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Abstract
Autonomous obstacle avoidance and navigation for Un-
manned Aerial Vehicles (UAVs) in dynamic environ-
ments presents a significant challenge in the field of au-
tonomous planning. Traditional sampling- and optimization-
based methods typically rely on global maps and neces-
sitate frequent replanning, rendering them often ill-suited
for real-time applications in dynamic scenarios. While deep
reinforcement learning (DRL) approaches offer end-to-end
perception-decision mapping, they often suffer from limita-
tions in three-dimensional (3D) perception accuracy, sample
efficiency, and action space adaptability. To address these
challenges, this paper proposes SaferSAC, a DRL frame-
work specifically tailored for robust UAV obstacle avoidance
and navigation. First, we design a depth-semantic fusion-
based 3D obstacle detection module that achieves precise spa-
tial awareness by jointly processing depth images and se-
mantic segmentation results. Second, we introduce a four-
buffer prioritized experience replay mechanism that differen-
tially stores and samples experiences based on distinct cate-
gories (e.g., success, obstacle, and precision), thereby signif-
icantly enhancing sample efficiency. Finally, we propose an
optimization-based adaptive action space planning method.
By solving a constrained optimization problem to dynami-
cally adjust action boundaries for velocity and yaw rate, this
method enhances the safety and flexibility of local avoidance
maneuvers. Experimental results demonstrate that, compared
to baseline methods, our approach yields more robust navi-
gation strategies and substantially improves success rates in
complex environments.

Code — https://github.com/Sukb24/SaferSAC

Introduction
UAVs are a crucial part of modern aviation and have shown
significant potential for applications in various fields, in-
cluding payload transport (Li et al. 2023), post-disaster
emergency communications (Yang et al. 2024b), and ex-
ploration (Zhou, Xu, and Shen 2023). Traditional planning-
based methods, such as Rapidly Exploring Random Trees
(RRT) and Model Predictive Control (MPC), perform well
in structured environments but face substantial challenges in
scenarios with dynamic obstacles.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In recent years, DRL has offered innovative solutions for
the autonomous navigation of UAVs. DRL methods address
environmental uncertainty and dynamics (e.g., (Loquercio
et al. 2021; Kaufmann et al. 2023)) by directly mapping
perceptual data to control commands through end-to-end
learning. Notably, the Soft Actor-Critic (SAC) algorithm
(Haarnoja et al. 2018) has shown exceptional performance
in continuous control tasks, owing to its superior exploration
capabilities and training stability, significantly surpassing
traditional methods.

However, applying DRL to dynamic obstacle avoidance
for UAVs still faces three core challenges. The first chal-
lenge is the trade-off between accuracy and real-time per-
formance in 3D obstacle perception. Existing end-to-end
DRL methods primarily use single-modal inputs, such as
RGB images or depth maps, which makes it challenging
to obtain both precise geometric information and seman-
tic understanding simultaneously. Monocular depth estima-
tion, though lightweight, suffers from scale ambiguity (Yang
et al. 2024a). Estimating the 3D bounding box and veloc-
ity of obstacles in real time through depth images helps
achieve a balance between the accuracy and efficiency of
geometric perception (Lin, Zhu, and Alonso-Mora 2020).
However, performance can degrade under strong light con-
ditions. The second challenge is the tension between sam-
ple efficiency and partial observability. Prioritised Experi-
ence Replay (PER) (Schaul et al. 2015) samples important
experiences based on temporal difference errors, but its ef-
fectiveness is limited in partially observable and sparsely re-
warded UAV navigation environments. The third challenge
is the limited adaptability of fixed action spaces to complex
environments. Continuous action masking methods focus on
learning by dynamically constraining the action space to
state-relevant action sets, which leads to faster convergence
across four control tasks (Stolz et al. 2024). However, exist-
ing methods cannot differentially adjust the UAV’s action di-
mensions based on environmental conditions. Furthermore,
due to the black-box nature of neural networks, it is chal-
lenging to provide an intuitive explanation for an agent’s de-
cisions, which complicates ensuring safety during real-time
obstacle avoidance.

This paper proposes the Semantic-Aware Four-buffer Ex-
perience Replay with Soft Actor-Critic (SaferSAC) frame-
work to address the aforementioned challenges. It is specif-

Proceedings of the Thirty-Sixth International Conference on Automated Planning and Scheduling (ICAPS 2026)

757



ically designed for UAV obstacle avoidance navigation
tasks. The framework integrates semantic awareness, a
four-buffer hierarchical experience replay mechanism, and
optimization-based adaptive action space planning, enabling
efficient obstacle avoidance and navigation in complex en-
vironments. The contributions of our work are summarized
as follows:
• A 3D Obstacle Detection Method with Depth-

Semantic Fusion. We designed a lightweight multi-
modal fusion architecture that processes depth images
and semantic segmentation results together to accurately
compute the 3D bounding boxes of obstacles.

