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ققح.IBMILOGCPLEXجمانرببةلولحمةيضايرةجذمنلالخنمهيجوتلانيسحتو،(XGBoost)يلآلاملعتلا

XGBoostجمدي.لوطسألامادختسالاًنيسحتوفيلاكتلايفتاضيفختهيجوتلاجذومنرفوامنيب،ةربتعمتانيسحت

.يلمعلانيسحتللتاردقويجيتارتسالاطيطختللتاودأرفويامم،نينوكملابيوقيبطت

.XGBoost،CPLEX،تابكرملاتاراسم،بلطلابؤبنتلا،ةجزاطلاةيئاذغلاتاجتنملا:ةيحاتفملاتاملكلا

Abstract
This final year project develops a dual-component logistics system for fresh

food distribution, addressing demand forecasting and vehicle routing as separate
problems. Conducted with Celia, it tackles operational challenges through data-
driven solutions. The methodology includes demand forecasting with historical data,
comparing traditional methods to Machine Learning (XGBoost), and vehicle routing
optimization via mathematical modeling solved with IBM ILOG CPLEX. XGBoost
yielded substantial improvements, while the VRP model achieved cost reductions and
fleet efficiency. A web application integrates both components, providing strategic
planning tools and practical optimization capabilities.

Keywords: Demand Forecasting, Vehicle Routing Problem, XGBoost, CPLEX.

Résumé
Ce projet de fin d’études développe un système logistique à double composante
pour la distribution de produits frais, abordant la prévision de la demande et le
routage de véhicules comme problèmes distincts. Réalisé avec Celia, il répond aux
défis opérationnels par des solutions fondées sur les données. La méthodologie
inclut : prévision de la demande à partir de données historiques, comparaison des
méthodes traditionnelles avec une approche d’apprentissage automatique (XGBoost),
et optimisation du routage par modélisation mathématique résolue avec IBM ILOG
CPLEX. XGBoost a montré des gains notables, tandis que le modèle VRP a réduit
les coûts et a amélioré l’usage de la flotte. Une application web intègre les deux
volets, offrant des outils de planification stratégique et d’optimisation opérationnelle.

Mots-clés : Prévision de la Demande, Routage de Véhicules, XGBoost, CPLEX.



Table of Contents

صخلم i

Abstract i

Résumé i

General Introduction 1

Chapter 1: Presentation of the Company Celia 4
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.1 Presentation of Lactalis Group . . . . . . . . . . . . . . . . . . . . . 4
1.2 Presentation of Celia Algérie . . . . . . . . . . . . . . . . . . . . . . . 5

1.2.1 Product Categories and Classification . . . . . . . . . . . . . 5
Dry Products . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

Fresh Products . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Organizational Architecture . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Logistics Distinctions Between Fresh and Dry Product Lines . . . . . 8
1.5 Fresh Products Distribution System . . . . . . . . . . . . . . . . . . . 8

1.5.1 Depot Operations – Mars Logistique . . . . . . . . . . . . . 8
1.5.2 Client Network and Fleet Configuration . . . . . . . . . . . 9
1.5.3 Daily Transfers and Cold Chain Integrity . . . . . . . . . . . 9
1.5.4 Order Consolidation and Palletization . . . . . . . . . . . . 9
1.5.5 Order Validation and Distribution Scheduling . . . . . . . . 9
1.5.6 Delivery Waves and Execution . . . . . . . . . . . . . . . . . 10
1.5.7 Monitoring and Compliance . . . . . . . . . . . . . . . . . . 10

1.6 The Company’s Logistics Challenges . . . . . . . . . . . . . . . . . . 10
1.7 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Chapter 2: Overview of Time Series and Forecasting Methods 14
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.1 Generalities About Forecasting . . . . . . . . . . . . . . . . . . . . . 14

2.1.1 Methodological Classification of Forecasting Approaches . . 14
2.2 Time Series Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1 Components of a Time Series . . . . . . . . . . . . . . . . . 15

ii



2.2.2 Time Series Models: Additive vs. Multiplicative . . . . . . . 16
2.2.3 Deterministic vs Stochastic Time Series . . . . . . . . . . . 17
2.2.4 Stationarity in Time Series . . . . . . . . . . . . . . . . . . 18
2.2.5 Classification of Demand Patterns . . . . . . . . . . . . . . . 18

2.3 Forecasting Approaches . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.1 Classical Forecasting Models . . . . . . . . . . . . . . . . . . 20
2.3.2 Limitations of Classical Methods . . . . . . . . . . . . . . . 24
2.3.3 Artificial Intelligence-Based Approaches . . . . . . . . . . . 24
2.3.4 Advantages of Gradient Boosting in Time Series Forecasting 30
2.3.5 Overfitting Prevention and Hyperparameter Optimization . 31
2.3.6 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . 32

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

Chapter 3: The Vehicle Routing Problem: Foundations and Solution
Approaches 35
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.1 Foundations of Operations Research and Combinatorial Optimization 35

3.1.1 Operations Research (OR) . . . . . . . . . . . . . . . . . . . 35
3.1.2 Combinatorial Optimization (CO) . . . . . . . . . . . . . . . 36
3.1.3 Computational Complexity . . . . . . . . . . . . . . . . . . 37
3.1.4 Complexity of Problems . . . . . . . . . . . . . . . . . . . . 37

3.2 Vehicle Routing Problem (VRP) . . . . . . . . . . . . . . . . . . . . 38
3.2.1 Mathematical Modeling of the Vehicle Routing Problem . . 39
3.2.2 Taxonomy of VRP Variants . . . . . . . . . . . . . . . . . . 41
3.2.3 Vehicle Routing Problem Variants . . . . . . . . . . . . . . . 44
3.2.4 Multi-Trip Vehicle Routing Problem (MTVRP) . . . . . . . 46

3.3 Solution Approaches for VRP . . . . . . . . . . . . . . . . . . . . . . 46
3.3.1 Theoretical Complexity of VRP Variants . . . . . . . . . . . 46
3.3.2 Exact vs. Approximate Methods for Solving VRP . . . . . . 46

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

Chapter 4: Exploratory Data Analysis and Forecasting Model Imple-
mentation 52
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
4.1 Dataset Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
4.2 Exploratory Data Analysis (EDA) . . . . . . . . . . . . . . . . . . . 53

4.2.1 Data Quality Assessment . . . . . . . . . . . . . . . . . . . 53
4.2.2 Descriptive Statistics of Order Quantities . . . . . . . . . . . 54
4.2.3 Distribution of Order Quantities . . . . . . . . . . . . . . . 54
4.2.4 Outliers Detection . . . . . . . . . . . . . . . . . . . . . . . 55
4.2.5 Order Volume by City . . . . . . . . . . . . . . . . . . . . . 57
4.2.6 Temporal Patterns and Demand Trends . . . . . . . . . . . 58
4.2.7 Preprocessing for Time Series Consistency . . . . . . . . . . 60
4.2.8 Sparsity of Demand and Zero-Dominated Behavior . . . . . 60

iii



4.2.9 Analysis of Zero-Order Patterns by City . . . . . . . . . . . 61
4.2.10 Customer Segmentation Based on Ordering Patterns . . . . 62
4.2.11 Segmentation Results . . . . . . . . . . . . . . . . . . . . . . 63
4.2.12 Visualizing Customer Ordering Behavior . . . . . . . . . . . 63
4.2.13 Zero-Order Day Analysis by Segment . . . . . . . . . . . . . 63
4.2.14 Stationarity Analysis . . . . . . . . . . . . . . . . . . . . . . 65

4.3 Demand Pattern Classification Analysis . . . . . . . . . . . . . . . . 66
4.3.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.3.2 Key Findings . . . . . . . . . . . . . . . . . . . . . . . . . . 66
4.3.3 Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.4 Forecasting Models and Results . . . . . . . . . . . . . . . . . . . . . 67
4.5 Benchmark Model: Croston’s Method . . . . . . . . . . . . . . . . . . 67

4.5.1 Implementation Steps . . . . . . . . . . . . . . . . . . . . . 68
4.5.2 Croston Method Results and Analysis . . . . . . . . . . . . 68

4.6 TSB Method (Teunter–Syntetos–Babai) . . . . . . . . . . . . . . . . 70
4.6.1 Implementaion steps: . . . . . . . . . . . . . . . . . . . . . . 70
4.6.2 TSB Method Results and Analysis . . . . . . . . . . . . . . 71

4.7 Towards Advanced Forecasting: Ensemble Learning models . . . . . . 73
4.7.1 Statistical Predictability Assessment of Demand Components 73
4.7.2 Feature Engineering for Positive Demand Prediction . . . . 74
4.7.3 XGBoost Implementation: . . . . . . . . . . . . . . . . . . . 74

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

Chapter 5:Implementation of the Mathematical VRP Model and Solu-
tion Approaches 80
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
5.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
5.2 Mathematical Formulation . . . . . . . . . . . . . . . . . . . . . . . . 81

5.2.1 Sets and Parameters . . . . . . . . . . . . . . . . . . . . . . 81
5.2.2 Decision Variables . . . . . . . . . . . . . . . . . . . . . . . 82
5.2.3 Objective Function and Cost Modeling . . . . . . . . . . . . 83
5.2.4 Objective Function: Min–Max and Linearization . . . . . . . 83
5.2.5 Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5.3 Solution Methodology Overview . . . . . . . . . . . . . . . . . . . . . 88
5.3.1 CPLEX Implementation Framework . . . . . . . . . . . . . 88
5.3.2 Experimental Design and Scenario Testing . . . . . . . . . . 90
5.3.3 Results Analysis and Discussion . . . . . . . . . . . . . . . . 91
5.3.4 Data Preparation Methodology . . . . . . . . . . . . . . . . 92
5.3.5 Computational Complexity Analysis . . . . . . . . . . . . . 95
5.3.6 Comparative Analysis Framework . . . . . . . . . . . . . . . 96

5.4 Model Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
5.4.1 Unmet Demand and Postponement . . . . . . . . . . . . . . 97
5.4.2 Second Route Utilization and Overnight Stays . . . . . . . . 98

5.5 App Web Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . 98

iv



5.6 Technology Stack Overview . . . . . . . . . . . . . . . . . . . . . . . 98
5.6.1 Core Architectural Components . . . . . . . . . . . . . . . . 99

5.7 Implementation Details . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.7.1 Authentication System . . . . . . . . . . . . . . . . . . . . . 100
5.7.2 Dashboard Implementation . . . . . . . . . . . . . . . . . . 100
5.7.3 VRP Optimization Implementation . . . . . . . . . . . . . . 102
5.7.4 Advanced Analytics Implementation . . . . . . . . . . . . . 104
5.7.5 System Management and Monitoring . . . . . . . . . . . . . 106

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
General Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

v



List of Tables

1.1 Organizational Structure of Celia Algérie . . . . . . . . . . . . . . . . 7
1.2 Organizational Structure of Celia Algérie (continued) . . . . . . . . . 8
1.3 Fleet Configuration by Vehicle Type . . . . . . . . . . . . . . . . . . 9
3.4 Classification of VRP Variants by Key Features . . . . . . . . . . . . 41
4.5 Missing Values per Column . . . . . . . . . . . . . . . . . . . . . . . 53
4.6 Summary Statistics for Non-Zero Order Quantities . . . . . . . . . . 54
4.7 Comparison of Distribution Fits Based on Log-Likelihood, AIC, and

BIC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.8 Top 5 Order-Level Outliers Detected Using IQR . . . . . . . . . . . . 57
4.9 Top 10 Cities by Total Order Volume (Pallets) . . . . . . . . . . . . . 58
4.10 Top 5 Cities with the Lowest Percentage of Zero Orders (Most Active) 61
4.11 Top 5 Cities with the Highest Percentage of Zero Orders (Least Active) 62
4.12 Customer Segmentation Summary . . . . . . . . . . . . . . . . . . . . 63
4.13 Summary of Stationarity Test Results (Before and After Differencing) 65
4.14 Demand Pattern Classification Results by City . . . . . . . . . . . . 66
4.15 Pattern Distribution Summary . . . . . . . . . . . . . . . . . . . . . 67
4.16 Croston Method Performance Metrics by City (Ranked by RMSE) . . 68
4.17 TSB Method Performance Metrics by City (�=0.15, �=0.05) . . . . . . 71
4.18 Performance Comparison: Croston vs. TSB Methods . . . . . . . . . 71
4.19 Predictability Assessment Results by Component . . . . . . . . . . . 73
4.20 Engineered Features for Demand Forecasting . . . . . . . . . . . . . . 74
4.21 XGBoost Hyperparameter Search Space . . . . . . . . . . . . . . . . 75
4.22 XGBoost Method Performance Metrics by City . . . . . . . . . . . . 77
4.23 Method Performance Comparison: XGBoost vs. Traditional Approaches 78
5.24 Core Performance Metrics for Test Scenarios . . . . . . . . . . . . . . 91
5.25 Operational Details and Special Cases . . . . . . . . . . . . . . . . . 91
5.26 Complete OPL Data File Specification: Sets, Parameters, and Matrices 94
5.27 VRP Optimization Results: Cost and Operational Efficiency . . . . . 97
5.28 Frontend Technology Stack . . . . . . . . . . . . . . . . . . . . . . . 98
5.29 Backend, Optimization, and Data Technology Stack . . . . . . . . . . 99
30 CPLEX Solution Summary for Test Scenario 4 . . . . . . . . . . . . . 112
31 Preprocessing and Problem Reduction . . . . . . . . . . . . . . . . . 112
32 Cut Generation Statistics . . . . . . . . . . . . . . . . . . . . . . . . 113
33 Vehicle Route Assignments and Performance . . . . . . . . . . . . . . 114
34 Optimization Performance Indicators . . . . . . . . . . . . . . . . . . 115

vi



List of Figures

1.1 Logo of Group Lactalis [1] . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Logo of Celia Algérie [2] . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Example of Celia’s fresh products. Source: Internal company document 6
1.4 Fresh product distribution workflow from order intake to final delivery 10
2.5 Time series decomposition showing trend, seasonal, and random com-

ponents in temporal data analysis [3] . . . . . . . . . . . . . . . . . . 16
2.6 Comparison of additive versus multiplicative time series models [4] . . 17
2.7 Classification of demand patterns based on variability in timing and

quantity [5]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.8 Schema of supervised learning [6] . . . . . . . . . . . . . . . . . . . . 26
2.9 Illustration of a decision tree for Regression [7] . . . . . . . . . . . . . 26
2.10 Comparison of Bagging and Boosting methodologies [8] . . . . . . . . 27
2.11 Structure of the XGBoost model [9] . . . . . . . . . . . . . . . . . . . 28
3.12 Concept of study by OR model [10]. . . . . . . . . . . . . . . . . . . 35
3.13 Classical optimization methods [11]. . . . . . . . . . . . . . . . . . . . 36
3.14 Graph representation of the combinatorial optimization problem of

finding a Minimum Spanning Tree (MST)[12]. . . . . . . . . . . . . . 37
3.15 Relationship between complexity classes P, NP, NP-Complete, and

NP-Hard. Adapted from [13]. . . . . . . . . . . . . . . . . . . . . . . 38
3.16 Graphical representation of a typical Vehicle Routing Problem (VRP)

instance [14]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.17 Decision framework for Vehicle Routing Problem variant selection

based on problem characteristics and constraints [15] . . . . . . . . . 43
3.18 Overall percentage of each VRP variant during the study period

(2010-2020) [16] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.19 Classification of algorithms for the VRP [17] . . . . . . . . . . . . . . 47
3.20 Branch and Price Approach [11] . . . . . . . . . . . . . . . . . . . . . 48
3.21 Evolution of Branch and X algorithms. [11] . . . . . . . . . . . . . . . 49
3.22 Example of a local and global optimum [18] . . . . . . . . . . . . . . 49
4.23 Initial overview of the dataset: structure, temporal coverage, and cites. 53
4.24 Distribution of Non-Zero Order Quantities . . . . . . . . . . . . . . . 54
4.25 Boxplot of daily order volumes highlighting outliers. . . . . . . . . . . 56
4.26 Order volume distribution for top 10 customers using boxplot . . . . 56
4.27 Top 10 cities by total order volume (in pallets). . . . . . . . . . . . . 58
4.28 Total order volume per year. . . . . . . . . . . . . . . . . . . . . . . . 59

vii



4.29 Average monthly order volume (seasonal patterns). . . . . . . . . . . 59
4.30 Average daily order volume by weekday. . . . . . . . . . . . . . . . . 60
4.31 Distribution of Daily Order Quantities (Including Zeros) . . . . . . . 61
4.32 Pairplot of ordering behavior variables by customer category. . . . . . 63
4.33 Time series decomposition of daily orders from active customers

(2020–2025). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
4.34 Demand Pattern Classification Analysis . . . . . . . . . . . . . . . . 67
4.35 Croston method forecasts vs. actual demand for representative cities

with varying demand patterns . . . . . . . . . . . . . . . . . . . . . . 69
4.36 TSB method forecasts vs. actual demand . . . . . . . . . . . . . . . . 72
4.37 XGBoost Demand Prediction Results for Three Representative Cities 77
5.38 Data extraction and transformation workflow . . . . . . . . . . . . . 93
5.39 CPLEX Optimization Results and Route Analysis . . . . . . . . . . . 95
5.40 Login Interface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.41 Real-time dashboard navigation with connectivity status monitoring . 100
5.42 Dashboard System Components - Analytics and Customer Analysis . 101
5.43 Distribution Analysis and Temporal Patterns . . . . . . . . . . . . . 102
5.44 Customer volume ranking and risk assessment matrix . . . . . . . . . 102
5.45 Table of selected customers . . . . . . . . . . . . . . . . . . . . . . . 102
5.46 Vehicle Selection and Automatic Dynamic Subsets Creation . . . . . 103
5.47 VRP Optimization Process: Subset Generation, Execution, and Results104
5.48 Objective value of the most recent optimization process . . . . . . . . 104
5.49 Customer Clustering Visualization and Analysis . . . . . . . . . . . . 105
5.50 Temporal Analysis and Predictive Analytics . . . . . . . . . . . . . . 105
5.51 Order Processing System with Analytics Integration . . . . . . . . . . 106
5.52 System Monitoring and Performance Analytics . . . . . . . . . . . . . 107
53 Data file . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
54 CPLEX Output1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
55 CPLEX Output2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
56 CPLEX Solution Convergence and Objective Value Evolution . . . . 113
57 CPLEX Split Delivery and Demand Satisfaction Verification . . . . . 114
58 Overview of custome’s dataset using in VRP . . . . . . . . . . . . . . 115
59 Overview of cost matrix . . . . . . . . . . . . . . . . . . . . . . . . . 115
60 Historical data overview . . . . . . . . . . . . . . . . . . . . . . . . . 116

viii



List of Algorithms

1 Croston’s Method for Intermittent Demand Forecasting . . . . . . . . 22
2 TSB (Teunter–Syntetos–Babai) Method . . . . . . . . . . . . . . . . . 24
3 General XGBoost Algorithm . . . . . . . . . . . . . . . . . . . . . . . 30

ix



List of Abbreviations

ADI Average Demand Interval

AI Artificial Intelligence

API Application Programming Interface

CO Combinatorial Optimization

CV² Squared Coefficient of Variation

GBT Gradient Boosted Trees

GPU Graphics Processing Unit

HF-OVRP-SD-TW-MT Heterogeneous Fleet Open Vehicle Routing Problem with
Split Deliveries, Time Windows, and Multi-Trips

JSON JavaScript Object Notation

JWT JSON Web Token

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MASE Mean Absolute Scaled Error

MILP Mixed Integer Linear Programming

ML Machine Learning

MTZ Miller-Tucker-Zemlin

OR Operational Research

TSB Teunter-Syntetos-Babai

XGBoost eXtreme Gradient Boosting

x



General Introduction

In an economic environment marked by high volatility and intensified competition,
organizations are increasingly required to make complex and rapid decisions to
manage their supply chains and logistics operations effectively. In this context,
forecasting and optimization have emerged as two essential pillars of data-driven
decision-making. Forecasting enables anticipation of future demand, facilitating
proactive resource allocation and strategic planning, while optimization ensures the
efficient execution of operations through well-structured delivery plans that minimize
costs and respect operational constraints.

Over recent decades, forecasting techniques have evolved from classical statistical
models such as ARIMA and exponential smoothing to more advanced data-driven
approaches rooted in machine learning. These modern methods enable the modeling
of stochastic demand by capturing complex temporal patterns and incorporating
contextual factors, thereby enhancing predictive accuracy and supporting informed
planning decisions.

