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Abstract

This thesis investigates whether refuelling, cleaning and resting decisions on fixed
multi-day routes can be improved by an integrated, data-driven decision aid for Nijhof-
Wassink. The problem is modelled as a Markov Decision Process and addressed with a
Deep Q-Network trained on historical three-day routes enriched with station and cost
information. The resulting policy is evaluated against a heuristic, the current decision
method and a Mixed-Integer Linear Programming benchmark. On the constructed
test routes, the DQN reduces expected operational costs by 19.33% compared to the
current decision approach and by 3.73% compared to the heuristic, with an average
optimality gap of 13.40% relative to the MILP solutions. Scenario and sensitivity anal-
yses indicate that the policy remains effective under changes in station availability and
cost parameters, suggesting that the approach is a promising basis for an integrated
decision-support tool in bulk logistics.

11



Preface

By reading this, you had the courage to dive into the realm of reinforcement learning
and specifically Deep Q-Learning. When I started this thesis project, those terms felt
just as abstract to me as they might sound now. Over time, the abstract concepts of
Deep Q-learning turned from vague ideas into practical tools for improving decisions
in the operations of Nijhof-Wassink.

This thesis marks the end of my Master’s in Industrial Engineering and Management
at the University of Twente. I could not have hoped for a better opportunity to develop
relevant skills in reinforcement learning, but also in broader areas such as change man-
agement and collaboration between academia and industry.

A special word of thanks goes out to my supervisor at Nijhof-Wassink, Luca Over-
mars. You placed great trust in me throughout the process and gave me the freedom
to explore the ideas I wanted to pursue. Our many sparring sessions provided valu-
able insights and helped me to approach the problem from different perspectives.

I would also like to express my sincere gratitude to my university supervisors. In par-
ticular, I wish to thank my first supervisor, Amin Asadi, for his continuous guidance,
constructive criticism and careful supervision throughout the project. I am likewise
grateful to my second supervisor, Breno Alves Beirigo, for his valuable suggestions
and critical remarks, which helped to refine the work in the last phase of the project.
Finally, I would like to extend my thanks to Abbas Maleki, whose regular meetings
and engagement with the topic encouraged me to explore alternative ideas and ap-
proaches.

Finally, I want to thank my family and friends for their support, encouragement and

their occasional reminders that there is more to life than Deep Q-learning. Their pa-
tience and understanding made the thesis period a lot more enjoyable.

111



Management Summary

Nijhof-Wassink’s operating costs are dominated by personnel, refuelling and clean-
ing. Currently, decisions regarding cleaning, refuelling and resting are made inde-
pendently, whereas integration of these actions could decrease the number of stops,
avoid long detours and combine certain actions. This thesis therefore asks: "Can an
integrated optimisation model improve cost efficiency and operational performance
by deciding refuelling, cleaning, and resting jointly over a fixed multi-day route?"

Methodology

The problem is modelled as a Markov Decision Process (MDP) and solved with Deep
Q-learning. A parametric Q-network is used to evaluate one state-action pair at a time,
which allows training with a variable action set. Training uses full-episode Monte-
Carlo returns in combination with a stratified replay buffer to avoid bias towards
many small refuels. A Mixed-Integer Linear Program (MILP), a heuristic approach
and the current decision method are used as benchmarks to evaluate the performance
of the DON model. The DOQN model is trained on historical three-day routes in com-
bination with station data, including prices and cleaning times.

Results

The evaluation shows that the DQN outperformed the current decision-making ap-
proach by 19.33% and the heuristic approach by an average of 3.73%. Comparison
with the MILP approach revealed that there is a 13.40% optimality gap. Furthermore,
the DON approach uses fewer refuelling stops per route while still completing the
routes, indicating a more efficient refuelling strategy. Scenario analysis shows that the
policy remains effective when the number of refuelling stations is reduced by 50%.
Sensitivity analysis shows that the model adapts smoothly to parameter changes sug-
gesting that the state representation and training setup generalise beyond the exact
environment of Nijhof-Wassink.

Contributions

This research provides an integrated decision support tool that combines refuelling,
cleaning and resting choices without handcrafted rules which offers measurable cost
improvements while remaining robust in a changing environment. Theoretically, this
research provides a structured formulation for the Fixed Route Vehicle Refuelling,
cleaning and resting problem (FRV-RCRP) and a scalable DQN design for large, non-
stationary action and state spaces.
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Recommendations

Long horizon validation: Run a longer-horizon evaluation to compare the DQN
with the current approach.

Route-calculation: Integrate a route-calculation API to get accurate driving times
and fuel consumption before implementation.

Scenario mapping: Map all key operational scenarios and adjust exploration so
each scenario is represented during training.

Graph transformer: Implement a graph-transformer to capture truck-to-station
and station-to-station geometry for better upfront combinatorial choices.

Robustness: Test the model under uncertainties such as stochastic travel times,
daily price shifts and station queues.

Method extension: Experiment with various reinforcement learning techniques,
such as PPO, to determine if model performance improves.

Conclusion

This thesis presents an integrated Deep Q-Network (DQN) decision aid for address-
ing the Fixed-Route Vehicle Refuelling, Cleaning, and Resting Problem. The DQN
model learns key trade-offs between price, detour, and service without relying on
hand-crafted rules. It outperforms the current approach by an average of 19.33% and
a heuristic method by 3.73% across various test routes. The agent successfully reduces
both the frequency of stops and the amount of fuel used per stop, while still main-
taining effectiveness under scenario stress tests. Due to its region-agnostic state space
formulation, the DQN model can be applied in different operational regions. Over-
all, these results position the approach as a credible and scalable candidate for pilot
deployment and continuous improvement.
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Chapter 1

Introduction

1.1 Company Description

Nijhof-Wassink Group is a leading logistics company specialised in transporting bulk
goods from and to worldwide customers. Nijhof-Wassink strongly focuses on effi-
ciency and reliability, aiming for safe and timely delivery of bulk materials. The group
can be divided into two business Units (BVs): Wemmers and Nijhof-Wassink. Wem-
mers specialises in transporting human food and ensuring hygiene and safety stan-
dards. Nijhof-Wassink is further divided into three sectors: Feed, Chemicals and Fuel.
The feed department transports animal feed, and the fuel department is responsible
for transporting diesel and petrol. The chemical department is divided into two divi-
sions, namely, DBL (Dry Bulk Logistics) and LBL(Liquid Bulk Logistics). DBL handles
industrial powders such as plastic pallets, whereas LBL focuses on disinfectants and
other liquid chemicals. Nijhof-Wassink operates a fleet of around 700 trucks and 900
trailers by a team of 700 highly skilled drivers. Nijhof-Wassink is primarily active in
Europe, with most of the transport in Benelux, Germany, and Eastern Europe. Next
to transportation activities, Nijhof-Wassink is active in the tank-cleaning services and
the warehousing sector.

1.2 Research Motivation

In recent decades, massive trade globalisation has occurred. Global trade volume
reached 28.5 trillion dollars in 2021, tenfold the amount in 1980, indicating an enor-
mous expansion of global supply chain networks (UN Trade and Development, 2022).
The transportation industry plays a crucial role in these supply chains, transporting
goods globally. For bulk transportation companies, fuel, cleaning and resting deci-
sions are key in optimising operational processes. Fuel costs alone can account for
up to 50% of total operating expenses in road transport , making strategic refuelling
decisions essential (MINISTERIO DE INDUSTRIA et al., 2006). Additionally, cleaning
locations must be selected to comply with regulations while minimising the waiting
time and cleaning costs. Strict driving and rest regulations increase the complexity
of these decisions as they restrict the planning of the activities. Due to the signifi-
cant differences in fuel and cleaning prices across Europe and the low profit margins
in the bulk transportation industry, minor decision-making inefficiencies can severely
decrease the profitability of bulk transportation companies (Gkatzoglou et al., 2024).
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1.3 Problem Statement

1.3.1 Problem Identification

This section discusses the daily operational planning process at Nijhof-Wassink. After
extensive interviews with employees in different departments of Nijhof-Wassink, four
main decision categories have been established:

1. Daily planning: The daily planning entails assigning drivers, trucks and trailers
to loading and unloading locations. Consequently, the driver chooses the route
between the assigned locations.

2. Refuelling : Truck drivers must determine the location and timing of refuelling.
Drivers may choose the refuelling location while trying to select the most cost-
effective options.

3. Cleaning: Trailers must be cleaned to avoid contamination of freight due to
residue left inside the tankers. The cleaning or swapping of trailers happens be-
tween the delivery and pickup of cargo. At the beginning of the day, each driver
receives their route, including the pickup, delivery and cleaning locations.

4. Resting: Drivers must take regular breaks due to regulations and ensure safe
driving behaviour. The driver can choose the resting location based on personal
preferences while still adhering to the existing rules

The daily planning is currently done by the planning department and is deemed to
be fixed. In contrast, no integrated decision-making procedure for refuelling, truck
cleaning, and driver resting is implemented in the company’s logistics. Therefore,
drivers lack insight into the optimal choices, which could lead to short-sighted and
sub-optimal decisions. Each of the three required actions is decided on independently,
whereas a combined decision-making approach can reduce costs and improve effi-
ciency. Thus, this research aims to determine whether an integrated solution approach
can enhance the efficiency of operational decisions and decrease the total operational
cost.

1.3.2 Problem Cluster

After extensive analysis, a problem cluster has been constructed, where the cause-
and-effect relations of all problems are visualised. The problem cluster is depicted in
Figure 8.1. The core problem is the lack of an integrated decision-making approach for
refuelling, cleaning, and driver resting, which leads to sub-optimal decisions in these
three factors. These inefficiencies lead to increased operational costs through several
direct and indirect consequences.

Refuelling inefficiencies

Drivers may choose the refuelling location themselves, but due to the lack of insight
into the consequences of their decisions down the road, refuelling locations are not
optimised. Additionally, drivers lack visibility into gas stations along their route. The
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result is that trucks may be refuelled at gas stations with high fuel prices, which in-
creases fuel costs. Furthermore, truck drivers make too many stops, leading to high
labour costs due to increased man-hours. An extra 15 minutes is charged for every re-
fuelling stop that is made. Additionally, drivers must re-accelerate after stopping the
truck, which consumes a significant amount of fuel, especially when the truck is fully
loaded. Lastly, truck drivers make long detours to arrive at the chosen gas stations,
further increasing labour costs and fuel consumption.

Cleaning inefficiencies

Unlike the refuelling locations, the cleaning locations are determined by Nijhof-Wassink’s
planning department. There are two options for determining these cleaning locations.

1. Swap facility: At this type of facility, the tanker can immediately be exchanged
for a clean one. This allows the driver to continue the planned route. The original
tanker is cleaned at a later moment

2. On-cite cleaning facility: The driver must remain at the station during the clean-
ing process and, if possible, assist with the cleaning process.

Not optimising the cleaning location can lead to trucks being cleaned at expensive
cleaning companies, leading to increased operational costs. Furthermore, not using
the swap facility as much as possible adds waiting time, which increases labour costs
and further adds to the operational costs.

Resting times inefficiencies

Truck drivers are allowed to work a certain number of hours daily, which serves as
a hard upper limit. Not adhering to these rules can lead to high fines. However,
drivers are flexible in choosing their resting times earlier if this improves efficiency.
For example, resting close to a gas station with low fuel prices can lower the length of
detours and lower fuel costs to improve cost-effectiveness. The resting locations are
often based on drivers’ preferences about available facilities at the stops.

1.3.3 Relevance Of The Research

This thesis examines the joint decision-making process involved in cleaning, refueling,
and resting. Financial data from Nijhof-Wassink indicate that the majority of total costs
stem from personnel, refuelling, and cleaning expenses. Additionally, the company’s
profit margins are quite low. As a result, it is crucial to make decisions regarding clean-
ing, refuelling, and resting as efficiently as possible. By integrating these three actions,
it may be possible to enhance efficiency and thereby reduce operational costs.

From an academic perspective, this study addresses a gap in existing research, which
typically focuses on optimising only one or two of these decisions simultaneously,
whereas this study aims to optimise all three. By quantifying decision performance
and comparing it with other benchmark solution methods, this study provides a ro-
bust evidence for the proposed solution approach. A detailed explanation, along with
examples, can be found in Section 8.2.
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1.3.4 Research Goals

Several research goals have been established to guide the study and ensure valuable
insights and information are obtained. The research questions in Section 1.3.5 are for-
mulated based on this framework of goals.

1.

Analyse and map the current decision-making processes and challenges at Nijhof
Wassink.

Explore existing literature’s modelling techniques and model-solving approaches
for integrating refuelling, cleaning and resting decisions and their advantages
and disadvantages.

Examining different performance metrics and benchmark solutions to evaluate
the performance of the chosen model.

Explore the possible added value of implementing or further researching the
integration of refuelling, cleaning and resting decisions in the daily workflow of
Nijhof-Wassink.

Evaluate and understand the proposed model’s limitations and provide recom-
mendations for its implementation and future research to Nijhof-Wassink.

Validate the constructed model, proposed solution and experimentation results.
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1.3.5 Research Questions

To guide this research, a main research question and several sub-questions have been
constructed based on the problem cluster and research goals. The problem-solving
approach for the following research questions is discussed in 8.3.

Main Research Question

"How can the integration of refuelling, cleaning, and resting decisions in a single
optimisation model improve cost efficiency and operational performance for Nijhof-
Wassink Group’s truck fleet?"

Sub-questions

Business Understanding:

1. What criteria, constraints and methods are currently used by Nijhof-Wassink to
make refuelling, cleaning, and resting decisions?

2. What inefficiencies occur in the current decision-making process?
Literature Review:

3. What approaches for modelling integrated decision-making problems in fleet
management exist in the literature?

4. What approaches for solving the chosen modelling technique exist in the litera-
ture?

Model Engineering:

5. What modelling approach best suits the problem based on the theoretical aspects
of integrated decision-making in fleet management?

6. What solution method is most suitable for optimising the chosen model effec-
tively?

Data Collection and Preparation:

7. What specific data must be incorporated into the model in order to effectively
address the integrated decision-making problem?

8. What pre-processing steps are required to prepare the data?
Quality Assurance and Deployment:

9. What performance metrics should be used to evaluate the effectiveness of the
selected models and solution approaches?

10. How can the different performance metrics be measured and validated in a real-
world logistics setting reflecting the operational constraints and decision-making
process of Nijhof-Wassink?
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11. How do different modelling and solution approaches compare regarding the se-
lected performance metrics, and which solution approach best suits the decision-
making process of Nijhof-Wassink?

Monitoring and Maintenance:

12. What are the recommendations and limitations for implementing the proposed
solution?

13. How can the chosen model be adapted so that it can be applied to the multiple
operation areas in which Nijhof-Wassink is active?

1.3.6 Scope and Limitations

This research will focus solely on the DBL and LBL sectors as they share many char-
acteristics and constraints and have more data available. The other sectors differ in
operational processes and have limited data available. Additionally, LBL and DBL
make up a large part of Nijhof-Wassinks” driving routes, and thus, a large part of the
operational costs originates from these two sectors. The absence of generalizability in
other sectors and the large operational cost share of LBL and DBL led to the research
of these two sectors. This means that the proposed models and used data may need
adaptations before being implemented in the other sectors of Nijhof-Wassink.

This research focuses on optimising refuelling, cleaning, and resting decisions in the
Netherlands, Belgium and Germany. Nijhof-Wassink has several customers in other
European countries, such as Spain, Italy, Switzerland and other European countries.
However, these countries will not be included in the research due to the small number
of orders and the absence of reliable data on gas and cleaning stations.

To realise a feasible model, some assumptions must be made. Examples of assump-
tions are average driving speed, weather conditions, driver preferences and driving
costs per hour. Assumptions are kept to a minimum to ensure that the findings of this
research are still applicable to the Nijhof-Wassink case study. The exact list of assump-
tions is presented in Section 4.2.2.

This study will focus on the short-term decision-making of refuelling, cleaning and
resting locations and timing. The proposed model will function as operational advice
for planners and drivers regarding real-time or near-real-time decision support.
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1.3.7 Assessment of Validity and Reliability
Validity

Face Validity: Experts at Nijhof-Wassink will be asked for their opinions on the chosen
solution and the corresponding KPI values. Experts from pre-planning, live-planning,
finance, application managers, and several drivers will be consulted to view the solu-
tion from multiple perspectives.

Content Validity: All input data, constraints, and decision rules are based on Nijhof-
Wassink’s business process. Current decision rules and constraints are extracted based
on interviews with experts. It is assumed that these experts have the company’s best
interests at heart, and thus, these claims are valid. The data is from a database used
daily to make driving routes, cleaning, and fueling decisions. While errors may exist
in the data, the daily use in operations indicates that the data is valid enough to use in
the constructed model.

Construct Validity: The KPI values from the solved model will be compared to KPIs
flowing from the current decision-making process to see if values are in the same order
of magnitude. Detecting significant differences between the two sets of KPIs can indi-
cate an error has been made in the model. Most sequential decision-making problems
are sensitive to errors as they are based on multiple assumptions and constraints.

Reliability

The reliability of the research will be ensured by completing multiple experiments
with the same input data and model settings. However, data science and especially
machine learning techniques do not always yield consistent results, making it hard to
establish the reliability of such research. To ensure the reliability of this research, the
experiments are repeated and the variability of the outcomes is analysed which pro-
vides insight into the stability of the conclusions. Furthermore, the results will be pre-
sented to multiple employees working in different departments to mitigate observer
bias.



Chapter 2

Context Analysis

This Chapter explains the current operational processes of the Dry Bulk and Liquid
Bulk departments at Nijhof-Wassink. First, Section 2.1 explains the current transporta-
tion network and fleet management infrastructure. Subsequently, Section 2.2 explains
the current operational planning process per decision category. Then, Section 2.3.1
provides a detailed cost breakdown, highlighting which components are decision-
sensitive and therefore most impactful. Section 2.4 gives a summary of this chapter.
The research questions that are answered in this Chapter are: What criteria, constraints
and methods are currently used by Nijhof-Wassink to make refuelling, cleaning, and resting
decisions? and What inefficiencies occur in the current decision-making process?

2.1 Transportation Network and Fleet Management

2.1.1 Routes and service areas

The DBL and LBL sectors of Nijhof-Wassink are active in large parts of Europe. Most
customers have recurring loading and unloading requests at Nijhof-Wassink, for which
a new price is agreed upon each time they place an order. In addition to fulfilling
transportation requests from regular customers, Nijhof-Wassink also handles SPOT
transportations. Customers can submit SPOT requests on a marketplace website, al-
lowing Nijhof-Wassink to select and execute specific transportations, thereby reducing
empty kilometres driven and keeping costs low. Data analysis of historical routes from
January 1, 2024, to January 1, 2025, recorded 324 loading locations and 901 unloading
locations. These include the regular and SPOT requests. The loading and unloading
locations are referred to as events in this research, as these are the locations the trucks
must visit. The route sections in between the events are referred to as segments.

2.1.2 Technology and Data Infrastructure

Several connected systems manage the fleet of Nijhof-Wassink. This Section explains
the different systems and their functions, which are visualised in Figure 2.1. The in-
teraction between the systems and the connected planning processes are explained in
Section 2.2.1.

¢ Navitrans: Nijhof-Wassink utilises a transport management system for manag-
ing order requests. All orders, along with their respective loading and unload-
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ing locations and time windows, are recorded in this system. Additionally, all
invoices are generated and stored, and all pricing agreements are maintained.

* Greencom: This system tracks the GPS location and fuel level of the trucks and
regularly sends updates to the planning software ORD.

* ORD: This is the planning software used by Nijhof-Wassink. Drivers are as-
signed to a truck and trailer, which are then assigned to specific loading and un-
loading locations. ORD also tracks the location of the trucks via the Greencom
device.

* Boardcomputer: This device is a tablet mounted inside the truck and serves mul-
tiple purposes. Truck drivers can view their action list and provide updates on
the status of their current tasks to the Nijhof-Wassink planning department. For
example, a driver can indicate when they have started loading or unloading at
a customer’s location or when they are taking a break. Additionally, the driver
can capture the Bill of Lading (BOL) using the camera on the board computer
and send it to Navitrans and ORD for further processing.

¢ Tachometer: This device tracks the driving and resting times of every individual
driver to ensure compliance with existing regulations.

2.2 Operational Processes

2.21 Planning of Transportations

Nijhof-Wassink utilises multiple software systems to manage daily operations and
collect data on critical processes, thereby enhancing decision-making and supporting
fleet analytics. Figure 2.1 depicts the system architecture by visualising the operational
flow regarding the planning of a truck. When a customer places an order, informa-
tion on the loading and unloading addresses, as well as the order execution date, is
saved in Navitrans by the order intake department of Nijhof-Wassink. After register-
ing the transportation request in Navitrans, the planning department creates a plan-
ning which entails assigning a truck, trailer and driver to several consecutive actions
that span a maximum of three days. Behind this three-day horizon, Nijhof-Wassink
has not received enough transportation requests to create an efficient planning. The
planned actions typically involve loading and unloading locations, as well as cleaning
advice after an unloading location. The loading and unloading locations are manda-
tory, whereas the cleaning locations are just a recommendation that the driver is not
necessarily required to follow. During transport, the truck sends frequent updates to
ORD with information on its current GPS location and fuel level. ORD then auto-
matically calculates the estimated arrival time to the next location on the action list.
The planning department then analyses if the rest of the planning is still feasible or if
rescheduling is necessary. The planning can become infeasible if the driver is not on
time at the next location due to the assigned time window constraints at the customer.
Many customers of Nijhof-Wassink utilise time windows for loading and unloading
to manage congestion at the loading and unloading docks. The planning department
can reassign the next location to a different driver, ensuring the next time window is



Chapter 2. Context Analysis

met and Nijhof-Wassink avoids fines. The change in planning is communicated to the
drivers through the board computer.

Cleaning advice
algorithm
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Figure 2.1: System architecture

2.2.2 Cleaning Process

After unloading a product, trailers need to be cleaned at a cleaning station. Clean-
ing can be done at various cleaning stations throughout Europe. However, not all
materials can be cleaned at every station due to significant differences in cleaning dif-
ticulty among products. Generally, dry bulk products are easier to clean than liquid
bulk products. This is primarily due to two factors: first, regulations for cleaning lig-
uid bulk are stricter than for dry bulk; and second, some liquid bulk materials can
be sticky, making them more challenging to remove from the containers. Commodity
codes are assigned to various products to indicate the difficulty and duration of the
cleaning process. The four commodity codes and corresponding cleaning hours are
presented in Table 2.1. Utilising a swapping station always takes one hour in total;
however, the original cleaning costs are incurred because the trailer still needs to be
cleaned. There are significant price differences between the different cleaning stations,
which are visualised in Figure 2.2. It can be seen that cleaning prices vary between
€50 and €750. Choosing the right cleaning station is therefore of utmost importance
for ensuring cost efficiency and maintaining competitive operational performance.

