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Abstract: In this paper, an enhanced deep reinforcement learning approach is presented
for unmanned aerial vehicles (UAVs) operating in dynamic and potentially hazardous
environments. Initially, the capability to discern obstacles from visual data is achieved
through the application of the Yolov8-StrongSort technique. Concurrently, a novel data
storage system for deep Q-networks (DQN), named dynamic data memory (DDM), is intro-
duced to hasten the learning process and convergence for UAVs. Furthermore, addressing
the issue of UAVs’ paths veering too close to obstacles, a novel strategy employing an
artificial potential field to adjust the reward function is introduced, which effectively guides
the UAVs away from proximate obstacles. Rigorous simulation tests in an AirSim-based
environment confirm the effectiveness of these methods. Compared to DQN, dueling DQN,
M-DQN, improved Q-learning, DDM-DQN, EPF (enhanced potential field), APF-DQN, and
L1-MBRL, our algorithm achieves the highest success rate of 77.67%, while also having the
lowest average number of moving steps. Additionally, we conducted obstacle avoidance
experiments with UAVs with different densities of obstacles. These tests highlight fast
learning convergence and real-time obstacle detection and avoidance, ensuring successful
achievement of the target.

Keywords: UAV obstacle avoidance; artificial potential field; dynamic environment; DQN
algorithm; Yolov8

1. Introduction
Drone technology is widely used in various industries, and its application scope and

influence are showing a significant and growing trend. Achieving autonomous obstacle
avoidance in dynamically changing environments poses a significant challenge within the
field of UAV technological research. The studies related to the navigation of autonomous
UAVs through sensors installed onboard have always been successful in static environ-
ments [1–5]. However, dynamic environments are associated with many complexities, as
numerous moving objects interfere with UAVs navigation. The unpredictable trajectories
of such obstacles require detailed planning, since treating these obstacles as non-moving
would lead to a lack of reaction time and the possibility of collisions by the UAV near their
approach to them. Thus, attributes of these obstacles should be included into navigation
methods as characteristics of a dynamic environment. Addressing dynamic obstacles
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efficiently and accurately presents a formidable challenge, especially given the constraints
of the onboard computational resources tasked with environment sensing, navigation,
and localization. Systems designed for obstacle detection and avoidance in dynamic set-
tings [6–10] typically employ detection and tracking of moving objects (DATMO) [11]
to ascertain the motion states of dynamic entities and adapt their trajectory accordingly.
Nonetheless, these strategies often fall short in effectively detecting or circumventing
dynamic obstacles.

In recent years, particularly the last half-decade, the performance of online multi-object
tracking (MOT) facilitated by deep learning technologies has not met the efficiency levels
of methods based on sparse principal component analyses [12,13]. This contrast becomes
evident as we witness significant strides being made in the domain of neural networks,
notably with the evolution from traditional convolutional neural networks (CNNs) to
more sophisticated deep convolutional neural networks (DCNNs). These advancements
have catalyzed substantial improvements in various computational tasks, including target
detection and the tracking of multiple objects, thereby fostering progress in online MOT
systems [14–16]. The deployment of DCNNs in analyzing natural scenes for object detection
and tracking underscores their potent feature extraction prowess and the intricacies of
their network architecture, which collectively enhance their ability to perform detailed
and efficient image analyses [17,18]. In contrast, the detection-based tracking methodology
(TBD) relies on the utilization of video-based detectors that identify targets, subsequently
orchestrating and linking trajectories of objects post-identity verification based on the initial
detection results [19]. Addressing the complexities introduced by employing multiple
cameras in online MOT settings, various optimizations and enhancements in detection and
tracking methods have been implemented. In a parallel vein, offline MOT implementations
that leverage single-camera tracking strategies have demonstrated superior performance,
although they are often hindered by the limited scope of their viewing angles. These single-
camera setups prove more suitable for offline MOT scenarios [12,20], as they navigate
the inherent limitations of viewing angles, which frequently lead to issues such as the
misidentification of objects, occlusions, and challenges with debris motion [21,22].

Currently, references [23] and [24] provide comprehensive reviews of multi-object
tracking literature based on visual tracking and detection technologies, rather than focusing
specifically on deep learning methods for online multi-object tracking (MOT). SORT [25]
incorporates a Kalman filter (KF) to approximate inter-frame displacement, while other
models [26,27] focus on distinguishing appearance features to enhance matching accuracy.
The tracker [28] utilizes the regression component of Faster R-CNN [29] to predict object
displacement between consecutive frames. FFT [30] further integrates optical flow to assist
with backward displacement estimation. In addition, the center tracking approach [31]
develops a dedicated tracking branch specifically to predict motion.

Substantial progress has been made in UAV navigation through environments clut-
tered with both dynamic and static obstacles, with numerous investigations employing
classical techniques such as the artificial potential field (APF) [32], rapidly exploring ran-
dom trees (RRTs) [33], the A* algorithm [34], Voronoi diagrams (VDs) [35], and probabilistic
roadmaps (PRMs) [36]. These traditional path planning approaches are favored for their
straightforward implementation. Nonetheless, they often suffer from high time complexity
and reduced efficacy in scenarios involving complex, high-dimensional spatial navigation.
Alternatively, intelligent optimization algorithms such as the genetic algorithm (GA) [37],
particle swarm optimization (PSO) [38], gray wolf optimization (GWO) [39], and differential
evolution (DE) [40] have been adopted. These methodologies, while simple to deploy for
UAV route optimization, boast extensive search capabilities and robustness in addressing
large-scale problems. Despite these advantages, they are hampered by significant compu-
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tational demands, performance sensitivity to parameter settings, and slow convergence
rates. To mitigate these drawbacks, recent studies have pivoted to employing deep rein-
forcement learning techniques for autonomous navigation and collision avoidance (ANCA)
challenges. For instance, a study in the literature [41] introduced a UAV obstacle avoidance
strategy utilizing a deep recurrent q-network enhanced with temporal attention, enabling
monocular camera-equipped quadrotors to autonomously navigate complex indoor en-
vironments. Another contribution [42] enhanced the deep Q-network (DQN) for path
planning to address the overestimation biases commonly associated with Q-networks. One
study outlined in the literature [43] developed a dual deep Q-network (DQN) leveraging
a dueling architecture to enhance image-based ANCA for mobile robots, using Kinect
sensors within a simplified simulation setting. Despite certain advancements, DQN-based
methodologies still face challenges in navigating complex image environments effectively.
As the environmental complexity escalates, both the convergence rate and the efficacy of
the DQN are adversely impacted. To bolster the image navigation capabilities, the integra-
tion of convolutional neural network (CNN)-based target detection algorithms with DQN
techniques is being explored. As detailed in the literature [44], a method for monocular
visual obstacle avoidance in quadrotor UAVs employing deep learning techniques has
been introduced. Furthermore, the literature [45] discusses a DQN strategy enhanced with
YOLO for autonomous navigation in lawnmowers, where YOLO excels in identifying
specific markers from camera-captured images, which are then seamlessly integrated into
the DQN to facilitate autonomous navigation functionalities. Another study highlighted in
the literature [46] introduces a distance estimation methodology based on deep learning,
employing YOLOv3 to identify, categorize, and pinpoint target objects within images, fol-
lowed by an evaluation of its efficacy using both DNN and CNN. However, the processing
of detection results by these algorithms tends to be somewhat limited, failing to adequately
address the dynamic and uncertain conditions typical of unmanned aerial vehicle (UAV)
operations. To enhance the effectiveness in complex environments, where poor conver-
gence and slower convergence rates are prevalent, optimizing the sampling probability
of experiences in the replay memory is essential. The literature [47] discusses a strategy
termed combined classical experience replay (ER), which incorporates the most recent
experiences into the training batches from the replay buffer. Additionally, as described in
the literature [48], an approach involves calculating the discrepancy between the action’s
output and its estimated value for each experience, then setting the sampling probability
accordingly based on this error magnitude. In scenarios involving dynamic, unknown UAV
tasks, this method increases the computational demands and slows down training due to
the continuous calculation of new parameters for each experience. Moreover, the frequent
storage of experiences significantly enlarges the memory usage, thereby restricting the
method’s utility and efficiency.