In parallel, optimization techniques ranging from linear and mixed-integer pro-
gramming to metaheuristics have proven effective in addressing large-scale logistical
problems, notably the Vehicle Routing Problem (VRP). These models are crucial
for minimizing transportation costs, improving delivery efficiency, and maintaining
high service levels, all while considering vehicle capacities, route constraints, and
operational feasibility.

Despite their complementary roles, forecasting and optimization are often treated
separately in practice. By using demand forecasts to support strategic planning such
as stock management, fleet sizing or preliminary scheduling, companies can improve
responsiveness and resource utilization. The final execution of deliveries, however,
rely on deterministic optimization based on real, confirmed orders, ensuring that
operational decisions remain grounded in actual data.

This thesis adopts an integrated perspective. Developed in collaboration with
Celia, a key player in Algeria’s fresh food distribution sector, this study addresses
recurring logistical challenges faced by the company. These include demand variability,
limited visibility and coordination, and transport planning difficulties, all of which
increase operational costs, reduce overall performance, and impact service quality.

To address these challenges, this research focuses on two complementary compo-
nents:

• To conduct data analysis on historical records in order to identify customer
demand patterns and gain insights into the dataset, followed by the development
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of a forecasting model capable of anticipating daily demand. This enables
the company to simulate delivery plans, anticipate fleet needs, and improve
coordination with clients;

• To implement an operational optimization module that minimizes transporta-
tion costs and improves service reliability, using real customer order data to
assign trucks and design delivery routes in accordance with logistical con-
straints.

The central research question addressed in this thesis is as follows:

How can demand forecasting, under uncertainty, be combined
with deterministic delivery optimization to improve transport
planning and operational performance?

This thesis is structured into five chapters:

• Chapter 1 introduces the company Celia and outlines the logistical challenges
it faces;

• Chapter 2 reviews time series and forecasting methods, including both classical
statistical approaches and machine learning-based techniques for demand
prediction;

• Chapter 3 examines the Vehicle Routing Problem (VRP), presenting its
mathematical formulation, main variants, and common solution approaches;

• Chapter 4 presents the case study, including exploratory data analysis and
the development of forecasting models based on the company’s historical data;

• Chapter 5 describes the implementation of the optimization model for delivery
planning, together with the development of a web application that integrates
demand analysis, forecasting, and VRP solutions.

2
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Chapter 1: Presentation of the Company Celia

Introduction
Fresh dairy products such as milk, yogurt, and soft cheeses, occupy a uniquely
sensitive position within the agri-food supply chain. Their inherently short shelf
life, stringent cold chain requirements, and susceptibility to microbial degradation
necessitate highly precise and responsive logistics operations. Any deviation in
storage temperature or delivery timing can result in rapid spoilage, with serious
implications for consumer safety, regulatory compliance, and brand integrity.

In this context, the efficiency of logistics planning becomes not only a matter
of cost optimization but also a critical factor in preserving product quality and
sustaining consumer trust. Companies operating in the fresh dairy sector must
therefore develop robust, adaptable distribution systems capable of responding to
daily demand fluctuations while maintaining strict cold chain integrity across all
stages of transport.

This chapter presents the case of Celia, a prominent subsidiary of the multina-
tional Lactalis Group and a key player in Algeria’s fresh dairy market. It begins
by outlining the company’s mission, strategic positioning, and portfolio of perish-
able products. It then provides a detailed overview of Celia’s end-to-end logistics
operations from receiving client orders to planning delivery routes, emphasizing the
operational challenges posed by uncertain demand patterns, product perishability,
and the difficulty of consolidating orders across diverse delivery zones.

1.1 Presentation of Lactalis Group
Founded in 1933 in Laval, France, by André Besnier, the Lactalis Group has grown
to become a global leader in the dairy industry, operating across all major segments
including liquid milk, butter, cream, fresh and aged cheeses, dairy ingredients, and
both clinical and infant nutrition. Now managed by the third generation of the
Besnier family, the group has continuously pursued product quality and operational
excellence.

Today, Lactalis is the world’s largest cheese manufacturer and the European
market leader in drinking milk, butter, and cream. With an annual turnover of €18.4
billion, 77% of which is generated outside France, the group ranks among the top
15 agri-food companies globally. Each year, it collects approximately 19.2 billion
liters of milk. In addition, Lactalis produces 25 cheeses protected by the Appellation
d’Origine Protégée (AOP) label and holds leading positions across all major dairy
categories.
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Figure 1.1: Logo of Group Lactalis [1]

1.2 Presentation of Celia Algérie
Founded in 1980 with the initial importation of “Celia Famille” milk powder, Celia
Algérie has progressively reinforced its presence in the national dairy sector. In
2007, as part of a strategic partnership with the Soummam company, the subsidiary
acquired the Beni Tamou dairy facility. This collaboration culminated in 2013 with
the full acquisition of Soummam’s shares, thereby consolidating Celia’s operations
across both “Fresh” and “Dry” dairy segments.

Today, Celia Algérie operates with approximately 465 employees and produces
33,237 tonnes annually from its production site in Beni Tamou, Blida.

This organizational structure enables Celia Algérie to leverage the global expertise
of the Lactalis Group while ensuring that its operations are closely tailored to the
specific characteristics and consumption patterns of the Algerian market.

Figure 1.2: Logo of Celia Algérie [2]

1.2.1 Product Categories and Classification
Celia’s product offering spans both dry and fresh dairy segments, each with its
own characteristics and market dynamics. This section presents an overview of the
company’s key product categories and their classification.

Dry Products

The dry product category includes long-shelf-life items, primarily milk powder prod-
ucts, which do not require refrigeration.

Celia operates two main product lines within the dry category:

• Celia Famille: Locally packaged milk powder for family consumption, adapted
to the Algerian market.
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• Celia Infantile: Imported infant milk formula designed to meet the nutritional
needs of newborns and infants.

These products are handled under a model known as “revente en état” (resale in
the same condition), whereby the goods are imported or packaged locally without
undergoing transformation.

Fresh Products

The fresh product category includes perishable dairy items that require strict cold
chain management. These products are produced locally at the Celia Algeria factory
and are distributed on a daily basis due to their short shelf life and high sensitivity
to temperature variations.

The fresh product range at Celia includes:

• Subsidized Milk: Offered at a controlled price in coordination with national
policy.

• Processed Cheese: Spreadable and melting cheeses for general consumption.

• Soft Cheese: Such as Brie-style or creamy cheeses.

• Fresh Cheese: Includes white cheese and other unripened varieties.

The organization of these fresh dairy products into functional categories is
summarized in Figure 1.3.

Figure 1.3: Example of Celia’s fresh products. Source: Internal company document
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1.3 Organizational Architecture
Celia Algérie operates under a functional organizational structure designed to ensure
efficient coordination across specialized departments. The company is led by a General
Director who oversees strategic decision-making and operational coordination. The
organization is structured around three main pillars: Executive Leadership, Core
Operations, and Support Functions, each playing a critical role in the fresh dairy
supply chain.

The following table presents the complete organizational architecture, highlighting
each department’s primary responsibilities:

Table 1.1: Organizational Structure of Celia Algérie

Level Department/Unit Key Responsibilities

Executive
Leadership

General Director Strategic oversight and interdepartmen-
tal coordination

Factory Director Production site management and oper-
ational alignment

Core
Operations

Production Units
Milk Collection Raw milk sourcing, quality standards,

supplier coordination
Quality Control Product conformity, safety standards,

process audits
Planning Production scheduling, demand-supply

coordination
Warehousing Storage management, cold chain,

FIFO(First In, First Out) dispatch
Distribution Units
Supply Chain End-to-end flow coordination, supplier

relations
Logistics Route planning, carrier coordination,

delivery scheduling
Transport Vehicle allocation, fleet management,

delivery execution
Commercial Units
Commercial Service Customer relationships, order collection

and validation
Customer Service Order tracking, complaint resolution,

client communication
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Table 1.2: Organizational Structure of Celia Algérie (continued)

Level Department/Unit Key Responsibilities

Support
Functions

Finance & Accounting Budget control, payment verification,
financial risk management

Purchasing Raw materials and services procurement
Import Service International procurement, customs,

freight logistics
Human Resources Staff management, training, perfor-

mance evaluation

1.4 Logistics Distinctions Between Fresh and Dry
Product Lines

Celia Algérie operates two distinct logistics models tailored to the characteristics of
its fresh and dry product lines, reflecting differences in perishability, distribution
frequency, volume, and storage requirements.

Fresh products are characterized by high-volume demand and daily distribution
cycles, necessitating strict cold chain management and fast, reliable logistics. Daily
transfers from the production site in Beni Tamou to the distribution depot are
executed via refrigerated trucks operated by Numilog company, while last-mile
deliveries to customers, mainly wholesalers and regional distribution centers, are
handled by subcontracted carriers with refrigerated vehicles.

Dry products, in contrast, follow a more static distribution model with lower
volumes and reduced frequency (typically monthly or semi-monthly deliveries). These
items are stored under ambient conditions without refrigeration requirements. Both
depot transfers and the transport of imported goods from maritime terminals are
handled by Mars Logistique company, with final deliveries to clients executed by La
Flèche Bleue Algérienne company.

1.5 Fresh Products Distribution System
Celia’s fresh dairy products are managed through a dual-site logistics setup that
separates manufacturing from distribution activities. While the Beni Tamou site
focuses on production, storage and distribution operations are handled at the Boufarik
depot through a partnership with Mars Logistique, which oversees both warehousing
and daily order preparation.

1.5.1 Depot Operations – Mars Logistique
Mars Logistique is a third-party logistics provider offering comprehensive supply
chain services since 2008. With over 300 employees, the company manages goods
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reception, storage, order consolidation, and dispatching for Celia. This strategic
partnership enables Celia to outsource its entire downstream logistics operations. [19]

1.5.2 Client Network and Fleet Configuration
Celia’s fresh products are distributed to a wide network of wholesalers and regional
distribution centers across Algeria. To accommodate varying regional accessibility
and order volumes, the company utilizes a heterogeneous fleet of subcontracted
refrigerated trucks with five distinct vehicle types, each with specific pallet capacities:

Table 1.3: Fleet Configuration by Vehicle Type

Truck Type Pallet Capacity
2.5 Tons 4 pallets
4 Tons 7 pallets
7 Tons 11 pallets
10 Tons 14 pallets
20 Tons 33 pallets

1.5.3 Daily Transfers and Cold Chain Integrity
Finished products are transported daily from the factory to the depot, maintaining
uninterrupted cold chain integrity. Upon arrival, goods are promptly stored in
temperature-controlled zones until order processing. Products are then dispatched
from the depot to distribution centers, with continuous temperature monitoring
throughout the entire journey to ensure product quality and safety.

1.5.4 Order Consolidation and Palletization
Customer orders, initially submitted in crate units, are consolidated into standardized
pallets during warehouse preparation. Pallet loading follows weight-based optimiza-
tion to maximize truck space utilization while maintaining load stability. Each pallet
can accommodate up to approximately 310 kilograms of product, enabling efficient
vehicle capacity utilization across the heterogeneous fleet.

1.5.5 Order Validation and Distribution Scheduling
Upon receipt, customer orders undergo financial validation through the Finance &
Accounting department. Orders exceeding a customer’s authorized credit limit are
automatically blocked from processing. Validated orders must be processed before
the daily cut-off time of 4:00 PM to ensure next-day delivery scheduling.

After validation, orders are forwarded to the transport planning coordinator, who
manually contacts third-party logistics partners to confirm vehicle availability and
arrange next-day (D+1) deliveries.
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1.5.6 Delivery Waves and Execution
Deliveries are organized into two distinct dispatch waves to optimize delivery timing
across different geographic zones:

• First Wave (11:00 PM, D-Day): Trucks assigned to long-distance deliveries
(southern, eastern, and western regions) are loaded during the night shift to
ensure timely arrival at distant destinations.

• Second Wave (6:00 AM, D+1): Trucks serving central and nearby zones
depart in the early morning, enabling same-day delivery within acceptable
time windows for local customers.

1.5.7 Monitoring and Compliance
Throughout the distribution process, the logistics manager ensures operational
compliance by issuing delivery notes, monitoring refrigerated transport conditions
through digital temperature logs, and verifying adherence to food safety standards.
This monitoring system maintains product quality assurance from depot departure
to final delivery.

Figure 1.4: Fresh product distribution workflow from order intake to final delivery

This tightly coordinated yet manually intensive process is increasingly challenged
by demand variability, rising costs, and the growing need for timely information to
support decision-making. The next sections will explore how these challenges form
the foundation of the approach proposed in this thesis.

1.6 The Company’s Logistics Challenges
Despite a structured distribution framework, Celia faces a number of critical logistical
challenges that compromise operational efficiency and service quality:

• Demand Variability: The absence of fixed ordering schedules for each
customer and highly variable daily order volumes hinder accurate demand
forecasting, making effective resource allocation difficult.
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• Lack of Real-Time Transport Visibility: Without real-time truck tracking
systems, the company is unable to monitor vehicle locations, arrival times
or unloading durations, generating uncertainty in the delivery process and
affecting coordination with distribution centers.

• Cold Chain Vulnerability: Fresh dairy products require strict temperature
control. Excessive handling (more than three successive unloading operations)
or prolonged unloading times can compromise product quality, leading to
spoilage and increased waste.

• Operational Time Constraints: The compressed timeframe between order
confirmation and dispatch creates pressure on warehouse operations, particu-
larly when vehicles are unavailable or delayed.

• Manual Route Planning: Delivery routes and vehicle assignments are
managed manually, without algorithmic optimization, resulting in inefficient
capacity utilization and suboptimal route planning.

1.7 Problem Statement
Faced with growing logistical complexity, highly variable customer demand, and the
absence of automated planning tools, Celia Algérie confronts two interconnected
operational challenges that form the foundation of this research:

• (1) How can daily customer demand be accurately forecasted to enable
proactive resource planning and prevent operational bottlenecks?

• (2) Simultaneously, how can delivery routes be optimally designed to
maximize fleet utilization while minimizing transportation costs and
maintaining service quality?

These questions address the core need for integrated demand forecasting and
route optimization capabilities that can transform Celia’s current manual, reactive
approach into a data-driven, proactive logistics management system.

Conclusion
The logistics management of fresh products at Celia Algérie operates within a well-
structured framework, yet faces several critical operational challenges. These include
significant demand fluctuations, limited real-time visibility, product perishability
constraints, and the absence of advanced optimization tools. Together, these lim-
itations hinder effective planning and negatively impact both service quality and
operational efficiency.
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To address these constraints, this thesis will explore integrated solutions combining
demand forecasting with delivery optimization. The following chapters will present
time series forecasting methods, vehicle routing optimization techniques, and their
practical implementation through a comprehensive case study at Celia, ultimately
demonstrating how data-driven approaches can enhance planning accuracy, optimize
distribution operations, and improve customer satisfaction.
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Introduction
Accurate forecasting from temporal data requires understanding both the underlying
patterns in historical observations and the theoretical foundations of predictive
methodologies. The challenge lies not only in selecting appropriate forecasting
techniques but also in recognizing their inherent limitations and optimal application
contexts.

This chapter provides the theoretical framework for temporal data analysis
and forecasting in two complementary sections. The first establishes fundamental
concepts in time series analysis, including pattern identification, statistical properties,
and diagnostic procedures essential for characterizing temporal behavior. The
second examines forecasting methodologies spanning classical statistical approaches
and machine learning techniques, with particular emphasis on their theoretical
assumptions, algorithmic foundations, and practical limitations.

2.1 Generalities About Forecasting
Forecasting involves predicting future events based on available data and is a fun-
damental tool used across a wide range of fields, including business, industry, gov-
ernment, economics, environmental sciences, medicine, social sciences, politics, and
finance.

Forecasting problems are generally categorized according to their time horizon:

• Short-term forecasts: covering a few days, weeks, or months;

• Medium-term forecasts: spanning up to one or two years;

• Long-term forecasts: extending beyond several years. [20]

Each forecasting horizon serves different strategic and operational purposes. Short-
and medium-term forecasts are particularly important for operational planning,
budgeting, inventory control, supply chain coordination, and resource allocation.
In contrast, long-term forecasts support broader decisions, such as infrastructure
investments, strategic initiatives, and long-term policy development.

2.1.1 Methodological Classification of Forecasting Ap-
proaches

Forecasting techniques are generally divided into two broad categories:

• Qualitative methods, which rely on expert judgment, intuition, and sub-
jective evaluations. These approaches are particularly useful when historical
data is limited or unavailable. Common examples include the Delphi method,
market research, and scenario planning.
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• Quantitative methods, which utilize historical data and rely on mathematical
or statistical models to predict future values. These include causal models,
which assume a cause-effect relationship between variables, and non-causal
models, which focus on identifying patterns and dependencies within the data
itself [20].

2.2 Time Series Theory
Among the various quantitative forecasting approaches, time series analysis plays
a central role because it captures temporal dependencies in data. Time series
forecasting is especially effective when the order and timing of past observations
carry critical information for future projections. A time series is defined as a sequence
of observations collected at regular intervals (e.g., daily, weekly, monthly, or annually),
where the chronological structure is essential for analysis [21].

2.2.1 Components of a Time Series
A typical time series is influenced by three primary components, which can be
decomposed from the observed data:

• Trend (T): The long-term progression of the series either upward, downward,
or stable over an extended period. It reflects underlying growth or decline
patterns.

• Seasonality (S): Recurring patterns at fixed periods within a year (e.g.,
months, quarters), often influenced by climate, holidays, or calendar events.

• Irregular (I): Unpredictable or residual fluctuations that cannot be attributed
to the other two components. These are caused by unexpected events.

Understanding these components enables selecting appropriate modeling ap-
proaches, as discussed next. [21].
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Figure 2.5: Time series decomposition showing trend, seasonal, and random compo-
nents in temporal data analysis [3]

2.2.2 Time Series Models: Additive vs. Multiplicative
Two fundamental models are commonly used to represent the structure of time series
data:

• Additive model:
Y (t) = T (t) + S(t) + I(t)

This model assumes that all components act independently and contribute
additively to the observed value. It is typically used when seasonal variations
remain constant over time.

• Multiplicative model:

Y (t) = T (t)× S(t)× I(t)

This model assumes that the components interact in a proportional manner.
It is more appropriate when the magnitude of seasonal fluctuations increases
with the trend.

The choice between models depends on whether seasonal variation remains
constant in absolute terms (additive) or proportional to the trend level (multiplica-
tive) [21].
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Figure 2.6: Comparison of additive versus multiplicative time series models [4]

2.2.3 Deterministic vs Stochastic Time Series
Building on the foundational components of time series, this subsection distinguishes
between deterministic and stochastic series, two core classifications that influence
model choice and forecasting accuracy.

Deterministic time series

A deterministic time series is a sequence where each value is completely determined
by a mathematical function of time, without random variation:

xt = f(t)

Examples include linear trends and periodic functions. These series are fully pre-
dictable once the generating function is known [22].

Stochastic time series

A stochastic time series contains random components that make future values
unpredictable with certainty. Each observation is considered a realization of an
underlying random process governed by specific statistical properties, termed a
stochastic process [23, 24].

Fresh dairy demand exemplifies stochastic time series behavior, where despite
identifiable patterns (lower demand on weekends, seasonal preferences), the exact
order quantity from any specific customer on a given day remains unpredictable
due to various random factors such as weather conditions, promotional activities, or
competitor actions.

17



Chapter 2: Overview of Time Series and Forecasting Methods

2.2.4 Stationarity in Time Series
Stationarity implies that the statistical properties of a series: mean, variance, and
autocovariance, remain constant over time.

• Strict Stationarity: The joint distribution of any set of observations remains
invariant under time shifts a strong condition rarely satisfied in practice.

• Weak Stationarity (Covariance Stationarity): Requires that:

– E[Xt] = µ (constant mean)
– Var[Xt] = σ2 (constant variance)
– Cov(Xt, Xt+h) = γ(h) (covariance depends only on lag)

This more practical condition is widely used in time series analysis

Non-stationary series can often be transformed to achieve stationarity through
differencing or detrending procedures [25].

• Stationarity testing: The Augmented Dickey–Fuller (ADF) test and the
KPSS (Kwiatkowski–Phillips–Schmidt–Shin) test are commonly used to assess
whether a series exhibits stationary behavior. These tests should be applied
before model estimation. [26]

The theoretical foundations established above become particularly relevant when
analyzing real-world demand data, which often exhibits complex patterns that
challenge traditional forecasting assumptions.

2.2.5 Classification of Demand Patterns
In the context of demand forecasting, recognizing and understanding these patterns
are essential for selecting models that align with the underlying data behavior.

The academic literature has classified time series patterns, particularly relevant
for scenarios involving irregular observations. This classification system, established
by Syntetos and Boylan [27], provides a quantitative framework for distinguishing
between different types of temporal patterns based on two key statistical measures.