10
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Figure 2.2: Cleaning costs distribution

Comodity code | Cleaning duration (hours)

EASY 1.5
MEDIUM 2
HEAVY 3

UNKNOWN 2

Table 2.1: Cleaning durations

Initially, the planning department chooses the cleaning location based on their ex-
pertise and implicit knowledge rather than using explicit rules. For liquid bulk, the
location choice is relatively easy, as not many companies can handle cleaning liquid
products. This leaves little choice, and the cheapest station is often chosen from the
teasible options. In contrast, the choice for dry bulk cleaning stations is more complex
due to the greater number of viable cleaning stations caused by the ease of the cleaning
process. One challenge is determining whether it is worth travelling a greater distance
to access a cleaning process that offers a lower price. Therefore, an additional check in
the form of a cleaning station selection algorithm has been implemented by the appli-
cation management department of Nijhof-Wassink. At the start of the day, the feasible
cleaning stations for every truck in a segment are retrieved. Then, a cost calculation is
made for reaching every individual cleaning station that is present within X kilometres
of the route between the unloading point and the next loading point. This number is
divided by the actual cleaning costs paid at that station to analyse whether the savings
in cleaning costs exceed the extra costs incurred for the detour. The most economical
option is then selected and communicated to the drivers as advice. The main lim-
itation of this method is that it evaluates cleaning stops in isolation from the other
two decisions. As a result, It may overlook opportunities to save costs by combining
cleaning actions with refuelling at a cheaper gas station.

11
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2.2.3 Refuelling Process

In contrast to cleaning decisions, no advice is given on the refuelling location. Cur-
rently, drivers choose their own refuelling location, often based on the base fuel price
represented at the gas stations and their expertise throughout the years. The base fuel
price excludes any discounts or tax refunds specific to that gas station, leading to deci-
sion difficulties among truck drivers and suboptimal refuelling behaviour. In addition
to the lack of real-time fuel price information, drivers may also face other challeng-
ing situations. For instance, if a truck is low on fuel and only high-priced stations are
nearby, while cheaper stations are further away but currently inaccessible, the driver
encounters an operational dilemma.

1. Take a small refuel at the expensive station to ensure reachability of the cheaper
one down the route. Then, make a second stop to refuel at the cheaper station
fully, utilising the lower fuel price but incurring extra detour and stopping costs.

2. Fully refuel now at the nearby expensive station to avoid detour and stop costs
of this second fuel stop, but incur high fuel costs.

Another dilemma arises when considering a detour to a cheaper gas station. In gen-
eral, there are two options:

1. Take a detour to refuel at a lower price, increasing the total distance travelled,
consuming additional fuel, and potentially raising toll costs. However, the sav-
ings on gas prices may offset the increase in other expenses.

2. Wait for a gas station on the route with a potentially higher fuel price, but avoid
the extra distance and delays.

In both dilemmas, the chosen action in the current stage has consequences for possible
actions in later stages, making optimal decision-making even more difficult. These two
situations do not describe the entire decision space. In practice, many other configura-
tions may arise, for example in combination with the other two action types: cleaning
and resting. These two are presented to illustrate the difficulty of the decision-making
process.

Price agreements

There are significant fuel price differences across European fuel stations. Two main
price calculation methods are used in the Netherlands and the rest of Europe. The fuel
prices in the Netherlands are determined by the Platts prices, which serve as a bench-
mark for trading crude oil, gas, and metals. Nijhof-Wassink receives a new Platts
price at the start of each week. The fuel price paid by Nijhof-Wassink is calculated by
adding a certain premium based on the region in which the gas station is located. The
premium that is paid on top of the Platts price is the same for most gas stations, namely
€4.75/100L. The other gas stations have premiums ranging between €3.75/100L and
€22/100L.

Regarding the fuel prices in the rest of Europe, Nijhof-Wassink has a price agreement
with BP and its subsidiary companies. European countries are divided into regions on

12
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which a rebate is based. The fuel prices per region are calculated by subtracting the
rebate from the base price. Belgium is unique in that it offers both a rebate and a tax
refund, resulting in fuel prices that are generally the lowest. The average fuel prices
from 2023-01 until 2025-01 of the countries in the scope of this research are visualised
in Figure 2.3. It is evident that there are significant differences in fuel prices across
various countries.
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Figure 2.3: Fuel prices NL, BE and DE

In addition to the variations in fuel prices between countries, there are also signifi-
cant differences in prices within individual countries. Figure 2.4 shows the fuel price
spread within the different countries on 2024-12-15.

Fuel price spread per country (violin) — 2024-12-05
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Figure 2.4: Fuel price spread
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Refuelling behaviour

The fuel tanks of the trucks used by Nijhof-Wassink have a capacity of 550 litres. Ap-
proximately 1,500 kilometres can be travelled with a full tank, depending on external
factors such as weather conditions, traffic, driving style, and road conditions. The av-
erage amount refuelled by drivers in the DBL and LBL sectors is approximately 284
litres, which seems suboptimal given the truck’s 550-litre tank capacity. Refuelling
when the fuel level is lower would be more beneficial, as it allows the driver to avoid
frequent stops. The histogram in Figure 2.5 shows that the mode of the refuelling
amount is between 330 and 360 litres.
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Figure 2.5: Refuelling amounts histogram

2.2.4 Resting Process

Truck drivers must adhere to the driving and rest regulations of the European Union.

This research focuses solely on decisions related to nighttime rest, and therefore, only

regulations affecting these decisions are presented. The following rules apply to Nijhof-
Wassink’s drivers.

¢ Daily driving shall not exceed 9 hours, with an exemption of twice a week when
it can be extended to 10 hours

* Total weekly driving time may not exceed 56 hours, and the total fortnightly
driving time may not exceed 90 hours

¢ Daily rest period shall be at least 11 hours, with an exception of going down to
9 hours maximum three times a week. Daily rest can be split into 3 hours of rest
followed by 9 hours of rest to make a total of 12 hours of daily rest.

The driving times are recorded by a tachometer installed inside the truck’s cabin.
Drivers cannot alter the recorded data, which is automatically sent to the hour-controlling
department of Nijhof-Wassink. The police conduct random checks both on the road
and at the Nijhof-Wassink office to ensure compliance with driving and rest regula-
tions. Any violations of driving regulations may result in significant fines. Therefore,

it is crucial to adhere to these rules.

14
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2.2.5 Feasibility of Combining Actions

In the context of route execution, a combination action is defined as a deliberately
paired sequence of cleaning refuelling or resting stations.

* Cross-station combinations: Directly driving between a cleaning and resting
station or between a cleaning and refuelling station on the same side of the route
segment.

* Co-location combinations: Performing a resting and refuelling action at the
same station.

The same-side restriction for the Cross-station combination is essential, only then the
vehicle does incur one off-route detour rather than paying two separate detours for
two independent stops on opposite sides of the route. This difference is visualized in
Figure 2.6

Opposite-side (non-combination) Same-side combination (Clean — Refuel)

Baseline (straight)
=== Driven route
@® Start

Baseline (straight)
=== Driven route
® start
A Station

Detour: 1.38 km * End

Detour: 0.82 km

A Station
# End

(a) Combination on opposite side (b) Combination on same side

Figure 2.6: Action combination example

Although Nijhof-Wassink does not actively combine the three different actions to achieve
higher operational efficiency, there is clear potential to do so. Gas and cleaning stations
are often in close proximity, allowing for combination actions which reduce detour dis-
tances, waiting times, and overall operational costs. Figure 2.7 illustrates the spatial
distribution of refuelling and cleaning stations that are located within a 10-kilometre
radius of each other, highlighting regions where such combinations are feasible.
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Figure 2.7: Station proximity map
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2.3 Critical Decision Factors

2.3.1 Cost structure

To gain insight into the factors that drive operational costs, a cost breakdown is vi-
sualised in Figure 2.8. There are four main cost components: fuel, cleaning, toll, and
labour costs. The green boxes represent costs that can be influenced by adjusting the
refuelling, cleaning, and resting locations, as well as the amount of fuel purchased per
refuelling action. In contrast, the red boxes represent costs that are unaffected by these
decisions.
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Figure 2.8: Cost Breakdown Nijhof-Wassink
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To charge customers with well-considered costs and analyse current operational pro-
cesses, some variable values have been generalised per department. A standard cost
per kilometre and hour for the two sectors has been established by Nijhof-Wassink.
The driving costs are set to €X per hour and €X per kilometre. The price per hour is
calculated based on the hourly wage of a driver, truck depreciation, taxes, insurance,
and overhead costs, and is used to determine the costs of driving and waiting time.
The price per kilometre is calculated using an average maintenance cost. It is then
multiplied by the total kilometres driven in a segment to determine the driving costs
for that lane.

The second component is European road tolls. However, these are excluded from the
scope of this research due to limited data availability.

Cleaning costs incurred between unloading and loading should also be included in
the operational expenses. These costs vary depending on the material being cleaned
and the specific cleaning station utilised. Even if the same material and cleaning sta-
tion are involved, different prices may be charged by the cleaning company due to
external factors such as temperature and humidity. For instance, when birch bark is
transported in low temperatures, its viscosity increases, making the cleaning process
more challenging. This can lead to higher cleaning costs imposed by the cleaning com-
pany. An average cleaning cost per material and cleaning company is calculated. This
cost list is not included in this research due to the numerous combinations of cleaning
stations and products.

2.3.2 Cost-Sensitive Decision Levers

Section 2.3.1 points out that there are are several important cost factors that influence
the total operational costs of the transporation fleet of Nijhof-Wassink. Alongside that,
the review on the current planning logic highlights decisoin points where choices can
significantly affect cost. Together, these observations point to the followning cost-
sensitive areas that are used later for validation of the decision policy:

* Fuel price selection: The difference in fuel price arccos different countries stresses
the importance of the ability of the decision policy to exploit station price differ-
ences.

¢ Detour management: Driving costs per hour and kilometre make it essential to
weigh added distance and time against potential savings from cheaper stations.

¢ Bridging refuels: The identified The ability to detect bridge-refuels and act on
them.

* Action Combination: Recognizing stop and detour overhead costs motivates
combining refuel, rest and cleaning actions at the same station or at nearby facil-
ities when possible, to improve efficiency.

¢ Stopping frequency: Reducing stopping frequency to avoid repeated fixed stop
overheads and cumulative detour distance.
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2.4 Summary

This Section describes the business context of the DBL and LBL sectors of Nijhof-
Wassink, which are the focus of this research. The transportation network, includ-
ing service areas and specific loading and unloading, was outlined. Subsequently, the
current technological infrastructure, including Navitrans, ORD, Greencom, the board
computer and tachometer, was mapped. The primary operational processes regard-
ing cleaning, refuelling, and resting were discussed, outlining decision difficulties and
price differences. The selection of refuelling, cleaning and resting currently heavily re-
lies on the expertise of employees and truck drivers, which is not always a guarantee
for the best decision outcomes. Therefore, a structured planning approach is needed
to ensure robust decision-making. Finally, an analysis of the cost structure of Nijhof-
Wassink was conducted. It was determined that labour, fuel, and cleaning costs are
the primary components, indicating that the most significant potential savings could
be achieved in these areas.
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Literature Research

This Chapter discusses the theoretical context of the problem faced in this research.
This literature research is split into seven sections. Section 3.1 aims to discover the
problem landscape of the problem faced at Nijhof-Wassink by analysing its charac-
teristics and comparing them to existing literature. Due to the limited research on
combining the three decision factors into a single decision optimisation model, each
will be researched individually. Section 3.2 describes the Fixed Vehicle Routing Prob-
lem and modelling approaches, as this type of problem is most related to the problem
faced at Nijhof-Wassink. Subsequently, the broader theoretical landscape is discussed
in Section 3.3. In Section 3.4, the application of the sequential modelling approach,
specifically Markov Decision Processes, is explained, along with its potential appli-
cations in transportation problems. Section 3.5 dives deeper into different solving
approaches. Section 3.6 classifies the problem in this research within its own group
of problems. 3.7 gives a summary of this Chapter. This Chapter aims to answer the
following research questions: What approaches for modelling integrated decision-making
problems in fleet management exist in the literature? and What approaches for solving the
chosen modelling technique exist in the literature?

3.1 Problem Landscape and Background

3.1.1 Refuelling Optimization

Fuel costs can generally be decreased in three ways. The first approach indirectly low-
ers fuel costs by minimising the distance trucks travel during a given period. The
second approach aims to minimise the sum of the fuel costs spent during a certain
route or period. A third approach combines the two approaches that aim to reduce
both travelled kilometres and spent fuel costs.

Problems that aim to minimise the travelled distance are often referred to as Vehicle
Routing Problems (VRP) or Travelling Salesman Problems (TSP) in the existing litera-
ture. A TSP involves minimising the travelled distance of a single vehicle which must
visit a set of locations, after which it returns to the starting point (Dantzig et al., 1954).
TSPs are NP-hard problems, meaning no polynomial-time algorithm exists to solve all
instances of a TSP. The solving time of such problems exponentially increases with the
number of locations, making most real-life problems complicated. Variants of the TSP
are symmetric Travelling Salesman Problems (STSP), where the distance between cities
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is the same in both directions or asymmetric Travelling Salesman Problems (ATSP),
where the distances between cities depend on the travel direction. Padberg and Ri-
naldi (1991) solved large instances of the STSP to optimality using a branch-and-cut
algorithm. Choi et al. (2003) used a genetic algorithm to solve the ATSP to near opti-
mality or, in some cases, optimality.

A VRP is an extension of the TSP, which considers multiple vehicles that must visit nu-
merous locations (Dantzig and Ramser, 1959). The aim is to create a set of routes that
minimises the travelled distance. Many variations based on the nature of a problem
exist in the literature. Examples include Vehicle Routing Problems With Time Win-
dows (VRPTW) and its variations, such as those with a constraint on the maximum
number of vehicles to be used (m-VRPTW). Lau et al. (2003) provided a computable
upper bound as a benchmark and proposed a tabular search to solve the m-VRPTW.

In the Fixed Route Vehicle Refuelling Problem (FRVRP), the route points are prede-
termined, and the main objective is to minimise fuel expenses by optimising the refu-
elling strategy for a truck. The route for the trucks is already determined beforehand
thus, decisions regarding the refuelling location and refuelling amount must be made.
The assumption that fuel prices differ between gas stations makes these decisions cru-
cial for cost efficiency. This type of problem is closest to our problem formulation, as
the Nijhof-Wassink planning department has already fixed the routes, with the main
difference being that the FRVRP problem does not include decisions regarding clean-
ing and resting. The FRVRP models are researched more extensively in Section 3.1.3.

A study by Khuller et al. (2011) introduces four different instances of a combined
problem involving the TSP and FRVRP. Optimisation heuristics are used to solve the
four different instances. An addition to the combination of the TSP and FRVRP is the
Travelling Salesman Problem with Time Windows and Refuelling (TSPTWR) (L6pez-
Ibafiez et al., 2013). In current transportation networks, time windows are frequently
encountered; thus, a time-restricted approach can improve real-world applicability.
Suzuki (2012) created a decision support system to optimise the route and fueling de-
cisions of a truck, including time windows that are present at the visiting locations.
The problem is divided into two sub-problems, each solved using a combinatorial
simulated annealing algorithm. The author initially proposes to solve the two sub-
problems sequentially. However, this has the drawback of ending up in local optima
instead of the global optimum. An alternative approach stores the M best feasible
tours from the simulated annealing algorithm in the first problem, which are all con-
sidered in the second solving phase to increase the chance of ending up in a global
optimum.

3.1.2 Resting Optimization

Assigning routes to truck drivers is a common problem in the transportation indus-
try. Drive and rest regulation for truck drivers adds complexity to creating an efficient
schedule that adheres to the rules. Goel and Irnich (2016) explains that many stud-
ies on the previously mentioned VRPTW problems do not include these drive and
rest regulations, which causes infeasible solutions when implemented in real-world
applications. The Combined Vehicle Routing and Truck Driver Scheduling problem
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(VRTDSP) includes drive and rest regulations in the classical VRP problem to better
align with real-world scenarios. Goel and Irnich (2016) proposed a branch-and-price
algorithm for the VRTDSP problem. Xu et al. (2001) formulated the problem as a set
partitioning formulation and used standard column generation to solve a linear relax-
ation. The master problem was then solved with an LP solver. Heuristics solved the re-
sulting sub-problems. Other approaches by Archetti and Savelsbergh (2009) and Goel
and Kok (2010) demonstrated that the problem can be solved in exponential time, pro-
portional to the number of customers. Thus, no exact solutions can be found for large
instances of the problem. Goel and Irnich (2016) are the first to apply an exact method
for solving the VRTDSP problem. Several experiments with different numbers of cus-
tomers were executed. A branch-and-price algorithm is used to solve instances with
25 customers and several instances with 50 to 100 customers. The number of cases
per customer varied based on customer locations, demand, and model constraints.
The VRTDSP (Vehicle Routing Decision Support Problem) involves creating complete
routes that include all visiting points. This is different from the problem addressed in
this research, where the routes are already predefined. Therefore, we cannot classify
this research within the VRTDSP category.

Melo et al. (2016) aimed to schedule rest periods and breaks for a fixed route. A Mixed-
Integer Linear Programming (MILP) model with two distinct objective functions was
employed to address the problem, and a lexicographic approach was applied to the
two objective functions to solve the MILP. Bernhardt et al. (2017) builds upon Melo
etal. (2016) by also including refuelling decisions in addition to the resting and driving
regulations. This includes the timing and location of refuelling and the amount per
refuelling action on a fixed route. The lexicographic solution method is applied to
three separate sub-models to solve the problem. The resting problem in this research
can be best categorised as such.

3.1.3 Cleaning Optimization

Cleaning has received comparatively little explicit attention in road transportation op-
timisation. However, some related works are discussed. A study by Gifford et al.
(2018) optimises multiple facets of a bulk tanker dispatch problem. Challenges regard-
ing washing locations, tanker trailer assignments, route optimisation and driver as-
signments arise from chemical compatibility constraints and driver scheduling rules.
To address these complexities, a multiphase optimisation framework is constructed to
allocate resources efficiently. The research uses mathematical programming, column
generation and heuristics to find solutions. Lahyani et al. (2014) studies the multi-
compartment vehicle routing problem in which compartments may require cleaning
before carrying a different product. A Mixed Integer Linear Program (MILP) is for-
mulated and solved using the branch-and-cut method. This MILP takes into account
cleaning times and costs while optimizing routing and assignment decisions. The
paper presents a template for representing cleaning triggers, scheduling, and costs
within road transport, making it relevant to this thesis.
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3.2 Fixed Route Vehicle Refuelling Problems

The cleaning, refuelling and resting optimisation problem faced at Nijhof-Wassink can
best be classified as an FRVRP problem, as the planning department already deter-
mines the truck routes. The FRVRP solely focuses on refuelling decisions. However,
cleaning and resting decisions share similar characteristics with refuelling choices as
they involve possible locations with corresponding prices. This Section will thus elab-
orate more on the different variants and solution approaches of FRVRPs. Four over-
arching variants of the FRVRP can be distinguished based on characteristics of the
modelled routes and associated constraints.

On-route, no minimum refuel requirement

The most basic version of the problem is called the Simple Fixed Vehicle Refuelling
problem (SFRVRP) and was introduced by Hong Lin et al. (2007). This problem as-
sumes that all refuelling stations are located on the route and that no deviations from
the original route are allowed. Furthermore, no minimum refuelling quantity exists.
This problem aims to minimise the total cost of a single truck driving from starting
point s to ending point t while always respecting the fuel tank capacity. This version of
the problem is polynomially solvable. Hong Lin et al. (2007) showed that the SFRVRP
can be solved in linear time by modelling the problem as an inventory-capacitated lot
sizing problem.

Off-route, no minimum refuel requirement

This variant extends the simple FRVRP, with the main difference that it allows the
truck to deviate from the fixed route. In the literature, this problem is commonly
known as the "gas station problem". The objective is to minimise fuel costs in com-
bination with detour costs. Although the stations are not directly on the route, the
problem remains polynomially solvable. Khuller et al. (2011) proposed several solv-
ing algorithms where a detour cost is incurred when the truck leaves the main route
path. Papadopoulos and Christofides (2017) later provided faster solutions for this
version of the problem. Lin (2008) found algorithms with complexity O(n?) for the
general variant and O(nlog(k)) in case the number of refuelling stops is bounded by

k.

On-route, minimum refuel requirement

A third variant of the problem involves refuelling decisions on a fixed route, including
a constraint on the minimum amount if a refuelling action is performed. The minimum
fuel requirement breaks the continuity property of the previous two problem variants,
which makes the problem non-convex. The non-convexity causes the problem to be-
come NP-hard. Suzuki (2014a) mentions the NP-hardness of this problem instance,
while Kim and Pardalos (1999) demonstrated the same fixed-charged structure in the
broader Fixed-Charge Network Flow problem (FCNF), which is well known to be NP-
hard in the literature.
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Off-route, minimum refuel requirement

This variation is commonly known as the "complex" or "general" FRVRP. In this vari-
ant, refuelling actions can be conducted at stations located off-route, necessitating a
detour to reach the station. Again, the minimum refuel requirement makes the prob-
lem NP-hard. Several attempts have been made to decrease the computational time
of the complex FRVRP. Suzuki (2014b) used a variable reduction technique to reduce
CPU time by 75%. Schulz and Suzuki (2022) used a set of bounds and inequalities
and managed to solve the complex FRVRP to optimality, reducing the CPU time dras-
tically. An example of an applied bound is the dominance criteria, where stops are
eliminated based on a specific set of rules that ensure a stop is always inferior to the
rest of the stops in a set. This significantly reduces the number of stops and improves
computational time. Schulz and Suzuki (2022) managed to reduce the average com-
putation time by 78% and for large instances of 2000 a reduction of 95% was achieved.
This approach enables the resolution of fueling issues for large-scale transportation
companies.

3.3 Wider Theoretical Landscape and Practical Context

This section discusses the problem in a wider context and highlights the gap between
theoretical optimisation models and their practical applicability. While these studies
are not directly utilized in this research, they help in understanding the usability of
the proposed solution and provide a foundation for future research proposals.

Lin (2014) researched the trade-off between driving distance and fuel prices with a
multi-objective mixed integer linear program. The author also distinguishes between
arbitrage-free models, where the truck can visit gas stations once, and models without
the arbitrage constraints, where trucks can visit gas stations multiple times. Lifting
the arbitrage-free constraints in this multi-objective problem exponentially grows the
number of constraints with the number of locations, thus making the problem NP-
hard.

