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Abstract

In complex and unknown environments, unmanned aerial vehicle (UAV) autonomous
navigation still faces issues such as insufficient representation of state characteristics, fixed
reward guidance, and low efficiency in utilizing key experience samples. To address these
problems, this paper proposes an improved soft actor—critic (SAC) method that integrates
dual-path channel attention (DPCA), adaptive reward feedback (ARF), and prioritized
experience replay (PER); this method is named DPCA-ARF-PER-SAC. The proposed DPCA
module is introduced into the actor network to recalibrate one-dimensional navigation state
features and enhance the representation ability of key decision-making information. At the
same time, the ARF mechanism can dynamically adjust the reward weights according to
the training progress, while PER is used to improve the utilization efficiency of key samples.
The experiments are conducted in a two-stage structure, including module-level ablation
verification in the two-dimensional (2D) SimpleAvoid scenario and main performance
comparison in the three-dimensional (3D) NH_center scenario. The experimental results
show that the success rate of this method reaches 1.00 in the 2D scenario, and the collision
rate is 0.00. In the 3D scenario, the success rate is 0.76, the collision rate is 0.24, and the
average episode length is 232.8 steps. Compared with the baseline SAC, the success rate
is increased by 2 percentage points, the collision rate is reduced by 2 percentage points,
and the average episode length is reduced by 4.3 steps. Compared with twin delayed
deep deterministic policy gradient (TD3), SAC, and representative reinforcement learning
methods such as attention-mechanism SAC (AM-SAC) based on attention mechanism
enhancement, the proposed DPCA-ARF-PER-SAC method shows more balanced perfor-
mance in task completion, navigation safety, and path efficiency. These results indicate that
DPCA-ARF-PER-SAC provides a more robust navigation strategy for complex 3D UAV
autonomous navigation tasks.

Keywords: unmanned aerial vehicle (UAV) autonomous navigation; obstacle avoidance;
path planning; soft actor—critic (SAC); deep reinforcement learning; dual-path channel
attention (DPCA); adaptive reward feedback (ARF); prioritized experience replay (PER)

1. Introduction

Due to the high mobility, flexible deployment, and strong task adaptability of un-
manned aerial vehicles (UAVs), they have been widely applied in surveillance and recon-
naissance, remote sensing and mapping, power line inspection, emergency rescue, logistics
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transportation, and detection tasks in complex environments [1-3]. As the application
scenarios of UAVs gradually expand from structured and static environments to unknown,
dynamic, and complex three-dimensional environments, autonomous navigation and ob-
stacle avoidance technologies have become the key technologies to ensure the safety and
efficiency of tasks [4-6]. Especially for small UAVs, their onboard computing resources,
perception capabilities, and flight endurance are usually limited, so achieving real-time,
stable, and reliable autonomous navigation in complex environments remains a challenging
research issue [4,5].

Traditional methods for UAV path planning include graph search algorithms, sam-
pling methods, artificial potential field methods, and swarm intelligence optimization
algorithms [1,2]. These methods can achieve satisfactory performance in known envi-
ronments or structured scenarios. However, they usually rely on pre-acquired maps,
environment modeling, and repeated optimization processes. When UAVs operate in un-
known, dynamic, or complex three-dimensional environments, traditional methods often
exhibit insufficient real-time performance, poor robustness, and limited generalization
capabilities [1-3]. Therefore, improving the autonomous decision-making ability of drones
in complex environments through data-driven methods has become an important research
direction in the field of intelligent drone navigation.

In recent years, deep reinforcement learning (DRL) has provided a promising solution
for UAV autonomous navigation. By modeling the navigation process of UAVs as a Markov
decision process, the intelligent agent can learn the mapping from states to actions through
interaction with the environment, thereby achieving end-to-end autonomous decision
making [4,6-8]. Existing studies have applied algorithms such as deep Q-network (DQN),
deep deterministic policy gradient (DDPG), double delayed deep deterministic policy
gradient (TD3), approximate policy optimization (PPO), and soft actor—critic (SAC) to
UAYV path planning, obstacle avoidance control, target tracking, and task decision making,
and have achieved certain results [6-8]. Among them, value function-based methods such
as DQN are mainly applicable to discrete action spaces and have limitations when dealing
with continuous control variables such as UAV speed, yaw angle, and attitude deviation.
DDPG and TD3 can handle continuous action spaces, but the determinism of the policy is
prone to exploration insufficiency and local optima in complex environments. In contrast,
SAC adopts the maximum entropy reinforcement learning framework, and enhances the
exploration ability of the policy while maximizing the expected return, and is therefore
more suitable for handling complex continuous control tasks [9].

However, there is still room for improvement in autonomous navigation of UAVs
based on SAC. Firstly, the state of the UAV usually contains various types of informa-
tion, such as target distance, obstacle risk, speed, attitude deviation, and heading error.
Different state dimensions have different importance in different decision stages. If all
state dimensions are directly input into the actor network with equal weights, it may lead
to insufficient representation of key navigation features. Some studies have introduced
self-attention or Transformer structures to enhance the understanding ability of SAC on
states [10-12]. However, these methods usually increase the network size and training cost,
which is not conducive to achieving lightweight deployment on small unmanned aerial
vehicles. Secondly, the fixed-weight reward function is difficult to balance the proximity
of the target and the obstacle avoidance, flight safety, and posture stability in the early
training stage, which may affect the convergence efficiency of the strategy and the final
control quality [10,11]. Finally, in complex navigation tasks, collision samples, samples of
approaching obstacles, and samples with high time difference errors are usually unevenly
distributed. Uniform experience replay may lead to insufficient utilization of key samples,
thereby reducing sample efficiency and training stability [13].
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To address the aforementioned issues, this paper proposes an enhanced SAC-based
unmanned aerial vehicle (UAV) autonomous navigation method that integrates dual-path
channel attention, adaptive reward feedback, and prioritized experience replay. While
maintaining the maximum entropy optimization framework and Bellman update form of
SAC unchanged, this paper first introduces a dual-path channel attention module inspired
by the convolution block attention module [14] into the actor network, aiming to enhance
the expression ability of key decision-making features in the one-dimensional navigation
state vector; secondly, it designs a training progress-driven adaptive reward feedback
mechanism, allowing the reward weights to gradually transition from the goal guidance in
the early training stage to the safety constraints and fine control in the later training stage;
at the same time, it combines the prioritized experience replay mechanism [15] to improve
the utilization efficiency of key samples. The experiment adopts a two-layer structure of
“2D SimpleAvoid ablation verification + 3D NH_center main experiment”, respectively
verifying the contribution of each module and the comprehensive navigation performance
of the complete method in complex three-dimensional scenarios.

The main contributions of this paper are summarized as follows:

* A dual-path channel attention module was proposed for the one-dimensional un-
manned aerial vehicle navigation state vector and embedded into the actuator branch
of SAC to improve the adaptive representation of key navigation features.

*  Anadaptive reward feedback mechanism based on training progress was designed
to dynamically adjust the weights of reward items related to approaching the target,
obstacle avoidance, heading correction, and flight stability, thereby enhancing the
learning effect of the strategy in different training stages.

* By integrating the dual-path channel attention, adaptive reward feedback, and priori-
tized experience replay, an enhanced SAC framework named DPCA-ARF-PER-SAC
was constructed. Its effectiveness was verified through module-level ablation experi-
ments in the 2D SimpleAvoid scenario and main comparative experiments with TD3,
SAC, and AM-SAC in the 3D NH_center scenario.

The remainder of this paper is organized as follows. Section 2 reviews the related
work on UAV autonomous navigation and SAC-based reinforcement learning methods.
Section 3 formulates the UAV autonomous navigation problem as a Markov decision
process. Section 4 presents the proposed DPCA-ARF-PER-SAC method, including the
dual-path channel attention module, adaptive reward feedback mechanism, and priori-
tized experience replay. Section 5 describes the experimental settings, evaluation metrics,
ablation study, and comparative results, and further discusses the limitations and practical
applicability of the proposed method. Finally, Section 6 concludes this paper and outlines
future research directions.