Classification Parameters

The classification employs two fundamental parameters to characterize time series
behavior:

• Average Demand Interval (ADI): Measures the average time between
successive non-zero observations:

ADI = Total observation period
Number of non-zero observations
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• Squared Coefficient of Variation (CV²): Quantifies the variability of
non-zero values:

CV 2 =
(

σ

µ

)2

where σ is the standard deviation and µ is the mean of non-zero observations.

Time Series Categories

Based on threshold values for ADI and CV², time series are classified into four
distinct categories [27]:

• Smooth patterns: ADI ≤ 1.32 and CV 2 ≤ 0.49
Characterized by regular occurrences with consistent magnitudes. These series
exhibit predictable patterns suitable for traditional forecasting methods.

• Intermittent patterns: ADI > 1.32 and CV 2 ≤ 0.49
Feature irregular timing of occurrences but relatively consistent magnitudes
when events occur. The sporadic nature requires specialized forecasting ap-
proaches.

• Erratic patterns: ADI ≤ 1.32 and CV 2 > 0.49
Display regular timing but highly variable magnitudes. The predictable occur-
rence combined with unpredictable sizes presents unique modeling challenges.

• Lumpy patterns: ADI > 1.32 and CV 2 > 0.49
Exhibit both irregular timing and highly variable magnitudes, representing the
most challenging forecasting scenario. These patterns require sophisticated
modeling approaches that can handle dual uncertainty.

Figure 2.7: Classification of demand patterns based on variability in timing and
quantity [5].
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This framework provides essential guidance for forecasting method selection, as
each category demands different modeling strategies and performance evaluation
criteria. In the rest of the sections, we will focus on the intermittent time series.

2.3 Forecasting Approaches
Building on the foundational understanding of time series, this section delves into
forecasting methods. In the case of intermittent demand, which is characterized by
sporadic and irregular occurrences [28], classical models like Croston [29] and TSB [30]
are particularly well-suited. These models specifically address the challenges posed by
zero-inflated and irregular demand. For more advanced forecasting, machine learning
models particularly gradient boosting methods [31] have also shown promising
results for handling such demand patterns, as they can capture complex, non-linear
relationships.

2.3.1 Classical Forecasting Models

Croston’s Method: Definition and Foundation

Croston’s method, introduced by J.D. Croston in 1972, is a statistical forecasting
technique specifically developed for time series characterized by a large proportion of
zero-valued observations interspersed with non-zero values. This class of time series,
often referred to as intermittent series, poses challenges for conventional forecasting
models due to the irregularity and sparsity of meaningful events.

The core idea of Croston’s method is to decouple the forecasting process into two
distinct components:

• The magnitude component: representing the value of non-zero observations.

• The interval component: representing the time elapsed between successive
non-zero observations.

Each component is independently updated using simple exponential smoothing,
with a smoothing parameter α ∈ (0, 1). The method assumes that the magnitude
and interval components are independent and can be modeled separately without
loss of information. The forecast is computed as the ratio between the smoothed
magnitude and the smoothed interval, resulting in a constant estimate that reflects
the average behavior of the non-zero occurrences over time.

Formally, if zi denotes the i-th non-zero value and pi the time since the previous
one, the updates are:

ẑi = αzi + (1− α)ẑi−1 (2.1)
p̂i = αpi + (1− α)p̂i−1 (2.2)

and the forecast is given by:

ŷt+h = ẑi

p̂i

, ∀h > 0 (2.3)
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The method proceeds through the following key steps[32, 33]:
1. Initialization: At the first non-zero demand observed at time t0, the following

initial estimates are defined:

• ẑt0 = yt0 : the initial smoothed demand,

• p̂t0 = 1: assuming a one-period interval,

• ŷt0 = ẑt0/p̂t0 : the initial forecast.

Additionally, a tracking variable tlast is set to t0 to record the last time a non-zero
demand occurred.

2. Iterative Updating: For each time step t > t0, the update mechanism
depends on whether the demand yt is zero or non-zero:

• If yt > 0:

– Update demand estimate:

ẑt = αyt + (1− α)ẑt−1 (2.4)

– Update interval estimate:

p̂t = α(t− tlast) + (1− α)p̂t−1 (2.5)

– Set tlast = t.

• If yt = 0:

– Retain previous estimates: ẑt = ẑt−1 and p̂t = p̂t−1.

In all cases, the forecast is recalculated as:

ŷt = ẑt

p̂t

(2.6)

3. Forecasting Future Demand: For any forecast horizon h ≥ 1, Croston’s
method produces a constant forecast:

ŷT +h = ẑT

p̂T

(2.7)
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Algorithm 1: Croston’s Method for Intermittent Demand Forecasting
Input: Demand series yt for t = 1, . . . , T

Input: Smoothing parameter α ∈ (0, 1)
Output: Forecast ŷT +1, . . . , ŷT +h

1 Initialization:
2 Find first non-zero demand at time t0
3 Set ẑt0 = yt0 , p̂t0 = 1, ŷt0 = ẑt0/p̂t0 , tlast = t0
4 for t = t0 + 1 to T do
5 if yt > 0 then
6 ẑt = αyt + (1− α)ẑt−1
7 p̂t = α(t− tlast) + (1− α)p̂t−1
8 tlast = t

9 else
10 ẑt = ẑt−1
11 p̂t = p̂t−1

12 end
13 ŷt = ẑt/p̂t

14 end
15 for h = 1 to forecast horizon do
16 ŷT +h = ẑT /p̂T

17 end

Teunter–Syntetos–Babai (TSB) Method

The Teunter–Syntetos–Babai (TSB) method is a forecasting technique developed to
address limitations in earlier approache. While Croston’s method assumes a constant
probability of occurrence over time, the TSB method models this probability explicitly
and updates it dynamically[32].

The TSB method separates the forecasting problem into two components:

• Occurrence component: estimates the probability that a non-zero observa-
tion occurs at a given time

• Magnitude component: estimates the average size when a non-zero observa-
tion occurs

Each component is updated using simple exponential smoothing.

Step-by-Step Procedure Let:

• zt be the observed value at time t

• pt = I(zt > 0) be an indicator function that is 1 if zt > 0 and 0 otherwise

• p′
t be the estimated probability of occurrence at time t

• z′
t be the estimated magnitude of a non-zero value
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• Y ′
t be the forecast at time t

Then the method proceeds as follows:

1. Initialization:

• Set initial values p′
0 and z′

0 (e.g., based on historical averages).

2. Smoothing Updates: At each time step t, the estimates are updated based
on whether demand occurs:
If pt = 0 (no demand occurs):

p′
t = p′

t−1 + β(0− p′
t−1) (2.8)

z′
t = z′

t−1 (2.9)
Y ′

t = p′
t · z′

t (2.10)

If pt = 1 (demand occurs):

p′
t = p′

t−1 + β(1− p′
t−1) (2.11)

z′
t = z′

t−1 + α(zt − z′
t−1) (2.12)

Y ′
t = p′

t · z′
t (2.13)

where α and β are smoothing parameters (0 < α, β < 1).

3. Forecast Computation: The forecast at time t is always given by:

Y ′
t = p′

t · z′
t (2.14)

Key Characteristics

• The method accounts for changing probabilities over time, so it can respond to
demand drops or sudden spikes.

• Unlike Croston’s method, the TSB method updates estimates at every time
step, regardless of whether the value is zero or not.

• The forecast remains valid and dynamically updated, even during extended
sequences of zero observations. [30]
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Algorithm 2: TSB (Teunter–Syntetos–Babai) Method
Input: Time series {zt}T

t=1, smoothing parameters α and β

Output: Forecast Y ′
T +1 for next period

1 Initialization:
2 Estimate initial probability p′

0 and initial demand size z′
0 from non-zero

observations
3 for t = 1 to T do
4 if zt > 0 then
5 pt ← 1 ; // Demand occurs
6 p′

t ← p′
t−1 + β(1− p′

t−1) ; // Update probability
7 z′

t ← z′
t−1 + α(zt − z′

t−1) ; // Update magnitude
8 else
9 pt ← 0 ; // No demand

10 p′
t ← p′

t−1 + β(0− p′
t−1) ; // Update probability

11 z′
t ← z′

t−1 ; // Keep previous magnitude
12 end
13 Y ′

t ← p′
t · z′

t ; // Forecast for period t

14 end
15 return Y ′

T +1 = p′
T · z′

T

2.3.2 Limitations of Classical Methods
Classical intermittent demand forecasting methods face several fundamental chal-
lenges:

• Bias issues: Croston’s method exhibits positive bias, while variants like TSB
reduce but don’t eliminate this bias [34].

• Parameter optimization: Lacks consistent methodology for parameter selec-
tion, with conventional accuracy metrics being inappropriate for intermittent
contexts [35].

• Statistical foundation: Methods don’t correspond to underlying stochastic
models, preventing computation of prediction intervals [36].

• TSB limitations: TSB’s frequent probability updates can negatively affect
MSE performance, particularly for non-stationary demands [37].

These limitations have motivated research into machine learning approaches that
can capture more complex relationships and incorporate diverse information sources.

2.3.3 Artificial Intelligence-Based Approaches
Artificial Intelligence (AI): is commonly defined as the science and engineering
of creating intelligent machines that exhibit behaviors typically associated with
human cognition, such as reasoning, learning, and problem solving [38, 39].
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Machine Learning (ML): a subfield of Artificial Intelligence (AI), enables com-
puters to improve their performance on a task through experience derived from
data. As noted by Jeong (2020), ML is defined as the ability of a computer to
“learn without being explicitly programmed” [40]. In practice, Machine Learning
(ML) systems ingest data and automatically adjust internal models or parameters
to make predictions or decisions. Depending on the nature of the available data
and the research objectives, a suitable learning paradigm is selected. According to
Sarker (2021), ML approaches are generally classified into four categories: supervised
learning, unsupervised learning, semi-supervised learning, and reinforcement learning.

• Supervised learning: trained on labeled data, enabling prediction by com-
paring to known outputs.

• Unsupervised learning: works with unlabeled data to identify hidden
structures.

• Semi-supervised learning: uses a combination of a small labeled dataset
and a large unlabeled one.

• Reinforcement learning: learns by interacting with the environment and
receiving feedback in the form of rewards or penalties. Popular reinforcement
learning algorithms include Q-learning and Deep Q-Networks (DQN), often
applied in robotics and games [41].

The following subsections examine how these machine learning paradigms, par-
ticularly supervised learning approaches, can be applied to time series forecasting
challenges.

Supervised Learning

Supervised learning consists of input features and their corresponding output labels.
The learning process includes:

• Training data: A dataset of input-output pairs is fed into the model.

• Learning process: The algorithm adjusts internal parameters to minimize
prediction error.

• Evaluation and optimization: A test dataset is used to validate and fine-
tune the model using several techniques like cross-validation and regularization
to prevent overfitting.

Supervised learning is generally divided into two algorithm categories:

• Regression: Predicts continuous values such as weight or sales.

• Classification: Predicts categorical outcomes like yes/no decisions [42].
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Figure 2.8: Schema of supervised learning [6]

Decision Trees

Decision trees are supervised learning models used for classification and regression.
They work by splitting the data into smaller parts based on feature values. The tree
starts at a root node and branches out through decision nodes, ending at leaf nodes
that give the final output. Each decision checks a feature, and for numerical values,
it compares them to a threshold. The model makes predictions by following a path
from the root to a leaf based on the input features. [43]

Figure 2.9: Illustration of a decision tree for Regression [7]

While decision trees are valued for their interpretability, non-linear modeling
capability, and ability to handle both categorical and numerical data, they are also
prone to overfitting, instability, and bias in the presence of imbalanced datasets.
To address these limitations, ensemble methods such as Random Forests and XG-
Boost combine multiple decision trees to improve performance, generalization, and
robustness.

Ensemble Learning

Ensemble learning is a powerful approach in machine learning that combines the
predictions of multiple base models, often referred to as weak learners, into a single,
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more accurate and robust model. This technique is based on the idea that a group
of diverse models can outperform any individual model, much like a panel of experts
provides better decisions than a single voice [44].

Two of the most widely used ensemble strategies are bagging and boosting:

• Bagging (Bootstrap Aggregating): This method builds multiple models
in parallel by training them on different random subsets of the training data,
sampled with replacement. The final prediction is obtained by aggregating the
outputs via majority vote for classification or averaging for regression. Bagging
helps reduce variance and is particularly effective in stabilizing high-variance
models like decision trees. A common example of bagging is Random Forest,
which combines multiple decision trees trained on different bootstrap samples
of the data [45, 46].

• Boosting: Unlike bagging, boosting trains models sequentially. Each new
model attempts to correct the errors made by the previous one, assigning greater
weight to misclassified instances. This process reduces bias and enhances
accuracy by focusing learning on the most difficult cases [47].

Figure 2.10: Comparison of Bagging and Boosting methodologies [8]

Among boosting algorithms, gradient boosting methods have proven particularly
effective for time series forecasting tasks, as demonstrated by their strong performance
in recent forecasting competitions [48, 49]. These methods, including XGBoost [50],
can capture complex patterns in data through gradient optimization.

Gradient Boosting

Gradient Boosting is a sequential ensemble method that builds models incrementally
to optimize a specified loss function. At each stage, a new decision tree is trained
to fit the residuals (errors) of the current model. By iteratively minimizing the loss
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function through gradient descent, the ensemble gradually improves its predictions.
Gradient Boosting is widely used in both regression and classification tasks [31].

XGBoost

XGBoost (eXtreme Gradient Boosting) is an optimized implementation of gradi-
ent boosting that incorporates regularization, parallel computation, and pruning
strategies to improve both speed and performance. It builds trees sequentially, with
each tree correcting the errors of the previous ones based on gradient information.
XGBoost is particularly known for its scalability and high predictive power [50].

Figure 2.11: Structure of the XGBoost model [9]

XGBoost incorporates several key innovations that enhance its performance
and flexibility. It introduces a regularization term in its objective function to
penalize overly complex trees, which helps prevent overfitting and encourages better
generalization to new data. Moreover, XGBoost is optimized for speed and scalability
through features like parallel processing, efficient use of hardware cache, and support
for out-of-core and GPU (Graphics Processing Unit), accelerated training on large
datasets [50, 51].

Mathematically, the prediction for each data point is represented as the sum of
the outputs from all individual trees:

ŷi =
K∑

k=1
fk(xi) (2.15)

where:

• ŷi is the final prediction for instance i,

• K is the total number of trees,

• fk represents the kth decision tree.
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The algorithm optimizes an objective function at each step, which is composed of
two parts:

• A loss function l(ŷi, yi) that measures how well the model is performing (e.g.,
mean squared error for regression, or log-loss for classification),

• A regularization term Ω(fk) that penalizes the complexity of the model.

The overall objective function is given by:

L(φ) =
∑

i

l(ŷi, yi) +
∑

k

Ω(fk) (2.16)

where the regularization term is defined as:

Ω(fk) = γT + 1
2λ‖w‖2 (2.17)

Here, T is the number of leaves in the tree, w is the vector of leaf weights, γ is
the complexity cost per leaf, and λ is the L2 regularization term on weights.

This combination enables XGBoost to maintain a balance between predictive
accuracy and model simplicity.

Another critical aspect of XGBoost is its ability to evaluate all potential tree splits
using both the first and second derivatives of the loss function, referred to as gradients
and Hessians. This allows the algorithm to make more informed decisions when
growing trees, selecting splits that improve performance while controlling complexity.
Formally, for each data point i, the gradient gi and Hessian hi are computed as:

gi = ∂l(ŷi, yi)
∂ŷi

, hi = ∂2l(ŷi, yi)
∂ŷ2

i

(2.18)

These values are then used in the approximate split finding process to optimize
the gain at each node. This second-order approximation enables efficient and accurate
optimization of the objective function. [50].

Finally, XGBoost incorporates several technical enhancements that make it
“eXtreme”:

• Level-wise tree growth: Trees are grown depth-by-depth rather than leaf-
wise.

• Built-in handling of missing data: The model can learn the optimal
direction to follow when a feature is missing.

• Shrinkage (learning rate): Controls the impact of each new tree, helping
improve robustness.

• Scalability and speed: Through parallelization, distributed computing, and
cache optimization [50].
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Algorithm 3: General XGBoost Algorithm
Data: A training dataset D = {(xi, yi)}n

i=1
Result: A predictive model ŷ(x) as an ensemble of decision trees

1 Begin
2 Initialize predictions: ŷ

(0)
i = 0 for all i ∈ {1, . . . , n} ;

3 for t = 1 to T (number of boosting rounds) do
4 Step 1: Compute gradients and Hessians ;
5 foreach i ∈ {1, . . . , n} do
6 gi ←

∂`(yi,ŷ
(t−1)
i )

∂ŷ
(t−1)
i

;

7 hi ←
∂2`(yi,ŷ

(t−1)
i )

∂(ŷ(t−1)
i )

2

8 Step 2: Learn a regression tree ft ;
9 Fit ft(x) by optimizing the regularized objective:

L(t) =
n∑

i=1

[
gift(xi) + 1

2hift(xi)2
]

+ Ω(ft)

where Ω(ft) is the regularization term controlling model complexity ;
10 Step 3: Update predictions ;
11

ŷ
(t)
i ← ŷ

(t−1)
i + ηft(xi)

where η is the learning rate
12 Return the final model:

ŷ(x) =
T∑

t=1
ηft(x)

13 End

2.3.4 Advantages of Gradient Boosting in Time Series Fore-
casting

Gradient boosting algorithms provide several distinct advantages over traditional
forecasting methods when applied to demand forecasting task. The ensemble nature
of gradient boosting excels at handling the inherent noise and volatility present in
demand data by combining multiple weak learners to create robust predictions that
are less susceptible to outliers and irregular demand patterns [50]. The algorithm’s
ability to automatically handle mixed data types allows for seamless integration
of diverse forecasting features, including historical demand patterns, promotional
calendars, pricing information, economic indicators, and external factors such as
weather data, without requiring extensive preprocessing or transformation [52].

The sequential learning process of gradient boosting, where each successive
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model corrects the errors of its predecessors, makes it particularly well-suited for the
dynamic and evolving nature of consumer demand, allowing the model to adapt to
changing market conditions, emerging trends, and seasonal shifts over time [53].

Despite their advantages in handling complex patterns, machine learning ap-
proaches introduce their own limitations that must be carefully considered in fore-
casting applications: Gradient boosted trees (GBT) have poor extrapolation ability
and rely on piecewise constant approximations, which may cause them to struggle
with capturing linear or complex temporal relationships without significant feature
engineering. They also lack automatic feature engineering and often require domain
knowledge for time series tasks [54].

2.3.5 Overfitting Prevention and Hyperparameter Optimiza-
tion

Overfitting Prevention

While evaluating forecasting models, it is important to consider the risk of overfitting,
where a model performs well on training data but poorly on unseen data. This issue
is particularly common in complex models with many parameters, such as ensemble
methods and deep learning approaches.

To reduce this risk and ensure robust model performance, several techniques can
be applied:

Early Stopping Strategy Early stopping is a strategy that determines the
optimal point at which training should be stopped. Stopping too early may lead
to underfitting, while stopping too late can result in overfitting. The objective
is to identify the moment when the model no longer improves. To achieve this,
performance on the validation set is monitored at the end of each epoch, and training
is stopped once no further improvement is observed [55]

Regularization Strategy Generally, model output can be affected by multiple fea-
tures, and as the number of features increases, the model becomes more complicated.
An overfitting model tends to consider all features, even those with very limited
effect on the final output, or worse, those that represent meaningless noise. [55]

Regularization addresses this through two approaches:

1. Selecting only useful features and removing useless features from the model

2. Minimizing the weights of features that have little influence on the final
classification

Since it is not always clear which features are useless, regularization attempts
to limit the effect of all potentially problematic features by minimizing the cost
function [55].
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The general regularization methods are: (1) L1 regularization and (2) L2 regular-
ization.

L1 Regularization (Lasso): This method minimizes the cost function by
forcing some feature weights to zero, effectively removing less important variables.
As a result, the model becomes simpler and easier to interpret, though it may also
discard potentially useful features with lower influence.

L2 Regularization (Ridge): This method adds a penalty proportional to the
squared magnitude of the weights (Euclidean norm). Instead of eliminating features,
it reduces their influence by assigning smaller weights. Thus, the model retains more
information, but only features with strong predictive power receive large weights.

Hyperparameter Optimization

Random Search: Following Bergstra and Bengio [56], it’s a hyperparameter op-
timization strategy that samples parameter combinations randomly from specified
distributions, rather than exhaustively testing all combinations like grid search.
Random Search is more efficient because hyperparameter response functions typi-
cally have low effective dimensionality only a few parameters significantly impact
performance.

