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ABSTRACT

This dissertation develops and evaluates a predictive approach for a variant of the

Distributor’s Pallet Loading Problem (DPLP) applied in the context of an Italian

ceramic tile manufacturer. In this scenario, orders from clients are composed by

boxes of different sizes and weights that must be loaded onto pallets while meeting

constraints on weight, volume and stability, as well as operational uncertainties in the

warehouse. The objective is to estimate quickly and accurately the total number of

pallets, and in an extended setting, the number of pallets of each type, required to

fulfill an order. The proposed solution is a hybrid method that combines machine

learning (ML) with heuristics. Historical data of the company is used to extract

relevant features, which are then enriched with heuristic bounds to improve model

accuracy. Three ML models, namely XGBoost, LightGBM, and Random Forest were

trained and tuned using company's data. Experiments on thousands of past orders

and a separate set of recent, unseen orders show that the hybrid approach

consistently outperforms PackVol (the company's current software), achieving mean

squared and absolute errors around 5.3 and 2.3 times smaller, respectively, while

producing predictions a much faster time. The approach is also extended to a multi-

output regression setting to predict pallet quantities by type, maintaining high

accuracy and efficiency even under this more complex objective, with squared and

absolute errors around 3.4 and 1.8 times smaller, respectivelly. The results

demonstrate that combining ML with heuristic features yields a practical, scalable,

and accurate predictive tool for the company's scenario, with potential applicability to

other packing, loading, and logistics problems in this industry and many others.

Keywords: distributor’s pallet loading problem; machine learning; heuristics ; tile

production; real-world instances
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RESUMO

Esta dissertação desenvolve e avalia uma abordagem preditiva para uma variante do

Distributor’s Pallet Loading Problem (DPLP) aplicada no contexto de uma fabricante

italiana de cerâmicas e azulejos. Nesse cenário, pedidos de clientes são compostos

por caixas de diferentes tamanhos e pesos que devem ser carregadas em paletes,

atendendo a restrições de peso, volume e estabilidade, bem como a incertezas

operacionais no armazém. O objetivo é estimar, de forma rápida e precisa, o número

total de paletes e, em uma extensão do problema, o número de paletes de cada tipo

necessários para atender a um pedido. A solução proposta é um método híbrido que

combina machine learning (ML) com heurísticas. Dados históricos da empresa são

utilizados para extrair características relevantes, que são posteriormente

enriquecidas com limites heurísticos para melhorar a precisão dos modelos. Três

modelos de ML, nomeadamente XGBoost, LightGBM e Random Forest, foram

treinados e ajustados usando dados da empresa. Experimentos mostraram que a

abordagem híbrida supera consistentemente o software atualmente utilizado pela

empresa, chamado PackVol, alcançando erros quadráticos médios e absolutos cerca

de 5,3 e 2,3 vezes menores, respectivamente, além de produzir previsões em um

tempo muito mais rápido. A abordagem também foi estendida para um cenário de

regressão de múltiplos valores, a fim de prever quantidades de paletes por tipo,

mantendo alta precisão e eficiência mesmo nesse objetivo mais complexo, com

erros quadrados e absolutos cerca de 3,4 e 1,8 vezes menores, respectivamente. Os

resultados demonstram que a combinação de ML com métodos heurísticos usados

para alimentar o modelo com estimativas, limites inferiores e limites superiores gera

uma ferramenta preditiva prática, escalável e precisa para o cenário da empresa,

com potencial de aplicação em outros problemas de empacotamento, carregamento

e logística nessa indústria e em diversas outras.

Palavras-chave: distributor’s pallet loading problem; machine learning; heurísticas;

produção de cerâmicas; instâncias reais
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1 INTRODUCTION

Packing problems are some of the most commonly studied problems in the area

of operations research and optimization. These problems usually consist in packing

a set of smaller objects (items) into one or more larger objects (containers) satisfying

some required constraints (IORI et al., 2021b; SILVEIRA, 2022). Such problems possess

many theoretical (CRAINIC et al., 2012) as well as practical applications (ALONSO

et al., 2016) and are recurrent in important industries like logistics (ZUO; LIU; CHAN,

2022) and manufacturing (AO et al., 2023). Therefore, solutions for these problems

are desirable due to their impact in such core industries. However, packing problems

have a strong tendency to be NP-Hard, so an efficient and exact solution for them is

not currently known. This characteristic encourages the development of approximate

solutions like metaheuristic and machine learning approaches for packing problems.

This project addresses a packing problem called Distributor’s Pallet Loading

Problem (DPLP) (BISCHOFF; JANETZ; RATCLIFF, 1995), which consists in packing

a set of items into layers and then stacking such layers onto a pallet. It is a complex

problem with many constraints such as the pallet’s weight limit, volume and stability. The

objective of this problem is to pack all the items into pallets using the smallest number

of pallets as possible. The DPLP is present in many situations that require the packing

of items. Some examples of these are food packages, soft drink bottles (as shown in

Figure 1), cans and boxes for shipping goods. Therefore, the DPLP has many practical

applications and a solution that minimizes the number of pallets can save costs of the

companies that build them (SILVEIRA, 2022).

The case study of this work is an Italian company that produces ceramic and

porcelain tiles. This company deals with the DPLP in its production process, since it

packs boxes of tiles into pallets (as illustrated in Figure 2). The company has an e-

commerce system that receives orders from clients, that are composed of different types

of ceramic tiles. The process of building the clients’ orders begins when the operators

responsible for picking and loading request the necessary tiles through the warehouse’s

automated system, which then sends them to be placed onto shipping pallets. Some

tiles may be already stored in the warehouse and can be dispatched quickly, while

others are not immediately available because they must first arrive from other facilities,

sometimes even from abroad. Additionally, even for tiles that are in stock, the internal
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Figure 1 – Real-world application of the DPLP. Source: SILVEIRA, 2022

handling performed by automated machines along with human operators introduces

further variability, since the system does not release them in a predictable sequence or

time frame. As a result, operators cannot know in advance when each tile will reach the

loading area. Since the space in the loading area is very limited, they cannot afford to

wait idly for missing tiles and must start loading available tiles as soon as they arrive.

These supply and handling uncertainties, combined with the spatial constraints of the

loading area, make it very difficult to design a pallet-building procedure that is both

systematic and practical for operators to follow in real time. Therefore, a direct solution

to the DPLP is not viable to be implemented in the company’s scenario.

However, another characteristic of the company’s shipping process is that the

clients are responsible to pick the pallets directly at the warehouse after they are ready.