To tackle the issues identified above, this research presents improved deep reinforce-
ment learning strategies that combine the Yolov8-StrongSort model with a new DQN data
storage method. The key contributions of this research are outlined as follows:

1. Considering the negative impact of dynamic obstacles, the reward function is set up
using an artificial potential field to circumvent obstacles and approach the target so
that the UAV can obtain the optimal path.

2. We introduce a data storage mechanism that alters the distribution of the expe-
rience types in the replay memory, thereby accelerating the convergence of the
proposed method.

3. Based on the scenarios, we apply the Yolov8-StrongSort model to consider dynamic
obstacle trajectories and the background of the image output from the model, thereby
reducing the difficulty of training the UAV.
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4. For efficient target tracking, we choose OSNet, a lightweight yet powerful network
architecture with exceptional target reidentification capabilities, ensuring stable per-
formance even in complex environments.

This paper is structured as follows. The following sections provide an organized
introduction to the paper. Section 2 describes the UAV ANCA problem in detail. Section 3
describes the system framework, the optimization of StrongSort, a detailed description
of the playback memory data storage mechanism, and a mathematical analysis of colli-
sion avoidance. In Section 4, we describe and analyze the results and present a discus-
sion. Finally, in Section 5, we summarize the results of this paper and propose future
research directions.

2. Reinforcement Learning for the UAV ANCA Problem
This section defines the state, action, and reward foundations within the context of

reinforcement learning and then develops a model of the environment that suits the frame-
works of reinforcement learning. In particular, the problem of UAV collision avoidance is
formulated as a Markov decision process.

2.1. States and Actions

To enhance the resolution of the UAV ANCA issue, it is essential to precisely de-
fine the input state S(t) and the corresponding action αU(t), where t symbolizes time.
During mission execution, the UAV’s available states S(t) include its own state sU , the
target’s state sg, and visual data s0. The state sU , comprising coordinates and velocities
[xu(t), yu(t), zu(t), V,γ(t),χ(t)], is derived from GPS and gyroscopic measurements, with
γ and χ denoting the trajectory and heading angle, respectively; the target state sg, pre-
determined before the mission or adjusted in real-time through UAV communications,
consists of [xu(t), yu(t), zu(t)]; s0 represents imagery from the onboard camera, utilized
primarily for collision avoidance. Both the UAV and target states, sU and sg, are described
within the inertial coordinate framework. This approach ensures that the methodology
remains effective, even in varying scenarios. Moreover, any intervention studies involving
animals or humans, along with other studies requiring ethical approval, must clearly state
the authority granting this approval and include the relevant ethical approval code.

S(t) =
[
zu −(t), HUtoG(t), Dg(t), θgXOY, χ(t), So(t)

]
(1)

In this context, zu −(t) represents the variance between the current and minimum
set flight altitudes. Meanwhile, HUtoG(t) measures the altitude differential relative to
the destination. The parameters θgXOY and

[
HUtoG(t), Dg(t)

]
specify the UAV’s relative

positioning to its destination along the XOY and XOZ planes, respectively. Given these
inputs S(t), the corresponding action αU(t) is defined as [uγ, uχ], with uγ and uχ controlling
the UAV’s trajectory and heading angle, respectively.

2.2. Reward Function Design Based on Artificial Potential Field Method

We adopted an artificial potential field-based approach to design the reward function
because it combines simplicity, adaptability, and effectiveness, and can naturally integrate
navigation and obstacle avoidance targets into a unified framework. At the same time, it is
compatible with reinforcement learning methods. The core idea of this method is to guide
drones to efficiently reach targets and safely avoid obstacles in complex environments
through the interaction of attraction and repulsion.

As the UAV advances towards its target, the reward function is bifurcated into two
components based on the concept of an artificial potential field. The first segment encom-
passes the positional reward function, which itself is divided into the target acquisition
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reward and the obstacle avoidance reward. The target acquisition reward aims to expedite
the UAV’s journey to the target location, whereas the obstacle avoidance reward ensures
the UAV maintains a safe distance from any obstructions. The second segment pertains to
the directional reward function, which is crucial for effective navigation. Given that the
resultant force direction in the artificial potential field aligns well with the UAV’s trajectory,
this directional reward is crafted to steer the UAV precisely towards the designated target
point. In developing the positional reward function, the gravitational potential field method
is initially employed to formulate the target reward function.

rewardatt =
1
2

ζd2
goal (2)

Here, ζ represents the constant in the gravitational reward function and dgoal refers to
the distance from the current location to the target point.

The obstacle avoidance reward function is developed in part by integrating a repulsive
potential field function. This function assigns increasingly negative rewards as the UAV’s
proximity to an obstacle decreases.

rewardrep =

 1
2 η

(
1

dobs
− 1

dmax

)2
, dobs < dmax

0, dobs ≥ dmax

(3)

In this context, η represents the constant associated with the repulsive reward function,
dobs specifies the distance from the UAV to the nearest obstacle, and dmax denotes the
maximum distance at which an obstacle exerts its influence.

In the directional reward function, the resultant force influencing the robot aligns
with its intended trajectory. The angular disparity between the robot’s actual and intended
directions is quantified as follows.