2.3.6 Evaluation Metrics
Forecasting accuracy assessment requires multiple complementary metrics, each
capturing different aspects of prediction quality:

• Mean Absolute Error (MAE): Measures average absolute deviations, treat-
ing all errors equally regardless of direction.

MAE = 1
n

n∑
i=1
|yi − ŷi| (2.19)

• Root Mean Squared Error (RMSE): Penalizes larger errors more heavily,
making it sensitive to outliers.

RMSE =
√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (2.20)

• Mean Absolute Percentage Error (MAPE): Provides scale-independent
comparison across different series.

MAPE = 100%
n

n∑
i=1

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣ (2.21)

Lower values of RMSE, MAE, and MAPE indicate better predictive accuracy. [57,
58].
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Conclusion
This chapter has established the theoretical foundations for temporal data analysis
and forecasting, progressing from fundamental time series concepts to advanced
machine learning approaches.

Building on these forecasting foundations, the following chapters will explore the
practical implementation of forecasting models within the context of our case study.
However, before delving into the implementation details, we will first present an
overview of the Vehicle Routing Problem (VRP) and its solution approaches.
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Introduction
In real-world logistics, efficient delivery of goods using vehicle fleets represents a
fundamental challenge in supply chain operations, directly impacting costs, service
levels, and resource utilization. This challenge is formalized as the Vehicle Routing
Problem (VRP), a cornerstone problem in combinatorial optimization that has
received extensive attention due to its practical importance.

This chapter establishes the theoretical foundations for VRP analysis and so-
lutions. We begin with the mathematical optimization framework, examine com-
putational complexity theory that classifies problem difficulty, present the classical
VRP formulation and its main variants, and conclude with an overview of solution
methodologies.

3.1 Foundations of Operations Research and Com-
binatorial Optimization

“True optimization is the revolutionary contribution of modern research
to decision processes.”

- George Dantzig [59]

3.1.1 Operations Research (OR)
Operations Research (OR) is a discipline that applies mathematical and statistical
methods to analyze complex decision problems and optimize outcomes. It provides
systematic approaches to resource allocation, scheduling, and strategic planning in
business and organizational contexts [10].

Figure 3.12 presents the OR modeling process, transforming real-world inputs and
constraints into mathematical models that generate optimal solutions for practical
implementation.

Figure 3.12: Concept of study by OR model [10].
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The methods of operational analysis that are frequently used in logistics, pro-
duction enterprises including the following methods: the graph and networks theory
(scheduling tasks in production logistics), linear programming (optimization of trans-
port distances, transport costs, etc.), methods of network analysis, inventory theory
models[10].

3.1.2 Combinatorial Optimization (CO)
Optimization: refers to the process of determining the maximum or minimum of
a given function, known as the objective function, over a defined domain. [60]

Figure 3.13: Classical optimization methods [11].

Combinatorial optimization: is a subfield of mathematical optimization, which
seeks to find an optimal object from a finite set of feasible solutions, where the goal is
to identify the solution that optimizes a given objective function among all possible
candidate solutions.

Common problems include the Minimum Spanning Tree problem, which finds
a spanning tree with minimum total weight in a connected graph; the Traveling
Salesman Problem, which seeks the shortest route visiting all cities exactly once; the
Knapsack Problem, which maximizes value while respecting weight constraints [59].

36



Chapter 3: The Vehicle Routing Problem: Foundations and Solution Approaches

Figure 3.14: Graph representation of the combinatorial optimization problem of
finding a Minimum Spanning Tree (MST)[12].

Mathematically, a combinatorial optimization problem can be formulated as:

Minimize (or Maximize) f(x)
subject to x ∈ F

where x is a feasible solution from the finite set F of admissible configurations,
and f(x) is a cost or objective function to be optimized. The goal is to find a solution
x∗ ∈ F such that f(x∗) ≤ f(x) (or f(x∗) ≥ f(x)) for all x ∈ F [61].

A fundamental challenge in CO is the rapid growth of the solution space, com-
monly referred to as the combinatorial explosion, which makes exhaustive enumeration
computationally infeasible as problem size increases [60].

3.1.3 Computational Complexity
An algorithm requires two essential resources to solve a problem: time and space.
The time complexity represents the number of steps required to solve a problem of
size n, generally expressed in terms of worst-case analysis.

The aim of computational complexity analysis is to establish an asymptotic bound
on the step count rather than determine the exact number of operations. In this
regard, Big-O notation is a standard tool used to formalize asymptotic analysis [11].

3.1.4 Complexity of Problems
The complexity of a problem is defined as the complexity of the most efficient
algorithm capable of solving it. A problem is considered tractable (or easy) if it can
be solved by an algorithm operating in polynomial time. Conversely, a problem is
deemed intractable (or difficult) when no polynomial-time algorithm exists to solve
it.

The complexity theory of problems deals with decision problems. A decision
problem always has a yes or no answer [11].
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Computational complexity theory provides a framework for classifying problems
according to their inherent difficulty. Problems are grouped into complexity classes,
including:

• P: The class of decision problems that can be solved quickly, specifically,
problems that have polynomial-time algorithms that can find solutions from
scratch.

• NP: The class of decision problems for which a given solution can be verified
in polynomial time.

• NP-complete: Decision problems that are both in NP and are as hard as any
problem in NP. If any NP-complete problem can be solved in polynomial time,
then P = NP and all problems in NP can be solved in polynomial time.

• NP-hard: Problems that are at least as hard as the hardest problems in NP.
NP-hard problems do not have to be in NP and may not even be decision
problems.

The relationship among these complexity classes is central to understanding computa-
tional intractability, with the P versus NP question being one of the most important
open problems in computer science [62].

Figure 3.15: Relationship between complexity classes P, NP, NP-Complete, and
NP-Hard. Adapted from [13].

3.2 Vehicle Routing Problem (VRP)
Among the various combinatorial optimization problems, the Vehicle Routing Problem
(VRP) represents a particularly challenging domain. Toth and Vigo [63] emphasize
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that this problem, defined more than 60 years ago, involves designing optimal route
sets for vehicle fleets serving customer locations. The problem is one of routing the
vehicles so that the total distance traveled (or time taken, cost incurred, etc.), is
minimal [64].

Figure 3.16: Graphical representation of a typical Vehicle Routing Problem (VRP)
instance [14].

The VRP is used in supply chain management in the physical delivery of goods
and services. There are several variants to the VRP. These are formulated based
on the nature of the transported goods, the quality of service required, and the
characteristics of the customers and the vehicles [65].

3.2.1 Mathematical Modeling of the Vehicle Routing Prob-
lem

The Capacitated Vehicle Routing Problem (CVRP), first formulated by Dantzig and
Ramser [66], represents the foundational variant in vehicle routing optimization. The
Capacitated Vehicle Routing Problem (CVRP) represents the most common variant,
where capacity restrictions are imposed on the vehicles.

Following Laporte [67], the CVRP is defined on a graph G = (V, A) where
V = {1, . . . , n} is a set of vertices representing customers with the depot located at
vertex 1, and A is the set of arcs. The problem parameters are:

• V = {1, . . . , n} is the set of vertices, with vertex 1 representing the depot and
vertices {2, . . . , n} denoting customer locations;

• A is the set of arcs with associated non-negative distance matrix C = (cij);

• di ≥ 0 represents the demand of customer i ∈ {2, . . . , n};

• D denotes the uniform capacity of each identical vehicle;

• m represents the number of available vehicles, where mL ≤ m ≤ mU ;

• xij ∈ {0, 1} is a binary decision variable equal to 1 if arc (i, j) is traversed in
the optimal solution.
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The CVRP seeks to design a set of least-cost vehicle routes such that [67]:

1. Each customer in V \ {1} is visited exactly once by exactly one vehicle;

2. All vehicle routes start and end at the depot;

3. The total demand on any route does not exceed the vehicle capacity D.

Mathematical Formulation

Following the formulation presented by Laporte [67], the CVRP can be expressed as
the following integer linear program:

Objective Function:
min

∑
i∈V

∑
j∈V
j 6=i

cijxij (3.22)

Subject to: ∑
j∈V
j 6=i

xij = 1 ∀i ∈ {2, . . . , n} (3.23)

∑
i∈V
i 6=j

xij = 1 ∀j ∈ {2, . . . , n} (3.24)

∑
i,j∈S

xij ≤ |S| − v(S) ∀S ⊆ V \ {1}, |S| ≥ 2 (3.25)

xij ∈ {0, 1} ∀i, j ∈ V, i 6= j (3.26)

where v(S) represents an appropriate lower bound on the number of vehicles
required to visit all vertices of S in the optimal solution. For the CVRP, it is valid
to take:

v(S) =
⌈∑

i∈S di

D

⌉

Constraint Analysis

Constraints (3.23) and (3.24) ensure that each customer is visited exactly once. The
subtour elimination constraints (3.25) serve a dual purpose: they eliminate subtours
that do not include the depot and enforce vehicle capacity restrictions by ensuring
that any subset S of customers requires at least v(S) vehicles to satisfy the total
demand [67].
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3.2.2 Taxonomy of VRP Variants
VRP research has expanded into diverse variants that reflect the varied constraints
and objectives found in different distribution contexts.

Table 3.4 presents the most prominent VRP variants, organized by six key feature
categories. Each category captures a unique aspect of logistical complexity and helps
both practitioners and researchers identify the most appropriate VRP formulation
for a given context.

Table 3.4: Classification of VRP Variants by Key Features

Feature Category Main VRP Variants Description
Fleet Configuration

• CVRP (Capacitated
VRP)

• HFVRP (Heteroge-
neous Fleet VRP)

• FSVRP (Fleet Size
VRP)

Describes the nature and structure of
the vehicle fleet, including identical vs.
heterogeneous vehicles, fleet size con-
straints [68, 15]

Depot Structure

• SDVRP (Single-Depot
VRP)

• MDVRP (Multi-Depot
VRP)

• Open VRP

Defines how goods are dispatched:
from a single depot [69], multiple de-
pots [70], or with vehicles not returning
to the depot (open VRP) [71].

Customer Service
Constraints • SDVRP (Split Delivery

VRP)

• VRPPD (VRP with
Pickups and Deliveries)

Covers scenarios when the single-visit
assumption is relaxed and each cus-
tomer may be served by more than
one vehicle. [72] and the case when
the vehicles deliver goods to customers
and pick up items during the same
visit [73].
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Table 3.4 (continued)

Feature Category Main VRP Variants Description
Temporal Factors

• VRPTW (VRP with
Time Windows)

• TDVRP (Time-
Dependent VRP)

• DVRP (Dynamic VRP)

Accounts for delivery time win-
dows [65], traffic-dependent travel
times [74], and dynamic or real-time
routing adjustments [75].

Uncertainty and
Robustness • SVRP (Stochastic

VRP)

• RVRP (Robust VRP)

Deals with uncertainty in demand or
travel time using probabilistic or ro-
bust optimization approaches [15].

Integrated and
Multi-Level Plan-
ning

• 2E-VRP (Two-Echelon
VRP)

• LRP (Location-
Routing Problem)

• IRP (Inventory-
Routing Problem)

• MPVRP (Multi-Period
VRP)

• MTVRP (Multi-Trip
VRP)

Two-tier distribution with depot-to-
satellite and satellite-to-customer rout-
ing [76], multi-level supply chain op-
timization integrating location, inven-
tory, and green routing [77]. Vehicles
performing multiple tours per day [78],
or multi-period planning [79].

The classification presented in Table 3.4 establishes the theoretical foundation for
understanding VRP variants. To complement this, Figure 3.17 provides a practical
decision-making framework that guides the selection of appropriate VRP formulations
based on problem-specific requirements and operational constraints.
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Figure 3.17: Decision framework for Vehicle Routing Problem variant selection based
on problem characteristics and constraints [15]

Figure 3.18 presents the distribution of VRP variant research during the study
period (2010-2020) based on Konstantakopoulos article [17], highlighting the relative
research attention given to different problem formulations.
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Figure 3.18: Overall percentage of each VRP variant during the study period (2010-
2020) [16]

3.2.3 Vehicle Routing Problem Variants
Building upon the foundational CVRP model, numerous variants have been developed
to address real-world complexities and operational requirements. In the following,
we present the extensions most relevant to our study.

Heterogeneous Fleet Vehicle Routing Problem (HFVRP)

The HFVRP is an extension of the classical CVRP where the fleet is composed of
vehicles with different capacities, fixed costs, and variable costs. The objective is
to minimize the total distribution cost while determining both the assignment of
customers to vehicles and the routing of those vehicles. Applications include freight
transport, postal distribution, and supply chains where fleets are composed of trucks
with heterogeneous features. [80]

Decision variable:

xijk =

1 if vehicle of type k travels directly from customer i to j,
0 otherwise.

Main constraint (vehicle capacity constraint):∑
v∈Ri

qv ≤ q̄t, ∀ routes Ri assigned to vehicle type t

where qv is the demand of customer v and q̄t is the maximum capacity of a vehicle
of type t.

This ensures that each vehicle route does not exceed its specific vehicle capacity.
[80]

Vehicle Routing Problem with Time Windows (VRPTW)

The Vehicle Routing Problem with Time Windows (VRPTW) extends the classical
VRP by introducing service time constraints for each customer. Applications include
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parcel delivery, home healthcare logistics, and transportation services under strict
scheduling constraints. [81]

Decision variable:

xijk =

1 if vehicle k travels directly from customer i to customer j,
0 otherwise.

Main constraint (service within time windows):

ei ≤ starti ≤ li, ∀i ∈ {1, 2, . . . , N}

This constraint ensures that service at each customer i starts within the predefined
time window [ei, li]. [81]

Split Delivery Vehicle Routing Problem (SDVRP)

The goal of the SDVRP is to design a set of vehicle routes to serve all customer
demands at minimum cost, allowing each customer to be visited more than once
(i.e., demands can be split among vehicles). Applications include waste collection,
newspaper distribution, and supply chain logistics. [82]

Decision variables:

xk
ij =

1 if vehicle k travels directly from node i to node j,
0 otherwise.

qik ≥ 0 quantity delivered to customer i by vehicle k.
Main constraint (demand satisfaction with split deliveries):

M∑
k=1

qik = di, ∀i ∈ N \ {0}

This constraint ensures that the demand of each customer i is fully satisfied, but it
may be split among multiple vehicles. [82]

Open Vehicle Routing Problem (OVRP)

The goal of the OVRP is to design a set of Hamiltonian paths (open routes) to serve
customer demand. Applications: delivery of school meals, school bus routing, the
home delivery of packages and newspapers trains, among others. [83]

Decision variable:

xij =

1 if the arc from node i to node j is used by a vehicle,
0 otherwise.

Main constraint (customer visit and route continuity):∑
i∈N\{j}

xij = 1, ∀j ∈ N \ {1}

This constraint ensures that each customer node is visited exactly once, while also
maintaining route continuity: if a vehicle enters a node, it must leave it.[84]
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3.2.4 Multi-Trip Vehicle Routing Problem (MTVRP)
The Multi-Trip Vehicle Routing Problem (MTVRP) is an extension of the
classical Vehicle Routing Problem (VRP), in which a single vehicle can perform
multiple successive tours within the same planning horizon. After completing a
tour and returning to the depot, the vehicle can depart again to serve additional
customers. This feature increases fleet utilization efficiency and helps reduce overall
transportation costs [85].

Decision Variable

xk,r
ij =

1 if vehicle k ∈ K directly travels from node i to node j during trip r ∈ R,
0 otherwise.

where i, j ∈ N denote the nodes (customers and depot).

Main Constraint (multi-trips)

Each customer i ∈ N \ {0} must be served exactly once by a vehicle, regardless of
the trip r ∈ R:

∑
k∈K

∑
r∈R

∑
j∈N

xk,r
ij = 1 ∀i ∈ N \ {0}

This constraint ensures that each customer is visited exactly once, even though
the same vehicle is allowed to perform multiple distinct trips.

3.3 Solution Approaches for VRP

3.3.1 Theoretical Complexity of VRP Variants
The classical Vehicle Routing Problem (VRP) is proven to be NP-hard [86]. The
complexity of the problem grows exponentially with the problem size, making exact
solutions computationally intractable for larger instances.

While exact approaches can solve small to medium-sized instances with optimality
guarantees, they suffer from exponential computational complexity as problem size
increases. Given this limitation, heuristic and metaheuristic methods have become
the predominant solution approach in practice.

These approximate methods sacrifice optimality guarantees in exchange for
computational tractability, enabling practitioners to obtain high-quality solutions for
large-scale problems within a reasonable time [11].

3.3.2 Exact vs. Approximate Methods for Solving VRP
Various solution strategies have been developed to cope with the complexity of the
problem. These approaches span a wide methodological spectrum, as illustrated in
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Figure 3.19, which summarizes the principal families of algorithms commonly used
to tackle the VRP and its extensions, adapted from Labadie et al. (2016) and Lin et
al. (2014).

Figure 3.19: Classification of algorithms for the VRP [17]

Exact Methods

Within the category of exact methods, several classical algorithms can be identified.
These include dynamic programming as well as the family of branch-and-X algorithms,
notably branch and bound, branch and cut, and branch and price, which were
developed within the field of operations research, and used for solving Integer Linear
Programming (ILP) and Mixed Integer Linear Programming problems (MILP) where
the problem is solved by subdividing it into simpler problems [11].

Dynamic programming: Dynamic programming is a method that relies on the
recursive decomposition of a problem into simpler subproblems. It is grounded in
Bellman’s principle of optimality, which states that “a subpolicy of an optimal policy
is itself optimal”. As a stage-wise optimization approach, it builds the solution
through a sequence of partial decisions. By systematically discarding partial decision
paths that cannot yield the optimal result, dynamic programming significantly
reduces the need for exhaustive enumeration of the entire search space. [11]
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Branch and Bound (B&B): The branch and bound algorithm relies on the
implicit enumeration of all feasible solutions to the given optimization problem. The
exploration process is represented through a dynamically constructed search tree,
where the root node corresponds to the original problem and its complete solution
space. Internal nodes denote subproblems, while leaf nodes represent potential
solutions. The efficiency of the method stems from the use of a bounding function,
which eliminates subtrees that cannot contain an optimal solution, thereby reducing
the search effort [11].

Branch and Cut (B&C): Branch and Cut is the extension of Branch and Bound
with cutting planes. Cutting plane approaches have been proposed in 1958 by Gomory
which consist in iteratively adding some specific constraints to the LP-relaxation of
the problem. providing tighter bounds by making the linear programming polytope
more closely approximate the convex hull of all feasible integer solutions [11].

Branch and Price (B&P): Branch and Price is the extension of Branch and
Bound with column generation. Column generation has been first applied by Gilmore
and Gomory which uses Dantzig-Wolfe decomposition to generate a decomposition
of the problem into master and subproblems. handling problems with a huge number
of variables [11].

Figure 3.20: Branch and Price Approach [11]

Figure 3.20 shows the two-way communication in column generation: dual
information flows down to guide the search for new variables, while promising new
columns flow up to improve the master solution. This iterative exchange continues
until optimality is reached.
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Figure 3.21: Evolution of Branch and X algorithms. [11]

These methods are powerful but often impractical for large-scale real-world
instances, motivating the use of heuristics and metaheuristics.

Heuristic Methods

Heuristics provide high-quality solutions at reasonable computational cost with good
generalization ability, making them popular among researchers and practitioners.
They have dominated vehicle routing literature, comprising over 80% of publications
between 2009 and 2013 [87]. Heuristics can be classified into three main categories:

Constructive heuristics: build routing solutions from scratch following fixed
empirical procedures.

Improvement heuristics: iteratively enhance existing solutions through local
search in neighborhoods. Though efficient at finding local optima, they can become
trapped in local optimal solutions, with final solution quality dependent on the
starting point [87].

Understanding Local Optima: A local optimum is a solution that is better than
all of its immediate neighbors but is not necessarily the best overall solution (i.e.,
the global optimum). In routing problems, this means the algorithm may settle on a
solution where no small change improves the result, even if a better solution exists
elsewhere in the solution space. This limitation motivates the use of metaheuristics,
which incorporate strategies to escape from local optima.

Figure 3.22: Example of a local and global optimum [18]
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Metaheuristic Methods

Differ from problem-specific heuristics by providing high-level algorithmic principles
that are less problem-dependent. Drawing inspiration from natural phenomena
or physical processes, they typically offer efficient performance with global search
capabilities, avoiding the local optima trap that limits improvement heuristics, but
there is no guarantee to find global optimal solutions [87].