2. Related Work
2.1. Deep Reinforcement Learning for UAV Autonomous Navigation

Autonomous navigation and obstacle avoidance of unmanned aerial vehicles (UAVs)
are important research directions in the field of intelligent control of unmanned systems.
Although traditional path planning methods have good stability in known environments,
they usually rely on precise maps, environmental modeling, or repetitive planning pro-
cesses, making them difficult to meet the requirements of real-time autonomous navigation
in unknown, dynamic, and complex three-dimensional environments. Therefore, deep
reinforcement learning has gradually been introduced into the tasks of UAV path planning
and obstacle avoidance control. Huang et al. applied DQN to the UAV navigation problem,
achieving navigation decision optimization based on deep reinforcement learning by learn-
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ing the mapping relationship between environmental states and flight actions [16]. Guo et al.
addressed the problem of difficult convergence of UAV navigation in high-dynamic environ-
ments by proposing a hierarchical deep reinforcement learning framework, decomposing
the obstacle avoidance and target approach processes into different sub-tasks to improve
learning efficiency in complex dynamic environments [7]. Wang et al. addressed the
problem of autonomous navigation and obstacle avoidance of UAVs based on images in
unknown environments by combining the target detection model with DQN and designing
a data storage mechanism to improve training effectiveness [6]. Liu et al. addressed the
path planning problem of UAVs in complex dynamic environments by using deep reinforce-
ment learning methods to enhance the autonomous planning ability of UAVs in dynamic
obstacle environments [17]. Yin et al. further studied the adaptive control method of UAVs
based on deep reinforcement learning to enhance the autonomous navigation ability of
UAVs in three-dimensional environments [18]. More recent studies have further explored
DRL-based UAV navigation from the perspectives of visual perception, training efficiency,
and generalization ability. Wu et al. studied model-free UAV navigation in unknown com-
plex environments using vision-based reinforcement learning [19]. McEnroe et al. focused
on efficient DRL-based UAV obstacle avoidance at the edge by reducing training time and
inference latency [20], while Sun et al. introduced causal reinforcement learning to improve
obstacle-avoidance robustness and generalization in unfamiliar environments [21].

In addition to value function-based methods, actor—critic algorithms have also been
widely used in continuous control tasks of UAVs. He et al. modeled the reactive navigation
of UAVs as a Markov decision process and used the TD3 algorithm to train the path
planning strategy, while combining interpretability analysis methods to explain the basis of
network decisions [8]. Li et al. proposed an expert experience-assisted SAC method for
UAV air combat maneuver decision-making problems, improving the exploration efficiency
and sample utilization ability in the early training stage by introducing a small amount
of expert experience into the experience replay pool [22]. These studies show that deep
reinforcement learning can improve the autonomous decision-making ability of UAVs in
complex environments to a certain extent, but DQN-based methods have difficulty directly
handling continuous action spaces, and deterministic strategy methods such as DDPG and
TD3 may still have insufficient exploration problems in complex environments. Therefore,
SAC with the maximum entropy exploration mechanism is more suitable for continuous
action UAV navigation tasks.

2.2. SAC-Based Improvements for UAV Tasks

SAC, due to its adoption of the maximum entropy reinforcement learning frame-
work, can maximize the expected return while enhancing the exploration of the strategy.
Therefore, it has been gradually applied in scenarios such as three-dimensional trajectory
planning for unmanned aerial vehicles, target tracking, and complex task control in recent
years. Zhou et al. addressed the issues of high environmental state dimensions and sparse
rewards in three-dimensional online trajectory planning, introducing self-attention mecha-
nisms into the actor network of SAC and integrating the artificial potential field method
into the reward function, thereby improving the convergence speed and path planning
success rate of the algorithm [10]. Song et al. proposed the TW-SAC method, introducing
the three-way decision-making idea into SAC, setting reward weights according to different
task states, and applying it to the planning of unmanned aerial vehicles tracking moving
target tasks, improving the adaptive ability of unmanned aerial vehicles in complex task
environments [11]. Huang et al. proposed the GTrXL-SAC method, combining Gated
Transformer-XL with SAC, and enhancing the obstacle perception and control decision-
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making ability of unmanned aerial vehicles through joint modeling of historical states and
current observations [12].

Recent studies have also explored Transformer-based reinforcement learning and
multi-agent reinforcement learning for UAV planning and control, further indicating that
more complex DRL architectures can improve decision-making capability but usually
introduce additional model complexity and training cost [23-26].

In addition, SAC has also been applied to complex decision-making tasks such as
unmanned aerial vehicle communication, edge computing, and resource optimization.
Xu et al. proposed the AD-SAC method for a mixed action space, decoupling discrete
actions and continuous actions, and applying it to unmanned aerial vehicle path plan-
ning and gimbal scanning tasks [27]. Xie et al. proposed the GeoAgg-HSAC framework,
combining the mixed action space SAC with geographic information state aggregation,
and applying it to trajectory and resource optimization in the communication and position-
ing network of unmanned aerial vehicles in mountainous areas [28]. Goudarzi et al. applied
SAC to the unmanned aerial vehicle-assisted vehicular network edge computing scenario,
jointly optimizing the unmanned aerial vehicle trajectory, user association, and task of-
floading decisions to reduce information age and energy consumption [29]. Yang et al.
studied the multi-unmanned aerial vehicle cooperative search problem in partially observ-
able low-altitude environments and applied deep reinforcement learning to cooperative
decision-making in complex environments [30]. These studies demonstrate that SAC has
strong continuous control capabilities and task adaptability, but most methods focus on
complex task modeling, multimodal state processing, or multi-unmanned aerial vehicle
collaborative scenarios, while the attention to lightweight single unmanned aerial vehicle
autonomous navigation problems based on one-dimensional navigation state vectors is
still insufficient.

2.3. Research Gap and Motivation

In the drone navigation tasks based on DRL, the representation ability of state features
directly affects the performance of policy learning. In complex environments, the state of
the drone usually contains various types of information, such as target distance, obstacle
risk, speed, attitude error, and heading deviation. The importance of different features
varies at the decision-making stage. The convolution block attention module (CBAM)
proposed by Woo et al. adaptively recalibrates the features through channel attention and
spatial attention, providing an effective reference for lightweight feature enhancement [14].
However, CBAM was originally designed for two-dimensional convolution feature maps,
while the drone navigation state used in this study is a compact one-dimensional state
vector. Therefore, this paper did not directly adopt the original CBAM structure but
focused on designing a lightweight dual-path channel attention structure suitable for
one-dimensional navigation state vectors.

In drone tasks, the studies by Zhou et al. and Huang et al. also show that the
attention mechanism can enhance the agent’s ability to focus on key state information,
thereby improving the performance of policy learning in complex environments [10,12].
Jiang et al. further introduced the Transformer into the drone obstacle avoidance and
target tracking tasks, enhancing the understanding of the dynamic environment through
observation sequence modeling [23]. Dong et al. proposed a data-driven reinforcement
learning method based on Transformer for the joint planning and control of multiple
drones without collision, further verifying the potential of the attention mechanism in
complex drone decision-making tasks [24]. However, complex attention structures like
Transformer usually increase the network size and training cost, and may not be suitable for
resource-constrained small drones. Therefore, designing a lightweight dual-path channel
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attention module for one-dimensional navigation state vectors has significant practical
research significance.

The design of reward functions and the experience replay mechanism are also im-
portant factors affecting the navigation performance based on reinforcement learning.
Schaul et al. proposed the prioritized experience replay method, which improves the
sampling probability of samples with larger time difference errors, thereby enhancing the
utilization efficiency of important experiences [13]. In the drone obstacle avoidance task,
the collision state, the state of approaching obstacles, and the state of reaching the target
usually have higher learning value than ordinary transfer samples. Zhang et al. introduced
safety constraints into the reinforcement learning decision-making process for the trajec-
tory optimization of emergency communication in drone, indicating the importance of
balancing safety and task rewards in drone control tasks [31]. Chen et al. designed a robust
DON framework for drone relay communication optimization under heterogeneous tasks
and service quality constraints, improving the learning ability in complex constraint envi-
ronments through improved sampling strategies and network structures [32]. Chen et al.
also proposed a semi-dual DQN resource optimization strategy to alleviate the Q-value
overestimation problem in traditional DQN and improve the energy efficiency optimization
ability in drone-assisted networks [33]. Wang et al. proposed the HAP-DQN method for
multi-drone collaborative inspection, introducing hierarchical exploration, reward shaping,
and adaptive prioritized replay mechanisms to improve the exploration efficiency and key
sample learning ability in path planning [34]. Han et al. applied DDQN, priority DDQN,
distributed DQN, and noise DQN to the path planning for maritime search and rescue
coverage, verifying the effectiveness of various deep reinforcement learning improvement
mechanisms in improving path planning quality and search efficiency [25,26,35].