φ = arccos
Fq·Fa∣∣Fq
∣∣|Fa|

(4)

Here, Fq represents the intended direction, Fa indicates the actual direction, φ is
the angle that measures the deviation between the intended and actual directions, and
λ represents the directional reward constant, which controls the weight of directional
consistency. Consequently, the directional reward function can be articulated as follows.

rewardyaw = λ
φ

Π
(5)

By synthesizing Equations (2), (3) and (5), the comprehensive reward function is
formulated as follows.

reward = rewardatt + rewardrep + rewardyaw =

1
2 ξd2

goal −
1
2 η

(
1

dobs
− 1

dmax

)2
+ λ

φ
Π

(6)

The parameters ξ, η and λ in the reward function control the weights of different
reward components, reflecting the importance of target attractiveness, obstacle repulsion,
and navigation directionality. By adjusting the weights of parameters ξ, η and λ based
on the environment, balancing obstacle avoidance and a quick arrival at the destination,
the optimized reward function exhibits a high success rate and navigation efficiency in
the task.

Consequently, the total reward function for the mobile robot is delineated as follows.
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R =
1
2

ξd2
goal


1000 dgoal < rgoal

− 1
2 ζ

(
1

dobs
− 1

dmax

)2
+ λ

φ
Π dgoal > rgoal&&dobs > robs

−500 dobs < robs

(7)

Here, rgoal is defined as the radius surrounding the target point that constitutes the
target area, while robs is the radius around the obstacle defining the collision area, where
the reward value for dgoal < rgoal drones is R = 1

2ξd2
goal ∗ 1000, and the reward value for

dobs < robs drones is R = 1
2 ξd2

goal ∗ (−500).
To evaluate the efficacy of the reward function based on the artificial potential field,

the setting of the reward function takes into account only the distance between the mobile
robot and the target point for comparative purposes. The configuration of the reward
function is presented as follows:

reward =

(dgoal

k

)2

(8)

2.3. Markov Decision Process

During a task, the UAV intelligently selects a move αU(t) based on the current state
S(t) at time step t. Following the implementation of action αU(t), the state transitions
from S(t) to s(t + 1), at which point the UAV receives an environmental reward rU(t + 1).
The UAV’s decision-making process in selecting actions is inherently Markovian, hence
it is described as a Markov decision process [43]. This process is characterized by a set of
components known as a quaternion.

MDP = [SU , AU , Psa, RU ]

SU = [s(1), s(2), . . . , s(t), . . .]
AU = [αU(1), αU(2), . . . , αU(t), . . .]
Psa = p(s(t + 1), RU(t + 1)|s(t), αU(t))
RU(t + 1) = rU(s(t), αU(t))

(9)

Here, SU comprises the entire state space, with S(t) indicating the state at time step t;
AU represents the action space, with αU(t) denoting the action taken at time step t. Psa, the
probability of state transition, signifies the likelihood of moving to the new state s(t + 1)
and receiving the reward rU(t + 1) after action αU(t) is carried out in state s(t). RU serves
as the reward function, while rU(t + 1) is the reward accrued from executing action αU(t)
in state s(t).

2.4. Examples

In this section, we present a simple example scenario and calculation. We assume that
the UAV needs to reach the target point (10, 10, 10) from the starting point (0, 0, 0) and
an obstacle at (5, 5, 5) needs to be avoided during the path planning process. The UAV’s
state space includes its position, velocity, target distance (dgoal), and obstacle distance (dobs).
Initially, these values are set as:

dgoal = 17.32 m, dobs = 8.66 m (10)

The UAV can perform two types of maneuvers: moving forward or changing direction.
The path planning strategy is guided by a reward function consisting of three components:
target attraction, obstacle avoidance, and heading consistency. The total reward function is
defined as:

reward(t) = rewardatt + rewardrep + rewardyaw (11)
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Target attraction reward (encourages moving toward the goal):

rewardatt = −
1
2

ζd2
goalinitially rewardatt = −150 (12)

Obstacle avoidance reward (prevents UAV from getting too close to obstacles):

rewardrep =
1
2

η

(
1

dobs − 1

)2
, initially, rewardrep = 0.016 (13)

Heading consistency reward (ensures the UAV maintains an optimal direction):

rewardyaw =
λϕ

π
Initially, rewardyaw = 0 (14)

The total initial reward calculation is:

reward(0) = −149.984 (15)

3. Methods
3.1. System Framework

Figure 1 illustrates the YS-DADQN architecture. In this setup, the UAV gathers
state information S(t) using onboard sensors and provides an enhanced image S′0 to the
advanced Yolov8-StrongSort model. This model processes the image for feature extraction
and subsequently identifies obstacle data S′0. Integrating these data with positional details,
the updated state S′(t) is fed into the predictive network. From state S′(t), this network
predicts the optimal maneuver αU(t). Upon implementing αU(t), the system receives the
updated state S(t + 1) along with the associated reward rU(S(t), αU(t)). Subsequently, the
current experience tuple rm = [s(t), αU(t), rU(s(t), αU(t)), s(t + 1)] is assessed for storage
in the replay memory based on specific criteria; if it does not meet these, it is discarded.
The filtering process adjusts the distribution of experiences within the replay memory,
ensuring a balanced sampling likelihood for each experience category. Random sets of
experiences are then drawn from the replay memory, inputted into both the predictive and
target networks, followed by error evaluation via the loss function. Using the computed
error, the gradient descent method refines the predictive network. During training, both
the direction and distance to obstacles and targets are calculated, and the reward value is
derived from the reward function of the artificial potential field. After extensive training
and optimization, an intelligent entity capable of ANCA is developed.
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3.2. Obstacle Detection and Tracking

To mitigate collisions with dynamic obstacles, the initial step involves identifying
the status of these obstacles through detection and tracking. As depicted in Figure 2, the
process starts by using RGBD images to identify 2D areas of potential motion in objects (il-
lustrated in Figure 2a). Given the UAV’s limited computational capabilities, the lightweight
Yolov8-StrongSort neural network is utilized for this task. This method offers greater
resilience and less sensitivity to alterations in algorithmic settings and environmental con-
ditions compared to point-cloud-based clustering techniques [49,50]. It also achieves higher
efficiency and accuracy. The images processed for tracking and recognition (as in Figure 2b)
are further utilized to isolate obstacle information by removing background elements (as
shown in Figure 2c).
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Figure 2. (a) Raw RGB image. (b) Obstacle tracking and identification. (c) Background elimination of
obstacle tracking identification. Red boxes are detected obstacles.

Following the outcomes of the object detection, tracking is conducted using the Strong-
Sort algorithm, which involves calculating the pairwise distances among detected objects
in images captured at successive time steps. This technique supports the correlation of
information across multiple frames, thereby enhancing the tracking of objects. Additionally,
leveraging the camera’s pose, it is possible to estimate the velocity, trajectory, and other
dynamic states of an object over a defined period. An object’s motion state is defined by its
velocity. If the computed velocity consistently surpasses a pre-established threshold, vd,
the object is classified as moving; if not, it is regarded as part of the static environment.

