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Abstract

The transportation sector is considered the number one consumer of tires worldwide. At
present, 1.1 billion vehicles relying on this industry, although this number is increasing
significantly following supply chain demands and the rapid economic growth. Among
the main selection standards for fleet-operating enterprises are the quality, durability, and
sustainability of tires, in efforts to ensure efficiency and safety for continuous operations.
Lifecycle assessments (LCAs) are the optimal solution to optimize tire usage for extended
performance and increased lifespan. In this paper, we developed a prediction model
aiming at managing tires during the middle-of-life phase (use phase) while minimizing the
negative environmental impact.

Keywords: lifecycle assessment (LCA); end-of-life (EoL); tires; prediction; machine
learning; sustainability

1. Introduction

A rise of global demand has generated an enormous pressure on supply chains,
prioritizing efficiency and reliability at all costs. Consequently, resources are abundantly
consumed, leading to a potential shortage of raw materials and generating waste that
poses significant environmental and public health risks. Among supply chain stakeholders,
transportation is a major consumer of raw materials, being responsible for about 15-30% of
total resources consumed, including fuel, metals, tires, and other goods.

Diverse efforts have been made to reduce transportation resource consumption, such
as route planning and scheduling, load consolidation, and the use of renewable energy.
Still, the results are minor compared to the objectives of a circular economy (CE).

With regard to tire management through the CE concept, the notion of seven “Rs” has
emerged: Reduce, Reuse, Recycle, Redesign, Renew, Repair, and Recover [1]. Generally,
these practices are widely used during the production of tires and after their obsolescence.
Despite some literature on tire lifecycle management, there remains a notable gap on
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monitoring, optimizing, and managing tires, specifically during their usage period. Conse-
quently, we were compelled to explore this path further and develop a solution aimed at
maximizing tire utilization before disposal.

In this paper, our aim is to deploy the CE concept through extending the lifetime of
tires and generating value before recycling. This will allow transportation companies to
optimize their tire consumption while monitoring maintenance intelligently, minimizing
outlays, and guaranteeing security standards for operators and the fleet.

Section 2 presents the diverse works related to the different phases of the tire life
cycle, i.e., beginning of life (BoL), middle of life (MoL), and end of life (EoL), focusing
on an effective circular economy (CE). Section 3 describes the applied methodology and
the proposed solution. Section 4 discusses the use case of our decisional assistant design,
applied to a real transportation firm, followed by the results of our study. Section 5
concludes by reflecting on the main contributions of this paper and potential directions to
improve the study.

2. Related Works

In this section, we introduce the lifecycle assessment approach (LCA) as applied to
tires and present the diverse contributions of academics to optimize the appropriation of
tires throughout their life span.

In an effort to integrate the CE concept, a meticulous assessment and solutions were
conducted by several researchers in each step of the tire life cycle known, i.e., BoL, MoL,
and EoL.

2.1. BoL Phase

BoL refers to the first stage in design and manufacturing, where enhancing sustain-
ability is a primary role for the green production of tires [2]. Many solutions have been
developed considering environmental and technological aspects, for instance, the use of
carbon black material via thermolysis as a reinforcing filler in tires, which minimizes costs
and reduces reliance on virgin materials [3].

Shahpas and et al. investigated the impact of deploying 3D printing technology on
environmental and economical dimensions. In their study, it was concluded that applying
this technology to a closed-loop supply chain (CLSC) designed by the authors could help
shift the supply chain to a more agile structure and help reduce carbon emissions by
9-10% [4].

Moreover, the elimination of tire defects during production was the focus of Oliveira
et al., who used machine learning algorithms to achieve an accuracy of 92% and 96% [5]. An
automated quality analysis and assurance tool to detect anomalies in tire tread production
was presented by Stankovi¢ et al., reducing the time spent on manual comparisons by the
quality team [6].

2.2. MoL Phase

The MoL phase refers to the active period of a tire’s use. It is considered the most
challenging stage in the product’s LCA, as it requires careful monitoring to ensure optimal
performance and minimizing potential risks during operation.

Tires equipped with sensors are called “Intelligent tires”. As stated by Pohl et al.,
they represent a new monitoring method using passive radio requestable SAW (Surface
Acoustic Wave) sensors for proficient monitoring [7].

