
Citation: Konovalenko, A.; Hvattum,

L.M. Optimizing a Dynamic Vehicle

Routing Problem with Deep

Reinforcement Learning: Analyzing

State-Space Components. Logistics

2024, 8, 96. https://doi.org/10.3390/

logistics8040096

Academic Editor: Mladen Krstić

Received: 26 July 2024

Revised: 20 September 2024

Accepted: 29 September 2024

Published: 2 October 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

logistics

Article

Optimizing a Dynamic Vehicle Routing Problem with Deep
Reinforcement Learning: Analyzing State-Space Components
Anna Konovalenko and Lars Magnus Hvattum *

Faculty of Logistics, Molde University College, 6410 Molde, Norway; anna.konovalenko@himolde.no
* Correspondence: hvattum@himolde.no

Abstract: Background: The dynamic vehicle routing problem (DVRP) is a complex optimization
problem that is crucial for applications such as last-mile delivery. Our goal is to develop an application
that can make real-time decisions to maximize total performance while adapting to the dynamic
nature of incoming orders. We formulate the DVRP as a vehicle routing problem where new customer
requests arrive dynamically, requiring immediate acceptance or rejection decisions. Methods: This
study leverages reinforcement learning (RL), a machine learning paradigm that operates via feedback-
driven decisions, to tackle the DVRP. We present a detailed RL formulation and systematically
investigate the impacts of various state-space components on algorithm performance. Our approach
involves incrementally modifying the state space, including analyzing the impacts of individual
components, applying data transformation methods, and incorporating derived features. Results:
Our findings demonstrate that a carefully designed state space in the formulation of the DVRP
significantly improves RL performance. Notably, incorporating derived features and selectively
applying feature transformation enhanced the model’s decision-making capabilities. The combination
of all enhancements led to a statistically significant improvement in the results compared with the
basic state formulation. Conclusions: This research provides insights into RL modeling for DVRPs,
highlighting the importance of state-space design. The proposed approach offers a flexible framework
that is applicable to various variants of the DVRP, with potential for validation using real-world data.

Keywords: dynamic vehicle routing problem; Markov decision process; deep reinforcement learning;
last-mile delivery

1. Introduction

Last-mile delivery represents one of the most expensive and time-consuming opera-
tions in the entire supply chain [1]. This stage presents significant challenges due to real-life
constraints, such as delivery windows, dynamic customer requests, limited driver capacity,
and stochastic service and travel times.

To address these challenges and optimize last-mile delivery operations, many logistics
companies have turned to tackling vehicle routing problems (VRPs), which involve deter-
mining the most efficient routes for a fleet of vehicles to visit a set of spatially distributed
locations where customer requests are made. Traditional optimization methods for VRPs
rely on deterministic data inputs, where all information is known beforehand [2]. However,
in real-world operations, data inputs are often uncertain and subject to change, leading to
the emergence of dynamic vehicle routing problems (DVRPs) [3–5].

The DVRP extends the VRP by considering the dynamic nature of real-world opera-
tions, where customer requests are uncertain and may occur during the day while drivers
are on the road. This problem requires finding a solution that considers future stochastic
developments and actions that must be taken in the presence of incomplete information.
Despite its long history in operations research, the DVRP has gained attention in recent
years due to innovative online services such as ride-sharing, ride-hailing, grocery delivery,
emergency services, and waste collection [6–11].
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An additional level of complexity in real-world problems is introduced by vehicle
capacity and customer time preferences, leading to the problem known in optimization
as the capacitated DVRP with time windows [12]. This problem introduces the constraint
of limited vehicle capacity, which means that a vehicle can carry only a certain amount of
goods. Time windows further complicate the problem by requiring deliveries to be made
within specific time frames. These constraints are important in real-world scenarios, where
logistics operations must comply with both physical vehicle limitations and customers’
expectations for timely deliveries. In the rest of this article, we will refer to the capacitated
DVRP with time windows simply as the DVRP.

As the DVRP presents a challenging problem due to the complexity and high dynamics
of the real-world environment, innovative solutions are needed to optimize last-mile deliv-
ery operations. One such solution is reinforcement learning (RL), a type of machine learning
that enables an agent to learn an optimal policy by interacting with the environment and
receiving feedback in the form of rewards [13]. In the context of the DVRP, RL can be used
to train an agent to make decisions based on real-time feedback from the environment.

In this study, we explore the application of RL to solve the DVRP, where newly
arrived orders must be immediately accepted or rejected. The problem is set in a dynamic
environment, modeled as a geographical grid with distinct zones that generate customer
orders at varying rates. Each order has specific characteristics, such as time windows and
vehicle capacity constraints, and it must be fulfilled within a set period to avoid penalties.
The delivery driver navigates this dynamic system, making decisions about the acceptance
of arriving orders, when to restock at a central depot, and how to balance competing factors,
such as travel distance, order fulfillment, and vehicle capacity. Our goal is to create an
RL-based application that can make real-time decisions. We investigate the components
in the state space that influence decision effectiveness and analyze how different factors
impact the model’s performance. The main contributions of this study are the following:
(1) a systematic comparison of different RL environments for solving DVRPs, including the
modeling strategies; (2) the development of an RL model for the DVRP that is adaptable
to various scenarios; (3) the proposal of key factors to consider when modeling DVRPs
using RL.