Our obstacle avoidance planning system is predicated on forecasting the forthcoming
paths of dynamic obstacles. Exploring future trajectories of objects is a compelling subject
that has been approached in various ways [51–53]. Nonetheless, considering the demands
of UAV flight control, the prediction models need to be streamlined for efficacy. Building
on the methodology proposed by Eppenberger [54], we adopt a conservative motion model
to predict the velocity and imminent trajectory of any detected dynamic obstacle. When
a dynamic obstacle moves on a horizontal plane, its velocity can be accurately estimated
using a Kalman filter (KF). For such an obstacle, its state vector

→
x = [x, y, vx, vy] captures

its position and velocity in the plane. The measurement input for the KF at time t, denoted
as
→
z t, represents the center of mass of the object on this plane. We define the dynamics of

the system and the measurement model accordingly.

→
x t+1 = A·→x t + Q (16)

→
z t+1 = H·→x t+1 + R (17)

In this model, A represents the state transition matrix, while H serves as the observa-
tion matrix, with Q and R modeling the system and measurement noise, respectively.

Qk = diag((σpγ̂k−1|k−1)
2, (σp ĥk−1|k−1)

2,
(σpγ̂k−1|k−1)

2, (σp ĥk−1|k−1)
2,

(σvγ̂k−1|k−1)
2, (σv ĥk−1|k−1)

2,
(σvγ̂k−1|k−1)

2, (σv ĥk−1|k−1)
2)

(18)
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Rk = diag((σmγ̂k|k−1)
2, (σm ĥk|k−1)

2
,

(σmγ̂k|k−1)
2, (σm ĥk|k−1)

2
) (19)

Based on a priori knowledge, the noise coefficients in the Kalman filters were selected
as σp = 0.05 (position), σv = 0.00625 (velocity), and σm = 0.05 (motion).

This framework supports the real-time, short-term forecasting of the movement paths
of dynamic obstacles. It should be noted that during the tracking phase, if there is a
significant discrepancy between the actual observed position of the target and the position
estimated by the Kalman filter (KF), this is indicative of a tracking error. In such instances,
the prior results are discarded and the tracking sequence is reinitiated.

3.2.1. Yolov8

YOLOv8s is a streamlined version of the YOLOv8 algorithm, featuring a lightweight
parameter structure. It includes a backbone network, a neck network, and a prediction
output header. The backbone network performs convolutional operations on RGB (red,
green, blue) images to extract multi-scale features. The neck network’s function is to
integrate these features from the backbone. A common method used for this integration is
the feature pyramid network (FPN), which combines lower-level features into more abstract
representations. The prediction header is tasked with classifying the target categories and
employing three different-sized sets of detection sensors to identify and select relevant
image content.

YOLOv8s is a streamlined version of the YOLOv8 algorithm, featuring a lightweight
parameter structure. It includes a backbone network, a neck network, and a prediction
output header. The backbone network performs convolutional operations on RGB (red,
green, blue) images to extract multiscale features. The neck network’s function is to
integrate these features from the backbone. A common method used for this integration is
the feature pyramid network (FPN), which combines lower-level features into more abstract
representations. The prediction header is tasked with classifying the target categories and
employing three different-sized sets of detection sensors to identify and select relevant
image content.

3.2.2. Optimization of StrongSort

The architecture of the Yolov8-StrongSort algorithm is depicted in Figure 3. Initially,
videos to be analyzed pass through the target detection module, utilizing YOLOv8 as the
detector, which identifies and outputs details about the target boxes. Subsequently, within
the tracking module, a comprehensive network (OSNet) serves as a feature extraction
network, pulling the appearance features of the targets. Concurrently, the NSA Kalman
method in this module updates and forecasts the location data of the targets, while in state
estimation, observation noise impacts the accuracy of measurements. The measurement
noise covariance R is utilized to quantify the noise scales associated with the measurements.
In Kalman’s algorithm, the noise scale is a constant matrix. However, different measure-
ments have varying noise scales, which should be adjusted with the detection confidence.
Equation (21) introduces an adaptive approach for determining the noise covariance. The
outputs from the target detection are then integrated with the tracking predictions using
both vanilla and IOU matching techniques. If the vanilla matching confirms a match,
the next frame is updated and predicted immediately. If a matched target vanishes but
reappears within N frames, its tracking is reaffirmed and the next frame is forecasted. For
newly appearing targets without prior tracking frames, IOU matching is employed, and
if three consecutive matches succeed, the tracking state is established as confirmed. The
procedural flowchart of this algorithm is illustrated in Figure 4.
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• NSA Kalman (Noise-Scale Adaptive Kalman Algorithm)

Traditional Kalman filters [55] utilize recursive algorithms to predict past, present, and
future states of detection boxes, serving as a robust, efficient method for state estimation
that is widely applied in engineering challenges. Nevertheless, in dynamic multi-target
tracking environments typical for UAVs, issues such as environmental shifts, sensor errors,
and fluctuating noise levels present significant hurdles. The standard practice of applying
a consistent measurement noise level across all detection boxes, without considering
their detection quality, may not yield precise motion estimations. Consequently, within
the camera module, we implemented an enhanced correlation co-efficient maximization
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(ECC) [56] technique, which incorporates camera motion compensation as described in
Equation (20).

EEcc(p) = ∥ ir
∥ ir ∥

− iω(p)
∥ iω(p) ∥

∥
2

(20)

Here, ∥·∥ signifies the Euclidean norm, p represents the deformation parameter, and ir
and iw(p) are the zero-mean normalized forms of the reference image ir and the warped
image iw(p), respectively. To address the issue of image alignment, an iterative method,
which could either be positive additive or inverse composite, was employed to minimize
the function EECC(p). The ECC algorithm [57] provides an effective strategy for miti-
gating the impact of UAV motion noise, establishing its utility as a dependable tool for
such applications.

Later, Du and Y introduced the NSA Kalman algorithm [58], which enhances the
detection accuracy by dynamically adjusting the noise scale based on the quality of the

detected target box. The adaptive modification of the noise covariance
∼
Rk, as specified in

Equation (21), is determined through specific metrics that assess the detection quality.

∼
Rk = (1− Ck)Rk (21)

In this model, Rk represents the constant measurement noise covariance, and it also
indicates the detection confidence score for state k. A lower noise level correlates with a
higher detection confidence score Ck, resulting in a reduced value of

∼
Rk. A decrease in

∼
Rk

signifies an increased influence of detection data in the state update process and vice versa.
This methodology significantly enhances the precision of state updates.

• Target Reidentification

ResNet50 [59], known for its robust performance in the ImageNet large-scale image
classification competition, is extensively utilized across a variety of image processing ap-
plications [60–62]. Nonetheless, the considerable size and parameter count of ResNet50
contribute to increased image processing durations and heightened computational de-
mands, rendering it less optimal for resource-limited UAV platforms. Conversely, OSNet
is tailor-made for specific applications such as target reidentification, delivering superior
performance characterized by enhanced efficiency and adaptability. Consequently, we
opted for OSNet over ResNet50 in the StrongSORT algorithm and conducted training with
a specific dataset.