Since they do it by using vehicles of their own or rented ones, having a precise or close

enough estimation of the number of pallets used can help clients organize and reduce

their shipping costs. Therefore, a solution that can estimate the number of pallets that

an order will require is desirable in the context of this company, and this is much simpler

and viable to implement than a model that defines a way to pack the boxes and accounts

for all dynamic factors of the warehouse.

A machine learning (ML) approach was selected to build this model to predict

the number of pallets that an order will require. This ML approach learns from historical

data from the company how to infer the number of pallets and do it for new orders. The

reason to choose ML for this task was due to some advantages that it has against some
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Figure 2 – Company’s pallets of ceramic tiles boxes. Source: Case study company

more traditional methods (e.g. exact models and heuristics) in the packing context:

• ML models are able to do inferences much faster than an exact model or a

metaheuristic, something that aligns with the company’s need to make provide

quick predictions to the clients in their e-commerce system;

• ML models have a more data-driven characteristic than traditional methods (WU

et al., 2023), something that would allow them to adapt to gradual changes in the

production process of the company;

• ML models are less reliant on specific knowledge of the domain than traditional

methods (WU et al., 2023), something that helps in the company’s context since

their scenario is very complex and dynamic;

Besides that, some heuristics were built to enrich the ML models, in a way to

improve the solution’s accuracy.

1.1 Motivation

The initial motivation for this dissertation is the theoretical and practical impor-

tance of the Distributor’s Pallet Loading Problem, since it appears and can impact many
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relevant industries like beverages (AKKAYA et al., 2018), food (MORABITO; MORALES;

WIDMER, 2000) and logistics (ALONSO et al., 2016; IORI et al., 2020; IORI et al.,

2021b). Furthermore, reviews such as that by WU et al. (2023) highlight the potential

of machine learning (ML) and hybrid approaches that combine ML with heuristics for

addressing packing problems like the DPLP. This potential served as a key motivation

for the present work, which explores the application of ML techniques in the context of

the DPLP.

Previous studies have explored the use of optimization techniques for packing

problems in the ceramic industry. For example, a matheuristic approach was applied to

the Two-Dimensional Irregular Bin Packing Problem in a Spanish ceramic tile company

(MARTINEZ-SYKORA et al., 2017), while heuristic methods were developed to address

ceramic bowl placement in a Thai company (MAUNGMEESRI; THWE, 2024). Despite

these contributions, optimization-based solutions in the ceramics domain remain limited.

In this work, we extend the research by investigating the potential of machine learning

for tackling such problems.

Additionally, another significant motivation to build this approach over a ceramic

company scenario was the weight of this industry over the global market that has grown

so much in the last decade. According to the ACIMAC Research Department (2023),

world production has reached almost 17 billion square meters, with an estimated value

of 248.89 billion USD in 2023 and is projected to reach 359.35 billion USD by 2030,

growing at a compound annual growth rate of 5.6% from 2024 to 2030 (Grand View

Research, 2023). Moreover, Italy (the country of the case study company) is one the

world’s greatest ceramic exporters and this sector has great influence over the country’s

economy with an estimated value of 7.5 billion euros in 2024 (Ceramic World Web,

2025). Besides that, a model built from the ceramic industry has the possibility to be

adapted to other fields that deal with the DPLP.

1.2 Hypotheses

The following hypotheses have been developed based on the problem and

objectives of the project:

Hypothesis 1: An ML model trained on historical company orders can predict the

number of pallets required for new orders based on their general charac-

teristics (e.g., number of tiles, weight, and volume);

Hypothesis 2: Heuristics can be used to generate additional features to enrich the ML

models and improve their performance;
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Hypothesis 3: An ML solution is able to provide estimations much faster than the current

company approaches and with better or close enough accuracy;

These hypotheses are going to be tested and validated over the following sections

of this dissertation.

1.3 Objectives

The main objective of this dissertation is to build a viable machine learning

approach to estimate the pallet demands in the Distributor’s Pallet Loading Problem

applied over a real world scenario. To achieve this primary objective, a set of specific

objectives must completed:

Objective 1: Extract an useful set of features from the case study company historical

data;

Objective 2: Enumerate, test and choose the best machine learning models to build the

solution;

Objective 3: Build heuristics to generate additional features over the dataset and enrich

the ML models;

Objective 4: Compare the ML solution with the current company one to assess the

potential to improve the prediction and consequently the transportation

process;

1.4 Contributions

The main contributions of this dissertation can be summarized as:

• A model capable of estimating pallet demands of the DPLP in a real-world scenario.

• A feature analysis to understand which characteristics of the order are the most

relevant for the prediction.

• Heuristics to compute bounds of the pallet demands that are able to improve the

ML models.

• An investigation of which ML models have the best accuracy in this task.

• A faster and more accurate solution for the company than their current methods to

predict pallet demands.
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1.5 Dissertation structure

The structure of this dissertation is as follows. Chapter 2 describes the case

study, including the company dataset and the existing solutions. Chapter 3 presents

the development of our initial approach to predicting the total number of pallets in an

order. This process involved selecting relevant company features, choosing the most

suitable ML model, implementing heuristics to enhance the models, and comparing

the new solution with the company’s current methods. The resulting solution, based

on the XGBoost model, was published as a paper in the International Conference

on Optimization and Learning (OLA2025). Chapter 4 extends the work from Chapter

3 by evaluating additional ML models beyond XGBoost to assess the generality of

the proposed strategy. This study was published as an extended abstract in the LVII

Brazilian Symposium on Operations Research (SBPO 2025). Chapter 5 introduces

another extension of the problem addressed in Chapter 3, where the model performs

multi-value predictions to estimate not only the total number of pallets required but also

their respective types. The results of this multi-output prediction were published in the

International Conference on Optimization and Decision Science (ODS2025). Finally,

Chapter 6 provides concluding remarks and discusses potential directions for future

research.
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2 CASE STUDY DATASET AND CURRENT SOLUTIONS

This chapter presents an overview of the dataset provided by the company and

the current methods used for predicting pallet requirements. It describes the structure

and content of the data, including details on the tiles, pallets, and historical orders,

highlighting the variety and characteristics relevant to packing and shipping operations.

The chapter also discusses solutions currently used at the company. In summary,

it presents the foundation to understand the approaches presented in the following

chapters.

2.1 Dataset

The company provided a dataset containing various operational attributes,

including characteristics of tiles and pallets as well as some orders received in previous

years. The main training dataset consists on previous orders received by the company

in the years of 2022 and 2023, totaling approximately 207,000 entries covering a wide

range of tile types and order sizes.