• Four-Buffer Prioritized Experience Replay Mecha-
nism. We propose a four-buffer design specifically tai-
lored to the UAV obstacle avoidance navigation tasks,
including a main experience buffer, a success experience
buffer, an obstacle experience buffer, and a precision ex-
perience buffer.

• An Optimization-Based Adaptive Action Space Plan-
ning Method. At each decision step, we dynamically ad-
just the action space boundaries for horizontal velocity
and yaw rate by solving a constrained optimization prob-
lem, utilizing obstacle distribution information analyzed
from LiDAR data.

Related Work
The technical evolution of UAV navigation and obstacle
avoidance has shifted from planning-based methods to data-
driven intelligent approaches. This section categorizes UAV
navigation methods into planning-based and learning-based
methods.

Planning-based methods: Planning-based algorithms
represent classical approaches to UAV path planning. The
RRT (Karaman and Frazzoli 2011) ensures asymptotic opti-
mality by introducing a rewiring mechanism. (Mellinger and
Kumar 2011) proposed a minimum-snap trajectory genera-
tion method for quadcopters based on differential flatness
theory. By optimizing the fourth-order derivative of posi-
tion, it generates smooth trajectories and uses a nonlinear
controller for precise tracking. EGO-Planner (Zhou et al.
2020) proposes a gradient-based planning framework based
on voxel maps that eliminates the need for ESDF, signif-
icantly reducing computational time. MADER (Tordesillas
and How 2021) proposes a decentralized asynchronous plan-
ner that ensures safety in dynamic environments by optimiz-
ing separating planes and employing the MINVO basis for
tighter trajectory representations. Although these methods
demonstrate excellent theoretical completeness, this layered
architecture faces significant challenges in complex, con-
strained real-world environments. The core issue with these
approaches is the cascaded structure of perception, plan-
ning, and control, which leads to error accumulation and
challenges real-time optimization in high-dimensional state
spaces.

Learning-based methods: In recent years, learning-
based methods have directly mapped raw sensory inputs
into control commands. Some approaches employ super-
vised learning for training, while others utilize reinforce-

ment learning to explore optimal strategies. For example,
(Loquercio et al. 2021) employed a supervised learning
paradigm to train visual-motion strategies by mimicking ex-
pert algorithms possessing privileged information, thereby
enabling high-speed autonomous flight of UAV in com-
plex outdoor environments. Policy gradient methods, such
as PPO, are widely used in multi-UAV coordination due to
their training stability. (Han, Chen, and Hao 2020) proposed
a collaborative navigation framework based on PPO, which
achieves policy sharing among multiple robots through
target allocation and dynamic randomization training, ef-
fectively mitigating performance degradation from simula-
tion to real-world environments. Actor-Critic methods have
made significant breakthroughs in continuous control. TD3
(Fujimoto, Hoof, and Meger 2018) significantly improves
stability through three enhancements: Clipped Double-Q
Learning, delayed policy updates, and target policy smooth-
ing. SAC (Haarnoja et al. 2018) provides optimal explo-
ration and robustness. GTrXL-SAC (Huang et al. 2025) in-
troduced Gated Transformer-XL to implement self-attention
mechanisms and multimodal fusion, converging 20% faster
than PPO and SAC in AirSim. YOPO (Lu et al. 2024) in-
tegrates perception and mapping, front-end path search, and
back-end optimization into a single network, enabling direct
prediction of trajectory deviations based on motion primi-
tives without explicit mapping. This approach introduces a
novel unsupervised learning strategy called guidance learn-
ing, which provides numerical gradients as guidance for
training.

Semantic-Aware Four-buffer Experience
Replay with Soft Actor-Critic(SaferSAC)

The proposed SaferSAC autonomous obstacle avoidance
framework for UAVs is shown in Figure 1. In the percep-
tion module, we designed a depth-semantic fusion method
for 3D obstacle detection. After acquiring the 3D bound-
ing box of an obstacle, Kalman filtering differentiates be-
tween static and dynamic obstacles, with feature extraction
performed separately for each category. During the rein-
forcement learning training phase, we designed four spe-
cialized buffers based on experience type and importance.
At the decision-making level, we dynamically adjust the ac-
tion space boundaries for horizontal velocity and yaw rate
by solving constrained optimization problems. The follow-
ing sections will elaborate on each component of SaferSAC.