We incorporated the feature storage and update mechanism outlined in [63], which
leverages both multiple frame data and variations between frames. This approach is
particularly adept for enhancing the correlation between detection and tracking within
intricate environments. In this methodology, the appearance state of the trajectory in frame
t within the feature extraction segment is updated using an exponential moving average
(EMA). The corresponding formula is depicted in Equation (22).

et
i = aet−1

i + (1− a) f t
i (22)

In this model, f t
i represents the appearance embedding corresponding to the detected

match, and the value for α (representing the motion vector) is set at 0.9. By employing the
EMA method for updates, this strategy enhances the matching accuracy and concurrently
decreases the computational time required.

3.3. Path Planning

This section introduces an enhanced version of the DQN method, tailored for scenarios
involving UAVs using only onboard camera images for autonomous navigation. To aug-
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ment the image-based navigation capabilities, the Yolov8-StrongSort model is integrated
within the DQN framework, hence forming the YOLO-StrongSort-enhanced DQN ap-
proach. Furthermore, traditional experience replay techniques have become ineffective due
to changing scene features, adversely affecting the UAV training outcomes. To address this,
an innovative experience replay mechanism called the data-driven memory (DDM) model
is proposed, incorporating Yolov8-StrongSort into a data storage mechanism, referred to
as YS-DADQN.

3.3.1. DQN

Developed by the DeepMind team, the DQN [64] framework represents an advanced
deep reinforcement learning approach that melds Q-learning with deep neural networks
and an empirical replay mechanism, facilitating the generation of action–value functions
across an extensive state space. Within the DQN architecture, the prediction network
Q(s, α, θ) and its counterpart, the target network Q̂(s, α, θ), share identical structures. To
evaluate and optimize the approximation quality, the networks’ loss function is articulated
in Equation (23). Furthermore, Equation (24) delineates the computation of the gradient
for the parameter θ, which is subsequently refined using the gradient descent technique to
ascertain the optimal action–value function after thorough training.

L(θ) = E

[((
r + γ max

au(t+1)
Q̂(s(t + 1 ), aU(t + 1), θ′

)
−Q(s(t), aU(t), θ)

)2
]

(23)

∇θ L(θ) = E[(r + γmaxQ̂
a′

(s(t + 1 ), aU(t + 1), θ′)

−Q(s(t), aU(t), θ)))∇θQ(s(t), aU(t), θ)]
(24)

This paper identifies two significant challenges in adapting the traditional DQN
framework to the current study’s scenarios: the absence of robust image-based autonomous
navigation capabilities for ANCA and the ineffectiveness of traditional empirical replay
techniques. To address these issues, this work introduces the YS-DADQN model, which
modifies the conventional structure of the DQN method.

3.3.2. Playback Memory Data Storage Mechanism

In light of the scenarios outlined in this study, traditional experience replay meth-
ods used within DQN frameworks have proved inadequate, inhibiting the attainment
of superior training outcomes for artificial intelligences. Consequently, this paper intro-
duces an innovative DDM approach specifically designed to refine the experience playback
mechanism in the DQN context.

This research outlines task scenarios marked by three distinct aspects: (A) their com-
plexity; (B) the drone speed is low compared to the scene area; (C) a reward mechanism
that only acknowledges the final action in each sequence. Such characteristics contribute to
a disproportionate distribution of experiences within the replay memory—predominantly
storing intermediate, non-rewarding states and fewer critical, rewarding end states. This
disproportionality hinders the training efficacy of UAVs. Moreover, DQN training involves
enhancing the decision-making capabilities of autonomous systems through randomly
sampling small subsets of experiences from the significantly larger replay memory (for
instance, a replay memory of 1000 while only 64 experiences are sampled at a time). The
skewed experience representation coupled with the minimal exposure to diverse scenarios
during each sampling event challenges the enhancement of UAV training outcomes.

Consequently, we introduce a replay memory dynamic deposit model (DDM) designed
to reduce the computational complexity while adjusting the sampling probability of various
experiences. This model classifies experiences and allocates a specific deposit ratio to each
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category. By using this ratio, the proportion of each experience type within the replay
memory is recalibrated, ensuring that every category of experience has an opportunity to
be included in smaller sample batches.

In addressing the UAV ANCA issue, the empirical replay memory (RM) is archived
within the playback memory. This archive is composed of the actions executed, represented
by αU , along with the si(t).

RM =
{

rm(i)
∣∣∣rm(i) =

[
si(a−), αU , si(a+), rU

]
, i < RMCapacity

}
(25)

Here, i represents the sequence number of the experience data. The symbol α- indi-
cates the time step one αU prior to the execution of the operation, while α+ signifies the
time step one αU after the execution. The capacity of the replay memory is denoted as
RMCapacity. In this scenario, the state si(α+) following the operation in the i− th experi-
ence rrn(i) also corresponds to the state si+1(a−) prior to the operation in the (i + 1)− th
experience rm(i + 1).

Based on the analysis of the state data, the task scenario is defined by si+1(t) as follows:[
[si(t)]

]
= [eo, ec, eout, eg] (26)

where [·][·] denotes the task situation represented by the state. The parameters eo, ec, eout, eg

are used to define this scenario; eo indicates the detection of an obstacle by the agent,
ec signifies a collision, eout represents crossing a boundary, and eg denotes reaching the
destination. The values and definitions for eo, ec, eout, eg are listed in Table 1.

Table 1. System description parameters.

Parameters Meanings of Parameters Meanings of Different Values

Yes No

eo Obstacles detected or not 1 0
ec Collision or not 1 0

eout Out of bounds or not 1 0
eg Arrival at destination or not 1 0

Based on the aforementioned mission scenario, the states si(t) obtained by the agent
can be classified as follows: ssa f e, where the drone neither detects obstacles nor collides,
crosses boundaries, or reaches the destination; sobs, where the drone detects an obstacle
without colliding, crossing boundaries, or arriving at the destination; scollision, where the
drone collides with an obstacle; sout, where the drone crosses the boundary; sarrival , where
the drone reaches its destination.

si(t) ∈
{

ssa f e, sobs, scollision, sout, sarrival

}
(27)

ssa f e = {si(t)|
[
[ si(t)]

]
= [eo = 0, ec = 0, eout = 0, eg = 0]} (28)

sobs = {si(t)
∣∣∣[[si(t)]

]
= [eo = 1, ec = 0, eout = 0, eg = 0]} (29)

scollision =
{

si(t)
∣∣∣[[si(t)]

]
=

[
eo ∈ {0, 1}, ec = 1, eout = 0, eg = 0

]}
(30)

sout = {si(t)|
[
[si(t)]

]
= [eo ∈ {0, 1}, ec = 0, eout = 1, eg = 0]} (31)

sarrival = {si(t)|
[
[si(t)]

]
= [eo ∈ {0, 1}, ec = 0, eout = 0, eg = 1]} (32)
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In addition, experiences are classified according to the type of state si(t) rm(i) ∈ RM
in the replay memory as follows, where rm(i) =

[
si(α−), αU , si(α+), γU

]
.

