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Data-Driven Optimization of Intralogistics in the Ceramic Tile Industry

by Marco TACCINI

This doctoral thesis explores optimization problems in the field of intralogistics, with a par-
ticular focus on the ceramic tile industry. The study focuses on three main research direc-
tions aimed at improving the efficiency, flexibility, and reliability of intralogistics processes
through the application of Operations Research (OR), Discrete Event Simulation (DES) and
Machine Learning (ML) methodologies. The first topic concerns the optimization of buffer
storage areas by means of DES. The research analyzes different pallet classification and al-
location policies, providing quantitative insights to maximize storage capacity, facilitate op-
erators’ activities, and enhance warehouse efficiency. The second topic addresses the design
of an automated Decision Support System (DSS) for transportation planning in peripheral
warehouses. The system integrates digitalization and mathematical optimization to automate
order assignments and truck loading plans, minimizing transportation costs and improving
coordination among storage sites. The third topic explores a hybrid predictive approach that
combines optimization and ML to estimate the number of pallets required for shipping. The
algorithm enables fast and accurate predictions suitable for real-time decision-making and
is further extended through a multi-output regression framework capable of simultaneously
forecasting different pallet types, improving stock planning and resource utilization. In con-
clusion, this doctoral thesis contributes to the advancement of OR applications in ceramic
tiles intralogistics, providing innovative methodologies and practical tools that support the
digitalization and optimization of industrial logistics systems.
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Chapter 1

Introduction

In the current economic and technological landscape, efficient management of logistics pro-
cesses represents a strategic factor for companies operating in highly competitive sectors.
Especially, the ceramic tile industry, characterized by large production of heavy, volumi-
nous and fragile products, requires advanced methodologies to ensure flexibility, reliabil-
ity, and cost efficiency in intralogistics operations. Operations Research (OR) offers a wide
range of tools to address these challenges. By combining mathematical modeling, algorith-
mic approaches, and data-driven techniques, it enables the design of solutions that improve
decision-making and operational efficiency.

In recent years, the ceramic tile sector has been facing a set of challenges that further
increase the complexity of intralogistics management. These include increasing market un-
certainty, a widening product range, shorter delivery times, and growing pressure to reduce
operational costs while maintaining high quality standards. Moreover, the rapid evolution
of automation technologies and digital platforms has significantly transformed intralogistics
processes. In this dynamic context, traditional experience-based and manual approaches,
which are still widely adopted in the ceramic tile sector, may be inadequate to effectively
manage the scale, heterogeneity, and uncertainty that characterize modern intralogistics.
Addressing these challenges can benefit from a multidisciplinary viewpoint that brings to-
gether methods and competencies from OR, industrial engineering, and data analytics. In
this sense, this thesis explores a multidisciplinary approach that combines different method-
ological paradigms with the aim of improving and optimizing intralogistics operations in the
ceramic tile sector.

This doctoral research is developed along three main directions. The first investigates
the use of Discrete Event Simulation (DES) to study and optimize the placement of pallets
within stock areas, aiming to maximize storage capacity, facilitate operators’ activities, and
improve warehouse performance. The second concerns the development of an automated
Decision Support System (DSS) for optimizing transportation activities in peripheral ware-
houses, with the goal of minimizing costs and enhancing the efficiency of flows between
storage locations. Finally, the third examines hybrid approaches that integrate optimization
and Machine Learning (ML) techniques to predict the number of shipping pallets, support-
ing proactive decision-making and ensuring more efficient logistics flows. Together, these
contributions advance both the theoretical understanding and practical application of OR in
intralogistics, providing insights that can be directly implemented in industrial settings.

The motivation for the present study arises from the growing interest within the scientific
community in addressing the challenges of intralogistics optimization, particularly in man-
ufacturing sectors, like ceramic tile industry, where efficiency and flexibility are critical. In
recent years, a significant body of research has emerged on the use of simulation, optimiza-
tion, and data-driven methods to enhance logistics performance (Aretoulaki et al., 2024),
reflecting the relevance and timeliness of the themes explored in this thesis.

Another driving factor behind this research stems from the interest cultivated throughout
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my industrial doctorate in an international ceramic tile company headquartered in Italy, lo-
cated in the ceramic district of Sassuolo (Confindustria Ceramica Sassuolo 2025). Within
this context, I had the opportunity to work directly on projects aligned with the company
operational needs, applying the methodologies and techniques developed during the doc-
toral research to real-world problems. The outcomes of this collaboration were not only
disseminated through scientific publications but also implemented within the company logis-
tics processes, providing both economic and practical benefits. This industrial doctorate has
provided a unique opportunity to bridge the gap between academic research and industrial
application. It allowed for the validation of theoretical models through practical deployment,
while at the same time contributing to the innovation and competitiveness of a key sector
within the Italian manufacturing landscape. The work presented in this thesis reflects this
dual perspective, combining rigorous academic development with direct applicability to in-
dustrial practice.

More in detail, the thesis is organized into four main chapters. Chapter 2 investigates
the use of DES to study and optimize the management of buffer storage areas in the ceramic
tile industry. The motivation for this work arises from several distinctive characteristics of
ceramic production such as the high lack of homogeneity in terms of size, finishing, and
packaging configuration (Boza et al., 2014). As a result, the pallets that are transported
and stored within the factory are extremely heterogeneous, which poses a challenge for the
efficient organization of buffer areas. Traditional allocation strategies often fail to guarantee
an optimal use of space, leading to wasted capacity, operators inefficiency and higher risks
of product damage. In this context, buffer areas play a crucial role, acting as temporary
storage zones between production lines and the shipping warehouse. The way pallets are
classified and positioned within these areas strongly affects the overall logistics performance.
A suboptimal allocation strategy can increase the workload of forklift operators, extend the
travel distance within the warehouse, and create congestion, with negative consequences
on productivity and safety. At the same time, companies face the additional constraint of
limited storage capacity due to the large volumes produced daily, which makes the efficient
use of buffer space a priority. To address these challenges, DES is applied as a decision-
support methodology. It enables the evaluation of different pallet allocation and classification
policies before their actual implementation with the objective of identifying strategies that
maximize storage capacity, facilitate operators’ activities, and enhance warehouse efficiency.
In particular, the research compares several alternative allocation rules, highlighting trade-
offs between space utilization and operational complexity. The contribution of this chapter
shows how simulation can capture the dynamics of highly heterogeneous storage systems
and provide quantitative insights to support intralogistics decision-making in the ceramic tile
industry.

Chapter 3 presents the development of an automated DSS for the planning and optimiza-
tion of transportation activities in peripheral warehouses of a ceramic tile company. The
motivation for this research comes from the traditional practices still widely adopted in the
sector, where order assignments and truck loading plans are often managed manually by lo-
gistics operators. This manual approach is not only time-consuming and error-prone, but it
also generates significant inefficiencies: orders are processed with limited visibility of the
overall flows and redundant activities are performed. The ceramic tile industry amplifies
these challenges due to its complex logistics structure. Large volumes of different products
need to be shipped daily from multiple peripheral storage locations to a central distribution
hub, where shipments are consolidated. Pallets are destined for different locations, while de-
mand fluctuations and last-minute changes in customer orders add uncertainty to the planning
process. In this context, relying on manual procedures leads to suboptimal truck utilization
and high transportation costs. To address these issues, the research proposes a DSS that
integrates digitalization with mathematical optimization. The system digitalizes the order
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management process, eliminating manual-based and repetitive activities, and incorporates
an Integer Linear Programming (ILP) model designed to optimize the assignment of orders
to warehouses and trucks. The model minimizes total transportation costs while respecting
operational constraints, such as truck capacities, customer delivery requirements, and the
synchronization of flows from different warehouses to the central hub. The DSS architecture
has been designed for usability and scalability. On the one hand, it ensures that operators can
interact with the system through an intuitive interface that provides decision support in real
time. On the other hand, the optimization model guarantees that solutions are systematically
cost-efficient and consistent with company objectives. By automating the planning process,
the DSS reduces the workload of logistics operators, increases the reliability of decisions,
and improves coordination across multiple peripheral warehouses. The contribution of this
chapter lies in demonstrating how OR models can be embedded into decision-support plat-
forms that are directly applicable in industrial contexts. From a practical perspective, the
implementation of the DSS led to measurable benefits, including reductions in transportation
costs and simplification of order management processes.

Chapter 4 presents the development of a hybrid approach that combines ML with opti-
mization to quickly and accurately predict the number of pallets required to ship an order
of ceramic tiles. The motivation for this research stems from a real-world case study in ce-
ramic tile production, where the company needs to provide customers with an immediate and
accurate expectation of transportation costs at the moment of purchase on its e-commerce
platform. Furthermore, the operational reality of the company, which includes warehouse
uncertainties and loading operations primarily based on the personal experience of operators,
means that traditional model-based solution methods are not well suited. The logistics chal-
lenges in the ceramic tile industry amplify the difficulty of the problem, which is a variant of
the Distributor Pallet Loading Problem (DPLP) (Mungwattana et al., 2023). Loading oper-
ations of shipping pallets must satisfy complex requirements, including weight and volume
constraints, vertical stability, load-bearing, and restricted box orientations. Moreover, due to
the warehouse current state and system decisions, products are not all available simultane-
ously. In this context, the objective shifts from finding a time-consuming optimal solution
to providing a quick and reliable prediction. To address these issues, the research proposes
a hybrid algorithm where an ML model, specifically XGBoost (Chen and Guestrin, 2016a),
is trained over a company dataset comprising two years of customer orders. The predictive
accuracy of the ML model is significantly improved by incorporating additional features de-
rived from quick optimization algorithms. These optimization-based features include a linear
relaxation lower bound, an upper bound calculated assuming homogeneous pallets, and the
result from a quick constructive heuristic. The contribution of this chapter lies in demonstrat-
ing the effectiveness of a hybrid approach for complex combinatorial optimization problems,
especially those with company-specific operational constraints that are difficult to model ex-
plicitly.

Chapter 5 presents an extension of the hybrid approach developed in Chapter 4, focusing
on the implementation of a Multi-Output Regression (MOR) technique to further enhance
the predictive capabilities for the DPLP variant. The core motivation remains the company
critical need for fast and accurate predictions of the number of pallets required for shipping to
facilitate quick cost estimation on their e-commerce platform and manage operational work-
flows. The challenge addressed in this extension is related to the different types of shipping
pallet available. While the algorithm developed in Chapter 4 successfully predicts the total
number of pallets required, this work allows the generalization of the model for multi-output
predictions, specifically for small-sized and big-sized pallets simultaneously. This is crucial
because the choice between pallet sizes is a key operational and cost-driver decision. Start-
ing from the algorithm introduced in Chapter 4, two main MOR strategies are investigated.
The first is Independent Regressors (IR), a baseline approach that considers the prediction
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of quantities for each pallet type as separate and uncorrelated tasks, training an individual
regressor for each output. The second is the Regressor Chain (RC), a more advanced method
that explicitly captures dependencies between outputs. It trains a first regressor to predict
one target, then incorporates this prediction as an additional input feature for the subsequent
regressor, which estimates the next target. Two variants of the chain were evaluated, differing
in the order of the predicted outputs. The contribution of this chapter shows that adopting
a MOR framework is well suited to the operational setting, where different pallet types are
inherently correlated. Moreover, by forecasting the quantities of small and large pallets, the
system supports the company in improving stock planning and optimizing the use of ware-
house and transportation resources.

Finally, concluding remarks are reported in Chapter 6.
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Chapter 2

Simulation in Ceramic Tile Industry 1

In this chapter we present the study on identifying the best strategy to temporarily store prod-
ucts within a buffer area in an Italian ceramic tile company. The storage policy is analyzed
to maximize the storage capacity, facilitate operators’ activities, and, consequently, improve
the warehouse logistics performance. A DES was conducted using Salabim, a Python based
open-source software, in order to determine the best policy. We compare the performance
of the current storage policy, based on technical production properties of products, and a
newly proposed one, based on products’ downstream destination. The results suggested that
the proposed strategy significantly improves the performance of the buffer area manage-
ment. The approach can be applied to different applications, contributing to the literature on
simulation-based decision-making in material management. Furthermore, the study provides
a functional case study showing the potential and achievable results of Salabim for modeling
complex systems.

2.1 Introduction

Over the last decade, the worldwide tile market has experienced increasing significance and
remarkable growth. In particular, as reported by ACIMAC Research Department (2022), the
global production of tiles grew in general by 7.2% in 2021 compared to the previous year,
producing 18.3 billion square meters. Focusing more on Italy, the country is the main world
exporter in terms of value, accounting for 28.1% of the world export share, and ranking
seventh in terms of production. Furthermore, Baraldi (2022) reveals that Italy produced
435 million square meters of tiles, generating revenues of C6.2 billion. Overall, in 2021,
the Italian ceramic sector revealed a positive trend across all key indicators, highlighting its
importance.

One of the crucial problems in ceramic industry operations is material handling. As
defined in Efthymiou and Ponis (2019), material handling involves a range of activities to
move, store, protect and control the products throughout the entire manufacturing process.
In particular, products are briefly paused and handled in storage areas, consuming valuable
space and time in the form of person-hours and resulting in additional expenses for the com-
pany. Therefore, warehouse management, specifically material handling, plays a crucial role
in ensuring efficiency and customer satisfaction within the supply chain.

Furthermore, Boza et al. (2014) introduced the concept of Lack of Homogeneity in the
Product (LHP), a phenomenon that occurs during production processes when they involve
uncertainty, such as natural raw materials or variable operations. The ceramic industry is
particularly affected by LHP, due to clays and the highly variable production process, de-
pending on various factors, such as temperature and humidity. The same authors pointed out
that LHP is in contrast to customer demands, which in turn require uniform ceramic tiles

1The results of this chapter appears in: Taccini, M., Dotti, G., Iori, M. and Subramanian, A. "Improving
Buffer Storage Performance in Ceramic Tile Industry via Simulation". In Proceeding of the International Winter
Simulation Conference 2023, pp. 1676-1687.
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for aesthetic reasons. To address this issue, tiles companies must incorporate a classification
stage in their production process, involving personalized classification criteria. In particular,
in most ceramic industries every piece is visually inspected and classified based on quality,
shade, and caliber. Products are then stored in homogeneous subgroups to facilitate their
retrieval for homogeneous orders. As a consequence, the classification process can affect
material handling performance and, therefore, must be carefully evaluated. Hence, given the
importance of material handling in ensuring material flow and avoiding bottlenecks, it is cru-
cial to prevent production stops. Therefore, the objective of this study was to implement a
Discrete Event Simulation (DES) in an Italian ceramic tile company, in order to analyze the
best storage policy without affecting the material flow. Salabim (Ham (2018)) was selected
as simulation tool, as it offers a range of attractive features, including being an open-source
Python-based software, having comprehensive documentation, object-oriented architecture,
and animations. This work focused specifically on the comparison of two different stor-
age policies for the classification of products within the buffer storage area. In particular,
the newly devised policy classifies products based on their downstream destination rather
than their production properties, consequently improving the logistic performance in terms
of flexibility and costs.