Pohl et al. proposed a novel approach to track tire-road conditions through the
development of an intelligent tire prototype, i.e., the KU-iTire, which utilizes advanced
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simulation techniques (AbaqusCAE and AbaqusExplicit) to analyze the nonlinear behavior
of tires under various driving scenarios, providing valuable insights into tire dynamics [8].

Moffitt et al. also presented chromasonic sensors based on acoustic emissions, accel-
eration sensing, force/friction sensing, and strain sensing for tire monitoring, helping to
predict and prevent potential failures [9].

In order to maximize the efficiency of vehicle handling and safety, Salari et al. pro-
posed dynamic control through advanced modeling and real-time estimation techniques
via artificial neural networks (ANN) and deep learning, demonstrating superior perfor-
mance [10].

2.3. EoL Phase

Waste tires are non-biodegradable, hazardous waste, of which approximately 4 million
tons are generated worldwide annually. It is a global environmental responsibility to
handle this residue with a sustainable approach.

Hu et al. focused on the waste tire valorization process, proposing a valorization
framework with technological enhancement, integrating data-driven methods and multi-
objective optimization models [11].

Manupati et al. developed a prediction model to enhance the efficiency of tire remanu-
facturing, aiming to remodel reverse logistics networks in India [12].

Abbas-Abadi et al. highlighted advancements in enhancing the recyclability of end-
of-life tires, emphasizing the potential of retreading and powdering methods for material
separation [13].

Subulan et al. presented a comprehensive modeling approach for managing scrap
tires, integrating multiple recovery options like recycling and energy recovery. Their study
included data-driven insights regarding costs, selling prices, and transportation, aiming to
help practitioners make decisions in tire management in the EoL phase [14].

Figure 1 summarizes the core principals of LCA for tires during the different phases.

Life cycle Assessment for tires
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Figure 1. Core principals of LCA for tires during the BoL, MoL, and EoL phases.

The reviewed literature primarily concentrates on the BoL and EoL phases of tires,
while the MoL phase remains largely understudied, highlighting a gap in our current
understanding. Although many researchers have collected data on tire usage, there have
been limited efforts to effectively harness this information using artificial intelligence
algorithms for practical implementation.
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3. Methodology and Proposition

In this section, we propose a methodology based on artificial intelligence to assist
Transport executives in the MoL phase of tires in better exploiting these items. Stakeholders
such as maintenance managers or fleet managers play a crucial role in overseeing tire usage,
maintenance, and replacement. Their decisions directly impact cost efficiency, safety, and
sustainability, making data-driven insights essential for optimizing operations.

Machine Learning (ML) has evolved considerably, and within this dynamic field,
automation of the learning process, also known as Automated Machine Learning (au-
toML) [15], has emerged as a revolutionary sub-discipline. AutoML addresses the complex
challenge of making machine learning techniques more accessible, efficient, and adaptable
to a variety of users, while accelerating the model development cycle. In our proposal,
autoML offers several advantages that could be innovative for the tire management sector.
Firstly, autoML can automate the process of selecting the best machine learning models,
which can lead to more accurate predictions and insights without requiring wide expertise.
This can be particularly beneficial for predicting tire wear, optimizing recycling processes,
or forecasting demand and supply in the tire industry. Secondly, autoML can significantly
reduce the time and resources required for data preprocessing, model training, and hy-
perparameter tuning. This efficiency can lead to faster decision-making and more agile
responses to industry challenges. Lastly, with its ability to handle large datasets, autoML
can uncover hidden patterns and relationships in the data, providing deeper insights into
tire performance, lifecycle, and environmental impact.

Incorporating autoML into the tire management domain could lead to more sustainable
practices, optimized operations, and a deeper understanding of the entire tire lifecycle.

The stakeholder is prompted to make decisions on the basis of the flow of information
received, as shown in the Figure 2. Faced with large volumes of data to process and complex
situations to analyze, stakeholders can be assisted in their decision-making. Such assistance
must be able to analyze a flow of information from several sources (user instances, past
experience, customer feedback, etc.). In this context, data analytics and machine learning
approaches can be particularly useful.

Primary
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SUPPORT SYSTEM
......... Context
| - OFleet Manager
External )
Support STAKEHOLDER n°1 OMaintenance
- Manager
Fleet
level
Vehicle
level
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Context C;
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Figure 2. The informational and decisional flow.
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As exhibited Figure 3, the proposed decisional assistance comprises off-line and on-line
phases. The goal of the off-line phase is to exploit global information to build a pertinent
assistance framework using the AutoML approach. This decisional assistance is then used
on-line by the stakeholder. Before presenting the architecture used to develop the AutoML
decisional assistance, the models used in the decisional process will first be described.
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Figure 3. Illustration of the assistance design and operation phases.

