to the bin capacity, i.e.,

X0ij◦ := Cij◦ .

12 Remove bin j◦ from the set B.
13 Set Stocki := Stocki − X0ij◦ and go to line 4.
14 end
15 end
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Let us now describe the second step (Production) of the heuristic algorithm. This
step is very similar to the one used in the previous step. The activity always concerns the
assignment of the pallets to the bins; in particular, in this second step we must choose
where to place the pallets coming from the production lines—the volume to be managed
depends on the production plan and varies from day to day. The goal is again to minimize
the waste of warehouse space. In this step, however, we have the additional constraint of
filling the bins up to capacity in the first step, to assign the initial stock. Bins are assigned
using a dedicated storage policy. Therefore, if in the list of used bins, there is one bin with
residual storage capacity, this bin will be the first to be used to allocate production. Again,
the idea is to saturate its capacity, which, by definition, cannot be occupied with another
SKU. Note that at most one bin can have a positive residual capacity in the first step of the
algorithm. This step is described in Algorithm 2.

Algorithm 2: Production
1 Sort the production quantities Pi in the non-increasing order. Following this order:
2 foreach SKU i do
3 Stocki := Pi

4 Check if there exists a bin, say j◦ , among those used in the Assign step, with a residual capacity Cij◦ − X0ij◦ greater
than 0.

5 if Cij◦ − X0ij◦ ≥ Pi then
6

Pij◦ := Pi

Stocki := 0

7 else
8

Pij◦ := Cij◦ − X0ij◦

Stocki := Pi − Pij◦ .

9 end
10 Let B be the set of available bins. if Stocki > 0 then
11 select the bins to allocate Stocki according to the following rule:
12 if there exists at least one available bin in B with storage capacity Cij greater than or equal to Stocki then
13 Select the one, say j◦ , that minimizes the difference between storage capacity and stock to be assigned,

i.e.,
j◦ := arg min

j∈B
(Cij − Stocki).

14 The quantity of SKU i assigned to bin j◦ is equal to Stocki . i.e.,

Pij◦ := Stocki

Stocki := 0

15 Remove bin j◦ from set B.
16 else
17 Select the bin that has the largest storage capacity, i.e.,

j◦ := arg max
j∈B

Cij .

The quantity of SKU i assigned to bin j◦ is equal to the total capacity of the bin, i.e.,

Pij◦ := Cij◦ .

18 Remove bin j◦ from set B.
19 Set Stocki := Stocki − Pij◦ and go to line 10.
20 end
21 end
22 end

The third step of the heuristic (Outbound) is related to picking quantities from bins,
following the FIFO principle, to satisfy pending orders. It is described in Algorithm 3.
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Algorithm 3: Outbound
1 foreach SKU i do
2 Let Bi be the set of bins used to assign the initial stock and the production of SKU i. Let this set be ordered on the

basis of the sequence in which the bins are used to assign the initial stock and the produced stock. Therefore, the
first bin in Bi is the first bin used to assign the initial stock, the second is the second bin used to assign the initial
stock and/or production. Let Qij = X0ij + Pij be the total quantity of SKU i allocated to bin j.

3 Orderi := Fi

4 j := 1
5 if Orderi > Qij then
6 Set the quantity to fulfill from this bin equal to the overall quantity allocated to the bin, i.e.,

Uij := Qij

Orderi := Orderi − Uij

j := j + 1

and go to line 5.
7 else
8 Set the quantity to fulfill from this bin equal to the remaining quantity to deliver, i.e.,

Uij := Orderi

Orderi := 0.

9 end
10 end

6. Computational Results
The mathematical model formulated in Section 4 and the heuristic algorithm described

in Section 5 were implemented in C++ using Visual Studio 2020. The model was solved
by using CPLEX 20.1.0 on an Intel(R) Xeon(R) W-1290P Processor manufactured by Intel
Corporation, headquartered in Santa Clara, CA, USA, with CPU @3.70 GHz and 64 GB
of RAM. This equipment was sourced by the University of Brescia. A dataset of 108 real-
world instances was created using the company’s data from 2022. To allow the reader to
replicate the results of the developed approaches, these instances are available at https:
//github.com/Fepeder/PhD_Thesis_Data.git (accessed on 8 February 2026). For each
instance, the optimal solution found by CPLEX and the heuristic solution are compared
with the company solution.

To analyze the quality of the solutions, the following performance indicators are taken
into account:

- Total number of bins used at time periods 0 and 1;
- Computational time (in seconds).