In summary, the existing research has promoted the development of unmanned aerial
vehicle (UAV) autonomous navigation from aspects such as navigation based on deep
reinforcement learning (DRL), continuous control based on policy control (SAC), attention
mechanism, reward function design, and experience replay. However, there are still
three major limitations: First, although the complex attention structure can enhance the
understanding of the state, it may introduce unnecessary model overhead for tasks based
on compact one-dimensional navigation state vectors. Second, fixed reward functions are
difficult to adapt to the constantly changing learning goals in different training stages. Third,
unified experience replay cannot fully utilize key samples such as collisions, approaching
obstacles, and high temporal difference errors. To address these issues, this paper proposes
an improved SAC method—DPCA-ARF-PER-SAC—which integrates dual-path channel
attention, adaptive reward feedback, and prioritized experience replay to improve the
success rate, safety, path efficiency, and training stability of UAV autonomous navigation in
complex environments.

3. Problem Formulation

Before formulating the UAV autonomous navigation task as a Markov decision process,
a situational sketch of the considered navigation scenario is presented in Figure 1. The UAV
starts from an initial position and is required to reach the target region while avoiding
obstacles and remaining within the feasible workspace. At each time step, the UAV receives
a compact state vector containing obstacle-risk and target-related navigation information,
and the policy outputs continuous control actions to guide the UAV toward the goal.
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Figure 1. Situational sketch of UAV autonomous navigation in a complex environment.

3.1. Task Description

This paper focuses on the problem of autonomous navigation and obstacle avoidance
for unmanned aerial vehicles (UAVs) in complex and unknown environments. Given the
initial position and the target point, the intelligent agent needs to continuously output
flight control actions based on the current local perception information and its own state,
so as to enable the UAV to reach the target area as efficiently as possible while avoiding
collisions and exceeding boundaries. This paper adopts a reactive navigation method
based on state vector input. The policy network only generates control actions based on
the current observed state, thereby reducing the reliance on complete prior information
of the environment. In the experiments, the 2D SimpleAvoid scenario is used for ablation
verification, and the 3D NH_center scenario is used for the verification of complex three-
dimensional navigation performance.

3.2. Markov Decision Process Formulation

To describe the UAV autonomous navigation process using a deep reinforcement
learning framework, the task is formulated as a Markov decision process (MDP) with a
continuous action space. The MDP is defined as

M={S, A PR}, 1)

where S denotes the state space, A denotes the action space, P represents the state transition
probability of the environment, R denotes the reward function, and ¢ € (0, 1) is the discount
factor used to balance immediate and future rewards.

At time step ¢, the agent observes the current state s; € S and selects an action a; € A
according to the policy 7ty. After interacting with the environment, the agent receives the
next state sy 1 and an immediate reward r;. This process can be expressed as

ag ~ 7T¢('|St), (2)
str1 ~ P(:[st,ar), 3)
re = R(st, at,Sp41). 4)
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Here, a; ~ TTp (+|st) indicates that the action is sampled from the current stochastic policy un-
der state s¢, s;1 denotes the next state after executing action a;, and r; is the corresponding
immediate reward.

To describe whether an episode is terminated, a terminal indicator d; is defined as

1, if the episode terminates,

dy = (5)

0, otherwise.

In this study, an episode terminates when the UAV reaches the target region, collides
with an obstacle, violates the flight boundary, or reaches the maximum number of steps.
Otherwise, d; = 0 and the interaction continues.

3.3. State Space Design

In this work, a compact state vector is used as the input of the policy network. The state
vector consists of two parts: local obstacle perception features and target-related navigation
features. It is defined as

st = [pt, q4], (6)

where p; denotes the local obstacle perception feature vector, and g; denotes the target-
related navigation feature vector.

According to the experimental setting, the local perception information is compressed
into five regional obstacle-risk features, which can be expressed as

pr = [pl,t/ P2,tr P3,tr Pats P5,t]- ()

Here, p;; denotes the obstacle-risk response in the i-th perception region at time step ¢.
A larger value indicates that the obstacle in the corresponding region is closer to the UAV
and that the potential collision risk is higher, whereas a smaller value indicates that the
region is relatively safe. Specifically, p1 ¢, ..., ps+ do not represent action categories or fixed
danger levels. Instead, they are compact spatial risk descriptors used to encode the local
obstacle distribution around the UAV. The surrounding space of the UAV is divided into
five direction-related perception sectors according to the current heading direction. Each
pi+ corresponds to the obstacle-risk response of the i-th sector.

When an obstacle is closer to the UAV in a certain sector, the corresponding risk
value becomes larger. When no obstacle exists in the sector or the obstacle is far away
from the UAV, the corresponding risk value becomes smaller. Therefore, piy,...,ps¢
provide a compact representation of local obstacle distribution without directly using a full
environmental map. This design reduces the input dimension of the policy network and is
suitable for lightweight UAV navigation based on one-dimensional state vectors.

In the 3D NH_center scenario, the target-related navigation and motion-state vector is
defined as

qt = [dxy,t/ Azi, At Vxy 1, Uz,t]/ (8)

where dy, ¢ denotes the horizontal distance between the UAV and the target point, Az;
denotes the altitude difference between the UAV and the target point, Ay; denotes the
heading deviation between the current heading direction and the target direction, vyt
denotes the horizontal velocity-related motion state, and v, denotes the vertical velocity-
related motion state. The introduction of velocity-related information enables the state
vector to better reflect the current motion tendency of the UAV, which is important for
continuous control and approximate Markov modeling.
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Therefore, the complete state vector for the 3D navigation task can be written as

St = [Pt P2t P36 Pasts P5 40 Ayt DZt, A1, Uy t, Uz t]. )

The horizontal distance is calculated as

Ay =\ (51— %)% + (1 — )%, (10)

where (xt,y:,2:) denotes the current position of the UAV, and (xg,y,,z;) denotes the
position of the target point.
The altitude difference is defined as

Azp =zt — zg. (11)

A positive value of Az; indicates that the UAV is higher than the target point, while a
negative value indicates that the UAV is lower than the target point.
The heading deviation is calculated as

Ay = wrap (atan2(yg — yt, Xg — X¢) — §r), (12)

where ¢; denotes the current heading angle of the UAV, atan2(-) is used to calculate the
direction angle from the current position to the target point, and wrap(-) limits the angle to
the interval (-7, 7t].

For the 2D SimpleAvoid scenario, altitude control is not considered. Therefore, the state
vector can be simplified as

stP = [p1t, Pot P3 s Pats D5t dxyts Dt Oxy ). (13)

Thus, the 2D SimpleAvoid state representation can be regarded as a reduced form of the 3D
state representation, where the altitude-related state Az; and vertical velocity state v, ; are
removed. This setting is mainly used to verify the influence of the proposed modules on
basic obstacle avoidance and target-reaching ability.

3.4. Action Space Design

In the 3D navigation setting, a continuous action space is adopted. At time step ¢,
the action vector is defined as

ay = [Vxy,t, Uzt Wy t), (14)

where v,y + denotes the horizontal velocity control command, v+ denotes the vertical veloc-
ity control command, and wy,; denotes the yaw-rate control command. Therefore, the action
space in the 3D quadrotor navigation setting consists of three continuous control variables.
To describe the action constraints, the action vector is bounded by predefined lower

and upper limits:
ar € A, amin < 4t < Amax, (15)

where apyin and amax denote the lower and upper bounds of the action output, respectively.
These constraints are used to ensure that the generated control commands remain within
the feasible flight-control range of the UAV. Specifically, the action constraints are set as

0 <Oxyr SORY, —0T < og S0P, —wp™ < wyr < w™. (16)

max
xy 7
listed in Table 1. Specifically, the maximum horizontal velocity is 5 m/s, the maximum

max max

In the experiments, v vz, and wy'*™* are set according to the UAV control constraints

vertical velocity is 2 m/s, and the maximum yaw rate is 30 deg/s.

https:/ /doi.org/10.3390/app16147159
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Table 1. Main experimental parameters.