Markov Decision Process Formulation
The UAV navigation task is defined as a Markov Decision
Process (MDP), represented as a tuple (S,A, P,R, γ). Here,
S denotes the state space, A represents the action space,
P (st+1|st, at) is the state transition function, R(st, at) is
the reward function. γ serves as the discount factor for fu-
ture rewards. The objective of the DRL agent is to learn an
optimal policy π∗(at|st) that maximises the expected cumu-
lative reward.

State Space S: Within the framework shown in Figure
1, the state in this paper is composed of four concatenated
components: the UAV’s own state features Sself ∈ R1×6,
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Figure 1: The overview of the proposed SaferSAC framework.

point cloud data features from the horizontal plane LiDAR
Slidar ∈ R1×32, dynamic obstacle features Sdyn ∈ R1×16,
and static obstacle features Sstat ∈ R1×32.

We uniformly partition the 180◦ field of view directly
ahead of the UAV (from −90◦ to +90◦) into 32 non-
overlapping angular intervals, each with an angular resolu-
tion of 5.625◦. For the 3D LiDAR point cloud within each
angular interval, we select the distance to the point closest to
the UAV as the representative value for that interval and nor-
malize the distance to the range [0, 1]. This process yields a
32-dimensional feature vector.

The raw data for dynamic obstacles is represented as a
two-dimensional array of size Nd × 8, where Nd denotes
the predefined number of dynamic obstacles. Each row cor-
responds to the characteristics of a single dynamic obstacle,
consisting of eight dimensions: the obstacle’s 3D directional
unit vector relative to the UAV, its distance from the UAV,
the magnitude of its velocity relative to the UAV, and its di-
mensions. A two-layer convolutional neural network is then
used to extract high-level semantic features from the array,
resulting in a 16-dimensional feature vector.

The raw data for static obstacles is represented as a two-
dimensional array of size Ns×7, where Ns denotes the pre-
defined number of static obstacles. Each row corresponds
to the features of a single static obstacle, consisting of
seven dimensions: the 3D unit direction vector of the ob-
stacle relative to the UAV, the distance of the obstacle from
the UAV, and the dimensions of the obstacle. A two-layer
convolutional neural network is then used to extract a 32-
dimensional feature vector.

Action Space A: We use a continuous action space, where
the action output by the policy network is defined as a =
(vxy, vz, ω). Specifically, vxy ∈ [vxy,base,min, vxy,base,max],
vz ∈ [−vz,max, vz,max], and ω ∈ [−ωbase,max, ωbase,max].
vxy represents the UAV’s velocity in the x-y plane, vz de-
notes the UAV’s velocity along the z-axis, and ω represents
the UAV’s yaw angular velocity. The action a is then mapped

to am, which serves as the UAV’s actual control command.
Reward R: To achieve the dual objectives of obstacle

avoidance and navigation within the proposed framework,
the reward function consists of two components: continuous
rewards and constant rewards. The reward function used in
this study is as follows:

R =


10 if goal reached,
−20 if crashed,
−10 if outside the workspace,
Rc otherwise.

(1)

The continuous reward function Rc consists of five compo-
nents, as follows:

• Goal reaching reward: Rgoal =
dt−1−dt
Dtotal

, where dt is
the Euclidean distance to the goal at time t, and Dtotal is
the initial distance to the target. This component encour-
ages the UAV to reduce the distance to the target.

• Collision avoidance punishment: Rcol =1− clip

(
dobs − dcrash

5
, 0, 1

)
if dobs < 10,

0 otherwise,
where dobs is the minimum distance to obstacles and
dcrash is the collision boundary. This factor encourages
the UAV to maintain a safe distance from obstacles.

• Position punishment: Rpose = clip
(

|Pxy−Gxy|
10 , 0, 1

)
+

0.5 ·clip
(
z−zg

5 , 0, 1
)
+
(

|z|
z,max

)2

, where Pxy represents
the current position of the UAV, Gxy denotes the straight
line formed by the starting point and the target point. This
component prevents unexpected positions.

• Velocity punishment: Rvel =
(

|vz|
vz,max

)2

+ |ω|
ωmax

. This
component optimizes action efficiency while penalizing
excessive speed.

• Yaw angle error punishment: Ryaw = |ψ|
90 . This com-
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ponent helping the UAV maintain the correct heading rel-
ative to the target.