(1) A resulting experience (RE) refers to the type of experience gained by an agent
at the conclusion of each episode within the simulation. This experience is subdivided
into three specific categories: the arrival experience, denoted as REarrival ; the collision
experience, referred to as REcollision; and the experience of exceeding the boundary limits,
labeled as REout.

RE = {REarrival , REcollision, REout}, RE ∈ RM (33)

REcollision =
{

rm(i)|
{

si(α−) ∈ ssa f e, si(α+) ∈ scollision

}⋃{
si(α−) ∈

sobs, si(α+)∈ scollision}}
(34)

REout =
{

rm(i)|
{

si(α−) ∈ ssa f e, si(α+) ∈ sout

}⋃{
si(α−)

∈ sobs, si(α+)∈ sout}}
(35)

All three types of experiences provide non-zero rewards, enabling the intelligent
agent to learn effective strategies. Positive rewards guide the agent to navigate towards its
destination, while negative rewards teach it to avoid collisions and crossing boundaries.
Additionally, since RE-type experiences are only generated at the end of each episode, they
are relatively infrequent compared to the replay memory capacity. Therefore, a higher
deposit rate should be assigned to RE-type experiences.

(2) Dangerous experiences (DE) occur when the agent detects an obstacle. In such
cases, the drone approaches the obstacle, requiring the intelligent agent to decide whether
to avoid it. The agent must determine an appropriate obstacle avoidance action based on
the positions of both the obstacle and the destination.

DE =
{

rm(i)|
{

si(α−) ∈ sobs, si(α+) ∈ ssa f e

}⋃{
si(α−) ∈ ssa f e, si(α+) ∈

sobs}
⋃{

si(α−) ∈ sobs, si(α+) ∈ sobs
}
}

(36)

In this context, RE represents the experience where the agent detects an obstacle before
taking action and no longer detects it afterward. Conversely, DE indicates an experience
where the agent does not detect any obstacle before the action but detects it afterward.
Additionally, it includes the experience where obstacles are detected both before and after
executing the action.

The DE and REcollision experience types both relate to obstacles but serve different
purposes. REcollision experiences teach the UAV to avoid collisions when near an obstacle,
while DE experiences enable the intelligent agent to learn collision avoidance strategies.
During training, DE experiences are generated when the UAV approaches obstacles. As the
training progresses and the UAV becomes adept at avoiding obstacles, the frequency of
these experiences increases as the UAV navigates more effectively between obstacles. Conse-
quently, the replay memory may contain a higher number of DE experiences, necessitating
a lower deposit ratio, PDE, for these experiences.

(3) A safety experience (SE) represents an intermediate state, where the drone is
navigating towards its destination while avoiding obstacles.

SE =
{

rm(i)|
{

si(α−) ∈ ssa f e, si(α+) ∈ ssa f e

}}
(37)

In the research presented here, the employment of a positive reinforcement mechanism
at the culmination of each episode significantly aided in training the artificial intelligence
agents to proficiently pilot a drone towards its intended target. The investigation encom-
passed scenarios that involved extensive tasks, thereby accumulating a substantial volume
of SE (successful experience) instances. Given this abundance, it is advisable to establish
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a minimal deposit ratio, denoted as PSE, for these types of experiences to optimize the
learning efficiency.

As part of the training protocol, variable deposit ratios were applied to different
categories of experiences, as previously outlined. Subsequently, a selective proportion of
each experience category was incorporated into the replay memory. This approach led to a
recalibrated quantitative composition of the assorted experience types within the revised
replay memory structure.∣∣RM′

∣∣ = pRE × |RE|+ pDE × |DE|+ pSE × |SE| (38)

The notation |·| signifies the count of designated experience types present in the
replay memory, while RM′ represents the collection of all experiences stored within the
newly updated replay memory. Details regarding the operation of this data storage process
are illustrated in Algorithm A1, appended to this document.

3.4. Mathematical Analysis of Collision Avoidance

To ensure the safety of the proposed method, we provide a mathematical framework
to guarantee collision avoidance. The analysis includes a theoretical derivation based
on the Markov decision process framework, a proof based on Lyapunov stability, and a
worst-case evaluation.

3.4.1. Security Assurance in the Framework of the Markov Decision Process

The UAV path planning problem can be represented as a Markov decision process,
defined as a tuple:

M = (S, A, P, R, γ) (39)

where S is the state space, including the UAV position and obstacle position; A is the action
space, representing the possible directions of movement of the UAV; P(s′|s, a) is the state
transfer probability function; R(s, a) is a reward function designed to penalise collisions
and encourage safe navigation; γ is the discount factor.

Assigning a large penalty value for collisions ensures that the optimal policy learned
by reinforcement learning π∗ avoids entering a collision state. Specifically, we define:

R(s, a) =

−C, I f a collision occurs

−d
(

s, sgoal

)
otherwise

(40)

where C ≫ 0 is a large penalty constant and d
(

s, sgoal

)
represents the Euclidean distance

to the goal. Theorem 1 proves that under this reward setting, the learned policy is able to
avoid collisions, and the detailed proof is given in Appendix A.

Theorem 1. (Collision avoidance in the form of Markov decision process. For detailed
certification see 2. Certification in Appendix A.) The optimal policy obtained by reinforcement
learning is satisfied for a sufficiently large value of the reward function:

P(s ∈ Scollision|π∗) ≈ 0, ∀s0 ∈ S ∖ Scollision (41)

3.4.2. Safe Path Planning Based on a Lyapunov Stability Analysis

We use the Lyapunov function V(s) to analyze the stability of the UAV trajectory,
where V(s) represents the extent to which the UAV deviates from the optimal path. The
definition is as follows:

V(s) = d(s, sgoal) + λ ∑
i

d(s, sobstaclei
)−1 (42)
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where d
(
s, sobstaclei

)
denotes the distance to the i obstacle, and t is the weight that balances

the target point optimization and obstacle avoidance. Its time derivative is satisfied:
.

V(s) ≤ −αV(s) when α > 0 (43)

This ensures asymptotic stability, i.e., the drone can navigate along a safe trajectory
and reduce the risk of collision.

3.4.3. Worst-Case Scenario Assessment

To evaluate the worst-case performance, we consider the scenario where obstacles
move randomly at high speeds. We derive an upper bound on the collision probability
based on the worst-case state transfer model:

Pmax(collision) =
T

∑
t=0

P(st ∈ Scollision) (44)

Combined with the theoretical analysis, we can conclude that:

Pmax(collision) ≤ 1−
T

∏
t=0

(1− P(st ∈ Scollision)) (45)

By optimizing the obstacle avoidance strategy and reducing the probability of visiting
the collision region, we were able to keep the value within acceptable limits.