Many of the fuel optimisers used in industry are built on variants of the complex
FRVRP. However, transportation companies are hesitant to implement such optimis-
ers for two reasons. Finding an optimal solution for large instances of the complex
FRVRP takes considerable time. This creates a problem as trucking companies have
to optimise the decisions every day for multiple trucks. Furthermore, fuel optimisers
have difficulty finding feasible solutions regarding the exceedance of tank capacity.
(Schulz and Suzuki, 2023)

A concern raised by Suzuki (2009) is the potential employee satisfaction issues asso-
ciated with imposing refuelling decisions on truck drivers. Two main problems are
determined. The first is that the low compliance rates of truck drivers make the fuel
optimisers less profitable, as drivers ignore advice regarding the refuelling location.
The advice on the amount of fuel to be purchased is less of an issue for truck drivers.
A second problem is the increase in the (already high) driver turnover rates in the
transportation industry due to dissatisfaction among the truck drivers. Truck drivers
often have their favourite resting and refuelling stops because of the available facili-
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ties. Acquiring and hiring new truck drivers is an expensive process that could dimin-
ish the cost efficiency gained from utilising a fuel optimiser. Suzuki (2009) uses two
methods to advise drivers on the refuelling amount and location, without confiscating
their decision freedom. Based on the resting location chosen by the driver, advice is
given to either refuel before or after midnight, assuming that the fuel price changes
at that exact moment. Then, a min-max approach is used to determine the amount to
refuel. The advantage of such a model is that advice is provided in real time, and thus
changes in the driver’s route do not affect the usability of the advice. In fuel optimis-
ers used in industry, refuelling advice is based on the optimal route. A change in the
planned route due to traffic or other external factors means that the advice is no longer
applicable. A disadvantage of the approach by Suzuki (2009) is the limited capability
to evaluate stops with possible lower fuel prices other than the location chosen by the
driver.

Suzuki et al. (2014) and Suzuki and Lan (2018) both emphasise the fact that fuel us-
age is not always a linear function during a route and is based on factors such as fuel
tank levels and slope steepness. The former article investigates the benefit of retaining
space in the tank when refuelling to improve a truck’s fuel economy. The latter paper
examines the profitability of avoiding refuelling before hills or mountains to reduce
fuel consumption and enhance cost-efficiency.

Studies not directly related to the problem faced at Nijhof-Wassink are the fixed-route
vehicle charging problem (FRVCP) by Montoya (2016), a shortest-route charging prob-
lem for plug-in hybrid vehicles by Arslan et al. (2015) and studies on the optimal lo-
cation for gas stations by Capar et al. (2013) and Hwang et al. (2017).

3.4 Modelling Approaches

Mixed-Integer Programming (MIP)

Mixed-integer programming is a class of mathematical optimisation models that can
model the problem at hand and find an exact solution. While MIPs can effectively
solve smaller problems, the complexity of the current problem is significantly greater.
The computational complexity of the problem increases with the number of decision
possibilities. Due to the large number of decision possibilities in this research, an MIP
approach is disregarded as the modelling approach. Furthermore, standard MIPs do
not include the modelling of possible uncertainties

Even if a relatively good decision is achieved, a small disruption in the planning of a
truck could make the solution infeasible, necessitating a complete recalculation of the
entire solution. This is because a different truck with a different fuel level might be
needed to pick up and deliver a load due to unforeseen circumstances.

Stochastic Programming

Stochastic programming extends the Mixed Integer Programming (MIP) approach by
incorporating uncertainty through scenario trees. Each decision configuration is as-
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sessed across all possible scenarios, resulting in an expected quality evaluation for
specific decisions. However, the computational complexity increases significantly, as
each decision configuration from the MIP must be evaluated against multiple scenar-
ios to account for uncertainty. As a result, the computational complexity is even higher
than finding an exact solution to an MIP.

3.4.1 Markov Decision Processes

A modelling technique often used in sequential decision-making problems is the Markov
Decision Process (MDP) (Puterman, 1990). MDPs represent an environment with
states, actions and rewards. An agent finds itself in a certain state, and in every state,
a set of actions is available from which the agent must choose one. The selected action
leads to a transition into a new state; a reward is incurred afterwards. The state tran-
sition can be either deterministic or probabilistic, depending on the problem’s char-
acteristics. A transition probability function defines the probability of moving to a
specific state s” given the current state s and action a. The reward that is incurred is
determined by the reward function. A distinction can be made between finite-horizon
and infinite-horizon MDPs. Infinite MDPs have a fixed number of time steps over
which the rewards should be maximised. These are often used in problems with clear
deadlines, such as route planning. Infinite-horizon MDPs have no fixed endpoint and,
thus, are often used in continuous operation systems such as traffic control. An MDP
aims to find a policy that maximises the cumulative reward over time (Puterman 1990).

Markov Decision Processes (MDPs) have been utilised to model and address various
issues in operations research. In inventory management, MDPs have been used to de-
termine optimal pricing levels for perishable products, as demonstrated by Moshtagh
et al. (2025). Additionally, MDPs have been employed to optimise purchase quanti-
ties and timing, as shown in a study by Cuartas and Aguilar (2022). They have also
proven to be effective in solving production scheduling challenges, including flexible
job-shop scheduling, as noted by Zhu et al. (2024). In the transportation industry,
Kessels (2024) applied MDPs in conjunction with deep reinforcement learning to cre-
ate a dynamic decision-making model for efficient route planning and truck schedul-
ing. Furthermore, Kruit (2024) investigated the usefulness of combining MDPs with
reinforcement learning for refuelling decisions at a trucking company. This research is
most relevant to our work and will be discussed later.

3.5 Solving Approaches

Existing literature discusses various approaches to solving MDPs. The following sec-
tions elaborate on these approaches and their applications. Since this research focuses
on truck transportation, only relevant papers are reviewed.

3.5.1 Dynamic Programming

Dynamic programming (DP) is a recursive approach used for solving MDPs. In this
method, a value function is created for each state, reflecting the expected reward from
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choosing the best action available in that state. There are two main approaches within
dynamic programming: value iteration and policy iteration (Rust, 2008). Value itera-
tion involves iteratively updating the value function, from which the optimal policy
is eventually derived. In contrast, policy iteration improves the policy during the up-
dates, ensuring that the current best policy is always utilised throughout the process.

Dynamic Programming (DP) is typically effective for smaller problems. However,
many real-world issues face what is known as the "curse of dimensionality", which
can make them too complex to solve effectively using DP. According to Powell (2011),
there are three primary curses of dimensionality: the state space, outcome space, and
action space. The challenge encountered at Nijhof-Wassink involves numerous states
and actions, which means that traditional DP is not a viable solution approach and
will therefore not be explored in more detail.

Approximate Dynamic Programming (ADP) can address the curse of dimensionality,
which traditional Dynamic Programming methods encounter, by avoiding the need
to enumerate the entire state space of the problem (Powell, 2012). Traditional ADP
typically utilises a value function with simple hand-crafted features and linear archi-
tectures, which can be effective if the state and action space are large and the map-
ping from state features to the value function is roughly linear or smoothly additive.
However, ADP becomes less efficient when the features have a non-linear relation-
ship with the objective function. In this research, the value of a certain state exhibits
non-linear, threshold-type effects, such as doing a small top-up refuel to make a down-
stream station reachable. The linear V(s) approximation tends to blur or smooth out
these action-dependent links, possibly leading to a value function approximation er-
ror. Therefore, ADP is not selected as a solution method for the proposed MDP. van
Heeswijk et al. (2015) applied ADP to solve the dispatch problem in urban freight
distribution. Monte Carlo Sampling was used to approximate the value functions.

3.5.2 Reinforcement Learning

Reinforcement learning learns from sampled interactions with the environment, avoid-
ing the need to explicitly enumerate value functions over the full state-action space,
and thereby sidestepping the curse of dimensionality (Sutton and Barto, 2014). A dis-
tinction can be made between value-based and policy-based reinforcement learning
models. Value-based methods aim to approximate the value function of selecting ac-
tion a in state s. Policy-based methods directly learn the optimal policy without main-
taining separate value functions for each state-action pair. Within both categories, a
distinction can be made between off-policy and on-policy methods. On-policy meth-
ods update the current policy that is used to collect experience. Off-policy methods
learn from a different policy than the one used to make decisions. Furthermore, a
distinction is made between deep reinforcement learning methods and non-deep rein-
forcement learning methods. Instead of tracking the Q-value of every state-action pair,
an approximation function is used to estimate this Q-value. In problems with high-
dimensional or continuous state spaces, this offers more efficient learning (Farazi et al.
2020). Several Reinforcement learning methods and their applications are discussed
in the following sections.

27



Chapter 3. Literature Research

Value-Based Reinforcement Learning

Q-learning and SARSA are both examples of value-based reinforcement learning meth-
ods (Sutton and Barto, 2014). There has been limited research on the application
of reinforcement learning techniques to the Fuel Routing Vehicle Refuelling Problem
(FRVRP). The study conducted by Kruit (2024) is noteworthy as it compares SARSA
and Q-learning for optimising refuelling locations and amounts for a transportation
company. Given the stochastic nature of fuel prices, a regression model was utilised to
predict daily fuel costs. Implementing Q-learning for the refuelling issue resulted in
an 11% reduction in costs, potentially saving up to €990,000 per year. However, a lim-
itation of this research is that it focused solely on 21 routes within the Nijhof-Wassink
network. Additionally, the constructed model solely allows refuellings up to the fuel
tank capacity, which can miss economically necessary trade-offs such as buying just
enough to reach a cheaper station.

Deep Q-learning extends Q-learning by using a neural network to approximate the
Q-values. Instead of maintaining a Q-table with all Q-values for each separate state-
action pair, the neural network approximates the action-value function Q(s,a) with
the use of the state values (Tan et al., 2017). Several researchers have applied Deep
Q-learning to problems in the transportation domain. For instance, Wang et al. (2025)
used Deep Q-learning for a large-scale dynamic logistics UAV routing problem where
the aim was to minimise order timeouts and flight costs.

Policy-Based Reinforcement Learning

Policy-based methods have not been applied to address issues related to truck refu-
elling, cleaning, and resting. Therefore, this Section analyses several other relevant
applications. Zhu et al. (2022) compared two value-based methods, the Deep Q Net-
work (DQN) and the Double Deep Q Network (DDQN), with a policy-based method
known as Proximal Policy Optimisation (PPO) in the context of traffic light optimi-
sation. It was concluded that PPO performed best out of the three methods. PPO is
an online policy-based learning method that generally offers stable learning due to its
clipping mechanism. PPO was first introduced in 2017 by Schulman et al. (2017b) and
is the successor of the more computationally expensive Trust Region Policy Optimisa-
tion, which was first introduced in 2015 by Schulman et al. (2017a).

3.6 Problem Classification and Research Gap

The drawback of most discussed research is the dependency on fixed fuel prices. This
can be a problem if the truck’s routes span more than one day, as refuelling decisions
on day t impact those on day t + 1. Fuel prices used to create advice for the whole
route may differ on the rest of the days. Furthermore, most of the previous approaches
create a refuelling plan before the start of the day; any changes in the planning could
invalidate the refuelling advice. Planning in the transportation industry is subject to
frequent changes, given the unpredictability of traffic or waiting times at refuelling
stations and loading and unloading locations. Sequential decision-making techniques
may provide a solution to this problem.
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After extensively researching all literature areas concerning this research, the problem
addressed in this study can be classified as a Fixed Route Vehicle Refuelling, cleaning
and resting Problem (FRV-RCRP), allowing off-route decisions without a refuelling
amount requirement. This classification permits off-route decisions without a mini-
mum refuelling amount requirement. While the off-route, no-minimum FRVRP alone
has polynomial-time solving algorithms, as discussed in Section 3.2, the integration of
cleaning and resting decisions means that this property can no longer be guaranteed.
Due to the absence of literature on the combination of resting, cleaning, and refuelling
decisions, no claims can be made about the difficulty of the problem. However, Section
4.4 gives an estimation of the problem size by evaluating the state and action space.

3.7 Summary

This chapter mapped the literature regarding the three decision areas in this research.
First, several methods for decreasing fuel costs were explained by discussing core
routing problems, including the Travelling Salesman Problem (TSP), Vehicle Routing
Problem (VRP), and Vehicle Routing Problem With Time Constraints (VRPTW). Sub-
sequently, the existing literature on resting, refuelling, and cleaning was reviewed.
The isolated refuelling problem can be positioned in the Fixed-Route Refuelling Prob-
lem (FRVRP) category. Due to extensive research on the Fixed Route Vehicle Refu-
elling Problem (FRVRP), four variants of the problem were discussed, which varied
in decision-making for off-route and on-route situations, and included or excluded a
minimal refuelling amount. After extensively researching all relevant literature areas
concerning this research, the problem at hand can be classified as a Fixed Route Vehicle
Refuelling, Cleaning, and Resting Problem (FRV-RCRP), which allows off-route deci-
sions without a refuelling amount requirement. Subsequently, modelling approaches
such as Markov Decision Processes (MDPs) were discussed as a modelling technique
for sequential decision-making. Classic dynamic programming (DP) and approxi-
mate dynamic programming (ADP) have been discussed as possible solution methods.
However, with these methods, the curse of dimensionality becomes a problem, espe-
cially with DP, when problems involve a large number of different states and actions.
The drawback of ADP is that it can struggle to capture non-linear relationships be-
tween action space and the value function. Reinforcement learning, specifically Deep
Q-learning, scales to large state—action spaces while capturing the non-linear coupling
between state, action, and long-term objective, allowing policies to exploit interactions
and delayed effects that fixed heuristics or linear models miss.
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Solution Design

4.1 Introduction

This chapter focuses on the design of the research solution, which includes both a
modelling and a solution methodology. Section 4.2 outlines the objectives that the
model aims to address. Next, various modelling methods are explored, along with
their drawbacks in the context of this research. Section 4.3 provides a mathemati-
cal representation of the selected modelling approach, and an example is given that
demonstrates the model’s working. Section 4.4 discusses the complexity of the prob-
lem by estimating the problem size. Section 4.5 discusses different solution strategies
for the proposed modelling method, highlighting their advantages and disadvantages.
Finally, the chosen solution method and its key mechanisms are explained. Section 4.6
gives a summary of this Chapter. The following research questions are answered in
this Chapter: What modelling approach best suits the problem based on the theoretical as-
pects of integrated decision-making in fleet management? and What solution method is most
suitable for optimising the chosen model effectively?

4.2 Modelling Approach

4.2.1 Model Goals

The objective of the model is to make cost-efficient, real-time decisions regarding the
cleaning of trailers, refuelling of trucks, and resting of drivers. To select the most
suitable modelling and solution approach, specific goals have been established.

¢ Unify decisions: optimising the timing and location of the three separate deci-
sions in a single integrated framework.

* Support short-term planning: Given Nijhof-Wassink’s three-day planning hori-
zon, the model should optimise decisions within this fixed timeframe.

* Handle re-routing: The model must effectively manage possible re-routing changes
made by the planning department of Nijhof-Wassink

* Operational constraints: the decisions should comply with operational con-
straints such as legal driving hours, fuel tank capacity and cleaning require-
ments.
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4.2.2 Modelling Assumptions and Simplifications

To simplify the model while remaining realistic, certain modelling assumptions and
simplifications have been adopted. These assumptions set the scope of the modelling
approach.

* Driving time and fuel consumption: It is assumed that the truck drives in a
straight line between sequential locations. The haversine distance is used to cal-
culate the driving distance. Furthermore, it is assumed that the fuel consumption
and driving speed remain constant.

* Drive and resting regulations: Due to the complexity of the driving and resting
regulations imposed by the European Union, it is chosen only to implement a
maximum driving time of 9 hours per day. This choice is made to still incor-
porate a time element to observe the effect on the selected model, while keep-
ing the state space and constraints tractable. Fully modelling the multilayered,
dependency-heavy regulations would increase the state space of the MDP and
introduce long-horizon connections. This would obscure the combinatorial ef-
fects of the action that this study aims to research.

¢ Uncertainty modelling: It is chosen to exclude any external uncertainties from
the model. This approach isolates the underlying economic trade-offs and en-
ables the evaluation of the model’s ability to learn these pure trade-offs without
interference from uncertainty modelling. Therefore, it is assumed that the price
remains constant during the three-day decision horizon. Additionally, it is as-
sumed that there are no traffic delays and the truck can drive with an average
of 80km/h. Once the model successfully learns the core operational trade-offs,
uncertainties can be introduced in future research.

* Time windows: Customer time windows are not modelled to isolate the core op-
erational trade-offs in the decision process. This allows assessment of whether
the proposed model yields sufficiently good solutions to justify further develop-
ment and deployment

4.2.3 Baseline Frameworks

Since uncertainties are excluded in the current problem, Mixed-Integer Programming
(MIP) is a viable modelling technique, provided that the problem size permits its
application. In practice, however, solve times escalate rapidly with problem scale,
making exact MIP solutions time-consuming and operationally impractical for larger
cases. Moreover, Nijhof-Wassink ultimately aims to incorporate uncertainties into the
decision-making process. In this future context, MIP will not be suitable due to its
inability to capture uncertainties in its most standard form, and thus it is not selected
for this purpose. MIP is utilised in this study to establish a benchmark for comparing
the chosen model and is further discussed in Section 6.6.1. Stochastic programming,
on the other hand, would face issues with scenario explosion due to the large problem
instance and the extensive range of exogenous factors such as fuel prices and traffic
conditions. As a result, stochastic programming is also excluded as a potential solu-
tion approach.
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4.2.4 Markov Decision Processes (MDP)

Markov decision process is a sequential decision-making modelling approach which
offers a more scalable and adaptive framework than traditional MIP and stochastic
programming. MDPs naturally include sequential decision making by updating the
state s after executing an action a4, which allows for planning over a finite or infinite
horizon where actions in the current state impact the possibilities of actions in later
states (Puterman, 1990). Additionally, MDPs offer solution methods such as exact dy-
namic programming, Approximate dynamic programming, tabular Q-learning and
Deep Q-networks. The latter three significantly reduce the computational burden that
comes with the combinatorial decision space of this problem. Unlike traditional meth-
ods, which require enumeration over all possible trajectories, reinforcement learning
methods sample from trajectories to learn from experiences, which is a more efficient
way of learning. This makes MDP more suitable than stochastic programming and
MIP, and therefore this approach is chosen to model the refuelling, cleaning and rest-
ing problem.

4.3 Markov Decision Process Formulation

4.3.1 Decision Stages
Nijhof-Wassink plans at most three days ahead and thus each three-day plan for a
truck is modelled as a fixed route. Let the set of routes be

M={1,...,M}. (4.3.1)

For each route m € M, let £, be the finite ordered list of planned events:

gm = (emll, em,z, ey em,nm). (4.3.2)
and let n, be the length of route m

o = |Em| € Zo, (4.3.3)

Decision epochs occur at each planned event from &, and also at designated decision
locations for refuelling, cleaning, and resting. Essentially, these points represent all the
places where the truck stops during a route. Let

T=1{01,...,T} (4.3.4)

denote the set of decision stages for an episode on route m, with terminal index T
determined by the number of events and decisions on that route. The sequence of
states, actions, and rewards (including the last action) is called an episode and is

Tw = (S0,a0,70), (s1,a1,11), ..., (st ar,77) (4.3.5)

where s; and a; follow the definitions in Sections 4.3.2 and 4.3.3, and r; is the instanta-
neous reward (operating cost) at decision epoch ¢, further discussed in Section 4.3.5.
An episode terminates when one of the following conditions is met:

1. The last planned event e, ,,, has been reached, yielding the terminal state st

2. No feasible action exists due to low fuel level or driving hours
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4.3.2 State Space

The state space S includes all relevant features necessary for making effective deci-
sions at each stage. One crucial factor in this decision-making process is the location
of the truck. Intuitively, this location is best represented by the GPS coordinates (x;, y:)
of the truck’s position.

In addition to the truck’s location, it is essential to include information about the
truck’s condition for effective decision-making. Fuel level f;, for example, is crucial
for timing the refuelling decisions and for making trade-offs between detour costs
and fuel prices. Other essential features are c;, a binary variable that indicates if the
truck needs cleaning or not, and /¢, which represents the remaining allowable driving
time for the truck. The state can then be formulated as:

5t = (xf/ Yt, ff/ Ct, hf) (436)

In this case, the location of the truck is represented by standard geographical coordi-
nates. However, representing location through raw GPS coordinates has two impor-
tant drawbacks.

First, coordinates do not exploit a useful invariance in the problem structure. Two sit-
uations can be geometrically identical (same relative positions of the truck and nearby
stations) but have different absolute coordinates. In a coordinate-based state represen-
tation these appear as distinct states, even though from a decision-making perspective
they are equivalent. Any learning algorithm is then forced to explore and learn sepa-
rately in both copies of essentially the same situation. By instead representing location
through relative distances between the truck and the stations, all geometrically iden-
tical situations collapse to the same state. This reduces the effective size of the state
space and allows the learning algorithm to generalise experience across routes and
regions. The invariance of geometrically identical states under a distance-based repre-
sentation is formally proven in Appendix 8.4.

Second, coordinate values themselves do not have a direct numerical interpretation in
terms of decision quality. A small change in latitude or longitude does not immedi-
ately translate into a meaningful change in cost or feasibility. Distances, on the other
hand, are directly related to travel cost, remaining fuel requirements, and time. For
example, a smaller distance to a station can naturally indicate a more attractive op-
tion than a station that is much further away. Using distance-based features therefore
provides a more informative and interpretable input for any learning or optimisation
method.

For these reasons, the location of the truck is represented in terms of its distances to
nearby stations rather than its absolute geographic coordinates. This has several other
advantages: (i) the resulting model is not tied to specific coordinates and can be ap-
plied to other regions outside the scope of this study, (ii) the learning process benefits
from a smaller and more structured state space, because the truck does not need to
revisit all coordinate-specific copies of intrinsically identical situations, and (iii) if the
planning changes while the truck is already en route, the current state can still be
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mapped consistently into the model based on relative distances, even if that exact lo-
cation has not been seen during training.

It is therefore decided to represent the location of a truck with the distance to nearby
stations rather than using the truck’s geographical coordinates. The distance di; to
every station k is added to the state expressed as the amount of fuel needed to reach
this station. To increase the informativeness of the state, the detour &, the price pi
and the cleaning time wy of all stations at the decision stage t are added to the state as
they capture trade-offs between travel and direct action costs. Additionally, a binary
variable is added to indicate whether the station is a cleaning or refuelling station, due
to the existing price difference between gas stations and cleaning stations. These vari-
ables together form the station features component of the state representation.

