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Abstract—Autonomous Unmanned Aerial Vehicles (UAVs) of-
fer substantial advantages for tasks such as surveillance, disas-
ter management, and environmental monitoring, where human
intervention can be risky. With advancements in their agility
and autonomy, UAVs are becoming essential for critical tasks
in combat, reconnaissance, wildfire monitoring, and disaster
search and rescue. This paper addresses a key challenge in
UAV path planning: efficiently visiting multiple unknown mobile
targets in complex, obstacle-filled environments. We leverage
the Deep Deterministic Policy Gradient (DDPG) framework to
continuously control UAV movement to enable effective obstacle
avoidance and sequential target visitation. Our approach allows
the UAV to learn the unknown distribution of mobile targets and
determine optimal paths while navigating around obstacles. With
limited environment information, the agent receives rewards
based on the confidence of detecting targets within its observation
field. We validate the effectiveness of our method through
comparison with an optimal benchmark that assumes perfect
knowledge of target mobility and obstacle locations. Results
indicate that increasing target numbers significantly impacts
the agent’s performance by requiring additional training time.
Moreover, heavily cluttered environments reduce mission success
rates for target visitation.

Index Terms—UAYV, path planning, mobile targets, partial
observability, Reinforcement Learning.

I. INTRODUCTION

Autonomous Unmanned Aerial Vehicles (UAVs) have been
used for a variety of applications, such as environmental moni-
toring, surveillance, precision agriculture, and urban planning.
UAVs are capable of navigating challenging operational en-
vironments, such as disaster zones, dense urban landscapes,
forests, and other cluttered terrains, where traditional methods
may face limitations. Their agility, speed, and autonomous ca-
pabilities make UAVs well-suited for tasks that are impractical
or unsafe for human operators.

A critical task for UAVs in dynamic environments is the vis-
itation of multiple targets, particularly when these targets are
mobile and their movement patterns are unknown. These en-
vironments are often cluttered with obstacles that complicate
navigation. While path planning in unknown environments has
been extensively studied using techniques such as Markov

Research reported in this publication was supported by the Qatar Research
Development and Innovation Council ARG01-0527-230356. The content is
solely the responsibility of the authors and does not necessarily represent the
official views of Qatar Research Development and Innovation Council.

Decision Process (MDP), many existing approaches focus
only on single target visitation. Studies employing techniques
like reinforcement learning (RL) and the A* algorithm [1],
[2] have demonstrated effective obstacle avoidance, but they
typically don’t address the complexity of visiting multiple
mobile targets while avoiding obstacles.

To address the challenge of target visibility in cluttered
environments, where obstacles can obstruct the line of sight,
we introduce a model for observing targets that uses a confi-
dence interval approach. Our model incorporates probabilistic
sensing modalities (e.g., LIDAR, radar). Unlike previous work
on search and target visitation, such as in [3], [4], which
relied on a binary observation model, 0 if the target was not
observed, or 1 if it was. Our model assigns a probabilistic
value to each target observation. This probabilistic approach,
similar to frameworks used in studies like [5], better accounts
for uncertainties in complex environments. By representing
observations as confidence intervals, our model captures the
uncertainty inherent in target detection, adapting to fluctua-
tions in visibility common in cluttered settings.

To handle both the uncertainty of target movements and
the complexity of obstacle-rich environments, we leverage
an MDP-based RL approach. This method enables the UAV
(agent) to learn the unknown mobility pattern of targets and
find the optimal path to visit them. While RL shows potential
in UAV systems, most existing studies focus on general
area scanning and coverage [6], [7] or involve continuous
engagement with targets [8], [9]. Our work uniquely focuses
on detecting and visiting multiple targets sequentially without
assuming continuous interaction, better reflecting real-world
scenarios where targets are mobile with unknown patterns.
Some studies have explored RL to adapt to incomplete or
changing information with partially observable targets [10],
[11], but these approaches often assume predictable target
movement patterns. In our approach, the UAV can only
observe a portion of the environment. As targets move in and
out of the observable area with unknown patterns, the UAV
faces a dynamic decision-making challenge of planning paths
with only local information about target locations.

Our key contributions include:

o Formulating the multiple-target visitation problem in
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obstacle-filled environments as an optimization problem,
with constraints on the UAV’s movements and consider-
ation of its limited visibility of the environment.

o Apply RL techniques for optimal path planning to visit
all mobile targets and avoid obstacles, assuming the
targets’ mobility is unknown.

o Conduct experimental evaluation of the RL agent’s adapt-
ability across various scenarios such as navigating in
different clutter levels and compare it with a benchmark.

