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Abstract: This paper presents a solution for dealing with the organization of books during
periods of high demand, such as assessment weeks, at the library of the Federal University
of Vigosa. During these periods, library staff face an increased workload due to borrowing,
returning, collecting and storing books. In this scenario, we propose a solution based on Q-
Learning to visit strategic points in the library in order to improve staff performance. To validate
the proposed approach, a comparison was made between the proposed approach in simulation
and a greedy method based on Dijkstra’s algorithm. The results showed that the proposed
approach outperformed the greedy-Dijkstra algorithm in terms of planning time and number of
turns, with a 20% reduction in the number of turns and a planning time at least twice as fast.
The success rate was 100% for completing the distribution task, demonstrating the system’s

applicability in the proposed scenario.

Keywords: Reinforcement learning; Autonomous Vehicles; Path Planning; Decision making

and Adaptation.

1. INTRODUCTION

Intelligent ground robotics systems find application in
diverse scenarios, including logistics operations within
warehouses for tasks such as order picking (Jacob et al.,
2023), navigation (Patruno et al., 2024), and inventory
counting (Sales et al., 2023). Additionally, in agricultural
contexts, terrestrial robotics fulfill roles in monitoring
(Roure et al., 2018), spraying (Meshram et al., 2022), and
planting (Harmanda et al., 2019). Overall, mobile robotics
offer the potential to replace or minimize repetitive and
strenuous human labor.

Path planning stands as a fundamental task in mobile
robotics, facilitating navigation from the robot’s current
location to its intended destination. Literature distin-
guishes between two primary planning approaches: local
planning, referred to as online (Jiang et al., 2023), and
global planning, termed offline (de Carvalho et al., 2022).
Additionally, a hybrid planning method also integrates as-
pects of both online and offline strategies (Jian et al., 2021;
de Oliveira et al., 2019). The choice of planning technique
depends on the environment. Global planning is better
suited to static scenarios with known object positions,
while local planning is preferred in dynamic or stochastic
environments, reacting to environmental changes.

Normally, path planning finds obstacle-free routes from
a starting point to a destination. However, there are
scenarios in which several waypoints must be visited, and
this becomes a classic problem known as the traveling
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salesman problem. Our goal is to determine the optimal
sequence of actions to minimize the distance. In the field of
robot navigation, especially when multiple destinations are
visited for tasks such as delivery, monitoring or inspection,
the question arises: What is the most efficient route and
order of waypoints for the robot?

To address this question, Machine Learning (ML) tech-
niques can be employed. ML methods commonly fall into
three categories: Supervised (Cunningham et al., 2008),
Unsupervised (Celebi and Aydin, 2016), and Reinforce-
ment Learning (RL) (Kaelbling et al., 1996). The choice
of problem-solving category depends on the application’s
nature. Supervised learning is effective for labeled data,
unsupervised learning for unlabeled data, and RL for sce-
narios that can be modeled by an agent that interacts with
an environment and receives rewards.

Central Library

Group of Shelves

Fig. 1. Illustration of the second floor of UFV’s central
library with the marking of the five sets of shelves.
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Q-Learning (QL) (Watkins and Dayan, 1992) is a promi-
nent reinforcement learning algorithm which is a value-
based, off-policy, model-free algorithm that proves benefi-
cial for environments where obtaining an accurate model
is challenging. It estimates state-action values to navigate
such environments effectively (Kalathil et al., 2021). QL
operates within the framework of the Markov Decision
Process (MDP), denoted as (S, A, P, R,v), where: - S:
State space - A: Action space - P: Transition probability
from state s to s’ - R: Reward upon transitioning from
state s to s’ via action a - 7: Discount factor.

This paper presents a QL based approach for path plan-
ning within library logistics. The solution addresses the
increased demand for books during assessment weeks at
the Federal University of Vigosa (UFV), optimizing tasks
such as book loan, return, collection, and storage. Figure
1 shows the layout of the UFV library, with our focus on
the second floor. We aim to implement a QL-based solution
for a robot to access four strategically positioned locations
near the shelves.