The remainder of the chapter is structured as follows. Section 2.2 provides an overview
of the main research areas within the ceramic tile industry, with a particular focus on the
applications of DES in the sector. In addition, a review of Salabim and its applications is
provided. Section 2.3 presents more details about the problem, while Section 2.4 elaborates
the proposed storage policy. Section 2.5 discusses in detail the simulation of the policy, and
Section 2.6 reports and comments the results. Finally, Section 2.7 summarizes the study and
presents future research directions.

2.2 Literature Review

The ceramic tile industry has received considerable attention in the literature, with many
studies exploring different aspects of the industry. A large body of literature has investigated
the production process of ceramic tiles. For example, Dubey and Yadava (2008) reviewed
the Laser Beam Machine technology to improve the ceramic performance, while Sciancale-
pore et al. (2014) reviewed antibacterial and self-cleaning coatings for tiles. Moreover, Xie
(2008) and Zhao (2021) examined innovative methods to identify tiles defects. More re-
cently, the focus has shifted to the sustainability of the ceramic industry. Ferrari et al. (2019),
Medina-Salgado et al. (2021), and Atılgan Türkmen et al. (2021) studied the estimation of
the environmental impact of the ceramic industry. Focusing likewise on recycling, Andreola
et al. (2016) and Zanelli et al. (2021) examined the usage of recycled materials in tile pro-
duction, while Mangi et al. (2022) investigated the utilization of the ceramic waste for the
production of concrete. Additionally, logistics aspects were studied from the sustainability
perspective, as Dondi et al. (2021) highlighted the impact of the supply chain on the ceramic
industry sustainability, focusing on identifying the potential criticality in the current con-
sumption trends of raw materials. Moreover, Ma et al. (2022) pursued the achievement of
a smart and sustainable manufacturing through the integration of big data analytics and dig-
ital twin technologies. The chapter specifically focused on energy-intensive manufacturing
companies and provided two different case studies on ceramic tile industries.

Furthermore, a growing body of literature has investigated Decision Support Systems
(DSS) applications in various fields within the ceramic tile industry, such as the inventory
control in Abdolazimi et al. (2021), and the production planning and scheduling in Soares et
al. (2022). In particular, Boza et al. (2014) and Alemany et al. (2018) specifically focused on
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the delivery management of products with homogeneity requirements, highlighting a crucial
aspect of the ceramic tile sector.

Although considerable research has been done on different aspects of the ceramic in-
dustry, much less is known about the application of simulation in this sector. To the best
of our knowledge, only a few papers investigated process simulation tools as performance
measurement tools for improvement in ceramic tile industries. Davoli et al. (2010) devel-
oped a simulation tool to evaluate the impact of unreliable orders on the performance of a
generic ceramic tile industry, quantified as earnings and fulfilled orders. The stochastic sim-
ulation divided the overall model into sub-processes, each simulated in VirtES, a customized
simulation software coded in the Scilab environment. A precedent work of Davoli et al.
(2008) studied the industrial processes of ceramic tiles manufacturing through the integra-
tion of VirtES and AutoMode. Firstly, each industrial process was schematized in terms of
input and output and simulated in VirtES, to investigate critical processes and support the
process redesign. Then, the impact of the proposed changes was quantified in terms of pro-
duction, using the AutoMode commercial process-oriented simulation tool. Similarly, Nadir
et al. (2020) studied the waste generated by non-efficient tile handling systems, simulating
the process in commercial Simio software and comparing the results with performance indi-
cators. However, to the best of our knowledge, no studies have simulated ceramic processes
using non-commercial software tools. Therefore, we filled the literature gap by studying the
storage policy of a ceramic company through the application of simulation, in particular DES
on Salabim, an open-source package developed in Python.

Salabim was presented by Ham (2018), who focused on the characteristics that differen-
tiate Salabim from SimPy, the other open-source simulation software developed in Python.
Firstly, Salabim uses the Simula activate/passivate/hold paradigm, which facilitates the im-
plementation of clear and easy-to-maintain models. The Simula approach, introduced by
Dahl and Nygaard (1966), enables the modeling of interactions among simulation entities by
defining events and changes of state. Moreover, Salabim provides various additional and use-
ful functions such as animation, queues, states, monitors for data collection and presentation,
tracing, and statistical distributions.

However, despite its promising characteristics, we were able to find little literature about
Salabim. In Lang et al. (2021c), a problem case was used to compare five different DES
software tools. In particular, the authors considered three open software tools, including
Salabim, and two commercial ones. The results proved that open-source simulation software
is a concrete alternative to commercial DES software. Although not first in the ranking,
Salabim emerged as a promising tool for DES, particularly recommended to integrate models
in Python applications. Several attempts have been made to integrate Machine Learning and
DES in Salabim to solve different problems. The main area of interest within the Salabim
applications is the simulation of variants of the production scheduling problem, as in Erden
et al. (2019), Erden et al. (2021), Lang et al. (2020a), Lang et al. (2020b), Lang et al. (2021a),
and Lang et al. (2021b). Furthermore, in Anglano et al. (2019a), and Anglano et al. (2019b),
the authors focused on algorithms for the scheduling of applications on a set of heterogeneous
mobile devices. Finally, Salabim was also used to simulate operations in health centers, as in
Baldwa et al. (2020) and Shoaib and Ramamohan (2022).

Considering the literature gap, this chapter aims to provide a concrete application of DES
in the logistics of the ceramic tiles industry. Thus, in the following chapters, we will focus
on the Salabim application to the case study.
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2.3 Problem Description

This research concerns a international ceramic company that produces tiles according to the
make-to-stock strategy. The study first simulates the policy adopted to classify products in
the buffer storage area between the production plant and the logistics department. The storage
policy is then redesigned as a strategy to maximize the storage capacity, facilitate operators’
activities, and, consequently, improve the warehouse logistics performance.

Buffer areas in the ceramic sector are commonly standardized and regularly shaped and
therefore they can be schematized as a matrix, as shown in Figure 2.1. Each cell of the
matrix can contain a pile of four identical-sized pallets, vertically stacked. The pallets are
transported by automatic vehicles into the storage area from the east side (in the bottom of
Figure 2.1) and are temporarily stored in the buffer, waiting for the forklift operators on the
west side to manually pick them up and finally pack them into the logistics department. Since
operators pick pallets manually from the buffer area, their work efficiency is impacted by the
location of the pallets. Consequently, the storage policy must carefully assign pallets to cells,
dividing pallets into classes based on criteria to cluster them and facilitate picking activities.

To facilitate workers activities, each column of the matrix is dedicated to a single class.
Specifically, pallets are deposited into the westernmost available cell of a column dedicated
to their class. In case all columns have already been destined to other classes, the system can
store distinct classes in the same column, to prevent production downtime. However, mixing
classes causes penalties because it hampers operators’ activities. Classification policies are
described in detail in Section 2.4.

FIGURE 2.1: Storage area representation.

2.4 Classification Policies

2.4.1 Current Classification Based on Codes

The current strategy classifies columns based on codes, identified by the combination of:

• commercial characteristics, such as size, materials, lapping, and thickness;

• technical specifications, such as quality, shade, caliber, and production batch.

Each column can hold only one single code. In case all columns have already been destined
to different codes, the system can store distinct codes in the same column, causing penalties.
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2.4.2 Proposed Classification Based on Destinations

This study focuses on the definition of a proposed storage policy, categorizing pallets ac-
cording to their final destinations rather than their codes. Pallets with different downstream
destinations, established by in-house logistics flows, are moved to dedicated company ware-
houses. Therefore, each destination may require pallets to be classified based on further
characteristics. The following list outlines the range of possible destinations and indicates
the corresponding classes for each one:

• inter-company pallets, containing tiles produced for other companies of the same hold-
ing. In this case, pallets are classified based on the commercial characteristics of the
products;

• under-choice pallets, containing non-first quality tiles due to LHP. Such pallets are
commercialized in a different commercial channel and, therefore, are shipped to a
specific facility. In this case, pallets are not classified based on further characteristics;

• picking pallets, destined for picking operations, in which loading units containing
fewer tiles than regular-size pallets are prepared to meet sales requirements. In this
case, pallets are not classified based on further characteristics;

• high-rotation pallets, containing frequently sold goods. They are stored in a warehouse
closer to the shipping area. In this case, pallets are sold, and consequently classified,
based on their code, that comprehend both technical and commercial characteristics;

• low-rotation pallets, containing goods that are sold less frequently. They are stored
in a warehouse farther from the shipping area. Also in this case, pallets are sold, and
consequently classified, on the basis of their code.

Each column of the buffer area is dedicated to a single class. As in the current storage policy,
if all columns have already been destined to other classes, the new policy allows mixing
pallets to avoid any stop in the production flow. In this case, whenever a new pallet has to be
stored in an already classified column, there are two possible scenarios:

• soft-mix: the pallet is stored inside a column dedicated to the same destination, but to
a different class. For example, a soft-mix class column can contain different codes of
inter-company pallets;

• mix: the pallet is stored inside a column dedicated to a totally different destination. For
example, a mix class column can contain both under-choice and picking pallets.

The new classification storage policy was rigorously analyzed through a DES to quantify its
impact on major performance indicators.

2.5 Simulation

In this section, we provide a description of the simulation study, including the input data
provided to model the process, the conceptual model used to reproduce the real-world system,
the verification and validation processes, and the performance indicators selected to measure
the effectiveness of the proposed solution.
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2.5.1 Input Data

The simulation is based on real world data that reproduces the manufacturing jobs of 30 dif-
ferent days in the company. Therefore, the initiation of the simulation requires an input file
for each simulated day, containing real information on each pallet that arrived in the buffer
area. The relevant data contained for each pallet includes the identification number and the
size of the pallet, its arrival time inside the buffer area, the production characteristics of the
tiles, and the information about its downstream destination, such as the level of rotation and
whether the pallet is inter-company, under-choice or picking. To generate the necessary in-
put data about downstream destination, a pre-processing step was executed on historical data,
calculating the information using company sales data. Since LHP particularly affect the qual-
ity of the ceramic tiles, special attention was dedicated to under-choice pallets, to consider
their stochastic fluctuations. To gain insights into the variability of under-choice pallet, a
histogram was initially plotted to visualize the distribution of the number of pallets. Subse-
quently, the Shapiro-Wilk statistical test was performed, confirming that the number of daily
under-choice pallets follows a normal distribution (mean = 28.89,std = 8.26). As a result,
we used this distribution to stochastically generate data and we performed 10 simulation runs
per day.

2.5.2 Conceptual Model

The simulation aims to improve the utilization of the buffer area by determining the best
storage classification policy. The flow of the simulation is schematized in Figure 2.2. At

FIGURE 2.2: Simulation flow.

first, the simulation is initialized with the necessary input parameters. Each pallet undergoes
four key phases:

• Creation and Classification: after being generated, the pallet is classified according to
either the characteristics-based or the destination-based policies;

• Storage: the pallet’s storage location in the buffer area is determined based on space
availability, with the westernmost position being favored. If no space is available,
the pallet is removed from the simulation and considered lost, according to the real-
world process, in which if there is no space available then the production line must
stop. Automated Guided Vehicle (AGVs) transport pallets to the storage area. The
transportation time follows a triangular distribution derived from real-world data with
min = 90s, max = 180s, and mode = 120s.

• Queuing: the pallet waits at the storage location;

• Pick-Up: the pallet is removed from the buffer area by forklift operators and exits the
simulation. Two forklift operators are responsible for the emptying process during
working hours and they are considered available when there are not pallets waiting to
be removed.

The simulation model was developed by extending Salabim’s built-in classes and regulat-
ing its flow through the construction of built-in component routines. The main simulation
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components extended from Salabim’s built-in classes are PalletClass, PalletGeneratorClass,
and ForkliftClass. Operators, BufferArea, ColumnState, and Animation are entities created
respectively from Salabim’s built-in classes Resources, Queue, State, and Animate.

Figure 2.3 illustrates the logic of the conceptual model through the pseudocode. The

FIGURE 2.3: Conceptual model’s pseudocode.

PalletGeneratorClass generates pallets according to the input data (Line 3), ensuring that
the creation of pallets within the simulation corresponds to the actual arrival times specified
by the input data. After the generation of each pallet, the associated routine of PalletClass
(Line 14) is automatically executed. The routine determines the pallet’s location within the
buffer area, the placement of the pallet in the appropriate queue, the activation of the Fork-
liftClass if it is in a passive state (Line 24), and finally the passivation of the pallet (Line
27). The ForkliftClass models the activities of the operators by removing pallets from the
buffer area during working hours, emptying one column at a time. When the pallet is reac-
tivated by ForkliftClass (Line 9), it exits the buffer area queue, updating the 2D animation
representation.

2.5.3 Verification and Validation

The conceptual model was verified to confirm its accuracy. To ensure verification, the doc-
umentation was kept up-to-date throughout the model construction process and the accuracy
of the model was evaluated by analyzing the output while modifying the input parameters.
Moreover, Salabim’s 2D animation was used to visually inspect the model’s logic. Figure 2.4
represents a temporal snapshot of the simulation, in which different colors are used to repre-
sent distinct classes, in order to highlight any presence of mixed columns. For each cell we
also report the number of stacked pallets. When a cell contains four pallets, it is considered
to have reached its maximum capacity, and any additional pallets belonging to the same class
are assigned to the next cell within the same column. Once a column is completely filled,
a new column is then used. Cells with a value equal to zero represent positions that are not
occupied by pallets.

Finally, validation was achieved by comparing the average waiting time of pallets in the
buffer area for simulation results and actual data regarding 30 different days. Since waiting
times were normally distributed, the paired t-test was selected to compare results and deter-
mine a statistical difference. The test did not show any significant difference in the average
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FIGURE 2.4: Simulation 2D animation.

time of the 30-day data (p-value > 0.9) and, as a result, the simulation is considered accurate
and a valid representation of the real-world process.

2.5.4 Performance Indicators

The purpose of the simulation was to assess possible improvements in the buffer area in
terms of space utilization and ease of operation. The simulation assessed the performance of a
company in which the production process never stops, while the logistics department operates
on a two-shift schedule, as common in the ceramic sector. As a result, during night shifts
and weekends, pallets are stored in the buffer area without being retrieved. Therefore, two
distinct sets of indicators were collected to evaluate both the described scenarios – with and
without operators. In the scenario without operators, the following performance indicators
were assessed to evaluate the impact of the classification policies:

• time (in minutes) elapsed before the first occurrence of the mix state in the current
policy and the soft-mix state in the proposed one;

• time (in minutes) elapsed before the area being filled;

• number of pallets lost due to lack of space.

The real-world system was designed to enable operators to handle the production flow with-
out exceeding the available buffer storage area. Therefore, in the scenario with operators,
the focused moved from the probability of the area being filled to the assessment of space
utilization, considering the following performance indicator:

• maximum number of columns used at the same time, calculated to assess the feasibility
of the classification policy in terms of space utilization.