The managerial implications of this study are particularly relevant in the context of
increased digitization and data availability in logistics companies. As last-mile delivery
problems become more complex, an RL-based approach to addressing the DVRP offers a
promising direction for future logistics management [14,15]. Using historical data, compa-
nies can train decision-making models tailored to their specific operational environments,
generating adaptive heuristic solutions optimized for company-specific patterns. Our
comparative analysis of RL environments and the identification of influential factors can
contribute to modeling strategies in addressing DVRP with RL. As the logistics indus-
try continues to evolve, the integration of RL-based data-driven decision-making tools
has the potential to improve operational efficiency and reduce complexity in last-mile
delivery operations.

The remainder of this study is organized as follows: In Section 2, we review the
relevant literature and provide a comparative analysis of existing approaches in the field.
Section 3 shows a detailed description of the problem. In Section 4, we present the formal
model formulation with details of the methodology. Section 5 introduces the details of
the solution method used to address the problem. A computational study is presented
in Section 6, where we first describe the experimental setup, followed by the various
experiments with their results and analyses. Finally, conclusions and potential future work
are discussed in Section 7.

2. Related Work

The rapid progress in computing hardware and the growth of available large-scale
data in recent years have led academia and industry to shift their focus towards machine
learning approaches to address complex combinatorial optimization problems [16]. When
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processing a large amount of historical data, the approximation strengths of deep neural
networks (DNNs) and the decision-making abilities of RL can be used to tackle optimiza-
tion problems. Such a combination has the potential to yield more generalizable solutions
than those of traditional approaches. For example, several researchers have shown promis-
ing potential in addressing static VRPs with learning-based methods. Nazari et al. [17]
solved a static version of the VRP using RL with a long short-term memory-based encoder.
Kool et al. [18] developed an RL model based on attention layers to solve the static VRP.
Delarue et al. [19] proposed focusing on solving individual problem instances rather than
training a single model for multiple instances drawn from a similar distribution.

RL is a promising heuristic approach for tackling DVRPs due to the inherent structure
of sequential decision-making problems, where a decision policy is required rather than a
single solution vector. In theory, RL is well suited for DVRPs and dynamic optimization
problems in general, as such problems can be modeled as Markov decision processes
(MDPs), naturally capturing the evolution of stochastic and dynamic systems. Furthermore,
integrating RL with DNN, which is known as deep reinforcement learning (DRL), has
allowed complex large-scale decision problems to be addressed [20,21], allowing the offline
training of complex decision policies that enable fast and efficient decision making in
dynamic and uncertain environments.

The practical implementation of RL for DVRPs is challenging. State and action spaces
can be complex and hard to formulate optimally, often requiring additional techniques,
such as state aggregation or action factorization. Hildebrandt et al. [22] highlighted a
significant issue with large action spaces in RL formulations, which has led to the cat-
egorization of approaches into two main types: assignment-based and routing-based
problems [23]. Assignment-based problems do not require routing decisions and focus
on research questions related to order acceptance and vehicle repositioning [24]. On the
other hand, routing-based problems involve updating the route in the state and action
spaces and have complex combinatorial action spaces that are challenging to construct
or enumerate for a single state. Researchers have addressed this issue by suggesting that
VRP solvers, rather than RL algorithms, are better equipped to search the action space [25].
To make action spaces less complex, action-space factorization can be performed, where
RL is used to make assignment-based decisions, while routing decisions are handled by
specialized VRP heuristics. This approach, as proposed by Chen et al. [26], allows for a
more manageable RL formulation while still addressing the complexities of DVRPs.

In this study, we address the challenge of defining and formulating components of a
state space for the DVRP. Given the complexities associated with routing-based problems
in the DVRP, this study focuses on problem formulations that do not rely on the complete
knowledge of the planned route. Specifically, we are interested in problems where decisions
are related to the acceptance of orders and vehicle repositioning. By narrowing our scope to
this class of problems, we hope to overcome some of the challenges that arise when dealing
with complex and combinatorial action spaces that involve updating routes. By focusing on
action spaces that do not involve complex routing decisions, we can leverage the strengths
of RL algorithms to make effective decisions based on a simplified action space.

Our study is based on that of Balaji et al. [24], who proposed an approach to address-
ing a DVRP with acceptance decision making. Balaji et al. [24] incorporated a rich state
representation and action space, which included acceptance decisions and repositioning
actions. Specifically, their formulation introduced an action space that included the follow-
ing options: (i) waiting for additional information, (ii) accepting a new order, (iii) moving
one step closer to a previously accepted order, or (iv) moving one step closer to the depot.
This approach allows for the formulation of an RL algorithm that can learn a policy for
making an acceptance decision while simultaneously optimizing vehicle routing to maxi-
mize system performance. This formulation has the potential to address real-world DVRP
scenarios, where acceptance decision making is critical for effective system performance in
a dynamic complex environment.
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Other researchers have explored another formulation to address the DVRP. The au-
thors of [27–29] designed action spaces in which the focus is on moving to the customer
without explicit acceptance or rejection decisions, with rewards based on travel distances
rather than the value of the delivered orders. This approach draws on the static VRP
environment [17,18]. To manage the complexities of the state space, Bono [27] proposed
factorization of the state and encoding layers, while Pan et al. [28] suggested using dis-
tances to customers instead of customer locations in the state. These methodologies offer
alternative ways to simplify the state space, potentially enhancing the applicability of RL
in the DVRP.