Moreover, we consider another metric to compare the solutions, given by the saturation
of the space in the warehouse, at time periods 0 and 1. Even if this metric is not in the
objective function of the model, it is important from a practical point of view. To do that,
we use the following two indicators:

- Free space: It expresses the residual capacity of the warehouse, calculated as the sum
of the capacity of each unused bin. These bins can be used in the future to allocate
any SKU.

- Remaining space: It expresses the residual capacity of the warehouse, calculated as
the sum of the residual capacity of used bins. Partially used bins can be useful in the
future to assign the same SKU that is currently allocated to each of them.

Note that both indicators are expressed as a number of pallets.
Figure 2 shows a graphical example of what has just been described: 8, 9, and 10 are

three bins, each having a capacity of 240 pallets. Each bin is composed of four parallel rows
of 60 pallets each. Bin 8 is not free, but it has remaining space that can be used only to
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allocate the same SKU in the future. Bin 9 is free, as no SKUs are currently assigned to it.
Any SKU can be assigned to it in the future. Finally, bin 10 is neither free nor has remaining
free space, as it is completely occupied by SKUs.

Figure 2. Free space and Remaining space.

In our problem, as mentioned before, free space and remaining space were not included
in the objective function of the mathematical model. However, even if they are secondary
objectives, they are useful for quantifying usable and unusable (remaining) free space. This
is the reason why we computed and evaluated them, to enrich the information provided
to the manager on the performance of optimal and heuristic solutions. Instead, although
useful and widely used in the literature, indicators such as service level, fill rate, stockout
risk, or inventory turnover are not as effective for addressing our problem. In our case,
the objective is only the management of internal flows, without considering other aspects
that are typical in inventory management problems, such as forecast errors or the picking
compliance rate. One line of research development, given the results that emerged, could
be to formulate a multi-objective model that also takes these KPIs into account, in order to
validate the results already obtained through the heuristic approach.

Let us first show the results in terms of the number of bins used. Figure 3 shows the
results obtained, for each of the 108 instances, by the mathematical model (Optimal), the
heuristic algorithm (Heur), and the company solution (COM), in terms of the total number
of bins used at the time periods 0 and 1.

Figure 3. Total number of bins used.

If we look at the total number of bins used in the 108 instances, the optimal solution
uses 3103 bins, the heuristic solution 3298, and the company solution 3521 bins. Therefore,
the percentage of optimal savings given by the Heuristic is

COM − Heur
COM − Opt

= 53.35%,

meaning that the heuristic already achieves 53.35% of the benefits of optimization. Since
in the instances we used, the cost associated with each bin and SKU is equal to 1, as also
adopted by the company, the same results hold in terms of total cost.

Figure 4 shows, for each of the 108 instances, the computational time required to
compute the optimal solution and the heuristic solution. The time required by the company
is estimated to be 600 s for each instance.
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Figure 4. Computational time (sec).

The average results, in terms of the total number of bins and computational time, are
summarized in Table 1. On average, the model requires 28.73 bins, the heuristic solution
30.54 bins, while the company 32.60 bins. Therefore, the average number of bins used
in the optimal solution is 5.93% less than the number used by the heuristic solution and
11.87% less than the one used by the company. Since the average number of bins used by
the heuristic solution is 6.32% less than the one used by the company, a first significant
saving could be obtained by the company simply using the heuristic solution. This provides
evidence of the importance of formalizing and improving the decision process used by the
company. The optimal solution uses approximately 1700 pallets less than the company
solution on each day. This implies a significant saving in the annual shuttle cost that the
company has to pay to send part of these pallets to external facilities. Instead, the savings
of the heuristic solution, with respect to the company solution, is about 50% of the savings
obtained using the optimal solution (920 pallets per day).

Table 1. Solution analysis.

Opt Heur COM

Average # of bins 28.73 30.54 32.60
Average time (sec.) 1.44 0.08 600.00

The average computational time to solve the mathematical model to optimality is
1.41 s, to apply the heuristic algorithm it is 0.08 s, while the average time currently taken
by the company is 600 s. Given that we have to solve the problem four times a day, and
considering a time horizon equal to one year, the time saving that can be obtained by using
the model is about 167.61 h in total, and therefore about 39.91 min per day, while it is
167.98 h, and therefore about 39.99 min per day when the heuristic algorithm is applied.
The time saving generated by using the model and/or heuristic approach over one year,
converted into cost, is approximately 21,600 euros. This considers both the direct costs
deriving from carrying out the activity (time in the strict sense) and the indirect costs
deriving from the possible standardization of the process.

These results clearly show the advantage of using the model and the heuristic algo-
rithm with respect to the company solution. Moreover, the model is able to achieve a
significant reduction in the average number of bins with respect to the heuristic solution, in
a computational time that is comparable with the one required by the heuristic algorithm.