The performance indicators were collected considering the two classification policies pre-
sented in Section 2.4 and the results are compared in Section 2.6.

2.6 Experimental Results

Two scenarios were simulated to compare the current classification policy and the proposed
one based on the performance indicators defined in Section 2.5.4. The mean results over
10 runs for each of the 30 simulated working days, together with the corresponding average
values (Avg.) for each policy, are presented in Table 2.1. Given that each simulation day
begins at the end of the logistics shift and considering that the real-world system was designed
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TABLE 2.1: Simulation results.

Without operators With operators
Minutes before

mix/soft-mix state
Minutes before

area filled
Number of
lost pallets

Max. number
of columns

Day Current Proposed Current Proposed Current Proposed Current Proposed
1 634.2 774.1 1322.8 1334.7 57.7 55.1 26.0 23.5
2 660.7 779.6 1297.2 1469.6 45.9 0.0 28.5 24.2
3 388.3 486.0 1229.0 1177.8 80.4 108.0 29.0 29.0
4 511.4 695.3 1174.4 1230.9 113.2 68.9 28.3 25.1
5 790.9 1019.2 1391.7 1432.2 43.6 3.2 22.2 16.2
6 453.0 681.7 1280.3 1319.1 83.6 53.9 28.8 25.9
7 776.1 966.9 1421.7 1495.9 0.0 0.0 21.3 17.1
8 527.0 729.4 1395.9 1367.5 14.3 20.7 26.9 23.7
9 602.3 851.0 1382.6 1409.9 32.9 15.8 26.3 22.0

10 881.9 948.7 1474.1 1429.8 0.8 2.5 22.3 18.6
11 600.2 718.9 1311.6 1364.3 49.6 31.5 26.8 23.4
12 759.0 847.9 1467.7 1467.6 0.0 0.0 23.6 20.7
13 715.1 972.9 1305.4 1378.5 49.8 22.6 23.7 19.1
14 618.1 887.4 1309.7 1451.8 61.6 1.5 26.8 21.8
15 764.1 803.0 1370.1 1402.7 16.0 4.8 26.2 21.7
16 481.8 694.8 1356.2 1424.7 55.8 14.7 28.8 24.6
17 747.1 930.6 1361.7 1442.0 34.0 1.0 24.7 21.1
18 601.3 782.8 1327.7 1256.4 0.0 0.0 18.8 17.3
19 530.5 913.7 1262.4 1435.5 85.5 2.7 28.3 23.1
20 1004.8 1099.0 1524.0 1498.4 0.0 2.5 22.2 18.7
21 539.5 724.8 1203.5 1245.6 79.5 70.7 28.1 22.9
22 580.0 758.4 1454.7 1419.5 2.7 4.0 26.2 22.4
23 430.6 534.5 1109.4 1118.6 195.5 203.8 29.0 28.6
24 699.6 910.9 1367.9 1476.5 22.6 1.0 25.6 22.1
25 620.1 836.1 1361.3 1477.7 17.7 0.0 26.4 23.6
26 780.6 1178.9 1488.3 1595.0 3.2 0.0 23.1 19.8
27 646.8 835.1 1368.1 1392.4 43.0 37.5 25.6 20.9
28 734.3 937.4 1525.7 1408.2 0.0 9.5 22.2 18.1
29 878.3 928.0 1436.8 1399.6 3.4 35.5 23.2 20.6
30 385.1 511.5 1157.3 1169.2 150.6 157.9 29.0 28.2

Avg. 644.8 824.6 1348.0 1383.1 44.8 31.0 25.6 22.1

to ensure operators empty the area before the shift ends, the buffer area starts the simulation
without any pallets, making warm-up time unnecessary. A statistical comparative analysis
was performed on the results to determine a significance difference between the means of
the two simulated policies. For normally distributed results, the one tail paired t-test was
selected, while non-normally distributed data were compared through Wilcoxon signed-rank
test.

Regarding shifts without operators, the test revealed that the mean time elapsed before
the first occurrence of the mix state in the current classification policy and the soft-mix state in
the devised policy significantly differ (p-value < 10−12). On average, the soft-mix state in the
new policy occurs 27.9% minutes later than the mix state in the current policy, significantly
reducing the operation time. Furthermore, the test was conducted on the mean time elapsed
before the area was filled. The test demonstrated a significant difference (p-value < 10−2),
with the new policy delaying the area filling time by 2.6% compared to the current one,
leading to capacity improvements and consequent reductions in production downtime. Addi-
tionally, statistical analysis revealed a significant reduction in the mean number of lost pallets
(p-value < 10−2), with an average decrease of 30.8%. The discussed results showed how the
proposed policy enhances the flexibility of the storage activities in the scenario without op-
erators. Therefore, the company can reconsider the number of required operators and the
distribution of the shifts, resulting in economic benefits. In shifts with operators (reported in
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the right part of Table 2.1) the test demonstrated a significant difference in the mean number
of columns required (p-value < 10−13), highlighting the possibility to compress the size of
the buffer area about the 13.5% without reducing the production capacity. Overall, the ex-
perimental results confirmed the benefits of the devised policy, both in terms of economic
efficiency and flexibility. Further economical studies were conducted to estimate the poten-
tial cost savings associated to the area emptying process, revealing that the proposed policy
is expected to reduce the costs by 17%.

The results outlined how the developed policy led to a statistically significant improve-
ment in the performance of the buffer storage area. However, it was essential for the company
to comprehend how the new policy would impact different scenarios. This understanding be-
came particularly relevant due to the positive market trends observed in the ceramic sector
and particularly within the company. Therefore, the assumption of a percentage increase in
production was made to assess the potential impact of the policy under varying conditions.
Specifically, seven different scenarios were simulated, incrementally increasing production
quantity by 5%, from 0% to 30%. For each scenario, the simulation was conducted over a
period of 30 days, and the mean results of 10 runs per scenario are reported in Table 2.2. To

TABLE 2.2: Average simulation results for increasing percentages of pro-
duction quantity.

Without operators With operators
Minutes before

mix/soft-mix state
Minutes before

area filled
Number of
lost pallets

Max. number
of columns

Increase in
production (%) Current Proposed Current Proposed Current Proposed Current Proposed

0 644.8 824.6 1348.0 1383.1 44.8 31.0 25.6 22.1
5 599.0 767.2 1269.8 1295.8 77.0 62.6 26.6 23.7

10 580.4 735.5 1203.2 1232.3 112.9 98.7 27.3 24.7
15 552.8 701.9 1148.2 1176.9 151.7 137.3 28.3 25.9
20 532.8 672.9 1098.7 1123.9 190.9 177.5 28.4 26.7
25 506.3 643.7 1050.9 1078.6 232.7 216.7 28.6 27.4
30 487.1 617.3 1012.2 1038.6 269.7 256.9 28.8 27.8

assess the efficiency of the proposed policy, statistical tests were conducted, which revealed
that the devised policy outperformed the current policy in all seven scenarios, regardless of
the production increase. Figure 2.5 presents four graphs, each one displaying the mean simu-
lation results for a distinct performance indicator. The first graph shows a significant increase
in the time elapsed before the occurrence of the mix/soft-mix state with the proposed policy
for all production quantities, resulting in a steady improvement in performance of approxi-
mately 27.2% for each scenario. Furthermore, the second graph demonstrates that the time
before the area is filled improves for all production levels, saving approximately 2.4% of the
time. The third graph shows that the number of lost pallets decreases with the new policy,
although the percentage improvement decreases with an increase in production, due to an
increase in the absolute number of lost pallets. Moreover, the number of storage columns
used during operator shifts is shown in the fourth graph and it decreases by an average of
7.9%, allowing for the possibility to reduce the buffer area size. Overall, the proposed policy
demonstrates its effectiveness in all scenarios, highlighting its potential to improve perfor-
mance and enhance economic and flexibility improvements.

2.7 Conclusion

The study aimed at determining the best strategy to temporarily store products within a buffer
area in an Italian ceramic tile company, in a highly uncertain context characterized by LHP.
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FIGURE 2.5: Mean simulation results for increasing percentages of produc-
tion quantity.

The identification of an effective policy is crucial for ensuring streamlined material flow and
reducing operational costs. In particular, in a highly variable production scenario, where ho-
mogeneous batches are essential to meet customer demand, an effective storage policy must
classify products into homogeneous subgroups. The policy proposed by this study focused
on the subdivision of products in the buffer area according to their downstream destination,
rather than their technical production characteristics, as it is currently done by the company.
The approach aimed at improving the buffer area management, increasing available space and
reducing the intermixing of products belonging to different sub-categories. To compare the
effectiveness of the current and proposed policies, a discrete event simulation was conducted
using Salabim. The model was rigorously verified and validated, and simulation results were
obtained for both policies and compared.

The results indicated a statistical difference between the two policies. In particular, it
was demonstrated that the new policy improved the column classification of the buffer area,
consequently reducing the number of required columns. This provided the company with the
opportunity to either reduce the buffer area’s space or increase production capacity. Also, the
proposed policy delayed the filling of the area, preventing production stoppages that could
negatively and significantly impact the company’s profits. In addition, the new policy re-
duced the number of times in which non-homogeneous subgroups were in the same column,
consequently accelerating operators’ tasks. Furthermore, besides the measured results, pallet
subdivisions based on downstream classification could further reduce the time required for
subsequent operations. Therefore, the company could profit from both economic and flexi-
bility advantages, providing strategic benefits to managerial decision-makers. Moreover, the
sensitivity analysis showed that the new policy benefits the performance even in the scenario
of increased production quantity. For these reasons, the company decided to change their
storage policy according to the results of the study, classifying their products in the buffer
area based on downstream destination.

Finally, the simulation model developed in this study is a valid representation of the
process and can be utilized for further research regarding new classification policies for con-
tinuous improvement.
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Chapter 3

Decision Support Systems in Ceramic
Tile Industry 1

In this this study we present an automated and optimized Decision Support System (DSS) that
includes an integer linear programming (ILP) model. The DSS optimizes the order manage-
ment process by determining optimal load configurations from peripheral warehouses onto
transport vehicles. The resulting transportation plan, generated through this approach, aims
to meet customer demands while minimizing overall costs. Computational tests, conducted
on a real-world case study, validated the efficiency of the proposed system.

3.1 Introduction

One of the critical challenges faced by industries is intralogistics, the logistics component that
take place within the company. Intralogistics involves two main functions: internal transport
of materials, and information flow management. The former includes the movement of prod-
ucts between different production plants and warehouses, while the latter refers to software
systems that tracks the movements of the physical goods. Both functions are essential to
ensure logistics efficiency and must be effectively integrated. In addition, in a large number
of companies products are handled between different warehouses, consuming valuable space
and operational time. Therefore, warehouse management plays a crucial role in ensuring
efficiency and reducing logistics expenses.

This study focuses on order management in a business context characterized by a central
shipping site for orders consolidation and various peripheral storage sites for production and
stocking. Similar examples can be found in the literature related to the transshipment problem
(Chiou, 2008), where models are used to decide how to move stocks between warehouses of
the same company to satisfy the demand (Patil et al., 2021). Particular attention to this
topic is given in the online retailing context, in which individual stock units are shipped to
central warehouses to consolidate orders (Zhang et al., 2021). Some authors also incorporate
the selection of transportation modes in the model (Mishra et al., 2023). Moreover, studies
have explored the profitability of integrating package selection into the shipping decisions by
integrating different unit configurations (Li et al., 2020).

Despite the primary focus on product transshipment in this study, the presence of a cen-
tral shipping point and distributed warehouses makes our problem similar to the supplier
selection problem (Chai et al., 2013). In this scenario, the central depot and the distributed
warehouses can be viewed as the plant and the individual suppliers, respectively. Many stud-
ies address the issue of supplier selection and order quantity allocation in multi-stage supply

1The results of this chapter appears in : Dotti, G., Iori, M., Subramanian, A. and Taccini, M. "An Integrated
Decision Support System for Intra-logistics Management with Peripheral Storage and Centralized Distribution".
In Proceeding of the International Conference on Enterprise Information Systems, 2024, pp. 612-619.
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chain (Pazhani et al., 2016), more precisely, for those companies with many potential sup-
pliers (Mendoza and Ventura, 2008). Some authors also consider how to assign shipment to
different modes of transportation (Glickman and White, 2008). However, to the best of our
knowledge no study integrates simultaneous decisions about warehouses, optional feature,
stock unit configuration, and transportation modes.

Also, in many companies, order management is manual, involving stages that slow down
the process and consume resources in non-value added activities. Human decisions in the
process may lead to errors or sub-optimal outcomes. Hence, a Decision Support System
(DSS) for supplier selection was proposed in the literature (Scott et al., 2015), as well as for
order allocation problems (Erdem and Göçen, 2012).

This study proposes an automated and optimized DSS to enhance order management in
production companies. Automation is achieved by fully integrating the proposed software
architecture into the company’s existing procedures, thereby eliminating inefficiencies asso-
ciated with non-value-added activities. Optimized decisions are achieved by means of an
integer linear programming (ILP) model, which selects goods from peripheral warehouses
and arranges loads on transport vehicles, reducing inefficiencies related to human decisions
and minimizing total order management costs. The research is inspired by a real-world case
study arising in the ceramic tile production (discussed in detail in Section 3.5 below), but it
is very general and can encompass a variety of applications.

The remainder of this chapter is structured as follows. Section 3.2 presents a complete
problem description. Section 3.3 focuses on detailing the decision support system. Sec-
tion 3.4 outlines the mathematical model used for optimization. Section 3.5 presents the
real-world case study and Section 3.6 discusses the results obtained. Lastly, Section 3.7
summarizes the study and presents future research directions.

3.2 Problem Description

This section provides a comprehensive overview of the problem by exploring both functions
of intralogistics. It delves into materials flow in Section 3.2.1 and information flow in Section
3.2.2.

3.2.1 Material Flow

The primary challenge is efficiently fulfilling incoming orders, requiring goods transporta-
tion from peripheral warehouses to a central facility for order consolidation and customer
shipment.

Each order requests a single item along with a specified number of boxes. Multi-line
orders can be simplified by preprocessing and segmenting them into separate orders, each
with a single order line. Orders may also specify additional product features. In this context,
a feature refers to a distinguishable attribute or characteristic of the products, such as their
color or shade, that the client can specify when placing an order. If the feature is specified
by the client, the preference must be respected throughout the order fulfillment. On the other
hand, when a client does not explicitly request a specific feature for the order, the company
has the flexibility to select it. Nevertheless, in both scenarios, it is essential to ensure that
all boxes shipped for the same order have not only the same item, but also the same chosen
feature to ensure order homogeneity.

Furthermore, each item and feature may have various pallet configurations, each contain-
ing a specific number of boxes. It should be noted that pallets cannot be divided into smaller
units.