Table 1 provides a comparison of various DRL environments for VRPs in the literature,
highlighting the differences in vehicle types, VRP variants, state representations, action
spaces, and reward structures in different studies.

Table 1. Comparison of DRL environments for VRPs in the literature.

Article V VRP State Action Rwd

D C P TW CL CD Dmd RC CT PR Acc Rep Cus Rte

[17] 1 X X X X Dist
[18] 1 X X X X X Dist
[24] 1 X X X X X X X X X X Val
[27] N X X X X X X X X X Dist
[25] N X X X X X X X Dist
[26] N X X X X X X X Dist
[28] 1 X X X X X X X X Dist
[29] 1 X X X X X X Val

Our study 1 X X X X X X X X X X Val

X: indicates the presence of a characteristic in the corresponding study, V: vehicles (1: single vehicle, N: multiple
vehicles), VRP: vehicle routing problem (D: dynamic, C: capacitated, P: pickup and delivery, TW: time windows),
State: (CL: customer locations, CD: distances to customers, Dmd: customer demands, RC: remaining capacity, CT:
current time, PR: set of planned routes), Action: (Acc: accept/reject, Rep: reposition, Cus: customer selection, Rte:
route), Rwd: reward (Dist: distance-based, Val: value-based).

This demonstrates the diversity in problem formulations, from single- to multiple-
vehicle scenarios and various VRP variants, including dynamic, capacitated, pickup and
delivery, and time-windowed problems. The comparison reveals significant variations
in state representations, ranging from basic customer information to complex planned
route sets. The action spaces involve customer selection, order acceptance, and vehicle
repositioning. The reward structures are primarily distance-based or value-based, reflecting
different optimization goals.

Given the state of the current literature, several research gaps exist. Firstly, there
is a lack of comparisons between different environments for solving DVRPs with RL.
Instead, the literature tends to focus on highly problem-specific environments, making it
difficult to compare the effectiveness of different models. Furthermore, the current state of
research lacks an analysis of factors that impact the performance of RL-based approaches
in DVRPs. The diversity of problem formulations in the literature makes it difficult to
isolate and understand the impact of individual components in addressing VRPs with RL.
To address these gaps, we aim to create an application for a DVRP with various constraints
with simulation of a simplified real-life environment. The approach is motivated by the
potential for RL solutions to be incorporated into real-life logistics solutions, as they can
offer adaptability to dynamic conditions and continuous learning. As such, the primary
objective of this study is to explore and combine the factors that impact the performance of
the RL-based approach.
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3. Problem Description

This study investigates a DVRP in which new orders arrive dynamically throughout
the day. The problem is set in a geographical area represented by a grid map n × n, which is
divided into distinct zones that generate orders at varying rates. Each location in this grid
is represented by a pair of integer coordinates that both fall within the range [0, n − 1], and
they define an individual cell within the grid. At each time step, multiple orders can emerge
simultaneously, each with a fixed probability, and they are assigned to zones based on
zone-specific probabilities. These orders carry rewards drawn from zone-specific truncated
normal distributions with varying ranges, which are known at the time of appearing.

The central figure in this problem is the delivery driver, who must navigate this
dynamic environment to maximize the total net reward over an episode, which represents
a full delivery day. Each order must be delivered within a specified time window from
its appearance and requires a fixed capacity from the driver. Failure to meet these time
windows results in cost penalties. To fulfill these orders, the driver operates a vehicle
with a limited capacity. This vehicle can return to a centrally located depot for restocking
whenever necessary—whether it is empty and requires a full restock or is only partially
loaded. This flexibility in restocking adds another layer of strategic decision making for the
driver. The temporal aspect of the problem is defined by a predetermined total time for
a full delivery day, which serves as the maximum time step. Throughout this period, the
driver incurs a cost per time step and unit distance traveled, representing the monetary
value of time and travel expenses.

In this environment, the driver makes a series of decisions. These include accepting
or rejecting new orders as they appear, choosing which accepted customer to travel to
next to satisfy specified time windows, managing the vehicle’s capacity efficiently, and
strategically timing returns to the depot for restocking. Additionally, the driver can opt
to wait strategically, doing nothing to potentially manage more profitable orders in the
future. These decisions require balancing multiple factors: rewards of new orders, urgency
of delivery time windows, vehicle capacity, travel costs, and benefits of strategic waiting.
This ongoing decision-making process forms the core of the driver’s strategy to maximize
rewards throughout the delivery day.

4. Model Formulation

The problem can be formulated as a Markov decision process (MDP), which is a widely
used framework for modeling decision-making problems in a sequential and stochastic
environment. In the context of the DVRP, the agent refers to the decision maker, specif-
ically, to the vehicle driver responsible for accepting and routing orders. Consequently,
throughout the text, the terms ’agent’ and ’driver’ are used interchangeably.

In the model, it is assumed that the agent can handle a maximum of N orders during
any given time step, with each order being assigned one of three possible statuses: 0, 1, or
2. A status of 0 means that the order is currently inactive, having either been completed
(delivered) or rejected. Upon arrival, each order is initially assigned a status of 1, signaling
that it is available for acceptance. The agent is required to make an immediate decision
whether to accept or reject this order. Once an order is accepted, its status transitions to
2, indicating that the order is in the delivery process. This structure enables the agent to
disregard any orders that have already been delivered or rejected and to focus on the orders
that are currently active and available to be processed. It also allows the agent to learn in a
dynamic environment where the number of future orders is unknown and can vary over
time. Figure 1 illustrates the overall methodology of the proposed DVRP model, showcasing
the interactions among the agent, environment, and the decision-making process. This
framework forms the basis for the detailed model components described below.