Conclusion
In this chapter, we have established the fundamental theoretical framework for
the Vehicle Routing Problem and its variants, examining modeling structures,
computational complexities, and solution methodologies. We explored both exact
and approximate solution approaches, highlighting how exact methods like dynamic
programming and branch-and-bound guarantee optimal solutions, while heuristics
and metaheuristics offer computational efficiency at the cost of optimality.

These theoretical foundations will later support the development of an optimal
routing solution for fresh dairy distribution at Celia.
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Introduction
Forecasting customer demand is a fundamental component of data-driven decision-
making in logistics and supply chain management. Reliable forecasts support more
efficient planning and enable better allocation of resources such as transportation
capacity. To build effective predictive models, it is essential to first understand
the structure and behavior of the underlying data, and to apply appropriate
preprocessing techniques that enhance model performance and reliability.

This chapter presents a comprehensive workflow that begins with the analysis and
preparation of the dataset, followed by the development of forecasting models tailored
to the business objective. The first part focuses on data exploration, including the
identification of key patterns and statistical properties. Preprocessing techniques are
applied to clean, transform, and structure the data in a way that supports robust
modeling. The second part introduces the predictive modeling approach, describing
the methods used to generate forecasts and evaluate their accuracy.

4.1 Dataset Description
The dataset used in this study consists of customer order records collected between
January 2, 2020 and March 19, 2025, spanning a total of 7,833 daily non-zero
entries. Each record is defined by three fields: the order date, the city (customer
location), and the order quantity in pallets. The dataset includes a total of 37
distinct cities, each representing a different delivery destination.
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Dataset Overview
Dimensions: (7,833, 3)
Columns:
date datetime64[ns]
city object
orders float64

(a) Dataset structure and column
types

Date Range of Non-Zero Or-
ders
Start: January 2, 2020
End: March 19, 2025

(b) Time span of available order data

Number of Unique Cities: 37
Cities:
Blida, Constantine, El-Taref, Alger, Batna, Bordj-Bou-Arreridj,
Jijel, Tebessa, Ouargla, Tizi-Ouzou, Oran, Relizane, Tiaret, El-
Oued, Setif, Sidi-Bel-Abbes, Skikda, Djelfa, Ghardaia, Guelma,
Bouira, Tipaza, Chlef, Boumerdes, Tamanrasset, Annaba, Mascara,
Biskra, M'Sila, Mostaganem, Bejaia, Medea, Tlemcen, Tindouf,
Touggourt, Ain-Temouchent, Bechar

(c) List of delivery destinations (cities)

Figure 4.23: Initial overview of the dataset: structure, temporal coverage, and cites.

To ensure meaningful analysis, we first assess the quality and statistical charac-
teristics of the data.

4.2 Exploratory Data Analysis (EDA)
This section aims to explore the key characteristics of the dataset in order to gain
preliminary insights into the temporal and spatial patterns of customer orders.

4.2.1 Data Quality Assessment
We first examined the dataset for missing or invalid values. We found that it contains
no missing values across its three key columns: date, city, and order quantity.
This confirms the dataset is complete and suitable for further statistical and visual
analysis.

Table 4.5: Missing Values per Column

Column Missing Values Data Type

date 0 datetime64[ns]
city 0 object
orders 0 float64
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4.2.2 Descriptive Statistics of Order Quantities
The Table 4.6 presents the key descriptive statistics for the orders variable.

Table 4.6: Summary Statistics for Non-Zero Order Quantities

Count Mean Std Min 25% Median 75% Max

7,833 11.25 12.05 0.004 5.00 8.37 13.83 98.390000

This wide range reflects a high variability in demand, from very small to excep-
tionally large orders, suggesting that both routine and peak logistics scenarios must
be considered in the planning process.

4.2.3 Distribution of Order Quantities
To better understand the magnitude and frequency of order sizes, we analyzed their
distribution. Figure 4.24 displays a histogram with a Kernel Density Estimation
(KDE) overlay. The data reveals a distinctly right-skewed distribution, with the
majority of orders concentrated between 1 and 15 pallets. The highest frequency
occurs around 6 to 8 pallets, indicating that small to medium-sized orders are the
most common. As the number of pallets in an order increases, such large orders
become much less common. Orders with more than 40 pallets are quite rare, and
those exceeding 60 pallets are exceptional.

Figure 4.24: Distribution of Non-Zero Order Quantities

While visual inspection already suggests a skewed distribution, a formal goodness-
of-fit analysis was performed to determine which theoretical probability distribution
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best matches the observed order data. Several candidate distributions were fitted
using Maximum Likelihood Estimation (MLE) (R. A. Fisher,1922). to
estimate their parameters such as mean, standard deviation, shape, and scale by
maximizing the likelihood of observing the actual data under each distribution.

To evaluate the performance of each fitted model, we used two model selection
criteria that balance fit quality and model complexity:

• Akaike Information Criterion (AIC)(H. Akaike, 1974):

AIC = 2k − 2 ln(L) (4.27)

where k is the number of model parameters, and L is the maximized likeli-
hood. A lower AIC indicates a better trade-off between model complexity and
goodness-of-fit.

• Bayesian Information Criterion (BIC)(G. Schwarz,1978):

BIC = k ln(n)− 2 ln(L) (4.28)

where n is the number of observations. BIC penalizes complexity more than
AIC and also favors models with lower values.

The results, summarized in Table 4.7, show that the log-normal distribution
provided the best fit, achieving the lowest AIC and BIC scores. This confirms
the presence of a heavy-tailed, positively skewed distribution, consistent with the
observed concentration of small orders and occasional large peaks.

Table 4.7: Comparison of Distribution Fits Based on Log-Likelihood, AIC, and BIC

Distribution Log-Likelihood AIC BIC

Log-Normal -26 319.23 52 644.46 52 665.36
Weibull -26 421.20 52 848.39 52 869.29
Exponential -26 607.20 53 218.41 53 232.34
Gumbel -26 867.74 53 739.48 53 753.41
Normal -29 265.52 58 535.04 58 548.97
Gamma -59 115.47 118 236.94 118 257.84

4.2.4 Outliers Detection
Boxplot Analysis of Daily Order Volumes Figure 4.25 presents a boxplot of
daily order volumes (in pallets). The median is around 42 pallets, and 50% of the
values fall between 35 and 50 pallets, showing stable daily demand. Some outliers
exceed 100 pallets, indicating occasional peaks. Overall, daily volumes are more
consistent than individual orders.
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Figure 4.25: Boxplot of daily order volumes highlighting outliers.

While daily aggregates reveal operational patterns, analyzing individual order
distributions provides deeper insights into customer behavior and logistics planning
requirements. Figure 4.26 shows order volume distributions for the top 10 customers
by total volume, representing the most significant contributors to logistics opera-
tions. The analysis reveals considerable variation in individual order patterns, with
customers like Alger showing both high-volume orders and significant outliers that
require special handling considerations.

Figure 4.26: Order volume distribution for top 10 customers using boxplot

The IQR Method Analysis To validate the presence of outliers visually observed
in the boxplot, we applied the Interquartile Range (IQR) method (John W.
Tukey, 1977).

The IQR is a statistical measure that represents the range between the first
quartile (Q1) and the third quartile (Q3) of a dataset:

IQR = Q3−Q1
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In our dataset:

• Q1 = 5.0 pallets

• Q3 = 13.82 pallets

• IQR = 13.82− 5.0 = 8.82 pallets

According to the IQR method, any value above the upper bound:

Upper Bound = Q3 + 1.5× IQR = 13.82 + (1.5× 8.82) = 27.05

is considered an outlier. Therefore, any order exceeding 27.05 pallets is identified
as an outlier in this dataset.

A total of 469 order-level outliers were identified representing approximately
6% of all individual orders. While statistically extreme, these high-volume requests
are operationally significant. Table 4.8 lists the five most extreme order volumes,
all of which significantly exceed the IQR-based upper bound.

Table 4.8: Top 5 Order-Level Outliers Detected Using IQR

Date City Order Volume × Threshold

2023-07-31 Alger 98.39 3.64×
2022-04-02 Alger 93.75 3.47×
2023-01-31 M’Sila 91.63 3.39×
2022-04-30 Alger 89.98 3.33×
2025-02-07 Alger 88.95 3.29×

The presence of a highly skewed distribution and extreme values highlights the
need for deeper investigation before applying predictive models.

As a next step, we examine how demand varies across cities and over time to
uncover spatial and temporal patterns that may inform both preprocessing and
model design.

4.2.5 Order Volume by City
A detailed aggregation of the data reveals that certain cities contribute significantly
more to overall demand. Alger leads with over 23,000 pallets across 1,259 active
days, followed by Ouargla, Setif, and Sidi-Bel-Abbès. These cities not only show
high total volumes but also consistent ordering activity. Table 4.9 summarizes the
top 10 cities by total order volume, along with descriptive statistics such as mean,
standard deviation, and range.
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Table 4.9: Top 10 Cities by Total Order Volume (Pallets)

City Count Mean Std Min Max Sum

Alger 1259 18.51 19.83 0.06 98.39 23300.89
Ouargla 444 17.72 14.34 0.03 65.55 7868.64
Setif 439 15.01 16.56 0.03 58.90 6589.11
Sidi-Bel-Abbes 474 12.90 8.66 0.01 52.15 6115.61
Blida 580 9.08 11.10 0.01 62.29 5267.21
Tizi-Ouzou 472 10.46 6.15 0.05 49.39 4935.15
Oran 453 9.98 7.01 0.16 39.68 4522.89
Batna 454 9.90 6.08 0.10 51.41 4493.35
Constantine 382 9.88 7.21 0.01 67.86 3772.64
Skikda 359 9.33 7.19 0.01 51.05 3350.53

To visualize the distribution of demand, bar plots were generated showing the
top cities by total volume and average order size.

Figure 4.27: Top 10 cities by total order volume (in pallets).

4.2.6 Temporal Patterns and Demand Trends
Understanding how customer demand evolves over time is essential for effective
forecasting and logistics planning. This section explores the temporal dynamics of
order volumes by analyzing daily, monthly, and yearly trends.

Yearly Demand Evolution

Figure 4.28 presents the total order volume per year from 2020 to 2025. A clear
upward trend is observed between 2020 and 2022, followed by sustained high volumes
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in 2023 and 2024. The apparent drop in 2025 is due to data availability being limited
to mid-March, not an actual decline in demand.

Figure 4.28: Total order volume per year.

Monthly Seasonality

Figure 4.29 displays the average monthly order volumes. While relatively stable across
the year, slightly higher volumes are noted in January, November, and December.
April records the lowest average, hinting at a potential seasonal slowdown. Overall,
the demand profile remains consistent, with moderate seasonal effects.

Figure 4.29: Average monthly order volume (seasonal patterns).

Weekly Demand Patterns

As shown in Figure 4.30, average daily orders remain relatively stable throughout
the week. Thursday records the highest average volume, while Wednesday shows the
lowest. These variations are minor, suggesting no strong weekday-specific demand
trends.
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Figure 4.30: Average daily order volume by weekday.

Having established a general understanding of spatial and temporal demand patterns,
we now focus on modeling the underlying time series behavior of daily order volumes.
This analysis will assess the presence of trends, seasonality, and stationarity; key
components that guide the selection of appropriate forecasting techniques.

4.2.7 Preprocessing for Time Series Consistency
The time series analysis requires a complete and continuous temporal index. However,
in the original dataset, only days with non-zero orders were recorded,leading to
implicit gaps that could distort trend and seasonal pattern detection. To address
this, we reindexed the data to span the full date range from January 2, 2020 to
March 19, 2025, and explicitly assigned a value of zero to dates without recorded
orders.

4.2.8 Sparsity of Demand and Zero-Dominated Behavior
Following the reindexing step to ensure a continuous daily timeline, we analyzed
the frequency of days with zero orders. This analysis revealed a substantial sparsity
in the dataset: 88.88% of all days recorded no orders. Such a high proportion of
zero-order days significantly impacts forecasting accuracy and requires specialized
modeling approaches. This level of sparsity is typical in logistics where customers
order irregularly rather than daily, which requires careful consideration in model
design.
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Figure 4.31: Distribution of Daily Order Quantities (Including Zeros)

As shown in Figure 4.31,these results provide strong evidence that the order
behavior is highly irregular and dominated by inactivity periods.

4.2.9 Analysis of Zero-Order Patterns by City
After establishing that approximately 88% of the observations in the dataset represent
days with zero customer orders, it is crucial to investigate the origin of this sparsity.
Specifically, we aim to detect potential heterogeneity in the activity levels of different
cities. Identifying cities with consistently active demand patterns versus those with
mostly inactive periods can inform decisions on customer segmentation and modeling
strategies.

To this end, we computed the percentage of days with zero orders (%) for each
city. Tables 4.10 and 4.11 present the results, based on the proportion of days with
no recorded demand.

Table 4.10: Top 5 Cities with the Lowest Percentage of Zero Orders (Most Active)

City Zero Orders (%)

Alger 33.88%
Blida 69.54%
Sidi-Bel-Abbes 75.11%
Tizi-Ouzou 75.21%
Batna 76.16%
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Table 4.11: Top 5 Cities with the Highest Percentage of Zero Orders (Least Active)

City Zero Orders (%)

Tindouf 99.95%
Relizane 99.89%
Touggourt 99.89%
Boumerdes 99.68%
Bechar 99.42%

The results highlight a significant disparity between cities: while a city like
Alger shows relatively consistent activity with only ~34% zero-order days, others like
Tindouf and Relizane show nearly ~100% inactivity. This analysis confirms the
heterogeneity in the dataset and motivates a deeper understanding of their ordering
behavior.

4.2.10 Customer Segmentation Based on Ordering Patterns
Given the high sparsity observed in the dataset, it is essential to distinguish between
customers with regular ordering behavior and those with irregular or minimal
activity. Some customers contribute substantially to demand, while others place
orders infrequently or have long periods of inactivity.

To better characterize this heterogeneity and reduce the noise in modeling, a
rule-based segmentation approach was adopted using key operational indicators such
as:

• Recency of Orders: Days since the last recorded order.

• Total Orders: Cumulative number of orders over the observation period.

• Order Frequency: Average monthly and weekly ordering rates.

• First and Last Order Dates: Indicators of customer lifespan and engage-
ment.

After analyzing the order behavior of each customer across several behavioral
indicators, two principal categories were identified using this relative approach:

• Active Customers: Cities that show recent and relatively consistent ordering
behavior over time, with a significant contribution to total demand when
compared to others.

• Rare Customers: Cities with irregular, infrequent, or outdated ordering
patterns, introducing volatility into the overall demand signal.
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4.2.11 Segmentation Results
Out of the 37 cities (customers) analyzed, 24 were classified as Active and 13 as
Rare, based on their ordering behavior. Table 4.12 summarizes the classification.

Table 4.12: Customer Segmentation Summary

Category Number of Customers

Active 24
Rare 13

4.2.12 Visualizing Customer Ordering Behavior
To visually support the segmentation, we plotted key behavioral features: total
orders, recency, average weekly frequency, and monthly frequency. The pairplot in
Figure 4.32 clearly distinguishes the two segments.

Active customers (in red) tend to cluster around lower recency and higher
frequency values, while Rare customers (in yellow) are more dispersed, often concen-
trated in areas representing lower activity.

Figure 4.32: Pairplot of ordering behavior variables by customer category.

4.2.13 Zero-Order Day Analysis by Segment
A key differentiator between the two segments is the proportion of days with no
orders:

• Active Customers: 83.96% of days are zero-order days.

• Rare Customers: 97.98% of days are zero-order days.

Despite both segments showing sparsity, Active customers exhibit significantly
more consistent ordering behavior, contributing to the overall demand signal. In
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contrast, Rare customers generate demand in an infrequent and volatile manner,
which justifies their separation for modeling purposes.

Time Series Decomposition

To better understand the temporal structure of active customer demand, we performed
time series decomposition analysis. Figure 4.33 presents the decomposition of the daily
order time series for active customers from 2020 to 2025. The decomposition separates
the original time series into three fundamental components: trend, seasonality, and
residuals. This analysis helps to better understand the underlying structure of
customer ordering behavior.

• Original Data (Top Panel): The raw daily order data shows a clear upward
trajectory over time. Order volumes were relatively low during 2020–2021
but steadily increased, with frequent spikes reaching over 200 daily orders by
2024–2025. The pattern becomes increasingly volatile in recent years, indicating
growing variability in customer activity.

• Trend Component (Second Panel): The trend component highlights a
consistent long-term increase in order volume. The average daily orders rise
from around 20–30 in early 2020 to over 80–100 by 2025. This reflects a strong
growth trajectory, especially accelerating from 2022 onward.

• Seasonal Component (Third Panel): The seasonal component reveals
regular, repeating fluctuations tied to weekly or monthly ordering cycles. The
amplitude of seasonality remains relatively stable throughout most of the
period (2020-2023), with some evidence of slightly increasing seasonal variation
in recent years (2024-2025), indicating largely predictable customer ordering
behavior with potentially strengthening seasonal effects.

• Residual Component (Bottom Panel): The residuals capture the ran-
dom variation in the data after accounting for trend and seasonality. These
become more volatile from 2023 onward, suggesting the influence of additional
unpredictable factors or changes in customer behavior not captured by the
model.

Overall, the decomposition indicates strong and sustained growth, along with
stable seasonal patterns. However, the increasing variability in the residuals in recent
periods may reflect growing uncertainty or external influences.
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Figure 4.33: Time series decomposition of daily orders from active customers
(2020–2025).

4.2.14 Stationarity Analysis
To assess the stationarity of the daily order time series for active customers, two
complementary statistical tests were applied: the Augmented Dickey–Fuller (ADF)
test and the KPSS (Kwiatkowski–Phillips–Schmidt–Shin) test. These tests were
performed both on the original series and after applying a first-order differencing
transformation.

Table 4.13: Summary of Stationarity Test Results (Before and After Differencing)

Test Series Test Statistic p-value Decision Conclusion

ADF Original −4.0387 0.0012 Reject H0 Stationary
KPSS Original 8.3115 ≤ 0.01 Reject H0 Non-stationary
ADF Differenced −14.3236 0.0000 Reject H0 Stationary
KPSS Differenced 0.0163 ≥ 0.10 Fail to reject H0 Stationary

Interpretation: The results from the original series are conflicting: the ADF
test suggests stationarity, while the KPSS test indicates non-stationarity. This
discrepancy is often symptomatic of a trend-stationary process, where the time
series becomes stationary after removing a deterministic trend. After applying
first-order differencing, both tests converge in their assessment, confirming that the
differenced series is stationary. Thus, differencing may lose important real-world
information, so models that naturally handle non-stationary data are often preferred
in practice.
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4.3 Demand Pattern Classification Analysis
The demand pattern classification was conducted using the Average Demand Interval
(ADI) and Squared Coefficient of Variation (CV²) methodology across 24 selected
customers over a 1,904-day observation period (2020-2025).

Cities were classified using established thresholds (ADI = 1.32, CV² = 0.49)
into four categories: Smooth (frequent, low variability), Erratic (frequent, high
variability), Intermittent (infrequent, low variability), and Lumpy (infrequent, high
variability).

4.3.1 Results

Table 4.14: Demand Pattern Classification Results by City

City ADI CV² Pattern Non-Zero Days
Alger 1.51 0.69 Lumpy 1,259
Batna 4.19 0.38 Intermittent 454
Biskra 23.22 0.41 Intermittent 82
Blida 3.28 1.06 Lumpy 580
Bordj-Bou-Arreridj 9.92 0.36 Intermittent 192
Bouira 7.77 0.28 Intermittent 245
Chlef 5.99 0.40 Intermittent 318
Constantine 4.98 0.53 Lumpy 382
El-Oued 20.92 0.60 Lumpy 91
Guelma 8.50 0.34 Intermittent 224
Jijel 18.67 0.11 Intermittent 102
M’Sila 20.04 0.81 Lumpy 95
Mascara 24.41 0.29 Intermittent 78
Medea 36.62 0.48 Intermittent 52
Mostaganem 17.15 0.48 Intermittent 111
Oran 4.20 0.49 Lumpy 453
Ouargla 4.29 0.61 Lumpy 444
Setif 4.34 0.87 Lumpy 439
Sidi-Bel-Abbes 4.02 0.45 Intermittent 474
Skikda 5.30 0.59 Lumpy 359
Tebessa 8.98 0.27 Intermittent 212
Tiaret 18.67 0.25 Intermittent 102
Tizi-Ouzou 4.03 0.35 Intermittent 472
Tlemcen 17.15 0.32 Intermittent 111

4.3.2 Key Findings
The analysis reveals a binary classification outcome with no cities exhibiting Smooth
or Erratic patterns:

Intermittent Pattern Cities (n=15): Characterized by infrequent but relatively
predictable demand (mean ADI=13.95, mean CV²=0.35). These cities demonstrate
sporadic ordering patterns with low variability when orders occur, suggesting planned
procurement behaviors.