This paper presents the application of QL to address the
multi-state path planning challenge in a library, offering
the following contributions: (a) A methodology for multi-
objective path planning employing Q-Learning, and (b)
Utilization of terrestrial robotics for efficient book delivery
to shelves. To achieve this, this paper is structured into
five sections: the first introduces the background, the
second covers related work and literature review, the third
outlines the methodology using g-learning for navigation,
the fourth presents and discusses results, and the fifth
provides conclusions.

2. RELATED WORKS AND LITERATURE REVIEW
2.1 Path Planning

The path planning problem involves finding a collision-
free route from the start to the end point (Aggarwal and
Kumar, 2020). Various strategies have been employed in
literature to address the path planning problem, includ-
ing Dijkstra’s Algorithm, A-star, and Artificial Potential
Fields (APF). Dijkstra’s Algorithm, designed for graphs
with positive weights, determines the shortest path be-
tween two nodes (Dijkstra, 2022). However, it requires
non-negative weights to avoid path divergence.

The A-star algorithm (Hart et al., 1968) extends Dijkstra’s
approach by incorporating heuristic information, aiming
to find the minimum-cost path in graphs. It optimizes
the function f(n) = g(n) + h(n), where n denotes the
next node, g(n) represents the cost from the start to
n, and h(n) is the heuristic function. Nevertheless, its
effectiveness depends on the accuracy of the heuristic
function in estimating the distance to the goal. Moreover,
in multi-agent scenarios, A-star may generate conflicting
paths, potentially leading to agent collisions (Foead et al.,
2021).

Potential fields path planning employs attractive and re-
pulsive fields to guide robots to their destinations without
collisions (Khatib, 1986). While effective in many cases,
this method has limitations with U-shaped obstacles and
narrow passages.
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We noticed a gap in the existing literature regarding
path planning in library contexts, but we observed that
there are several methodologies available for warehouse
path planning. For instance, Jang (1993) propose a two-
stage optimization approach utilizing the A-star algo-
rithm. Sharma and Doriya (2021) introduce an intelli-
gent method for destination identification and collision-
free path determination, outperforming both the A-star
algorithm and Integration Linear Programming. Although
these methods also solve the path planning challenge,
ML techniques have emerged as successful solutions for
path planning, owing to their flexibility and generalization
capabilities (Arinez et al., 2020; Fagundes-Junior et al.,
2024).

2.2 Q-Learning Navigation

QL path planning, utilized in robotics and artificial intel-
ligence (AI), determines optimal paths in obstacle-filled
environments via reinforcement learning. The technique
involves an agent navigating a grid-based environment,
adjusting actions based on rewards and penalties. By it-
eratively updating Q-values, the agent learns to navigate
efficiently, finding multiple feasible paths while avoiding
obstacles to reach its destination (Khriji et al., 2011; Hu
et al., 2021).

Recent literature explores the use of QL for robot path
planning. For instance, de Carvalho et al. (2023) pro-
pose an online QL approach for Unmanned Aerial Vehicle
(UAV) navigation in both static and dynamic environ-
ments. Their study demonstrates that QL outperforms tra-
ditional methods like Dijkstra’s algorithm, yielding paths
with fewer curves and increased distance from obstacles
through iterative recomputations.

QL has been effectively applied in UAV navigation, as
demonstrated by Sonny et al. (2023). Their work intro-
duces a QL algorithm for UAV path planning, addressing
both static and dynamic obstacle avoidance. The approach
utilizes a grid graph-based method to maximize rewards
based on the agent’s behavior, showcasing superior per-
formance in minimizing UAV travel distance compared to
existing methods.