A detailed description of the provided data is presented in the following subsec-

tions.

2.1.1 Tiles

For each ceramic tile produced by the company, the following information was

provided: the tile’s dimensions (width, height, and thickness), its weight, and a set of

company-defined limits. These limits specify how many tiles of a given type can be

packed into a single box and how many boxes can be stacked on a single pallet. In

addition, the dimensions of the boxes used for packaging were also included in the

dataset.

Tiles are organized in 22 types based on their width and height ranging from

small ones measuring 20x20 centimeters to big ones measuring 120x120 centimeters.

The most common type in orders is the 60x60 size.
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2.1.2 Pallets

For each pallet used by the company, the following information was provided: the

pallet type (an id represented by a letter, e.g. F, X, etc.), its dimensions (width, height,

and depth), the maximum supported weight, and the maximum allowable height for

stacked items.

Pallet’s maximum weight range from 500 to 1300 kilograms and the maximum

allowed height is 1 meter for all types.

2.1.3 Orders

For each order received by the company, the dataset includes the types and

quantities of tiles requested (e.g., 10 units of 30×30 tiles and 20 units of 60×60 tiles),

as well as the number and types of pallets used for shipment (e.g., two pallets of type

F and one pallet of type B). The specific allocation of tiles within each pallet was also

provided.

Orders can include multiple tile types, ranging from a single type (homogeneous

orders) to up to 14 different types. On average, each order contains 1.35 tile types, or

2.71 when homogeneous orders are excluded.

2.2 Current solutions

Currently, the company relies on estimates made by human operators to predict

the number and types of pallets required for each order. In addition to these manual

estimations, the company also uses an heuristic software called PackVol for making

such predictions.

2.2.1 PackVol

PackVol is a specialized optimization software designed to maximize space

utilization in containers, trucks, and other transport vehicles (PACKVOL, 2024). The

company configured the software to match its operational constraints and solve the

DPLP heuristically. However, there are some issues with this approach. First, PackVol

does not account for dynamic warehouse factors, so the proposed solution may not be

feasible to implement. Second, PackVol focuses primarily on minimizing the number

of pallets rather than providing estimations, which can lead to it underestimating the

number of pallets required for an order. This underestimation poses a more significant

operational risk to the company than occasional overestimation, as it can disrupt the

client’s shipping plan.
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3 A HYBRID APPROACH FOR PALLET LOADING IN CERAMIC TILE INDUSTRY

This chapter presents a hybrid approach in which a machine learning model 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 software currently

used at the company, consistently providing better-quality results in shorter computing

times. 1

3.1 Introduction

The global ceramic tile market has grown significantly over the past decade, with

worldwide production reaching 16.8 billion square meters (ACIMAC Research Depart-

ment, 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, including 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 shipping 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 paper, we handle a variant of the distributor’s pallet loading problem

(DPLP) (MUNGWATTANA; PIYACHAYAWAT; JANSSENS, 2023) that emerges from

an international ceramic tile company headquartered 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 should provide the

number of shipping pallets associated with each order or at least predict this number
1 The results of this chapter appear in: Taccini, M.; Oliveira, M.A.; Santos, A.G.; Queiroz, T.A.; Iori,

M. (2025). A Hybrid Approach for Pallet Loading in Ceramic Tile Industry. In: Proceedings of the
International Conference on Optimization and Learning (OLA2025).
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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

problems (SILVA; OLIVEIRA; WÄSCHER, 2016), because the company faces specific

constraints in its operational daily routine, necessitating extensive customization of such

software.

In this paper, we propose a hybrid approach to predict the number of shipping

pallets required for a given customer order. The approach combines machine learning

(ML) techniques to gain information 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 upper 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 paper is organized as follows. Section 5.2 contains a

brief review of the literature related to the DPLP. Section 5.3 describes the company

problem with its constraints and requirements. Section 5.4 presents our proposed hybrid

approach. Section 3.5 contains the numerical experiments on real-world instances.

Finally, Section 5.6 concludes the paper and provides several directions for future

research.

3.2 Literature Review

The literature on cutting and packing problems is extensive. According to (SWEENEY;

PATERNOSTER, 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 detailed discussions on solution methods based on exact and heuristic

approaches (see, e.g., (IORI et al., 2021a) and (YAGIURA; IMAHORI; HU, 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; QUEIROZ; JUNQUEIRA,

2021). Concerning pallet loading problems, (SILVA; OLIVEIRA; WÄSCHER, 2016)

surveyed the manufacturer’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 solution 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
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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 transport 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; LOBATO; MORABITO, 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; MIYAZAWA; WAKABAYASHI, 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 which pallets may have different sizes

was handled in (MUNGWATTANA; PIYACHAYAWAT; JANSSENS, 2023). The problem

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; LODI; PROU-

VOST, 2021) discussed recent advances in combining ML techniques with optimization

methods to efficiently handle hard combinatorial 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; YANG; ZHANG, 2023).

3.3 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 production pallets, which are only used for inbound logistics. An automated system

then delivers the production pallets to the loading area. The company operators load
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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 simultaneously, 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 loading 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.

3.4 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 F max
t , and the maximum weight (Wmax) and volume

(WLH) a shipping pallet can support.



Chapter 3. A Hybrid Approach for Pallet Loading in Ceramic Tile Industry 25

An initial training dataset is created from the company-provided data. We start

calculating the frequency Ft = dt (i.e., the number of boxes of type t), the weight

Wt = dtpt, and the volume Vt = wtlthtdt for each type t ∈ T . The dataset is labeled with

the number of shipping pallets Zj generated by each order j ∈ {1, ..., n}. Since training

on the initial dataset can take a long time, all intermediate training steps (Sections 3.4.1

- 3.4.3) are conducted using a reduced dataset. The complete dataset is only used on

the final computational experiments (Section 3.5). 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.

3.4.1 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; GUESTRIN, 2016), LightGBM (LGBM) (SHI et al., 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 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 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 2.58
num_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 3.45
gamma 1, 0.1, 0.01, 0.001, 0.0001 0.0001

The results in Table 1 show that XGBoost outperforms the other models re-

garding 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 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 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 3 – Importance of the feature weights in the XGBoost model.

3.4.2 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 3.

Furthermore, tile sizes that appear less frequently in the dataset exhibit higher error

rates, as shown in Figure 4.