In addition to these, there are four global features that are not tied to any specific station
but provide relevant information about the truck. These global features include the
tuel level f;, the allowable remaining driving hours h; and a binary indicator ¢; which
indicates if cleaning is required at time step t. Lastly, a feature /; is added to indicate
the length of the route left ahead of the truck. The full state representation at decision
epoch t is now formulated as:

Station Jffzatures Global features
st = ({(dk,tz Prr Ot Wis 2k) | k € Ke }, (froct,ha, lt)) (4.37)

where:
* di; € R>o: Fuel needed (L) to reach station k at time .
* pr € R>q: Service price (€) at station k.
* It € R>q: Detour distance (km) to station k at time ¢.
¢ wy € R>(: Cleaning time (h) at station k.
e 7, € {0,1}: 1if station k is a cleaning station, 0 otherwise.
* ft € Roq: Fuel level (L) at time ¢, with f; < Feap.
e ¢; € {0,1}: 1if cleaning is required at time ¢, 0 otherwise.
* h; € R>p: Remaining allowable driving time (h) at time ¢.
* [} € R>¢: Length of the route remaining (m).

Let K¢, denote the set of included stations in stage ¢ in route m. A description of this
set is given later in this section

The following sets represent all stations known in the database of Nijhof-Wassink:

JV = {j1,j2,...,N'} :setof all refuelling stations,
J?> = {j1,j2,...,N?} :setof all cleaning stations, (4.3.8)

1 ={ji,j2,...,N°} :setof all resting stations
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J=T'urup (4.3.9)

The set from which the station-specific part of the state is drawn is constrained per
route to narrow the state space by including only relevant stations. For instance, only
refuelling and resting stations located ahead of the truck are considered, as it is gen-
erally inefficient to drive back and forth along the route. Due to cleaning restrictions
for certain products, the truck may need to drive backwards from its current loading
or unloading location. Therefore, the set of cleaning locations in the state includes
stations located behind the truck. Furthermore, only stations within a limited distance
from the route are included, as it would be impractical to travel across Europe to refuel
and then return to the original route.

To define the stations included in the state of decision stage t in route m, the distance
of the truck and stations along the route are defined as x; and x; respectively. Here, j
is a station which is part of the station set |. The orthogonal distance from a station to
the route line is defined as o; and is used to check if a station is located in the buffer
around the route. The mathematical representation of the station set included in the
state is described as:

K}m ={jeJ'| xj >x; A o <R} (refuelling stations ahead and inside buffer),
Kfm ={je J? ] 0j < R} (cleaning stations inside buffer),
Kf’m ={je 3 | xj > xt A 0j < R} (resting stations ahead and inside buffer).

The complete set of station entries in the state is thus:

Kim = Ktlm U Kfm U Kf’m (all feasible entities in the current state).

The next planned event in the event list of a route &, at a specific moment in time is

defined as e/*" and the position of this event on the route is defined as x}%

4.3.3 Action Space

In the state, all refuelling and resting stations ahead of the truck (Ktll ., and Kf’,m) and
all viable cleaning stations (Ktz,m) are included. However, the action space restricts
refuelling and resting locations to stations that are ahead of the truck and lie before
the next planned event x$X*. This approach is intended to reduce the state-action
space and improve training efficiency. It is inefficient to drive to a station past the next
planned event only to return to that event. The action sets are defined as follows:

1 _ . 1 next 2 _ 2 3 _ . 3 next
At,m - {] € Kt,m | xj < Xtm fr 'At,m — Nmos At,m - {] € Kt,m | xj < Xt,m
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At each decision stage ¢, the driver has to choose an action in the form:

1 2
ar = (a;, ar)
where:
s afc A, U Az, UA, U {ept

e a? € {0,10,20,..., Fnax}: Amount of fuel to add.

The actions are restricted to the following constraints:

* The selected location a} must be reachable with the current fuel level f;:

D(a;)
o

< ft,

With p being the fuel consumption per kilometre and D(a}) being the haversine

distance to the location of action 4} .

¢ The refuelling amount a? must be non-negative if a refuelling station is selected
a}EKtl,m = a%ZO
e If action is not a refuelling action, no fuel can be added
af € Kz, UK}, U{ef2} = a2 =0.
* Cleaning is only allowed if the truck requires cleaning:

H}EK?’m = =1

e The refuelling amount a? must not exceed the remaining tank capacity after ar-
riving at the selected refuelling location Fyax.

D(a})

2
a S F _ft —
t max 0

* The driving time to the action location should be lower than the remaining al-
lowed driving time.
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4.3.4 Transition Function

The transition function is a part of the MDP that specifies how the environment evolves
in response to an executed action. The transition function can be either deterministic
or probabilistic, depending on the characteristics of the problem. In this research, un-
certainties related to traffic and fuel prices have been excluded from the scope, making
the transition function deterministic. The transition function consists of several parts,
which are discussed in the following sections.

Station Sets Update

The location-specific part of the state must be updated by identifying which stations
lie in the buffer and are ahead of the current location of the truck. This is done by
calculating the feasible state sets K; ;,; at every new decision epoch t. Then, the detours
and distances along the route are computed for each station.

Fuel Level Update

The fuel level is updated by subtracting the fuel consumed while driving to the se-
lected location and adding the amount refuelled a?. Fuel consumption is calculated by
multiplying the distance travelled D(a}) by the truck’s fuel consumption rate per kilo-
metre p. This number is based on information from colleagues within Nijhof-Wassink.

D(a}
frr1=fi— %Jrﬂ%
Cleaning Status Update

The cleaning status of the truck is set to 0 if the truck is just cleaned, it is set to 1 if the
last location was an unloading location and is kept the same otherwise.
T 2
0 ifa; € Kf,,
cp1 =41 ifa} =epert
¢t otherwise

Resting requirement update

The new remaining allowed driving time is calculated by subtracting the driving time
to the chosen location T(a}) from the current remaining driving time H;. The remain-
ing driving time is reset to the maximum driving time h,,,y according to EU regula-
tions if the previous action was resting:

Hypax ifal € K3,
I’lt+1 - 1 .
hy — T(a;) otherwise

4.3.5 Reward Function

To assess the quality of an action, an objective function is created. The objective func-
tion, also known as the reward function, represents the immediate costs of an action
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without considering the downstream effects that the action may induce. The reward
function is defined as:

R(St/ ﬂt) = Rrefuel T Relean + Rrest + Rpenalty + Rterminal

where the refuelling costs are given with the following formula.

R —J (u% ) p(a}) + Cdetour(a}) + Cs’cop (ﬂ})) if a} S K},m
refuel — )
0 otherwise

Here a? is the chosen refuelling amount, p(a}) is the refuelling price of the chosen
action and Cgetoyr i the cost incurred by driving the full length of the detour corre-
sponding to action a!. It is chosen not to use the direct driving costs to the station in
the reward function because the detour better represents the quality of an action. The
costs incurred due to waiting time at any station are referred to as Cstop.

The cleaning costs are determined by summing the costs incurred from the cleaning
action, the detour costs related to that action, and the waiting costs associated with the
product being cleaned.

R e (Cclean(a}) + Cdetour(a})) - Wclean X Chour if a} S Ktz,m
clean = 1 otherwise

Since there are no explicit costs associated with the resting action, only the driving and
stopping costs are included in this part of the reward function.

r _ § ~Carive(a;) = Ctop i a} € K3(t,m)
rest — .
0 otherwise

In the case where the truck ends up in a location where there are no available actions,
a dead-end penalty is incurred. The penalty is represented by the parameter A.

—Apenalty  if no feasible action exists at s;
Rpenalty = .
0 otherwise

Because the optimisation horizon of the MDP is three days long, the current reward
structure without a terminal reward would bias the agent towards small top-ups,
which are just enough to finish the episode. However, in reality, the trucks continue
to operate beyond this horizon and take any remaining fuel with them. Small top-ups
are thus generally not beneficial. To align the finite-horizon MDP with the infinite-
horizon reality, a terminal reward is implemented. The terminal value is set to the fuel
left after finishing the route multiplied by the average fuel price. The terminal reward
is defined as:

Rierminal = Pavg fT-
where fr is the terminal fuel level and Pavg 18 the average fuel level for Belgium, the
Netherlands and Germany in the past year.
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4.4 Problem size and complexity

4.4.1 Continuous state-action space

The MDP uses continuous features such as distances, detours, fuel levels and fuel
prices, so the theoretical state space is uncountable. Hence, without discretisation, the
problem has an infinite (uncountable) state—action space.

4.4.2 Discrete action space

To make the combinatorial scale explicit, the per-stage decision space under discretisa-
tion consists of: (1) choosing a fuel station and a discrete refuel amount, (2) choosing a
cleaning station, (3) choosing a rest station (4) choose to proceed to the next scheduled
loading or unloading event. If |K}|, |K?|, and |K}| denote the numbers of fuel, clean-
ing, and rest options at stage t, and R™ denotes the number of discrete refuel amounts,
then the number of feasible actions is

By = |K}|RT + |K?| + |K?| + 1.

For a horizon of T decision stages, the decision-space size is
T-1
|action sequences| = [ B
t=0

For a typical route, it is observed that:
T=10, |K}|=50, |K} =50, |K? =10.

Refuel amounts are discretised in 50 L steps up to 550 L, so the number of refuelling

addition amounts is:
_ 550 1
- 50

Per stage, the total number of decision sequences is:

R+

By = |K}-RY + |[K}| + |K}| +1 =50-11 + 10 + 50 + 1 = 611

The number of decision sequences for a typical route is then given as:

[1B: =~ BT = 611" ~ 7.2 x 107

4.5 Solution Approach

4.5.1 Baseline Methods

Exact Dynamic Progamming

Dynamic programming (DP) is a powerful technique which uses backwards induction
to solve finite MDPs and avoids the need for complete enumeration of the entire solu-
tion configuration. To solve the Markov Decision Process (MDP), this method begins
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at the terminal state and recursively computes the expected cumulative rewards for
the preceding states. At each step, it selects the action that maximises the expected
cumulative reward until reaching the initial state. This approach significantly reduces
computational time by creating overlapping sub-problems and storing their outcomes.
However, when the state-action space becomes considerably large, DP becomes com-
putationally impractical. Even if the planning for a single truck can be computed using
DP, the slightest change in planning due to unforeseen circumstances would make the
solution infeasible, requiring a new computation, which takes a considerable amount
of time. Due to these aspects, dynamic programming is not a feasible method for ad-
dressing this issue.

Approximate Dynamic Programming

ADP helps with the curse of dimensionality faced in this research. However, in prac-
tice, ADP relies on linear hand-crafted value function approximators. The landscape
in this problem has strong non-linear, threshold effects, such as small top-up refu-
els that unlock downstream stations. A linear value function approximation tends to
smooth these action-dependent discontinuities, producing biased value estimates un-
less a rich state space is provided. Given this mismatch, ADP is not implemented as a
solution method in this research.

Tabular Q-learning

Tabular Q-learning, also known as Q-learning, is a model-free reinforcement learn-
ing method that solves MDPs by accumulating experiences gained in an environment.
The method uses a Q-table that saves the value function Q(s,a) for each state-action
pair. The value function can be viewed as an approximation of the cumulative reward
obtained by choosing action 4 in state s and then following the optimal policy there-
after.

The learning process in this method proceeds iteratively: an action is taken after which
the immediate reward is observed, with which the Q-value is updated using the Bell-
man equation. Executing this procedure many times with sufficient exploration of
states and actions and optimised hyper-parameters lets the Q-values converge to their
true optimal values.

Q-learning can handle stochastic problems and avoids the need for an explicit model,
and can be an effective solving technique. However, due to the vast state and action
space of this problem, Q-learning would need to spend too much time exploring all
possible state-action pairs, and thus, convergence would be slow. This is caused by the
fact that the learning agent must visit every separate state and execute every possible
action multiple times to obtain a reasonably accurate estimation of the Q-values. It is
therefore decided not to use Q-learning as a solving method.

Heuristics

Heuristic solution methods utilise specific characteristics of the problem at hand to
generate a solution in a relatively small amount of time. Greedy heuristics are a type
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that offer a fast and straightforward decision-making approach by selecting actions
based on their immediate reward. However, due to their short-sighted nature, they
are not very efficient in optimising cumulative rewards over a specific time horizon.
An example of a greedy heuristic is to fully refuel at the cheapest station within the
truck’s range when the fuel level falls below 50 litres. The chosen station might have
a high price compared to stations ahead of the truck, which would make a full refuel
very costly. An alternative would be to refuel only a small amount at the expensive
station and then fully refuel at a cheaper station later on the route. Due to the greedy
nature of most heuristics, the optimal solution in this scenario is overlooked.

Even so, heuristics are useful when speed, simplicity and interpretability matter, and
they provide a clear reference point for more advanced methods. Therefore, a sim-
ple heuristic is utilised as a baseline for benchmarking the chosen solution method
introduced in Section 4.5.2.

4.5.2 Deep Q-learning

Deep Q-learning extends Q-learning by using a neural network to approximate the
Q-values. Instead of maintaining a Q-table with all Q-values for each separate state-
action pair, the neural network approximates the action-value function Q(s,a) with
the use of the state values. This enables generalising across states, which means that it
is not necessary to visit each individual state-action pair. This improves training effi-
ciency and convergence. Additionally, deep Q-learning supports offline training from
historical data, which allows the agent to learn from previously logged experiences
without interacting with the real world, which is less costly. Next to the generalis-
ability across states, a change in the planning schedule does not cause infeasibility of
the solution. Deep Q-learning bases its decisions on learned patterns in state features,
which are "trapped" inside the neural network, enabling it to create new decision ad-
vice based on the new state after a change in the planning. Due to these reasons, Deep
Q-learning is selected as the solving approach for the MDP.

4.5.3 Q-network architecture

The Q-network can be defined as a function Q(s, a; 0) with parameters 6, which takes
as input the state vector s and outputs a |.A|-dimensional vector of estimated action-

values {Q(s, ag@)}lé‘l. Training proceeds by minimising the discrepancy between
these estimates and targets constructed from actual observed returns over many train-
ing episodes. The standard Q-network consists of an input layer, multiple hidden
layers and an output layer. Every layer consists of multiple neurons. All network
layers are connected via edges representing the weights of the preceding neuron. In
DQN, every input neuron is connected to a feature of the state in the MDP. The neu-
rons in the output layer represent the Q-values of the possible actions in the MDP. The
architecture of the classical Q-network can be found in Figure 8.3

One of the drawbacks of a standard neural network is that the dimensions of the neural

network must remain consistent during training so that the weights in the neural net-
work can converge to the values that lead to the best approximation of the Q-values.
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This introduces a problem in combination with the selected state representation dis-
cussed in Section 4.3.2 as the number of stations in the state decreases when the truck
progresses along the route. A possible solution is to add padding where empty neu-
rons appear during training. All input neurons that are not connected to a feature of
the state in time step t are fed with a zero.

The Q-network is able to generalise across states, which means that the network can
calculate a Q-value for a state-action pair that it has not seen before. This implies that a
one-to-one relation between the individual features of the specific state instance (e.g.,
a particular station) and the specific input neurons is not required. Instead, the in-
put to the neural network is viewed as a whole, which enables the network to learn
shared representations and identify meaningful patterns. In contrast, the neurons in
the output layer must have a recurring one-to-one connection with the same action
over different learning episodes. This presents a problem with the design of the MDP
because the available stations vary across different decision stages and routes. An ex-
ample is that gas station 1 is available in the first episode and is connected to the first
neuron of the output layer. In the second episode, Station 1 is not included in the
buffer around the route. Thus, this specific action can not be connected to the same
output neuron as the previous episode. Now, a different station must be connected to
this output neuron. Such dynamic remapping of stations to output neurons prevents
the network to learn the true Q-values of actions over time.

One possible solution would be to create a Q-network with an output layer the size
of all stations in the Nijhof-Wassink database times the number of actions per station.
This way, all possible actions would have a distinct output neuron in the output layer.
However, given that there are approximately 5,000 refuelling stations and an addi-
tional 350 cleaning stations, and assuming a discretisation of the refuelling range into
49 levels, the total number of distinct action combinations would amount to (5,000 +
350) x 49 = 262,150 output neurons. A neural network of this size would have to up-
date millions of weights in every update, resulting in substantial computational time
and slow learning.

To support decision-making with a variable set of candidate actions over different
episodes, a parametric Q-network is used. In contrast to a standard Q-network, the
parametric Q-network has one output neuron, representing the Q-value of a spe-
cific state-action pair. This allows the network structure to remain fixed regardless of
the number of available actions. Hausknecht and Stone (2015) formalised a Deep Q-
learning approach with parameterised actions, avoiding a fixed, giant output head. A
visual comparison between the traditional Q-network and the parametric Q-network
can be found in 8.3 and 8.4.

The network’s input remains unchanged from the traditional DQN, but the features
of the station, along with the refuelling amount, are also fed into the input side of
the neural network. This is done to establish a connection between the global state of
the truck and the action associated with the output neuron. The input to the neural
network is as follows:

* State features: identical to those used in the original Q-network, describing the
current situation of the environment.
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— Global features: This part consists of global truck features, which are: fuel
level, cleaning requirement, resting requirement and the remaining route
length.

— Station features: These are station-specific features, such as station prices,
distances, detours, and flags of all stations.

* Action features: These are the features of the station which is currently being
evaluated by the network (the station that corresponds to the action that is con-
nected to the output neuron). This part consists of:

— Station-specific attributes: The distance to the station, the fuel price, and the
detour required to reach it. These values remain constant for all refuel
amounts at that station. This is necessary to indicate which action is cur-
rently being evaluated by the network.

— Refuel-amount attribute: The refuelling quantity F; currently evaluated by the
network at time step ¢, expressed in litres. For each feasible station, all al-
lowable refuel amounts are enumerated. Each combination of the station
features, station-specific attributes and refuel amount F constitutes a dis-
tinct action vector.
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4.5.4 State Vector Composition

The state coming from the MDP can only be presented to the neural network in a 1-
dimensional form. To enable the neural network to discover meaningful patterns, the
state vector has to be designed cleverly. As previously discussed, connecting the fea-
tures of every station in Nijhof-Wassink’s database to a distinct input neuron is not fea-
sible because the neural network’s size is capped at the maximum number of stations
in the route buffer. Structuring the input vector between decision steps and episodes
can lead to increased training stability and improved final performance. Three main
strategies have been applied in creating the state vector. This is especially important
for the station features part in Figure 8.4 because the size of this set changes over
episodes as new stations enter the route buffer and other stations leave it.

Station features

First, the feature values are grouped by feature type, rather than grouping the features
by station. Preliminary experiments have indicated that training on a vector grouped
by stations yields poorer performance. This may be because the neural network is
more effective at identifying patterns within larger sets of features (e.g. within the set
of fuel price features of all stations), rather than focusing on specific stations and their
respective features.

The second strategy involves creating predetermined blocks for each feature set. This
approach ensures that the input neurons of the network consistently process the same
feature types throughout the episodes. A different strategy would be to fill the neurons
from top to bottom with all available features, creating a solid block of features with
padding inserted below. However, initial experimentation revealed that creating fixed
blocks per feature yielded better performance. Therefore, this strategy is selected.

Finally, the features per station keep connected to the same neuron within the current
episode. This ensures a stable correspondence between the features of a station and
the neurons, which may help the network to recognise short-term patterns and causal
effects within episodes. Features of the stations that end up behind the truck get a
zero value in the state vector. Equation 4.5.1 gives the station feature part Xstation t Of
the input vector. Every ¢®) in the vector x$1o" represents a vector of the features
of station k. Nj,y is the maximum number of stations that can be represented in the

neural network.

x?tation _ [4)51) ¢§2) L ¢§Nmax):| c ]RSNmaX/ (45 1)

k
(Pg ) = [(Sk,t/ dk,t/ Pk, Wk, Zk}-
Global features

The global features maintain a consistent size within each episode and across multiple
episodes, and are thus assigned to a fixed block of 4 neurons. The global feature part
x?lobal at time ¢ is given by Equation 4.5.2
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Xglobal,t = [ft/ ct, hy, lt] (4.5.2)

Action features

The action features consist of the station-specific attributes of the action that is being
evaluated and the refuelling amount of that action. The station specific attributes have
been discussed before. Additionally, to indicate the type of action which is present at
the output neuron, a one-hot encoding oy ; of the action type is added to indicate the
current action type. The one-hot encoding is of length four as there are four distinct
actions: refuelling, cleaning, resting and next waypoint. The action feature vector is
given in Equation 4.5.3.

action

X;ON = [0 1, it Pro Wi Frt Ok ) (4.5.3)
The full input vector that is inserted into the neural network can then be formulated
as:

final
xtma = [Xglobal,tr Xstation,ts Xaction,t] (4-5-4)

4.5.5 Training Process

Now that the network’s architecture is explained, the training procedure can be ex-
plored. The training process consists of several parts, which are described separately
in the following sections.

Environment interaction

A significant advantage of Deep Q-learning is that the network can learn from pre-
vious experiences multiple times. To achieve this, the agent must interact with the
environment. At each decision step t, the agent selects an action a; based on the cur-
rent state s; according to the exploration strategy which is used. The epsilon-greedy
policy is employed in this research, which balances exploration and exploitation. The
epsilon greedy policy selects a random action with probability € and selects the action
with the highest Q-value according to the current Q-network with probability 1 — e.
The random action selection process is divided into two stages. First, the action cate-
gory is chosen uniformly from the set {Refuel, Clean, Rest, Next waypoint}. If the selected
category is Refuel, the specific refuelling amount a? is randomly chosen from the set of
teasible amounts:

a? € {0, AF, 2AF, ..., max{0, Fyax — fi — D(;zb} 1

where AF denotes the discretisation step size in litres for the fuel addition and Fyax is
the capacity of the fuel tank.

Another option would be to choose from the complete list of feasible actions uniformly.
However, per decision step, there are many stations and refuelling amounts per sta-
tion, but only a single option to proceed to the next waypoint. This imbalance would
lead to the over-representation of the Refuelling action during exploration. The chosen
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exploration strategy uniformly explores the four different decision types. The chosen
action is then executed, and the state is transitioned to the next state s; 1. Additionally,
the reward r; is incurred, and the terminal flag is checked to determine if the episode
has ended.

Experience Replay

Traditional Deep Q-learning uses temporal difference (TD) learning and stores

(st, ar, 11, S141, dp)

into the experience buffer to enable experience replay. However, with the current MDP
setup, this has some drawbacks. During experimentation, it became clear that in the
initial learning phase, where the epsilon is still large, the agent tends to learn that
making several smaller refuels is more beneficial than making one large refuel. The
undersampling of single large refuels at the start of the training process can explain
this behaviour. These single large refuels do occur later in the process when epsilon is
lower. However, because the Q-values are updated with bootstrapped targets drawn
from the skewed replay buffer, the Q-values of large refuel actions are never updated
with a downward trajectory which has no additional refuelling. As a result, the agent
is biased towards taking many smaller refuels and never learns the true optimal policy.
In a situation where prices, detours, and total refuel amounts are the same, refuelling
multiple small amounts is always less cost-efficient than a single large refuel because
stopping costs are incurred for every refuelling stop.