While QL is effective for path planning, its applicability is
restricted by the size of the state space. However, auxiliary
techniques like Curriculum Learning can extend its use.
In De Oliveira et al. (2023), QL was employed for multi-
agent path planning in warehouse scenarios. The study
demonstrated that incorporating Transfer Learning and
Curriculum Learning can achieve a success rate of up to
94% on the proposed map.

In summary, these studies demonstrate the superiority of
reinforcement learning techniques, particularly QL, over
traditional methods like A-star and Dijkstra. Additionally,
it highlights the effectiveness of auxiliary approaches such
as transfer learning and curriculum learning in solving
state space issues.
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Fig. 2. Grid representation of the library’s second floor.
The shelves are in black, and the objectives in gray.

3. Q-LEARNING FOR MULTI-GOAL NAVIGATION
3.1 Problem Formulation

We propose a Q-Learning-based approach for optimizing
ground robot paths to efficiently deliver books in the
second floor of the central library at the Federal University
of Vigosa. The study area encompasses sections housing
books in exact and natural sciences (physics, mathematics,
chemistry, and engineering), divided into five areas labeled
A, B, C, D, and E (Figure 1).

During high-demand periods like assessment weeks, book
shortages occur due to staff overload in repositioning.
To address this issue, we propose employing terrestrial
robotics to transport items to critical library areas. We
created a grid-based model of the library’s second level,
identifying high-demand locations as g1, g2, g3, and g4
(Figure 2). Our solution involves staff placing books on the
robot for delivery to these areas, automating the process
for increased efficiency in time and resources.

3.2 State Space Modelling

To achieve the desired outcome, the problem is modeled
as a Markov Decision Process, represented by a tuple
(S, A, P,R,v). In each episode, the agent begins in a
random state s,, € S to encourage exploration. The agent’s
state, s € N”, comprises its pose in a grid world, denoted
by row (r), column (c), and orientation (1), where r,c €
{1,---,11} for an 11 x 11 map, and ¢ € {0,%,7, 5F
representing its four possible orientations. Additionally,
the last four elements of s are binary values indicating
whether the agent has reached destinations g;, where
i € {1,2,3,4}. This results in a total of 7,744 distinct
states. Therefore, our state is defined as:

s=[rci g1 92 93 g4l (1)
3.8 Actions

In this study, each state s, € S allows the agent to
take actions a € A. The model restricts the agent to
either linear or rotational movements due to the gridworld
simulation environment, where diagonal movements may
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(a) High probability of collision (b) Low probability of collision
on the corners. on the corners.

Fig. 3. Movement that may cause a collision, followed by
the desired movement.

cause collisions with corner objects (see Figure 3). Hence,
available actions include moving forward, rotating 90°, and
rotating —90°. Consequently, the state-action pair space
comprises 23,232 elements.

3.4 Reward Function

The primary aim of this agent is to efficiently reach all
destination cells while favoring linear paths over curves.
Each action performed by the agent yields a reward r; € R,
contingent upon the action and resultant state. A universal
penalty of —1 is applied to each step to expedite task
completion, with an additional —2 penalty for rotation
actions to promote linear movements. Considering the
living penalty, rotation incurs a cost of —3, while forward
movement incurs a cost of —1. Therefore, forward move-
ment is three times less costly than rotation. Furthermore,
the agent receives a +10 reward for each goal achieved but
incurs a —10 penalty for colliding with obstacles. Thus, the
reward function r; is defined as follows:

re = —1—2H(a) — 100(s) + 10G(s), (2)
where the function H(a) can be defined as a step function
that produces a value of 1 in the case where the action
a taken is to turn. Similarly, the function O(s) is a step
function that produces a value of 1 if the state s reached as
a result of the action a corresponds to a state containing an
obstacle. Finally, the function G(s) is also a step function
that produces a value of 1 when the state s reached by the
action a is one of the designated target states.