Lumpy Pattern Cities (n=9): Display infrequent and highly variable demand
(mean ADI=7.65, mean CV²=0.70). Despite lower average ADI values, these cities
exhibit significant demand volatility, accounting for 66.1% of total order volume
(54,669 orders).

66



Chapter 4: Exploratory Data Analysis and Forecasting Model Implementation

Figure 4.34: Demand Pattern Classification Analysis

Table 4.15: Pattern Distribution Summary

Pattern Count Percentage Characteristics
Intermittent 15 62.5% Infrequent, predictable
Lumpy 9 37.5% Infrequent, highly variable
Smooth 0 0.0% Frequent, predictable
Erratic 0 0.0% Frequent, highly variable

4.3.3 Implications
The absence of frequent demand patterns (Smooth/Erratic) across all cities indicates
predominantly intermittent ordering behaviors. Lumpy cities generate 66.1% of total
orders while comprising only 37.5% of all cities.

4.4 Forecasting Models and Results
This section presents the implementation and evaluation of forecasting models used
to predict daily order volumes at the city level. All models were implemented
in Python, which provides a wide range of libraries for time series analysis and
machine learning. To ensure a comprehensive and balanced benchmarking process,
both classical time series models and modern machine learning techniques were
considered.

4.5 Benchmark Model: Croston’s Method
As a specialized approach for handling intermittent demand, Croston’s method was
adopted as a baseline model.
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4.5.1 Implementation Steps
The implementation follows the Croston method detailed in Algorithm 1, adapted
for our 24 customer dataset with 30-day forecast horizons.

The logic is encapsulated in a custom CrostonMethod class, which processes each
city’s daily time series and returns a vector of predicted demand. For cities with no
non-zero demand, the model outputs zero forecasts.

Forecast Evaluation Window: Forecasts are assessed on the last 30 days of the
dataset to simulate operational usage and measure predictive accuracy. The cutoff
point for the train/test split is fixed at February 17, 2025.

4.5.2 Croston Method Results and Analysis

Performance Summary

Table 4.16 presents the performance metrics for Croston’s method across all 24
cities, ranked by RMSE performance. The analysis reveals significant variation in
forecasting accuracy across different customer segments.

Table 4.16: Croston Method Performance Metrics by City (Ranked by RMSE)

City RMSE MAE

Best Performing Cities

Medea 1.22 0.33
Mascara 1.59 0.74
Tebessa 1.77 0.88
El-Oued 1.88 0.62
Chlef 1.99 1.39
Tiaret 2.45 1.12
Bordj-Bou-Arreridj 2.78 1.45
Mostaganem 3.15 1.89
Jijel 3.42 2.01
Guelma 3.67 2.15

Worst Performing Cities

Blida 11.09 6.98
Ouargla 13.38 7.35
Oran 16.70 12.04
Alger 17.31 14.77
Tizi-Ouzou 39.17 33.98

Key Performance Insights

The results reveal several critical patterns in Croston’s method performance:

Overall Performance The cities exhibit a clear three-tier performance structure:

• High performers (RMSE < 4.0): Primarily smaller cities with sparse, pre-
dictable demand patterns
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• Medium performers (RMSE 4.0-7.0): Mid-sized cities with moderate demand
variability

• Poor performers (RMSE > 10.0): Major cities with high-volume, volatile
demand

Demand Volume vs. Accuracy The negative correlation between city size and
forecasting accuracy is evident. High-volume cities (Alger, Oran, Ouargla) show the
worst performance, with RMSE values exceeding 13.0, while sparse-demand cities
(Medea, Mascara) achieve RMSE below 2.0.

Model Limitations R²=-0.095 reveals a fundamental limitation: The negative
,Croston’s method fails to explain any meaningful variation in the demand data.
This occurs because the model cannot capture the patterns and demand volatility
present in the dataset. The exponential smoothing of demand sizes and intervals
produces overly flat forecasts that systematically underestimate the actual variance
in customer ordering behavior.

Forecast Accuracy Analysis

Figure 4.35 illustrates Croston’s performance across three representative cities with
different demand characteristics.

Figure 4.35: Croston method forecasts vs. actual demand for representative cities
with varying demand patterns

The visual analysis confirms the quantitative findings:

• Alger: High forecast errors due to inability to capture demand spikes

• Mascara: Moderate performance with consistent under-forecasting

• Mascara: Best relative performance due to low demand occurrence
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Method Assessment

Croston’s method demonstrates limited effectiveness for this dataset, with an overall
MAE of 4.35 and mean RMSE of 6.40. The method’s core assumptions of stable
demand sizes and intervals are violated by the highly irregular, spike-prone de-
mand patterns observed across most cities. The conservative smoothing approach
consistently under-estimates demand volatility, particularly problematic for the
high-volume customers that drive business performance.

These limitations motivate the need for exploring other forecasting approaches
capable of handling complex intermittent demand patterns.

4.6 TSB Method (Teunter–Syntetos–Babai)
The TSB method was implemented as a more refined solution for intermittent demand
forecasting. Unlike Croston, the TSB method directly models the probability of
demand occurrence alongside demand size.

4.6.1 Implementaion steps:
The implementation follows the TSB method detailed in Algorithm 15, adapted for
our 24 customer dataset with 30-day forecast horizons.

Parameter Tuning: To enhance the TSB model’s responsiveness to varying
demand behaviors, we conducted a grid search over a range of smoothing parameters
α (for demand size) and β (for demand probability). Specifically, we tested the
following combinations:

α, β ∈ {0.05, 0.10, 0.15, 0.20}

For each (α, β) pair, the TSB model was re-run across all cities with a fixed
forecast horizon of 30 days. Performance was evaluated using the Mean Absolute
Scaled Error (MASE) and the absolute value of the forecast Bias. To select the best
configuration, we defined a composite score:

Combined Score = MASE + |Bias|
10

This formulation prioritizes forecast accuracy while penalizing systematic under-
or overestimation. After evaluating all parameter combinations, the optimal setting
was identified as:

α = 0.15, β = 0.05

This configuration yielded the lowest combined error across all cities, striking a
balance between stability and adaptability in demand modeling.
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4.6.2 TSB Method Results and Analysis

Performance Summary

Table 4.17 presents the performance metrics for the TSB method across all 24
cities, using optimal parameters α = 0.15 and β = 0.05. The TSB method shows
marginal improvements over Croston’s approach while maintaining similar limitations
in handling intermittent demand patterns.

Table 4.17: TSB Method Performance Metrics by City (�=0.15, �=0.05)

City RMSE MAE

Best Performing Cities

Medea 1.20 0.48
Mascara 1.55 0.82
Tebessa 1.75 0.94
El-Oued 1.90 0.56
Chlef 2.01 1.38
Tiaret 2.15 1.02
Bordj-Bou-Arreridj 2.34 1.25
Mostaganem 2.67 1.55
Jijel 2.89 1.78
Guelma 3.12 1.89

Worst Performing Cities

Blida 11.10 6.98
Ouargla 13.34 7.38
Oran 16.29 11.85
Alger 18.01 15.92
Tizi-Ouzou 42.32 21.03

Method Comparison and Performance Analysis

Table 4.18 presents a direct comparison between Croston’s method and the TSB ap-
proach, highlighting the marginal improvements achieved through separate modeling
of demand probability.

Table 4.18: Performance Comparison: Croston vs. TSB Methods

Metric Croston TSB Improvement (%)

RMSE 6.397 6.526 -2.0
MAE 4.350 3.879 +10.8
R² -0.095 -0.094 +1.4

Key Performance Insights

The TSB method demonstrates mixed results compared to Croston’s approach:

Modest Improvements in Accuracy The TSB method achieves a notable 10.8%
improvement in MAE, reducing the average absolute error from 4.35 to 3.88 pallets.
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Persistent Fundamental Limitations Despite theoretical advantages, TSB
exhibits similar structural problems as Croston’s method:

• Negative R² values (mean = -0.094) indicate continued inability to explain
demand variation

• RMSE deterioration of 2.0% suggests increased sensitivity to extreme values

• Overall Performance remains unchanged, with the same cities dominating
best and worst performer categories

Component Analysis Insights Figure 4.36 illustrates TSB’s forecast behavior
across representative cities, revealing the method’s conservative forecasting tendency
through flat, constant predictions that fail to capture demand volatility.

Figure 4.36: TSB method forecasts vs. actual demand

The visual analysis confirms quantitative findings:

• Alger: Severe under-forecasting with constant 18.0 pallet prediction failing to
capture 60+ pallet spikes

• Mascara: Reasonable performance due to low demand variability, though still
missing demand timing

• Medea: minimal forecast error due to consistently low demand levels but still
lacks the ability to predict demand occurrence

The results shown highlight the limitations of traditional intermittent demand
forecasting methods for this dataset. While the separate modeling of demand size
and probability provides theoretical advantages, the fundamental assumption of stable
parameters remains violated by the highly irregular demand patterns observed.
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4.7 Towards Advanced Forecasting: Ensemble
Learning models

While traditional intermittent demand forecasting methods like Croston and TSB
provide interpretable baselines, they rely on simplified assumptions and often fall
short in capturing complex demand dynamics across diverse customer segments.
To address this, we transition to a more data-driven, adaptive framework that
incorporates ensemble learning techniques.

4.7.1 Statistical Predictability Assessment of Demand Com-
ponents

To determine the optimal forecasting strategy, we decomposed the intermittent
demand problem into its constituent components and conducted formal statistical
tests to assess their predictability characteristics.

For each city c, we extracted temporal gaps between consecutive positive demand
events and analyzed positive demand values separately. We applied three key
statistical measures: Coefficient of Variation (CV), lag-1 autocorrelation, and the
Ljung-Box test for temporal dependence.

Statistical Results

The analysis encompassed 11,780 observations across 24 cities. Table 4.19 summarizes
the comparative results.

Table 4.19: Predictability Assessment Results by Component

Statistical Measure Gaps Positive Demand

Mean Coefficient of Variation 1.36 0.65
Cities with favorable CV 62.5% 100.0%
Mean Lag-1 Autocorrelation 0.04 0.17
Cities with meaningful patterns 37.5% 70.8%
Ljung-Box test (temporal structure) 45.8% 66.7%
Mean Ljung-Box p-value 0.365 0.157

Methodological Decision

The statistical evidence reveals contrasting predictability characteristics between
demand components. Gap sequences exhibit high variability (mean CV = 1.36) with
negligible temporal structure (autocorrelation = 0.04) and no significant patterns
(p-value = 0.365). In contrast, positive demand shows reasonable predictability with
lower variability (CV = 0.65), meaningful temporal patterns in 70.8% of cities, and
moderate autocorrelation (0.17).
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These results indicate that gaps are largely unpredictable random events, while
positive demand contains sufficient structure for forecasting. Consequently, we focus
exclusively on positive demand forecasting, transforming the sparse intermittent
demand problem into a dense regression task suitable for gradient boosting methods.

4.7.2 Feature Engineering for Positive Demand Prediction
We engineered features specifically for positive demand forecasting. All lag-based
features were properly shifted to prevent data leakage.

Table 4.20: Engineered Features for Demand Forecasting

Category Features Purpose
Lag Features demand_lag1, demand_lag2 Capture autoregressive pat-

terns
Rolling Statistics 7-day mean, 14-day max Smooth volatility and iden-

tify peaks
Temporal Features Month, day_of_week, quarter Capture seasonal patterns
Customer Features City encoding Account for customer hetero-

geneity

4.7.3 XGBoost Implementation:
We employed an XGBoost regression model 13 trained on positive demand ob-
servations from all 24 cities. The model predicts city-level demand ŷc,t using lag
features {yc,t−1, yc,t−2}, rolling statistics, and temporal variables. This single-model
architecture learns cross-city patterns through shared parameters while maintain-
ing city-specific predictions. The implementation followed an object-oriented
approach with standard preprocessing including feature engineering for tempo-
ral patterns and label encoding of the categorical variable (city) to enable the
algorithm to capture city-level demand variability.

Data Splitting Strategy

Conventional random splits were avoided to preserve temporal dependencies and
prevent information leakage. A chronological split was applied, allocating observa-
tions from January 8, 2020 to May 16, 2024 for training (80% of data) and May 19,
2024 to March 19, 2025 for testing (20% of data). This split ensures that all training
data precedes test data temporally.

Model Training and Hyperparameters

The XGBoost model was trained using comprehensive hyperparameter optimization
to balance model complexity, accuracy, and overfitting control. Table 4.21 presents
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the parameter search space, followed by detailed explanations of each parameter’s
role.

Table 4.21: XGBoost Hyperparameter Search Space

Category Parameter Search Values

Tree Structure
max_depth {3, 5, 7, 9}
min_child_weight {1, 3, 5}
gamma {0, 0.1, 0.2}

Learning learning_rate {0.01, 0.05, 0.1, 0.2}

Sampling

subsample {0.6, 0.8, 1.0}
colsample_bytree {0.6, 0.8, 1.0}
colsample_bylevel {0.6, 0.8, 1.0}
colsample_bynode {0.6, 0.8, 1.0}

Regularization reg_alpha (L1) {0, 0.01, 0.1}
reg_lambda (L2) {1, 2, 3}

Tree Structure Parameters:

• Number of Trees (n_estimators): Fixed to 1000. It controls the ensemble
size. Higher values generally improve performance but risk overfitting. Early
stopping was employed to terminate training when validation error stopped
improving after 50 rounds.

• Learning Rate: Set between 0.01 and 0.2 to control the step size at each
iteration. Smaller values make the model learn more carefully from each tree,
helping avoid overfitting and improving generalization.

• Maximum Depth (max_depth): Controls the maximum depth of trees,
restricted to values between 3 and 9 to prevent trees from becoming too deep,
which would cause excessive partitioning of the data and high variance.

• Minimum Child Weight (min_child_weight): Defines the minimum sum
of instance weight needed in a child. Values {1, 3, 5} were tested to control
when tree splitting stops, preventing overfitting to noise.

• Gamma: Specifies the minimum loss reduction required for further partitioning.
Tested values {0, 0.1, 0.2} provide additional complexity control.
Sampling Parameters: Multiple sampling parameters introduce stochasticity
to reduce tree correlation and improve generalization:

– Subsample: Controls row sampling ratio, meaning each tree trains on
60% to 100% of available instances. This reduces overfitting by introducing
randomness in training data selection.
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– Feature Sampling: Three variants control feature selection at different
stages:

∗ colsample_bytree: Fraction of features per tree (0.6–1.0)
∗ colsample_bylevel: Fraction of features per tree level (0.6–1.0)
∗ colsample_bynode: Fraction of features per node split (0.6–1.0)

Regularization Terms: L1 penalty (reg_alpha) tested in {0, 0.01, 0.1}
pushes small weights to zero for feature selection, while L2 penalty
(reg_lambda) in {1, 2, 3} smooths predictions by penalizing large weights.
Random Search: In our implementation, we conducted 25 random trials
using Root Mean Square Error (RMSE) as the evaluation metric, allowing
random search to efficiently explore the important parameter subspaces while
avoiding wasted evaluations on irrelevant parameter combinations.
Optimal Configuration: The best hyperparameters found were:

– subsample: 1.0
– reg_lambda: 3
– reg_alpha: 0.01
– min_child_weight: 3
– max_depth: 5
– learning_rate: 0.01
– gamma: 0.2
– colsample_bytree: 0.8
– colsample_bynode: 1.0
– colsample_bylevel: 0.8
– Optimal n_estimators (via early stopping): 708

Model Evaluation and Performance Assessment

To assess the effectiveness of our demand forecasting model, we employed standard
regression performance metrics. The model achieved the following results on the test
dataset:

• R² = 0.8739: The model explains 87.39% of the variance in positive demand
values, indicating strong predictive capability.

• RMSE = 2.89: Root Mean Square Error of 2.89 units demonstrates reasonable
prediction accuracy relative to the demand range.

• MAE = 1.66: Mean Absolute Error of 1.66 units shows typical prediction
errors are within acceptable bounds for business planning.
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• MAPE = 38%: The Mean Absolute Percentage Error demonstrates that
forecast deviations average 38% relative to observed demand values, indicating
moderate prediction accuracy.

Visual validation through actual versus predicted plots for representative cities
(Alger, Tlemcen, Mascara) confirms the model’s ability to capture both trend
directions and magnitude patterns, though with expected slight underestimation of
extreme demand peaks.

Figure 4.37: XGBoost Demand Prediction Results for Three Representative Cities

Table 4.22: XGBoost Method Performance Metrics by City

City RMSE MAE

Best Performing Cities

Medea 0.408 0.339
Tebessa 0.436 0.325
Jijel 0.439 0.310
Guelma 0.454 0.327
Sidi-Bel-Abbes 0.455 0.335
Tiaret 0.455 0.369
Tlemcen 0.523 0.361
Mascara 0.525 0.357
Chlef 0.550 0.371
M’Sila 0.566 0.438

Worst Performing Cities

Setif 1.651 0.992
Alger 2.609 1.852
Oran 2.814 1.670
Ouargla 2.944 1.498
Tizi-Ouzou 4.259 3.048
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XGBoost Performance

The XGBoost model demonstrates substantial improvements over traditional
intermittent demand forecasting methods, achieving good accuracy across all per-
formance metrics and city categories. Table 4.23 compares the three forecasting
approaches. Note that while Croston and TSB predict over the complete intermittent
time series (including zero-demand periods), XGBoost focuses specifically on positive
demand forecasting, representing a methodologically distinct but practically valuable
problem formulation.

Table 4.23: Method Performance Comparison: XGBoost vs. Traditional Approaches

Method Mean RMSE Mean MAE Best City RMSE

Croston 6.397 4.350 1.22
TSB 6.526 3.879 1.20
XGBoost 2.89 1.66 0.408

Improvement vs. Best Traditional Method

RMSE Improvement 56% better than TSB
MAE Improvement 57.2% better than TSB

Conclusion
This chapter established a comprehensive analytical framework for understanding
customer demand patterns in dairy distribution, identifying critical characteristics
that inform both forecasting methodology and strategic logistics planning. Through
systematic analysis of highly intermittent demand data, we developed robust forecast-
ing capabilities using ensemble learning techniques that significantly outperformed
traditional approaches.

The next Chapter will implement the VRP model to develop optimal routing
solutions and evaluate their operational impact.
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Introduction
This chapter presents the implementation of an optimization model designed to
improve the distribution operations of Celia. Due to the perishable nature of the
goods and the wide geographic distribution of clients, effective vehicle routing is
essential to reduce transportation costs and ensure product freshness.

After analyzing Celia’s distribution constraints, a mathematical model was devel-
oped to optimize delivery planning. This chapter explains how the model was built,
how real-world data was prepared, and how the solution was applied to solve the
problem.

The implementation includes both a formal mathematical formulation and practi-
cal resolution using optimization solvers. Finally, we compare the solutions in terms
of cost, efficiency, and feasibility for operational use.

5.1 Problem Statement
The problem addressed in this work is a complex variant of the classical Vehicle
Routing Problem (VRP), tailored to the real-world operations of Celia.

The specific characteristics of the problem include:

• Open VRP: Delivery routes end at customer locations; vehicles do not return
to the depot.

• Heterogeneous Fleet: The available fleet consists of trucks with different
capacities and costs.

• Split Deliveries: A single customer’s demand may be served by multiple
vehicles if necessary.

• Multi-Trips: Each truck may be assigned to more than one route within the
same planning horizon, with a maximum of two routes as defined by company
policy.

• Time Windows: Deliveries must occur within fixed operating hours.

• Single Depot: All deliveries originate from the central depot.

• Company-Specific Constraints:

– Grouping of destinations to improve loading efficiency (No more than 3
customers).

– Incompatibility of far destinations within the same truck (e.g., no mixing
of east–west routes).

– Assignment preferences between truck types and clients.
– Overnight stays at customer locations when arrival times exceed allowable

time windows.
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The objective is to design optimal delivery routes that minimize total transporta-
tion costs while satisfying customer demands, vehicle and time constraints, and
maintaining product quality through efficient routing and vehicle use.

5.2 Mathematical Formulation
The following section presents the mathematical formulation of the problem, mod-
eled as a Heterogeneous Fleet Open Vehicle Routing Problem with Split
Deliveries, Time Windows, and Multi-Trips (HF-OVRP-SD-TW-MT).

5.2.1 Sets and Parameters
Sets and subsets:

• N : Set of all nodes (customers and depot), where node 0 represents the depot.

• K: Set of available trucks.

• R: Set of possible trips (or rounds) a vehicle can perform.