The presented heuristics could be easily implemented within any warehouse manage-
ment system. In our specific case, a custom report was developed in the SAP management
system. Whenever flow analysis is required, real-time data on existing stock, production to
be allocated, and orders to be fulfilled (which were previously extracted and then processed
only in Excel) are currently used to build instances of the problem, that are solved using
the proposed heuristic algorithm code.

We now perform some additional analyses to better understand the results we ob-
tained. In Figure 5 we compare the optimal solution with the company solution in terms
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of how many bins are saved. The comparison shows that the optimal solution uses up to
eight bins less than the company solution in about 8.3% of the instances, up to four bins
less in 46.3% of the instances, and up to one bin less in 98.1% of the instances. Finally,
in only two cases (about 1.8% of the instances) is the number of bins the same. Figure 6
shows the same type of analysis when we compare the heuristic solution with the company
solution. The comparison shows that, in a large part of the instances, the heuristic solution
uses a lower number of bins. In 70 out of 108 instances (64.8%), the difference ranges from
minus 5 bins to minus 1 bin. However, in 29.6% of the instances, there is no gap. Finally,
the heuristic solution never uses more bins than the company solution. The heuristic
approach was designed by studying the business approach. The number of instances
without gaps could be representative of the idea of taking care of the operational rules in
the optimization approach.

Figure 5. Reduction in the number of bins used in the optimal solution with respect to the
company solution.

Figure 6. Reduction in the number of bins used in the heuristic solution with respect to the
company solution.

In Figure 7, we overlap the two distributions of the reduction in the number of bins
moved. The graph shows that the optimal solution is able to have a greater impact on the
reduction in the number of bins than the heuristic solution.
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Figure 7. Comparison of the reduction in the number of bins.

Let us now show a more detailed analysis concerning the computational time. Figure 8
shows the Pareto graph of the solution time of the mathematical model. The Pareto chart is
a combination of a bar chart and a line chart. The x-axis of the graph contains, in our case,
the time intervals to compute the solution. The categories are reported in decreasing order
of histogram width. Meanwhile, a line represents the cumulative total of individual values
in percentage form. We can see that 50% of the instances are solved in 0.1 to 1.1 s. If we
move to the following echelon, up to 2.1 s, the percentage increases to 85.18%.

Figure 9 shows the Pareto graph of the solution time of the heuristic algorithm: 61.1%
instances are solved in 0.052 to 0.072 s.

Finally, we show the results obtained in terms of free space and remaining space. Even
if these goals are not in the objective function, they represent a key driver to understand
the capacity of the depot. Indicators are expressed in terms of the number of pallets. Note
that the maximum storage capacity of the warehouse is 11,525 pallets. Figures 10 and 11
show a comparison of the free space, in the optimal solution, in the heuristic solution, and
in the company solution, at time periods 0 and 1, respectively.

Figure 8. Pareto graph of the solution time of the mathematical model.
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Figure 9. Pareto graph of the solution time of the heuristic algorithm.

Figure 10. Free space at time period 0.

Figure 11. Free space at time period 1.

The free space in the optimal model is very similar to the one in the company’s solution
at time period 0, while the heuristic algorithm results in more free space. Conversely, the
situation changes when looking at the results obtained in time period 1. The gap between
the optimal solution and the company solution becomes wider, and the heuristic solution
continues to result in more free space, but is very similar to the optimal solution.

Figures 12 and 13 show the remaining space, related to bins that are just partially used
and that can be used in the future only to assign the same SKU that is currently assigned to
each of them. We can note that, as is the case for free space, the heuristic solution is better
than both the optimal and company solutions—for this KPI, a greater number of pallets is
equal to a greater amount of space not being used effectively.

Figure 12. Remaining space at time period 0.
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Figure 13. Remaining space at time period 1.