Items are stored in various warehouses, each with different travel times from the central
depot and stocked with specific pallet configurations for items with certain features. Picking
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each box incurs a cost depending on the warehouse. In addition, peripheral warehouses can
be accessed via different transportation options, each with an hourly cost and weight capacity.
Each box contains copies of a single item, with its weight depending on the item’s weight.
The set of boxes loaded onto a mode of transport must adhere to its capacity, and each mode
can only serve one warehouse per transfer order release.

The optimization process involves several decisions: (i) assigning a feature to orders
without specifications; (ii) determining the number of pallets of each configuration to pick
from each warehouse; (iii) allocating each mode of transportation to a single warehouse; and
(iv) designing how to load the picked pallets onto modes of transportation to respect the ca-
pacity. In some companies, the decision-making process is entirely manual, with an operator
deciding based on their judgment. This study aims to meet demand while minimizing total
transport and retrieval costs and enhancing system performance.

3.2.2 Information Flow

The material flow outlined in Section 3.2.1 requires a cohesive information flow to track
operations and order status. Typically, the information flow involves manual steps carried
out by various stakeholders:

• sales representatives initiate the process by emailing logistics operators for goods trans-
portation;

• logistics operators aggregate requests, waiting until they have enough to fill at least one
transfer capacity. Once the threshold is reached, they manually organize transportation
logistics, making decisions based on their expertise;

• decisions are communicated via email to the commercial department;

• upon items reaching the centralized distribution center, the logistics department man-
ually notify sales representatives;

• sales representatives input the newly arrived item into the order management software
to progress order fulfillment.

The described process is costly, resulting in slow and repetitive operations that consume
valuable time and resources and ultimately provide little added value to the end customer.
Some of the most prevalent issues include:

• the fulfillment of each order requires numerous manual steps, resulting in time ineffi-
ciencies;

• since each sales representative initiates an independent information flow, visibility on
available items is compromised. This lack of awareness among sales representatives
may lead to the same pallet in stock being requested for two distinct orders, as repre-
sentatives are unaware of each other’s requests;

• as previously indicated, the picking process exclusively accommodates orders for com-
plete pallets. Consequently, order quantities must be rounded up. In a situation where
two operators require the same product in quantities less than a full pallet, they may
have the option to combine their orders, approximating to one pallet instead of two.
However, the lack of mutual awareness among operators about each other’s orders
precludes the effective aggregation of quantities, resulting in the costly picking of un-
necessary products;
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• the process is highly dependent on both total loads and operators availability, making
it inherently non-scalable;

• as a significant amount of time elapses from the initial request, the sales department
may repetitively solicit the logistics team via email, placing an additional workload on
the operators.

In response to the identified challenges, this study aims to automate and digitalize the process,
with the goal of reducing logistic operator overhead, improving response time, and improving
process scalability.

3.3 Digitalization

3.3.1 Process Overview

As outlined in Section 3.2.2, the digitalization of the information flow is designed to reduce
the workload overhead for both sales representatives and logistics operators. To address this
issue, we developed a DSS, which is extensively described in this section.

The new digitalized flow follows four main steps. The first step, schematized in Figure
3.1, is executed periodically and involves reading orders from the Enterprise Resource Plan-
ning (ERP) system to populate the database. Such orders contain the required information

FIGURE 3.1: Reading component of DSS architecture.

and are manually added to the ERP system by sales representatives.
The second, third, and fourth steps, schematized in Figure 3.2, are executed consecu-

tively when the optimization time is reached. The second step performs a check to ensure

FIGURE 3.2: Control, optimization, and integration components of DSS ar-
chitecture.

that there is enough stock in the peripheral warehouses to fulfill all orders. If inadequa-
cies are identified, unsatisfiable orders are flagged in the service database and excluded from
subsequent steps. Moreover, notifications are dispatched to the respective sales representa-
tives who added these unsatisfiable orders. On the contrary, if the orders are satisfiable, the
software generates an instance for the optimization step.
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Subsequently, the third step involves the execution of the optimization model, described
in Section 3.4. Upon completion of the optimization step, the database is updated with new
decisions, such as selected features, chosen warehouses, pallet types, and transportation con-
figurations.

Finally, the fourth step is integrated into the ERP system. Specifically, this step considers
all decisions made by the optimization step from the service database and, through APIs,
transmits them to the ERP system. Once this integration is completed, the operators of the
peripheral warehouses gain visibility into the items they need to prepare for transportation.

3.3.2 Technologies

We have designed a user-friendly DSS to help companies manage customer orders efficiently
and make optimization algorithms accessible to non-experts. Our DSS runs on Docker, a
software platform for developing and deploying applications in isolated containers. Docker
ensures future scalability, portability and accelerates deployment, keeping the hosting ma-
chine unmodified.

In particular, three distinct containers have been developed:

• Service container, that hosts the MySql service database for storing transfer requests
and monitoring their progression through different stages.

• Job orchestrator container, equipped with database connection drivers, Python and
Node-RED. It includes different Python-based jobs used to build the new digitalized
flow that is scheduled directly by Node-RED. If necessary, this flow can also be run
manually to ensure flexibility. This flexibility proves beneficial, especially when the
daily volume of requests is low, allowing the logistics department to defer optimiza-
tion until subsequent days to accumulate more orders and efficiently plan material
transportation.

• User interface container, to assist sales representatives in monitoring their orders we
developed an intuitive and user-friendly web interface. The interface is built on Flask
micro-web framework, written in Python, which encompasses both a back-end and a
front-end.

3.4 Optimization

This section provides a formal definition of the optimization problem addressed in this work,
as well as an ILP-based mathematical model.

3.4.1 Problem Definition

The problem we face can be formalized as follows. A set I includes different items, each
characterized by its weight wi. The set J represents orders, each requiring one item i in
quantity di j. Additionally, orders may specify a desired feature from the features set K: if
feature k is chosen for order j, the corresponding parameter f jk is set to 1; otherwise, it is set
to 0.

Set H represents peripheral warehouses, each defined by the travel time rh from the cen-
tral depot and the processing cost uh per box. Items can be arranged in different pallet con-
figurations, contained in set P, each counting qip boxes. Pallet configurations cannot be split
into smaller units. Each warehouse h maintains a stock shpik of item i with feature k in pallet
configuration p.
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Finally, set T denotes the modes of transport, each characterized by a capacity ct and an
hourly cost mt .

A feasible solution for the problem must satisfy the following constraints: (i) each fea-
sible order request is fulfilled, providing items with uniform features; (ii) if specified, the
feature must respect customers’ choice; (iii) pallets of items must be picked from the ware-
houses according to their stock; (iv) picked pallets must be loaded into modes of transporta-
tion according to their capacity; (v) each mode of transportation can perform only one route
in a single day, visiting a single warehouse. The objective of the problem is to obtain a feasi-
ble solution that minimizes the total cost of order management, including transportation and
internal movement costs.

Note that the problem described above generalizes the well-know bin packing problem,
which is NP-hard, when we consider a single warehouse (|H| = 1), no optional features
(|K| = 0), no pallet configurations (|P| = 0), transports with identical capacities (ct is con-
stant, ∀t ∈ T ), unitary transportation costs (mt =

1
rh

, ∀t ∈ T , ∀h ∈ H), and no retrieval costs
(uh = 0, ∀h ∈ H). Therefore, our problem is also NP-hard.

3.4.2 Mathematical Formulation

Let x jk be a binary variable that takes the value 1 if feature k is assigned to order j and
0 otherwise. An integer variable yhpik identifies the number of pallets of item i in feature
k with pallet configuration p picked from warehouse h. An integer variable zhpit specifies
the number of pallets of item i in pallet configuration p loaded onto modes of transport t
departing from warehouse h. Lastly, let vht be a binary variable that is equal to 1 if mode
of transportation t is assigned to warehouse h and 0 otherwise. An ILP formulation for the
problem can be expressed as:

min ∑
h∈H

∑
t∈T

mtrhvht + ∑
h∈H

∑
p∈P

∑
i∈I

∑
k∈K

uhqipyhpik (3.1)

∑
k∈K

x jk = 1, j ∈ J (3.2)

x jk ≥ 1, j ∈ J,k ∈ K : f jk = 1 (3.3)

∑
h∈H

∑
p∈P

qipyhpik ≥∑
j∈J

di jx jk, i ∈ I,k ∈ K (3.4)

yhpik ≤ shpik, i ∈ I,k ∈ K,h ∈ H, p ∈ P (3.5)

∑
k∈K

yhpik = ∑
t∈T

zhpit , i ∈ I,h ∈ H, p ∈ P (3.6)

∑
h∈H

vht ≤ 1, t ∈ T (3.7)

∑
i∈I

∑
p∈P

qipwizhpit ≤ ctvht , t ∈ T ,h ∈ H (3.8)

x jk ∈ {0,1}, j ∈ J,k ∈ K (3.9)

vht ∈ {0,1}, h ∈ H, t ∈ T . (3.10)

yhpik ≥ 0, integer, h ∈ H, p ∈ P, i ∈ I,k ∈ K (3.11)

zhpit ≥ 0, integer, h ∈ H, p ∈ P, i ∈ I, t ∈ T . (3.12)

The objective function (3.1) minimizes the transport and picking costs. Constrains (3.2)
impose that only one feature is chosen for each order. Constraints (3.3) ensure that the
requested feature of a line is respected, keeping consistency with customer requests when
indicated. Constrains (3.4) state that the demand of each order is satisfied. Constraints (3.5)
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prevent the picking of items from warehouses in amounts that exceed their actual stock levels,
maintaining the integrity of the inventory. Constraints (3.6) ensure that every picked pallet is
shipped. Constraints (3.7) impose that each mode of transport is associated with at most one
warehouse, and constraints (3.8) guarantee that the capacity of the modes of transport is not
exceeded. Constraints (3.9)–(3.12) describe the domain of the variables.

3.5 Case Study: the ceramic tile industry

The research was conducted in collaboration with an international ceramic tile company
headquartered in Italy. Over the last decade, the global tile market has experienced sig-
nificant growth and increasing importance, with global tile production reaching 16.8 billion
square meters worldwide (ACIMAC Research Department, 2023). Focusing on Italy, the
country stands out as the leading global exporter by revenue and ranks seventh in produc-
tion volume. Italy produced 431 million square meters of tiles, generating C7.2 billion in
revenue, highlighting the sector’s significance for the country. Consequently, intralogistics
optimization in the sector is crucial for effectively controlling non-value-added costs.

A notable issue within the ceramic sector is the Lack of Homogeneity in the Product
(LHP), a phenomenon arising from uncertain production processes (Alemany et al., 2013).
Consequently, despite the utilization of homogeneous inputs, these processes generate het-
erogeneity in the outputs. This characteristic is particularly relevant in the ceramic industry,
due to the use of clays and stochastic elements such as humidity and temperature. Specifi-
cally, one of the main tile characteristics affected by LPH is shade, which in this context refers
to the variation in color within a particular batch or set of tiles. In industrial manufacturing
processes, due to LHP, achieving tiles with the same color shade can be challenging. To ad-
dress this, manufacturers group tiles based on shade uniformity before packaging to ensure a
consistent appearance upon installation. As a result, shade can be addressed as the optional
feature outlined in the model: customers have the option to request a specific shade if needed
(i.e., to match a previous order). However, even when the shade is not specified, every tile
within of the order must be shipped in the same shade to guarantee aesthetic homogeneity.

The ceramic tile company studied has a structure consisting of a central shipping center
and two peripheral warehouses. The DSS, outlined in Section 3.3, was implemented and
tested using real-world instances collected from the company over a month. It retrieves data
from various databases that include information about warehouses, orders, and transportation
resources. The aim is to generate an optimized transportation plan that specifies the most ef-
ficient load configuration from each warehouse to meet customer demands while minimizing
overall costs. This plan is intended to be provided daily or weekly, depending on the number
of orders that can be aggregated for efficiency.

3.6 Computational Results

The optimization model was solved using three distinct solvers: Gurobi, CBC, and HiGHS.
This approach was chosen to facilitate a comprehensive performance comparison, consid-
ering Gurobi’s superior performance, as well as the advantageous open-source licenses of
HiGHS and CBC. In fact, the company is inclined to purchase the solver license only if
the results exhibit significant improvement compared to those provided by the open-source
solvers.

Computational experiments were conducted on an Intel(R) Xeon(R) CPU E5-2640 v3 at
2.60 GHz with 64 GB of RAM, running Microsoft Windows 10 and using up to 32 threads.
A time limit of 600 s was set, and a relative MIP tolerance of 10−4 was imposed.
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Table 3.1 presents the computational results for 23 real-world instances, solved with the
three different proposed solvers. Since the optimization interval is determined by the com-
pany, the number of orders in the instances can be controlled. Therefore, the instances in the
table are ordered based on the number of orders, denoted as |J|.

For Gurobi we report the objective value expressed as the total cost in euros, the total
computing time in seconds, and the time elapsed to find the incumbent solution. Regard-
ing HiGHS and CBC, we provide the gap between the incumbent solution and the lower
bound found by the respective solver (Gapa), as well as the gap between the incumbent solu-
tion found by the open-source solvers and the best primal solution found by Gurobi (Gapb).
Specifically, Gapa and Gapb are computed as in (3.13) and (3.14), respectively, where i is
the incumbent solution value, lb is the lower bound, gs is Gurobi’s solution value and glb is
Gurobi’s lower bound. We also report the computing time and time to achieve the incumbent
solution.

Gapa =
i− lb

i
(3.13)

Gapb =
i−gs
glb

(3.14)

As depicted in the table, Gurobi consistently exhibited rapid convergence to optimality across
all instances, except for instances 16 and 23, where it reached the predefined time limit, with
a gap of 0.02% for instance 16 and 1.3% for instance 23.

Although open-source solvers HiGHS and CBC may not guarantee optimality within the
time limit, a comparison with Gurobi reveals that they often find the optimal solution value.
For instance 16, HiGHS and CBC provide identical solutions, whereas HiGHS outperforms
CBC on instance 19, 20, 21, and 23. However, in instance 18, CBC achieves the optimal so-
lution value while HiGHS reaches a Gapb of 0.08%. Comparing HiGHS with CBC, HiGHS
reaches the incumbent solution faster for more than half of the instances. Moreover, HiGHS
finds the optimal solution in 20 instances, while CBC achieves this in 17 instances, con-
sistently with a better internal gap. Overall, considering the minimal difference between
commercial and open-source solvers on the reported instances, exploring the utilization of
open-source solvers could lead to potential cost savings for the company.

Given that the process in the case study is carried out manually by operators, the solu-
tions generated by the solver were subsequently compared to the manual calculations per-
formed by operators. Table 3.2 illustrates the comparison between the objective function
values computed by the three different solvers and those manually calculated. The table in-
dicates a direct correlation between the total cost of the solution and the instance size, due to
the increasing number of required transportations. Consequently, for instances with a small
number of orders (e.g., instances 1, 2, and 3), savings are limited as all materials can fit in
a single truck, minimizing potential gains. However, as the instance size grows, the manual
decision-making complexity also increases proportionally, expanding the possibility of im-
provement. Therefore, employing an optimization model can lead to cost reductions of up
to 40% in material flow. Furthermore, on average, all solvers demonstrate savings of at least
24% compared to the operators’ manual solutions. Notably, even for instance 23, which was
not optimally solved by any of the solvers, a substantial 28% reduction in costs was achieved.