Decision Point: A decision point k occurs when an agent must make a decision. The
model involves two categories of decisions that the agent must make, which are acceptance
and routing decisions. The model uses discrete time steps for routing decisions, indicated
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by t ∈ {0, 1, . . . , T}, where T represents the total time for a full delivery day. The total
number of decision points depends on the number of orders that arrived during T.

Agent (driver)

DVRP environment

Action xk

Sk+1

State Sk

R(Sk+1, xk+1)

Reward R(Sk , xk)

Figure 1. RL framework for the DVRP.

State: A state of the MDP consists of two parts: the pre-decision state Sk and post-
decision state Sx

k . Sk captures the necessary information required to make a decision and is
represented as follows:

1. The current time step: tk ∈ {0, 1, . . . , T}.
2. The current location of the driver, dk, represented by the coordinates dk = (x, y) ∈

[0, n−1]× [0, n−1], where n represents the size of the grid that defines the geographi-
cal area.

3. The locations of the orders are denoted as lk, represented by a set of tuples with
the coordinates of each order’s location: lk = {(x1, y1), (x2, y2), . . . , (xN , yN)}, where
(xi, yi) ∈ [0, n−1]× [0, n−1] for i = 1, 2, . . . , N.

4. The current status of each order: wk = [w1, w2, . . . , wN ] where wi ∈ {0, 1, 2} for
i = 1, 2, . . . , N.

5. The time elapsed since each order’s generation: ek = [e1, e2, . . . , eN ] where ei ∈ [0, t]
for i = 1, 2, . . . , N.

6. The rewards associated with each order: vk = [v1, v2, . . . , vN ] for i = 1, 2, . . . , N.
7. The available capacity of the driver to accommodate additional orders: ck ∈ [0, C].

Thus, the basic state is Sk = (tk, dk, lk, wk, ek, vk, ck). The post-decision state Sx
k repre-

sents the state of the environment after executing a decision at the decision point k. The
components of the state Sk are updated based on the specific decision made by the agent.

Action: At decision point k, the agent makes the decision xk in two categories: accepting
or rejecting an order that has arrived and making the routing/repositioning decision. When
an order appears with a status of 1, the agent must choose to accept or reject the order,
after which the time step remains the same tk+1 = tk. Otherwise, the agent makes routing
decisions with three options: staying stationary and waiting, moving a step closer to the
depot, or moving a step closer to one of the accepted orders, resulting in a total of N + 2
possible routing decision options.

Transition: The model involves two types of transitions, as illustrated in Figure 2:

Pre-decision
state Sk

Decision
xk

Post-decision
state Sx

k

Pre-decision
state Sk+1

Acceptance or routing

Update order statuses,
driver location, ca-

pacity, and time step

New order ar-
rivals: update
order locations,

statuses, rewards,
and elapsed times.

Time step k Time step k + 1

Figure 2. Timeline of pre-decision and post-decision states.

1. Transition from pre-decision state Sk to post-decision state Sx
k : This transition repre-

sents the deterministic changes that occur immediately after the agent makes a decision xk
at decision point k. The sequence of calculations depends on the type of decision.



Logistics 2024, 8, 96 7 of 18

• Acceptance decision point:

– Order status: If the agent decides to accept an order that has arrived, its status
changes from 1 (available) to 2 (in process). If the agent rejects the order, its status
changes from 1 (available) to 0 (inactive).

– Time step: The time step remains unchanged during the acceptance decision
process, i.e., tk+1 = tk.

• Routing decision point:

– Driver location: The driver’s location dk is updated based on the chosen routing
action. The driver may move closer to the depot, move towards an accepted
order, or stay stationary.

– Order status: If the driver’s location dk matches the location of an accepted order
(status 2), the order’s status is updated to 0 (completed).

– Capacity update: If the driver’s location dk matches an accepted order and the
order is completed, the driver’s available capacity ck is decreased by the amount
that is required for the delivered order. If the driver has decided to go to the
depot and arrives there, the driver’s available capacity ck is reset to the maximum
capacity C. After a depot visit, the system continues to account for accepted
orders as pending orders to deliver.

– Time step: The time step increases by one unit to reflect the passage of time during
the routing process, i.e., tk+1 = tk + 1.

2. Transition from the post-decision state Sx
k to the next pre-decision state Sk+1: This

transition represents the evolution of the environment and state variables from Sx
k to Sk+1,

incorporating the effects of newly arrived orders and updating the state accordingly.

• Order arrival: At the transition from Sx
k to Sk+1, a new order may arrive probabilisti-

cally. The following updates are made:

– Order locations: The location of a new order is added to lk+1.
– Order statuses: New order is initially assigned a status of 1 (available) in wk+1.
– Elapsed times: The elapsed time ek+1 for a new order is initialized to 0.
– Order rewards: The rewards associated with a new order are added to vk+1.

• Order updates:

– Order processing status: The status and elapsed time of orders that are already in
process are updated to reflect the time passage and any changes in the environment.