Figure 4 – MSE and frequency values (Ft), normalized and sorted by decreasing 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 =
Pm

t=1 Ft,

the total weight Wo =
Pm

t=1 Wt, the total volume Vo =
Pm

t=1 Vt, the average box weight

Wavg = Wo

Fo
, and the average box volume Vavg = Vo

Fo
. Figure 5 shows how these new

features impacted the predictive capability of the XGBoost model.
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Figure 5 – Importance of the new order-aggregated features in the XGBoost model.

In the set O of orders, we observe that predicting the number of shipping pallets

for homogeneous orders, defined Oh, which consist of only one type of box, and Ofull

ones, which require 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 ∪ Ofull). With this

strategy, we evaluated the model in both scenarios, preventing simple orders to improve

the metrics and resulting in premature conclusions. Table 3 summarizes the model’s

performance before and after including the new features.

Table 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

3.4.3 Incorporation of Optimization-based Features

Aiming to reduce the errors further, three additional features (i.e., HS1, HS2, and

HS3) computed 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(F 2
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 (⌈
Pm

t=1
Wt

Wmax

⌉, ⌈
Pm

t=1
Vt

W LH
⌉). This can be interpreted as

the value of the linear relaxation lower bound (LB);

• HS2: calculated as HS2 =
Pm

t=1⌈ Ft

F max

t

⌉, where F max
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);
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• HS3: described in Algorithms 1 and 2. This algorithm loads pallets by stacking

layers 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.

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 pxpy < px2py2) 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 7 describes the final structure S3 of the training dataset, which now includes

the three additional optimization-based features. Compared with Table 3, the MSE and

MAE values for the dataset structure S3 are 0.24 and 0.19 for O, and 0.32 and 0.26
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for Omix, respectively, representing a considerable improvement in the accuracy of the

model.

Table 4 – Final training dataset structure S3.

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

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

n 7 . . . 0 13 195 65 15 5 2 4 3 3

3.5 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 5, we observe the impact of the two groups Oh and Ofull 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 ∪ Ofull)).

Table 5 – 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 5, 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 12 the proposed hybrid approach with PackVol (PACK-

VOL, 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 the DPLP as closely as possible. This means that PackVol is not able

to capture some constraints. For example, as mentioned in Section 5.3, 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
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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 12 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 rows “Diff.” contain the difference with such a solution

for each instance. Positive values indicate the usage of more pallets, which could be

acceptable. 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 6 – Results for the 30 real instances and comparison among the different methods.

Inst. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
# types 2 2 2 2 2 2 3 3 3 3 3 3 4 4 4

Company 2 6 4 1 6 2 22 5 5 8 10 7 5 8 9
PackVol 1 6 4 1 6 2 22 5 3 8 10 6 4 6 8

Diff. -1 0 0 0 0 0 0 0 -2 0 0 -1 -1 -2 -1
Hybrid 2 7 4 1 6 2 22 5 5 9 11 7 6 7 9

Diff. 0 1 0 0 0 0 0 0 0 1 1 0 1 -1 0

Inst. 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
# types 4 4 4 5 5 5 5 5 5 6 6 6 6 6 6

Company 7 15 6 26 9 28 2 13 10 22 10 22 21 10 16
PackVol 7 15 6 25 8 27 4 13 6 18 8 21 19 10 14

Diff. 0 0 0 -1 -1 -1 2 0 -4 -4 -2 -1 -2 0 -2
Hybrid 7 16 7 26 9 27 3 13 10 21 10 22 20 12 16

Diff. 0 1 1 0 0 -1 1 0 0 -1 0 0 -1 2 0

Observing the results in Table 12, 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 outperforms 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. Although 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 12, 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.
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3.6 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 allows 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 information 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 obtained 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; MUNDIM, 2020).
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4 COMPARISON OF PREDICTIVE MODELS FOR AN APPLIED DISTRIBUTOR’S

PALLET LOADING PROBLEM

This chapter presents an extension of the work of chapter 3, that defined a hybrid

approach for predicting pallets demands based on XGBoost. This chapter addresses the

behavior of this approach when other machine learning models are used (LightGBM and

Random Forest, in this case study). The new models were able to surpass significantly

model-based software currently used at the company as well as provide a slightly better

result than XGBoost. 1

4.1 Introduction

The global ceramic production market has grown considerably in the last decade,

with world production reaching almost 17 billion square meters according to (ACIMAC

Research Department, 2023). Among these markets, the Italian market stands out as

one of the main global ceramic exporters and, consequently, has a great influence

on the country’s economy. Among the different problems that ceramic industries face,

some are related to the logistics and transport of their products. In Italian industries,

it is common for ceramic boxes to be organized on pallets and for customers to be

responsible for picking up these pallets for their locations.

The task of loading pallets consists of moving ceramic boxes, which have different

dimensions and weights, from production pallets to shipping pallets for customers.

Production pallets are usually homogeneous in their composition, while shipping pallets

are heterogeneous, formed according to each customer’s orders. While performing this

task, industry operators, who are specialized personnel, need to be aware of restrictions

such as pallet weight limits, vertical loading stability, allowed box orientation, aiming to

minimize the number of pallets used.

The problem investigated in this work arises from the real context of a ceramic

manufacturing industry located in the Emilia-Romagna region of Italy. Due to the given

characteristics, the industry deals daily with a distributor’s pallet loading problem (DPLP)
1 This chapter is a full version of the following extended abstract: Oliveira, M.A.; Santos, A.G.; Queiroz,

T.A.; Taccini, M.; Iori, M. (2025). Comparação de Modelos Preditivos para um Problema Aplicado de
Carregamento de Paletes do Distribuidor. Submitted to the LVII Brazilian Symposium on Operations
Research (SBPO 2025).
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(SILVA; OLIVEIRA; WÄSCHER, 2016). Generally, it has an e-commerce system that

receives customer orders. Orders can include different types of ceramics, which are

produced, if not available in stock, and then loaded onto pallets by operators. Customers

are responsible for picking up the pallets directly from the industry and thus transporting

them to their locations using their own or rented vehicles. Therefore, the industry must

provide customers, when placing an order, with the precise number of pallets or a good

estimate of this number so that they, in turn, can organize the transport.

Pallet loading problems are part of cutting and packing problems, which have

been extensively studied in the operations research literature. Systematic reviews have

recently been published by (IORI et al., 2021a), who focused their review on exact

methods for two-dimensional problems, and (SALEM; SILVA; OLIVEIRA, 2023), who

considered problems with uncertainties and thus proposed a classification for them. In

addition to systematic reviews, entire books dedicated to cutting and packing problems

can be found, as in the case of (SCHEITHAUER, 2018) and (YAGIURA; IMAHORI;

HU, 2025), both providing an introduction to the main problems and solution methods

applied to them.