3.5 Training parameters

In this study, hyperparameters were determined empiri-
cally through experimentation. The learning rate («) was
set to 0.1 and the discount factor () to 0.99. Exploration
was addressed using a linearly decreasing variable param-
eter (¢), starting at 1 and ending at 0.1 as described in

_ ﬂ -1, (3)

80,000

where the symbol €; represents the randomization level
for episode ¢. This randomness decreases over time to
encourage early exploration and subsequent exploitation.
The exploring starts strategy was employed during train-
ing, where an initial state is randomly chosen to boost
exploration and refine the navigation policy. The value of
eighty thousand in (3) is assigned based on the number of
training episodes.

Etil
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Furthermore, the policy 7(s) is updated for each action
determined on the basis of its Q-values. The update is
performed using the Bellman equation:

Q(s1,a¢) = (1—Q)Q(3t,at)+a(7”5t+7mg$Q(3t+lva))- (4)

Given the Bellman equation and relevant parameter def-
initions the agent is trained using the algorithm outlined
in Algorithm 1.

Algorithm 1 Q-Learning Training
for i from 1 to 80,000 do
Define starting point according to exploring starts
Calculate €; via (3)
while Episode not over do
if Random(0,1) < € then
a; < RandomAction
else
a; < 7(s) - Optimal action
end if
Calculates r, via (2)
st1+1 < Step(ay) - uses action to find next state
Q(st, at) < Update via (4)
S¢ ¢ Sy+1 - updates current state
end while
end for

4. RESULTS AND DISCUSSION

Our methodology’s effectiveness evaluation comprises two
phases: training and path quality assessment. We imple-
mented the algorithm in Python, accessible in our GitHub
repository ! . The training and evaluation occurred on a
computer with 32 GB RAM, Ryzen 5 5600G processor,
and GeForce RTX 3080 GPU.

4.1 Training Performance

Twenty training sessions were conducted to evaluate the
agent’s adaptability to the environment, recording its
performance. Multiple sessions are necessary to mitigate
the influence of stochastic elements on decision-making,
which can affect the learning pace. On average, each
training session consisting of 80,000 episodes requires an
average of 8.6 minutes to complete.

x10°

Average Rewards

Standard Deviation
—— Average

0 1 2 3 5 6 7 8

)
Episodes xaot

Fig. 4. Average training reward for 20 sections with 80,000
training episodes.

I https://github.com/Hiago013/q-learning_navigation
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Throughout the training sessions, the agent demonstrated
significant progress, depicted in Figure 4. Initially, it re-
ceived minimal rewards due to its unfamiliarity with the
environment and the randomness of its actions. However,
over time, the average reward increased steadily, stabi-
lizing at a consistent level. Notably, there was a high
standard deviation at the outset of training, attributed
to stochastic elements such as the use of exploring starts
and the e—greedy strategy.

4.2 Path Evaluation

We evaluated path effectiveness using three metrics as
defined by Liu et al. (2023): path length, number of turns,
and generation time. Results were compared with those
obtained using Dijkstra’s algorithm, which selects the
nearest target cell iteratively until all targets are visited.
Evaluation of the agent across these metrics began for each
free cell in Figure 2, assuming no prior target cell visits.

The proposed approach yielded an average travel distance
of 15.18 meters, compared to 13.63 meters using Dijkstra’s
technique, as shown in Figure 5(a). It is a fact that
Dijkstra’s algorithm consistently identifies the shortest
route connecting two nodes in a graph with positive edges.
On average, the path produced by our approach shows
an increase over Dijkstra’s of 11.37%. However, practical
scenarios demand consideration of factors beyond mere
distance calculation, including path smoothness.

To assess path smoothness, we compared the number
of turns generated by our proposed methodology with
those using Dijkstra’s strategy. Figure 5(b) illustrates this
comparison. Our QL technique averages approximately
7.67 curves, while Dijkstra’s method yields 9.24 curves.
Furthermore, the third quartile for QL is around 8 curves,
compared to around 10 curves for Dijkstra. Consequently,
in approximately 75% of cases, our approach produces 20%
fewer curves, enhancing vehicle maneuverability with a
smoother path.