Moreover, the savings are significantly enhanced by the digitalization of the information
flow, leading to a reduction in time allocated to non-value-added activities. To quantify this
enhancement, an estimation of the time required by operators for the manual steps described
in Section 3.2.2 was conducted within the company. The time required for the operator is
heavily dependent on the number of orders received. On average, the company estimated that
40-50 requests are received per day, requiring a logistic operator’s commitment of 4 hours.
However, it is crucial to note that for increasing workloads, the required time grows more
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TABLE 3.1: Computational results of the real-world instances solved with
Gurobi, HiGHS and CBC.

Instance Gurobi HiGHS CBC

# |J|
Obj.

Value
(C)

Total
Time

(s)

Time
Incumbent

(s)

Gapa
(%)

Gapb
(%)

Total
Time

(s)

Time
Incumbent

(s)

Gapa
(%)

Gapb
(%)

Total
Time

(s)

Time
Incumbent

(s)
1 7 295.07 0.08 0.02 0 0 0.18 0.02 0 0 26.14 2.56
2 10 301.14 0.05 0.01 0 0 0.12 0.10 0 0 1.89 0.44
3 30 332.63 0.06 0.03 0 0 0.99 0.60 0 0 85.39 1.39
4 50 352.24 0.08 0.02 0 0 0.54 0.50 0 0 59.45 1.00
5 53 666.75 1.46 1.44 0 0 8.06 3.40 45.35 0 tlim 2.67
6 70 471.40 0.69 0.04 0 0 2.14 1.80 14.53 0 tlim 1.52
7 81 763.16 1.74 0.32 0 0 7.71 3.10 8.16 0 tlim 3.42
8 95 941.47 3.03 2.80 0 0 304.36 12.00 21.78 0 tlim 14.96
9 100 770.34 1.81 0.30 0 0 5.44 0.90 5.50 0 tlim 3.94
10 103 900.52 1.94 0.33 0 0 6.52 2.80 5.22 0 tlim 121.86
11 106 3983.02 18.90 2.10 2.10 0 tlim 194.30 2.21 0.01 tlim 507.87
12 107 1234.02 2.64 0.80 0 0 465.27 5.80 11.04 0 tlim 110.00
13 108 1102.63 2.56 2.44 10.80 0 tlim 39.10 13.06 0 tlim 76.75
14 115 1204.98 2.33 0.94 2.10 0 tlim 10.40 16.23 0 tlim 14.67
15 121 905.31 1.87 0.61 0 0 149.54 8.90 11.00 0 tlim 4.26
16 164 1896.26 tlim 600.85 5.20 4.56 tlim 62.40 5.47 4.56 tlim 122.95
17 167 1557.90 14.22 11.62 6.10 0 tlim 76.10 7.90 0 tlim 108.23
18 179 2001.93 13.90 12.06 6.00 0.08 tlim 65.40 6.28 0 tlim 266.78
19 190 1985.83 40.62 40.59 4.20 0 tlim 62.7 4.56 0.02 tlim 10.08
20 201 2083.28 33.17 32.95 9.00 0 tlim 227.90 10.40 0.03 tlim 469.05
21 201 2781.75 149.83 149.66 2.70 0 tlim 455.10 2.81 0.03 tlim 188.24
22 213 1720.52 15.66 15.65 5.30 0 tlim 210.20 5.92 0 tlim 108.51
23 356 4001.71 tlim 600.92 3.80 1.58 tlim 448.00 6.25 3.81 tlim 547.32

TABLE 3.2: Saving comparison between manual and optimization solutions.

Operator Gurobi HiGHS CBC

# |J|
Obj.

Value
(C)

Obj.
Value
(C)

Saving
(%)

Obj.
Value
(C)

Saving
(%)

Obj.
Value
(C)

Saving
(%)

1 7 296.91 295.07 0.62 295.07 0.62 295.07 0.62
2 10 305.98 301.14 1.58 301.14 1.58 301.14 1.58
3 30 361.05 332.63 7.87 332.63 7.87 332.63 7.87
4 50 582.67 352.24 39.55 352.24 39.55 352.24 39.55
5 53 707.73 666.75 5.79 666.75 5.79 666.75 5.79
6 70 716.64 471.40 34.22 471.40 34.22 471.40 34.22
7 81 1023.82 763.16 25.46 763.16 25.46 763.16 25.46
8 95 1216.47 941.47 22.61 941.47 22.61 941.47 22.61
9 100 1130.22 770.34 31.84 770.34 31.84 770.34 31.84

10 103 1289.91 900.52 30.19 900.52 30.19 900.52 30.19
11 106 4289.64 3983.02 7.15 3983.02 7.15 3983.43 7.14
12 107 1720.06 1234.02 28.26 1234.02 28.26 1234.02 28.26
13 108 1606.58 1102.63 31.37 1102.63 31.37 1102.63 31.37
14 115 1584.86 1204.98 23.97 1204.98 23.97 1204.98 23.97
15 121 1516.47 905.31 40.30 905.31 40.30 905.31 40.30
16 164 2713.36 1896.26 30.11 1982.65 26.93 1982.80 26.92
17 167 2436.15 1557.90 36.05 1557.90 36.05 1557.90 36.05
18 179 2783.97 2001.93 28.10 2003.51 28.03 2001.93 28.10
19 190 2719.10 1985.83 26.97 1985.83 26.97 1986.23 26.95
20 201 2870.88 2083.28 27.43 2083.28 27.43 2083.69 27.42
21 201 3712.04 2781.75 25.06 2782.32 25.04 2782.72 25.03
22 213 2573.06 1720.52 33.13 1720.52 33.13 1720.52 33.13
23 356 5607.28 4001.71 28.63 4012.19 28.45 4100.33 26.87
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than linearly, due to the additional human interactions involved. Additionally, digitalization
also reduces the time needed for sales representatives for email management. The estimated
savings, considering the average email response time, amount to 30 hours per month. Overall,
the digitalization of the process allows for a minimum saving of 120 hours monthly, which
can be redirected to higher-value activities.

3.7 Conclusions

DSS are gaining increasing popularity within companies. This chapter outlines the creation of
a model-driven DSS designed to address the challenges posed by intralogistics. In particular,
the proposed DSS addresses a context with peripheral storage and centralized distribution,
optional feature selection, and different stock unit configurations.

The DSS has been implemented to optimize both information and material flows. Re-
garding information, the process has been digitalized, eliminating repetitive and non-value-
added information streams. This was made possible through a custom software architecture
based on containers. Decisions regarding material flow have been optimized through an ILP
model that determines the optimal choices for transferring goods from each warehouse and
composing loads on transportation vehicles.

The proposed approach has been tested on real-world instances with different numbers
of orders. Three different solvers were employed to evaluate the trade-off between Gurobi’s
superior performance and HiGHS and CBC’s open-source licenses. Computational results
were compared in terms of solutions and required time. Gurobi successfully solves nearly all
instances relatively fast, while CBC and HiGHS usually achieve optimal values for the ob-
jective function, although without demonstrating optimality within the specified time limit.
Overall, the results show a significant reduction in total costs compared to the company’s
manually calculated solution by operators. Furthermore, the digitalization of the process
minimizes non-value-added time for both logistics and sales operators. Therefore, the im-
plementation of the DSS offers economic benefits to the company by lowering expenses
associated with stock transfers and gaining valuable working hours.

Nevertheless, further enhancements are possible. Currently, optimization occurs daily.
Exploring optimization frequency via sensitivity analysis could balance economic gain and
service level trade-offs. Less frequent optimization accumulates more orders, potentially
improving margins. Yet, order accumulation delays shipments, reducing service levels.

Moreover, running the model for large instances can conflict with the company’s needs
due to significant time requirements. Since material quantities are updated only upon order
consolidation and solution validation, sales operators using the system in real-time may con-
currently request the same material, leading to resource contention. To address this issue,
heuristic algorithms could be implemented to obtain good solutions in a limited amount of
time. Alternatively, stochastic approaches could be adopted to anticipate material requests
and mitigate resource contention under real-time usage.

Finally, the adoption of a model-driven DSS also has implications with respect to the
replacement of human decision-making. The proposed DSS addresses the same operational
problem traditionally handled by logistics operators, but within a formalized and repeatable
optimization framework. While the model captures the main decision drivers, the problem
is treated as offline and deterministic, in line with the current operational setting of the com-
pany. The DSS is therefore intended to support human operators by automating complex and
repetitive decision tasks, rather than fully replacing human expertise.
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Chapter 4

Combining Learning and Heuristics
for Pallet Prediction in Ceramics Tiles
Distribution 1

Motivated by a real-world case study in ceramic tile production, this chapter addresses the
problem of determining the number of pallets required to load a given set of boxes. The
problem must be solved quickly to give customers an expectation of the transportation cost
of their orders. In addition, not all constraints and instance data can be easily determined
in advance, and the items are loaded onto the pallets by operators who mostly rely on their
personal experience. Therefore, traditional model-based solution methods do not apply well,
and datadriven approaches are preferable. To solve the problem, we propose a hybrid al-
gorithm in which a ML technique is trained over a company dataset comprising two years
of customer orders, with the aim of predicting the number of pallets required by an order.
The accuracy of the machine learning technique is largely improved by including additional
features, such as lower and upper bounds, in the dataset, obtained using quick optimization
algorithms. The resulting hybrid algorithm has been compared with the model-based soft-
ware currently used at the company, consistently providing better-quality results in shorter
computing times.

4.1 Introduction

The global ceramic tile market has grown significantly over the past decade, with worldwide
production reaching 16.8 billion square meters (ACIMAC Research Department, 2023). Italy
is a leading exporter, generating C7.2 billion in revenue, highlighting the sector’s importance
to the national economy. Efficient logistics optimization in the ceramic tile industry, includ-
ing loading of tiles on pallets and transportation of pallets, is crucial for cost reduction and
company competitiveness. Loading operations involve transferring specified quantities of
ceramic tile boxes, either of the same size or different sizes, from production pallets to ship-
ping pallets to fulfill customers’ orders. When loading pallets, the company needs to carefully
consider weight and volume constraints and keep pallet stability and balance to ensure the
safe transport of tiles while using the minimum number of shipping pallets.

In this chapter, we handle a variant of the distributor’s pallet loading problem (DPLP)
(Mungwattana et al., 2023) that emerges from an international ceramic tile company head-
quartered in Italy. The company has an e-commerce platform to receive customers’ orders.
As the company does not provide the transportation of the shipping pallets, customers need to
collect their pallets by using their vehicles or third-party carriers. Consequently, the company

1The results of this chapter appears in : Taccini, M., de Oliveira, M. A., dos Santos, A.G., de Queiroz, T. A.
and Iori, M. "A Hybrid Approach for Pallet Loading in Ceramic Tile Industry". In Proceeding of the International
Conference on Optimization and Learning, 2025, pp. 329-340.
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should provide the number of shipping pallets associated with each order or at least predict
this number accurately, especially for customers who need to contract a third-party carrier.
This prediction is complex, even if using specialized software to address pallet loading prob-
lems (Silva et al., 2016), because the company faces specific constraints in its operational
daily routine, necessitating extensive customization of such software.

In this chapter, we propose a hybrid approach to predict the number of shipping pallets
required for a given customer order. The approach combines ML techniques to gain informa-
tion from a large dataset of previously shipped pallets with techniques from the optimization
field to enrich the dataset by quickly providing additional features such as lower and up-
per bounds on the number of pallets. The hybrid approach is then compared with solutions
currently in use at the company, including manual operators’ decisions and outputs from a
given specialized software (PackVol, 2024). The computational experiments show that the
proposed approach is a valuable tool for the company.

The remainder of the chapter is organized as follows. Section 4.2 contains a brief review
of the literature related to the DPLP. Section 4.3 describes the company problem with its
constraints and requirements. Section 4.4 presents our proposed hybrid approach. Section 4.5
contains the numerical experiments on real-world instances. Finally, Section 4.6 concludes
the chapter and provides several directions for future research.

4.2 Literature Review

The literature on cutting and packing problems is extensive. According to Sweeney and Pa-
ternoster (1992), the first scientific papers on these problems date back to the 1940s. The
most recent surveys concern problems in one-, two-, and three-dimensions and contain de-
tailed discussions on solution methods based on exact and heuristic approaches (see, e.g.,
Iori et al. (2021a) and Yagiura et al. (2025)). An essential characteristic of these problems is
given by the number of practical constraints they may include, such as complete shipment,
conflicting items, cargo stability, load-bearing, multi-drop, and load-balancing (Nascimento
et al., 2021). Concerning pallet loading problems, Silva et al. (2016) surveyed the manufac-
turer’s variant, in which all items are identical, and the objective is to pack the maximum
number of items onto a single pallet. Besides commenting on the different data sets and so-
lution methods, the authors emphasized that the computational complexity of this problem is
still an open question. The DPLP, on the other hand, assumes that items are not necessarily
identical and is an NP-hard problem. Its objective is to find the minimum number of pallets
necessary to load all items. The DPLP is also referenced as the multi-pallet loading problem
(Terno et al., 2000) and the pallet building problem (Calzavara et al., 2021).

One of the first authors to handle the DPLP was Hodgson (1982), considering the trans-
port of palletized cargo by the U.S. Air Force. The author proposed a dynamic programming-
based algorithm and tested it on instances having 30 boxes. In Terno et al. (2000), the DPLP
was solved using an algorithm based on branch-and-bound. The authors considered practical
constraints such as weight limits, load-bearing, stability, and grouping of items. In Birgin
et al. (2012), the problem had no limit on the number of boxes to load, and boxes could
have multiple orientations. The authors developed a recursive partitioning algorithm, which
integrated a recursive five-block heuristic and an L-approach. The authors could not find an
instance for which this algorithm failed in finding an optimal solution (such an instance was
later found in Queiroz et al. (2015)). In Calzavara et al. (2021), the DPLP emerged from
a robotized task of loading boxes into layers, which were then stacked while meeting load-
bearing requirements. Constraints like contiguity, visibility, and multiple orientations were
considered. The authors proposed a mathematical model and a reactive greedy randomized
adaptive search procedure for solving realistic, large-sized instances. A new DPLP variant in
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which pallets may have different sizes was handled in Mungwattana et al. (2023). The prob-
lem emerged from a lamp and lighting manufacturing company that needed to load many
carton boxes onto pallets of multiple sizes. Constraints such as load-bearing and multiple
orientations were taken into consideration.

Using artificial intelligence techniques to handle combinatorial optimization problems is
a promising area of research. The survey in Bengio et al. (2021) discussed recent advances
in combining ML techniques with optimization methods to efficiently handle hard combina-
torial optimization problems. The authors also commented on the benefits (e.g., speed and
generalization) and challenges (e.g., training and accuracy) of using ML purely. Concerning
cutting and packing problems, an increasing number of publications combine ML or artificial
intelligence techniques with exact or heuristic algorithms to handle, e.g., bin packing (Fang
et al., 2023) and container loading problems (Que et al., 2023).