Reward function: The reward function R(Sk, xk) depends on the decision xk made in
state Sk and is defined as R(Sk, xk) = rk(Sk, xk)− fk(Sk, xk)− mk, where

rk(Sk, xk) =

{
vki, if order i is delivered at decision point k within its timeframe,
0, otherwise,

fk(Sk, xk) is a penalty for failing to deliver an accepted order within the specified timeframe,
and mk represents the costs associated with time and travel.

5. Solution Method

In this study, we use the proximal policy optimization (PPO) algorithm due to its effec-
tive policy update mechanism based on the trust region policy optimization theorem [30],
which ensures monotonic improvement of the policy. The algorithm alternates between
sampling data through interaction with the environment and optimizing an objective func-
tion using a stochastic gradient ascent. PPO is a policy gradient method in RL, which
means that it searches the space of policies instead of assigning values to state–action pairs.

PPO calculates two essential functions: the policy function, or ’actor’, which deter-
mines the agent’s action selection strategy based on observed states, and the value function,
or ’critic’, which estimates the cumulative rewards associated with different states. The
functions interact iteratively, where the value function guides the policy towards better
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actions, while the policy determines the agent’s behavior and influences the data used to
estimate the value function.

The policy function πθ(xk|Sk) represents the probability of taking action xk in state
Sk according to a policy θ. PPO optimizes this function using the following clipped
surrogate objective:

LCLIP(θ) = Êk

[
min

(
πθ(xk|Sk)

πθold(xk|Sk)
Âk, clip

(
πθ(xk|Sk)

πθold(xk|Sk)
, 1 − ε, 1 + ε

)
Âk

)]
(1)

where Êk denotes the empirical mean over a finite batch of samples, approximating the
expected value; clip(h, j, l) is a function that restricts the value h to the range [j, l]; Âk is the
estimated advantage at the decision point k, representing how much better or worse an
action is compared with the average action in a given state; and ε is a hyperparameter that
limits the size of policy updates.

The value function V(Sk) estimates the expected cumulative reward from state Sk. It
is updated by minimizing the mean squared error:

LVF(θ) = Êk[(Vθ(Sk)− Vtargetk )
2] (2)

where Vtargetk is the target value for state Sk, which is calculated based on the observed re-
wards R(Sk, xk) and estimated future values. This target helps the agent learn to accurately
predict the long-term value of being in a particular state. Vθ(Sk) represents the current
estimate of the value function for state Sk, parameterized by a policy θ, which corresponds
to the weights of the function approximator. More details on the theoretical background of
the algorithm can be found in [30].

To enhance decision making within this environment, we employ an action mask. The
action mask comes into play by evaluating whether the agent has the necessary capacity
to fulfill the orders. If the agent lacks sufficient capacity, it must return to the depot to
restock. In this environment, the agent has a total of N + 4 discrete actions to choose
from. This includes two actions for the acceptance phase and N + 2 actions available for
the routing phase. When accepting an order, the agent receives a fraction α of the order
reward, with the remaining fraction 1 − α being awarded upon successful delivery. This
approach is designed to incentivize the agent to accept orders. The system encourages the
agent to actively accept orders and strive to deliver them within the given time constraints.
An episode refers to the entire sequence of decision points from the start to the end of a
delivery day. It encompasses all of the acceptance and routing decisions made by the agent
throughout the day.

Both the policy and value functions are parameterized using multilayer perceptron
networks. These networks consist of two hidden layers, each with a dimension of 128 nodes.
The input to the network is the current state of the environment, represented as a one-
dimensional array. The length of the array is fixed, and it relies on the number of compo-
nents and their transformations included in the state space. The output is a probability
distribution over the set of all possible actions that the agent can take in the current step.
To enhance the model performance, we normalize the state-space components and rewards
to improve the model’s training efficacy by ensuring that all input features to the model
have a similar scale.

6. Computational Study

This study is motivated by the need to develop an RL environment for the DVRP to
identify the elements that impact system performance. The key aspect of interest is the
state space, which serves as the foundation for the agent’s decision-making process and
policy formation. With the state space, it is important to acknowledge the contributions of
the action and reward spaces to the overall policy dynamics. However, these spaces are
relatively limited in this DVRP formulation. The action space is constrained to choosing
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between acceptance and movement actions, while the reward space is defined by the
objective function of the problem.

Through our investigation, we aim to identify patterns and relationships within the
components of the state space. We experiment with various approaches, such as adding,
removing, or modifying components to optimize the state space. By manipulating the
components, we seek to gain valuable insights into how the problem policy can be improved.
To accomplish our goal, we designed the following series of experiments.

1. Exploring the basic state with different random seeds. The results of multiple runs
with different random seeds are presented, and the best-performing run is selected
for subsequent analyses.

2. Impact of removing locations from the basic state: The effects of removing location
information from the state space are discussed, and why this modification negatively
affected the training process is analyzed.

3. Incorporating a distance component into the basic state: The results obtained by
including distance information for each location in the state space are investigated,
and the impact on the model’s performance is discussed.

4. The influence of one-hot encoding on model performance: How techniques involv-
ing data processing—specifically, one-hot encoding—can influence the performance
of the model is demonstrated.

5. Integrating derived features into the basic state: The outcomes of incorporating
derived features, such as ratios for the order reward vs. time left for order delivery
and the driver’s current load vs. the number of orders to deliver, into the state space
are presented, and their effects on the model’s performance are analyzed.