In practical scenarios, besides metrics like distance and
curvature, assessing the algorithm’s speed in generating
obstruction-free paths is crucial. We record the time our
algorithm takes to establish paths, as depicted in Fig-
ure 5(c). Our method typically produces viable paths
in 0.86 ms, compared to an average of 2.08 ms for the
Dijkstra-based approach. This difference arises from our
algorithm’s O(n) time complexity, whereas Dijkstra’s al-
gorithm operates at O(n2log(n)), requiring additional it-
erations until all destinations are covered.

QL demonstrates superior performance compared to the
shortest path method in terms of turns and planning
time, though it falls slightly behind in path length. Both
methods achieve a 100% success rate in finding obstacle-
free paths, as indicated in Table 1.

The length of the path does not always correlate with the
time required for completion, considering the rotations
made by the agent. For a demonstration of Dijkstra-
based planning alongside our proposed strategy, visit:
youtu.be/hnEglYXulFE. The video reveals that, despite

L producing a longer trajectory, it’s faster due to fewer
turns. Furthermore, the Dijkstra algorithm’s trajectory
includes 180° rotations, representing the most energy-
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(a) Performance in terms of the path length
generated.

Fig. 5. Comparison between QL and Dijkstra performance.

Table 1. Comparison of the average and stan-
dard deviation performance of the proposed
approach (QL) against the baseline (Dijkstra)
for metrics including path length, number of
turns, planning time, and success rate.

Algorithms

(b) Performance in terms of the smoothness
of the generated path.

Path Path # of Planning Success
Length (m) Turns Time (ms) Rate %

QL 15.18 +1.54 7.67+1.00 0.864+0.07 100.00

Dijkstra  13.63 4 1.08 9.25+1.47 2.08+0.04 100.00

intensive scenario. Figure 6 illustrates the comparison.
In Figure 6(a), the robot follows a slightly longer path
compared to Figure 6(b). However, the former features
more rectilinear movement with fewer curves, while the
latter has numerous turns instead of long straight paths.
Moreover, the path in Figure 6(b) includes two 180°
turns, which are energetically more costly. In practical
applications, paths with extended straight segments are
preferable due to easier control and increased speed.

While both the proposed QL-based approach and the
Dijkstra method achieved a 100% success rate, the former
demonstrated superior performance in curvature reduction
and planning efficiency. Thus, our QL-based approach is
recommended for real-life applications prioritizing speed,
safety, and minimal turns.

5. CONCLUDING REMARKS AND FUTURE WORKS

This manuscript presents an offline path planning method-
ology for autonomous ground vehicle navigation using
reinforcement learning, specifically QL. The primary ob-
jective is to address the challenge of efficiently visiting mul-
tiple shelves. The designed reward function is structured in
such a way as to encourage the agent to select actions that
facilitate the creation of paths with minimal curvature.
This, in turn, results in paths characterized by predomi-
nantly linear segments rather than curved sections. The
evaluation of the algorithm involved the use of various
metrics, including path dimensions, frequency of curves,
planning duration, and the rate of successful conclusions.
Additionally, a comparative analysis was conducted be-
tween the proposed methodology and a greedy approach
that incorporates Dijkstra’s algorithm.

In the context of future research, the authors intend to
implement the proposed strategy in a practical setting
and explore transforming the problem into a multi-agent
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Dijkstra Q-learning Dijkstra

Algorithms

(c¢) Performance in terms of the time needed
to generate a path without obstacles.

(b) Path executed by the robot using the dijkstra-greedy approach.

Fig. 6. Paths executed by the robot using the approach
based on g-learning and the dijkstra algorithm.

framework. This adjustment is expected to increase the
speed of task completion.
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