4.3 Problem Description

The problem under investigation is a variant of the DPLP with specific operational and
product-related constraints. After being produced, the ceramic tiles are first loaded on pro-
duction pallets, which are only used for inbound logistics. An automated system then de-
livers the production pallets to the loading area. The company operators load the products
onto shipping pallets using hydraulic machines. The automated system is also responsible for
other logistics activities inside the warehouse. As a result, products are not available simul-
taneously, as their arrival sequence depends on the system’s decisions and the warehouse’s
current state. For instance, machinery downtime may alter the order in which production
pallets are sent to the loading areas. Moreover, the loading area cannot have more than four
production pallets at a time. Due to this space limitation, operators need to load the products
onto the pallets as soon as possible. As other products arrive, operators continue loading until
the shipping pallets of that order are completed before moving to the next order. When load-
ing a shipping pallet, operators must also satisfy load requirements such as vertical stability,
load-bearing, and restricted box orientations.

Our DPLP can be formally described as follows. A customer order consists of a set B
of three-dimensional boxes, each containing a given number of tiles. Each box belongs to
a type t ∈ T = {1,2, ...,m}, corresponding to a specific tile size. A box of type t has width
wt ∈Z∗+, depth lt ∈Z∗+, height ht ∈Z∗+, and weight pt ∈Z∗+. Let dt ∈N denote the number
of boxes of type t required by the order. Let P represent the set of identical shipping pallets,
each with a two-dimensional loading surface of width W ∈ Z∗+ and depth L ∈ Z∗+. The
DPLP’s objective is to load all boxes requested in the order by using the minimum number
of pallets. Constraints on the maximum pallet height H ∈Z∗+ and weight Wmax ∈Z∗+ need
to be satisfied.

Due to these complex company constraints, obtaining a solution for this DPLP variant
is not easy, especially for large-sized and heterogeneous orders (i.e., composed of boxes of
different sizes). Even if a DPLP solution satisfying all constraints is available, it could suffer
from warehouse uncertainties, possibly making it impractical for the company operators.
Besides that, the company should give the number of pallets associated with each customer’s
order at the moment of purchase on its e-commerce platform. Therefore, the company is
currently interested in a fast and accurate tool capable of predicting the number of shipping
pallets, rather than solving a dedicated but time-consuming optimization problem.



34
Chapter 4. Combining Learning and Heuristics for Pallet Prediction in Ceramics Tiles

Distribution

4.4 Hybrid Model

We propose a hybrid approach to the DPLP under investigation that considers optimization
algorithms to enhance the predictive performance of an ML model. The company provided
data on two years of sales and the corresponding number of pallets generated for each order.
This data includes the maximum number of boxes per shipping pallet for each box size t,
denoted by Fmax

t , and the maximum weight (Wmax) and volume (WLH) a shipping pallet can
support.

An initial training dataset is created from the company-provided data. We start calculat-
ing the frequency Ft = dt (i.e., the number of boxes of type t), the weight Wt = dt pt , and the
volume Vt = wt lthtdt for each type t ∈ T . The dataset is labeled with the number of ship-
ping pallets Z j generated by each order j ∈ {1, ...,n}. Since training on the initial dataset can
take a long time, all intermediate training steps (Sections 4.4.1 - 4.4.3) are conducted using
a reduced dataset. The complete dataset is only used on the final computational experiments
(Section 4.5). The reduced dataset is created by randomly selecting a subset of orders from
the initial dataset, resulting in a training set with about 1

8 of the total number of orders.

4.4.1 Machine Learning Model Selection

We developed a pipeline to train and test four different machine learning models. These
models, which were chosen based on the literature review and our experience, consist of:
XGBoost (Chen and Guestrin, 2016a), LightGBM (LGBM) (LightGBM, 2024), Random
Forest, and Support Vector Machine (SVM) from scikit-learn (Pedregosa et al., 2011). Each
model passes through a hyperparameter tuning phase on the Mean Squared Error (MSE)
and Mean Absolute Error (MAE) metrics, obtained by performing a standard grid search.
Table 4.1 reports the hyperparameters and their possible values, besides the best values found
along with MSE and MAE metrics. The possible values were defined using a trial-and-error
approach and following the indications in each model documentation and the literature (see,
e.g., Banerjee (2020)).

TABLE 4.1: Grid search results with the hyperparameter values and errors.

Model Hyperparameter Values Best Value MSE MAE

XGBoost
learning_rate 0.1, 0.3 0.3

4.78 1.17max_depth 4, 5, 6 4
gamma 0, 0.25, 1 0.25

LGBM learning_rate 0.005, 0.01 0.01 16.49 2.58num_leaves 6, 8, 12, 16 16

Random
Forest

max_features sqrt, log2, None None
13.61 2.26max_depth 3, 6, 9 9

max_leaf_nodes 3, 6, 9 9

SVM C 0.1, 1, 10, 100, 1000 100 35.89 3.45gamma 1, 0.1, 0.01, 0.001, 0.0001 0.0001

The results in Table 4.1 show that XGBoost outperforms the other models regarding the
MSE and MAE values. Consequently, we decided to use only XGBoost in the following
steps. We also decided to perform a deeper tuning of this model’s hyperparameters. Table
4.2 contains the outcome of this additional tuning test, which leads to better MSE and MAE
values for the XGBoost model.
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TABLE 4.2: XGBoost tuning with the best hyperparameter values and errors.

Hyperparameter Values Best Value MSE MAE
learning_rate 0.01, 0.1, 0.2, 0.3 0.3

1.11 0.43

gamma 0, 0.1, 0.5 0.1
max_depth 3, 6, 10 6

min_child_weight 0, 1, 3, 5 0
subsample 0.5, 1 0.5

colsample_bytree 0.5, 1 1

FIGURE 4.1: Importance of the feature weights in the XGBoost model.

4.4.2 Features Optimization

After successfully fine-tuning the XGBoost model, we investigated the importance of each
feature in the reduced dataset. This analysis reveals that columns Wt and Vt , for t ∈ T , are
marginally contributing to the model’s predictions, as shown in Figure 4.1. Furthermore, tile
sizes that appear less frequently in the dataset exhibit higher error rates, as shown in Figure
4.2.

FIGURE 4.2: MSE and frequency values (Ft ), normalized and sorted by de-
creasing MSE.

These results allow the removal of less informative features, such as the size-grouped
weight Wt and volume Vt . At the same time, we introduce more general order-aggregated
features, as follows. Let O be the set of orders we need to process, and let o ∈ O be a given
order. We determine the total number of boxes Fo = ∑

m
t=1 Ft , the total weight Wo = ∑

m
t=1Wt ,

the total volume Vo =∑
m
t=1Vt , the average box weight Wavg =

Wo
Fo

, and the average box volume
Vavg =

Vo
Fo

. Figure 4.3 shows how these new features impacted the predictive capability of the
XGBoost model.

In the set O of orders, we observe that predicting the number of shipping pallets for homo-
geneous orders, defined Oh, which consist of only one type of box, and O f ull ones, which re-
quire only production pallets regardless of the types, is straightforward for the model. In this
way, we divided results into two groups: one containing all available orders O and another
excluding these simpler orders Omix = O− (Oh ∪O f ull). With this strategy, we evaluated
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FIGURE 4.3: Importance of the new order-aggregated features in the XG-
Boost model.

the model in both scenarios, preventing simple orders to improve the metrics and resulting
in premature conclusions. Table 4.3 summarizes the model’s performance before and after
including the new features.

TABLE 4.3: MSE and MAE values for each group of orders and the dataset
structures S1 (original) and S2 (enriched with additional features).

MSE MAE
Dataset structure O Omix O Omix

S1 1.01 1.38 0.42 0.53
S2 0.36 0.47 0.24 0.31

4.4.3 Incorporation of Optimization-based Features

Aiming to reduce the errors further, three additional features (i.e., HS1, HS2, and HS3) com-
puted with quick algorithms are introduced into the training dataset. To ensure computational
efficiency, the proposed algorithms have the worst-case time complexity of at most O(F2

o ),
where Fo is the total number of boxes in the customer’s order. The proposed algorithms are
as follows:

• HS1: calculated as HS1 = max (⌈∑
m
t=1 Wt
Wmax

⌉,⌈∑
m
t=1 Vt

WLH ⌉). This can be interpreted as the
value of the linear relaxation lower bound (LB);

• HS2: calculated as HS2 = ∑
m
t=1⌈

Ft
Fmax

t
⌉, where Fmax

t is the maximum number of boxes
of type t that can be loaded onto a pallet. This is, instead, an upper bound (UB)
for the DPLP instance, computed by considering that all pallets are built with only
homogeneous tiles (and this can easily be done by satisfying vertical stability and load
bearing constraints);

• HS3: described in Algorithms 1 and 2. This algorithm loads pallets by stacking lay-
ers of same-sized boxes, starting with those having the largest area until the pallet
limits are reached. Once full, it begins a new pallet and continues until all boxes are
packed. This may be seen as a quick heuristic solution approach, but, in fact, it does
not consider vertical stability and load bearing constraints, and hence it only provides
an approximation function of the minimum number of pallets.
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Algorithm 1 HS3 - constructive heuristic to give the number of shipping pallets

1: pallets← 1 ▷ Pallet estimation
2: for t ∈ SORTED(T ) do ▷ Iterate over box types sorted by decreasing base area
3: while dt > 0 do ▷ Boxes of type t left to pack
4: if w− pt < 0 OR h−ht < 0 OR no space to pack one box then
5: x,y,w,h←W ,L,Wmax,H ▷ Restart using an empty pallet
6: pallets← pallets+1
7: end if
8: b← ⌊ w

pt
⌋ ▷ How many boxes can be packed based on weight

9: q,dx,dy← TRYPACK(b,wt , lt ,x,y) ▷ Try to pack directly
10: q2,dx2,dy2← TRYPACK(b, lt ,wt ,x,y) ▷ Try rotating to pack
11: if q < q2 OR (q = q2 AND px py < px2 py2) then
12: q,dx,dy← q2,dx2,dy2 ▷ Choose to pack more boxes, then more area
13: end if
14: dt ,w,h← dt −q,w− ptq,h−ht ▷ Pack boxes, update weight and height
15: x,y← dx,dy ▷ Update dimensions for next layer
16: end while
17: end for
18: return pallets

Algorithm 2 TRYPACK

Input: b,bx,by, lx, ly ▷ Boxes to pack, box and layer dimensions
1: X ←min(b,⌊ lx

bx
⌋) ▷ Maximum number of boxes in x-dimension

2: Y ←min(b,⌊ ly
by
⌋) ▷ Maximum number of boxes in y-dimension

3: q,dx,dy← 0,0,0 ▷ Best quantity and new layer dimensions
4: for x ∈ {1 . . .X} do ▷ Test all number of boxes in x-dimension
5: y←min(Y ,⌈b

x⌉) ▷ How many rows in y-dimension will be needed
6: if q < min(b,xy) OR (q = min(b,xy) AND dxdy < bxbyxy) then
7: q,dx,dy←min(b,xy),bxx,byy
8: end if
9: end for

10: return q,dx,dy

Table 4.4 describes the final structure S3 of the training dataset, which now includes the
three additional optimization-based features. As shown in Table 4.5, the MSE and MAE
values for the dataset structure S3 are 0.24 and 0.19 for O, and 0.32 and 0.26 for Omix, re-
spectively, representing a considerable improvement in the accuracy of the model compared
to previous S2 structure.

TABLE 4.4: Final training dataset structure S3.

j F1 . . . Fm Fo Wo Vo Wavg Vavg HS1 HS2 HS3 Z j

1 10 . . . 3 25 250 500 10 20 5 9 8 7
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

n 7 . . . 0 13 195 65 15 5 2 4 3 3
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FIGURE 4.4: Importance of HS1,HS2,HS3 features in the XGBoost model.

TABLE 4.5: MSE and MAE values for each group of orders and the dataset
structures S1 (original), S2 (enriched with additional features) and S3 (added

optimization-based features).

MSE MAE
Dataset structure O Omix O Omix

S1 1.01 1.38 0.42 0.53
S2 0.36 0.47 0.24 0.31
S3 0.24 0.32 0.19 0.26

Moreover, as show in Figure 4.4, the newly introduced optimization-based features ex-
hibit high weight values, especially the HS2 feature, which attains the highest values among
all features demonstrating that optimization-based features are relevant for the model predic-
tion and provide a major contribution to error reduction.

4.5 Computational Experiments

All the codes were implemented in Python 3.10 and executed in a computer with an Intel
Core i5-1135G7 2.40 GHz processor, 8 GB of RAM, and Linux Mint 21 Cinnamon as the
operating system. We evaluate the XGBoost model considering the structure S3 (i.e., the one
enriched with the additional optimization-based features) and the complete two-year dataset
with all orders. This corresponds to our hybrid approach. In Table 4.6, we observe the impact
of the two groups Oh and O f ull on the training phase. Consequently, we train the model using
the structure S3, first including all orders O and then keeping only mixed orders Omix (which
we recall is equal to O− (Oh∪O f ull)).

TABLE 4.6: MSE and MAE values for each group of orders and the dataset
structure S3.

MSE MAE
Groups of orders Orders Training Time (min) O Omix O Omix

O 166391 54.79 0.22 0.73 0.11 0.33
Omix 40533 26.90 0.25 0.76 0.12 0.33

As reported in Table 4.6, applying the model to all orders O yields slightly better results
compared to using Omix. However, using only Omix can reduce the training time by around
51% while keeping satisfactory predictive results.

We next compare in Table 4.7 the proposed hybrid approach with PackVol (PackVol,
2024), a specialized software the company uses to solve the DPLP heuristically. PackVol
was configured by the company employees to satisfy the specific operational constraints of
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the DPLP as closely as possible. This means that PackVol is not able to capture some con-
straints. For example, as mentioned in Section 4.3, ceramic tiles of a given order are not all
available simultaneously due to the warehouse’s current state. As a result, PackVol could
underestimate the number of pallets. We also present the number of pallets obtained from the
company operators for comparison purposes. This experiment considers 30 real instances,
consisting of 30 orders randomly selected among the heterogeneous orders made in 2024
(which are not included in the training set). The real instances I are all heterogeneous, and
are sorted by increasing number of box types m. Its maximum value is 6 since 99.32% of
the orders in the training dataset contain six or fewer types. Table 4.7 contains the instance
number and the solution value (i.e., number of shipping pallets) obtained with PackVol, the
proposed hybrid approach, and the company operators. We assume the operators’ solution is
the basis for comparison, so the columns “Diff.” contain the difference with such a solution
for each instance. Positive values indicate the usage of more pallets, which could be accept-
able. Negative values indicate fewer pallets in the solution and could represent additional
logistic issues for customers (e.g., the need for contracting “on the flight” an extra vehicle).

TABLE 4.7: Results for the 30 real instances and comparison among the
different methods.