Rc is defined as the weighted sum of these five components,
with α1 to α5 representing the weighting factors for each
component:

Rc = α1Rgoal − α2Rcol − α3Rpose − α4Rvel − α5Ryaw.
(2)

3D Obstacle Detection Module
The lightweight depth-semantic fusion method proposed
here achieves precise 3D localization of both static and dy-
namic obstacles with low latency by integrating complemen-
tary information from depth cameras and semantic segmen-
tation. This module is designed as a universal, platform-
independent solution that can run on any robotic navigation
system equipped with a depth camera (such as the RealSense
D435i). We use depth cameras in the environment to acquire
two types of depth images: Depth Perspective and Depth
Planar. Depth Perspective represents the Euclidean distance
from each pixel to the camera center, while Depth Planar
denotes the perpendicular projection distance of each pixel
along the camera’s optical axis.

Figure 2: Geometric relationships between different distance
information.

The coordinates of the central pixel (Cx, Cy) are
(W−1

2 , H−1
2 ). For each pixel (u, v) in the depth image, the

offset relative to the image center is calculated:

yoff = u− Cx,
zoff = v − Cy.

(3)

Next, calculate the Euclidean distance between the pixel and
the image center: r =

√
yoff 2 + zoff 2. Given the distance

information for each pixel in the depth perspective image
dpersp and the depth plane image dpla, and based on the ge-
ometric relationships shown in Figure 2, we can calculate
the 3D position of a pixel in the camera coordinate system:

xcam = dpla,

ycam =
√
d2persp − d2pla ·

yoff

r ,

zcam =
√
d2persp − d2pla ·

zoff

r .

(4)

Inverting zcam yields the NED coordinates in the camera
coordinate system.

Each pixel’s grey value in the semantically segmented im-
age represents a unique object identifier. Connected compo-
nent analysis is performed on the segmented image to group
pixels belonging to the same object into an obstacle candi-
date. This grouping method based on semantic segmentation
has two advantages: first, it naturally decomposes scenes
into distinct objects, preventing the misclassification of dif-
ferent objects as a single obstacle; second, it effectively fil-
ters out non-obstacle categories, such as ground and sky, re-
ducing false detections.

Semantic segmentation allows us to obtain masks for dif-
ferent obstacles. However, noise points and edge uncertain-
ties in depth measurements can significantly affect bound-
ing box accuracy. To address this issue, inspired by (Xu
et al. 2023), we introduce a robust estimation method that
combines the interquartile range (IQR) and median absolute
deviation (MAD). IQR and MAD are established statistical
methods. Our contribution lies in innovatively applying this
robust statistical filtering process to this depth-semantic fu-
sion method, thereby effectively filtering depth noise at ob-
ject edges. This approach operates in two stages: first, global
coarse filtering using IQR, followed by local fine filtering
with MAD, achieving efficient outlier suppression.

Given the set of valid depth values within the obstacle
mask, we first calculate the first quartile Q1 and third quar-
tile Q3, then compute the interquartile range: IQR = Q3 −
Q1. Using the IQR, we initially filter out extreme outliers.
We then apply the MAD method for further noise removal.
MAD is defined as the median of the absolute deviations
of data points from the median value. We compute MAD
based on the median depth value dmed within the mask re-
gion Mreg:

MAD = median(|di − dmed|), di ∈ Mreg. (5)
Based on the MAD value, we can determine the valid range
of depth values, dmin and dmax. Ultimately, as shown in Fig-
ure 3, the width, height, and thickness of the obstacle can
be calculated using the minimum depth dmin and maximum
depth dmax in the corresponding direction, thereby obtain-
ing the obstacle’s 3D bounding box.

Four-buffer Prioritized Experience Replay
Our four-buffer architecture consists of the following four
specialized experience storage units. Each experience in the
buffer units is assigned a priority value based on the tem-
poral difference (TD) error. The four buffer are defined as
follows:
• Main Buffer: Capacity C, storing all types of experi-

ence.
• Obstacle Buffer: Stores the experience (s, a, r, s′) of

UAV approaching obstacles, with a capacity of C4 . When
the minimum distance between the UAV and an obstacle
falls below the threshold θobs or a collision occurs, the
corresponding experience is added to this buffer.

• Success Buffer: Stores the experience (s, a, r, s′) from
episodes that end in a “goal achieved” status, with a ca-
pacity of C8 .
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Figure 3: The 3D bounding box detected by the obstacle de-
tection module. The camera’s detection depth is 30 meters.
The figure above the bounding box indicates the obstacle’s
current distance from the UAV in depth, while the figures
below show the obstacle’s width, height, and thickness (in
meters).