6. Combining state-space enhancements: The overall impact achieved by integrating
multiple enhancements from previous subsections within the basic state is evaluated.

Table 2 provides an overview of the state-space components used in each experiment. It
illustrates how we systematically modified the state space across our experiments, allowing
us to isolate and analyze the impact of individual components on the model’s performance.
Experiment 1 represented our basic state, from which experiments 2 through 6 were derived
by modifying specific components. As shown, while some components remained constant
across all experiments, others were selectively included or excluded to test their influence
on the RL model’s effectiveness in solving the DVRP.

Table 2. Overview of experiments and state-space components.

Component Exp 1 Exp 2 Exp 3 Exp 4 Exp 5 Exp 6

Time step (tk) X X X X X X
Driver location (dk) X X X X X X
Order locations (lk) X X X X X
Order statuses (wk) X X X X X X
Time elapsed (ek) X X X X X X
Order rewards (vk) X X X X X X
Driver capacity (ck) X X X X X X
Distances to orders X X
One-hot encoding X X
Derived features X X

X: indicates the inclusion of a component in the corresponding experiment.

To evaluate the performance of the trained models, we conduct testing on a separate
evaluation set consisting of 1000 scenarios. These scenarios are derived from the instance
described in Section 6.1 and generated using a random seed distinct from the one used
during the training phase.
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6.1. Experimental Setup

We conducted experiments using an instance to evaluate the performance of our
model. The geographical region was divided into four zones. The zones were defined
based on the x-coordinate of each cell: the leftmost 30% of the grid belonged to zone 1,
the next 30% belonged to zone 2, the following 20% belonged to zone 3, and the rightmost
20% belonged to zone 4. In the instance, there was a probability p that an order emerged
at any given time step. In the case that an order emerged, it was assigned to zone z with
probability pz. Orders in zone 1 had rewards in the range of [a1, b1], while orders in zones 2,
3, and 4 had rewards in the ranges [a2, b2], [a3, b3], and [a4, b4], respectively. Orders needed
to be delivered within a tw-minute, requiring a capacity of q units. Failure to meet the time
window incurred a cost penalty of f . The vehicle had a maximum capacity of C units, and
the depot was located at the coordinates (⌈n/2⌉, ⌈n/2⌉).

The instance parameters used in the experiments were as follows: n = 10, p = 0.25,
p1 = 0.1, p2 = 0.4, p3 = 0.4, p4 = 0.1, a1 = 6, b1 = 10, a2 = 2, b2 = 4, a3 = 2, b3 = 4,
a4 = 6, b4 = 10, tw = 60, q = 1, f = 50, C = 10, T = 480, and m = 0.1. The hyper-
parameters of the solution method were N = 10, α = 1/3, ε = 0.2, training batch = 128,
learning rate = 4.0 × 10−4, and discount factor = 0.99.

The experiments were conducted on a MacBook Air equipped with an Apple M1
Chip that included an 8-Core CPU, 8-Core GPU, and a 16-core Neural Engine, running the
macOS Big Sur operating system (version 11.2.3). We utilized Python 3.10.5 for coding,
along with the Stable Baselines3 library [31] for implementing the PPO algorithm. We also
leveraged parallelization to speed up the training process by using four threads, which
led to a significant improvement (approximately 30%) in training speed. The model’s
performance was evaluated using the total cumulative reward, which was calculated by
summing the individual rewards R(Sk, xk) (defined in Section 4) obtained at each decision
point k over an episode.

6.2. Random Seed Analysis

First, we conducted six runs with different random seeds with the basic state described
in the model formulation section. Figure 3 presents the training curves depicting the
performance of each run over the training iterations. The x-axis represents the number of
training iterations, while the y-axis shows the average cumulative rewards obtained. The
graph illustrates a gradual increase in rewards during the training process, indicating that
the model learned to optimize the DVRP solution. For readability, the graphs are clipped
to skip the initial 5 × 105 steps of training, as the rewards were low and would skew the
y-axis scale.

Table 3 provides insights into the performance metrics derived from the evaluation
set. The “Reward” column displays the mean µ and standard deviation σ of cumulative
rewards over scenarios, which represent the objective function outlined in the problem
description. The “RS” column displays the random seeds employed in the basic state space.

Out of all of the runs, one specific run (number four, which is presented in bold in the
table) with the highest performance was selected for further analysis. This run was chosen
as a benchmark, as it set a higher standard compared with the other runs. It provided
perspectives on how well the component analysis performed in relation to the other runs.
A low training curve (referenced as run six) might indicate that the algorithm, under the
influence of the currently selected random seed, has potentially converged to a suboptimal
policy, possibly due to reaching a local optimum in the policy optimization landscape.

The curved run (number five) initially trailed behind the others, indicating a possibly
less optimized pathway taken during the early stages of training. However, as the training
progressed, this run exhibited a remarkable turnaround, eventually catching up with or
even surpassing the performance of the other runs. This could be attributed to the algorithm
eventually finding a more optimal policy through its exploration strategy.
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Figure 3. Training curves for the basic state.

Table 3. Evaluation of different random seeds using the basic state.