Instance # types Company PackVol Diff. (PackVol) Hybrid Diff. (Hybrid)
1 2 2 1 -1 2 0
2 2 6 6 0 7 1
3 2 4 4 0 4 0
4 2 1 1 0 1 0
5 2 6 6 0 6 0
6 2 2 2 0 2 0
7 3 22 22 0 22 0
8 3 5 5 0 5 0
9 3 5 3 -2 5 0
10 3 8 8 0 9 1
11 3 10 10 0 11 1
12 3 7 6 -1 7 0
13 4 5 4 -1 6 1
14 4 8 6 -2 7 -1
15 4 9 8 -1 9 0
16 4 7 7 0 7 0
17 4 15 15 0 16 1
18 4 6 6 0 7 1
19 5 26 25 -1 26 0
20 5 9 8 -1 9 0
21 5 28 27 -1 27 -1
22 5 2 4 2 3 1
23 5 13 13 0 13 0
24 5 10 6 -4 10 0
25 6 22 18 -4 21 -1
26 6 10 8 -2 10 0
27 6 22 21 -1 22 0
28 6 21 19 -2 20 -1
29 6 10 10 0 12 2
30 6 16 14 -2 16 0
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Observing the results in Table 4.7, PackVol achieves an MSE of 2.13 and an MAE of
0.93, whereas our hybrid approach achieves significantly better results, with 0.50 and 0.43
values of MSE and MAE, respectively. These outcomes highlight that our approach outper-
forms PackVol in both metrics, demonstrating its capability to predict the number of pallets
following the real context of the company with its operational requirements and workflows.
Another important aspect is the computation time required by the proposed approach. Al-
though the training phase may be time-consuming, after training, it solved all instances in
just 0.016 seconds, while PackVol required around one second per instance. From Table 4.7,
we can also observe that PackVol returns solutions different from those by the company in 16
cases, returning fewer pallets for 15 cases and achieving a largest deviation of -4 pallets. This
may bring issues for customers. On the other hand, the hybrid approach returns solutions that
differ from the company ones for just 12 instances, returning fewer pallets for only 4 of them
and having the largest deviation of just 2 pallets. These values confirm that our approach,
trained on real-world data, effectively models the problem constraints and results in accurate
predictions.

4.6 Concluding Remarks

We proposed a hybrid approach composed of machine learning and optimization components
to predict the number of pallets required to ship an order of ceramic tiles. We evaluated
four machine learning models, and after fine-tuning, we selected XGBoost. Its performance
was improved by adding new features that capture general information about the company’s
operational constraints. We also incorporated three measures obtained by quick optimization
algorithms, leading to significant reductions in both MSE and MAE values. The resulting
hybrid approach obtained better results than PackVol, the specialized model-based software
currently used at the company.

The computational experiments highlight that our hybrid approach, once it is trained on
real-world data, is fast and well-suited for the company-specific operational constraints. It al-
lows more accurate and practical predictions than PackVol, resulting in more solutions equal
to the ones obtained by the company operators and a reduced number of solutions requiring
fewer pallets. This is remarkably achieved without feeding the approach with any direct in-
formation about the pallet loading constraints (i.e., stability, load-bearing requirements, and
orientation), making the approach a very flexible tool.

Future research could propose new features to the hybrid approach (e.g., solutions ob-
tained with heuristics based on local search). Another interesting research avenue is to work
on a more general problem, considering pallets of different sizes, which will lead to a more
challenging objective function. We finally plan to test the approach to other related pallet
loading, cutting, and packing problems, as well as scheduling problems (Borges et al., 2024;
Queiroz and Mundim, 2020).
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Chapter 5

Multi-Output Pallet Prediction in
Ceramics Tiles Distribution 1

Based on the study developed in Taccini et al. (2025), this chapter presents a ML approach
that integrates optimization-derived features and multi-output regression strategies. Three
strategies are developed: one based on independent regressors and two based on regressor
chains. Computational experiments on real instances demonstrate that all proposed strategies
outperform the company’s solution. Among them, one of the regressor chain-based strategies
achieves the best overall performance, offering the lowest error rates. The results highlight
that combining ML with optimization provides accurate, scalable, and practical solutions for
dynamic industrial environments. This study contributes to bridging the gap between ML
and operations research for solving complex, highly constrained logistics problems.

5.1 Introduction

The ceramic tile industry has experienced steady global growth in recent years, with world-
wide production reaching 16.8 billion square meters (ACIMAC Research Department, 2023).
Italy ranks among the top exporters, generating C7.2 billion in revenue, which highlights the
strategic role of the sector in the national economy. The management of pallet loading opera-
tions and transportation is an important component of competitiveness in this industry. These
operations involve transferring boxes of ceramic tiles, which often vary in size and weight,
from production pallets (used in internal logistics operations) to shipping pallets (used for
external logistics) to fulfill customer orders. To ensure safe transportation and minimize lo-
gistics costs, each pallet must comply with specific weight and volume limits and maintain
adequate structural integrity.

This study addresses a real-world pallet loading problem faced by a major international
ceramic tile company headquartered in Italy. Customers’ orders are submitted through the
company’s e-commerce platform or via standard commercial channels. Each customer is
responsible for collecting the ceramics, either using their vehicle or relying on a third-party
carrier. Consequently, the company must inform the customer in advance of both the number
of pallets required for each order and the types of pallets that will be used. Since pallet types
vary in size and capacity, they impact transportation planning and cost estimation for the
customer.

To provide customers with this information, the company must solve a variant of the dis-
tributor’s pallet loading problem (DPLP) (Silva et al., 2016), aiming to minimize the number
of pallets required for loading boxes. Providing an optimal solution for such a problem is

1The results of this chapter appears in : Taccini, M., de Oliveira, M. A., dos Santos, A.G., de Queiroz, T. A.
and Iori, M. "Combining Learning and Heuristics for Pallet Prediction in Ceramics Distribution". In Proceeding
of the International Conference on Optimization and Decision Science, 2025, forthcoming.
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not a straightforward task, as it involves not only its computational complexity (i.e., an NP-
hard problem), but also numerous constraints and uncertainties arising from the company’s
warehouse and daily practices (e.g., not all production pallets are available at the same time
to build the shipping pallets). Such limitations underscore the need for a tailored solution
method that can learn from historical data and provide accurate, real-time predictions for the
customers’ orders.

In this work, we propose an approach that predicts both the quantity and types of shipping
pallets required to fulfill a customer’s order. It integrates machine learning with optimization
heuristics to obtain accurate predictions, extending the preliminary study in Taccini et al.
(2025). Its results are compared with the current solutions proposed by the company. These
include decisions made by the warehouse’s expert operators as well as the output produced by
a specialized pallet loading software tool (PackVol, 2024). The results of the computational
experiments demonstrate that the proposed approach provides practical benefits within the
company’s logistics processes. Additionally, this study contributes to the literature by bridg-
ing the gap between machine learning and operations research to solve a complex, highly
constrained logistics problem in a dynamic industrial environment.

The structure of the chapter is as follows. In Section 5.2, we briefly describe the literature
about the DPLP and related problems. In Section 5.3, we formally present the problem under
investigation. In Section 5.4, we describe the proposed approach and detail each of its parts.
In Section 5.5, we present and discuss the computational experiments on the company’s
instances. In Section 5.6, we conclude our research by listing the main findings and providing
directions for future studies.

5.2 Literature Review

There are different variants of pallet loading problems. These are usually classified as cutting
and packing problems, for which we refer to the typology proposed by Wäscher et al. (2007).
General surveys on cutting and packing problems were provided by Hadj Salem et al. (2023)
and Iori et al. (2021b), while real-world constraints have been discussed in works such as
Bortfeldt and Wäscher (2013) and Nascimento et al. (2021). Pallet loading problems can
be categorized into two main variants: those involving manufacturers and those involving
distributors. The survey by Silva et al. (2016) addressed the manufacturer’s pallet loading
problem. This variant assumes that all items are identical and seeks to maximize the number
of items packed onto a single pallet.

The problem we address here is a generalization of the distributor’s pallet loading prob-
lem (i.e., the DPLP), also known in the literature as the pallet building problem and the
multi-pallet loading problem. It assumes that one or more pallets are used to pack a set of
items of various types, thereby minimizing the number of pallets required.

The number of contributions on the DPLP in the literature is significant. The earliest
works date back to the 1980s, such as Hodgson (1982), which proposed an algorithm based
on dynamic programming. In Bischoff et al. (1995), a heuristic that packs items in layers was
introduced, allowing the inclusion of practical constraints such as vertical stability. Compu-
tational experiments yielded promising results; however, performance declined in instances
with greater variability in box dimensions. In Queiroz et al. (2015), the authors reviewed
previous algorithms, including that of Birgin et al. (2012), and presented instances where
such methods fail to find optimal solutions. In Gzara et al. (2020), the authors addressed a
DPLP for a logistics company requiring the packing of items onto pallets every two min-
utes in an automated warehouse processing thousands of items and hundreds of pallets daily.
They proposed a layer-based column generation algorithm that incorporates constraints such
as vertical stability, load-bearing capacity, pallet weight limits, and planogram sequencing.
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However, the load-bearing constraint was modeled using a simplified load transfer based on
surface area percentages.

Another practical DPLP was addressed in Calzavara et al. (2021), involving a robotized
application with constraints including load-bearing, contiguity, visibility, and multiple ori-
entations. Most recently, Yao et al. (2025) introduced a DPLP variant that incorporates a
buffer area, which is useful for dealing with uncertainty related to partial information about
items that becomes available only before packing. They proposed a greedy heuristic com-
bining block generation, open space representation, and a selection strategy to improve pallet
utilization. The resulting effectively balances efficiency and real-time decision-making, ac-
counting for robot interference and practical constraints such as vertical stability.

Regarding the use of artificial intelligence techniques for pallet loading problems, Layeb
and Omri (2024) solved instances of the manufacturer’s variant using deep reinforcement
learning, achieving an average volume utilization of approximately 99%. In contrast, Mag-
nani et al. (2025) addressed the DPLP with practical constraints such as vertical stability and
load-bearing. They proposed a hybrid approach that combines a heuristic, which constructs
layers with items, with machine learning techniques (e.g., random forest and support vector
regression) to identify promising layers for pallet construction.

5.3 Problem Description

The problem addressed in this study is a DPLP variant obtained from a large-scale ceramic
tile manufacturer in Italy. We are given a set of customer orders. Each order requires a
set of boxes. The boxes have three dimensions, and a demand is associated with each box.
To supply these orders, the company has been using two types of shipping pallets: the first
with a larger base area and higher load capacity, while the second is smaller and used for
lighter or more compact products. The boxes are loaded in levels, respecting the pallet’s
rectangular base, height limit, and weight capacity, as well as its vertical stability, load-
bearing requirements, and the allowed orientations of the boxes. There are also compatibility
constraints, meaning that not both pallets can be used to transport all types of boxes. The
problem’s objective is to load all boxes of the given order using the minimum quantity of
pallets, while satisfying all the previously mentioned constraints.

Additional details about the company’s warehouse and loading operations are provided
below to better situate the problem. Ceramic tiles are first loaded onto standardized produc-
tion pallets, which are not used for shipping but act as intermediate supports during internal
logistics transport. These pallets are transported to the loading area via an automated material
handling system, which has a limited capacity. Consequently, production pallets cannot be
simultaneously available for the company’s operators during the loading of shipping pallets.
Their arrival is influenced by the scheduling choices of the warehouse’s automated system
and its current operational status. For instance, machinery failures can delay pallet delivery,
disrupting the sequence in which production pallets reach the loading area, which itself faces
strict spatial limitations. As a result, operators must begin transferring boxes from each pro-
duction pallet to the appropriate shipping pallet immediately upon its arrival, without delay.
Only after finalizing an order can operators proceed to the next one.

When loading the shipping pallets, operators must adhere to the previously mentioned
constraints. Additionally, the two types of shipping pallets that the company handles are
tailored to the specific dimensions of different products. This further complicates the loading
operations since not every product can be loaded onto every type of pallet. The selection
of a type affects not only the feasibility and efficiency of the loading process but also the
information provided to customers for transportation planning purposes.
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Solving this DPLP variant is particularly challenging. Even when a feasible loading plan
is found, it may still be impractical for operators to implement the corresponding solution
due to the unpredictability of day-to-day operations and the potential presence of packing
movements that are difficult to execute in practice. Additionally, the company must inform
customers, at the time of purchase, about the number and type of shipping pallets required
for their order. Therefore, the company is currently interested in having a fast and accurate
estimator for these values, rather than relying solely on an optimization procedure that, while
correct, may require significant computation time.

5.4 Proposed Approach

The proposed approach is an extension of our previous study presented in Taccini et al.
(2025). That work did not account for the different types of shipping pallets the company
uses to supply its customers’ orders. The company is indeed interested in a more precise
prediction, not only obtaining a total expected number of pallets but also accounting for their
sizes (i.e., how many pallets are needed for each available size). To this end, we developed
a new approach that utilizes independent regressors and regressor chain strategies to achieve
multiple outputs.

5.4.1 Single-Output Regressor Model

The approach developed in Taccini et al. (2025) involved a selection phase in which four dif-
ferent machine learning (ML) models were trained and compared on both the mean squared
error (MSE) and the mean absolute error (MAE). At the end of this selection phase, XGBoost
(Chen and Guestrin, 2016b) was identified as the most effective model. Then, the XGBoost
model was enhanced through a feature optimization process. This was performed by analyz-
ing the structure of the input dataset. At the end of this second phase, the training dataset
was improved by adding more general and order-based features, such as the total number of
boxes in the order, total weight and volume of the order, and average weight and volume of
boxes in the order, which reduced the MSE and MAE values by 66% and 42%, respectively.

To further improve the XGBoost model, three additional optimization-based features
were introduced, namely the results obtained with heuristics HS1, HS2, and HS3 (Taccini
et al., 2025). The first feature, HS1, computed as the maximum between total weight divided
by max pallet weight, and total volume divided by max pallet volume, can be interpreted as
a lower bound (LB) for the problem. On the other hand, the second feature, HS2, represents
an upper bound (UB) for the DPLP instance, assuming that all pallets are composed exclu-
sively of homogeneous boxes. The third added feature, HS3, is based on a greedy heuristic
that loads pallets by stacking layers of boxes with identical dimensions, starting with those
having the largest area and continuing until all constraints are respected.

The inclusion of all these features resulted in a dataset structure, called S3, which fur-
ther decreased the MSE and MAE errors. The approach developed in Taccini et al. (2025)
achieved superior performance, yielding better predictions within shorter computation times.