To reduce this bootstrapping bias, Lin et al. (2018) combines the traditional short-
horizon bootstrapped target with an episode-based Monte-Carlo return. In this work,

the pure Monte Carlo component is adopted, and the network is trained with full-
episode returns. For every episode, (so, agp,ro,---,ST,4T, rT) is computed and then (s, at, Gt)
is stored in the replay buffer D. The cumulative reward G; can be viewed as the target

to which the neural network updates its parameters and is calculated as follows:

T_1
G = Y 7" X R(sp,m)
P

Here, v is the discount factor and is set to 1 because the problem at hand has a short-
term fixed time horizon. During each update, a batch B of state-action pairs is uni-
formly sampled from D. This Monte Carlo-style replay leverages full return informa-
tion and ensures that updates faithfully reflect real decision sequences.

Monte-Carlo targets are known to have a high variance in reinforcement learning,
which can slow or destabilise training (Daley et al., 2024; Sutton and Barto, 2014).
Prior work shows that the variance of the n-step return increases with the look-ahead
n (Daley et al., 2024). In our setting, episodes are short, so the effective look-ahead is
limited, and so the variance remains manageable. It is therefore decided to use full-
episode Monte Carlo returns to avoid bootstrapping bias, while relying on the short
horizon to keep variance under control.
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Stratified replay buffer

Even with Monte Carlo sampling, the e-greedy exploration strategy causes smaller re-
fuel transitions to be overrepresented in the replay buffer. This is caused by the fact
that a small 10L refuel is always possible, but a large refuel of 400L is sporadically
possible due to the tank capacity. This feasibility imbalance causes the mini-batches
to contain many more small refuel transitions, which results in their Q-values being
updated more frequently and therefore converging faster. The large refuel actions re-
main undertrained which can bias the agent towards many small refuels.

To evenly distribute the refuel amounts of the transitions in the mini batch, a stratified
replay buffer is created that bins transitions by refuel amount. The total replay buffer
is divided into equal-width ranges of 50L from O to the fuel tank capacity. With a
fuel capacity of 550L, this yields 12 bins. During training, each refuelling transition
is assigned to the corresponding bin. Non-refuel transitions are stored in the 0 litre
bin. During training, Mini-batches are drawn uniformly across the different bins. The
frequency bias, which is present under the e-greedy exploration strategy, is countered
by this approach.

Loss function and updating

Updating the neural network involves evaluating the loss function and backpropagat-
ing the loss through the neural network. The loss function indicates the magnitude of
inaccuracy of the current version of the neural network. This inaccuracy is calculated
as the squared difference between the Q-value of the state-action pair calculated by
the Q-network and the observed return G; of that same state-action pair. Next, the
average of the squared differences from all batches is computed. The loss function is
defined as:

1 2
= W Z (Gi - Q(Si,ﬂi}e)) .

ieB
The loss is then backpropagated over all the parameters 6 by applying the chain rule.
The backpropagation process is not further explained, as it falls outside the scope of
this research. The full training process is depicted in Algorithm 1.

£(6)

Training Algorithm

Algorithm 1 provides the exact training procedure, including the different aspects de-
scribed in the previous section. The DOQN training algorithm differs from the "tra-
ditional" DQN algorithm in three respects. First, a parametric DON is used instead
of the traditional DQN, enabling generalisation in the large action space. Secondly,
Monte Carlo sampling is used instead of conventional one-step bootstrapping, elim-
inating the bootstrapping bias. Lastly, a stratified replay buffer is used, partitioning
experiences by refuelling amount.
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Algorithm 1 Deep Q-Learning with Monte Carlo Replay and Candidate Actions

Require: Train route set M; MDP/env generator; parametric Q-network Qy(s,a) with
stratified replay buffer D (binned over refuel amount R); batch size B; discount
factor y; penalty pnovalid; e-schedule (€0, émin, decay).

1: for episode = 1to M do

2:  Sample route from M.
3:  Construct MDP with route, buffers
4:  draw start fuel fy € {50,100, ...,550}.
5. Reset environment
6: done = True
7:  while done do
8: C; < valid action candidates.
9: ifC; =0 A egf,;‘t = ¢ then
10: 1t < Rpenalty
11: done = False
12: break
13: end if
14: Build action feature vector A;
15: Build state feature vector S;
16: Compute Q-values q; <— Qg(St, A¢).
17: Choose action according to e-greedy
18: Execute chosen action a;
19: Execute transition functions
20: Calculate reward R(s, a;)

21:  end while

22:  Monte Carlo returns: Calculate monte carlo returns G;

23:  Push to stratified buffer: for each t push (s, at, G, bin) into D
24:  if |D| > B then

25: Draw an index set Z of size B from D (stratified over R-bins).
26: Form mini-batch B = {(s;,a;, G;, b;) }ie7-

27: Compute loss £(0) = § Yz (Gi — Qolsi, a,-))z.

28: Backpropagate: compute VoL with chain rule.

29: Optimizer step: update 6 <— 0 — 1 VL.

30: end if

31:  Anneal exploration: ¢ <— max(&min, € - decay).

32: end for

33: Output: neural network with optimised weights Qp-

4.6 Summary

This chapter develops an integrated decision support approach for the refuelling,
cleaning and resting decisions over a fixed three-day planning horizon. A Markov
Decision Process is selected as the modelling approach. The state represents station-
level features, such as distance, detour, price, and station type, as well as global truck
features, including fuel level, cleaning requirements, remaining driving hours, and
the length of the remaining route. The actions are modelled as a combination of lo-
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cation and refuelling amount, if applicable. The selected solution method is a Deep
Q-learning model. Classical Mixed-Integer Programming, Approximate Dynamic Pro-
gramming, tabular Q-learning, and heuristic approaches are unable to capture long-
term decision dynamics or deal with non-convex problems. Deep Q-learning utilises
a Q-network to approximate the quality of different actions without enumerating the
state space. To enable stable training with a large variable-action set, a parametric
Q-network is selected. To mitigate sampling bias, a stratified replay buffer is com-
bined with Monte Carlo sampling. Model training uses e-greedy exploration with
category balancing, full Monte Carlo replay sampling, and a stratified replay buffer
that balances refuelling amount sampling. The final design aims to provide a robust
understanding of economic trade-offs, timing of actions, and the selection of stations
within the operational constraints of Nijhof-Wassink.
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Data Collection and Preparation

This Chapter explains the required input data for the MDP model and the Deep Q-
learning solving approach. First, Section 5.1 covers the route training data. Next, Sec-
tions 5.2 and 5.3 discuss the retrieval of the gas- and cleaning station data set respec-
tively. Section 5.4 outlines the steps involved in data cleaning. Furthermore, Section
5.5 describes the methods used for distance calculation required for the operation of
the MDP. Section 5.6 covers the variable and feature normalisation methods. Finally,
5.7 provides a summary of this Chapter. This Chapter aims to answer the following
research questions: What specific data must be incorporated into the model to effectively ad-
dress the integrated decision-making problem? and What preprocessing steps are required to
prepare the data?

5.1 Route Data

To effectively model the problem, route data is essential. Nijhof-Wassink possesses
planning data that includes a comprehensive list of all planned loading and unload-
ing activities. This data covers the period 2024-02-18 until 2025-02-18. This planning
data can be treated as route data since connecting all the individual events creates a
continuous route for each truck. Table 8.2 illustrates all the columns in the data, de-
tailing how each is utilised and its specific purpose. The columns used in this research
are ActionType, Truck, Trailer, productCode, and the x and y coordinates.

Nijhof-Wassink plans actions up to three days ahead, which naturally serves as a suit-
able splitting point. Loading and unloading locations beyond this three-day horizon
are not yet known, making it unclear how today’s decisions will affect possible actions
in the future. The truck route data is divided into three-day segments, which serve as
training episodes for the DQN. The dataset now includes multiple sets of loading and
unloading locations over three days.

5.2 Gas Station Data

The refuelling locations and prices for Nijhof-Wassink are sourced from two distinct
datasets. The first dataset includes the GPS coordinates of gas stations with which
Nijhof-Wassink has pricing agreements. While more stations are available, the prices
per litre at those additional locations are excessively high, making it unprofitable to
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refuel at stations not included in this dataset.

The second dataset contains historical fuel prices per litre for each day. The stations
listed in the first dataset can be matched with the fuel prices from the second dataset
based on the country of origin, which is present in both datasets.

5.3 Cleaning Station Data

The cleaning locations and their corresponding prices are obtained from two datasets.
The first dataset includes all planned cleanings scheduled between May 14, 2024, and
February 18, 2025. This dataset contains information about the products that were
cleaned, the address codes of the cleanings, and the associated GPS coordinates. How-
ever, it does not include the prices for the cleanings.

The prices are retrieved from a different dataset covering the period from January 5,
2021, to May 3, 2025. This dataset lists all cleaning actions, along with their corre-
sponding product codes, address codes, and respective prices. After extracting this
information, an average cost is calculated for all unique pairs of product codes and
address codes. Subsequently, the costs are linked to the GPS coordinates by connect-
ing the address codes from both datasets.

The cleaning times per product are in a separate dataset and are based on the commod-
ity codes assigned to each product. A different dataset includes the address codes for
all swapping stations. With these two data sets, the cleaning times for the transported
product can be retrieved during training.

5.4 Data Cleaning

Some data cleaning steps are executed to provide high-quality data to the neural net-
work:

* Per truck, the long sequence of loading and unloading events during the period
2024-02-18 until 2025-02-18 are split up in smaller parts of three days to resemble
the plannig horizon of Nijhof-Wassink.

* The routes with only two loading and unloading locations are filtered from the
dataset, as these do not provide meaningful training data.

* Routes outside of the Netherlands, Belgium and Germany are removed due to
the absence of high-quality data for the other countries.

* Consecutive duplicate event coordinates in routes are reduced to a single coor-
dinate. The first event is retained while the duplicates are removed.
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5.5 Distance Calculation

5.5.1 Haversine Distance

The state requires a calculation method for both detour and direct distances. The most
accurate approach would be to utilise the route API, which is also used in other Nijhof-
Wassink applications. This API calculates the exact distance along the roads, provid-
ing a precise representation of the distances between two locations (for example, be-
tween the current truck location and a station). However, the calculation speed of this
tool is relatively slow, with each API call taking approximately 0.5 seconds. Given
that there are around four waypoints per route and that distances to 150 stations need
to be calculated at each waypoint, training for 10,000 episodes would take over 34.7
days. Therefore, it has been decided to use the Haversine formula for all distance
calculations as it is a lightweight, geometry-based method.

5.5.2 Detour and Direct Driving Distance

Because the driving distance to a station and the detour to reach a station depend
on the event locations between these points, the direct haversine distance between
the truck and the station does not always give an accurate representation of the driv-
ing distance. The calculation of the driving distance to a station can be divided into
two cases. Let the truck be on segment j at location x; (between waypoints WP; and
WP; ). Let station k lie on segment ¢. Let d(-, -) denote point-to-point distance.

Case A: Station on the current segment (/ = j): The truck can drive directly from its
current position x; to the station k, and then continue to the next waypoint WP; ;.

Distance(k) = d(x;,k), (5.5.1)
Detour(k) = d(xj,k) + d(k, WPj;1) — d(x;, WPj,). (5.5.2)

Case B: Station on a later segment (/ > j): The truck must first progress along the
planned route to reach segment ¢. Distance(k) follows the planned path until the
segment that contains the station, after which it goes from WP, to k. The detour is the
local triangular excess on segment /.

(=1

Distance(k) = d(xj, WPj 1) + Y d(WP,WP,,1) + d(WP;,k), (5.5.3)
r=j+1

Detour(k) = d(WP, k) + d(k, WPy1) — d(WPy, WP;,1). (5.5.4)

Cleaning station calculation: Cleaning stations are reachable from any location. There-
fore, the current-segment formulas (5.5.1) and (5.5.2) are reused for cleaning station
distance and detour.
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5.6 Normalization of Variables

To feed the neural network with meaningful data, normalisation is applied to the input
features. The following normalisations are executed every time the feature vectors are
created as described in Section 4.5.4.

Fuel level

The fuel level of the truck is normalised with:

norm __ f f
h =
F Cap

Detour

The maximum detour Dpyax observed during initial experimentation is 400 km, as
trucks are allowed to visit all cleaning stations in the buffer. The detours are nor-
malised with the following formula:

o 5
6+ = min{ Detour(k), Dmax }, sporm™ — Dk,t .
max

Here Detour(k) is the detour for station k.

Driving distance

The driving distance to a station is expressed as the amount of fuel required to reach
that station. This feature is normalised by dividing the fuel amount required to reach
the station by the fuel tank capacity. This can result in numbers exceeding one, which
is not typically a standard practice in feature normalisation. However, in this case, it
indicates that the truck needs more than a full tank load to reach the concerned station,
which can be a signal to the network that it is not worth the extra stop in between to
reach this station:

Distance(k)
F cap

norm __
k.t -

Fuel price and cleaning costs

In the input vector in Section 4.5.4, the price feature py ; depends on the type of station
that is currently being normalised. If the entry corresponds to a cleaning station, py ;
equals the normalised cleaning costs. If it corresponds to a refuelling station or a
resting station, it equals the normalised fuel price. Resting stations also get a fuel
price because resting and refuelling may be combined at the same station. This allows
the agent to select a resting location with a low fuel price, effectively combining both
actions. The fuel prices at gas stations are normalised based on the maximum price
across all stations in the Nijhof-Wassink database. Instead of normalising the fuel
price by the highest price within the route buffer, this method is used because once the
route is completed, the truck may continue to other regions where the maximum prices
may vary. A refuelling decision within the current route affects possible actions in the
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consecutive route. Using a global (Puin, Pmax) keeps fuel-price features comparable
across routes and regions, so that decisions within the current route remain coherent
with potential subsequent routes. The highest and lowest observed fuel prices are
€1.6 and €1.1 respectively. The cleaning costs are first clipped by a maximum of 600,
which is the maximum observed cleaning costs during initial experimentation. Then
the clipped value is divided by the maximum cleaning costs.

At time t on route m, with current segment /, let station k € K; ;. The raw price feature
is selected by action type:

R P, ifaf €K}, oral €K}
Pkt =

t,m’
Cy, if a} S K%m

Normalisation is action-specific. Fuel prices use a global range, while cleaning fees are
clipped at Cmax before scaling;:

ﬁk,t - Pmm r 1 1 1 3
W, if a; S Kt,m or a,; c Kt,m'
p}?otrm — maXx min
’ min{p;;, C i
{Prs maX}, ifal € K2 .
C t t,m
max

Pmin — 1.1, Pmax — 1.6 Cmax — 600

Cleaning time

The cleaning time at a station is normalised by dividing this time by the maximum
cleaning time indicated in Table 2.1.

norm

wk — Tmax — 3 h.

Tmax

5.7 Summary

This chapter collects and preprocesses the data needed as input for the Markov Deci-
sion Process and Deep Q-learning approach. The historical loading and unloading lo-
cations are used to construct the three-day training episodes. Refuelling and cleaning
stations, along with their prices, are retrieved from data sets. Furthermore, cleaning
times are derived from commodity codes and swapping station locations are incorpo-
rated via address codes and GPS coordinates. All inputs are normalised to stabilise
training and improve learning abilities. Lastly, the driving distance and detour calcu-
lation methods are discussed and finalised.
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Experiment Design and Results

This chapter outlines the experimental design employed in this research. Section 6.1
details the implementation method. Section 6.2 discusses how the train-test split was
executed. 6.3 provides an explanation of the Q-network architecture. Next, Section
6.4 details the process of tuning the hyperparameters of the DQN model. Section 6.5
discusses the selection of the final trained model. Subsequently, Section 6.6 provides
the performance evaluation method. Finally, 6.9 summarises this Chapter. This Chap-
ter aims to answer the following research questions: What performance metrics should be
used to evaluate the effectiveness of the selected models and solution approaches? and How can
the different performance metrics be measured and validated in a real-world logistics setting
reflecting the operational constraints and decision-making process of Nijhof-Wassink?

6.1 Software Implementation

The route preparation and deep Q-learning model have been implemented in Python.
The entire training procedure is built from scratch, without using a standard library,
to implement custom Monte Carlo sampling and a stratified replay buffer. The Q-
network itself is programmed with the use of the PyTorch library as referenced in
Paszke et al. (2019).

6.2 Train-test Split

To prevent overtraining on the Nijhof-Wassink data set and assess the trained Q-
network’s performance, a train-validate-test split is performed on the training routes.
80% of the routes are allocated for training, 15% is used to optimise the hyperparame-
ters and 5% is used for testing the performance of the model. This is done to prevent
data leakage between the different phases of this research. A fixed random seed is
used to ensure reproducibility.

6.3 O-network Architecture

The architecture of the neural network can largely influence its behaviour and perfor-
mance. The relation between the architecture and the performance is largely studied in
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literature; however, there is no universal optimal design for deep Q-networks. Telgar-
sky (2016) studied the effects of adding depth to a neural network and concluded that
depth provides an exponential gain in expressivity of the neural network. To deter-
mine the optimal network architecture for this research, experiments were conducted
on the depth, width, and input layer orientation. The depth of the neural network
is altered by changing the number of hidden layers, and the width of the network is
altered by changing the number of neurons per layer. The input layer orientation is
changed by splitting the input layer into two streams: one for the action features and
one for the state features. The different networks are first trained on the training data,
after which the trained network is used to make decisions for the routes in the test
set. The performance of each configuration is measured by calculating the average
reward over all the routes in the test data. Table 6.1 presents the results of various ar-
chitecture experiments. Notably, experiments 12 and 13 feature network designs with
a split input layer: one block of neurons for the state features and a second block for
the action features. These designs are included to test whether the separation helps
the network to differentiate between the two different parts of the state, potentially
improving performance. Experiment 10 achieved the highest average reward and is
therefore selected as the final network architecture.

Table 6.1: Architecture experiments

Experiment Architecture Hidden layers Average reward
1 64 1 -896.01
2 6464 2 -723.23
3 128 64 2 -780.35
4 128_128_64 3 -714.38
5 64_128_128 64 4 -665.94
6 256_128_128 64 4 -388.60
7 64_128 128_256 4 -408.37
8 128_256_256_512 + -555.57
9 512_256_256_128_128_64 6 -686.30

10 1024_512_256_128 4 -361.78
11 1024_512_256_128_64 5 -387.21
12 1024_512 + 1024_512 — 128_64 6 -362.83
13 1024_512 +1024_512 — 128 5 -389.29
14 512512 512 3 -396.23
15 1024_1024_1024 3 -410.01
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6.4 Hyperparameter Tuning

In addition to the network architecture, several parameters influence the training sta-
bility and final performance of the network. Table 6.2 presents various hyperparam-
eter ranges. These ranges have been established after initial experimentation with
the parameter values. There are several strategies for hyperparameter optimisation,
including grid search, random search, and Bayesian optimisation. A grid search eval-
uates every possible combination of hyperparameters. However, this approach scales
exponentially with the number of parameter values, which can lead to significant
computational complexity when working with larger ranges and multiple parameters.
Random search samples combinations from the possible hyperparameter settings, but
its success is not guaranteed, and it still spends a considerable amount of time on
non-promising regions of the search space. Bayesian optimisation builds a surrogate
model and selects new configurations by maximising a function which targets promis-
ing regions instead of wasting computational power on non-promising ones (Feurer
and Hutter, 2019). The Bayesian hyperparameter optimisation is performed with the
continuous ranges provided in Table 6.2. These ranges were established after initial
experimentation, concluding that they offered the best initial training results.

Table 6.2: Hyperparameter settings

Parameter Experimentation range
Learning rate (LR) 107°to 1073

e-decay 0.9995 to 0.9997

e-end 0.01to0 0.15

Batch size 32, 64, 128, 256

Buffer size 10,000; 50,000; 100,000

The Bayesian optimisation is performed using the open-source hyperparameter opti-
misation library Optuna in Python, as referenced in Akiba et al. (2019). The number of
experiments is set to 30 to maintain a reasonable computation time. The duration of
each experiment is set to 10000 episodes to ensure that even with the highest epsilon
decay, the final epsilon value can still be achieved. Every 100 episodes, a checkpoint
network is saved, which will later be used for evaluating the hyperparameter settings.

The hyperparameter optimisation with Optuna and all model training are conducted
exclusively on the training portion, while the validation set remains untouched to pre-
vent data leakage. After training, the network checkpoint that achieves the highest
average reward over the last 100 episodes in each experiment is used to evaluate the
parameter settings on the validation data. The results of all 30 experiments are doc-
umented in Section 8.8. Notably, experiment number 4 yields the highest average re-
ward across the validation routes. The hyperparameters from this configuration were
selected for training the final model and are given in Table 6.3. The number of episodes
is increased to 15000 to assess whether additional training improves the model.
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Hyperparameter Final Value
Learning rate 9.87342 x 107>
Discount factor () 1.0
Epsilon start value 1.0
Epsilon end value 0.0839
Epsilon decay 0.99970123
Batch size 64
Replay buffer size 30,000

Table 6.3: Hyperparameter settings

6.5 Trained Model

The final model is trained using the network architecture, hyperparameters given in
6.3 and general settings given in Table 8.3. Figure 6.1 shows the 500-episode moving
average reward with a peak observed between episodes 6000 and 15000. To prevent
overfitting the network on the training set, checkpoint networks are saved every 100
episodes. The checkpoints are then evaluated on the held-out test set, and the model
with the highest mean reward across all test routes is selected. Section 8.11 shows that
the highest average return was achieved with checkpoint 14300 which is therefore

selected as the final network.
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Figure 6.1: Q-network training process
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6.6 Performance Evaluation

To evaluate the performance of the DON model, it is essential to compare other mean-
ingful decision approaches. Therefore, three different performance evaluation meth-
ods have been created. First, the MILP model is used to compare the DQN with exact
optimal solutions from the MILP model. The second benchmark is a heuristic ap-
proach based on simple logical decision rules. While the heuristic may not give an
optimal solution, it will give an interpretable baseline to compare the developed DQN
approach with. Lastly, a comparison with the current situation gives an indication of
whether there is an improvement in the selected KPI values.

For all approaches, evaluation is performed step-by-step along each route according to
the MDP. For every run, the truck starts at the first event with an initial fuel level which
is the same for a given route. At every step, a decision is made according to the active
method. The environment then advances to the next step using the MDP dynamics,
and the reward is calculated according to the reward function defined in the MDP.
This process continues until the route terminates at the final waypoint or due to early
stopping. If a route is terminated early, it is flagged as a penalty route. This protocol
ensures a fair comparison among the DQN and the three chosen benchmarks.

6.6.1 Optimal Solution

The first performance evaluation compares the DQN approach with the optimal solu-
tions for each route. A Mixed Integer Linear Program (MILP) is utilized in conjunction
with the Simplex solving algorithm to determine the optimal solutions for each route.
The mathematical notation for the MILP can be found in 8.6. The optimal solutions are
computed using the Gurobi package in Python, as referenced in Gurobi Optimization
(2025). The optimal solutions are derived for a set of 16 routes to keep the solving
time reasonably small. The set includes routes for four events. Initial experimentation
with the solver indicated that routes containing more than four events resulted in a
significant increase in solving time. On the other hand, routes with fewer than three
events lacked sufficient incentives to execute refuelling and cleaning actions, making
them less interesting for analysis.