Interventions

3.1. The Proposed AutoML Framework

The proposed AutoML framework aims to autonomously produce decision-making
rules for tire management. The AutoML assembles the necessary modelling steps as an
end-to-end machine learning pipeline and automates the pipeline to obtain the features,
algorithms, and hyperparameters that return the best performance, as measured on valida-
tion datasets.

The integration of AutoML approaches in decision support aims to assist stakeholders
by augmenting and structuring relevant information. As depicted in Figure 3, the decision
support process can be delineated into two distinct phases:

Design phase: By mainly exploiting static information structures and a dynamic data
history (from the “target” system or a fleet of equivalent systems), a decision assistance
system was designed to generate the various outputs (e.g., thresholds, rules, and semantic
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links) which will be used by the part of the decision-making process leading to a decision.
In the present work, we are interested in a decision-making process based on the use of
rules. Assistance is provided by generating a set of “if-then” rules placed in a specific order.

Use phase: As shown in Figure 3, the assistant uses the information elements that is
has at its disposal (static information structure (SIS), dynamic information structure (DIS),
and exchanges between systems within a collaborative space). Depending on the cognitive
level considered, these data are compared with thresholds or are used to validate a set of
rules or semantic links in order to make a decision. The decision may be taken entirely

oA

automatically (i.e., without any intervention from the expert) or in conjunction with the

expert. In this case, the information elements (e.g., valuations of semantic links between

entities) must be presented to the expert in the most comprehensible way possible.

3.2. Steps of AutoML
3.2.1. Model Selection

This step addresses data-related issues such as missing values, outliers, and noisy

or altered data. To handle the problem of missing values in data preprocessing, AutoML

employs techniques such as missing value imputation. Imputation involves estimating

or replacing missing values with values computed from other observations in the dataset.

Various approaches can be used for missing value imputation, such as mean or median

imputation or regression imputation [16].

3.2.2. Hyperparameter Optimization

This second step allows for the automatic selection of the algorithm to be used, as

well as the optimal configuration of hyperparameters (i.e., the adjustable parameters of the

algorithm) to achieve good learning performance.

Figure 4 illustrates the different steps of this selection process:

) Automated Machine Learning Model Selection Process

7

Z/Vlodel 1 1

oA
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Figure 4. The successive steps of the AutoML process.
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Step 1: The stakeholder defines the optimization metrics used to evaluate the results

(e.g., accuracy, F1-score, R?, Mean Squared Error) [17]. They also set constraints regarding

time or cost (e.g., maximum processing time) that the AutoML process must adhere to.
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Step 2: The model selection process is treated as a single hyperparameter optimization
(HPO) problem within a hierarchical configuration space. The first iteration selects an
algorithm (model {1,2,... n}), while the second iteration selects the corresponding hyperpa-
rameters (parameters {1,2,...,i}).

To handle such complex and structured configuration spaces, different optimization
algorithms can be used, such as:

Random Search [18,19]: Defines the search space as a bounded domain of hyperpa-
rameter values and randomly samples point within it.

Grid Search [20,21]: Defines the search space as a grid of hyperparameter values and
evaluates each position within the grid.

More advanced methods such as Bayesian optimization and evolutionary optimization
are sometimes used [18].

3.2.3. Evaluation

The AutoML process ultimately provides a ranking of the best-selected models based
on the optimization metrics and constraints defined in the first step. The stakeholder then
selects the model with the highest score (Step 4 in the figure).

3.2.4. Deployment

Finally, the stakeholder can implement the generated model in a development envi-
ronment, as the most advanced AutoML tools provide executable code (Step 5 in Figure 4).

4. Use Case

The use case concerns a fleet of vehicles transporting hazardous substances. Op-
erational information related to the transport of hazardous substances is provided by
STMEF [22,23], a leading Moroccan company in this sector.

More specifically, the application case focuses on the management of truck tires, given
that tire failures can have dramatic consequences. Ensuring a high level of vehicle reliability
is a very important parameter for successful delivery missions. A minor accident, such as a
burst tire, can cause the tank containing the hazardous substance to detach, with dramatic
consequences for the transport company, other road users, and the environment.