Parameter Value
Learning rate 3x107*
Batch size 128
Discount factor y 0.99
Replay buffer size 50,000
Learning starts 2000
Train frequency 1
Gradient steps 1
Network architecture [64, 32, 16]
Activation function Tanh
Total timesteps 200,000
Maximum episode steps 600
Accept radius 2m
Crash distance 1m
Maximum horizontal velocity 5m/s
Maximum vertical velocity 2m/s
Maximum yaw rate 30 deg/s
Time step At 0.1s

Under a simplified kinematic model, the position and heading of the UAV can be
approximately updated as

Xp41 = Xt + Uxy,t COS P,
Yir1 = Yt + Oxy e SINPLAL,
Zip1 = 2t + Uyt AR,

Pri1 = Py + wy it

(17)

where At denotes the control time step. Equation (17) indicates that the three-dimensional
continuous action output by the actor network directly determines the spatial displacement
and heading change of the UAV at the next time step. Therefore, learning reasonable control
actions from the compact state representation is one of the key objectives of the proposed
method.The above motion model is a simplified discrete-time kinematic model for high-
level navigation policy learning. It describes the approximate position and yaw update
of the UAV according to the velocity and yaw-rate commands. This model is suitable for
evaluating the navigation decision-making ability of the proposed reinforcement learning
method in simulation.

However, the current model does not explicitly consider inertia, acceleration limits,
minimum turning radius, actuator delay, wind disturbance, or detailed aerodynamic effects.
Therefore, the simulation results should be interpreted as the validation of the proposed
policy-learning framework under a simplified kinematic setting. In future work, a more
complete UAV dynamics model, hardware-in-the-loop simulation, and real-world flight
tests will be introduced to further evaluate the physical feasibility and transferability of the
proposed method.

For the 2D SimpleAvoid scenario, altitude control is not considered and v,; = 0. Thus,
only the horizontal velocity and yaw-rate control are used, and the action vector can be
simplified as

{Z%D = [nyrt, ww]. (18)

This simplified action setting is used to verify the obstacle avoidance and target-reaching
capability of the proposed method in the two-dimensional ablation scenario.
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3.5. Reward Function

To guide the UAV to approach the target while avoiding obstacles and satisfying
flight constraints, the immediate reward is designed as a weighted combination of multiple
task-driven and safety-related reward terms:

re = Ag (007§ + Ao(pe)1? + Az(pe)rF + Ay (pr)rf +rier™, (19)

where ¥ denotes the target-approaching reward, ¢ denotes the obstacle-avoidance re-
ward, 1} denotes the altitude-constraint reward, r;/} denotes the heading-error reward,
and "™ denotes the terminal reward. The terms Ag(01), Ao(ot), Az(pt), and Ay (p;) are
the corresponding adaptive weights, where p; denotes the normalized training progress.
The detailed scheduling strategy of these weights is described in the adaptive reward
feedback module.

To improve the interpretability of the reward function, the target-approaching reward
is defined as

r(tg = Cg (dxy,t—l - dxy,t)/ (20)

where ¢ is a proportional coefficient. This term encourages the UAV to move closer
to the target point. A positive reward is obtained when the horizontal distance to the
target decreases.

The obstacle-avoidance reward is defined as

= —c (X Pt (21)
where ¢, is the obstacle-penalty coefficient, and maxyc(y,. 5y px, represents the strongest
obstacle-risk response among the five local perception regions. This term penalizes high-
risk obstacle responses and encourages the UAV to actively move away from potentially
dangerous regions during flight.

The altitude-constraint reward is defined as

rf = —cz| Az, (22)
where c; is the altitude-constraint coefficient. This term is used to reduce the altitude
deviation between the UAV and the target point.

The heading-error reward is defined as

rl = —cylAyyl, (23)

where cy is the heading-constraint coefficient. This term encourages the UAV to align its
heading direction with the target direction.
The terminal reward is used to explicitly distinguish successful arrival and failure
cases. It is defined as
Rgoal/ dxy,t < €gs
—R,,;, collision occurs,

rierm — (24)
—Rout, out of workspace,

0, otherwise,

where Rgoal denotes the positive reward for reaching the target, R.,; and R,,; denote
the collision penalty and boundary-violation penalty, respectively, and ¢, is the target-
reaching threshold.

In the 2D SimpleAvoid scenario, altitude control is not involved. Therefore, the altitude-
constraint reward r} is removed, while the other reward terms remain unchanged.
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3.6. Maximum Entropy Optimization Objective

This study adopts Soft Actor-Critic (SAC) as the basic reinforcement learning frame-
work. Unlike traditional reinforcement learning methods that mainly maximize the ex-
pected cumulative reward, SAC introduces an entropy regularization term to encourage
policy exploration. The maximum entropy objective can be expressed as

T

J(71) = Ermn nyt(rt—alogn(at|st)) , (25)
=0

where T denotes a trajectory generated by policy 7, 7; is the immediate reward at time
step t, 7y is the discount factor, and « is the temperature coefficient. The term — log 77(a;|s¢)
corresponds to the stochastic policy entropy and is used to encourage the agent to maintain
sufficient exploration during training.

In the proposed method, the dual-path channel attention module, adaptive reward
feedback, and prioritized experience replay do not change the basic maximum entropy
optimization objective of SAC. Instead, they enhance the SAC framework from three
complementary perspectives: state representation, reward-weight adjustment, and critical-
sample utilization.

4. Proposed DPCA-ARF-PER-SAC Method

After presenting the autonomous navigation task for unmanned aerial vehicles in
Section 3, this section introduces an improved Soft Actor—Critic (SAC) method, which
integrates dual-pathway channel attention, adaptive reward feedback, and prioritized
experience replay. The proposed method does not modify the logarithmic entropy opti-
mization framework of SAC, but enhances the standard SAC algorithm from three aspects:
feature representation in the actor network, reward weight scheduling, and the utilization
of experience samples.

For clarity, the proposed method in this paper is denoted as DPCA-ARF-PER-SAC.
Here, DPCA represents the dual-pathway channel attention module, ARF stands for the
adaptive reward feedback mechanism, and PER refers to the prioritized experience replay
mechanism. These three components correspond to the three key stages of state feature
representation, reward function construction, and experience sample sampling. Through
this design, the proposed method aims to enhance the training stability, sample utilization
efficiency, and overall navigation performance of SAC in complex autonomous navigation
tasks for unmanned aerial vehicles.

4.1. Overall Framework

The overall framework of the proposed DPCA-ARF-PER-SAC method is shown in
Figure 2. The method is built upon the actor—critic architecture of SAC and introduces
three enhancement mechanisms: dual-path channel attention, adaptive reward feedback,
and prioritized experience replay. In this figure, solid arrows denote the main data and
computation flow. Dashed arrows denote auxiliary feedback or update flows, and dashed
boxes indicate related submodules or sampled data.

During training, the UAV interacts with the AirSim-based environment and obtains
a compact one-dimensional state vector. The actor network uses the dual-path channel
attention module to recalibrate different state channels and enhance key navigation features,
and then outputs continuous actions through a squashed Gaussian policy. The critic net-
work evaluates the sampled state—action pairs and estimates the corresponding Q-values.

The adaptive reward feedback mechanism dynamically adjusts the reward weights
according to the training progress, enabling the agent to focus more on target approaching
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in the early stage and gradually strengthen obstacle avoidance and stable control in the
later stage. Meanwhile, prioritized experience replay improves the utilization of critical
samples, such as collision, near-obstacle, and successful-reaching transitions.

The proposed framework does not change the maximum entropy optimization ob-
jective of SAC. Instead, it enhances SAC from three complementary aspects: state feature
representation, reward guidance, and critical-sample utilization, thereby improving train-
ing stability and navigation performance in complex UAV autonomous navigation tasks.
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Figure 2. Overall framework of the proposed DPCA-ARF-PER-SAC method.

4.2. Dual-Path Channel Attention Module
4.2.1. Design Motivation for Dual-Path Channel Attention

In the autonomous navigation tasks of unmanned aerial vehicles in complex and
unknown environments, the state inputs usually include information such as local obstacle
risks, target geometric relationships, height deviations, and yaw errors. The importance of
different features varies at different decision-making stages. If all state features are directly
input equally into the actor network, it is likely to result in insufficient expression of key
navigation information, thereby affecting the judgment ability of the policy network for
high-value actions.

To address this issue, this paper introduces a dual-path channel attention (DPCA)
module into the actor network. This module is specifically designed for the compact
one-dimensional state vectors used in this study. Unlike the original convolutional block
attention module (CBAM), which mainly targets two-dimensional convolutional feature
maps and includes both channel attention and spatial attention, the proposed DPCA
module focuses on the allocation of channel-level importance between the state features.
Therefore, it does not directly adopt the complete CBAM structure but uses a lightweight
channel recalibration mechanism suitable for one-dimensional unmanned aerial vehicle
navigation states.