• Nsouth ⊂ N : Subset of customers located in the southern region, subject to
specific routing constraints.

• Nno_heavy ⊂ N : Subset of customers that cannot be served by heavy trucks.

• K20t ⊂ K: Subset of trucks with 20-ton capacity.

• Kheavy ⊆ K: Subset of heavy trucks, including 20-ton and other large-capacity
types.

Parameters:

• Qk: Capacity of vehicle k ∈ K (in number of pallets).

• di: Demand at node i ∈ N (in number of pallets).

• cik: Fixed cost of serving node i with vehicle k.

• distij: Distance between nodes i and j, for all i, j ∈ N .

• tij: Travel time between nodes i and j, for all i, j ∈ N .

• pk: Maximum unloading time allowed for truck k ∈ K, to preserve product
freshness.

• βk: Unloading time coefficient for truck k ∈ K (in time per pallet).

• ei: Earliest service time at customer i (start of time window).

• li: Latest preferred service time at customer i (end of time window).
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• hstart,k: Earliest start time for truck k.

• Rmax: Maximum allowed distance between customers.

• MAX_RETURN_TIME_FIRST_TOUR: Latest allowed return time to the
depot for first tours (to enable a second trip).

• NEXT_DAY_START: Time at which deliveries may resume on the following
day, used to model overnight stays and next-day departures.

• M : Big-M constant used in logical constraints to relax conditions.

• numNodes: Total number of nodes in the network, |N |.

5.2.2 Decision Variables
Binary Variables:

• xijkr: 1 if vehicle k travels from node i to node j during trip r, 0 otherwise

• yikr: 1 if node i is visited by vehicle k in trip r, 0 otherwise

• δkr: 1 if vehicle k performs trip r, 0 otherwise

• lastikr: 1 if node i is the last node visited by vehicle k in trip r, 0 otherwise

• spliti: 1 if the demand of customer i is split across multiple deliveries, 0
otherwise.

• nightStayikr: 1 if vehicle k stays overnight at node i in trip r, 0 otherwise.

• return_to_depotkr: 1 if vehicle k returns to depot after trip r, 0 otherwise

Continuous Variables:

• qikr: Quantity delivered to customer i by vehicle k in trip r

• Zkr: Total route cost for vehicle k in trip r

• uikr: Auxiliary variable for sub-tour elimination (node position)

• t_arrikr: Arrival time at node i for vehicle k in trip r

• t_depikr: Departure time from node i for vehicle k in trip r

• sikr: Service time at node i for vehicle k in trip r

• t_return_depotkr: Time vehicle k returns to depot in trip r
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5.2.3 Objective Function and Cost Modeling
In this model, the objective is to minimize the total delivery cost across all trips
and all vehicles, considering Celia’s real cost logic per tour. The cost of each tour is
composed of:

• A fixed cost of 3500 DA per customer served by a vehicle on a trip, except
for the last customer;

• A variable cost cik, which depends on the destination and vehicle type, is
assigned to the last customer in the tour.

The cost for each vehicle-trip pair (k, r) is calculated as:

costkr = 3500×
 ∑

i∈N\{0}
yikr − δkr

+
∑

i∈N\{0}
lastikr · cik (5.1)

5.2.4 Objective Function: Min–Max and Linearization
To ensure balanced routing and fair cost allocation per Celia’s policy, we adopt a
min–max objective that minimizes the sum of the maximum segment costs for
each truck and each trip.

The cost logic is based on the principle of having the most distant customer
in each tour bear the actual delivery cost. In contrast, earlier customers pay a
fixed charge of 3,500 DA. This encourages routes that follow a logical geographical
sequence (from nearest to farthest) and avoids illogical assignments.

Since the objective involves a min-max structure, we linearize the inner max
operator using auxiliary continuous variables Zkr such that:

costkr ≤ Zkr ∀k ∈ K, ∀r ∈ R (5.2)
The overall objective becomes:

min
∑
k∈K

∑
r∈R

Zkr (5.3)

5.2.5 Constraints

Capacity Constraints ∑
i∈N\{0}

qikr ≤ Qk ∀k ∈ K, r ∈ R (5.4)

Vehicle capacity limits: the total loaded quantity cannot exceed the truck’s capacity.

qikr ≤ di · yikr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.5)
This constraint links delivery quantities to vehicle–route assignments, ensuring that
a customer receives a positive delivery only if they are served, and that the delivered
amount does not exceed their demand.
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Demand Satisfaction Constraints∑
k∈K

∑
r∈R

qikr = di ∀i ∈ N \ {0} (5.6)

This fundamental service constraint guaranties that each customer’s demand di is
exactly satisfied by the cumulative deliveries from all vehicles and routes, ensuring
complete fulfillment.

∑
k∈K

∑
r∈R

yikr ≤ 1 + spliti ∀i ∈ N \ {0} (5.7)

This constraint governs how deliveries can be divided among customers: when
spliti = 0, customer i receives their entire order in a single visit; when spliti = 1,
customer i’s order can be divided across up to two separate visits, allowing the
system to handle large orders that exceed vehicle capacity.

Route Constraints ∑
i∈N\{0}

yikr ≤ 3 ∀k ∈ K, r ∈ R (5.8)

This constraint limits each route to serving at most 3 customers, balancing route
duration and product freshness requirements.

∑
r∈R

δkr ≤ 2 ∀k ∈ K (5.9)

This constraint allows each vehicle to perform more than one route per day to satisfy
more costumers.

δkr ≤
∑

i∈N\{0}
yikr ∀k ∈ K, r ∈ R (5.10)

This logical constraint ensures that a route is only considered active if at least one
customer is visited, excluding the depot, thus preventing empty or meaningless route
activations.

δkr ≥ yikr ∀i ∈ N, k ∈ K, r ∈ R (5.11)

The constraint forces route activation whenever any customer is visited.

Last Customer Constraints∑
i∈N\{0}

lastikr = δkr ∀k ∈ K, r ∈ R (5.12)

This ensures that exactly one customer must be designated as the last stop for each
active route.

lastikr ≤ yikr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.13)

84



Chapter 5:Implementation of the Mathematical VRP Model and Solution Approaches

This logical constraint ensures that only visited customers can be designated as the
last stop.

lastikr ≥ yikr −
∑

j∈N\{i,0}
xijkr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.14)

This constraint identifies the last customer: if customer i is visited but has no
outgoing arc to another customer, it must be the last stop on that route.

Flow Conservation Constraints

1. Inflow Constraint∑
j∈N :j 6=i

xjikr = yikr ∀k ∈ K, ∀r ∈ R, ∀i ∈ N : i 6= 0 (5.15)

Each visited customer has exactly one incoming arc, ensuring proper vehicle arrival
routing.

2. Outflow Constraint∑
j∈N :j 6=i,j 6=0

xijkr = yikr − lastikr ∀k ∈ K, ∀r ∈ R, ∀i ∈ N : i 6= 0 (5.16)

Each visited customer has exactly one outgoing arc, except for the last customer in
the route. ∑

j∈N\{0}
x0jkr = δkr ∀k ∈ K, r ∈ R (5.17)

This constraint ensures that each active route begins at the depot with exactly one
outgoing arc, establishing the depot as the starting point for all routes.

Subtour Elimination (MTZ)

u0kr = 0 ∀k ∈ K, r ∈ R (5.18)
This initialization sets the depot’s position to zero in the MTZ sequencing, establishing
it as the reference point for the subtour elimination mechanism.

uikr − ujkr + (|N |+ 1) · xijkr ≤ |N | ∀i, j ∈ N \ {0}, i 6= j, k ∈ K, r ∈ R (5.19)

This Miller-Tucker-Zemlin constraint eliminates illegal subtours by imposing a se-
quencing order: if vehicle travels from i to j, then uj > ui, preventing cycles that
exclude the depot.

Distance and Sequencing Constraints

yikr + yjkr ≤ 1 ∀i, j ∈ N \ {0}, i < j, distij ≥ Rmax, k ∈ K, r ∈ R (5.20)
This constraint enforces a maximum service radius by preventing distant customer
pairs (separated by more than Rmax) from being served on the same route.

xijkr = 0 ∀k ∈ K, ∀r ∈ R, ∀i, j ∈ N : i 6= 0, j 6= 0, i 6= j, dist0i > dist0j (5.21)
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Vehicles cannot travel directly from a farther customer to a closer customer (relative
to the depot).

Vehicle Type Restrictions∑
k∈K\K20t

∑
r∈R

yikr = 0 ∀i ∈ Nsouth (5.22)

This strict constraint enforces that southern customers are exclusively served by
20-ton trucks.

yikr = 0 ∀i ∈ Nno_heavy, k ∈ Kheavy, r ∈ R (5.23)

This constraint prohibits heavy vehicles from serving specific customers with access
restrictions.

Time Constraints

sikr = βk · qikr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.24)

This equation calculates service time proportionally to the delivered quantity, where
βk represents the unloading time per pallet for vehicle type k.

s0kr = 0 ∀k ∈ K, r ∈ R (5.25)

This constraint sets zero service time at the depot, as loading operations are typically
handled outside the routing time horizon.

sikr ≤ pk · yikr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.26)

This constraint guarantees that the service time at a customer does not exceed the
maximum allowable unloading time associated with the assigned vehicle type to
maintain product quality.

tarr,ikr ≥ ei · yikr ∀i ∈ N, k ∈ K, r ∈ R (5.27)

This constraint enforces the earliest service time at each customer, but only activates
when the customer is visited. The multiplication by yikr avoids imposing unnecessary
time restrictions on non-visited nodes.

nightStayikr ≥
tarrikr

− li
M

∀i ∈ N : i 6= 0,∀k ∈ K, ∀r ∈ R (5.28)

Detects when a vehicle must stay overnight at customer i by activating the binary
variable when arrival time exceeds the customer’s latest service time.

nightStayikr ≤ yikr ∀i ∈ N \ {0}, k ∈ K, r ∈ R (5.29)

This logical constraint enforces that overnight stays can only be assigned to customers
who are actually visited by a vehicle. It prevents invalid night stay activations at
non-visited locations.
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tdep0k1 ≥ hstartk
· δk1 ∀k ∈ K (5.30)

tdep0k2 ≥ treturn_depotk1 + 1.0 ∀k ∈ K (5.31)

The first constraint sets initial departure times from the depot; the second calculates
the departure time for the second trip as the return time from the first trip plus the
average loading time.

tdepikr
≥ tarrikr

+ sikr ∀i ∈ N : i 6= 0,∀k ∈ K, ∀r ∈ R (5.32)

Ensures departure time accounts for service duration, preventing vehicles from
leaving before completing service.

tdep,ikr ≥ NEXT_DAY_START + sikr −M · (1− nightStayikr) ∀i ∈ N \ {0}, k ∈ K, r ∈ R.

(5.33)

For overnight stays, this constraint resets departure to the next morning’s opening
time plus service duration.

tarr,jkr ≥ tdep,ikr + tij −M · (1− xijkr) ∀i, j ∈ N, i 6= j, k ∈ K, r ∈ R (5.34)

This fundamental constraint propagates time along the route: if a vehicle travels
from i to j, arrival at j must account for departure from i plus travel time, ensuring
temporal feasibility.

Depot Return Constraints

treturn_depotkr
≥ tdepikr

+ti0−M ·(1−lastikr) ∀k ∈ K, ∀r ∈ R, ∀i ∈ N : i 6= 0 (5.35)

Ensures the depot return time is at least the departure time from the last customer
plus travel time to the depot.

treturn_depotkr
≤ tdepikr

+ti0 +M ·(1−lastikr) ∀k ∈ K, ∀r ∈ R, ∀i ∈ N : i 6= 0 (5.36)

Prevents unrealistic return times by setting an upper bound when customer i is
the last in the route.

treturn_depot,k1 ≤MAX_RETURN_TIME + M · (1− δk2) ∀k ∈ K (5.37)

This constraint enforces a planning condition: if a second tour is scheduled
for vehicle k (i.e., δk2 = 1), the first tour must return to the depot before a fixed
deadline (MAX_RETURN_TIME). This ensures sufficient time for reloading, making
multi-trip operations feasible within operational limits. The constraint is deactivated
for single-tour vehicles.

δk2 ≤ δk1 ∀k ∈ K (5.38)
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This logical sequencing ensures that a second route can only be assigned if the first
route exists.

return_to_depotkr =
∑

i∈N\{0}
xi0kr ∀k ∈ K, r ∈ R (5.39)

This constraint defines the variable return_to_depotkr by counting whether a truck
returns to the depot at the end of route r.

return_to_depotk1 ≥ δk2 ∀k ∈ K (5.40)

This operational constraint ensures that if a vehicle performs a second tour, it must
return to the depot after the first.

return_to_depotk2 = 0 ∀k ∈ K (5.41)

This end-of-day constraint implements the open VRP structure for final routes,
where vehicles end at the last customer location rather than returning to the depot.

Having established the complete mathematical framework, we now turn to the
practical implementation methodology that translates this theoretical model into an
operational solution.

5.3 Solution Methodology Overview
This section presents the implementation of the Vehicle Routing Problem (VRP),
detailing the solution approach using IBM CPLEX Optimization Studio and the
OPL (Optimization Programming Language) modeling framework. The implemen-
tation follows a structured methodology encompassing model translation, solver
configuration, scenario testing, and validation through comparative analysis.

5.3.1 CPLEX Implementation Framework

Model Translation to OPL

The mathematical formulation was translated into OPL syntax to leverage CPLEX’s
optimization capabilities.

The implementation consists of three primary components Model File
(model.mod): Contains the complete mathematical model specification including:

• Declaration of decision variables with appropriate data types and bounds.

• Formulation of the objective function.

• Implementation of all constraint sets.

• Set and parameter declarations with domain specifications.
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Data File (data.dat): Encompasses all numerical input parameters and problem
instances:

• Problem dimensions and set cardinalities

• Resource capacities and demand requirements

• Numerical matrices and time parameters

Execution Framework: The model execution is managed through IBM CPLEX
Optimization Studio IDE, enabling:

• Model compilation and syntax checking

• Data file integration and parameter loading

• Solution process execution

• Solution output generation and objective value reporting

• Basic performance statistics (solve time, iterations, nodes explored)

Solver Configuration

IBM CPLEX Optimization Studio was configured with the following specifications:

• Solver Engine: IBM CPLEX 22.1.1.0 (Build ID: 202211281837)

• Solution Method: Mixed Integer Programming with Branch-and-Cut algo-
rithm

• Problem Type: Mixed Integer Linear Programming (MILP)

• Algorithm Selection: Automatic (CPLEX default optimization)

• Optimality Gap Tolerance: 0.0001 (0.01% - CPLEX default)

• Preprocessing: Enabled with automatic intensity

• Parallel Processing: Multi-threaded execution using available system cores

• Time Limit: Unlimited (allowing complete optimization)

• Memory Management: Dynamic allocation based on problem size

• Computational Environment: Intel(R) Core(TM) i5-6200U CPU @
2.30GHz, 8.00 GB DDR3 RAM, Windows (64-bit operating system, x64-based
processor)
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5.3.2 Experimental Design and Scenario Testing

Test Scenario Framework

To validate the mathematical model’s robustness and verify its ability to handle
diverse operational constraints, four comprehensive test scenarios were systematically
designed. Each scenario employs synthetic datasets and different parameters with
progressively increasing complexity, targeting specific aspects.

Scenario Specifications

Scenario 1: Basic Validation

• Objective: Fundamental model verification with minimal complexity.

• Configuration: 5 customers, with low to moderate demands and 2 vehicles.

• Validation Focus: Core routing logic, constraint satisfaction, and solution
feasibility

Scenario 2: Capacity Stress Testing

• Objective: Evaluate model performance under high demand-to-capacity ratios.

• Configuration: 10 customers with total demand exceeds the capacity of
available vehicles(2 vehicles).

• Validation Focus: Multi-trip necessity detection and optimal trip planning.

Scenario 3: Geographic Constraints

• Objective: Validate regional restrictions and vehicle-specific accessibility
limitations.

• Configuration: 8 customers with differents demand values and 5 vehicles

• Special Constraints:

– 3 Southern customers(distant from depot)
– Heavy truck restrictions: 2 Customers prohibit heavy vehicles.

• Validation Focus: Geographic constraint enforcement, vehicle-customer
compatibility, and spatial optimization.

Scenario 4: Real-World Data Validation

• Objective: Model validation using company-representative parameters.

• Customer Set: {0, 1, 3, 8, 10, 15, 16, 32, 39, 40} from the company database.

• Fleet Composition: 6 vehicles with heterogeneous starting times.
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• Starting Times: [30, 30, 30, 30, 23, 23] (operational hours).

• Demand Profile: Real customer demands [8, 2, 15, 3, 5, 10, 12, 10, 11]
pallets.

• Operational Constraints:

– Southern region: Customers {32, 39, 40}.
– Access restrictions: Customers {3, 10} exclude heavy vehicles.
– Fleet classification: Vehicle 1 (20t capacity), Vehicles {1, 2, 5} (heavy

category).

• Validation Focus: Real-world applicability, operational constraint integration,
and scalability assessment.

Table 5.24: Core Performance Metrics for Test Scenarios

Test Cost Vehicles Demand Load % Time (s)
1 29,750 50% (1/2) 100% 53.12% 0.09
2 90,632.5 100% (2/2) 100% 86% 0.58
3 289,400 60% (3/5) 100% 100% 1.51
4 242,645.8 83.33% (5/6) 100% 84.22% 2.20

Table 5.25: Operational Details and Special Cases

Test Split Deliveries Overnight 2nd Routes Features
1 None None (T1×2) Simple routing
2 None None (T1×2, T2×2) Full fleet utilization
3 (C2: 7+1) (T1) (T3×2, T4×2) Complex constraints
4 (C1: 3+5) (T1) (T4×2) Mixed operations

Note: T = Truck, C = Customer

5.3.3 Results Analysis and Discussion
The experimental results presented in Tables 5.24 and 5.25 demonstrate the model’s
effectiveness across diverse operational scenarios, with several key insights emerging
from the systematic testing framework.

Solution Quality and Optimality: The model successfully achieved 100% de-
mand satisfaction across all test scenarios.

Fleet Utilization Efficiency: Vehicle usage rates varied significantly across
scenarios, indicating the model’s adaptive resource allocation capabilities.
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Multi-Trip Operations Analysis: The model effectively identified multi-trip
requirements across different scenarios. Tests 1 and 4 each utilized one vehicle for
multi-trip operations (T1 and T4 respectively), while Tests 2 and 3 required two
vehicles each to perform two routes (T1 and T2 in Test 2; T3 and T4 in Test 3).

Split Delivery Implementation: Split delivery functionality was selectively acti-
vated in Scenarios 3 and 4 where individual customer demands exceeded single-vehicle
capacity constraints. In Test 3, Customer 2’s demand (8 pallets) was partitioned
into deliveries of 7 and 1 pallets across two vehicles. Similarly, in Test 4, Customer
1’s demand (8 pallets) was split into deliveries of 3 and 5 pallets, enabling efficient
capacity utilization while ensuring complete demand satisfaction.

Overnight Stay Optimization: The model identified that Vehicle T1 in both
scenarios required overnight positioning due to the presence of southern customers
and the considerable distance between these customers and the depot.

Loading Efficiency Metrics: Average loading rates demonstrate the model’s
capacity utilization optimization, ranging from 53.12% in the basic scenario to 100%
in the geographically constrained scenario.

Computational Performance: Solution times remained highly efficient across
all scenarios, with the most complex case (Scenario 4) requiring only 2.20 seconds.