Due to the large number of applications, cutting and packing problems come with

different restrictions to reflect real scenarios. Issues such as weight limits, fragility,

vertical and horizontal stability, multiple orientations, loading complexity, grouping,

priority, conflict, delivery order, among others, are commonly considered when proposing

solution methods. (BORTFELDT; WÄSCHER, 2013) and, more recently, (NASCI-

MENTO; QUEIROZ; JUNQUEIRA, 2021), wrote about them, considering the container

loading problem, although such restrictions also appear in a wide variety of problems. For

example, in (NASCIMENTO; QUEIROZ; JUNQUEIRA, 2021), mathematical formulations

can be found for a wide variety of practical restrictions, such that these formulations can

be easily extended to other cutting and packing problems.

Regarding pallet loading problems, it is possible to mention the systematic review

conducted by (SILVA; OLIVEIRA; WÄSCHER, 2016). These authors paid more attention

to the problem that considers loading only one type of item onto a single pallet. They

discussed aspects of computational complexity and the main methods developed by the

specialized literature. Another review of articles on the same version of the problem was

conducted by (BOSCH, 2016). The author focused his review on approaches that have

been published in the last 30 years and how they could be used in practice by industries,

especially considering the use of robots to carry out pallet loading. In (GUNAWARDENA;

WIJAYANAYAKE; KAVIRATHNA, 2021), a two-phase heuristic can be found, initially

constructing layers of items that respect stability and weight restrictions. Subsequently,

the layers are used to obtain the complete pallet loading in a way that respects vertical

stability restrictions.
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Regarding the DPLP, the interest of the present article, a considerable number

of publications can also be found in the literature. In general, the DPLP considers that

there are different types of items and the objective is to minimize the number of pallets

needed for this task. (BISCHOFF; JANETZ; RATCLIFF, 1995) proposed a heuristic

that first creates layers of items and then loads these layers onto pallets, respecting

vertical stability restrictions. In (TERNO et al., 2000), the problem was solved using an

enumerative branch-and-bound algorithm. The author also considered the inclusion of

practical restrictions such as weight limits and vertical stability. (QUEIROZ; MIYAZAWA;

WAKABAYASHI, 2015) investigated the properties of methods proposed in the literature

for the problem, identifying instances for which such methods failed to obtain an optimal

solution.

A real application of the DPLP in a logistics company was studied by (GZARA;

ELHEDHLI; YILDIZ, 2020). The company employs automation resources to deal with

the problem, using robots to load pallets. Dealing with thousands of items and pallets

every day, each pallet needed to be loaded in about two minutes. The proposal of these

authors was a column generation-based heuristic approach to construct layers of items

that respect weight limit, sequencing, and vertical stability restrictions. (CALZAVARA et

al., 2021) also dealt with a real robotic application, for which it was necessary to respect

vertical stability, fragility, weight limit, contiguity, visibility, and item rotation restrictions.

The authors developed a heuristic for the construction of item layers and, subsequently,

pallets, a metaheuristic based on a reactive and adaptive randomized greedy search,

and a metaheuristic that uses an integer linear programming model.

In the literature, it is also possible to find proposals for solution methods for the

DPLP and other pallet loading problems that use artificial intelligence techniques. In

(LAYEB; OMRI, 2024), a reinforcement learning model was applied to deal with the

problem in the presence or absence of the vertical stability constraint. The authors were

able to obtain solutions with an average pallet volume occupancy of 99%. (THEODOR-

OPOULOS et al., 2025) dealt with a real problem in an aluminum industry that uses

robots to load pallets. The items do not necessarily have a regular shape, dealing with

the general case of the problem, in addition to including vertical stability and weight limit

constraints. In addition to proposing a priority-based constructive heuristic, the authors

developed a reinforcement learning model to determine the next item to be loaded

onto the pallet. In turn, (MAGNANI et al., 2025) combined a constructive heuristic with

random forest and support vector regression machine learning techniques. The heuristic

is responsible for creating layers with the items, while the learning techniques select the

layers to build pallets that respect constraints such as vertical stability and fragility.

The version of the DPLP under study differs from those present in the reviewed

literature due to the characteristics of the ceramic production industry. It has very
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specific restrictions linked to its daily operations, which includes dependence on an

already active automation system in its warehouse. There is also the range of products

offered, with very diverse characteristics, which requires many practical restrictions to

be respected. This would require a highly specialized computational system to solve

the DPLP and provide a solution to customers even when they are placing orders. To

circumvent this situation and, at the same time, provide quick and accurate solutions, we

propose a hybrid approach. This approach uses different machine learning models, in

addition to considering bounds calculated by constructive heuristics, in order to predict

the number of pallets needed for a given customer order. We emphasize that some

results of this approach, limited to the XGBoost model, were published in (TACCINI et

al., 2025).

This article is organized as follows. Section 4.2 contains the definition of the

problem under study, including a description of the current scenario faced by the industry

that motivates the need for an approach that uses artificial intelligence techniques.

Section 4.3 describes the hybrid approach, with details on how historical data provided

by the industry and heuristic solutions are used to train machine learning models.

Section 4.4 describes computational experiments performed on real-world instances

and discusses their results. Section 4.5 contains conclusions and considerations for

future work.

4.2 Problem Definition

The problem addressed in this article is a version of the DPLP that arises from a

real situation experienced by a ceramic industry. Using its e-commerce platform, the

customer places their order containing one or more types (of boxes) of ceramics. At

the conclusion of the order, the customer is informed about the (estimated) quantity of

pallets they need to pick up at the industry. In turn, the industry considers the ceramics

available in its warehouse or the need to produce according to the orders received.

Once produced, they are loaded onto production pallets, generally homogeneous (i.e.,

with the same type of ceramic). These pallets are then positioned within the industry’s

warehouse by an automated system. It is important to emphasize that the term ceramic

is being used to refer to a box containing one or more ceramic pieces, depending on

their dimensions, volume, and weight.

The fulfillment of a customer’s order occurs as follows. Operators request the

ceramics that make up the order from the automated warehouse system. The system

locates the production pallets capable of fulfilling the order and, via conveyors, sends

them to the location (operation bay) where operators load, with forklifts, the shipping

pallets. Each bay receives up to four production pallets simultaneously, while also
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having a limited operating area. As the bays are limited by their area, operators need to

immediately load the shipping pallets with the production pallets that are available, also

to free up space for other production pallets to arrive at the bay.