Specifically, the proposed DPCA module constructs two complementary paths: a
direct feature path and a maximum response path. The direct feature path retains the
complete state feature distribution, while the maximum response path highlights the most
significant responses in the current state. By combining these two paths, the actor network
can adaptively enhance the key channels related to navigation and suppress relatively
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redundant feature responses. Figure 3 shows the structure of the proposed dual-path
channel attention module.

—_——— e — —
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Figure 3. Structure of the proposed dual-path channel attention module.

4.2.2. Dual-Path Channel Attention

Let the state feature extracted by the actor feature extraction layer be denoted as
ft = Ef/?e (St), (26)

where Eg,(-) denotes the front-end feature extractor of the actor network, ¢, represents
its parameters, and f; denotes the feature representation at time step f. This feature
vector contains information related to local obstacle risk, target distance, altitude deviation,
and heading error, and serves as the basis for subsequent continuous action generation.

To utilize both the complete state feature distribution and the most salient response in
the current state, two parallel paths are constructed. The first path is the direct feature path,
which preserves the original feature vector f; to maintain the complete state feature distri-
bution. The second path is the max-response path, which highlights the most significant
feature response in the current state.

First, the maximum response of f; is extracted as

m; = max : 27
! jzl,...,dfft’] @7)

where d; denotes the dimension of the feature vector, and f; ; denotes the j-th element of
f;. Then, the scalar maximum response is expanded to the same dimension as the input

feature vector:
fr = mily,, (28)

where 1, ; denotes a d f—dimensional vector whose elements are all equal to one, and £,
denotes the expanded feature vector of the max-response path. This operation broadcasts
the most salient response to all feature channels, which helps the actor network identify
the overall importance distribution of the current state.

After that, the direct feature path and the max-response path are transformed by a
shared mapping function ®(-), and the channel attention weight is obtained through a
sigmoid activation function:
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g = a(cp(ft) +c1>(ft)), (29)

where o (-) denotes the sigmoid activation function, and g; is the channel attention weight
vector. Each element of g; lies in the interval (0,1), indicating the importance of the
corresponding feature channel at the current decision-making step. A larger weight means
that the corresponding feature should be retained and enhanced, while a smaller weight
indicates that the feature is relatively less important at the current time step.

Finally, the generated channel attention weights are applied to the original input
feature vector, and the enhanced feature representation is obtained as

fr=f0og, (30)

where ® denotes the Hadamard product, and f; denotes the feature vector enhanced by
the dual-path channel attention module. Equation (30) shows that the proposed module
does not change the feature dimension. Instead, it applies different gating coefficients to
different feature channels, thereby adaptively enhancing key navigation information and
moderately suppressing redundant features.

4.2.3. Action Generation

After being processed by the DPCA module, the enhanced feature vector f; is fed into
the main branch of the actor network to further generate the latent policy feature:

h; = Fy(F), (31)

where Fy(+) denotes the main multilayer perceptron of the actor network, and h; denotes
the latent feature used to generate the action distribution.

Then, two independent output heads are used to generate the mean and logarithmic
standard deviation of the Gaussian action distribution:

#; = Wyh; + by, (32)

log ot = Wsh + by, (33)

where p, and o denote the mean and standard deviation of the action distribution, respec-
tively. Based on the reparameterization trick, the pre-squashed action is sampled as

u; :‘ut—|—0't®€t, etNN(O,I), (34)

where © denotes element-wise multiplication, and e; denotes a noise vector sampled from
a standard multivariate Gaussian distribution.

Finally, the sampled action is squashed by the hyperbolic tangent function to ensure
that the normalized action remains within a bounded range:

a; = tanh(u,). (35)

If the environment uses normalized actions, a; is directly used as the final action. Otherwise,
it is further rescaled to the actual action range:

a;+1

At = aAmin + © (amax - amin)' (36)

Therefore, the DPCA module only enhances the state feature representation in the actor net-
work. It does not change the Gaussian policy construction, the reparameterized sampling
process, or the maximum entropy optimization objective of SAC.
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4.3. Adaptive Reward Feedback Mechanism
4.3.1. Design Motivation for Adaptive Reward Feedback

In the autonomous navigation task of unmanned aerial vehicles (UAVs), the reward
function needs to take into account multiple objectives, such as target approach, obstacle
avoidance, altitude control, and yaw correction simultaneously. However, the importance
of each objective varies across different training stages. In the early training stage, the agent
has not yet developed basic navigation capabilities, and should place more emphasis on
target approach to guide the UAV to learn to fly towards the target; in the later training
stage, the agent has already acquired certain target search capabilities, at which point the
importance of obstacle avoidance safety, altitude constraints, and yaw correction should be
gradually increased to further transform the strategy towards safer, more stable, and more
efficient flight behaviors.

Therefore, this paper designs an adaptive reward feedback mechanism, representing
the reward weights as a function of the training progress, so that the reward guidance can
be dynamically adjusted according to the training stage.

4.3.2. Training Progress Modeling

To dynamically adjust the reward weights during training, the training progress is
first normalized. Let n; denote the current training step and Ny, denote the total number
of training steps. The normalized training progress is defined as

. nt
= min ,1, (37)
pr <Ntrain )

where p; € [0,1] indicates the current training stage. When p; is close to 0, the agent is in

the early training stage. When p; approaches 1, the training process has entered the later
stage. This variable is used to characterize the current training phase and serves as the
basis for the subsequent adaptive reward-weight scheduling.

4.3.3. Dynamic Weight Scheduling

Based on the reward decomposition defined in Section 3, the weights of different
reward components are further designed as functions of the normalized training progress.
Specifically, the adaptive weight of each reward term is defined as

Ailpr) = AV +kior, i€ {g,0,29}, (38)

where A? denotes the initial weight of the i-th reward component, and k; is the scheduling
coefficient that controls the variation in the corresponding weight with the training progress.
To reflect the training principle of emphasizing target reaching in the early stage and
safety and control stability in the later stage, the scheduling coefficients are set as kg < 0,
ko > 0,k; > 0,and ky > 0. As the training progresses, the target-approaching weight A¢(o¢)
gradually decreases, while the obstacle-avoidance weight A, (p¢), altitude-constraint weight
Az(pt), and heading-correction weight Ay (p;) gradually increase. In this way, the agent is
encouraged to first acquire basic target-reaching ability in the early training stage, and then
further strengthen obstacle avoidance, vertical control stability, and heading correction in
the middle and later training stages.
After applying the adaptive reward feedback mechanism, the immediate reward can
be written as
1t = Ag(00)rf + Ao + Az(oe)ri + Ay (or)r! +rie™. (39)
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The definitions of the reward components are consistent with those in Section 3. In the
2D SimpleAvoid scenario, altitude control is not involved, and thus the altitude-constraint
reward 7§ is removed. The remaining reward terms are kept unchanged.

4.4. Prioritized Experience Replay

In the autonomous navigation task of unmanned aerial vehicles, different experience
samples have varying values for strategy learning. Samples that involve approaching
obstacles, colliding, crossing boundaries, or approaching the target area typically contain
more crucial decision-making information, while ordinary flight samples contribute rela-
tively less to strategy updates. If uniform random sampling is adopted, the critical samples
may be diluted by a large number of ordinary samples, thereby reducing the efficiency of
sample utilization. To address this issue, this paper introduces a priority experience replay
mechanism, which assigns priorities to samples based on TD errors, enabling the critic
network to pay more attention to the experience samples with larger estimation errors or
higher decision values.

For the j-th transition in the replay buffer, its TD error is defined as

5] = yj - QG(Sj/ aj)l (40)

where y; denotes the soft Bellman target, and Qg (s;, 4;) denotes the action-value estimate
of the current critic network for the sampled state-action pair. The priority of the sample is
then defined as

where ¢ is a small positive constant used to avoid zero priority.
Based on the sample priority, the probability of sampling the j-th transition is
defined as

N
P p— 7
0 =55

where « is the priority exponent that controls the influence of priority on the sampling

(42)

probability. When x = 0, PER degenerates into uniform random sampling. As « increases,
samples with higher priorities are more likely to be selected.

Since non-uniform sampling changes the original experience distribution, importance-
sampling weights are introduced to correct the sampling bias:

(NP(j)) P

I man (NP »

where N denotes the size of the replay buffer, and 8 denotes the importance-sampling
correction coefficient. The normalization term is used to prevent excessively large weights
and improve training stability.