• Precision Buffer: Stores experiences (s, a, r, s′) when
the UAV approaches the target point, with a capacity of
C
8 . When the UAV’s distance to the target point falls be-
low the threshold θprec without a collision, the experi-
ence is added to this buffer.

In this article, θobs is set to 8 meters, and θprec is set to 10
meters.

Optimization-Based Adaptive Action Space
Planning Module
Due to the black-box nature of neural networks and the lim-
itations of fixed action spaces, we propose an optimization-
based adaptive action space planning method. The method
dynamically adjusts the boundaries of the action space by
performing real-time analysis of obstacles surrounding the
UAV based on LiDAR perception data.

The LiDAR provides 180◦ scanning data across the hori-
zontal plane, divided into two zones: the left zone (−90◦ to
0◦) and the right zone (0◦ to +90◦). For each zone, we track
two key metrics: the current minimum distance dmin to any
obstacle and the current obstacle density ρ. The density is
defined as the number of laser points Pthr within the dis-
tance threshold range, weighted by the inverse of the aver-
age distance davg to obstacles: ρ = Pthr

davg
. Using these met-

rics, we calculate the obstacle density ρleft for the left re-
gion and ρright for the right region. This information helps
the system steer towards the direction with fewer obstacles.
For example, when there are many obstacles on the left, the
system directs the UAV to turn right. This enhances the in-
terpretability of the UAV’s actual control actions.

Based on the real-time analysis by the LiDAR, we model
the computation of the adaptive action space as a con-
strained optimization problem. The optimization variables
include the upper bound vxy,max for the horizontal ve-
locity action space, and the lower bound ωmin and up-
per bound ωmax for the yaw rate action space, denoted as
x = [vxy,max, ωmin, ωmax]. The objective function aims to

maximize obstacle avoidance safety. We define the objective
function as follows:

J(x) =

{
(rv + rψ) · φ if dmin ≤ θobs,
0 otherwise.

(6)

When dmin is less than or equal to the obstacle distance
threshold θobs, an obstacle factor φ = 1− dmin

θobs
is intro-

duced. rv represents the reward for reducing horizontal ve-
locity. This encourages the UAV to decrease horizontal ve-
locity in its action space:

rv =
vxy,base,max − vxy,max

vxy,base,max
. (7)

rψ is the steering adjustment reward, dynamically adjusting
the steering range based on the obstacle density on either
side:

rψ =

{ −ωbase,max−ωmin

ωbase,max
if ρleft < ρright,

ωmax−ωbase,max

ωbase,max
otherwise.

(8)

In summary, the adaptive action space planning method pro-
posed in this paper is formulated as the following con-
strained optimization problem:

max
x

J(x),

s.t. vxy,max − vxy,base,min > 0
ωmax − ωmin > 0
vxy,max ≤ dmin−ε

∆t
0.5 · vxy,base,max ≤ vxy,max ≤ vxy,base,max

− 2.0 · ωbase,max ≤ ωmin ≤ −ωbase,max

ωbase,max ≤ ωmax ≤ 2 · ωbase,max .

(9)

The first two constraints ensure that the upper bound of the
optimized action space exceeds the lower bound. The last
three constraints impose fundamental range limitations, en-
suring that the optimized action space stays within a rea-
sonable operational envelope, satisfying the UAV’s physical
constraints. The third constraint is critical: to maximize col-
lision avoidance, the UAV’s maximum displacement within
a time step ∆t must be less than the current minimum dis-
tance dmin to obstacles, minus a safety margin ε. The safety
margin is set to 1 meter.

Given the original action space A, after obtaining the op-
timized action space Am, we map the action a output by the
reinforcement learning policy into Am. Inspired by (Stolz
et al. 2024), we use a ray-mapping method. However, un-
like their approach, our method independently maps each
dimension of the action space, making it suitable for scenar-
ios where UAV action dimensions have low coupling. Since
the horizontal plane LiDAR cannot directly detect obstacles
in the vertical direction, the mapping process is applied only
to a0 (xy-axis velocity) and a2 (yaw angular velocity). We
use the following mapping function f(ai) to transform ac-
tion ai into ami :

ami = f(ai) = cmi +
λAm

i

λAi

(ai − ci), i ∈ {0, 2}. (10)

Here, ci and cmi denote the centers of action spaces Ai and
Ami , respectively, while λAi

and λAm
i

represent the distances
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from ci and cmi to their respective action space boundaries.
For the one-dimensional action space λAm

i
, f(ai) is bijec-

tive. Using the properties of bijection, we can deduce that:

∇θ log π
m
θ (am|s) = ∇θ log πθ(a|s). (11)

Action am from πmθ (am|s) is obtained by ray-mapping the
action a sampled from the original policy, with am serving
as the final action command for controlling the UAV. There-
fore, the policy gradient formula using ray-mapping is:

∇θJ(π
m
θ (am|s)) = Eπm

θ
[∇θQ(s, am)− α∇θ log πθ(a|s)].