Table 2 shows the average free space and remaining space obtained with the optimal
solution, the heuristic solution, and the company solution. Considering the free space,
we can notice that the heuristic solution, at time period 0, allows us to have, on average,
446 and 659 more pallets than the optimal solution and the company solution, respectively,
which represent 3.87% and 5.71% of the maximum storage capacity. In time period 1, the
heuristic solution has 161 and 391 more pallets, equal to 1.39% and 3.39% of the maximum
storage capacity. Note that the average free space decreases going from time period 0
to time period 1. A part of the efficiency is physiologically lost in the transition from
time period 0 to time period 1, due to the fact that the flow rules are both considered at
the second time. This is due to how the heuristic solution is designed—the Assign step
selects the bin that best fits the quantity to be allocated at each iteration, trying to minimize
any waste of space; the production assignment flow and picking quantity flow are both
considered at time period 1 and the second one exclusively follows the FIFO picking
logic. Concerning the average remaining space at time period 0, the heuristic solution has
420 pallets less than the optimal solution, and 870 pallets less than the company solution.
In time period 1, the heuristic solution has 823 pallets less than the company solution
and 171 pallets less than the optimal solution. By analyzing these results, it is possible to
immediately understand how, for this KPI, there is a gap between the proposed methods
and the company solution. The remaining space increases in the transition from time
period 0 to time period 1—in addition to the assignment of production at time period 1, the
picking of the quantities that must be delivered also takes place. This physiologically leaves
bins open, thus generating this unused space which can then be filled with the next flow.
The heuristic algorithm achieves better results in terms of free space and remaining space
because it was designed to minimize the number of bins and, at the same time, to “choose”
the best bin to use in the stock allocation steps. From this perspective, the model is much
less constrained because only the total number of bins used is minimized. Starting from a
matrix of possible pallet quantities that varies according to the product–stack relationship,
it was possible to compare the warehouse occupancy resulting from the two methodologies.
In many cases, the total number of stacks used by the heuristic and optimal solutions is
similar. The difference in terms of free space and remaining space determines how the
selected bins are used. The heuristic algorithm performs better in this regard. As already
mentioned, developing a model that adds these two KPIs to the objective function could
be an interesting topic for further study. Another point to consider is that, in the heuristic
algorithm, the picking sequence is dictated by the imposed rules, while in the model, the
order is just the increasing numerical order. At an operational level, there is no difference,
but developing these two aspects within the model in this way would increase the difficulty,
both in terms of formulation and computability, and would therefore distance itself from
ease of application in real-world contexts. In this regard, we have also defined its execution
over two periods, on average four times a day, but the application could also be performed
over multiple periods and on separate flows. Identifying the warehouse situation at a
certain time of day allows for the results of the various steps to be easily evaluated. The
assignment phase will return a solution to be compared with the warehouse situation; a
pallet “cleaning phase” can be performed if useful, or the production assignment phase can
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be proceeded with based on the current stock situation. This flexibility of adoption offers
the ability to analyze the best option at any time and correlate it with the status of actual
operations, thus proving a valuable tool for managerial decisions.

Table 2. Average Free space and Remaining space.

Time 0 Opt Heur COM

Average free space 3572.27 4018.10 3359.56
Average remaining space 1358.62 938.06 1808.20

Time 1 Opt Heur COM

Average free space 2314.35 2475.46 2084.84
Average remaining space 2580.09 2408.29 3231.32

7. Discussion
In this paper we studied the stock allocation problem with FIFO picking constraints.

While classical stock allocation problems are defined over one time period, our problem is
defined over two time periods, the first related to the assignment of the initial stock and
the second related to the assignment of production and the picking operations. Moreover,
the FIFO logic is applied when picking is performed.

7.1. Implications for Theory

Given these two main features of our problem, we formulated a new integer linear
programming model able to capture the complex constraints needed to guarantee the FIFO
logic. From the theoretical point of view, we also proved that this problem is NP-hard,
justifying in this way the use of heuristic algorithms.

7.2. Implications for Practice

The new integer linear programming model was tested on instances built on the data
of a leading Italian mineral water bottling company. The computational results showed
that the problem can be easily solved to optimality on these instances. Therefore, even if the
problem is in general NP-hard, optimal solutions can be applied in practice. Moreover, a
heuristic algorithm was designed on the basis of the rule of thumb applied by the company.
The computational results showed that this heuristic algorithm is effective and able to
provide good results with respect to KPIs pertaining to residual space, which were not
included in the objective function of the optimization model.

7.3. Limitations of the Study and Future Research Directions

The problem studied the optimization of logistics flows starting from the existing
storage logic (bin management). This structural element represents the warehouse as a
black box, where space allocation is not linked to specific factors and indicators (safety
stock, inventory rotation, EOQ, etc.) but simply to the optimal occupation of the available
space. The introduction of more modern storage systems (racking) could be accompanied
by the study of more modern storage policies, such as WMS, slotting algorithms, material
flow systems, or smart warehousing. Future research could be devoted to studying a
multi-objective model in which all these different KPIs can be balanced. Moreover, the
current approach is based on the assumption of a given layout. Dynamic models, able to
adapt the layout on the basis of the stock flows, could be formulated and solved. Finally,
more general situations could be studied: different product types (e.g., high volume or
high value), over more than two time periods, with different assumptions on bin cost, and
including forecasting errors in production or demand.
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