The primary objective is to diagnose tire condition to estimate their remaining lifespan
and determine the number of kilometers left before they are deemed unserviceable.

This case study highlights the challenge of managing a fleet of more than 288 vehicles,
with around 3456 tires in operation and around 100 in stock. In addition, each vehicle is
associated with a set of information linked to its specific environment, such as the task
performed, the driver operating it, and the context in which it operates. To facilitate
decision-making, the aim is to create a decision support system that is capable of providing
decision support elements for STMF’s maintenance center.

For example, in the case of a truck operating in an environment where the roads are
particularly degraded, the information associated with this truck may indicate faster tire
wear compared with other vehicles operating on less degraded roads. The decision support
system can take these data into account and recommend more frequent tire rotation for this
truck in order to prevent tire failures and optimize tire life.

In addition, assistance can also take into account the characteristics of drivers. For
example, if a driver tends to drive aggressively, this can lead to premature tire wear. By
monitoring and analyzing data relating to each driver’s driving behavior, assistance can
identify drivers who require additional training in terms of good driving practices in order
to minimize tire wear and improve the overall safety of the fleet while minimizing the
negative impact on the environment.
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By combining information specific to each vehicle, driver, and their context, the
assistance system provides decision-support elements to the various STMF stakeholders,
particularly those in the maintenance center. This makes it possible to effectively plan
fleet maintenance based on tire diagnostics and other relevant parameters (e.g., weather
forecasts, mission planning, etc.), thereby reducing the risk of accidents linked to tire failure,
avoiding unplanned truck downtime, and optimizing tire use by replacing tires at the right
time, rather than systematically.

4.1. Design of Decisional Assistance
4.1.1. Overview of Tire Management

This study focuses on heavy goods vehicles whose primary function is to transport
goods from a point of departure to a destination. The focus is on the tires of these vehicles,
i.e., a sub-system that brings the vehicle into contact with the road surface which is of vital
importance in ensuring the safety of the vehicle and the goods being transported (e.g.,
dangerous goods).

Each vehicle consists of a tractor unit and a trailer. The tractor consists of two axles,
one of which is removable (i.e., the steering wheel axle used to steer the vehicle). The trailer
has three axles, one of which is generally liftable (i.e., the axle is automatically raised or
lowered if load conditions allow). We assume that all axles have single wheels, so a vehicle
has ten tires in total.

The vehicle fleet decomposition tree is shown in Figure 5, with the systems and
sub-systems considered in the study indicated in orange.

VinneVinn Vi

Figure 5. Composition of the truck system.

4.1.2. The Different Tire Swapping Strategies

The Maintenance Manager’s role is crucial in guaranteeing the safety and compliance
of vehicles when transporting hazardous substances. As far as the tires of the vehicle fleet
are concerned, the main objective of the maintenance manager is to keep them in good
working state in order to minimize the potential risks associated with their wear or failure.
That person ensures that the vehicle tires (i.e., tractors and trailers) are regularly inspected
for signs of wear (using depth gauges; see Figure 6), damage, or deterioration. Visual
and physical checks are then carried out to ensure that the tires are in good condition
and that they meet the required safety standards (i.e., compliance with the maximum
tolerated wear). This stakeholder implements a preventive maintenance program for tires,
including actions such as regular tire rotation, air pressure checks, and wheel balancing and
alignment. These measures help to extend tire life and prevent potential problems (e.g., tire
blow-out). He also ensures that there are always spare tires available in case of an urgent
need for replacement. The Maintenance Manager is also responsible for requesting the
supply of new tires, in advance, by communicating purchase requests to the Stock Manager.

The need associated with the Maintenance Manager are related to improving tire
life by developing tire rotation recommendations. Specific instructions (i.e., rules) can be
generated according to the type of tire degradation for moving tires from one position to
another on the vehicle and taking into account the state of the tire degradation (see Figure 7)
and the recommended rotation patterns (see Figure 8). This ensures more uniform wear
and longer tire life.
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As shown in Figure 8, several tire rotation strategies are possible:

(1) Rotating the tires on the rims while maintaining their position on the vehicle is a
common practice that helps combat one-sided shoulder wear and can also be beneficial in
applications where the tires are susceptible to excessive sidewall wear or abrasions.

(2) Rotating the right and left tires on the same axle helps to equalize the effects of
wear rates resulting from road characteristics such as camber or sidewall abrasion caused
by curbs (typically in urban applications).