After the critic network is updated, the priority of the sampled transition is recalculated
according to the updated TD error:

Through the closed-loop process of prioritized sampling, network updating, and priority
updating, the replay buffer can dynamically adjust the sampling probability of critical ex-
periences during training. This mechanism improves the utilization of high-value samples
and further enhances the training stability of the proposed DPCA-ARF-PER-SAC method.
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4.5. SAC-Based Parameter Update Procedure

After introducing DPCA, ARF, and PER, the overall training process of the proposed
method is still based on the actor—critic framework of SAC. During interaction with the
environment, each transition is stored in the replay buffer D in the form of (s, at, ¢, 541, d¢ ).
In the parameter update stage, a mini-batch of B transitions is sampled from D. Since the
sampled transitions do not necessarily preserve their original temporal order, the subscript
b is used to denote the b-th sample in the mini-batch.

For the b-th transition (s, a, 7, s;), dy), the next action is sampled from the current
policy as

ay, ~ 1y (+|sp). (45)

The corresponding soft Bellman target is defined as

o = 1o+ (1= dy) | min Q (54, 05) — & log (a5} (46)

where Q. denotes the i-th target critic network, a denotes the temperature coefficient,
and (1 —dp) is used to mask the future value estimation when the transition reaches a
terminal state. This target considers both the estimated future action value and the entropy
term, thereby encouraging the policy to maintain sufficient exploration during training.

After obtaining the target value y;, the standard SAC critic loss for the i-th critic
network is written as

Lq,(0

1

B
Z(Qe Sp, Ap) yb)2/ i=12, (47)

o::\»—\

where Qg (sp, a) denotes the action-value estimate of the current critic network for the
sampled state—action pair.

When PER is introduced, the importance-sampling weight wj, is incorporated into the
critic loss to correct the sampling bias caused by non-uniform sampling. The weighted
critic loss is defined as

1 & .
£ 0) = 5 L wn(Qulsnm) —w)", i=12 (48)

When w;, = 1, Equation (48) degenerates into the standard SAC critic loss. After the critic
networks are updated, the TD error used for priority updating is calculated as

o =Yp— gg Qo (s, ), (49)
and the corresponding sample priority is updated by
Py < 10| + ¢ (50)
where ¢ is a small positive constant used to avoid zero priority.
After the critic update, the actor network is updated using the current states in the

mini-batch. For each state s;, a new action is sampled from the current actor policy:

ay ~ 1p(-|sp)- (51)

The actor loss is defined as
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B
La(9) = 5 Y |alog mp(aflsy) — min Qg (50,45 | 52)
=1 i=1,2
Here, a;' denotes the action newly sampled by the current actor, rather than the stored
action a; in the replay buffer. In the proposed method, the actor takes the state features
enhanced by the DPCA module as input. Therefore, the policy update is performed on the
basis of a more discriminative state representation.
To adaptively adjust the exploration strength, the automatic temperature tuning
mechanism of SAC is retained. The temperature loss is defined as

Dd\»—\

B
Z (log 7wy (ag|sp) +H), (53)

where H denotes the target entropy. This mechanism encourages the policy entropy to
approach the expected level, thereby adaptively balancing exploration and exploitation
during training.

Finally, the target critic networks are updated by soft updating:

0; < 16, + (1- T)G_l‘, i=1,2, (54)

where T denotes the soft update coefficient. Through the above update process, DPCA, ARFE,
and PER enhance SAC from the aspects of state feature representation, reward guidance,
and critical-sample utilization, respectively, while the overall optimization objective still
follows the maximum entropy reinforcement learning framework of SAC.

5. Experiments

To verify the effectiveness of the proposed DPCA-ARF-PER-SAC method in the au-
tonomous navigation task of unmanned aerial vehicles, we conducted experiments in
the 2D SimpleAvoid and 3D NH_center scenarios. The 2D SimpleAvoid scenario was
used for module-level ablation analysis, focusing on the effects of PER, ARF, and their
combined enhancements on training stability, obstacle avoidance safety, and path efficiency.
The methods compared in this scenario include SAC, PER-SAC, ARF-SAC, ARF-PER-SAC,
and the proposed DPCA-ARF-PER-SAC method in this paper.

The 3D NH_center scenario was used to conduct a main performance comparison
in a more complex three-dimensional environment. In this scenario, TD3, SAC, the soft
actor—critic enhanced by the attention mechanism (AM-SAC), and the proposed DPCA-
ARF-PER-SAC method were compared to evaluate the overall navigation performance
of the proposed method. The experiments were mainly analyzed from three aspects: the
training process, 50 independent test results, and typical flight trajectories.

5.1. Experimental Settings

The experiments are conducted based on the AirSim simulation platform and a deep
reinforcement learning framework. The UAV agent outputs continuous control actions
according to the state vector returned by the environment and learns an autonomous
navigation policy through interaction with the environment. The state input consists
of local obstacle-risk features and target-related navigation features, while the action
output includes continuous control variables such as horizontal velocity, vertical velocity,
and yaw rate.

Two experimental scenarios are used in this study, namely the 2D SimpleAvoid sce-
nario and the 3D NH_center scenario, as shown in Figure 4. The 2D SimpleAvoid scenario
is used for module-level ablation experiments to analyze the effects of PER, ARF, their com-
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bined enhancement, and the complete DPCA-ARF-PER-SAC framework on basic obstacle
avoidance capability and path efficiency. The 3D NH_center scenario is used as the main
experimental environment to further evaluate the comprehensive navigation performance
of the proposed method in a complex three-dimensional environment.

(b)
Figure 4. Experimental scenarios used in this study. (a) 2D SimpleAvoid scenario. (b) 3D
NH_center scenario.

In the 2D SimpleAvoid ablation experiments, the compared methods include SAC,
PER-SAC, ARF-SAC, ARF-PER-SAC, and the proposed DPCA-ARF-PER-SAC method.
In the main experiment conducted in the 3D NH_center scenario, Deep Deterministic
Policy Gradient (DDPG), Twin Delayed Deep Deterministic Policy Gradient (TD3), SAC,
attention-mechanism-enhanced Soft Actor—Critic (AM-SAC), and the proposed DPCA-
ARF-PER-SAC method are compared. DDPG and TD3 are introduced as representative
deterministic continuous-control algorithms, SAC is used as the baseline maximum-entropy
reinforcement learning method, and AM-SAC is used as a representative attention-based
SAC variant. The main experimental parameters are listed in Table 1.

5.2. Evaluation Metrics

To comprehensively evaluate the performance of different methods in the autonomous
navigation task of unmanned aerial vehicles (UAVs), this paper adopts success rate, collision
rate, normalized return, and average round length as evaluation indicators. Among them,
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success rate represents the proportion of rounds in which the UAV successfully reaches the
target area, which is used to measure the task completion capability; collision rate represents
the proportion of rounds in which collisions occur, which is used to evaluate the navigation
safety; normalized return reflects the comprehensive performance of the intelligent agent
in terms of approaching the target, obstacle avoidance, and control constraints; average
round length represents the average number of flight steps in a single round. In cases
where the success rates are similar, a shorter average round length usually indicates higher
path efficiency.

In the subsequent experimental analysis, the 2D SimpleAvoid scenario was mainly
used to observe the impact of each improvement module on the stability of train-
ing and the efficiency of the path. The 3D NH_center scenario focused on verifying
the comprehensive navigation performance of the proposed method in complex three-
dimensional environments.

The success rate is defined as

N success
SR = , 55
N test ( )

where Ngyceess denotes the number of successful episodes, and Niest denotes the total
number of test episodes.
The collision rate is defined as

CR = Ncollision

, 56
Ntest ( )
where Ngiision denotes the number of episodes in which a collision occurs.
The normalized return is calculated as
1 N
Rorm = Y R, (57)
i=1

where R; denotes the normalized cumulative return of the i-th episode, and N denotes the
number of episodes used for calculating the normalized return.
The average episode length is defined as

1 Neest
Lavg = @ Z L;, (58)

i=1

where L; denotes the number of steps in the i-th test episode. In the subsequent exper-
imental analysis, the 2D SimpleAvoid scenario is mainly used to evaluate the influence
of different improved modules on training stability and path efficiency, while the 3D
NH_center scenario is used to further verify the comprehensive navigation performance of
the proposed method in a complex three-dimensional environment.