(12)
In other words, the policy gradient after ray-mapping can
directly use the logarithmic gradient of the original policy,
requiring only the replacement of the action with am when
computing the value function. This allows our module to
be directly integrated into existing SAC frameworks with-
out substantial modifications to the algorithmic logic.

Experiments and Results
Simulation Environment and Experimental Setup
To evaluate the proposed SaferSAC method, we built an
AirSim simulation environment based on Unreal Engine
4.27 and compared it with two state-of-the-art benchmarks,
YOPO (Lu et al. 2024) and EGO-Planner(Zhou et al. 2020),
as well as baseline algorithms SAC and TD3. As shown in
Figure 4, we created three training scenarios and three val-
idation scenario. In the training scenarios, the environment
was categorized into elementary, intermediate, and advanced
map levels based on the nums of static and dynamic obsta-
cles. As the map difficulty increased, the number of obsta-
cles grew progressively. Validation map 1 is a purely static
environment containing 100 static obstacles. Validation map
2 contains 113 dynamic and static obstacles (equivalent in
difficulty to advanced maps). Validation map 3 contains 175
dynamic and static obstacles. All maps had a uniform size
of 264m× 264m.

(a) Elementary
Map

(b) Intermediate
Map

(c) Advanced
Map

(d) Validation Map
1

(e) Validation Map
2

(f) Validation Map
3

Figure 4: Training and validation environment. The dynamic
white cylinder depicted in the image represents a high-speed
dynamic obstacle.

The initial action space for the UAV is set as follows:
vxy ∈ [0.5, 5], vz ∈ [−2, 2], ω ∈

[
−π

6 ,
π
6

]
. Expanding

the angular velocity action space allows the UAV’s angu-
lar velocity limit to reach π

3 /s, which is within the physi-
cal constraints for maximum angular velocity imposed by

the PX4 UAV. At the start of each episode, the UAV’s ini-
tial position is set at coordinates (0, 0, 5) with a randomly
generated yaw angle. The target position is randomly gen-
erated on the boundary of a rectangular region R, defined
as: R = {(x, y)| x ∈ [−120, 120], y ∈ [−120, 120]}. After
completing a reinforcement learning episode (reaching the
destination, collision, or exceeding the working area), the
simulation environment is reset, and the UAV returns to the
starting point to begin a new episode.

During training, we use a curriculum learning approach,
gradually advancing the UAV from elementary to interme-
diate and advanced stages. After 120,000 training steps in
the elementary stage, the UAV transitions to the intermedi-
ate stage. After 50,000 steps in the intermediate stage, the
UAV moves to the advanced stage, concluding with 50,000
training steps in this final phase. During the first 10,000 steps
of training in each environment, randomly sampled actions
control the UAV’s flight to enrich buffer experience. Learn-
ing and updating of the decision module begin only after
10,000 steps. All experiments were conducted on a com-
puter with an Intel i7 13th CPU and an NVIDIA GeForce
RTX 4060 GPU. The Adam optimizer was used, with an ini-
tial learning rate of 3× 10−4 and a reward discount factor γ
set to 0.99.

Performance Metrics
We use the cumulative reward and the Actor network’s loss
value for evaluation during the UAV’s autonomous navi-
gation training phase. The average cumulative reward di-
rectly quantifies the UAV’s overall performance in naviga-
tion tasks. Furthermore, trends observed during training of-
fer an intuitive assessment of the algorithm’s convergence.
The Actor network loss value characterizes the stability and
optimization efficiency of policy learning. Its convergence
trend and fluctuation amplitude indicate whether the control
policy optimization process is reasonable and whether gra-
dient updates are effective.

During the validation phase, we performed thirty navi-
gation tasks across three validation scenarios and evaluated
each algorithm’s performance using the following metrics:
• Average Cumulative Reward (ACR): Calculate the av-

erage cumulative reward obtained across all episodes.
• Success Rate (SR): Percentage of episodes where the

UAV successfully reaches the target within the specified
number of steps without a collision.