The remainder of this paper is organized as follows: Sec-
tion II presents our system model and problem formulation.
Section III introduces the reinforcement learning approach
used to address the problem. Finally, Section IV presents the
experimental results with a discussion of our findings.

II. SYSTEM MODEL & PROBLEM FORMULATION

In this section, we describe the system model illustrated in
Fig. 1, where a UAV is tasked with searching for multiple
mobile targets in a cluttered environment.

Environment. The environment is modeled as a plane of
two dimensions, continuous, and bounded area. Any point
within the environment is represented as (z,y) € R2 =
{(z,y) e RZ2 |0 <2< X, 0<y <Y}, with X and
Y representing the boundaries of M. There exists a set of
stationary obstacles O = {o,, Vn € [O]}, where each obstacle
oy, has a rigid shape but may vary in size.

Targets. A starting area Sp is defined where the mobile
targets begin their movement, with the goal of reaching a
targeted zone Sy € R%. The mobile targets, denoted as H =
{hi,¥i € [H]}, move in formation of a single leader and a
number of followers. The leader moves according to d(*t1) =
d® + a(e® — d®), where « is the step size and e¥) ¢

(f Each follower updates its position based on h(tH) =

D 4 3D — by, H = [h,Vi € [H]}, where §
is the follower step size. The trajectory of H is simulated
using a Bézier curve [12] for collision avoidance, expressed
as BO(h;) = Y00 ()@ —t)"Fthey, H = {h;,Vi €
[H]}, where n is the curve degree. If no obstacle is found, h;
will follow the shortest path from Sp to Sg.

Action Space for Agent. The UAV operates at a fixed
altitude and navigates through actions at discrete time steps
t € [T). The action is represented by a® = [1(V) §()], where
1) € [0, L] defines the step size and ) € [0,27) specifies
the direction. The action space is defined as:

A={[l,0] |l €][0,L],0 €[0,2m)} (1

State Space. The action a(*) transitions the UAV between
states s(). Due to its limited field of observation (FO) and
the unknown mobility of the targets, the UAV does not have
access to the complete state. The state space S includes
information about the UAV’s position, target positions, and
obstacles:

S={pP,H0)|pe M,HCM,0C M} )

Formation of Mobile g
Targets

Optimal Policy 7r*

(Shortest Path)

action a'*

=10

Targeted
Area

Fig. 1: System Model: Top-View of the UAV Environment.

Observation of the Agent. The agent observes targets and
obstacles within its field of observation (FO), represented by:

0 = [p®,t,[D®(h)], [0Y])], 3)

where O®) C s(), Here, p(*) = (z®,4®)) denotes the UAV
location, Dgt)(~) represents the observation of the ¢-th target,
and O(-) indicates obstacle observations. The optimal path
7* is defined as P = {p™"), p?,...,p(T}. The UAV has a
limited field of observation (FO) with a radius r and possesses
no prior knowledge outside this area. The observation of
each target h; is expressed as a confidence interval given
by DY (h;) = k - tht) — p®W||~%, where the confidence
interval is influenced by the distance between the agent and
hz(.t) — p®]|, and k is a constant. The agent is
capable of observing only the targets that fall within its field
of observation (FO) and adjusts its path P accordingly, with
no detection capability outside the FO. Fig. 2 illustrates the
confidence interval of a single target in relation to its distance
from the agent.

A. Problem Formulation

The objective is to find the shortest path 7* for the agent
to visits all the mobile targets 7 while avoiding obstacles

2.7
.
2.1
1.8
155
. 129
0.9
0.6
0.3
Lo.o

Y Coordinate (m)
= I [
o N s

©

o

22 24 26 28 30 32
X Coordinate (m)

Fig. 2: This map shows the D()(h;) based on the distance
between a target and the agent at (27, 10), illustrating how
confidence strength varies with distance.
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O. Considering P = {p(l),p@),...,pT} is the sequence
of positions that the UAV will take during its mission, each
target h; € H must be visited at least once according to
SSEse@n™y > 1, M = {h,Vi € [H]}. Where
§(p(t),h5t)) is an indicator function that equals 1 if the
agent detects the presence of a target h; at time ¢ within the
FO, and 0O otherwise. The agent must avoid intersecting with
any point within the area of the obstacle for all obstacles
p) ¢ UgL, Lo, VtelT].