(3) Rotating outer and inner tires evens out the wear between the twin tires and brings
the outer sidewall to the inside.

(4) Swapping tires from one axle to another maximizes tire life between the first and
second steering axles on 6 x 2 tractors, where differences in cornering forces result in
higher wear rates on the steering axle. This strategy is also used to swap a tire with another
tire on the same axle or another axle on the trailer. The case of swapping steering tires does
not concern STMF, which operates a fleet of tractors with a single steering axle. However, it
is possible to swap trailer tires.

(5) Swapping trailer tires from axle 1 (V111) to axle 3 (V113), from axle 3 (V113) to
axle 2 (V112), and from axle 2 (V112) to axle 1 (V111) maximizes the life and resistance to
irregular wear of all the trailer’s axles.

4.2. The Generation of Rule-Based Decision Assistance

As explained in the first section, the Maintenance manager is not an expert in data
analysis. Hence, the intervention of a data analytics expert is not favored. The AutoML ap-
proach is therefore used. The various assistance generation parameters are then presented.

4.2.1. The Data Set

The dataset concerns the history of tire rotation interventions which provided the
best performance in terms of tire consumption over a one-year horizon. The first category
of attributes, taken into consideration in the study and presented in Figure 9, concerns
axle condition. The condition of an axle is the average of the current tread depth of the
tires on both sides of the axle in question. The second category concerns the difference
in wear between the two tires on the same axle. The conditions and gaps of the front,
central, and rear axles are considered. The last category is the target variable, which is
the decision to be taken. Two permutation strategies are considered. First, PERMU_X
combines strategy (2) and (4) (see Figure 8). This decision consists of identifying a tire with
significant wear and swapping it with another tire (i.e., the other tire on the same axle or on
another axle) while respecting the wear gap on the same axle. Second, PERMU_E refers to
the permutation strategy (5). It consists of swapping the tires on the front axle with those
on the rear axle, the tires on the rear axle with those on the central axle, and the tires on the
central axle with those on the front axle.
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W e Tonn e et oommd T amiare decislon

0 1 2.783760 12.000000 6.806023 0.023314 0.000000 10.387954 PERMU_E

1 2 2.902080 12.000000 7.241880 0.027394 0.000000 9.516240 PERMU_E

2 3 2.751437 12.000000 2.024983 0.060909 0.000000 0.646474 PERMU_E

3 4 2.725663 12.000000 6.881820 0.020674 0.000000 10.236360 PERMU_E

4 5 2.900246 12.000000 6.912900 0.001337 0.000000 10.174200 PERMU_E
1646 1572 7.790134 4.767960 4.211391 8.022703 0.377743 4.354217 PERMU_E
1647 1573 4.460507 4.020283 4.453213 3.805226 1.601280 4.294877 PERMU_X
1648 1574 3.269250 3.154093 3.463586 2.653500 1.394974 2.413971 PERMU_X
1649 1575 4.945573 2.919433 3.879724 0.205071 1.008746 1.178443 PERMU_E
1650 1576 3.889251 1.862850 5.896599 0.029777 0.231009 0.428631 PERMU_E
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STAKEHOLDER
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Figure 9. Extract from the historical database of tire rotation operations.

4.2.2. Data Preparation

Historical data on tire repairs are entered into a dedicated application and stored in a
MySQL database. Data cleaning and the imputation of missing data are not necessary in
this application.

4.2.3. Model Development

The FLAML library [24] is used to design a predictive classification model in order
to generate a decision tree for use in decision assistance. Three requirements must be met
before the self-learning process can be launched.

The data source: The data source will be the dataset presented in the previous section.

The optimization metric: Accuracy is used to compare the different algorithms pro-
posed by AutoML.

The time constraint: This need of the Maintenance Manager is handled each time the
truck returns from a mission. The stakeholder then has to make a rotation decision quickly
in order to preserve the appropriate human resources to carry out the tire rotations. The
AutoML execution time constraint is set at 2 min.