RS Reward

µ σ

1 213.29 23.10

2 214.56 23.62

3 213.72 23.072

4 218.95 20.95

5 216.24 20.086

6 173.17 20.014

6.3. The Impact of Location Removal

Next, we explored the impact of removing the location component of the orders,
denoted as lt, from the state space. Our aim was to discern whether the location component
influenced decisions or posed a challenge for the algorithm to learn meaningful insights.
Figure 4 illustrates the training curves, comparing the run with the best performance of the
basic state space (represented by the blue line) and the training curve where the location
component was omitted (represented by the orange line). In the latter scenario, the rewards
obtained during training consistently decreased. This finding suggests that the model
faced challenges in learning without taking the location information into account. Table 4
provides an overview of the evaluation results when applying this policy to the evaluation
set. The last column of the table represents the difference in the average reward mean
compared with the benchmark run of the basic state (Section 6.2).

Table 4. Performance evaluation without the location component.

Component Reward

µ σ ∆µ

Removing locations 166.06 26.14 −52.89
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Figure 4. Training curves with and without the location component.

6.4. The Addition of the Distance Component

In this section, we added a component that stored the minimum distance from the
driver’s position to each order location, measured in cells. These distances represented
the minimum number of cell-to-cell movements required to reach the order locations from
the driver’s current position. This addition was motivated by the insight that incorporat-
ing distance information can potentially help the model in making better decisions. By
including the distance component in the state space, the model gained information about
the spatial relationships between the driver and the orders.

Figure 5 displays the training graph for this extended state space. The graph illustrates
that the model achieved higher rewards compared with those in the basic state space. This
indicates that incorporating the distance component had a positive impact on the model’s
performance, leading to better decision making. The same conclusion can be drawn from
the results on the evaluation set presented in Table 5.

Figure 5. Training curves with the distance component.



Logistics 2024, 8, 96 13 of 18

Table 5. Performance evaluation with the distance component.

Component Reward

µ σ ∆µ

Adding distances 245.14 43.86 26.19

6.5. The Influence of One-Hot Encoding

In this section, we incorporated one-hot encoding into the state space as a component
transformation technique. The first experiment aimed to encode order statuses by assigning
a unique binary vector to each status category, enabling the model to differentiate between
different statuses. In the second experiment, our focus shifted to applying encoding not
only to the order statuses but also to the driver and order locations. For this experiment, we
adopted a grid-based approach to represent the locations. Specifically, for both components,
we created a grid where each cell was transformed into a binary value. A value of 0
indicated an empty cell, while a value of 1 represented the presence of the driver or order
in that cell.

To provide a visual comparison of the training progress in both experiments, we plot
the training curves in Figure 6. The training curve for the first experiment is represented by
the orange color, and the second experiment is denoted by the green color; we also included
the training curve of the run with the best performance from the basic state, visualized in
blue color.

Figure 6. Training curves for the encoding experiments.

The results presented in Table 6 indicate that the first experiment demonstrated
improved performance, suggesting that selectively encoding individual components could
improve learning. However, the second experiment showed lower performance compared
with that of the basic state, which was likely due to the increased complexity of the state. The
introduced encoding of multiple components may have made the state space too complex
for effective learning. This suggests that encoding one component can improve learning
without excessively complicating the state. In this scenario, the state space complexity
remained manageable, leading to better performance.
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Table 6. Performance evaluation of the encoding experiments.

Component Reward

µ σ ∆µ

One hot encoding (statuses) 231.58 42.61 12.63

One hot encoding (statuses & locations) 126.13 47.36 −92.82

6.6. Ratio Integration

Next, we introduced two newly derived features to the state to potentially provide the
agent with more valuable information for decision making. The first derived feature was
the ratio of the rewards per order to the time left for order delivery. We included this feature
instead of the rewards per order component vk. The second feature that we incorporated
was the ratio of the driver’s remaining capacity to the total number of items in the queue for
delivery. This feature gives the agent a sense of how much of the total outstanding demand
it can fulfill with its remaining capacity. Similarly to the previous ratio, we integrated
this value instead of the driver’s remaining capacity component ck. Figure 7 presents the
training curves obtained by integrating these two derived features, while Table 7 displays
the testing results on the evaluation set. The performance improvement compared with the
benchmark of the basic state (blue line) was not significant for the first derived feature, but
it revealed slightly higher results for the second derived feature.

Figure 7. Training curves with the derived ratios.

Table 7. Performance evaluation with the derived ratios.

Component Reward

µ σ ∆µ

Adding reward ratio 219.32 22.21 0.37

Adding capacity ratio 228.82 23.31 9.87

6.7. Combination of Enhancements

In the final phase of the experiment, we aimed to combine all of the enhancements
discussed above into a single state space. This unified state space involved the basic state
components from Section 6.2, such as vehicle location, the locations of the orders, the time
elapsed since each order’s generation, and the current time step, as well as the newly
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introduced modifications, such as the one-hot encoding for order statuses (Section 6.5),
distances from the current driver location to the orders (Section 6.4), the reward per
order/time left ratio, and the driver capacity/total items in the queue ratio (Section 6.6).
Figure 8 presents the training for different random seeds (the same as in Section 6.2) while
integrating all enhancements from the previous subsections. Table 8 outlines the results
on the evaluation set, where ∆µ represents the difference in the average reward mean
compared with the benchmark run of the basic state, and ∆µ′ is the difference in the
average reward mean compared with the appropriate random seed from Table 3, where
each experiment outperformed the basic state.