The agent’s movement is constrained by its maximum speed
Umax> Which is controlled by the maximum step size L the
agent can take according to ||p*tD — p®)| < v - AL
The confidence strength D(*)(h;) is subject to a minimum
threshold, as D) (h;) > Dpyin, Vh; € H, Vt € [T)]. This
constraint ensures that a target is only considered detected
if it is within the UAV’s field of observation (FO) and the
confidence strength D) (h;) exceeds a minimum threshold
Dpjin. The trajectory P should be continuous and feasible
within the environment as p(*+1) = p® +a(®) V¢ € [T].
Where a(*) is the action vector representing the agent’s
movement at time ¢. Therefore, the final optimization problem:

T-1
P:min ) |jp“* —pl| (4a)
t=1
Subject to:
T-1
> 6@, DO () = 1,
t=1
H = {hi,Vi € [H]}, (4b)
O
p®) ¢ U L, vte[T], (40
o=1
1PM+D — || < vy - At Vte[T],  (4d)
D®(h;) > Duin,
H = {hs,Vi € [H]},Vt € [T}, (4e)
pt+) — p® 4 g® vt € [T]. (4f)

The final trajectory P ensures that all targets are visited
while avoiding obstacles in the environment. However, solving
the problem P directly using optimization techniques is infea-
sible because we assume that hl(.t) and D® (h;) are unknown
a prior. Therefore, we apply RL technique to solve the
optimization problem. The RL agent can learn the transition
probabilities from one state to another and predict the next
position p**1 to find the optimal path.

III. PROPOSED SOLUTION

To address the path planning problem with multiple targets,
as described in Eq. (4), we utilize the Deep Deterministic
Policy Gradient (DDPG) algorithm, an actor-critic method
designed for continuous action spaces.

DDPG Agent. DDPG is a model-free, off-policy reinforce-
ment learning algorithm that is designed for continuous action
spaces. It was first introduced in [13]. The algorithm combines

the benefits of both Deep Q-Learning (DQN) and policy
gradient methods within an actor-critic framework.

Multiple studies have used DDPG for path planning, such
as [14]-[18]. These studies discussed several important fea-
tures of DDPG, including its capability to navigate dynamic
environments, adapt to real-time changes, and coordinate
multi-agent systems for collision-free navigation. Addition-
ally, DDPG has been noted for reducing computation times
relative to traditional optimization methods [13], [14].

A. DDPG Model

The DDPG model comprises two components: an actor
model 7(O|#™) and a critic model Q(O,a|0?). The actor
network outputs a deterministic policy mapping observations
O to optimal actions a, while the critic network estimates the
Q-value for each state-action pair.

Actor Network. The actor network 7(O")|o™) is param-
eterized by ¢™ and outputs a deterministic policy:

a® = 7(0W|g™) + N® (5)

where N() is exploration noise, typically implemented
as an Ornstein-Uhlenbeck process [13]. However, in our
scenario, we adopted a random exploration that is decaying
exponentially during the training phase.

Critic Network. The critic network Q(O,a|c?), parame-
terized by 0@, estimates the Q-value:

Q(O0®M,a®[¢?) ~ R () + QO 7(0F D |o™)]o?)

) (©6)

The term R(*) is a function that outputs the actual reward

received at time ¢ after executing action a®*), according to the

observation O(*), The discount factor ~ adjusts the weight of
future rewards compared to immediate rewards.

B. Exploration Process

The DDPG algorithm uses experience replay and soft
target updates to stabilize training. The critic is updated by
minimizing the loss:

w=E[(RY() +7Q (0, 7/(0“V]o™)[o?)
- Q(0",a"|59))7] ©)

The loss w is computed as the difference between the
target Q-value and the Q-value estimated by the current critic
network, Q(O® a(")|¢?), and is minimized during training
to refine the critic network’s accuracy in estimating expected
rewards. Q' and 7’ are target networks. The actor is updated
using the deterministic policy gradient theorem [13]:

Vord = E[VaQ(0,2|0?)|0_0® a—r(0m)
Verm(Olo™)|o—ow] ®)

The DDPG algorithm aims to gradually approach the opti-
mal policy 7*, by iteratively improving w(O|o™) policy. This
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is achieved by following the policy gradient V= J (), which
indicates how to adjust the policy parameters o™ to maximize
the expected return J (7). Target networks are updated softly:

’

o9 109 4 (1- T)O'Q 9)

o™ o™+ (1-— T)U”/ (10)

C. Adaptation for Multi-Target Path Planning

Recall the definition of the state, the action space definition,
and the observation of the agent, the reward is computed
only for non-visited targets (H; € H). We define the reward
function to solve the problem in Eq. (4) as follows:

Reward Function. During operation, the agent observes
confidence strength D(®) (h;) based on its current position p(*)
relative to the target’s position. The confidence strength is non-
zero when the target is within the agent’s Field of Observation
(FO), and approximately zero otherwise. The reward of the
agent is defined in terms of the confidence reward as:

RO (p® {n"}) =

D

hi€{HP\{Hs}
_ {D(@(o) — DO (h;, p® — hgw)}
(1)

where D(*)(0) represents the maximum confidence strength
achievable when the distance between the agent p and target
h; is zero. For each non-visited target, the agent calculates the
cumulative D(*) (h;) when the target is within the FO, relative
to the maximum possible confidence. This reward structure
penalizes the agent for each time step it fails to detect a target
while encouraging it to minimize distance to targets.