5.3. Ablation Study in the 2D SimpleAvoid Scenario

To verify the influence of the proposed enhancement mechanisms on policy learning,
an ablation study is first conducted in the 2D SimpleAvoid scenario. This scenario is mainly
used to evaluate the effects of prioritized experience replay, adaptive reward feedback,
their combined enhancement, and the complete DPCA-ARF-PER-SAC framework on
convergence speed, obstacle avoidance safety, and path efficiency. The compared methods
include SAC, PER-SAC, ARF-SAC, ARF-PER-SAC, and the complete DPCA-ARF-PER-SAC
method. The training performance curves of different methods are shown in Figure 5.
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Figure 5. Training performance comparison of different methods in the 2D SimpleAvoid scenario.
(a) Success rate. (b) Collision rate. (c) Average episode length. (d) Normalized return.

As shown in Figure 5a,b, all methods gradually improve the success rate and reduce
the collision rate during training. The baseline SAC converges relatively quickly in the
2D SimpleAvoid scenario, indicating that this scenario has moderate difficulty and can be
used as a suitable environment for module-level ablation analysis. PER-SAC improves
the utilization of critical transition samples, while ARF-SAC provides adaptive reward
guidance at different training stages. ARF-PER-SAC further combines reward guidance
and prioritized sampling. The complete DPCA-ARF-PER-SAC method finally achieves
a success rate close to 1.00 and reduces the collision rate to nearly 0, indicating that the
proposed mechanisms can jointly improve training stability and obstacle avoidance safety.

Figure 5c shows the variation in average episode length. At the early training stage,
the episode length of some methods increases because the UAV gradually shifts from
immediate failure caused by frequent collisions to longer exploration. As training proceeds,
the episode length decreases, indicating that the agent learns a more efficient target-reaching
strategy. The complete DPCA-ARF-PER-SAC method maintains a relatively low episode
length in the later training stage, suggesting that it can improve path efficiency while
maintaining safe navigation.

Figure 5d shows the normalized return curves. It should be noted that the normalized
return is mainly used to analyze the training tendency rather than as the only criterion for
final performance comparison, because the ARF mechanism changes the reward composi-
tion during training. In the early stage, ARF assigns a larger weight to the target-reaching
reward, which helps the agent quickly learn effective target-approaching behavior. In the
later stage, the weights of obstacle avoidance, heading correction, and other safety-related
terms are gradually increased. Therefore, the normalized return may fluctuate or become
less dominant, but this does not necessarily indicate policy degradation. The final perfor-
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mance should be evaluated together with the success rate, collision rate, average episode
length, and trajectory behavior.

To further evaluate the final performance after training, each method is tested inde-
pendently for 50 episodes. The statistical results are shown in Figure 6.
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Figure 6. Statistical results of 50 independent tests in the 2D SimpleAvoid scenario. (a) Success rate.
(b) Collision rate. (c) Average episode length.

As shown in Figure 6, SAC, ARF-SAC, ARF-PER-SAC, and the complete DPCA-ARF-
PER-SAC method all achieve a success rate of 1.00 and a collision rate of 0.00, indicating
that these methods can complete the basic navigation task after sufficient training in the
relatively simple 2D scenario. In contrast, PER-SAC obtains a success rate of 0.94 and a
collision rate of 0.06, suggesting that prioritized replay alone may be less effective in this
simple environment and may introduce additional sampling fluctuations during training.

In terms of navigation efficiency, ARF-SAC achieves the shortest average episode
length of 131.0 steps, while the complete DPCA-ARF-PER-SAC method obtains an average
episode length of 131.9 steps, which is close to ARF-SAC and lower than the baseline SAC
with 135.8 steps. ARF-PER-SAC obtains an average episode length of 134.0 steps, also
showing improved path efficiency compared with SAC. PER-SAC has the longest average
episode length of 149.8 steps, which further indicates that PER alone does not necessarily
improve the final navigation efficiency in the simple 2D scenario.

Overall, the 50-episode test results show that ARF contributes to improving path
efficiency, while the complete DPCA-ARF-PER-SAC method maintains a high success rate,
a zero collision rate, and competitive path efficiency. Although the complete method does
not achieve the shortest average episode length, it shows more balanced performance when
considering task completion, obstacle avoidance safety, training-curve stability, and final
navigation efficiency.

To further observe the actual flight behavior of different methods in the 2D SimpleAv-
oid scenario, typical flight trajectories are shown in Figure 7.

As shown in Figure 7, all methods can generate obstacle-avoidance trajectories from
the start point to the target region after training. However, some methods still show local
oscillations, detours, or collision trajectories in certain episodes. In comparison, the com-
plete DPCA-ARF-PER-SAC method produces more balanced successful trajectories with
fewer collision trajectories, indicating better flight stability in actual navigation behavior.

Overall, the 2D SimpleAvoid ablation results show that the baseline SAC can already
achieve relatively good performance in the simple two-dimensional scenario. Therefore,
the improvement brought by a single mechanism is not always obvious. However, the com-
plete DPCA-ARF-PER-SAC method can maintain a high success rate and a low collision
rate while improving path efficiency, suggesting that the joint use of DPCA, ARF, and PER
contributes to training stability and navigation efficiency.
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Figure 7. Typical flight trajectory comparison of different methods in the 2D SimpleAvoid scenario.

5.4. Main Results in the 3D NH_center Scenario

After completing the ablation study in the 2D SimpleAvoid scenario, the main ex-
periments are further conducted in the 3D NH_center scenario. Compared with the 2D
scenario, the 3D NH_center environment has a more complex spatial structure and higher
control difficulty. The UAV needs not only to approach the target and avoid obstacles,
but also to consider altitude control, heading correction, and continuous three-dimensional
action outputs. Therefore, this scenario is more suitable for evaluating the comprehensive
navigation performance of different methods in complex environments. The compared
methods include TD3, SAC, AM-SAC, and the proposed DPCA-ARF-PER-SAC method.
The training performance curves of different methods are shown in Figure 8.

As shown in Figure 8a,b, the improvement of success rate and the reduction of collision
rate in the 3D NH_center scenario are more difficult and more fluctuating than those in the
2D SimpleAvoid scenario. This indicates that the complex three-dimensional environment
imposes higher requirements on policy learning and safety control. TD3 can learn certain
target-approaching behaviors, but its training stability may be limited by insufficient
exploration in complex environments. The baseline SAC benefits from the maximum
entropy framework and shows better exploration ability than deterministic policy methods.
AM-SAC introduces an attention mechanism into SAC and is used as a representative
attention-based SAC variant. In comparison, the proposed DPCA-ARF-PER-SAC method
achieves a more balanced improvement in success rate and collision reduction during
training, indicating that the joint enhancement of state representation, reward guidance,
and prioritized sample utilization can improve learning efficiency and obstacle avoidance
behavior in complex three-dimensional environments.

Figure 8c shows the average episode length during training. In the early stage, some
methods have relatively short episode lengths because the UAV may terminate early due
to collisions, boundary violations, or failed exploration. As training progresses, the episode
length increases with longer exploration and then decreases when the agent learns more effi-
cient target-reaching behaviors. The proposed DPCA-ARF-PER-SAC method shows a clear
decrease in average episode length in the middle and later training stages, indicating that
the proposed framework can improve path efficiency while maintaining navigation safety.
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Figure 8d shows the normalized return curves. It should be noted that the normalized
return is mainly used to observe the training tendency rather than as the only criterion
for final performance comparison. Since the ARF mechanism dynamically adjusts the
reward weights during training, the reward objective gradually shifts from rapid target
approaching in the early stage to safer and more stable navigation in the later stage.
Specifically, the target-reaching reward has a larger influence in the early training stage,
which helps the UAV quickly learn target-approaching behavior. In the later training
stage, the weights of obstacle avoidance, heading correction, altitude control, and action
smoothness are gradually increased. Therefore, the normalized return of DPCA-ARF-PER-
SAC may decrease or become less dominant in the later stage. This phenomenon does not
necessarily indicate policy failure, but reflects the change in reward guidance from target
approaching to safety and stability.
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Figure 8. Training performance comparison of different methods in the 3D NH_center scenario.
(a) Success rate. (b) Collision rate. (c) Average episode length. (d) Normalized return.

Training Steps (x 103)

It is also observed that AM-SAC does not consistently outperform the baseline SAC
in the 3D scenario. This indicates that introducing an attention mechanism alone cannot
guarantee stable improvement in complex three-dimensional navigation tasks. A possible
reason is that the state input dimension in this work is relatively compact, and the baseline
multilayer perceptron already has a certain feature representation capability. Additional
attention weighting may introduce fluctuations during training if it is not supported by
appropriate reward guidance and sample utilization. Therefore, attention enhancement
alone is not regarded as an independent source of stable performance improvement in
this work. Instead, the proposed method combines DPCA with ARF and PER to improve
feature representation, reward guidance, and critical-sample utilization simultaneously.