4. Results and Discussion
4.1. Experimental Environment

The experimental setup comprised Ubuntu 18.04, TensorFlow 1.4.0, and CUDA 11.0,
running on an Intel i9-14900KF processor. The simulation was conducted using the Airsim
platform, where an indoor experimental setup was designed to validate the effectiveness of
the proposed YS-DADQN algorithm in 3D environments. The experimental environment
was arranged with various sizes of furniture as static obstacles and five walking figures
inside the house as dynamic obstacles, as illustrated in Figure 5. We set the starting and
target positions to train unmanned aerial vehicles in obstacle avoidance. The dynamic
obstacles moved randomly within a 10 m radius at a speed of 0.7 m/s. In this mission
scenario, the UAV’s speed and maximum heading angular velocity were configured to
0.7 m/s and 0.84 rad/s, respectively.
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4.2. Comparative Experiments with Yolov8-StrongSort

To train the Yolov8-StrongSort model, we constructed our own dataset called SDO by
combining it with the environment. A total of four video clips were recorded, resulting in
2390 extracted frames. The dataset, containing 1920 × 1280 pixel images, was segmented
into training and validation groups with allocation rates of 80% and 20%, respectively.
Specifically, the training group was equipped with 1912 images, whereas the validation
group was furnished with 478 images.

In the realm of dynamic multi-target tracking, a comparison was conducted between
Deep-SORT, ByteTrack, StrongSort, and the enhanced YL-SS algorithm. Each of these
models was trained under identical conditions, employing pre-trained weights and utilizing
our SDO dataset. The trackers were evaluated based on several metrics, including IDF1,
false positives (FP), ID switches (IDSW), and the detection time. The experimental results
are presented in Table 2.

Table 2. Comparative results for different models. Here, ↓ indicates better performance (lower is
better) and ↑ indicates better performance (higher is better).

Models IDF1 ↑ IDP ↑ IDR ↑ FP ↓ IDSW ↑ MOTA ↑ Time (ms) ↓
Deep-SORT 63.7 63.8 63.7 593 54 87.2 33.2
ByteTrack 83.5 83.3 83.2 488 27 90.4 13.2
StrongSort 81.2 81.4 81.3 483 24 90.5 43.5

YL-SS 88.2 88.6 86.3 321 12 90.6 28.4

The data presented in Table 2 reveal that the ByteTrack algorithm achieves the highest
detection speed among all algorithms, surpassing the YL-SS algorithm. It is essential to
recognize, however, that this increased speed comes with a significant rise in ID switches
by 125%, and a 52.02% increase in total false positives. Moreover, there are reductions in ID
tracking precision and recall by 5.31% and 3.12%, respectively. On the other hand, the YL-SS
algorithm offers consistent real-time performance and notably improves upon key metrics
such as the ID switching, tracking accuracy, and recall, particularly when benchmarked
against the Deep-SORT algorithm. This makes the YL-SS algorithm a reliable option for
demanding tracking tasks. Figure 6 shows the detection tracking effect. Additionally, while
the YL-SS algorithm exhibits a slight decline in accuracy relative to the precision-oriented
StrongSort algorithm, it compensates with a 34.7% enhancement in detection speed.
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4.3. UAV Path Planning
4.3.1. Experimental Setup

Over a series of 950 training episodes, we evaluated the performance of four algo-
rithms: DQN, DDM-DQN, APF-DQN, and YS-DADQN. We evaluated each model’s ability
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to avoid obstacles, measured success rates, and analyzed how training influenced the
performance. The parameters of the algorithm during experimental training are shown
in Table 3.

Table 3. Training parameters and values.

Parameters Values

Learning rate 0.01
Discount factor 0.9

Pre-training steps 800
Mini-batch size 128

Replay memory size 1000
Network update frequency 50

4.3.2. UAV Indoor Obstacle Avoidance

In this research, Figure 7 illustrates the relationship between episodes and rewards in
path planning for dynamic and static environments across four models: DQN, DDM-DQN,
APF-DQN, and YS-DADQN. Each algorithm was tested over 950 episodes to compare
convergence speeds. The curves in Figure 8 represent the reward per UAV round. Ini-
tially, the UAV lacks the experience needed to reach the goal efficiently, spending the
first 300 episodes primarily exploring the environment rather than directly achieving the
goal. As a result, the UAV receives low rewards early on but gradually converges in
later rounds, indicating that it learns to avoid obstacles by sensing its surroundings and
adjusting its behavior accordingly. Figure 8 clearly shows the performance improvements
of each algorithm after the initial learning phase. It is evident that DDM-DQN, APF-DQN,
and YS-DADQN adapt more rapidly than the standard DQN. Specifically, DDM-DQN
enhances its learning efficiency by selectively emphasizing significant experiential data and
diminishing its dependence on less impactful experiences. Meanwhile, APF-DQN acceler-
ates its advancement by employing a reward function tailored to promote strategies that
prioritize collision avoidance and optimal path discovery. YS-DADQN learns faster than
other algorithms, attributed to its superior capabilities in accurate target detection and en-
vironmental sensing. This model effectively enables UAVs to navigate and make decisions
more efficiently, optimizing both the exploration phase and the route optimization process.
The final analysis, as presented in Figure 8, shows that the ultimate reward achievements
differ markedly. DQN plateaus at a reward of 2200; DDM-DQN and APF-DQN ascend to
4000 and 5000, respectively; while YS-DADQN reaches peak performance with a reward
tally of 8000. These data underscore YS-DADQN’s superior efficiency in navigating and
formulating more effective path strategies compared to its counterparts.

We captured two scenes during the UAV flight process. In the first scenario, the
drone detects an obstacle from a distance, as shown in Figure 9a, and chooses to fly to
the left based on the trained YS-DADQN. Figure 9b shows the drone beginning to change
direction and yaw to the left. In Figure 9c, the drone moves to the left of the obstacle
and successfully bypasses it, as shown in Figure 9d. The drone successfully evades the
obstacle. In the second scenario, the drone navigates through a corridor. From the depth
map (Figure 9e), it is evident that the drone needs to turn right, and there is sufficient space
available. As the drone gradually approaches the corridor (Figure 9f), the gap between
the two walls becomes wide enough for the drone to pass through. The drone adjusts its
path to maintain a safe distance from the walls, gradually adapting to the open area as in
Figure 9g. Ultimately, the drone successfully crosses the corridor, as shown in Figure 9h.
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In the experimental setup, we designated two target points within the environment,
allowing the UAVs to navigate autonomously between these points to explore the area. To
assess the effectiveness of the proposed algorithm, we conducted several simulations and
compared the results with other path planning algorithms. Table 4 presents the outcomes of
300 episodes of experiments, evaluated using three metrics: the average number of moves
to reach the target, the number of successful arrivals, and the success rate. All simulations
were conducted on the same computer under identical conditions to determine the UAV
path planning success rate. The results indicate that the YS-DADQN algorithm achieves
the highest success rate of 77.67%, outperforming several existing methods. It improves
the success rates by 19% over improved Q-learning, 23.34% over traditional DQN, 22%
over dueling DQN, 20.67% over M-DQN, 17% over DDM-DQN, 12.67% over EPF, 8%
over APF-DQN, and 5.34% over L1-MBRL. These results clearly demonstrate the proposed
algorithm’s superiority, as it not only converges faster than its counterparts but also reaches
the target more efficiently compared to the existing studies.
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Table 4. Algorithm comparison results. Here, —— represents an indication of non-participation.