(@)
it p“ ¢ (J £,
o=1
p e M&n” ero (12)
it p® ¢ Uy, Lo
if p® is near OM

RO (p®, {n{"}),

—X
_2 . X7

Where y is a penalty value given to the agent. Furthermore,
the agent is penalized if it approaches or intersects with
the boundaries of the environment, represented by the limits
z=0,z=X,y=0,and y = Y. This boundary penalty
ensures that the agent does not become stuck at the edges of
the M C R2, encouraging it to explore the entire environment.
The objective of the agent is to reach the optimal policy 7*,
which maximizes the reward R. The reward function R is
designed to define the shortest path that allows the agent to
visit all targets in the shortest possible time while avoiding
stationary obstacles (0. Algorithm 1 provides a detailed, step-
by-step implementation of the DDPG algorithm.

Algorithm 1 DDPG Algorithm

1: Input: Observation O, actor 7(O|o™), critic Q(O, alo?)
2: Initialize 7 and ) with random weights, target networks
7' and Q' with same weights, and replay buffer

3: for each episode do

4: Initialize exploration and get initial observation O(%)

5: for each time step ¢ do

6: Select action a®), execute it, observe reward R
and new observation Q(*+1)

7: Store (O™, a®, R, O+1)) in replay buffer

8: Sample mini-batch from buffer, update critic and
actor, and soft-update target networks

9: end for

10: end for

IV. PERFORMANCE EVALUATION

This work aims to enable a UAV to autonomously discover
and visit unknown targets in complex, cluttered environments
while avoiding obstacles. We focus on a RL approach for
exploring and detecting targets through walls without prior
knowledge of target locations. Our evaluation examines the
agent’s adaptability to varying target numbers and environ-
mental clutter, expecting near-benchmark performance with
consistent target detection and effective obstacle avoidance.

Experimental Setup. Table I shows the configurations for
the environment and the DDPG model hyperparameters.

Environment. The environment size is defined as
M(X,Y) = (0,55) with action space A = {[I,0] | | €
[0,5],0 € [0,27)} € R2. The minimum detection strength
Diin for marking a target as visited is 2, with rewards
calculated using Eq. 11. The obstacle/boundary penalty x is
400, movement step sizes « and [ are 0.2, and starting area
Sp is {(x.) | 2 € [0,6],y € [0,6]}.

DDPG Model. The critic and actor learning rates are 1073
and 10~* respectively, with discount factor v = 0.99 and
target update rate 7 = 0.005. The experience replay buffer
size is 20,000, batch size is 64.

Benchmark. We implement the Dijkstra’s algorithm under
the assumption that the locations of all targets h; € H are
known a priori. Although this assumption is unrealistic in
practical scenarios, where targets are initially unknown and
must be discovered through exploration, this idealized case
provides a desirable benchmark. It serves as an upper bound
on performance, against which we can evaluate more practical
approaches that operate with incomplete information.

Evaluation Metric. We evaluate the RL agent’s perfor-
mance by showing the cumulative reward convergence during
training. In inference, we measure success rate (targets cov-
ered), path length, and obstacle hit rate. The DDPG agent’s
inference performance is averaged over 20 episodes and
compared to the Dijkstra’s algorithm.

A. Impact of clutter level on the agent’s performance

To assess the effect of clutter on agent performance, we
created four environments with increasing clutter, as shown
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TABLE I: Parameters for the environment and models.

0.0

1
o
0

[
Iy
=)

[
=
[

Environment DDPG Model
Parameter | Value Parameter Value
M(X,Y) (0,55) Critic learning rate |10~3
0 [0, 27] Actor learning rate |10~%
L [0,5] v 0.99
Sy {z,y €[0,6]} |7 0.005
Din 2 Buffer size 20000
X 400 Batch size 64
a, B 0.2 Time Steps 200

|

(a) envl (b) env2
o~ . ] -

1 -0 ||% %,
O e o
Y : - Tl
. 4 - B ‘

o | —
(c) env3 (d) env4

Fig. 3: The environments were designed to test the impact of
clutter levels on the agent’s performance. Each environment
features a different level of clutter, determined by the number
of obstacles present.

in Fig. 3. Each environment contains randomly placed, non-
overlapping circles and rectangles, with obstacle size and posi-
tion set randomly within boundaries. Obstacle count increases
with clutter level.