• Collision Rate (CR): Percentage of episodes in which
the UAV collides with obstacles.

• Navigation Time (NT): Average time taken for the UAV
to successfully navigate to the target without a collision.

• Success-Weighted Path Length (SPL): The calculation

formula is SPL = 1
N

N∑
i=1

si
li

max(li,pi)
. Here, N denotes

the total number of navigation tasks, Si ∈ {0, 1} in-
dicates whether the i-th navigation task was successful,
li represents the ideal shortest path length, i.e., the Eu-
clidean shortest distance between the starting point and
the target point, and pi denotes the actual path length nav-
igated by the UAV. Generally, pi is always greater than li.
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Figure 6: Comparison of actor network loss during training across SaferSAC, SAC, and TD3. The shaded area represents the
standard deviation.

Experimental Results

Validation
Scenarios Method ACR SR(%) CR(%) NT SPL

Map 1

SaferSAC 324.72 96.67 3.33 29.27 0.81
YOPO N/A 96.67 3.33 30.03 0.95
EGO-Planner N/A 46.67 53.33 39.61 0.41
SAC 311.90 80.00 20.00 35.21 0.70
TD3 301.97 76.67 13.33 32.89 0.69

Map 2

SaferSAC 331.33 93.33 6.67 30.92 0.77
YOPO N/A 50.00 50.00 29.37 0.49
EGO-Planner N/A N/A N/A N/A N/A
SAC 313.73 63.33 36.67 35.33 0.56
TD3 247.23 56.67 16.67 34.14 0.48

Map 3

SaferSAC 315.24 90.00 10.00 31.75 0.75
YOPO N/A 43.33 56.67 29.31 0.43
EGO-Planner N/A N/A N/A N/A N/A
SAC 305.65 66.67 33.33 35.42 0.59
TD3 270.27 60.00 36.67 34.89 0.52

Table 1: Comparison of metrics across different methods in
three validation scenarios.

Training Performance As shown in Figure 5, during the
elementary phase, TD3 suffers from local optima, while
SAC fails to match the final convergence of SaferSAC. In
contrast, SaferSAC undergoes an exploratory phase in the
initial period, but its performance surges rapidly after around
25,000 steps, stabilizing at a high reward value. Entering
the intermediate stage, SaferSAC showed exceptional adapt-
ability, converging rapidly to the highest reward level. In

the advanced environment stage, TD3’s performance de-
creased further. While SAC maintained a certain level of per-
formance, its rewards remained lower than those achieved
by SaferSAC. As shown in Figure 6, SaferSAC demon-
strates exceptionally high stability and smoothness across all
stages. The loss curve of SaferSAC consistently converges
smoothly near zero with minimal variance. This indicates
exceptionally robust policy updates, mainly due to the adap-
tive planning action space proposed here. By dynamically
constraining the action space through the optimization prob-
lem, the algorithm limits the Actor’s output of extreme ac-
tions, preventing the policy network from undergoing drastic
gradient updates on complex value surfaces.

Validation Performance Table 1 presents the perfor-
mance metrics of the three algorithms in the validation sce-
nario. Maps 1 and 3 provide varying levels of complexity
to comprehensively evaluate the algorithm’s generalization
capability. EGO-planner displays N/A in maps 2 and 3 be-
cause it is designed for static environments and frequently
gets stuck in replanning, performing poorly in dynamic en-
vironments. Experimental results show that SaferSAC sig-
nificantly outperforms the baseline algorithms across all
key metrics under various environmental conditions. Across
all scenarios, SaferSAC consistently maintains the high-
est average cumulative reward compared to SAC and TD3.
SaferSAC has demonstrated exceptional security, achieving
the highest success rate across all maps. Although YOPO
achieves high success rates on static maps, its performance
plummets on dynamic maps due to the lack of explicit mod-
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eling for moving obstacles, resulting in a sharp increase in
collision rates. SPL serves as the gold standard for evalu-
ating navigation quality, considering both success rate and
path length. Although SaferSAC’s navigation time on Maps
2 and 3 was slightly slower than YOPO’s, it maintained top-
tier and stable SPL scores across all maps, demonstrating an
excellent balance between safety and path efficiency.