The overall performance gap between the DON solutions and the optimal solutions is
13.4%, as calculated using Equation 6.6.1. Table 6.4 presents the average reward per
route along with the values of the selected key performance indicators (KPIs). The
DON strategy plans fewer refuelling stops but performs larger volumes of fuel per
stop. In contrast, the MILP approach refuels more often, with smaller fuel volumes
each time.

Additionally, the MILP exhibits a significantly larger average detour per route, pri-
marily due to the cleaning actions implemented on two specific routes. In these cases,
the MILP selects cleaning stations that result in high detours but charge lower cleaning
fees. Finally, the average paid fuel price is slightly lower for the MILP compared to the
DQON method. The average price per litre for refuelling is higher in the MILP model,
which may be due to small, expensive top-ups to reach cheaper cleaning stations.
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Metric DQN MILP
Average Total reward -534.46 -471.85
Std. dev. of total reward 28420 21891
Minimum reward -1337.49 -984.19
Maximum reward -162.98 -139.43
Average Refuels per route 0.81 1.00
Average Cleans per route 1.75 1.75
Average Rests per route 0 0
Average Detour per route (km) 1242 150.41
Average refuel volume (L) 489.23 313.21
Average €/L on refuels 1.171 1.176
Failed routes 0/16 0/16

Table 6.4: Comparison of DQN vs. MILP

Zm DQNm - Zm OPTm
y.,, OPT,,

Performane Gap = (6.6.1)

6.6.2 Heuristic Approach

The primary objective of the heuristic is to continue driving to the next loading or
unloading event along the fixed route. It only interrupts this sequence if driving to the
next stop is infeasible. This can be due to one of the following reasons:

¢ Truck must be cleaned before it can proceed.

¢ The truck cannot reach the next event due to the remaining allowable driving
hours.

¢ The truck does not have sufficient fuel to reach the next event.

If cleaning is required, the heuristic selects the station with the lowest total cleaning
costs, as determined by calculating the total costs of reaching that station and per-
forming a cleaning action. If infeasibility occurs due to insufficient driving hours, the
resting station with the smallest detour is selected because detour is the main cost
driver for resting decisions. When the fuel level is too low, the heuristic will choose a
refuelling station that offers the lowest fuel price. If there is a tie in price, the station
with the shortest detour will be selected. In all refuelling cases, the truck is refuelled to
its maximum capacity. To prevent the truck from becoming stranded after arriving at a
station with only minimal resources left, the heuristic applies a universal safety buffer
of 50 litres of fuel and 30 minutes of driving time. This entails that the truck requires
50 litres of fuel and 30 minutes of driving time left after arriving at a location. Figure
6.2 illustrates a flowchart of the heuristic decision-making process. The heuristic and
the DQN model will be applied to the created test set, including 338 routes in total.
The starting fuel for each route is selected randomly in increments of 50, ranging from
50 to the maximum fuel capacity.

Table 6.5 reports the results from applying the heuristic and the DQN approach to
the test set of 338 routes. It can be seen that the DON outperforms the heuristic on
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Figure 6.2: Heuristic decision logic

average, while showing similar variability and slightly better worst-case outcomes.
Specifically, the DQN has an average mean reward of -410.80, which is 15.93 (3.73%)
higher than an average mean reward of -426.73 for the heuristic. The worst reward for
the DON is -1432.39, which is 147.84 higher than the minimum reward of the heuristic
approach, which comes down to -1580.23.

Operationally, the DQN executes fewer refuels on average (0.35 vs 0.41), but the amount
of litres per refuel is higher on average for the heuristic (438.25 vs 486.76). Cleaning
counts are identical, which is expected due to the fixed unloading locations which
require a cleaning action afterwards. The DQN rests slightly more often than the
heuristic approach, suggesting it is more cautious of ending up without enough driv-
ing hours. Finally, the DQN approach yields a higher failure rate (5 routes) than the
heuristic approach (2 routes). Failed routes are cases where the agent reaches a state
without any valid actions due to insufficient fuel or insufficient driving hours to reach
the next location. In these instances, the route is terminated early and excluded from
the descriptive statistics.
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Metric DQN Heuristic
Average total reward -410.80 -426.73
Std. dev. rewards 233.73 242.55
Minimum reward -1432.39  -1580.23
Maximum reward 0.00 0.00
Average refuels per route 0.35 0.41
Average cleans per route 1.41 1.41
Average rests per route 0.51 0.37
Average refuel volume 438.25 486.76
Failed routes (%) 1.5% 0.6%
Failed routes (cnt) 5/338 2/338

Table 6.5: Results heuristic comparison

6.6.3 Current Decision Method

The cleaning and refuelling algorithms of Nijhof-Wassink provide drivers with sep-
arate recommendations on the cleaning and refuelling locations. Both refuelling and
cleaning locations are merely recommendations, and the drivers are free to choose a
different location if they consider it more suitable. However, for the purpose of com-
paring the DON with the current method, it is assumed that drivers follow the pro-
vided advice in all their decisions.

Resting locations, on the other hand, are not included in the current decision process
and are entirely chosen by the drivers. As a result, the current approach does not inte-
grate all three separate decisions in the planning framework. To enable a comparison
between the two methods, the resting decisions and constraints have been temporarily
disabled in the DQN model.

Since the advice on the cleaning and refuelling locations is managed by two different
software programs, the complete routes, including the chosen locations, must be con-
structed manually to make a comparison. A total of 29 additional routes and decisions
have been created based on the current decision-making method. The two methods
are evaluated using the fuel and cleaning prices on 2024-12-01. The evaluation of the
routes is performed with the same settings and parameters used during the training
of the DQN.

The current decision-making approach and the DQN model both have been applied
to the 29 constructed test routes. On average, the DON achieved a reward of -611.88,
compared to -758.48 for the current approach, resulting in an average absolute im-
provement of 146.60 (19.33%) per route. Again, the standard deviation in the two
approaches is comparable, indicating that the DQN’s advantage is not solely driven
by a few outliers. Additionally, both the best and worst routes for the DQN approach
are superior to the current approach.

The current approach performs one refuel per route on average, whereas the DQN
refuels 0.28 times per route on average, which is significantly less often. When DQN
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does stop, it fills more per stop (471.25 L vs 421.48 L), resulting in fewer but larger
refuelling actions. The mean number of cleanings in both methods is the same (1.97)
because cleaning is determined by the fixed unloading locations per route. As dis-
cussed earlier, the resting decisions are left out in this evaluation because the current
approach does not provide advice on resting locations to the drivers. Finally, both
approaches produced 0 failed advices, which means that every route was completed
without early termination.

Metric DQN Current decision approach
Average reward -611.88 -758.48
Std dev rewards 329.13 263.91
Min reward -1527.08 -1580.99
Max reward 188.33 -278.13
Average number of refuels 0.28 1.00
Average number of cleans 1.97 1.97
Average refuel volume 471.25 421.48
Average detour per route (km) 30.71 59.68
Average €/L on refuels 1.26 1.22
Failed routes (%) 0.00% 0.00%
Failed routes (cnt) 0/29 0/29

Table 6.6: Results comparison DQN with current decision approach

6.7 Validation of decision behaviour

To gain a deeper understanding of the DQN’s decision-making behaviour, several val-
idation experiments have been conducted. The goal of these experiments is to reflect
on the DQN’s behaviour with respect to critical decision levers identified in Section
2.3.2.

In Section 8.12.1, the DQN reduced the total number of stops during training, indicat-
ing more efficient use of stops while still completing the routes.

Section 8.12.2 demonstrates that DQN steadily decreases the detour to cleaning sta-
tions while the paid cleaning fees remain the same on average. This suggests that the
DON learns a trade-off between cleaning price and cleaning detour, with a stronger
emphasis on minimising detours. The same section demonstrates that for refuelling
actions, the average chosen fuel price decreases over the episodes, along with the aver-
age detour to the refuelling stations. This indicates that the DQN effectively minimises
costs by reducing both fuel price and detour lengths.

In Section 8.12.3, it is shown that the model is not capable of identifying profitable
bridge refuels.

Lastly, 8.12.4 shows that the DQN can perform action combinations. However, due to

the policy not being equal to the optimal solutions from the MILP, no conclusions can
be made about the efficiency of these combinations.
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6.7.1 Sensitivity analysis

To evaluate how the policy of the trained model is influenced by a change in parameter
values, two sensitivity analyses are performed. In the first analysis, the fuel price is
increased and decreased by 20% from the base level. The second analysis increases and
decreases the driving costs per kilometre and per hour by 20%. With every change in
parameter value, the network is retrained so it can relearn the optimal policy with
the changed parameter values. The trained model is then applied to the test set, after
which a selected set of 6 KPIs is evaluated.

Fuel price sensitivity

Figure 6.3 shows the normalised values of the 6 KPIs under the parameter change.
It can be seen that the normalised costs increase when the fuel prices are increased,
which is a logical consequence. Notably, the increase in total cost is smaller than the
20% fuel price change, indicating that the learned policy adapts to the increase in price.

A more interesting pattern emerges in the other operational KPIs. When prices are in-
creased, the average number of refuelling events per route goes up, while the average
litres per refuel go down. The behaviour can be explained due to two reasons. First,
because the stopping costs remain constant while fuel costs rise, the relative costs of
making an additional stop fall, making it more attractive to split fuel purchase across
more steps. Secondly, a price increase by a certain factor widens the absolute gap be-
tween the cheapest and most expensive stations, raising the overpayment risk of buy-
ing too many litres at a non-cheap station. The policy, therefore, prefers smaller, more
frequent top-ups. Furthermore the average detour per route decreases in both the
+20% and -20% situation. Because the agent refuels fewer litres per stop, the benefit of
making a large detour to a very cheap station becomes smaller. In the —20% fuel-price
scenario, the spread between the cheapest and most expensive stations also narrows,
so the extra gain from visiting the absolute cheapest station instead of a nearby almost-
as-cheap station is limited. In both cases, the policy therefore favours shorter detours
and stations located closer to the route.
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Fuel price sensitivity analysis

130
120

110

100
9
8
. i i

Total costs Average number Average number Average number Average detour Averagerefuel  Average €/Lon
of refuels of cleanings of rests amount refuels

KPI

Normalized KPI value
o

o

MW Fuel price-20% W Base Fuel price +20%

Figure 6.3: Fuel price sensitivity

Driving costs sensitivity

Figure 6.4 shows an increase in the average costs per route when increasing the driving
costs by 20%. The average driven detour per route decreases, which is a logical conse-
quence as it is less profitable to drive further to cheaper stations. Because of this, the
average price paid per litre on average increased because it becomes less cost-effective
to travel farther to cheaper stations.

The figure also shows that the average litres per refuel rise both when driving costs are
decreased and when they are increased. One possible explanation for this is as follows:
When driving costs are lower, detours become relatively cheap. The policy can then
afford to reach the very best-priced stations and then exploit that advantage by refu-
elling the maximum amount, while skipping the more expensive stations along the
route. However, when driving costs are higher, every additional detour or extra stop
becomes expensive. When driving costs are higher, every detour and stop becomes
costly. In that case, the policy adjusts by refuelling less frequently and purchasing
more fuel per stop.

Overall, the DQN adapts by changing its operational strategy. This indicates that the

chosen state space is informative and sufficiently expressive, enabling the DQN to re-
weight trade-offs and rebalance behaviour under parameter shifts.
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Driving costs sensitivity analysis
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Figure 6.4: Driving costs sensitivity analysis

6.7.2 Model robustness and scenario analysis

To assess the robustness of the model, a scenario was conducted in which half of the
refuelling stations were randomly removed from the total set. The model was not
retrained after eliminating 50% of the stations in order to evaluate its resilience. As
shown in Figure 6.5, the total costs increased by just under 2%. The average detour
decreased because there are fewer inexpensive stations that make detours worthwhile.
Additionally, the average refuelling amount increased due to the reduced number of
available stations. The average number of refuels and cleanings remained stable. The
number of rests increased after removing 50% of the stations, indicating the policy is
more conservative about taking breaks so it doesn’t risk timing out on driving-hours
limits. The scenario analysis indicates that the policy is reasonably robust even with-
out retraining: the DQN adapts its operational choices to a sparser refuelling network,
adjusting stop frequency and fill sizes to maintain performance with only a minor cost
increase.
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Station saturation scenario
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Figure 6.5: Scenario 50% less stations

6.8 Discussion

6.8.1 Strengths of the Proposed Solution

The Deep Q-Network (DQN) policy achieves better performance than both the heuris-
tic and the current decision-making approach on the chosen evaluation protocol, which
makes it a viable candidate for supporting route planning decisions. Beyond this
quantitative improvement, the proposed solution has several structural strengths.

First, the DQN learns useful operational trade-offs without relying on hand-crafted
rules. The validation of decision behaviour in Section 6.7 shows that the policy sys-
tematically reduced detour distances for cleaning, refuelling and resting actions while
also selecting lower fuel prices per litre.

Second, the model shows robustness to changes in the station network. When the
number of fuel stations is reduced to 50% of the original set, the model is able to adapt
its policy by increasing the refuelling amount and increasing the refuelling and rest-
ing frequency thereby avoiding situations in which the truck truck runs out of fuel or
violates rest constraints. This makes the model robust to possible station closures in
practice, for example due to maintenance, contractual changes or temporary disrup-
tions in supply.

Third, the solution is adaptable to changes in the costs structure. Sensitivity analysis
in 6.7.1 showed that the model is able to extract new policies after retraining the model
on the changed fuel prices and driving costs. This flexibility allows the decision aid
to function under different cost configurations without redesign of the model. In the
long term, it can operate as an all-round planning tool for Nijhof-Wassink, rather than
requiring new, tailor-made heuristics for each scenario.
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Finally, the distance-based state representation enables generalisation on identical spa-
tial situations. By describing the truck’s environment through relative distances to sta-
tions rather than absolute coordinates, the policy is not tied to specific regions which
allows the model to be applied in other (future) service areas with similar operational
constraints.

6.8.2 Limitations and Areas of Improvement

This section summarises the key limitations of the proposed solution. A more detailed
discussion of their underlying causes, along with potential solutions to overcome the
limitations, is provided in Section 8.13.

* Failed advices: The DON fails to generate a valid advice for a small part of the
routes. This is caused by the agent reaching a state with no feasible actions avail-
able. In practice, this can be mitigated by validating feasibility one step ahead
before committing to an action and, when infeasibility is detected, handing the
decision to a simpler rule-based heuristic or alternative optimiser.

* Haversine distance: Straight-line distances underestimate real travel distance,
which can cause infeasibility to the provided advice. Replacing Haversine dis-
tance with distances from a routing API addresses this gap.

* Bridge refuelling: The DQN is not able to exploit bridge-refuelling opportuni-
ties, which leads to missing low-cost paths and systematically higher fuel spend
on some routes. Reducing noise in the station feature block by retaining only the
most relevant, cheapest or closest candidates, and rebalancing training exposure
toward bridge trajectories could help reveal the underlying trade-off.

* Limited look-ahead for coordinated stops: Planning action combinations in ad-
vance is hampered by a state that encodes only truck-to-station features and lacks
station-to-station geometry. Introducing compact neighbourhood summaries or
a graph-based representation enables the policy to anticipate and time combina-
tions more effectively.

¢ External uncertainties: External uncertainties, such as traffic delays or price
volatility, are not modelled, which can cause sub-optimality when implementing
the generated advice. Incorporating stochastic travel times and price dynamics
improves the robustness of the model.

6.8.3 Practical Implications

After discussing the limitations and areas of improvement, the practical usefulness of
this research for Nijhof-Wassink is discussed in this section. The trained DQN out-
performs the heuristic and the current decision approach on the chosen evaluation
protocol. On the constructed evaluation routes, it achieves an average cost reduction
of €146.60 per three-day route (19.33%) compared to the current decision approach,
directly translating into lower fuel, cleaning and detour-related costs. In addition, the
model remains effective when station availability changes and when cost parameters
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such as driving costs per kilometre or fuel prices per litre are varied, which makes the
solution suitable for a changing operational environment.

This makes the proposed model well-suited to support planners and drivers by list-
ing ranked options, rather than a fully autonomous planner. In practice, the deicision
support toll could present a ranked list of refuelling, cleaning actions with associ-
ated predicted costs and time trade-offs. Planners and drivers can then combine these
suggestions with their operational experience and practical considereations to make a
well-balanced choice.

Before the decision tool can be automated and integrated into the daily operations of
Nijhof-Wassink, more research and evaluation steps have to be executed. Firstly, the
evaluation horizon should be extended when assessing the performance of different
decision approaches. This better reveals the long-term performance of the selected ac-
tions and gives a fairer comparison to the current situation. Secondly, more extensive
research needs to be conducted on various state space representations and the distance
calculation method mentioned earlier.

Furthermore, research needs to be conducted on the implementation of the DQN
model in the daily operations of Nijhof-Wassink. During this research, historical data
were used to simulate a real environment locally on a device. However, during the
testing and implementation phases, real-time data on the truck’s location, fuel level,
and daily prices must be fed into the model to enable real-time decision-making. It is
essential to determine on which existing system the DQN will operate and how the
data streams will be integrated.

6.9 Summary

This chapter outlines the implementation, tuning, and evaluation of the model. The
Markov Decision Process environment and training process are implemented using
Python, with a custom Monte Carlo return and stratified replay buffer. The route set
is split into a train, validation and test set, each representing 80, 15 and 5 % of the total
set, respectively. A seperate neural network architecture research is performed by ex-
perimenting with 15 different network structures. It was concluded that the network
with size 1024-512-256-128 performed best on the test route set. The hyperparameters
of the Deep Q-learning approach are optimised using the Optuna Python library, after
which the model is trained on 15000 episodes. The performance of the model is evalu-
ated against three benchmarks: (i) a basic heuristic that prioritises driving to the next
event unless this action is infeasible, (ii) a decision method which is currently in the
operational testing phase at Nijhof-Wassink and (iii) a Mixed Integer Linear Program
that provides the exact optimal solution for a route. It was shown that the DQN consis-
tently outperforms the current decision method and the heuristic. The DQN improved
the current decision approach by 19.33% on the mean reward on 29 constructed test
routes. The DQN performed 3.73% better than the heuristic. The sensitivity analy-
sis reveals that the DQN can adapt its optimal policy after re-training the network
when driving costs and fuel price per litre change. Furthermore, the scenario analy-
sis shows that the DQN is robust under a 50% decrease of the number of refuelling
stations without retraining the model. The validation of decision-making behaviour
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shows that DQN has difficulty taking advantage of "bridge" refuels. Additional limi-
tations include occasional infeasible advice, using the haversine as a driving distance
approximation and the exclusion of external uncertainties in the MDP. The model is
a credible starting point for a decision-support tool, but can not yet be implemented
as an autonomous planner. Future work should evaluate the approaches on longer
decision horizons, refine state representations, consider separate bridge-refuel actions
and integrate external uncertainties.
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Conclusion

This chapter provides an overview of the main findings of this study. First, a concise
summary of the main results is given in Section 7.1. Then, Section 7.3 distils the main
conclusions drawn from these findings. Finally, the recommendations and future re-
search directions are outlined in Section 7.4 to guide further development.

7.1

Summary of Results

This Section provides a concise but comprehensive overview of the main results in this
research. After extensively testing the DQN on the case study of Nijhof-Wassink, the
main findings are:

The DQN approach outperformed the heuristic approach with a difference of
€15.93 on average per route, which is a decrease of 3.73%

The DON approach outperformed the current decision approach with €146.60,
which is an improvement of 19.33%

The DQN approach has an optimality gap of 13.4% with the optimal solutions of
the MILP.

The mean number of refuels decreased with the DQN approach as opposed to
both methods.

In terms of refuel volume per stop, the DQN uses slightly smaller refuelling
amounts than the heuristic approach, but larger refuelling amounts than the cur-
rent decision approach.

The DON showed five failed advices as opposed to two for the heuristic ap-
proach. In the comparison with the current decision approach, both methods
showed zero failed advices.

Qualitatively, the scenario and sensitivity analyses indicate that the network is
robust under changes in station availability and cost parameters, and that the
learned policy adapts its refuelling, resting and cleaning decisions flexibly to
different operating conditions.
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7.2 Contributions

7.2.1 Practical Contributions

This study presents a data-driven decision support prototype that provides integrated
advice on refuelling, cleaning, and resting along a fixed multi-day route. The Markov
Decision Process models the daily operations of Nijhof-Wassink by incorporating sev-
eral general assumptions, including route buffers, ahead and behind feasibility, tank
capacity, cleaning requirements, and driving-hour constraints. The data pipeline con-
verts historical event logs into usable three-day training episodes and connects sta-
tion coordinates with prices and cleaning times, after which these variables are nor-
malised. A parametric Q-network is implemented to handle variable candidate sets
across different episodes without requiring a large neural network output layer. Three
benchmark solutions are created, which can be used to re-evaluate the DQN after im-
plementing improvements. The sensitivity and scenario analysis provide a method to
assess the robustness and flexibility of the model.

7.2.2 Theoretical Contributions

This work formalises and names a new problem class: the Fixed-Route vehicle Refu-
elling, Cleaning and Resting problem (FRV-RCRP), allowing off-route decisions with-
out a minimum refuelling amount requirement. To the best of our knowledge, no prior
work has modelled these three operational decisions in a joint decision network. The
FRV-RCRP situates itself alongside the FRVRP and the VRTDSP families but extends
them by integrating cleaning decisions.

Methodologically, the study contributes a state-action design that exploits invariance
properties via relative truck-to-station features while remaining compatible with a
variable action set. This was achieved using a parametric Q-network, which takes both
state and action features as input and outputs one Q-value per state-action pair. To
reduce the bootstrapping bias of rare but economically important large-refuel trajec-
tories, the traditional Temporal Difference target is replaced with full-episode Monte
Carlo returns. Additionally, a stratified replay buffer binning the refuel amounts coun-
ters the natural overrepresented small refuels under the e-greedy exploration, pre-
venting a biased decision approach. Finally, a terminal value correction is applied to
address the finite-horizon MDP, which inherently does not capture the continuous na-
ture of the refuelling dynamics, thereby enabling a fair comparison across different
decision approaches. All elements mentioned form a novel DQN variant tailored to
the FRV-RCRP and to broader routing decision problems with variable action sets.

7.3 Conclusions

This thesis investigated whether integrating refuelling, cleaning and resting decisions
in a single optimisation model can improve the cost efficiency and operational per-
tormance of Nijhof-Wassink. The results show that the de proposed Deep Q-network
improves expected operational costs by 19.33% compared to the current decision ap-
proach and by 3.73% compared to the heuristic benchmark. The agent therefore pro-
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vides a credible starting point for an integrated decision-support tool on fixed multi-
day routes.