Figure 10 summarizes the simplified configuration of the AutoML process. Figure 11
shows the configuration of the FLAML library.

i

STAKEHOLDER

@ Chooses

Classification of models according to the optimization
criterion

%Automated process for AutoML model selection
“Model RF ]

Model LGBM )

E Data Base
ETyre Rotation

extra_tree

@ ® n_estimators : 16
® max_features : 0.6953755625471141
® max_leaves : 10

Time
L ’ constraint:
2 minutes

History ¥ n_estimators : 16 W criterion : “entropy”
¥ max_features : 0.6953755625471141 @ {}1gom
¥ max_leaves : 10 {3
. . ¥ criterion - "entropy” ® n_estimators : 7
N Optimization cl : Py  max_features - 0.5573690290770358
.I' metrics: Accuracy |~ ¥ max_leaves 4

W criterion : "entropy”
= c) catboost
W early_stopping_rounds : 10

® learning_rate : 0.06233639237958607
® n_estimators : 37

] () xgboost

@ {} xgb_limitdepth

Figure 10. Illustration of the AutoML configuration for the STMF application case requirement.
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from flaml import AutoML

from sklearn.datasets import load_iris

import pandas as pd

from sklearn.model_selection import train_test_split

# Initialize an AutoML instance
automl = AutoML()
# Specify automl goal and constraint
automl_settings = {
"time_budget": 120, # in seconds
"metric": ‘accuracy’,
“task": ‘classification’,
"log_file_name": "STMF_Classi.log",

df = pd.read_csv("Histo_Permuvi2.csv")
# 'Date attachement'
columns = [‘etat essieu avant', ‘etat essieu central', ‘etat essieu arriere', ‘ecart essieu avant', ‘ecart essieu central’, '

labels = df['decision’].values
features = df[list(columns)].values

X_train, X_test, y_train, y_test = train_test_split(features, labels, test_size=0.60)
#X_train, y train = fetch_california_housing(return_X_y=True)

# Train with labeled input data

automl.fit(X_train=X_train, y_train=y_train,
**automl_settings)

# Predict

print(automl.predict(X_train))

#Print ('Meilleur modele: ')

print(automl.model.estimator)

ecart essieu avant s 1.966
entropy = 0.985

samples = 825
value = [472, 353)
class = PERMU_E

etat essieu arriere < 8.871

value = (3, 3]
class = PERMU_E

ecart essieu central s 4.822
entropy = 0.997
samples = 117

value = [55, 62)
class = PéRMU_X

entropy = 1.0 entropy = 1.0 entropy = 0.98 entropy = 1.0

samples = 4 samples = 112 samples = 36 samples = 2

value = (2, 2] value = [55, 57] value = !15, 21) value =[1,1]
class = PERMU_E class = PERMU_X class = U_X class = PERMU_E

-

. If the wear difference between the tires on the same front axle is less than or equal to 1.966, then the class is 'PERMU_E' (probability: 100%) based on
391 samples.

2. If the wear difference between the tires on the same front axle is greater than 1.966, the wear difference between the tires on the same central axle is greater
than 7.11, and the wear difference between the tires on the same front axle is greater than 4.192, then the class is "PERMU_X' (probability: 100%) based on 119
samples.

3. If the wear difference between the tires on the same front axle is greater than 1.966, the wear difference between the tires on the same central axle is less than
or equal to 7.11, the wear difference between the tires on the same front axle is greater than 4.704 but less than or equal to 9.361, and the wear difference
between the tires on the same central axle is less than or equal to 4.822, then the class is "PERMU_X' (probability: 50.89%) based on 112 samples.

4. If the wear difference between the tires on the same front axle is greater than 1.966, the wear difference between the tires on the same central axle is less
than or equal to 7.11, the wear difference between the tires on the same front axle is less than or equal to 4.704, and the condition of the tires on the same
front axle is less than or equal to 9.755, then the class is 'PERMUY’ (probability: 100%) based on 89 samples.

5. If the wear difference between the tires on the same front axle is greater than 1.966, the wear difference between the tires on the same central axle is greater
than 7.11, the wear difference between the tires on the same front axle is less than or equal to 4.192, the condition of the tires on the same rear axle is less
than or equal to 8.871, and the condition of the tires on the same rear axle is greater than 6.949, then the dass is "PERMU_E' (probability: 100%) based on 2
samples.

Figure 11. Code associated with the development of the autoML model for the requirement (top).
The decision tree generated and extraction of the rules (bottom).
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4.2.4. Results

The Extra_tree algorithm is ranked first according to the Accuracy optimization metric.
The best hyper-parameterization associated with the study dataset is presented in Table 1.