Another important point to highlight is that operators have no control over which

production pallets arrive at their bay, as this depends on the automated system, the

location of production pallets within the warehouse, and the other bays, which are also

operating in parallel. Even with this uncertainty, operators aim to minimize the number

of pallets used to fulfill the customer’s order, respecting vertical stability constraints, i.e.,

items cannot fall due to gravity after being positioned on the pallet, maximum weight

limit supported per pallet, allowed orientations for positioning ceramics, and fragility of

ceramics regarding stacking others on top of them. Operators load pallets in horizontal

layers, observing the mentioned restrictions, until the maximum allowed pallet height is

reached.

Due to these factors and the dynamism of warehouse operations, it becomes too

costly for the industry to obtain an exact solution or even a heuristic solution that meets

all the constraints and uncertainties present in this variant of the DPLP. Even a solution

that respected the problem’s constraints could be unfeasible for operators to implement

due to the uncertainties propagated by the automated warehouse system (which they

cannot directly interfere with). The industry, then, is concerned with having an approach

that allows it to quickly and accurately estimate the number of pallets needed to fulfill

each customer’s order. In this context, a hybrid approach is proposed that combines

machine learning techniques with constructive heuristics, in addition to considering

historical data.

4.3 Proposed Hybrid Approach

The hybrid approach uses historical industry data, in addition to using con-

structive heuristics to generate valid bounds. All of this generates information that is

organized into columns of a matrix, which serves as input for the machine learning

models. Unlike previous work in (TACCINI et al., 2025), which focused solely on the

XGBoost model (CHEN; GUESTRIN, 2016), it is extended to include other models, such

as Light Gradient-Boosting Machine (LGBM) (SHI et al., 2024) and Random Forest (RF).

The goal is to generalize the approach by including other machine learning models.

4.3.1 Column Set

The set of columns presented in Table 7 was extracted from the ceramic industry’s

historical data and the results of the heuristics used to provide bounds for the problem.
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These historical records contain orders placed by different customers since 2022 and

include the following information:

• the quantity of each type of ceramic in the order, denoted by Fi;

• the total quantity, weight, and volume of the ceramics, denoted by Fo, Wo, and Vo,

respectively;

• average weight and volume of the ceramics, denoted by Wavg and Vavg, respec-

tively;

• the actual quantity of shipping pallets used, denoted by Zj and used only in the

training set for the machine learning models.

From the information provided by the industry, the inclusion of three other

columns containing the results obtained by constructive heuristics for each order was

considered:

• Heuristic HS1, which consists of dividing the total weight and total volume of the

order by the maximum weight and volume limit of the shipping pallets. In other

words, it is a heuristic that estimates a lower bound for the number of pallets

needed to fulfill the order;

• Heuristic HS2, which separates the types of ceramics into homogeneous shipping

pallets, calculates the number of shipping pallets needed for each type, and sums

them at the end. In other words, it is a heuristic that estimates an upper bound for

the number of pallets.

• Heuristic HS3, which considers loading the shipping pallet layer by layer, starting

with the largest ceramics until the pallet’s height limit is reached. It continues

loading the pallets in this way until the customer’s order is complete. In other

words, it is a simple constructive heuristic that provides the number of pallets for

each order, but without guaranteeing that all restrictions are respected at the end

of loading, such as vertical stability.

Table 7 – Set of columns to be used as input by the hybrid approach.

j F1 · · · Fm Fo Wo Vo Wavg Vavg HS1 HS2 HS3 Zj

1 7 · · · 2 21 170 525 12 25 6 10 9 8
· · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · ·
n 10 · · · 0 12 200 75 15 5 1 3 3 3



Chapter 4. Comparison of Predictive Models for an Applied Distributor’s Pallet Loading Problem 38

4.3.2 Machine Learning Models

The machine learning models considered in the hybrid approach are XGBoost,

LGBM, and RF. These models were chosen after preliminary computational experiments

on the columns presented in Table 7. Then, their hyperparameters were calibrated

through a grid search. The values used for these parameters during calibration were

obtained from empirical analyses, standard values from libraries that implement such

models, and based on the literature (ZOUININA, 2024; AHMED, 2022; SHARMA, 2024;

SAXENA, 2024). Table 8 contains the values considered for each model and the best

value obtained after calibration.

Table 8 – Set of values adopted during calibration by grid search.

Model Parameter Values Best Value

XGBoost

learning_rate 0.01, 0.1, 0.2, 0.3 0.1
gamma 0, 0.1, 0.5 0.1

max_depth 3, 6, 10 10
min_child_weight 1, 3, 5 3

subsample 0.5, 1 0.5
colsample_bytree 0.5, 1 0.5

LGBM

learning_rate 0.001, 0.01, 0.1 0.1
max_depth 3, 5, 7, 10, ∞ ∞
num_leaves 7, 31, 127, 1023 1023

min_data_in_leaf 20, 50, 100 50
feature_fraction 0.8, 1.0 1.0

RF

max_depth 10, 50, 100, ∞ 50
min_samples_split 2, 5, 10, 20 20
min_samples_leaf 1, 3, 6, 10 1

max_features 1, 3, 6 6
bootstrap True, False False

4.4 Computational Experiments

The hybrid approach, considering the three machine learning models and the

three heuristics, was implemented in Python 3.10 using the scikit-learn library (PE-

DREGOSA et al., 2011). Experiments were conducted on a computer with an Intel

Core i5-1135G7 2.40 GHz processor, 8 GB of memory, and a Linux Mint 21 Cinnamon

operating system.

The machine learning models were initially trained using a portion of the historical

data representing a set of approximately 167,000 orders. The orders were randomly

split with 80% allocated for the training phase. Furthermore, only the more elaborate

orders, i.e., those containing more than one type of ceramic, were considered for the

experiments to ensure the quality of the final results. Thus, homogeneous orders, i.e.,
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those with only one type of ceramic and that produced only complete pallets, were

disregarded.

The evaluation of the models considers two metrics: mean squared error (MSE)

and mean absolute error (MAE). The results of the initial training phase are presented

in Table 9.

Table 9 – Results of the models on the training order set.

Model MSE MAE
XGBoost 0.728 0.329

LGBM 0.726 0.326
RF 0.779 0.332

The results in Table 9 show that LGBM and RF achieved very similar results to

XGBoost in the training phase. LGBM stands out with MSE and MAE values lower than

those of the XGBoost model, while the RF model presents a relatively higher MSE value

than the other two models.