To further observe the actual flight behavior of different methods in three-dimensional
space, typical flight trajectories are shown in Figure 9.
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Figure 9. Typical flight trajectory comparison of different methods in the 3D NH_center scenario.

As shown in Figure 9, TD3 and the baseline SAC can generate basic target-approaching
trajectories, but some trajectories still show detours, local oscillations, or premature ter-
mination. AM-SAC also shows certain instability in trajectory behavior, indicating that
attention enhancement alone is insufficient to ensure stable navigation in the complex
3D environment. In comparison, the proposed DPCA-ARF-PER-SAC method produces
more concentrated successful trajectories and fewer failed trajectories, indicating that it can
achieve more stable actual flight behavior in the complex three-dimensional environment.

To quantitatively evaluate the final model performance, each trained method is inde-
pendently tested for 50 episodes. The statistical results are shown in Figure 10.
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Figure 10. Statistical results of 50 independent tests in the 3D NH_center scenario. (a) Success rate.

(b) Collision rate. (c) Average episode length.

As shown in Figure 10, the proposed DPCA-ARF-PER-SAC method achieves a success
rate of 0.76, a collision rate of 0.24, and an average episode length of 232.8 steps. Compared
with the baseline SAC, which obtains a success rate of 0.74, a collision rate of 0.26, and an
average episode length of 237.1 steps, the proposed method improves the success rate by
2 percentage points, reduces the collision rate by 2 percentage points, and decreases the
average episode length by 4.3 steps. Compared with TD3, the proposed method achieves a
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slightly higher success rate and lower collision rate, while reducing the average episode
length from 266.7 to 232.8 steps.

In contrast, AM-SAC achieves a success rate of 0.68, a collision rate of 0.32, and an
average episode length of 242.4 steps, which does not outperform the baseline SAC. This
further indicates that attention enhancement alone has limited effect in the complex 3D
scenario. Therefore, the advantage of the proposed DPCA-ARF-PER-SAC method does not
come from simply introducing an attention mechanism, but from the joint effect of DPCA,
ARF, and PER.

These results indicate that the proposed method achieves a moderate improvement
over the baseline SAC rather than a dramatic performance gain. This is reasonable because
SAC is already a strong maximum-entropy reinforcement learning baseline for continuous
control tasks. Under the same state space, action space, and training setting, the proposed
method aims to further improve the overall navigation behavior on the basis of SAC.
Therefore, the advantage of DPCA-ARF-PER-SAC is mainly reflected in the more balanced
performance among success rate, collision rate, average episode length, training stability,
and trajectory behavior. Overall, the 3D NH_center experiments show that complex three-
dimensional navigation requires a balance among task completion, flight safety, and path
efficiency, and the proposed method achieves the best overall balance among the compared
methods in the final test results.

6. Discussion and Conclusions
6.1. Discussion on Statistical Reliability, Computational Cost, Transferability, and Limitations

Although the proposed DPCA-ARF-PER-SAC method achieves the best overall bal-
ance among success rate, collision rate, and average episode length in the 3D NH_center
scenario, the performance improvement over the baseline SAC is moderate rather than
dramatic. Compared with SAC, the proposed method improves the success rate by
2 percentage points, reduces the collision rate by 2 percentage points, and decreases the
average episode length by 4.3 steps. Therefore, the advantage of the proposed method
should not be interpreted as a large improvement in a single metric, but as a more balanced
improvement in task completion, navigation safety, path efficiency, and training stability.

The statistical results reported in this study are based on 50 independent test episodes
for each trained model. Since the success rate of the proposed method is 0.76 and that of the
baseline SAC is 0.74, the difference between the two methods is relatively small. Therefore,
this paper does not claim a strict statistically significant improvement based only on the
current 50 test episodes. Instead, the results are interpreted as a moderate improvement
under the current experimental setting. When success rate, collision rate, average episode
length, training stability, and trajectory behavior are considered together, the proposed
method shows a more balanced overall performance. Due to the high computational cost of
AirSim-based training, the current work has not conducted multiple repeated training runs
under different random seeds or systematic statistical significance tests. In future work,
more random seeds, standard deviations, confidence intervals, and statistical significance
tests will be introduced to further verify the robustness of the proposed method.

The proposed method also introduces additional computational costs compared with
the baseline SAC. The DPCA module adds a lightweight feature recalibration operation
based on two feature-mapping paths, and therefore only introduces a small number of addi-
tional parameters compared with the main actor and critic networks. The ARF mechanism
mainly adjusts several scalar reward weights according to the normalized training progress,
so its computational overhead is very low. PER introduces additional costs for priority
calculation, importance-sampling weight computation, and priority updating. However,
this additional cost mainly occurs during training and does not increase the inference
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cost of the trained policy. Therefore, the proposed method represents a trade-off between
moderate performance improvement and acceptable additional training cost.

There are several limitations to the proposed method. First, when the navigation
scenario is relatively simple or the state vector is already sufficiently compact, the per-
formance gain brought by the DPCA module may be limited. Second, the effectiveness
of the ARF mechanism depends on the design of reward components and scheduling
parameters. Improper reward-weight settings may cause the agent to overemphasize
one objective and weaken the balance between target reaching and flight safety. Third,
PER can improve the utilization of critical samples, but it may also introduce additional
sampling fluctuations and training cost. Fourth, the current method mainly focuses on
single-UAV navigation with low-dimensional state vectors, and its applicability to visual
navigation, dynamic obstacle environments, and multi-UAV cooperative scenarios still
requires further investigation.

In addition, all experiments in this study are conducted in AirSim-based simulation en-
vironments. When transferring the trained policy to real UAV platforms, sensor noise, wind
disturbance, actuator delay, communication latency, inaccurate dynamics models, and the
sim-to-real gap may affect the navigation performance. Future research will consider
domain randomization, noise injection, dynamics-parameter perturbation, hardware-in-
the-loop simulation, and real-world flight tests to further improve and verify the robustness
and transferability of the proposed method.

6.2. Conclusions

This paper focuses on the autonomous navigation and obstacle avoidance of un-
manned aerial vehicles (UAVs) in complex environments, and proposes an improved SAC
method called DPCA-ARF-PER-SAC. This method integrates a dual-path channel attention
module, adaptive reward feedback, and prioritized experience replay mechanism. With-
out changing the maximum entropy learning framework of SAC, DPCA-ARF-PER-SAC
enhances the baseline algorithm from three aspects: state feature representation, reward
weight scheduling, and key sample utilization.

Experiments were conducted in the 2D SimpleAvoid scenario and the 3D NH_center
scenario. The 2D SimpleAvoid scenario was used for module-level ablation analysis,
comparing five methods: SAC, PER-SAC, ARF-SAC, ARF-PER-SAC, and DPCA-ARF-PER-
SAC. The results show that the proposed method can maintain a high success rate and low
collision rate in relatively simple obstacle avoidance tasks, while improving path efficiency.
These results indicate that the joint use of DPCA, ARF, and PER helps to improve training
stability and navigation efficiency.

In the 3D NH_center scenario, the proposed method was further compared with
TD3, SAC, and AM-SAC. In 50 independent tests, the proposed DPCA-ARF-PER-SAC
method achieved a success rate of 0.76, a collision rate of 0.24, and an average episode
length of 232.8 steps. Compared with the baseline SAC, the success rate increased by
2 percentage points, the collision rate decreased by 2 percentage points, and the average
episode length decreased by 4.3 steps. Compared with TD3, this method also demonstrated
higher path efficiency and more balanced navigation performance. Moreover, in complex
3D scenarios, AM-SAC did not always outperform the baseline SAC, indicating that
attention enhancement alone may not be sufficient to achieve stable UAV navigation in
complex environments.

Opverall, the proposed DPCA-ARF-PER-SAC method achieves a better balance among
task completion, flight safety, and path efficiency through the synergistic effect of state
representation enhancement, adaptive reward guidance, and prioritized sample utilization.
Future research will further explore visual-input-based navigation, multi-scenario transfer
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training, domain randomization, hardware-in-the-loop simulation, and real-world flight
validation to enhance the generalization ability, physical feasibility, and robustness of the
proposed method in real complex environments.
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