Table 1. Optimal hyper-parameterization of the Extra tree algorithm for the requirement.

n_estimators max_features max_leaves Criterion

16 0.6953 10 entropy

Table 2 presents the confusion matrix associated with the test dataset (50% of the initial
dataset). The different evaluation criteria are compared in Table 3. With an Accuracy of
90%, the developed decision tree can be considered highly relevant. In the next section, its
use will demonstrate its effectiveness in improving tire life. Figure 11 shows the decision
tree generated and an extract of the procedural rules deduced from this tree.

Table 2. Confusion matrix associated with needs.

Actual Positive Actual Negative
Predicted Positive 370 75
Predicted Negative 3 378

Table 3. Comparison of evaluation criteria.

Precision Recall F1-Score Support
PERMU_X 0.99 0.83 0.90 445
PERMU_E 0.83 0.99 0.91 381

4.3. The Exploitation of Decisional Assistance

In this phase, and as explained in Figure 12, with reference to the AADA model, the
Acquisition and Analysis phases are handled by the M1 and M2 artificial entities, while
Decision and Action are entrusted to the stakeholder him /herself:

I |
Acquisition | Analysis I Decision I Action

I I 1
| | 1

Knowledge 1 1 1 Knowledge-based
e e e e R N |

Information I @ 1 ( m | m J Rule-based
——————— - - = 1
Data @ | | | Reactive-based

| | 1

LEGEND : @ Tyre tread depth gauge 0 Stakeholder

@ Analytical assistance manager »

« Maintenance

Figure 12. Model of cooperation between humans and machines.

Acquisition concerns dynamic information elements: Each time a vehicle returns from
a mission, a systematic inspection is carried out. During this inspection, the depth of the
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tire tread is measured using an electronic gauge. The vehicle’s odometer is also read and
its value updated in the database.

The data are analyzed using the decision support system that has been developed. The
output of this phase consists of a decision tree containing the various procedural rules and
conditions to be followed in order to make a permutation decision. The decision support
proposes (i.e., “prescribes”) permutation strategies according to the current situation.

The rule-based decision is taken by the stakeholder by applying the rules generated
by the assistance system. As vehicle tires are crucial to safety, it is the stakeholder’s
responsibility to decide whether or not to apply a recommendation proposed by the
decision support system.

The action is entrusted to the maintenance stakeholder, who draws up the maintenance
order to be carried out by the mechanics to rotate the tires.

4.4. Experimentation with Decision Assistance

The lifespan of a tire, which can be up to 2 years, makes it difficult to evaluate
the decision-making assistance generated in the immediate future. A simulation model
(Figure 13) based on a multi-agent system was therefore developed in order to evaluate
the decision-making assistance according to the different missions within STMF and the
legislation concerning tires and tire degradation.

Mauritania

(¢} gb_lmetvennon (¢} 20 _pneu_consome G gutee_myeme _pneu_consomme

Figure 13. Simulation tool interface.

4.4.1. Simulation Settings

Table 4 shows the different agents and their parameters used for the simulation.

The French regulations concerning the tires and axles of heavy goods vehicles in are
set out in “le Code de la route” and “le Code de la sécurité routiére”. The extracts relevant
to our case study are explained below.
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Table 4. Simulation parameters.

Agents Parameters

Initial Values

Description

Geographical coordinates

Ain Harrouda

STMF is head office in the town of
Ain Harrouda, near Mohammadia.

STMF head office
Number of vehicles

20 vehicles

The experiment was carried out on

a sub-fleet designed to carry H224

products (i.e., extremely flammable
liquids and vapors).

Geographical coordinates

Casablanca, Tanger, Fés,
Marrakech, Oujda, Agadir

Cities to be delivered to

Destinations to be
delivered

An estimate based on actual order

Order frequency Between 3 and 5 a week £
requency
Order Quantit Between 1500 and An estimate based on actual order
ers y 11,000 Liters frequency
Batch orders Order list Dynamics Will be allocated at time of order
preparation
Capacity 45,000 Liters Maximum tank capacity

List of steering tires

2 steering tires

Tires installed in the steering axle

Vehicles Traction tire list

4 traction tires

Tires installed in the drive axle

List of trailer tires

6 trailer tires

Tires installed on the trailer

Cumulative mileage 0 km Vehicle odometer
.. Front axle, central axle, Tire position for easy identification
Position g
rear axle and rotation
Left side condition 12 mm Condition of the trgad on one side
of the tire
Trailer tires . . iti

i i Right side status 12 mm Condition Qf the tread. on the other

side of the tire

Brand Michelin, Continental, The brand of the tire
Dunlop
0 km Tire odometer

Cumulative mileage

Tire wear: The tires must have a minimum tread depth of 1.6 mm over the entire tread.
However, for the experiment, the tire replacement threshold is set at 3 mm to ensure better

grip and safety.
Tire rotation: At the time of rotation, the difference between the depth of the main

grooves of two tires mounted on the same axle must not exceed 5 mm (Figure 14).