From the trained models, the second phase of the experiments considers their

validation on the orders not used in the previous phase. The results for 30 orders

(instances) received by the industry in 2024 are presented below, representing a period

entirely different from that of the orders used in the models’ training phase. This allows

the models to be evaluated in a context where the orders are completely new, similar

to what would be done by a forecasting system developed for the industry. In addition,

these instances include heterogeneous orders in which more than one type of ceramic

is requested, with this value varying from 2 to 6 different types.

The results of the models are compared with PackVol (PACKVOL, 2024), a

software used by the industry to heuristically solve the DPLP. It is important to note

that this software does not take into account the uncertainties present in the industry’s

warehouse, as discussed in Section 4.3, for example, the fact that not all ceramics are

available to operators at the time of loading shipping pallets. The results obtained for

the 30 instances are summarized in Table 10 in terms of MSE and MAE values.

Table 10 – Results on the 30 real industry instances.

Model MSE MAE
PackVol 2.133 0.933
XGBoost 0.500 0.433

LGBM 0.467 0.400
RF 0.400 0.400

The results in Table 10 show that all models achieved significantly better results

than PackVol. Regarding execution time, PackVol took 1 second to solve each of the

30 instances, whereas the models solved all 30 in less than 0.5 seconds. Thus, it
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is possible to observe that the hybrid approach, even considering different machine

learning models, is more accurate and faster than the approach (i.e., PackVol) currently

used by the industry. The RF model stands out with the lowest error values.

The LGBM and RF models present very similar results to each other and better

than the results of the XGBoost model. The LGBM and RF models return the same

MAE value, with the RF model being superior in terms of MSE. This advances the

conclusions pointed out in (TACCINI et al., 2025), which presented only the XGBoost

model as part of the hybrid approach. In addition, PackVol results in MSE values up to

five times worse and MAE values up to two times worse when compared to the machine

learning models.

4.5 Conclusion and Future Work

This article presented a hybrid approach for predicting the number of pallets in

the context of the DPLP that arises in a ceramic manufacturing industry. The hybrid

approach consists of three machine learning models and three simple heuristics for

the problem. The models were calibrated and trained on an extensive set of industry

orders. This process allowed their application to real instances, as well as comparison

with software currently used by the industry.

The results of the computational experiments indicate the superiority of the

hybrid approach, especially as it is not limited to the XGBoost model but also considers

LGBM and RF. All models returned superior results to PackVol based on MSE and

MAE metrics. In the comparison between them, the RF model presents the best overall

results, surpassing the proposal previously presented in (TACCINI et al., 2025) and

indicating that the hybrid approach can be an accurate and fast alternative for the

industry.

Future work could evaluate other machine learning models, especially outside

the family of tree-based methods. Possible options would be an approach using neural

networks or support vector regressors. Another point to explore is extending the

prediction by the hybrid approach to orders involving different types of shipping pallets.

It may also be interesting to investigate new heuristics for the problem, providing more

precise bounds for the machine learning models.
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5 COMBINING LEARNING AND HEURISTICS FOR PALLET PREDICTION IN

CERAMICS DISTRIBUTION

This chapter also presents an extension of the work of Chapter 3. The model

was extended to make predictions considering the types of pallets that will be required

instead of only the total amount. It considers two groups of pallets: standard pallets and

extra large pallets. Diverse approaches were built to make this multiple value prediction,

all built upon the hybrid model for single pallet prediction. Even in this more challenging

scenario, the models were able to outperform the company’s current model-based

solution and keep their predictions accurate and efficient. 1

5.1 Introduction

The ceramic tile industry has experienced steady global growth in recent years,

with worldwide 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 operations 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 logistics 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
1 The results of this chapter appear in: Taccini, M.; Oliveira, M.A.; Santos, A.G.; Queiroz, T.A.; Iori,

M. (2025). Combining Learning and Heuristics for Pallet Prediction in Ceramics Distribution. In:
Proceedings of the International Conference on Optimization and Decision Science (ODS2025).
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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 distributor’s pallet loading problem (DPLP) (SILVA; OLIVEIRA; WÄSCHER, 2016),

aiming to minimize the number of pallets required for loading boxes. Providing an

optimal solution for such a problem is 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 bridging 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 paper 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 3.5, 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 classi-

fied as cutting and packing problems, for which we refer to the typology proposed by

(WÄSCHER; HAUßNER; SCHUMANN, 2007). General surveys on cutting and packing

problems were provided by (SALEM; SILVA; OLIVEIRA, 2023; IORI et al., 2021a),

while real-world constraints have been discussed in works such as (BORTFELDT;

WÄSCHER, 2013; NASCIMENTO; QUEIROZ; JUNQUEIRA, 2021). Pallet loading

problems can be categorized into two main variants: those involving manufacturers
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and those involving distributors. The survey by (SILVA; OLIVEIRA; WÄSCHER, 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

problem (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; JANETZ; RATCLIFF,

1995), a heuristic that packs items in layers was introduced, allowing the inclusion

of practical constraints such as vertical stability. Computational experiments yielded

promising results; however, performance declined in instances with greater variability

in box dimensions. In (QUEIROZ; MIYAZAWA; WAKABAYASHI, 2015), the authors

reviewed previous algorithms, including that of (BIRGIN; LOBATO; MORABITO, 2012),

and presented instances where such methods fail to find optimal solutions. In (GZARA;

ELHEDHLI; YILDIZ, 2020), the authors addressed a DPLP for a logistics company

requiring the packing of items onto pallets every two minutes 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. 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 orientations. 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 combining block generation, open space representation, and a selection

strategy to improve pallet utilization. The resulting effectively balances efficiency and

real-time decision-making, accounting for robot interference and practical constraints

such as vertical stability.

Regarding the use of artificial intelligence techniques for pallet loading problems,

(LAYEB; OMRI, 2024) solved instances of the manufacturer’s variant using deep

reinforcement learning, achieving an average volume utilization of approximately 99%.

In contrast, (MAGNANI et al., 2025) addressed the DPLP with practical constraints such

as vertical stability and load-bearing. They proposed a hybrid approach that combines a
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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 standard-

ized production 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 production 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 load-

ing 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 different 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; GUESTRIN, 2016) was identified as the most

effective model. Then, the XGBoost model was enhanced through a feature optimization

process. This was performed by analyzing 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 exclusively of homogeneous boxes. The third added feature,

HS3, is based on a greedy heuristic that loads pallets by stacking layers of boxes with
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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

further 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 j = 2. The training process assumed the dataset structure

S3. Despite its straightforward 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 interdependencies 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 6 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.
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Figure 6 – The three strategies developed to predict the solution of the DPLP variant
under investigation.