Ablation Study To validate the individual contributions
of each component within our proposed method, we con-
ducted a comprehensive ablation study on validation map
2. Specifically, we systematically removed each component
from SaferSAC. First, for the variant lacking the depth-
semantic fusion 3D obstacle detection module (denoted as
SaferSAC w/o SI), we relied exclusively on depth maps to
generate U-depth (Lin, Zhu, and Alonso-Mora 2020) for 3D
obstacle bounding boxes. Second, to evaluate the four-buffer
prioritized experience replay, the SaferSAC w/o FPER con-
figuration substituted this component with the standard pri-
oritized experience replay method (Schaul et al. 2015). Fi-
nally, the optimization-based adaptive action space planning
method was omitted entirely in the SaferSAC w/o AASP
setup.

Method ACR SR(%) CR(%) NT SPL

SaferSAC 331.33 93.33 6.67 30.92 0.77
SaferSAC w/o SI 319.65 90.00 10.00 31.99 0.71
SaferSAC w/o FPER 309.35 83.33 10.00 32.77 0.66
SaferSAC w/o AASP 301.58 63.33 36.67 30.91 0.54

Table 2: Ablation studies in validation scenario 2.

Table 2 summarizes the quantitative results of the ablation
study. First, the Optimization-based Adaptive Action Space
Planning (AASP) module is critical for system safety. Ex-
cluding this module caused the most severe performance
degradation, with the Success Rate (SR) dropping signif-
icantly from 93.33% to 63.33%. This result suggests that
simple end-to-end policies often lack the interpretability
required to guarantee safety in complex environments. In
contrast, our AASP module enables the UAV to decelerate
and adjust its heading in hazardous zones, thereby ensur-
ing safety. Second, the Four-buffer Prioritized Experience
Replay (FPER) module significantly enhances sample effi-
ciency and policy robustness. Replacing FPER with the stan-
dard PER method resulted in a 10% decrease in SR, while
the SPL dropped to 0.66. Finally, the depth-semantic fusion
module further enhances obstacle detection accuracy and
obstacle avoidance success rates. Compared to the depth-
only baseline, incorporating semantic information improved
SR by 3.33% and increased SPL from 0.71 to 0.77.

Sensitivity Analysis of the Obstacle Distance Threshold
To evaluate the impact of obstacle distance threshold θobs on
the navigation performance of the SaferSAC algorithm, we
conducted a comprehensive parameter sensitivity analysis.
We adjusted this parameter from 5m to 10m and performed
thirty navigation tasks on validation map 2, assessing per-
formance through key metrics. As shown in Table 3, the suc-
cess rate and collision rate are highly sensitive to the value

θobs (m) ACR SR (%) CR (%) NT SPL

5 231.02 50.00 40.00 27.40 0.36
6 264.82 66.67 26.67 27.76 0.49
7 269.95 70.00 23.33 29.31 0.53
8 331.33 93.33 6.67 30.92 0.77
9 306.04 83.33 13.33 31.57 0.71

10 316.73 76.67 20.00 32.25 0.65

Table 3: Sensitivity analysis of obstacle distance threshold
θobs on navigation performance.

of θobs. When the threshold is small, the UAV lacks suffi-
cient reaction space to avoid complex obstacles, resulting in
a low success rate. When θobs was increased to 8m, the algo-
rithm achieved its highest success rate (93.33%). However,
further increasing the threshold leads to a decrease in suc-
cess rate. Furthermore, the table indicates that at θobs = 8m,
the SPL reaches a peak value of 0.77, indicating that the
UAV successfully reached the target point while maintain-
ing extremely high path efficiency. Correspondingly, the av-
erage cumulative reward (ACR) also peaks simultaneously
at 331.33 at this threshold. This substantial gain reflects the
agent’s ability to consistently execute high-quality trajecto-
ries, thereby demonstrating the algorithm’s exceptional ro-
bustness and policy stability in complex environments. Ad-
ditionally, the navigation time (NT) data reveals that a larger
threshold prompts the UAV to adopt a more cautious flight
trajectory, thereby monotonically increasing the overall nav-
igation time. After comprehensive evaluation of all metrics,
the algorithm performs best when θobs = 8m.

Conclusion
This paper proposes SaferSAC, a deep reinforcement learn-
ing framework for UAV obstacle avoidance that effectively
addresses challenges related to safety and sample efficiency
in complex dynamic environments. Experimental results
demonstrate SaferSAC’s superiority. In quantitative evalu-
ations across all validation maps, SaferSAC achieved the
highest average cumulative reward and success rate while
maintaining a high SPL score. The ablation analysis con-
firmed the critical role of each component. Among them,
the adaptive action space planning module plays a critical
role in ensuring system safety. However, SaferSAC exhibits
slightly slower navigation time than YOPO in certain sce-
narios. Therefore, in future research, we will further explore
how to enhance navigation efficiency while maintaining se-
curity.
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