Two main insights emerge. First, the DON is able to capture key operational trade-
offs between detour, timing and fuel or cleaning price without relying on hand-crafted
rules. This indicates that the current reward function and state features proved mean-
ingful signals that the neural network can exploit. Secondly, although the network is
able to combine actions in several scenarios, its performance on more complex multi-
stop combinations remains suboptimal. The model could benefit from a richer station-
to-station state geometry and an explicit bridge-refuel action could further increase
operational efficiency.

The study also highlights the main limitations of the approach. The state represen-
tation entails truck-to-station, which does not include station-to-station information.
This can hamper long-horizon coordination of stops. Furthermore, the use of haver-
sine distance and exclusion of external uncertainties can lead to feasibility issues in the
operational advice. These findings, in combination with the optimality gap of 13.4%,
motivate further work on the state representation, distance calculation and uncertainty
modelling.

Finally, the analysis highlights the importance of a balanced scenario representation
in the replay buffer. The network can not learn a robust decision policy without a bal-
anced coverage of all critical operational scenarios. Mapping all relevant scenarios in
the daily operations of Nijhof-Wassink and adapting the exploration strategy accord-
ingly is an important step towards an implementation-ready decision tool. Overall,
the method is promising but not yet ready for direct deployment. Evaluation on a
longer horizon and model refinements are required before the model can be tested in
a pilot phase.

74 Recommendations and Future Research

This Section outlines actionable steps for Nijhof-Wassink to operationalise the inte-
grated decision approach. The recommendations are categorised in short-term, mid-
term and long-term to guide the project in the coming period.

Short-term

* Long horizon evaluation: to determine the long-term performance of the DQN
model with respect to the current decision approach, experiments with longer
evaluation horizons have to be executed.

* Route calculation API: Implement a route calculation API to ensure correct driv-
ing times and fuel usage during training and evaluation of the DQN. Before in-
tegrating the API, research the impact on model training time and advice gener-
ation time, as well as the additional variable costs associated with API calls.
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* Reward normalisation : Normalise per-step costs across the three action types
so that the rewards are on a comparable scale, which may reduce the bias for one
of the three actions.

* Map operational real-world scenarios: The scenario analysis highlighted the
importance of evenly representing different real-world scenarios in the replay
buffer to create a well-calibrated decision agent. To achieve this, exploratory
research is needed to define all scenarios and their impact on the operational
efficiency of Nijhof-Wassink. Consequently, the exploration method should be
adapted to ensure all scenarios are represented in the replay buffer sufficiently.

Mid-term

* Graph transformer: Implement a graph transformer to represent the state, which
models the truck-to-station geometry and the station-to-station geometry to im-
prove combinatorial decision making between the three action types.

* Increase bridge-refuel execution frequency: To enable the model to learn the
bridging-refuel trade-off, it is essential to discover and sample more of these
trajectories. To accomplish this, an explicit Bridge refuel action should be imple-
mented.

Long-term

* Different reinforcement learning techniques: If the desired performance is not
achieved after implementing the previous action points, experiments with dif-
ferent reinforcement learning methods, such as Proximal Policy Optimisation
(PPO), could be executed. PPO is generally a better choice when continuous ac-
tions are required. In this research, the refuelling amount is continuous, which
could make PPO a well-suited solution method.

¢ Uncertainty implementation: The model should be trained and evaluated un-
der modelled uncertainties before implementation into the daily operations of
Nijhof-Wassink. Stochastic travel times, daily fuel price fluctuations and station
queues could be modelled by first measuring their magnitudes and establishing
empirical distributions. Report the mean costs and variability statistics to sketch
a robust performance picture of the proposed DQN model.
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Appendix

8.1 Appendix A: Problem Cluster
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8.2 Appendix B: Relevance of the research

8.2.1 Cost Savings and Profitability

In the problem cluster, three main factors account for Nijhof-Wassink’s high opera-
tional costs: fuel, cleaning, and labour costs. To analyse the importance of this re-
search on operational efficiency and costs, it is crucial to evaluate the percentage of
these three cost factors in total expenses. Personnel costs are the largest at 25.78%,
followed by refuelling and cleaning costs at 15.31% and 5.33%, respectively. These
percentages emphasise the importance of optimising the decision-making process and
decreasing these significant expenses.

Additionally, the profit margin per truck is extremely low. Making one suboptimal
decision about the refuelling, cleaning or resting location can significantly reduce the
profit margin of that one truck for that day. Doing this for multiple trucks can signifi-
cantly reduce Nijhof-Wassink’s yearly profit margin. To illustrate the severity of these
low-profit margins, an example with a refuelling decision is presented.

In Figure 8.2, a historical route is visualised. The truck loaded cargo at the lower pink
marker near Gent and had to deposit the cargo near Arnhem at the upper orange
marker. In this example, gas stations are visualised with the red and green markers.
The truck had just enough fuel to reach Gorinchem. Since the fuel tank was almost
empty, the truck driver decided to refuel the tank at the red marker. The diesel price
at the red marker was €1.27/L on the date of this route. The price at the green marker
was €1.14/L, a difference of 13 cents. Trucks have a tank of 550 litres, and assuming
that the driver would have refuelled the truck with 400 litres at both locations, the
current decision of refuelling at the red marker would cost an additional (400*0.13=)
52 euros. Referring back to the profit margin per truck per day between 5 and 15 euros,
this small decision has erased the profit of at least three trucks that day.

76



Chapter 8. Appendix

Druten

— - MET BT - . ¥ EETITHERAIIT] W T

ZujehFolland h":u'-wﬁcr-t Vianen| | - ( ,l.?,mngr{-._

1 \ A\ N aandenyssel o oA —\_cliemborg N Wageningerl 4

e 71 \ A Sehoanhiowen / ¥ | Hutsder
w.usluns —~-Rotterdam NN 1

= \ e J i N

Leerdam )
Lt Geldermal
el e

W A \
N —fsseimonde .

Barendrecht—— Th 2 A
- k % WA +N
(Flellevoetsiyis |oPiKENisse y b - — i Ty, l“:l_J_[ﬁEg?rl
; \ = (e {
Ouddorp A |Dardrecht z Zaltbormmel \#Wijchen, '\ %
F - Land vart 1 - ot | )
7, i ol Hotksche Bommelerwaord s VG
Herigeli ] s Dss=" | roeshed
oordeita Middelharnis Woard o Lun; N J | Grave ¢
Wareveligen T " Hewschi’ 4
f 3 ‘\-\R\OSIH.!WH | (!:I'JL
—% b O L R e ] \ 3
Schouwen- y " y Waalwjk  3-Hertogenbosch o et
Haan ) - - \
z&m:F. . z / ) o X Vught uden ik
ienkzee ¢ e Zevenbérgeny” Oasterout * ) . Baxme:
i 7 ol s 1\ ¥
{ = --. £ J,-—"’ 1LY Veghe| N
e ! o rdall R L e Botel 4
rtinmbal Steefibergen v / b Bred Rijer__ L Jfoimerek e
Park Qosterschelde Y /{ Lido — 7 Gemert
Theden Rogidndaal No x W 4 Ve
! R & " -
pr— | Bergenop™— e - Bést
# L Zecland il Yerstke Zoom l ) " A Hilvarenbeek s T Helinood
S i Esien i \ s ~Deurne
St ! " \ { ! @ 4 o — —
o 2 i | = Eindhaven e
= 3 ol @ : I
: _____.__-—f‘ 3 . AN e N o g
A\ | Wuustwez " { - 1 y
e 1 Ravels Bladel = NN "
|| A \ 3 AT
g T B cht Merisplas N o Valkenswaard,_
Terneuzen 2 deu';lm Turnhout g i
/ Mt s ot P~ Ty
nise A A\ Ty rassclar . Male AR ] A XY
¢ L LE Zoerse N Retie I 5 N\ Limbu
) - o »__J N Schoten Hamaont-Achel | “Weert ™
A W o < ris Lille =/ Kasterlee Dessel | Commel \ B gt L
ssenede oy ot — intGillis, JANtwergen Zandhoven A= o Pelt - A |
Zelgime Waas |~ S / - .
»— e k/ : Ranst = PR, ol Bochiop -
/ Sint-Niklaas - Kruibeke Boechout e T Geel
- i LT R e prenith
’J,rf‘,_ T .11.‘"'151: I Kontich, l.ie?\ Herenthout S Meerhout Paer Bree
Eviroe 7 4 | . — Leopoldsburg,
ey Hamme e\ Dlffel N :
T e > | Hulshout Laakdal i r JA
tbroek | | Putte \ | ‘-Smggen Houthalen. . Svdsbergen M~
— § ¥ AN
o Deéndedfiond Mechelen Beg 1\¢r‘tl 4 Helchteren Dilsen-Stokkem | 1
A Wetterend o1 L B lonEreel X ke e Ny § /ol
intes & . Iehne_k\r\- Londerzeel f{“:ﬂ"l' " Tremelo L/ S(ru_--;n_-nr\fcu\;e'- . Lurmen Zonhoven . () ' s,:."a'd —
b . 2 o —~ Zichem o SN SMagiondal| X _Geleen
Lede, Merchiem ~ o et = - L ———enk = Lo DR
/ — i y Rotselaar. N Herkdes dd} Vs A Park Hige=—=@ 4 . prins
Sint-Lieveng o225t / \ vilvodrdé N lfL2E Telt-Winge Hasselt Kemoen|  #1.¢ \

Figure 8.2: Refuelling scenario

8.2.2 Improved Employee Satisfaction

Currently, drivers experience stress from the pressure of finding efficient refuelling
and resting locations. This stress leads to a higher cognitive load for drivers, reducing
their ability to focus on safety regulations and maintain overall driving performance.
Advising drivers about the optimal location could reduce this stress and improve em-
ployee satisfaction.

8.2.3 Academic Relevance

Little research exists on integrating the three decisions into one optimisation model.
Existing literature focuses on optimising one of the three decisions separately, not in-
cluding the potential interdependencies between the different decisions. Chapter 3
further discusses the existing relevant research. This research aims to explore the fea-
sibility and effectiveness of combining the three into one decision model. Additionally,
several modelling and optimisation approaches are evaluated on computational per-
formance and cost-effectiveness to determine the most suitable approach. The findings
in this research could also be used in other problems, such as electric road transporta-
tion or Automated Guided Vehicle (AGV) order picking inside warehouses, as these
share characteristics similar to those of the current problem.
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8.3 Appendix C: Research Design

8.3.1 Problem-solving Approach

A combination of two problem-solving approaches will be used in this thesis to arrive
at a fitting solution. The managerial problem-solving method (MPSM) will be used
for the problem-identification phase of the research Heerkens and van Winden (2017).
The MPSM provides a structured approach to scope down the problem by listing all
existing problems inside the company, analysing the cause-and-effect relations of ex-
isting problems, and bringing the problem down to a core problem to which no other
cause can be found. Then, the core problem with the highest potential for improve-
ment is chosen. The CRISP-MLQ approach is selected for the remaining part of the
research as this method is tailored to data-driven problems Studer et al. (2021). There
are 6 phases in CRISP-MLQ); however, adaptations are made to this problem-solving
approach to better fit the research goal.

To discover the existing body of literature on modelling and solving approaches, a lit-
erature review phase is inserted after phase 1. Secondly, the model engineering phase
is placed before the data collection and preparation phase, as the data collection pro-
cess is influenced by the type of model selected. Furthermore, phases 4 and 5 are
merged as they aim to validate the model’s performance in a test environment. The
tifth phase in the CRISP-MLQ approach aims to deploy the created model. However,
the proposed model can not be tested in the currently operating decision-making en-
vironment during the time span of this research, as errors could significantly affect
customer satisfaction and operational costs. Therefore, the models are evaluated in a
test environment. This new phase is called "Quality assurance and deployment".

1. Business and data understanding: This phase aims to define the business prob-
lems and the objectives of the research by constructing a problem cluster. The
stakeholders and their interests are mapped, and initial data is gathered to as-
sess the feasibility and relevance of the project.

2. Data collection and preparation: The retrieved data is cleaned and preprocessed
in this phase to ensure consistency across the data and optimise future model
performance. Also, feature engineering is executed to boost future model accu-
racy.

3. Model Engineering: In this phase, the modelling and solution approach are se-
lected. The models are also trained, and initial tests are done after which the
optimal solution approach is chosen.

4. Quality Assurance and Deployment: Suitable metrics for evaluating model per-
formance are first established. Then, the model parameters are fine-tuned ac-
cordingly to optimise model performance.

5. Monitoring and maintenance: In this phase, the implementation recommenda-
tions and limitations are discussed to ensure that Nijhof-Wassink can make a
well-weighted decision about continuing research for future implementation of
this model.
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8.4 Appendix D: Invariance proof
9(Tg(x)) = ¢(x).

Here, Ty(x) is the transformation on a certain feature, the coordinate of a station in
this case. If this invariance property is ignored, two geometrically identical situations
(e.g. a truck has the same distance to all stations in the two situations) are seen as
two distinct states. This results in the agent having to explore each theoretically indif-
ferent state in order to learn the optimal action policy, which harms learning efficiency.

This invariance property can be utilised if we use a different representation for the
location of a truck, namely its relative distance to all service stations. Let p; = (xt,y¢) €
R? and ps = (xs,ys) € R? denote the GPS coordinates of the truck at time ¢ and of
station s, respectively. Define the translation operator Ty : R? — R? by

Ta(p) =p + A, A = (Ax, Ay).
Under this action, the raw-coordinate feature

Praw (pt) = p

transforms as
¢raw(TA(Pt)) = TA(Pt) =pt+ A 7é ¢raw(Pt)/
so every GPS pair changes.

By contrast, define the distance feature

diss = || ps = pel] = /(s = 302+ (s — )2,
Applying the same translation to both endpoints gives
ts = || Ta(ps) = Ta(p)|

_ \/((xs +Ax) — (x +82))% + ((ys + Ay) — (v + By))

= \/ (x5 — xt)z + (ys — yt)z (because the A terms cancel inside each square)

= dis.

Hence the distance map ¢qist(pt, ps) = di—ss satisfies

baist (Ta(pt), Ta(ps)) = daise(pt Ps),

And thus this new representation is invariant under translations. Two configurations
that differ only by a global shift A yield identical distance features, enabling the agent
to generalise across locations.
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8.5 Appendix E: Q-network architecture

f
=

AN R LA FAI AT

Station features > A

N

Input layer Hidden layer Hidden layer Output layer

Figure 8.3: Traditional Q-network

Action features = e

ig

IZD{

ale

Station features = A

Input layer Hidden layer Hidden layer Output layer

Figure 8.4: Parametric Q-network
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8.6 Appendix F: Mixed Integer Linear Program

8.6.1 Sets and Indices

T : set of route segments (between consecutive events)

Fi : candidate fuel stations available in segment t € T

Ct : candidate cleaning stations available in segment t € T
S,81,52 € Ft, 51 # Sy,
Ay, By : start and end waypoints of segment ¢

t € T (segment index), s € Cy (when used for cleaners)

8.6.2 Parameters

v : average driving speed (km/h)
p : fuel consumption (L/km)
Ckilometre : truck cost per km
Chour : truck cost per hour
Cap : tank capacity (L)
AF : refuel step size (L)
u: [%ﬂ (max steps)
Favg : average terminal fuel value (€/L)
HMAX : max driving hours between rests
Cstop : unified stop cost for rest or refuel (€/stop)
ps : fuel price at fuel station s € F; (€/L)
Cs : cleaning fee at cleaner s € C; (€/stop)
Weleant,s © cleaning time (h) of cleaner s € C; on segment ¢
StartFuel : initial fuel at start (L)
BIGM : large constant
d?’B : distance A; — B; (km)
Ttbase : base travel time A; — B; (h)
BaseL; : base fuel A;— B; (L)
df}s’s, di;B : distances Ay — S(s), S(s) — By (km)
Lf}s’s , Lf/’SB : liters for those arcs
dfs’c, dSP . distances A; — C(s), C(s) — B; (km)
LfS’C, LE;B . liters for those arcs
df,'sS],Sz : distance S(s1) — S(s2), s1#s2 (km)
Ltsl’ssll52 . liters for S(s1) — S(s2)
dtsl’sflsz, dggis2 : distances S <+ C (km)

LS,C C,S

: liters for S« C

t,s1,527 “t,51,52 °
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8.6.3 Decision Variables

Selection and quantities

zf, € {0,1} :

Gts € Z>0 -
zf, € {0,1} :
yrs € {0,1}
zf, € {0,1} :

refuel chosen at fuel station s

integer refuel steps ats, gq:s < Uth, s

cleaning chosen at cleaner s
rest with refuel at fuel station s

rest only at fuel station s

stop,; € {0,1}:

kP €{0,1,2}:

ks € {0,1} :

Logic / ordering

peeth € {0,1} :
Ce{0,1}:

vt e {0,1}:

wfs, wtcs € {0,1}:
wfsclsz, wtslsz € {0,1}:
urf ., €4{0,1}:
pe{0,1,2}:

stop indicator at fuel station s (refuel and/or rest)
number of refuel stops in segment ¢

number of cleans in segment ¢

at least one fuel and one clean in ¢

1 if Fuel — Clean (else Clean — Fuel)
indicator that kI = 2

first-action selectors (fuel/clean)
pair selectors (F—C / C—F)

ordered pair (fuel then fuel) on t, with s; # s

() € {0,1},

vt 51,50,5 triples (two fuels + one clean):

p=0: C—=5—5,
p = 1: §5—-C—S,,
p =2: 51—>52—>C.
State
restAny,, ©; € {0,1} :
CrY e {0,1} :
fuel; € [0,Cap] :
H; € [0,HMAX] :
endDiff € R, endGain > 0 :

any rest chosen / any action chosen in ¢

clean immediately before event ¢
fuel at segment start ¢

hours left at segment start ¢
terminal surplus fuel
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8.6.4 Constraints

Linking & selection.

yrs <zhs 2 tzs <1 Vit Vs e F
O > Z ZES, O > Z Zfs, Q; > 2 zgs,
sEF} scF; s€Cy
CHED DI DE S e vi
seF; seF; seCy
K=Yz, 0<ki<2 k=Y 2, 0<kf<1 Vi
s€F} s€Cy
bPo™ < kf, B <kf, b > ki +kf -1 \Z:

Stop OR logic (unified stop cost).

stop, ; > Zf,s, stop; s = Zfs, stop, ¢ < zf, s+ zfs Vt, Vs € Fy.

Selectors and coverage.

F F C C
Wi < Zis, wrs < zpg, Vt Vs

FC F FC C CF CF F
wtsl Sy < Z 517 Wy 151,52 < Ztsyr  Wes,, < Zt52/ Wis,, S1 < Zt,sl Vi, Vsl € Ft, S2 € Ct

S1 —

Vt, Vse F;i: Zfs Swts+2wtss’+zwf55

s'eCy s'eCy
+ Z utSS/+utS/ )
S E]:f
s'#s

+ Z Z (U§2)1,52,5/+ Els)l,sz s/+ Es)l,sz, >

51,526]'—,5 s’eCt

51752
. C C FC CF
Vi, VseCr: zpy <wie+ Y, Wig, s+ Y. Wiy,
Sleft 516.7:t

(1) (2)
+ Z tSLSz, +vl‘51,$2, +vt,51,52,5)
51,50€F}
51752

Order consistency for single refuel in segment.

_ ~FC yboth _ FC\ 1,both
Z Z tSl/SZ = 0p b, Z Z szfsl = (1—0;7)b;
516.7'—1} Szect SQGCt 516.7'—11
F _ both
Zwt,s_<zzt5_b )+ Z Z t51152
seF; seF; s1EFt $o€Ct
c _ both
Zwt,5_<zzts_b >+ Y Y Wi
SECt SECt Szect 516.7:t
2F CF 2F
Z Zwislszgl_b ’ Z Zwbszlslél_bt
s1E€Ft $o€Ct S ECt s1EF;
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Order consistency for double refuels in segment.

2F F 2F F
it >ki—1, b <1k Vi (& =1 < Kk =2)
FF F FF F
ut,Sl,Sz S Zt,Slf ut,Sl,Sz S Zf,Sz (Sl ;é SZ) thsllsz
FF 2F
Z ut,Sl,Sz = bt Yt
51782
(p) FF () C
Vb's sns <= Uisysor  Obsysas < Zis Vit,s1#sys€C, pe{0,1,2}
2 () oF 2, () c
Z Z Z vt,sl,sz,s S b ’/ Z Z Z Ut,sl,sz,s S kt/
s1#sp s€Cy p=0 s17#sp s€Cy p=0
: (p) 2F | 1C
Yo X Y Vises 2 b ki1 vt

s17#£5p s€Cy p=0

Rest indicator (segment-level OR).

restAny, > yr,, restAny, > z{; Vs € F, restAny, < Y (yps +2z55) VE
seF;

Refuel headroom.

AF - g5 < Cap — fuel; + Lj° + BIGM(1 —zf,)  Vt, Vs € F.

Cleanliness state.

Céeady = startClean,

Ctriald Y — if event t+1 is unload,

CoV > Y, OV > 1{3se izl =1}, Y <Y 41{3secial =1},
C:iald Y = if event t+41 is load.
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Hours dynamics (using parameters TP%¢). Let WAIT; = Ysec, Welean s zt - Define
T2t as the realized chain time:

Ttact — (1 -0 ) Tbase

CX () (e Y el Y Y )

seFy s'eC s'#s s'#s
i AP\ (C CF FC (0) (1) (2)
+ E < T ‘ )( Zps — E Wrs,s) — Z Wtsys — E (Ut,SLSz,S T Vs sas +Ut'51'52’5))
seCt S1E€F; s1E€F; $1,52€ F
5172
dAS R
+ ) Zis
seF;
e dfc did N\  pc
S S 52 S
) 2( TR il
sle}} SzECt
s i 4o cr
S 59,5 S
P L L (%S e,
$o€Ct $1EF;
e dye FF
t
+ E < = + 5152 + 52) tsl,sz
s1#£s €F
thbC fcssbl dts:’sl y) dfbl; (0)
L (S etrata )
S1 75526]'} seCy
d;as/s d;s,c i dC:S 458 1
/51 /51,5 15,59 ﬁ ( )
+ Z ZC: ( v + v + v + v )Uf,sl,SLS
51#526}1 selCr
thS dtsss 45< 4CB
S 152 MZS t, (2)
Y T (G tae e B0
s1#spEFt s€Cy
+ WAIT;.

Hours update with optional reset (rest):

H; 1 < Hy — T7' 4+ BIGM restAny,,
Hii1 > Hy — T7' — BIGM restAny,,
H;11 < HMAX+ BIGM(1 — restAny,), H;i1 > HMAX — BIGM(1 — restAny, ).