It is worth noting that we tested various strategies to enhance the approach’s accuracy;

however, the ones we present here yielded the best overall results.

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 approximately 166,000 orders from the years 2022 and 2023.

Table 11 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.

Table 11 – 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

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 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.
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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 PackVol (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 12 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 13 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 12, 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 problem 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 13, 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.
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Table 12 – 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 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
m 2 2 2 2 2 2 3 3 3 3 3 3 4 4 4

Company: j = 1 2 5 3 1 2 1 17 5 2 8 5 1 5 5 7
Company: j = 2 0 1 1 0 4 1 5 0 3 0 5 6 0 3 2
PackVol: j = 1 1 6 3 1 4 1 17 5 0 8 5 0 4 1 6
PackVol: j = 2 0 0 1 0 2 1 5 0 3 0 5 6 0 5 2

IR: j = 1 1 6 3 1 2 1 18 5 2 8 5 1 5 3 6
IR: j = 2 0 1 1 0 4 1 5 0 3 0 4 6 0 2 2

RC1: j = 1 1 5 3 1 1 1 18 5 2 9 5 1 5 3 7
RC1: j = 2 0 1 1 0 4 2 5 0 3 0 4 6 0 3 2
RC2: j = 1 1 6 3 1 2 2 19 5 2 9 6 1 6 3 7
RC2: j = 2 0 1 1 0 4 1 5 0 3 0 4 7 0 3 2

Instance 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
m 4 4 4 5 5 5 5 5 5 6 6 6 6 6 6

Company: j = 1 3 15 5 19 6 22 1 12 10 20 8 14 14 9 14
Company: j = 2 4 0 1 7 3 6 1 1 0 2 2 8 7 1 2
PackVol: j = 1 2 14 4 17 4 21 2 13 6 16 5 13 12 9 12
PackVol: j = 2 5 1 2 8 4 6 2 0 0 2 3 8 7 1 2

IR: j = 1 3 15 6 18 6 18 2 14 9 19 9 14 12 9 13
IR: j = 2 4 1 1 8 3 7 1 0 0 1 2 7 6 1 2

RC1: j = 1 3 16 5 18 7 18 2 16 10 19 9 12 10 9 14
RC1: j = 2 4 0 1 7 3 7 1 0 0 1 2 8 7 1 2
RC2: j = 1 3 15 6 18 7 22 2 13 9 19 9 15 13 10 14
RC2: j = 2 4 0 1 8 3 7 1 1 0 1 2 7 6 1 2

Table 13 – 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

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 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.
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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

demonstrated the effectiveness of the proposed approach. In particular, the RC2 strategy

consistently achieved the best performance, obtaining the lowest overall mean squared

error and mean absolute error among all tested approaches. While RC1 provided

slightly better results 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 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 scalable solution for dynamic and highly constrained environments. Future

research directions include the exploration of more advanced machine learning models,

such as deep learning architectures, 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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6 CONCLUSIONS

In this dissertation, we proposed and implemented a machine learning based

solution to predict the total pallet demands for the DPLP in a real world ceramic company

context. The model uses the historical data from the company to estimate the pallet

demands of new orders. A set features was constructed and refined over this data, and

the XGBoost ML model was selected to built our strategy. Heuristics were proposed

and used to enrich the ML model, something that improved the its accuracy. The overall

solution was compared against PackVol, the current software of the company, and it

presented a both a faster performance and better accuracy.

The strategy built over XGBoost was extended to be used in other ML models:

LightGBM and Random Forest. Both approaches were also able to beat PackVol’s

efficiency and accuracy by a far margin and were slightly better than XGBoost. This

result indicated that the strategy is general enough to support other ML models and not

limited to XGBoost, its original model.

The problem and models were then extended to make the prediction of the

quantity of multiple pallet groups instead of only the total quantity of the order. Two

groups of pallets were considered: standard pallets and extra large pallets. Different

approaches were built to make the prediction of multiple values, using the single

prediction model as a base. Even with this additional complexity in the problem, all the

proposed approaches were able to beat PackVol again by a far margin in both terms of

performance and accuracy.

We can revisit the proposed hypothesis of Section 1.2 and note that they here

validated:

Hypothesis 1: An ML model trained on historical company orders can predict the

number of pallets required for new orders based on their general charac-

teristics (e.g., number of tiles, weight, and volume);

Validation: Multiple solutions were able to be implemented using dif-

ferent ML models (XGBoost, LightGBM and Random Forests) and all

were able to present accurate predictions as observed in Chapter 4.

The solutions were accurate in both the single regression as shown in

chapters 3 and 4 and multiple regression cases as shown in Chapter 5.
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Hypothesis 2: Heuristics can be used to generate additional features to enrich the ML

models and improve their performance;

Validation: As observed in Subsection 3.4.3, the addition of 3 heuristic

values (HS1,HS2 and HS3) to the model’s input columns were able to

improve the MSE of the model by around 1.5 times and the MAE by

around 1.2 times.

Hypothesis 3: An ML solution is able to provide estimations much faster than the current

company approaches and with better or close enough accuracy;

Validation: As observed in sections 3.5, 4.4 and 5.5, the hybrid solution

is able to consistently beat PackVol in both accuracy and speed for all

the ML models used (XGBoost, LightGBM and Random Forest) as well

as for both single and multiple regression cases.

In conclusion, an effective solution was proposed for the single prediction case,

shown to work for multiple ML models and extended for the multiple prediction case

keeping its effectivity. Therefore, the packing problems study area and the company can

be benefit from this project.

As a future research, there are some points that can be extended in the current

work:

• Make deeper analysis over the order’s features and their impact in the prediction.

This can help improving the feature set (and consequently the model accuracy) as

well as give the company some insights on how to make their production process

more effective to reduce pallet usage.

• The ML models used were all based on decision trees. Models from other families

could also be considered and tested, like rule-based regression models.

• The multiple value prediction model could use an strategy that was not based on

the single value case. Models that support multiple value regression directly, like

neural networks, could be considered. Additionally, heuristics specifically made for

the multiple pallet case could be proposed to enrich the models in this.

• The model could be extended and tested in other ceramic company scenarios,

or even in companies from other industries that also deal with the DPLP (e.g.

foods and beverages). A totally general model that did not consider the industries’

characteristics could also be proposed.
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