5.4.2 Multi-Output Regressor Model

Building on the approach in Taccini et al. (2025), we extend it to a multi-output regression
model. We consider the following strategies to comply with the company’s current objectives:

1. In the first scenario, we use two independent single-output regressor models, namely
M1 and M2. Each one consists of the XGBoost model and was trained separately to
predict each type of available shipping pallet, namely, pallet type j = 1 and pallet type
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FIGURE 5.1: The three strategies developed to predict the solution of the
DPLP variant under investigation.

j = 2. The training process assumed the dataset structure S3. Despite its straightfor-
ward implementation, this strategy does not account for potential correlations between
outputs for mixed orders, i.e., orders for which both types of shipping pallets, j = 1
and j = 2, may be present. The number of orders in this situation is around 30% of the
total. We refer to this model as independent regressors (IR).

2. The second scenario involves training the models sequentially, with each one receiving
as input both the original features, i.e., S3, and the predictions, which we denote as P,
from one of the previous models. This strategy has allowed the modeling of interde-
pendencies between the types of pallets. We considered two strategies, since the final
results/predictions are influenced by the order in which a model is applied to predict a
given type of pallet. The first strategy involves using the first model, M1, with input S3,
resulting in the first output, P1, for the shipping pallet of type j = 1. Next, the second
model, M2, has as input S3∪P1, for the shipping pallet of type j = 2. We refer to this
strategy as regressor chain one (RC1). The second strategy involves starting with the
second model, M2, which takes S3 as input to predict the pallet of type j = 2. Next, we
use the first model, M1 with the input S3∪P2, for predicting the shipping pallet of type
j = 1. This is named regressor chain two (RC2).

Figure 5.1 illustrates each of the three strategies. We consider input = S3, while M1 and
M2 are the XGBoost models for each type of pallet, j = 1 and j = 2, respectively. It is
worth noting that several strategies were evaluated to improve the accuracy of the proposed
approach, including the adoption of alternative machine learning models such as LightGBM
(LGBM) (LightGBM, 2024), Random Forest, and Support Vector Machine (SVM) from
scikit-learn (Pedregosa et al., 2011). However, the results presented here correspond to the
configurations that achieved the best overall performance.

The tuning of the hyperparameters and the training phase for the three strategies were
carried out according to the procedure described in Taccini et al. (2025). The orders were
randomly split, with 80% allocated to the training phase, using a dataset containing approxi-
mately 166,000 orders from the years 2022 and 2023.

Table 5.1 reports the MSE and MAE values calculated for the test dataset, which consists
of 20% of the total initial dataset. The table compares the three different strategies, IR, RC1,
and RC2, based on their prediction performance. For the test dataset, while all strategies
behave similarly, IR slightly outperforms the others globally and particularly for the pallet of
type j = 1. However, for j = 2, we observe RC1 and RC2 show advantages depending on
which measure of error we would like to prioritize, MSE or MAE.

5.5 Computational Results and Discussions

The proposed approaches were implemented in Python 3.10. We performed computational
experiments on a computer equipped with an Intel Core i5-1135G7 2.40 GHz CPU, 8 GB of
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TABLE 5.1: MSE and MAE values for each strategy, calculated on the test
dataset. The first two columns report the average values across the two pallet
types j = 1 and j = 2, while the remaining columns show the type-specific

metrics.

Strategy MSE MAE MSE j = 1 MAE j = 1 MSE j = 2 MAE j = 2
IR 0.659 0.256 1.133 0.407 0.185 0.105

RC1 0.663 0.257 1.129 0.414 0.198 0.100
RC2 0.660 0.267 1.140 0.430 0.181 0.104

RAM, and Linux Mint 21 Cinnamon as the operating system. The experiments utilized 30
real instances from the company, which were randomly selected from all the heterogeneous
orders received in 2024 and represent different levels of heterogeneity. These orders were
not considered during the training phase to guarantee a fair comparison of the strategies.

The instances are ordered by their heterogeneity, i.e., the number m of different types of
boxes the order has, with a maximum of m = 6. The three strategies are compared with Pack-
Vol (PackVol, 2024), the software already in use by the company. It is configured to reflect
the specific operational constraints of the DPLP variant under investigation; however, it does
not account for the uncertainties reported in Section 5.3. We also compare our solutions with
the company’s expert operator solutions, i.e., the shipping pallets the operators load to fulfill
each order. These values are used as a baseline for comparing all the approaches.

Table 5.2 has the results obtained for all the 30 instances (i.e., the number of pallets
j = 1 and j = 2 required by each instance). In contrast, Table 5.3 reports the MAE and
MSE values for each approach, with the company’s operator solutions serving as the baseline
for comparison. Firstly, we observe that the difference in errors between the independent
regressor and the chained ones is very small, suggesting that the correlation between the two
types of pallets j is weak. This could indicate that a simpler approach, such as IR, without
inter-dependencies between the two types, is already able to return satisfactory predictions.

Concerning Table 5.2, as the heterogeneity of the boxes increases (ranging from 2 to 6 in
instances 1–30), values for all approaches tend to increase slightly, suggesting that the prob-
lem becomes more complex as the orders’ heterogeneity grows. PackVol shows a tendency to
overestimate the number of pallets of type j = 2, which are typically associated with larger
sizes. Additionally, IR, RC1, and RC2 often perform as well as, or better than, PackVol’s
solutions. RC2 often produces very competitive results, particularly in instances with more
heterogeneity (instances 20–30).

Considering the type of pallet j = 2, we notice that the predictions better approximate
the company’s solutions. It is worth noting that PackVol gives poor results for pallets of type
j = 1 compared to the other approaches.

Regarding the MAE and MSE values reported in Table 5.3, we conclude that RC2 is the
most balanced and robust strategy, achieving the lowest overall errors and better handling the
types of pallets j = 1. It achieves the lowest overall MSE (0.533) and lowest MAE (0.467),
indicating the highest prediction accuracy globally. On the other hand, RC1 has the best
results specifically for the type j = 2. IR remains a simple and interesting strategy, as its
predictions are more accurate than those of PackVol. Notice that PackVol performs much
worse than the others, especially for j = 1, with an MSE of 3.100 and MAE of 1.300.

5.6 Concluding Remarks

This study addressed a real-world variant of the distributor’s pallet loading problem faced
by a major ceramic tile manufacturer in Italy. The complexity of the problem lies not only



5.6. Concluding Remarks 49

TABLE 5.2: Results of the 30 real-world instances for each approach. For
each instance, the number of shipping pallets is reported for each type j =
1 and j = 2. The values are shown for the company’s operator solutions,

Packvol, and the proposed strategies: IR, RC1, and RC2.

Instance m Company PackVol IR RC1 RC2
j = 1 j = 2 j = 1 j = 2 j = 1 j = 2 j = 1 j = 2 j = 1 j = 2

1 2 2 0 1 0 1 0 1 0 1 0
2 2 5 1 6 0 6 1 5 1 6 1
3 2 3 1 3 1 3 1 3 1 3 1
4 2 1 0 1 0 1 0 1 0 1 0
5 2 2 4 4 2 2 4 1 4 2 4
6 2 1 1 1 1 1 1 1 2 2 1
7 3 17 5 17 5 18 5 18 5 19 5
8 3 5 0 5 0 5 0 5 0 5 0
9 3 2 3 0 3 2 3 2 3 2 3

10 3 8 0 8 0 8 0 9 0 9 0
11 3 5 5 5 5 5 4 5 4 6 4
12 3 1 6 0 6 1 6 1 6 1 7
13 4 5 0 4 0 5 0 5 0 6 0
14 4 5 3 1 5 3 2 3 3 3 3
15 4 7 2 6 2 6 2 7 2 7 2
16 4 3 4 2 5 3 4 3 4 3 4
17 4 15 0 14 1 15 1 16 0 15 0
18 4 5 1 4 2 6 1 5 1 6 1
19 5 19 7 17 8 18 8 18 7 18 8
20 5 6 3 4 4 6 3 7 3 7 3
21 5 22 6 21 6 18 7 18 7 22 7
22 5 1 1 2 2 2 1 2 1 2 1
23 5 12 1 13 0 14 0 16 0 13 1
24 5 10 0 6 0 9 0 10 0 9 0
25 6 20 2 16 2 19 1 19 1 19 1
26 6 8 2 5 3 9 2 9 2 9 2
27 6 14 8 13 8 14 7 12 8 15 7
28 6 14 7 12 7 12 6 10 7 13 6
29 6 9 1 9 1 9 1 9 1 10 1
30 6 14 2 12 2 13 2 14 2 14 2

TABLE 5.3: MSE and MAE values for each approach in the 30 instances.

Model MSE MAE MSE j = 1 MAE j = 1 MSE j = 2 MAE j = 2
PackVol 1.833 0.867 3.100 1.300 0.567 0.433

IR 0.800 0.500 1.300 0.700 0.300 0.300
RC1 1.183 0.517 2.200 0.867 0.167 0.167
RC2 0.533 0.467 0.833 0.700 0.233 0.233

in the geometric and operational constraints inherent to the palletization process, but also
in the uncertainties associated with warehouse logistics and day-to-day operations. In this
context, providing customers with accurate predictions regarding the number and types of
pallets required for their orders is a critical component of efficient logistics management.

To tackle this challenge, we proposed a machine learning-based approach that integrates
independent and sequential multi-output regression strategies with features derived from both
historical data and optimization-based heuristics. Three prediction strategies were developed:
independent regressors (IR), regressor chain one (RC1), and regressor chain two (RC2).

Computational experiments conducted on 30 real instances from the company demon-
strated the effectiveness of the proposed approach. In particular, the RC2 strategy consis-
tently achieved the best performance, obtaining the lowest overall mean squared error and
mean absolute error among all tested approaches. While RC1 provided slightly better re-
sults for pallets of type j = 2, RC2 offered the most balanced and robust performance across
different order heterogeneity. Furthermore, the IR strategy also proved to be a simple yet
effective alternative, outperforming the specialized PackVol software, particularly for pallets
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of type j = 1.
Overall, the results confirm that integrating machine learning and optimization-based

features can significantly enhance pallet prediction accuracy, offering practical advantages
for real-world industrial logistics. The proposed approach provides an effective and scal-
able solution for dynamic and highly constrained environments. Future research directions
include the exploration of more advanced machine learning models, such as deep learning ar-
chitectures, incorporating real-time warehouse operational data to further improve prediction
accuracy, and extending the approach to support dynamic re-optimization as new information
becomes available during the loading process.
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Chapter 6

Conclusions

This doctoral thesis has addressed several challenges in intralogistics optimization within the
ceramic tile industry, applying data-driven OR methodologies to real-world industrial con-
texts. The research developed and integrated simulation, optimization, and machine learning
techniques to improve the efficiency, flexibility, and reliability of logistics processes in a
sector characterized by high production volumes, product heterogeneity, and complex oper-
ational constraints.

In Chapter 2, DES was applied to study and optimize the management of buffer storage
areas. The analysis demonstrated how simulation can effectively model the dynamics of het-
erogeneous pallet flows, allowing the assessment of alternative allocation and classification
strategies before their implementation. The results provided valuable insights into the trade-
offs between storage capacity, operators’ workload, and warehouse efficiency, confirming the
role of simulation as a decision-support tool for industrial logistics planning.

Chapter 3 focused on the development of an automated DSS for optimizing transporta-
tion activities across peripheral warehouses. By combining digitalization with mathematical
optimization, the proposed system minimized transportation costs and improved coordina-
tion among multiple peripheral warehouses. The implementation in a real industrial setting
showed measurable benefits, including reduced operational costs, and simplified order man-
agement. This contribution demonstrated how operations research models can be effectively
embedded in practical tools that directly support daily logistics operations.

In Chapter 4, a hybrid approach was proposed to estimate the number of pallets re-
quired for shipping orders of ceramic tiles. The method combined machine learning with
optimization-based features, enabling fast and accurate predictions that assist decision-making
in real-time e-commerce and warehouse management contexts. The approach effectively ad-
dressed a company-critical problem, providing a balance between computational efficiency
and predictive accuracy.

Chapter 5 extended this hybrid approach by introducing a multi-output regression model
to simultaneously predict the quantities of different pallet types. This extension further
aligned the predictive model with the company needs, as pallet size selection significantly
influences shipping cost. Result showed that the multi-output approach, particularly the re-
gressor chain variant, is capable of capturing dependencies between pallet categories, thus
improving the accuracy and practical benefits of the predictive system.

From an industrial perspective, all the research activities presented in this thesis were
conducted in close collaboration with a leading international ceramic tile company head-
quartered in the ceramic district of Sassuolo. This collaboration allowed for the validation of
theoretical models through real-world applications, bridging the gap between academic re-
search and industrial practice. The developed methodologies have been implemented within
the company logistics processes, contributing to measurable efficiency improvements and
demonstrating the potential of operations research to drive innovation in manufacturing lo-
gistics.
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With respect to deployment and operational usage, the tools developed in this thesis ex-
hibit different levels of industrial maturity. The simulation and optimization-based decision
support systems presented in Chapters 2 and 3 have been deployed within the company lo-
gistics processes and are currently used to support daily planning activities. In practice, their
performance is consistent with the results reported in this thesis, leading to tangible reduc-
tions in operational costs and planning effort.

The predictive models introduced in Chapters 4 and 5 have been integrated into the com-
pany information systems as decision-support components. Although they already fulfill their
intended function and have enabled the company to provide its clients with improved service
and more effective data sharing for shipment planning, further refinements are currently un-
der investigation to enhance robustness under highly dynamic conditions. In all cases, the
proposed tools are designed to support human operators rather than fully replace them, au-
tomating repetitive and computationally intensive tasks while leaving exception handling and
strategic decisions to human expertise.

From a scientific standpoint, the thesis contributes to the growing body of knowledge
on the application of operations research and data-driven methods to intralogistics systems.
It offers methodological advances in simulation-based decision support, cost-optimization
modeling, and hybrid frameworks for logistics prediction. The combination of these ap-
proaches highlights the importance of integrating analytical rigor with data-driven adaptabil-
ity to manage complex, dynamic, and resource-constrained environments.

Looking ahead, several research directions emerge from this work. Future studies could
explore the use of stochastic and robust optimization techniques to better handle uncertainty
in logistics operations, or the integration of real-time data and reinforcement learning to sup-
port adaptive decision-making in dynamic warehouse environments. Additionally, extending
the hybrid predictive models to include multi-objective criteria such as balancing cost, time,
and environmental impact would further improve their industrial applicability.

In conclusion, this thesis has demonstrated how the synergy between operations research,
simulation, and machine learning can significantly improve intralogistics performance in the
ceramic tile industry. By combining methodological innovation with practical implementa-
tion, the research contributes both to the academic advancement of logistics optimization and
to the competitiveness of industrial operations in a key Italian manufacturing sector.
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Appendices
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Appendix A

List of Acronyms

AGV Automated Guided Vehicle.

DES Discrete Event Simulation.

DPLP Distributor Pallet Loading Problem.

DSS Decision Support System.

ERP Enterprise Resource Planning.

ILP Integer Linear Programming.

IR Independent Regressors.

LGBM Light Gradient Boosting Machine.

MAE Mean Absolute Error.

ML Machine Learning.

MOR Multi-Output Regression.

MSE Mean Squared Error.

OR Operations Research.

RC Regressor Chain.

SVM Support Vector Machine.
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