2nd example: Maximum difference on
the axle: 6 mm =

1%t example: Maximum difference
on the axle: 4 mm =

177 16

mm mm

13 14 E A

mm mm

Figure 14. Depth of tread pattern on the same axle.
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4.4.2. Disruptions
Two types of disturbance are considered:

e Internal disturbances, caused by one of the factors in the system (i.e., aggressive
driving, damage to the steering or suspension system, etc.). This type of disturbance
increases the rate of tire damage per kilometer by 5%.

e  External disturbances (i.e., road conditions, external temperature, etc.). These distur-
bances increase the rate of tire wear by 3%.

4.4.3. Results

Table 5 presents the simulation results, considering a one-year horizon. The use of the
developed decision support system has made it possible to increase tire life by 3604 km
(difference between scenarios 1 and 4), resulting in a saving of 80 tires per year. With
an average tire cost of 500 euros and an average intervention cost of 20 euros, the use of
decision support will generate a saving for STMF of around 27,120 euros per year. This
saving will also be accompanied by a reduction in environmental impact through improved
tire utilization.

Table 5. Simulation results.

NUMBER OF AVERAGE LIFESPAN NUMBER OF
SCENARIOS TIRES Used OF Used TIRES INTERVENTIONS COsT
1-WITHOUT DECISION-MAKING
ASSISTANCE 925 52.773 932 481 K€
2-With decision-making assistance
(PERMUL_E strategy alone) 875 55.373 2064 478 K€
3-WITH DECISION-MAKING
ASSISTANCE (PERMU_X 918 55.686 114 461 K €
Strategy only)
4-WITH DECISION-MAKING
ASSISTANCE (PERMU_X and 845 56.377 1576 454K €

PERMU_E)

5. Conclusions

In this paper, we propose a decisional process based on an AutoML model aiming
at handling tires for transportation companies during their middle of life using a circular
economy concept. The existing literature predominantly focuses on optimizing tire lifespan
during the beginning of life and end of life phases, with limited attention given to the
middle of life stage of the tire’s performance.

In this paper, we used a data-driven strategy to help decision makers optimize tire
usage and maintenance, ensuring optimal conditions and reducing costs.

The proposed solution was implemented and tested in STMF with 20 vehicles. This
subset of the fleet was identified by the maintenance department at STMF, who provided
the relevant data for comparison with the simulation results throughout the study. The sim-
ulation results, based on a one-year horizon, revealed that the use of our decision support
system would extend tire life by an average of 3604 km. This extension led to a significant
reduction in tire consumption, saving approximately 80 tires per year. Given an average
tire cost of 500 euros and an intervention cost of 20 euros, our model enabled STMF to
achieve an annual financial saving of approximately 27,120 euros. Additionally, optimizing
tire utilization contributes to reducing the environmental footprint by minimizing resource
consumption and waste generation. The above results demonstrate the effectiveness of our
approach in real-world scenarios.
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Our AutoML approach is particularly engineered for non-experts in data analytics,
offering simplified model configuration and automated deployment, thereby reducing
technical complexity. This enhances accessibility and facilitates seamless integration into
operational workflows.

These findings highlight the potential of AutoML-driven decision support systems
in enhancing operational efficiency and sustainability within transportation companies.
Future work will explore further refinements to the model by incorporating additional
predictive factors, such as weather conditions and road quality, to further improve decision-
making and cost-effectiveness. Moreover, expanding the study to a larger fleet and inte-
grating real-time data streams could enhance the model’s adaptability and robustness.

Our research underscores the importance of intelligent data-driven strategies in circu-
lar economy applications, demonstrating that automated machine learning can effectively
support industrial decision-making, optimize resource utilization, and promote sustain-
able practices.

Possible future directions will consider the upgrade of our proposed approach, with a
focus on enhancing its adaptability to other cases, making it more general and versatile
for a wider range of applications. The deployment of an Al agent, particularly in the
knowledge-based decisional level, will enhance efficiency and assist stakeholders via a
finer user experience.
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