Reachability guards (hours/fuel).

dA S
H; > (1— (wf,+2R)), fuel; > L7° — BIGM(1 — (wf, +zK)) Vt, se R
A ,C
Hy > % _ BIGM(1 - wf,), fuel, > L{:“ — BIGM(1 — wf}) Vt, s € C
dA S S,S
Hy > 2L+ 222 — BIGM(1 — uf{ ),
fuelt > Lf‘s's +LyS —BIGM(1 —uff ) Vi, 51 £ 5o € Fy
(analogous guards for each triple position vg S{ 1S§ i))
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Fuel balance. Let L3 mirror T?" with liters:
L3 = (1 — ©;) BaseL

+ Z (Lt51 tsl) (2551 - Z wESCLC B Z uifhsz - Z ug:zlsl)

s1€F: ceCy speFt speFt
$2751 $2751
A C 1CBy(,C CF FC (0) (1) (2)
+ Z L Ltlc ) (Ztrc - Z wt,C,Sl o Z wt,Sl,C o Z (Ut/SLSZ/C + Ut151/52/c + Ut151152/c)
ceCy s1€F; s1€F; 51,526 F¢
$1782
A S S,B
+ Z Lts1 Ltsl)ztsl
s1€F;
A, S S,C C,B C
+ Z Z Lt31 Lt51c+Lt,c )wtsl,
s1E€F; ceCt
A,C CF
+ Z Z (Lt,C + Ltcsl + Ltsl) wtcsl
CECt SlE}—f
A, S FF
+ Z Lt 51 tSl So + Lt 52) t,51,82
s1,52€F;
51782

AC (0)
+ Z 2 L tc51+Ltslsz+Ltsz)vtsl,52,

Sl,S2€.Ft CECt

$1752
A,S S,C C,S S,B ()
+ Z Z (Lt51 +Ltslc+Ltc52+Ltsz) t,51,52,C

$1,820 € F; c€Ct
$17£52

AS CBY ,(2)
+ Z Z (Lt51 + Li.‘ ,51,52 + Lt52 c + Lt,c ) vt,sl,52,c'
51,526]‘} CECt
$1752
The fuel level at time step f + 1 can then be defined as:

fuel;, 1 = fuel; — L3 + Z AF g, -
s1EF;

Detour and costs (no base driving cost). Segment detour (km):

DetourKm; = Z (df /51 dt /51 d?,B) (Zf,ﬁ o Z wf/SCl/C_ Z uESFLSz - Z uESFz/ﬁ)

s1€Ft ceCy SpEF} spEF}
Sp#Sq Sp#S|
AC | 4CB_ JAB\(.C CF FC (0) (1) (2)
T Z (dtrc + dt,C o dt ) (Zf/C o Z Wres) — Z Whsy,e — Z (Ut,sl,sz,c + Ut 51,50, + vt,sl,sz,c)
cel s1€F} s1€Ft 51,80€Ft
51782
A, S S,B A,B\ _R
+ Z dt ,S1 dt 51 di‘ ) Zt,Sl
s1EF;
A,B FC
+ Z Z dtsl tSl, d di‘ ) wtsl,
516.7:1} CGCt
A,C C,S S,B A,B CF
+ Z Z (dt/C df c,81 dt ,S1 di‘ ) Wy ,C,51
ceCy s1€F;
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+ Y @+ +dit —ar Py ufl

tlsl tlslrSZ t/SZ
51/526}7
51752
AC | 4CS S,S SB _ 4ABY _(0)
+ E Z (dt,c +d +d +d o dt ) vt,sl,sz,c

tlclsl tlsl /52 t/SZ
s1,50€F; c€Cy

51782
A,S S,S S,C C,B A,B 2
+ Z Z (d +d +d + dt,c - dt ) 05,5)1,52,0

t,51 £,51,52 t,s2,¢
$1,50E€Ft cE€C

S1#82
A,S S,C c,S S,B ABy (1)
+ Z Z (dtlsl + dtlsllc + dt/C/SZ + dt/SZ o dt ) vt151152/c :
$1,820 € F; c€Ct

$17£52

Per-segment monetary cost:

Cost; = (Ckﬂometre + Chzj’“f) DetourKmy
+ Z Ps AF qt,s

seF;
+ Z Cstop : StOPt,s
seF;
C
+ Z (Cs + C'hour ’ Wclean,t,s) Zt,s-
seCy

8.6.5 Objective

Let fuelr and be the fuel level at the last event. The objective function is then given as:

max  Fayg - fuely — ZCostt.
teT
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8.7 Appendix G: Data tables

8.7.1 Gas station data

Table 8.1: Gas station data set

Station metadata

Daily price columns

stationID Name Country Latitude  Longitude Region number 2024-01-01 2024-01-02 ... 2025-01-25
767 G&V Paliseul BE 49.898285 5.123751 21 124,25 124,25 120,7
768 G&V Maissin BE 49.966376 5.181373 21 124,25 124,25 120,7
769 Esso Saint-Hubert BE 50.0271249 5.3738139 21 124,25 124,25 120,7
770 Texaco Rochefort BE 50.1574562 5.2323675 21 124,25 124,25 120,7
771 GV MARCHE-EN-FAMENNE BE 50.2193 5.34669 21 124,25 124,25 120,7
772 Station Thuillies BE 50.300761 4.332872 21 124,25 124,25 120,7
773 Esso Express Montignies Sur Sa BE 50.4098639 4.4782821 21 124,25 124,25 120,7
774 Pumpy 5 BE 50.4257724 4.4893258 21 124,25 124,25 120,7
775 Pumpy Courcelles BE 50.4626385 4.358485 21 124,25 124,25 120,7
776 SA TAHON BE 50.4742199 3.90166 21 124,25 124,25 120,7
777 Esso Express Eghezee BE 50.5983609 49048 21 124,25 124,25 120,7
778 G&V CNG TOURNAI OUEST BE 50.6171108043 3.3175852804 21 124,25 124,25 120,7
779 Esso Express Liege Grivegnee BE 50.618787 5.5958443 21 124,25 124,25 120,7
780 Gé&V Herstal BE 50.658018 5.620619 21 124,25 124,25 120,7

(more stations below)

xtpuaddy -g 123deyD
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8.7.2 Route Data

Table 8.2: Route data column structure

Column Name Description Used in
Model

actionState Status of the action (e.g., finished) No

contactName Name of the customer or contact per- | No
son

orderNumber Order ID or reference number No

productCode Code identifying the product No

productName Name/description of the transported | No
product

DATE Timestamp of the action Yes

TRUCK Truck identifier (license plate or inter- | Yes
nal ID)

TRAILER Trailer identifier Yes

departmentName Internal department or region respon- | No
sible

addressCode Code for the delivery/pickup loca- | No
tion

addressName Name of the company /location No

streetName Street part of the location address No

cityName City part of the location address No

X Longitude coordinate of the location | Yes

y Latitude coordinate of the location Yes

aktieid Internal ID for the loading /unloading | No
event

ACTION Type of action (e.g., Laden = loading, | Yes

Lossen = unloading)
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8.8 Appendix H: Hyperparameter optimization experiments

number value Ir eps_end eps_decay batch_size buffer_size best_ mal00 best_ep episodes_trained
0 -382,3378703 8,46801E-05 0,143100003 0,998440372 32 10000  -354,604138 5113 10000
1 -403,1976641 1,12458E-05 0,145787379  0,99891248 256 30000 -385,9440989 9975 10000
2 -377,766134 0,000327819  0,02952914  0,99637308 128 50000  -285,994278 3161 10000
3 -384,2955546 0,000319862 0,033873377 0,995305742 64 50000 -280,3848939 2679 10000
4 -339,5165601 9,87342E-05  0,08391247  0,99970123 64 30000 -314,530226 9736 15000
5 -372,5441235 0,002522195 0,118518595 0,999415645 128 100000 -342,9012461 7494 10000
6 -397,7473778 9,17911E-05 0,047988864 0,998895066 128 30000 -311,4892945 8537 10000
7 -391,4553443 0,000818359 0,037820195 0,995025954 32 50000 -296,8184398 6747 10000
8 -396,4215259 0,001374079 0,097261738 0,996555221 256 50000 -322,4631775 7615 10000
9 -394,8980094 1,97811E-05 0,10985427  0,99857569 64 10000 -334,9351985 7499 10000
10 -369,3835959 2,71892E-05  0,04142803 0,996495261 32 30000 -272,4922416 9372 10000
11 -376,4632695 4,41633E-05 0,089174987 0,995462431 32 30000 -300,4746189 7228 10000
12 -393,8300993 3,645E-05  0,04324108 0,998085803 32 50000 -266,0537329 6780 10000
13 -384,2933082 1,05105E-05 0,022039035  0,99514469 256 50000 -281,4821556 8840 10000
14 -417,6522877  2,267E-05 0,048198797 0,996165523 32 10000 -311,1122431 6780 10000
15 -407,6735054 1,89887E-05 0,069079921 0,996440098 64 50000 -312,3122941 5487 10000
16 -714,0830626 1,27652E-05 0,128030744  0,99703413 32 50000 -362,6969207 6053 10000
17 -350,7848387 1,76337E-05 0,046025598 0,995793191 128 100000 -296,6831762 9025 10000
18 -393,8868613 8,74894E-05 0,068565471 0,995334785 128 30000 -313,9509434 4387 10000
19 -413,4921508 1,43462E-05 0,069654764 0,997316959 128 100000 -304,9381775 9866 10000
20 -388,946889 1,74846E-05 0,131474808 0,995469358 128 10000 -322,2253116 5379 10000
21 -359,312276 1,13503E-05 0,027717784 0,995472068 128 100000 -297,0556726 9671 10000
22 -387,9304144 3,12769E-05 0,028601689 0,995038369 128 100000  -257,784929 9621 10000
23 -389,8592185 1,558E-05 0,075577713 0,995378793 32 30000 -343,4125812 8350 10000
24 -362,5626039  1,6423E-05 0,011752479 0,997145303 128 100000 -254,1820508 8580 10000
25 -402,1704632 1,50562E-05 0,058172125 0,995089796 128 30000 -306,6132257 4988 10000
26 -400,9064113 8,96169E-05 0,056421721 0,996926134 128 10000 -303,6417385 4158 10000
27 -438,6543101 1,66114E-05 0,032179012 0,996507309 64 100000 -288,0809514 9491 10000
28 -368,8032261 1,80627E-05  0,0320316 0,995500773 128 10000 -293,2573325 6930 10000
29 -390,3508066 8,02683E-05 0,116076223 0,996377972 64 100000 -325,5176309 7330 10000
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8.9 Appendix I: Input parameters

Parameter Symbol  Value/Source Units Justification
Max stations per route N 500 - Expert opinion
Max refuels per route 3 - Section 8.10.1
Max refuels per segment 2 - Section 8.10.2
Route buffer size fuel stations 50 km Section 8.10.3
Route buffer size cleaning stations 80 km Section 8.10.4
Average driving speed v 80 km/h  Expert opinion
Fuel consumption P 0.33 L/km  Expert opinion
Early stopping penalty Provalid 1500 € Section 8.10.5
Truck cost per km Ciilometre X €/km  Expert opinion
truck cost per hour Chour X €/h Expert opinion
Fuel tank capacity Cap 550 L Expert opinion
Refuel step size AF 50 L Section 8.10.6
Average terminal fuel value Favg 1.2 €/L Data analysis
Stopping costs Cstop 15 €/stop Expert opinion
Fuel price at station p(a}) Data set €/L Data analysis
Cleaning Costs Cdean(a}) Data set €/stop Data analysis
Cleaning Waiting time Welean Data set €/stop Data analysis
Initial fuel StartFuel Random L -

Learning rate 9.87e+00 - Section 6.4
Discount factor 1.0 - Section 6.4
Epsilon start 1.0 - Section 6.4
Epsilon end 0.0839 - Section 6.4
Epsilon decay 0.99970123 - Section 6.4
Batch size 64 - Section 6.4
Replay bulffer size 30000 - Section 6.4

Table 8.3: Model and routing parameters.

8.10 Appendix J: Parameter explanations

Some general settings require justification, as they cannot be derived from the data
or established after extensive discussions with experts within Nijhof-Wassink. The
following sections explain why specific values have been assigned to parameters.

8.10.1 Maximum allowable refuels per route

The maximum allowable refuels per route caps the number of refuels per route to
prevent the agent from exploring degenerate regions of the policy range. The cap is
set to 3, allowing for delayed full refuels but prohibiting many small refuels. Initial
experimentation showed that more than 3 refuels per route is never efficient with the
current maximum route size.
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8.10.2 Maximum allowable refuels per segment

This caps the number of refuels per segment to prevent the agent from exploring de-
generate regions of the policy range. The cap is set to 2, allowing for delayed full
refuels. More than two refuels within the same segment are never cost-effective under
the current reward function.

8.10.3 Route buffer range gas stations

The inclusion buffer for gas stations is set to 50 kilometres. This range keeps the run-
ning time reasonably low while still including a significant number of refuelling sta-
tions per route.

8.10.4 Route buffer range cleaning stations

The route buffer range for the cleaning stations is set to 80 kilometres so that the truck
can reach a valid cleaning station for every product in the route set

8.10.5 Early stopping penalty

If the agent has no valid actions in the current state, the episode is terminated, and a
penalty of 1500 is incurred. Several experiments have shown that setting the penalty
too high lets the agent make pathological decisions, such as constantly topping up
small amounts to avoid lower fuel levels. Setting the penalty too low results in the
agent running out of fuel in many episodes.

8.10.6 Fuel amount step size

To keep the action space manageable, a refueling step size of 50L was chosen. Initial
experimentation showed that decreasing the step size to 10L significantly increased
the running time per episode, which greatly extended the training time.

8.11 Appendix K: Network checkpoint evaluation

Table 8.4: Average rewards for different experiment checkpoints on test route set.

Experiment Average Reward
6000 -285.47
6100 -285.35
6200 -285.01
6300 -289.70
6400 -301.06
6500 -298.23
6600 -299.08
6700 -291.68

continued on next page
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Table 8.4 — continued from previous page

Experiment Average Reward
6800 -300.60
6900 -291.62
7000 -298.73
7100 -309.50
7200 -299.06
7300 -289.48
7400 -301.37
7500 -297.21
7600 -295.47
7700 -288.45
7800 -292.67
7900 -291.29
8000 -291.29
8100 -298.34
8200 -300.07
8300 -311.98
8400 -293.84
8500 -293.50
8600 -288.53
8700 -291.36
8800 -296.26
8900 -296.41
9000 -299.14
9100 -300.50
9200 -316.07
9300 -307.42
9400 -304.22
9500 -282.66
9600 -305.42
9700 -301.62
9800 -303.85
9900 -305.05

10000 -300.06
10100 -306.61
10200 -301.58
10300 -307.39
10400 -303.32
10500 -299.69
10600 -294.37
10700 -294.85
10800 -307.52
10900 -309.01
11000 -300.43
11100 -300.34

continued on next page
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Table 8.4 — continued from previous page

Experiment Average Reward
11200 -301.23
11300 -297.56
11400 -302.09
11500 -303.58
11600 -302.86
11700 -297.03
11800 -298.89
11900 -296.96
12000 -293.64
12100 -298.06
12200 -296.89
12300 -301.34
12400 -299.06
12500 -287.75
12600 -291.78
12700 -303.10
12800 -290.66
12900 -296.19
13000 -302.60
13100 -297 .44
13200 -299.87
13300 -303.46
13400 -287.14
13500 -292.29
13600 -291.81
13700 -303.96
13800 -293.58
13900 -283.77
14000 -299.03
14100 -287.52
14200 -290.08
14300 -278.30
14400 -280.60
14500 -294.76
14600 -278.79
14700 -279.93
14800 -285.74
14900 -286.50
15000 -286.50
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8.12 Appendix L: Validation of Decision Behaviour

8.12.1 Stopping frequency

Figure 8.5 shows that the average number of service stops gradually decreases over
the episodes, suggesting that the DQN learns the overhead stopping costs that are in-
curred at every stop and therefore stops more efficiently to execute actions. In contrast,
the refuelling amount per stop increases during training indicating a more efficient use
of stops.

Average Number of Stops per Episode

3.8 -
3.6 -
3.4 1

3.2 1

# stops

3.0 -
2.8 -

2.6

0 2500 5000 7500 10000 12500 15000 17500
Episode

Figure 8.5: Reward per route current situation evaluation
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Avg Refuel Amount (per refuel)
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Figure 8.6: Average refuelling amount per stop

8.12.2 Fuel Price and detour balancing

Selecting a service station involves a trade-off between service costs (cleaning fee and
price per litre) and detour. A rational policy should improve at least one of the two
factors during training of the DQN: either paying less for services or driving a shorter
distance to the stations. If both the average amount spent and the average detour
increase over time, it indicates that the policy is becoming less efficient by spending
more money to travel further. Figure 8.7 shows the moving average of the detour trav-
elled to cleaning stations per route and the moving average of the cleaning prices paid
per route. The DQN steadily reduces the detour to cleaning stations while keeping the
cleaning fee roughly constant, implying that the learned policy saves costs by cutting
kilometres.

Average Chosen Cleaning Price Average Clean Detour
140

130 1 120 1

125 A 100

80 A
w 120 o

km

60 -
115 1
40 A

110 A 20 A

0 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
Episode Episode

(a) Average cleaning price (b) Average detour to cleaning stations

Figure 8.7: Average refuel amount per refuelling stop
For refuelling, Figure 8.8 shows that both metrics decrease over the training episodes:
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the DQN pays lower fuel prices on average and drivers take shorter detours to reach
the fuel stations. This indicates a consistent improvement and shows that the DQN
can detect price and detour differences and utilize them.

Avg Chosen Fuel Price Average Refuel Detour

1.254

1.24 4

€L
ki

1.23 4 15 A

1.22 4

o 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
Episode Episode

(a) Average fuel price per litre (b) Average detour to refuelling stations

Figure 8.8: Average cleaning fee and cleaning detour

8.12.3 Bridge-Refuels

The MILP model is used to solve all routes in the test route set to identify all cost-
efficient bridge refuels. Evaluation of all routes revealed that, in total, 11 cost-efficient
bridge refuels were identified in the total test set of 397 routes. In contrast, the trained
DQN model did not execute any bridging refuel actions in the same routes, which
indicates that the bridge-refuel pattern has not been learned by the DQN model. This
highlights a clear opportunity for improvement.

8.12.4 Action Combination

Assessing the DQN’s ability to combine actions is non-trivial because its learned pol-
icy differs from the optimal routes coming from the MILP. Evaluation of the MILP
decisions on the test route set revealed 147 combination actions. The DQN executed
256 combination actions. However, there was a 0% overlap between the two combi-
nation sets, meaning that none of the combination actions was the same for both sets.
This result does not necessarily imply that the DON cannot exploit combinations. It
may realise savings through other station choices and timings under the DQN’s policy
that do not exactly match the MILP’s selections. In other words, the absence of exact
matches is a statement about policy alignment rather than the capability of the DQN
model.

8.13 Appendix M: Limitation causes and solution direc-
tions

First, a limited number of routes still encounter issues when the agent reaches a state
with no feasible actions available, resulting in failed advice. During operational im-

plementation, advice is provided in advance, enabling the determination of whether
the chosen action will result in a situation with no available actions by calculating the
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remaining fuel and driving time after transitioning to the next state. During the op-
erational phase, Nijhof-Wassink can then offer new advice for the next action using a
different method.

A second limitation is the haversine distance calculation in the model. Because trucks
never drive in a straight line from one location to the next, the actual driving time
and fuel usage are different from those calculated by the DQN model. This can cause
infeasibility of actions and lead to trucks getting stuck along the route with no fuel or
remaining driving hours.

The Section on the validation of decision behaviour reveals a fourth limitation in this
research. Currently, the agent cannot detect and exploit bridging refuelling actions,
such as taking a small top-up at a nearby expensive station to reach a cheaper station
downstream for a full refuel. Although it is not proven, a possible cause could be that
the agent gets flooded with unimportant information from many stations in the state
space, which dilutes the signal of the subtle cost trade-offs involved. This prevents the
agent from learning a meaningful pattern regarding the bridging trade-off. A promis-
ing approach to explore is to replace the station features part in the state space with
an aggregated summary of relevant information. An example of this could be to in-
clude only the three cheapest refuelling and cleaning stations, along with their detour
and price, while still appending the global features such as fuel level and cleaning
and resting requirement flags. This would only present the most critical information
to the neural network, thereby reducing noise and decreasing the state dimensionality.

A second cause could be the scarcity of bridging trajectories in the training data. A
training run of 10,000 episodes revealed that only 904 episodes contained a bridging
pair (refuel expensive early to reach a cheaper station and fully refill there), and only
200 of those were actually cheaper than the full refuel at the expensive station. This re-
sults in only a small portion of the samples containing these trajectories. Additionally,
the average main net gain of those 200 cheaper bridging trajectories was only €15.4.
The combination of the rarity of these decision trajectories and the small advantage
of the bridging action can make the learning signal too sparse and weak to overcome
the sampling noise that exists in DQN. A potential solution could be to increase the
frequency of bridging actions in the replay buffer. This can be achieved by making the
bridge-refuel a distinct action alongside the full-refuel action and removing the par-
tial refuel possibilities, which are not bridging actions. Given that the best policy is
typically either a full refuel or a bridge refuel, collapsing the state space to these two
actions will (i) increase the sampling probability of bridging actions, (ii) reduce the
exploration of sub-optimal partial refuels, and (iii) strengthen the credit assignment
to this binary decision structure. This scenario highlights the importance of under-
standing various real-world scenarios that can occur during the daily operations of
Nijhof-Wassink. Not representing all of these scenarios in the replay buffer may cause
the agent to become biased, resulting in unbalanced decision-making.

Although the DQN combines refuelling and cleaning actions, as well as refuelling and
resting actions, it can only discover such combinations after the first action has been
executed. This is because the state only encodes truck-to-station features and lacks
station-to-station geometry. As a result, the agent cannot decide to postpone a refu-
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elling action in advance to combine it later with a cleaning action. A possible solution
would be to include information about the k-nearest stations, the k-cheapest stations
around the concerned station, and their distances. However, this would significantly
increase the state space, as every station would get an additional large list of features,
making the state space even more extensive. Such an expansion could impact the com-
putational efficiency. A more scalable alternative could be using a graph transformer
as proposed by Shehzad et al. (2024). This approach can represent relationships be-
tween multiple stations without creating a huge per-station proximity vector.

Finally, the model does not account for any external uncertainties, such as traffic de-
lays or daily fuel price fluctuations. These factors can significantly impact decision
timing, action feasibility and realised costs. It was deliberately chosen not to include
uncertainties in this model to isolate the model’s ability to detect and utilise econom-
ical trade-offs in refuel timing, station choice and action combinations. Future work
could incorporate stochastic travel times and fuel price dynamics to assess the model’s
robustness.
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