5.3.4 Data Preparation Methodology
The optimization model utilizes a structured Excel database (Clients.xlsx) con-
taining four core components for Celia’s 41-node distribution network (40 customers
+ depot):

• Customer profiles: ID customer,Geographic coordinates and regional assign-
ments

• Distance matrix: Symmetric 41×41 inter-customer distances (km)

• Time matrix: Symmetric 41×41 travel times (minutes)

• Cost matrix: 41×5 vehicle-specific service costs (DA)

Data extraction employs pandas DataFrame subsetting to generate problem-
specific matrices for selected customer subsets, automatically formatted for CPLEX
OPL input.
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Excel Database(41×41 matrices)

Customer Selection(N subset)

Matrix Extraction(|N|×|N| submatrices)

OPL Data Generation(.dat format)

Figure 5.38: Data extraction and transformation workflow

The comprehensive OPL data file contains the following numerical components
as detailed in Table 5.26.
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Table 5.26: Complete OPL Data File Specification: Sets, Parameters, and Matrices

Component Type Definition
SETS DEFINITION

Node Set Set N = {0, 1, 3, 8, 10, 15, 16, 32, 39, 40}
Vehicle Set Set K = {1, 2, 3, 4, 5, 6}
Route Set Set R = {1, 2}

SPECIALIZED SUBSETS
Southern Cus-
tomers

Subset N_south = {32, 39, 40}

Heavy Vehicle Re-
strictions

Subset N_no_heavy = {3, 10}

20-Ton Vehicles Subset K_20t = {1}
Heavy Vehicles Subset K_heavy = {1, 2, 5}

VEHICLE PARAMETERS
Vehicle Capacities Array[K] Q = [33, 16, 4, 7, 16, 4] (pallets)
Vehicle Start Times Array[K] h_start = [30, 30, 30, 30, 23, 23] (hours)
Unloading Time
Limits

Array[K] p = [2, 1.5, 0.5, 1, 1.5, 0.5] (hours)

Service Time Coeffi-
cients

Array[K] beta = [0.05, 0.045, 0.0417, 0.0433, 0.045, 0.0417]

CUSTOMER PARAMETERS
Customer Demands Array[N] d = [0, 8, 2, 15, 3, 5, 10, 12, 10, 11] (pallets)
Early Time Win-
dows

Array[N] e = [0, 32, 32, 32, 32, 32, 32, 32, 32, 32] (hours)

Late Time Windows Array[N] l = [0, 40, 40, 40, 40, 40, 40, 40, 40, 40] (hours)
NETWORK MATRICES

Distance Matrix Matrix[N][N] dist = [[0.0, 26.61, 39.04, 129.53, ...],
(First 2 rows) [26.61, 0.0, 16.36, 108.90, ...], ...] (km)
Travel Time Matrix Matrix[N][N] t = [[0.0, 0.444, 0.651, 2.159, ...],
(First 2 rows) [0.444, 0.0, 0.273, 1.815, ...], ...] (hours)
Cost Matrix Matrix[N][K] c = [[0.0, 0.0, 0.0, 0.0, 0.0, 0.0],
(First 2 rows) [16800, 10658, 3673, 3673, 10658, 3673], ...] (DA)

OPERATIONAL CONSTRAINTS
Maximum Radius Parameter R_max = 500 (km)
Number of Nodes Parameter numNodes = 10
Next Day Start
Time

Parameter NEXT_DAY_START = 56 (hours)

Big M Constant Parameter M = 100
Max Return Time
(1st Tour)

Parameter MAX_RETURN_TIME_FIRST_TOUR = 36
(hours)
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Example of Output

(a) Solution Output Summary (b) Multi-Route Configuration

Figure 5.39: CPLEX Optimization Results and Route Analysis

5.3.5 Computational Complexity Analysis
The implemented HF-OVRP-SD-TW-MT model belongs to the class of NP-hard
combinatorial optimization problems. The complexity analysis reveals:

Decision Variables:

• Binary variables: O(|N |2 · |K| · |R|) for routing decisions (dominated by x

variables)

• Continuous variables: O(|N | · |K| · |R|) for time, quantity, and cost variables

• Total variables: O(|N |2 · |K| · |R|)

Constraint Complexity:

• Flow conservation: O(|N | · |K| · |R|) constraints

• Subtour elimination (MTZ): O(|N |2 · |K| · |R|) constraints

• Time propagation: O(|N |2 · |K| · |R|) constraints

• Capacity and routing: O(|N | · |K| · |R|) constraints

• Total constraints: O(|N |2 · |K| · |R|)

Empirical Verification: For our test scenario with |N | = 10, |K| = 6, |R| = 2:
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• Variables: 2,061 total (1,449 binary + 612 continuous)

• Constraints: 4,743 (as confirmed by CPLEX solver statistics)

• Solution time: 2.20 seconds optimal

• Computational efficiency: 25,541 iterations, 983 branch-and-bound nodes

Operational Scalability Assessment: For Celia’s operational range (maximum
9-10 customers daily):

• Complete problem coverage with guaranteed optimal solutions

• Sub-second to 3 second solve times enable real-time re-optimization

5.3.6 Comparative Analysis Framework
To validate the effectiveness of our optimization model, we conduct a comprehensive
comparison between the proposed solution and the existing company assignment
strategy. This analysis provides empirical evidence of potential improvements in
operational efficiency and cost reduction.

Company Assignment Data Preparation

Current Assignment Strategy Documentation The company’s existing as-
signment strategy operates through manual planning processes based on operational
experience.

Data Collection and Standardization To ensure a fair comparison, we obtained
the company’s assignment data. The data standardization process involves:

• Route documentation: Recording actual vehicle-customer assignments for
the selected customer subset

• Cost calculation: Computing actual costs using the same cost matrix struc-
ture employed in our optimization model

• Constraint validation: Ensuring company assignments respect the same
capacity and operational constraints as our model

Comparative Performance Analysis

Statistical Analysis We employ the percentage improvement calculation tech-
nique: Improvement = Company Cost−Optimized Cost

Company Cost × 100%
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Results and Discussion

Quantitative Comparison Results Table 5.27 presents the comprehensive com-
parison between the company’s current strategy and our optimization model:

Table 5.27: VRP Optimization Results: Cost and Operational Efficiency

Test Manual Cost Optimized Cost Savings Vehicles Time
T1 (5 customers) 83,769.9 59,595.8 28% 4/4 0,31s
T2 (8 customers) 160,229.5 121,863.0 23% 4/5 0,67s
T3 (9 customers) 133,208.6 133,208.6 0% 7/8 1m 22s
Average 125,736 104,889 17% -25% 27.7s

Operational Insights The comparative analysis reveals several key operational
insights:

• Cost optimization: Achieved moderate cost reductions with 17% average
improvement through optimal vehicle-customer matching

• Resource utilization: Reduced fleet requirements by 25% on average while
improving vehicle capacity utilization

• Computational performance: Fast resolution times (0.31s-1m 22s) enable
practical real-time implementation

The implemented VRP model demonstrates effectiveness in cost reduction and
fleet utilization for Celia’s daily routing operations. The CPLEX solver guarantees
optimal solutions for the current small-scale instances typical of daily logistics
operations.

Future scalability considerations include integrating heuristic and metaheuris-
tic algorithms if problem instances increase beyond current parameters, ensuring
maintained robustness and flexibility while preserving computational efficiency.

5.4 Model Limitations
Although the proposed VRP model is well-suited for real-world applications, certain
operational aspects remain unaddressed in its current formulation. If not properly
modeled, these aspects can lead to solutions that are theoretically optimal but
impractical in day-to-day operations. The most notable limitations are as follows:

5.4.1 Unmet Demand and Postponement
In the current model, the constraint ensures that all customer demands are satisfied
on the same day. In practice, however, unmet demand often occurs, with orders
postponed to the following day (D + 1).We intentionally did not introduce an explicit
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unmet-demand variable in the current formulation because, without a dedicated
modeling mechanism, the solver may decide not to serve some demands even when
sufficient capacity exists, postponing them instead in order to minimize the total
costs. This is undesirable in operational contexts, as it affects service quality and
customer satisfaction.

To address this issue, a penalty term for unmet or postponed demand
should be integrated into the objective function. This penalty would encourage the
model to prioritize fulfilling daily demand whenever possible, postponing orders only
when absolutely necessary.

5.4.2 Second Route Utilization and Overnight Stays
The inclusion of a second delivery route in the model generally improves vehicle
utilization and reduces the total number of trucks required. However, in certain
cases, it results in a large number of overnight stays, particularly when vehicles are
dispatched for a second route to minimize truck usage. While cost-effective from a
purely routing perspective, this approach may not be operationally desirable.

To mitigate this, a penalty for overnight stays should be incorporated into
the objective function. This would ensure that second routes are used judiciously
and that overnight operations occur only when no other feasible option is available.

5.5 App Web Architecture
The app web represents a comprehensive logistics optimization platform that in-
tegrates multiple technologies to solve real-world vehicle routing problems while
providing data analytics capabilities. The system architecture combines modern web
technologies with specialized optimization tools to create an application that handles
demand forecasting, customer analytics, and route optimization with real-time data
synchronization.

5.6 Technology Stack Overview

Category Technology Purpose

Frontend

React.js + Hooks Component-based UI with state man-
agement

Tailwind CSS Responsive design and styling
Chart.js Data visualization and interactive

charts
WebSocket Real-time bidirectional communication

Table 5.28: Frontend Technology Stack
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Category Technology Purpose

Backend
FastAPI RESTful API development with async

support
Pandas/NumPy Data processing and mathematical op-

erations
JWT + bcrypt Authentication and password security

Optimization IBM CPLEX Vehicle routing problem solving
Custom algorithms Customer clustering and demand fore-

casting

Data
Excel integration
(openpyxl)

Primary data source handling

JSON files Configuration and user data storage
ReportLab PDF report generation

Table 5.29: Backend, Optimization, and Data Technology Stack

This streamlined technology stack forms the foundation for implementing a
comprehensive logistics optimization solution with real-time analytics capabilities.

5.6.1 Core Architectural Components
LogiOptim Pro follows an architecture that integrates all platform functionalities
through a unified data flow and a real-time communication system. Frontend
Integration Hub: The React-based interface provides six main functional modules:

• Dashboard: Real-time statistics, demand visualization, customer analytics

• VRP Optimization: Customer/truck selection, route optimization, results
visualization

• Advanced Analytics: Customer clustering, seasonal patterns, forecasting

• Order Management: Order tracking, Excel synchronization, report genera-
tion

• KPI Analytics: Performance metrics, operational insights, and system effi-
ciency monitoring

• Alert System: Intelligent monitoring and notification broadcasting

Data Flow and Integration
The platform implements a unified data pipeline where Excel serves as the single

source of data, processed through standardized cleaning algorithms, distributed
via WebSocket for real-time updates, and enhanced through specialized engines
(analytics, optimization, reporting) to serve all functional modules seamlessly.

Data Reporting The system automatically generates weekly reports every
Monday at 7:00 AM and sends them via email (when enabled) with key business
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metrics, the top 5 customers, week-over-week performance changes, and dashboard
access links. The email includes PDF and Excel attachments containing compre-
hensive analytics: executive summaries, customer rankings, regional performance
breakdowns, daily statistics, and raw data across multiple worksheets for detailed
business intelligence analysis.

5.7 Implementation Details

5.7.1 Authentication System
The authentication system implements JWT-based security with role-based access
control (Admin, User, Viewer).

Figure 5.40: Login Interface

5.7.2 Dashboard Implementation
The dashboard module serves as the central hub for real-time demand analytics and
business intelligence, implementing a comprehensive multi-component interface with
interconnected analytical views.

Figure 5.41: Real-time dashboard navigation with connectivity status monitoring

The system analyzes demand distribution patterns and gap frequencies to identify
ordering behaviors, while radar charts visualize weekly demand patterns across
different time periods as presented in figure 5.43. While the figure 5.44 presents
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(a) Advanced filtering system with export capabilities

(b) Real-time analytics dashboard with business insights

(c) Alger - Weekly demand pattern analysis (d) Batna - Average daily demand analysis

Figure 5.42: Dashboard System Components - Analytics and Customer Analysis

customer performance rankings and risk assessment matrix for strategic decision
support.
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(a) Demand frequency and gap distribution
analysis

(b) Monthly trends and weekly pattern radar
analysis

Figure 5.43: Distribution Analysis and Temporal Patterns

Figure 5.44: Customer volume ranking and risk assessment matrix

5.7.3 VRP Optimization Implementation
The Vehicle Routing Problem (VRP) module integrates IBM CPLEX solver with an
interactive web interface to solve real-world logistics optimization challenges through
a systematic workflow process.

(a) Customer Selection Interface (b) Customer Database Table

Figure 5.45: Table of selected customers
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(a) Truck Selection Interface (b) Fleet Configuration Table

Figure 5.46: Vehicle Selection and Automatic Dynamic Subsets Creation

Optimization Execution and Results

Real-time Processing: When the user initiates the process by selecting Run
VRP Optimization with CPLEX, the system executes the optimization and returns
results in real time. The main outputs are as follows:

1. Rapid computation: The solution is computed within seconds, ensuring
minimal processing delay.

2. Performance metrics table: A summary table is generated containing total
cost per truck, return time, vehicle utilization, and loading rate.

3. Interactive visualization:

• A Folium-based interactive map displaying optimized routes.
• Color-coded paths for each vehicle with dynamic route tracing.
• Customer location markers with detailed service information.
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(a) Automatic Dynamic Subsets Creation (b) VRP Optimization Results Table

(c) Interactive Route Map Visualization (d) View Map Test

Figure 5.47: VRP Optimization Process: Subset Generation, Execution, and Results

Upon completion of the process, the objective value from the most recent opti-
mization is displayed at the top of the page, as illustrated in Figure 5.48.

Figure 5.48: Objective value of the most recent optimization process

5.7.4 Advanced Analytics Implementation
The Advanced Analytics module provides sophisticated data analysis capabilities
through machine learning algorithms and statistical methods, enabling strategic
business intelligence and predictive insights.

Customer Clustering and Behavioral Analysis

The clustering system implements rule-based classification algorithms to segment 37
customers into five distinct behavioral groups: High-Volume, Stable, Volatile, Sea-
sonal, and Irregular. Interactive cluster exploration provides detailed characteristics
including average demand, volatility metrics, and customer listings.
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(a) Customer clustering distribution across
5 segments (b) High-Volume cluster detailed analysis

Figure 5.49: Customer Clustering Visualization and Analysis

(a) Seasonal pattern analysis with monthly demand visualization

(b) Geographic distribution and AI forecasting interface

Figure 5.50: Temporal Analysis and Predictive Analytics

Seasonal and Trend Analysis

Seasonal Analysis: The system identifies peak months (February, March, Novem-
ber) and low-demand periods (July, August) with 11.7% overall seasonality strength
across 37 customers.
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Forecasting Capabilities: AI-powered demand forecasting provides customer-
specific predictions with configurable timeframes (7, 30, 90 days).

5.7.5 System Management and Monitoring
We implemented a comprehensive system management through integrated order
processing, and performance analytics modules.

Order Management and Excel Integration

(a) Order management interface with real-time Excel synchronization

(b) Order analytics with timeline and Excel integration status

Figure 5.51: Order Processing System with Analytics Integration

The order management system provides real-time order creation with automatic
Excel synchronization, tracking 1 pending order with Excel sync status monitor-
ing. The system displays comprehensive statistics including weekly volumes, status
distribution, and top customer analysis.
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(a) KPI analytics with performance metrics
(b) Detailed performance metrics with anal-
ysis

(c) Alert management with configurable thresholds

Figure 5.52: System Monitoring and Performance Analytics

Alerts Monitoring and KPI Analytics

KPI Analytics: Provides comprehensive performance tracking across six key metrics:
Route Optimization, Fleet Utilization, Cost Efficiency, Customer Satisfaction ,
Delivery Performance, and Fleet Loading Rate.

Performance Monitoring: Detailed metrics tracking includes route distance
optimization, fuel efficiency, delivery time reduction, and maintenance cost control.

Alert System: Implements threshold-based monitoring with configurable param-
eters (Low Demand, High Volatility, Data Quality) and multi-channel notifications
(Email, Notification, SMS).

Conclusion
This chapter presented the implementation of a comprehensive VRP optimization
model tailored to Celia’s distribution operations, encompassing mathematical for-
mulation, CPLEX-based solution methodology, and systematic validation across
operational scenarios. Comparative analysis reveals potential cost reductions of
up to 28% over manual planning approaches.The integrated web-based platform
demonstrates the practical deployment of the optimization framework, providing
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real-time routing capabilities and comprehensive analytics for enhanced distribution
management.
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General Conclusion

This thesis addressed the optimization of distribution operations for Celia through a
comprehensive approach integrating demand forecasting and vehicle routing opti-
mization. The research encompassed demand prediction using both classical time
series methods and advanced machine learning techniques, mathematical model-
ing of complex routing problems, and the development of an integrated web-based
optimization platform.

The demand forecasting analysis revealed that XGBoost outperformed classi-
cal approaches when incorporating temporal features, though prediction accuracy
remains constrained by the inherent randomness in customer ordering behavior.
The heterogeneous ordering patterns, high demand volatility, and weak temporal
structures present fundamental challenges that transcend methodological improve-
ments. The Vehicle Routing Problem implementation successfully addresses Celia’s
complex operational constraints through a comprehensive HF-OVRP-SD-TW-MT
formulation, achieving optimal solutions within seconds for daily operational scales.
The integrated web application provides real-time optimization capabilities, com-
prehensive analytics, and user-friendly interfaces for practical deployment in daily
operations.

The research identified critical organizational limitations that constrain both
forecasting accuracy and operational efficiency. Customer ordering behavior exhibits
excessive randomness and volatility that fundamentally limits predictive capabilities,
regardless of algorithmic sophistication. The absence of structured communication
protocols among stakeholders (customers, depot, 3PL providers, factory) creates
operational inefficiencies and unpredictable resource demands. Current fleet manage-
ment lacks real-time tracking and coordination systems, leading to vehicle availability
uncertainties and suboptimal dispatching decisions.

To enhance forecasting accuracy and operational efficiency, Celia should im-
plement structured ordering protocols with customers, negotiating fixed ordering
schedules based on demand pattern analysis to facilitate predicting both timing and
demand quantities. Improved customer stock management practices by encouraging
customers to maintain better inventory control systems would avoid the randomness
of order values that currently undermines forecasting accuracy.

The establishment of comprehensive communication frameworks among all stake-
holders would facilitate better planning coordination. Implementation of real-time
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fleet tracking, Transportation Management Systems (TMS) and formal agreements
with 3PL(Third-Party Logistics) providers would improve vehicle dispatching and
availability management, avoiding situations where insufficient trucks are avail-
able for daily operations. Additionally, customer satisfaction monitoring and fuel
consumption tracking would provide comprehensive operational oversight.

These improvements would lead to better resource allocation, enhanced stock
management at the depot to avoid congestion and poor organization, and reduced
stress for depot supervisors.

Several technical improvements could enhance the system’s capabilities and
scalability. Integration of SQL databases would provide greater flexibility and
efficiency compared to Excel-based data management. The VRP model could
benefit from penalty mechanisms for unmet demand and overnight stays when they
exist, to improve operational realism. As business scales increase, implementing
approximate solution methods would maintain computational tractability for larger
problem instances. The web platform requires database integration, cloud hosting
implementation, and enhanced KPI monitoring capabilities with real-time operational
data. Future research should also investigate multi-objective optimization frameworks
that explicitly balance cost efficiency with service quality metrics.

This research demonstrates that while technological optimization tools provide
significant operational improvements, fundamental organizational and communication
challenges must be addressed to realize their full potential in real-world logistics
operations.
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Appendix

The following results correspond to the test scenario involving 10 customers and 6
truck types: The following figure shows the OPL data file (.dat):

Figure 53: Data file
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Table 30: CPLEX Solution Summary for Test Scenario 4

Parameter Value

Optimal Objective Value 242,645.8
Solution Time 2.20 seconds
Total Iterations 25,641
Branch-and-Bound Nodes 983
Variables (Total/Binary/Other) 2,061 / 1,449 / 612
Constraints 4,743
Non-zero Coefficients 15,081

Table 31: Preprocessing and Problem Reduction

Stage Rows Columns Nonzeros

Original Problem 2,188 1,140 –
After Preprocessing 2,432 798 6,313
Final Reduced Problem 1,843 631 4,807

Reduction Percentage 15.8% 44.6% 24.0%

Figure 54: CPLEX Output1
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Figure 55: CPLEX Output2

Table 32: Cut Generation Statistics

Cut Type Applied

Clique Cuts 7
Cover Cuts 4
Implied Bound Cuts 212
Flow Cuts 3
Mixed Integer Rounding 44
Zero-half Cuts 7
Gomory Fractional 2

Figure 56: CPLEX Solution Convergence and Objective Value Evolution
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Table 33: Vehicle Route Assignments and Performance

Vehicle Customers Served Routes Total Cost Utilization

Truck 1 [32, 39, 40] 1 133,000 100%
Truck 2 [15, 16] 1 49,700 31.25%
Truck 4 [1], [1, 3] 2 10,845.8 Multi-trip
Truck 5 [8] 1 16,800 93.75%
Truck 6 [10] 1 12,300 75%

Figure 57: CPLEX Split Delivery and Demand Satisfaction Verification
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Table 34: Optimization Performance Indicators

Metric Value Status

Demand Satisfaction 100% XComplete
Fleet Utilization 84.22% XEfficient
Multi-trip Usage 1 vehicle XOptimal
Geographic Constraints All met XCompliant
Time Window Violations 0 XFeasible
Solution Optimality Gap 0.00% XOptimal

Figure 58: Overview of custome’s dataset using in VRP

Figure 59: Overview of cost matrix
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Figure 60: Historical data overview
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