Discussion. Fig. 4 illustrates the agent’s training perfor-
mance, demonstrating that increased clutter in the environment
adds complexity to the target visitation mission. As the agent
navigates around obstacles on its way to targets, it encounters
more frequent collisions. Table II presents the DDPG agent’s
inference performance compared with the benchmark model.
The DDPG agent maintains a high success rate (e.g., 100%
for envl and 95% for env2, env3, and env4), although
increased clutter impacts path efficiency. In the more complex
environments, such as env3 and env4, the DDPG agent
travels significantly longer paths compared to the benchmark
to avoid obstacles. For instance, in env4, the DDPG agent
covers 43.62 units compared to the benchmark’s 25.14 units
while successfully avoiding obstacles.The time steps required

Cumulative Reward (x 10%)

|
N
°

0.00 0.05 0.10 0.15

Time Step (x 10°)

0.20 0.25

Fig. 4: DDPG agent performance in training under different
clutter levels.

g
o

[ |
= Q
o W

Cumulative Reward (x 10%)
-
(8]

=35 0.00

0.05

0.10 0.15
Time Step (x 10°)

0.20 0.25

Fig. 5: DDPG model training with different number of targets.

to reach the targets highlight the agent’s approach to plan-
ning: in env4, the DDPG agent completes the task in 14
steps, while the benchmark requires 19 steps. This difference
indicates that the DDPG agent is more efficient in terms of
time steps, though it takes longer paths to prioritize Obstacle
avoidance.

B. Impact of number of targets over the performance of the
agent

In this experiment, we assess the agent’s ability to visit
more targets within env3 (see Fig. 3c), starting from Sy
(Table I). The agent’s performance is evaluated with 3, 5,
8, and 12 targets, each with end points e(*) sampled from a
normal distribution A/((55, 55),0.82).

Discussion. As the number of targets increases, the agent’s
performance is impacted, as shown in Fig. 5. More targets
add complexity, affecting convergence during training. As the
agent needs more time for exploring and visiting more number
of targets. During inference, the DDPG agent’s success rate
drops slightly with more targets, from 95% with 3 targets to
86.7% with 12 targets, while the benchmark maintains a 100%
success rate.
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TABLE II: Performance of the DDPG agent during inference with varying levels of clutter.

Environment Success Rate % Path Total Distance Time Steps Obstacle Hit Rate %
DDPG Benchmark DDPG  Benchmark DDPG  Benchmark DDPG  Benchmark
envl 100 100 26.01 24.56 6 17 0 0
env2 95 100 3241 26.97 7 18 0 0
env3 95 100 31.63 26.56 9 15 0 0
env4 95 100 43.62 25.14 14 19 0 0

TABLE III: Inference performance of the DDPG agent under varying numbers of targets.

Number of Targets Success Rate % Path Total Distance Time Steps Obstacle Hit Rate %
DDPG Benchmark DDPG  Benchmark DDPG  Benchmark DDPG  Benchmark

3 95 100 30.6 23.56 19 19 0.1 0

5 90 100 422 24.6 20 20 0.2 0

8 90 100 44.72 27.38 24 25 0.3 0

12 86.7 100 45.89 29.38 29 27 0.37 0

Path distance and time steps also increase with target count:
from 30.6 units and 19 steps for 3 targets to 45.89 units and
29 steps for 12 targets. Although comparable in steps, the
benchmark favors the shortest path. The DDPG agent shows
a minor rise in Obstacle hit rate, from 0.1 events for 3 targets
to 0.37 for 12 targets, with none for the benchmark.

These results highlight the DDPG agent’s trade-offs in
balancing target visitation and Obstacle hit rate, with slight
performance declines as targets increase.

V. CONCLUSION

This work introduces the application of the DDPG model
to optimize path planning for UAVs tasked with multi-target
visitation in continuous and cluttered environments. To ad-
dress this problem, the DDPG model was applied under the
assumption of stationary obstacles and stochastic mobility
pattern for targets. The results show the feasibility of the
proposed solution achieving performance near the benchmark,
which assumes perfect knowledge about the environment.
However, this work has not accounted for the dynamic nature
of obstacles, which is an inherent feature in tasks such
as search and rescue operations. Therefore, it is essential
to consider both the mobility of unknown targets and the
changing dynamics of obstacles.
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