Figure 8. Training curves with the combined state space.

Table 8. Performance evaluation with the combined state space.

RS Reward

µ σ ∆µ ∆µ′

1 258.24 36.99 39.29 44.95

2 257.75 34.76 38.80 43.19

3 252.61 38.11 33.66 38.89

4 257.50 38.56 38.55 38.55

5 245.82 45.86 26.87 29.58

6 256.71 38.11 37.76 83.54

To compare the average reward means of the six runs, a paired-sample t-test was
performed between the state space from Section 6.2 and the state space introduced in this
section. This analysis was conducted on the same evaluation dataset of 1000 scenarios. The
null hypothesis, which assumed no significant differences between the means, was rejected
(t = −89.64, p ≪ 0.001), indicating a statistically significant difference.

To provide a comprehensive overview of our experimental results, we compiled all
outcomes from our experiments into a single table, which can be found in Appendix A.
Table A1 presents a systematic comparison of the performance across all experimental
configurations, including the variations in random seeds for the basic state and combined
enhancements. This table offers a holistic view of how different modifications to the
state space affected the model’s performance, allowing for easy comparison between
different approaches.
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7. Conclusions

In this research, we address a deep reinforcement learning model to tackle the dy-
namic vehicle routing problem with immediate acceptance or rejection of requests. Our
approach offers a comprehensive Markov decision process formulation that integrates
realistic variables, such as dynamic order arrivals, time windows, and capacity constraints,
enhancing its relevance to practical scenarios. Through a computational study, we present
a formulation for this complex dynamic problem and describe our solution method. The
findings demonstrate that RL shows promise for tackling the DVRP in real-life settings,
emphasizing the significance of careful and efficient modeling. The extensive analysis of
various state-space configurations reveals that the selection and composition of components
within the state space significantly impact the algorithm’s performance.

Our findings reveal several key insights. Conducting experiments with multiple
random seeds allows for a comprehensive evaluation of the model. Additionally, even
with a simple representation, certain components in the state space play a critical role and
should be incorporated to address the problem effectively. Expanding the state space by
incorporating relevant components, such as distance information in models with location
components, can expedite learning for the RL agent. Furthermore, we explore derived
features, such as ratios, and find that their impact on performance is relatively minimal in
our experimentation. Careful consideration should be given to component transformation
when designing the state space, such as by employing one-hot encoding. However, exces-
sively expanding the state space can lead to reduced performance. Incorporating these
key considerations into the modeling and design of RL algorithms for the problem at hand
can yield valuable improvements in performance and contribute to more efficient routing
solutions. The approach offers a flexible framework that can be applied to address a range
of variations of the DVRP, extending its applicability beyond the specific problem studied
in this research.

In future work, it is crucial to investigate the proposed findings using real-world
settings and datasets, which would further validate the effectiveness of the approach and
its potential in practical applications. Future research should also focus on scalability
analysis, exploring how the model performs with larger problem instances, longer time
horizons, and expanded geographic areas. The potential of transfer learning to quickly
adapt the model to new environments or DVRP variations can be investigated, potentially
allowing faster deployment in diverse scenarios. Furthermore, a key direction to explore
is the development of hybrid approaches that combine RL with traditional optimization
techniques or heuristics, particularly for the routing aspect of the problem. Although RL
has shown promise in decision making for order acceptance and resource management, it
can face challenges in optimizing complex routing decisions [22]. By integrating RL with
specialized routing heuristics, one can potentially leverage the strengths of both methods,
improving their overall performance and computational efficiency. These future directions
aim to bridge the gap between theoretical RL models and practical DVRP applications,
potentially leading to implementable solutions in the field of last-mile delivery.
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Abbreviations
The following abbreviations are used in this manuscript:

VRP Vehicle routing problem
DVRP Dynamic vehicle routing problem
RL Reinforcement learning
DNN Deep neural network
DRL Deep reinforcement learning
CVRP Capacitated vehicle routing problem
MDP Markov decision process
PPO Proximal policy optimization

Appendix A

Table A1. Combined results of all experiments.

Experiment
Reward

µ σ ∆µ

1.1. Basic state (RS 1) 213.29 23.10 −5.66
1.2. Basic state (RS 2) 214.56 23.62 −4.39
1.3. Basic state (RS 3) 213.72 23.07 −5.23
1.4. Basic state (RS 4) 218.95 20.95 0
1.5. Basic state (RS 5) 216.24 20.09 −2.71
1.6. Basic state (RS 6) 173.17 20.01 −45.78
2. Removing locations 166.06 26.14 −52.89
3. Adding distances 245.14 43.86 26.19
4.1. One-hot encoding (statuses) 231.58 42.61 12.63
4.2. One-hot encoding (statuses and locations) 126.13 47.36 −92.82
5.1. Adding reward ratio 219.32 22.21 0.37
5.2. Adding capacity ratio 228.82 23.31 9.87
6.1. Combined state space (RS 1) 258.24 36.99 39.29
6.2. Combined state space (RS 2) 257.75 34.76 38.80
6.3. Combined state space (RS 3) 252.61 38.11 33.66
6.4. Combined state space (RS 4) 257.50 38.56 38.55
6.5. Combined state space (RS 5) 245.82 45.86 26.87
6.6. Combined state space (RS 6) 256.71 38.11 37.76
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