Model Average Moving Step Number of Success Success Rate (%)

DQN [65] 29.65 163 54.33
Dueling DQN [66] 28.25 167 55.67

M-DQN [67] 27.96 171 57.00
Improved Q-learning [68] 26.47 176 58.67

DDM-DQN 25.98 182 60.67
EPF [69] —— 195 65.00

APF-DQN 23.08 209 69.67
L1-MBRL [70] —— 217 72.33
YS-DADQN 20.71 233 77.67

In this study, the YS-DADQN algorithm performs well on these metrics, an advan-
tage that is mainly attributed to its improvements in environment perception and target
detection, which enable the UAV to make faster and more accurate decisions in dynamic
environments, thereby avoiding obstacles and optimizing the path selection process when
planning paths. Compared to traditional DQN algorithms, YS-DADQN can make more
effective use of experiences and real-time feedback to rapidly improve its learning efficiency
and reduce unnecessary exploration phases. For the enhanced potential field method, al-
though the method performs well in dynamic obstacle avoidance, its effectiveness usually
relies on accurate velocity models and obstacle prediction. For the L1-MBRL algorithm, the
L1-MBRL adaptive control strategy enhances the robustness of the model, and especially
excels in handling system uncertainties and external perturbations. However, the method
relies on accurate system modelling and requires constant adjustment of the control inputs
to adapt to environmental changes. Compared to other algorithms, YS-DADQN not only
improves the convergence speed but also reaches the goal in a shorter time and exhibits
a higher success rate of path planning. YS-DADQN demonstrates the ability to flexibly
cope with dynamic environments through the combination of reinforcement learning and
intelligent perception modules, and is able to avoid obstacles and optimize paths efficiently.
In addition, reasonable hyper-parameter settings, such as the learning rate, discount fac-
tor, and exploration strategy, also positively affect the algorithm’s performance, enabling
YS-DADQN to achieve faster convergence in training and demonstrate higher efficiency
and stability in experiments. Through the optimization of these experimental parame-
ters, YS-DADQN is able to quickly adjust its path when facing dynamic environments,
demonstrating its superiority in complex environments.

4.3.3. Algorithm Performance with Different Obstacle Densities

To evaluate the impact of obstacle density on UAV performance, we tested YS-DADQN
in environments with varying obstacle densities (10%, 30%, and 50% area coverage). Table 5
presents success rates of 85%, 78%, and 72%, respectively, demonstrating the model’s
adaptability to increasingly complex environments.

Table 5. The impacts of different obstacle densities on algorithms.

Obstacle Density (%) Average Moving Step Success Rate (%)

10% (low density) 18.2 85%
30% (medium density) 20.4 78%

50% (high density) 22.9 72%
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5. Conclusions
We introduce an innovative approach for autonomous navigation and collision avoid-

ance in dynamic environments for quadcopter UAVs, utilizing the YS-DADQN framework.
This method incorporates Yolov8-StrongSort for enhanced dynamic obstacle detection.
Additionally, a novel data storage mechanism for replay memory has been developed to
boost the efficacy of training processes. Furthermore, we have crafted a reward function
inspired by artificial potential fields that optimizes the UAV’s trajectory by considering
both the proximity to the target and the avoidance of obstacles. Our empirical results
show that the proposed YS-DADQN outperforms DQN, DDM-DQN, APF-DQN, EPF, and
L1-MBRL in terms of its higher success rate, with YS-DADQN achieving a success rate of
77.67%, which outperforms the other methods for navigation in complex environments. In
addition, we also conducted experiments with different obstacle densities, and the success
rate of YS-DADQN is 85% in low-density environments, 78% in medium-density environ-
ments, and still 72% in high-density environments. YS-DADQN has good robustness and
adaptability, and maintains a high task success rate, even in complex environments with
more obstacles.

Although traditional and some modern methods have certain advantages in specific
scenarios, their respective limitations (e.g., easy to fall into local optima, dependence on
accurate modelling, high computational complexity, etc.) make them deficient in dealing
with complex, dynamic, and unknown environments. YS-DADQN, however, effectively
overcomes these shortcomings by virtue of the dynamic adjustment and global optimization
capabilities of reinforcement learning, providing a more efficient solution for autonomous
UAV navigation and obstacle avoidance.

Future studies could significantly benefit from a detailed examination of integrat-
ing multi-source heterogeneous data into sensor-based obstacle avoidance systems. The
development of sophisticated algorithms for data fusion alongside enhanced decision-
making strategies for intelligent obstacle navigation could markedly improve the systems’
environmental perception and navigation capabilities.
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Appendix A
1. Algorithm A1.

Algorithm A1. Replay memory data storage mechanism method

1. Experencestorage(rm)
2. Initialize experience storage flags, experience deposit ratio pRE, pDE, pSE

3. Generate a random value p
′
, and p

′ ∈ [0, 1]
4. Type(rm)← Determine the type of experience rm
5. if Type(rm) is RE do
6. if p

′
< pRE do

7. Fstorage ← true
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8. end if
9. else if Type(rm) is DE do
10. if p

′
< pRE do

11. Fstorage ← true
12. end if
13. else if Type(rm) is SE do
14. if p

′
< pRE do

15. Fstorage ← true
16. end if
17. end if
18. Return Fstorage

2. Certification

Proof of Theorem 1. Let be the optimal value function be computed based on the reward
function, i.e.,:

V∗(s) = max
π

E
[

∞

∑
t=0

γtR(st, at) | s0 = s

]
(A1)

Since the reward for a collision state is −C, for any policy π, the chosen action leads to
a collision state:

PV∗(s) = −C + γ ∑
s′

P
(
s′
∣∣s, a

)
V∗

(
s′
)

(A2)

In order to minimize negative rewards, the optimal policy chooses actions that avoid
collisions as much as possible so that the probability of visiting a collision state tends to
zero, i.e.,:

P(s ∈ Scollision|π∗) ≈ 0 (A3)

This demonstrates that reinforcement learning can learn collision avoidance strategies
when designed with appropriate rewards. □
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