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Highlights
What are the main findings?

e A lightweight YOLOv8n model is proposed via channel pruning and INT8 quantization,
reducing inference latency on Raspberry Pi 4B to 83 ms while maintaining 84.6% mAP@0.5.

¢  Grid-Greedy-BFS (GGB) hybrid coverage path planning algorithm achieves 98.7% area coverage
with 83.8% time saving compared to pure BES.

What are the implications of the main findings?

e The method enables real-time autonomous target search on resource-constrained UAV
platforms.

e The hybrid planning strategy balances coverage completeness and search efficiency, supporting
dynamic target replanning in unknown environments.

Abstract

Unmanned aerial vehicles (UAVs) have wide application prospects in disaster search and rescue,
ecological monitoring and environmental inspection tasks, where target search is a key link to realize
autonomous task execution. UAVs often face challenges related to limited onboard computational
resources and inefficient environmental coverage when used for target search. To address these
issues, this paper proposes an autonomous search method for UAVs based on combined lightweight
target detection and coverage path planning. In this method, the target search task was decomposed
into two core parts target recognition and path planning. Firstly, in terms of target recognition, the
YOLOv8n model was subjected to channel pruning and INT8 quantization to reduce its
computational complexity, while HSV space data augmentation was incorporated to enhance
recognition robustness in complex environments. Secondly, path planning was formulated as a dual-
layer task comprising “spatial coverage + target confirmation.” A grid-based search environment
model was constructed, and a coverage path planning strategy was put forward that integrated
Breadth-First Search (BFS) with local greedy optimization to achieve efficient traversal of unknown
areas. Simultaneously, the A* algorithm was employed for path backtracking to cover omitted
regions. Finally, a simulation platform for UAV target search was built to validate the recognition
performance and search efficiency of the proposed method. The experimental results demonstrated
that the proposed method significantly improved the UAV target search efficiency and reduced the
path redundancy while ensuring the recognition accuracy, thereby offering an effective solution for
autonomous UAV search on resource-constrained embedded platforms.

Keywords: UAV; object detection; path planning; breadth-first search; greedy algorithm
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1. Introduction

In recent years, unmanned aerial vehicles (UAVs) have been widely used in emergency rescue
and other fields [14], and its autonomous ability is highly dependent on two core technologies [5-
7]: target recognition and efficient path planning in complex environments. In the “14th Five-Year
Plan” for civil aviation development, it is pointed out that it is necessary to innovate the UAV
industry ecology [8], and conduct operation scenario-oriented research on operation theory, risk
assessment and technical verification based on operation risk analysis. UAVs are mostly used as the
camera module in daily life, and the existing algorithms are largely designed for structured
environments and offer limited adaptability to dynamic target search making that UAVs cannot be
an independent unit for solve problems. In addition, the target recognition accuracy of UAVs may be
lowered by illumination mutation, color distortion and occlusion in real life, and it is difficult to
achieve full coverage cruise and dynamically response to new tasks in an unknown environment,
posing serious challenges for the research of UAV target search algorithms [9,10].

For target recognition UAV onboard platforms generally have limitations in computational
resources and power consumption, which cause trouble during direct deployment of large-scale deep
neural networks. The YOLO series models achieve a favorable balance between speed and accuracy
through their end-to-end single-stage detection architecture [11], while the standard YOLOv8n
model exhibits an inference latency of 125-200ms on embedded platforms such as Raspberry Pi 4B,
thereby failing to meet real-time processing demands. Existing studies have improved the inference
speed of the YOLO series on embedded platforms to some extent through model pruning and
quantization techniques [12-14], though a critical challenge remains in minimizing accuracy
degradation while maintaining model robustness against varying illumination and color interference
during this process [15]. Moreover, current methods predominantly focus on model optimization in
specific scenarios and do not sufficiently account for the communication reliability associated with
transmitting perception results[16-18].

For path planning Coverage Path Planning (CPP) can be considered as the core part of the search
task. The traditional Breadth-First Search (BFS) algorithms have advantages in traversal
completeness while disadvantages in excessive path redundancy; conversely, greedy algorithms gain
high efficiency with critical areas overlooked probably [19,20]. Although some scholars have
proposed hybrid algorithm, there’re rarely experimental verification algorithms combining target
detection confidence for dynamic task planning [21,22]. In addition, UAVs have high vulnerability to
battery limitations, network disruptions and unstable communication links, which elevates bit error
rates, increases transmission delays and ultimately undermines the practicability of such systems
[7,23-25].

In view of the above problems, this paper proposes a comprehensive algorithm framework for
UAV target recognition and path planning in complex environments, which mainly includes: 1)
implementing model lightweighting for YOLOv8n through channel pruning and INT8 quantization
to accelerate inference speed on Raspberry Pi 4B, and enhancing model robustness by introducing
HSV color space data augmentation so as to meet real-time processing requirements in complex color
scenarios. 2) achieving rapid full coverage with high efficiency and strong dynamic target replanning
capacity by integrating the local rapid optimization capability of greedy algorithms with the global
coverage completeness of breadth-first search.

Finally, simulation and experimental verification were conducted within the preconfigured
simulated field environment. The results show that the proposed algorithm performs well under a
variety of different interference conditions, especially in the wild animal search scene, the proposed
algorithm has a maximum mAP@0.5 of 84.6%, mAP@0.5:0.95 of 56.7% and a search coverage of 98.7%,
significantly surpassing current methods.
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2. Related Work

UAV target comprehensively covers issues of environment perception, path planning and
decision control. Traditional research methods usually optimize target recognition and path planning
as independent modules, lacking system-level collaborative design[9,26].

For object recognition, early studies mainly relied on methods combining hand-designed feature
extractors (such as SIFT, HOG) with classical machine learning classifiers (such as SVM) [27]. These
methods have achieved certain achievements in specific scenes, with obviously insufficient
generalization ability and robustness in complex conditions frequently faced by UAV platforms, such
as viewpoint changes, illumination interference and diverse target scales[28,29]. With the rise of deep
learning technology, the object detection algorithm based on convolutional neural network has been
paid more and more attention, among which the YOLO series achieves a good balance between
detection speed and accuracy due to its end-to-end single-stage detection architecture, thereby
especially suitable for resource-constrained UAV aboard platforms [11].

In terms of path planning, traditional methods are mainly divided into two categories: classical
algorithms and heuristic algorithms. Classical algorithms include A* algorithm, Dijkstra algorithm,
artificial potential field method, etc.,, which function steadily in static environments while have
difficulties in dealing with dynamically changing task requirements. Heuristic algorithms such as
genetic algorithm, particle swarm optimization algorithm, ant colony algorithm and so on are widely
used in path optimization in complex environments, which have the problems in slow convergence
speed and aptness to fall into local optimum [5,22,30]. As a core component of search tasks, full
Coverage Path Planning is traditionally addressed by algorithms like BES, which ensures exhaustive
coverage at the cost of low efficiency, and greedy algorithms, which prioritize speed while often miss
critical areas [20]. According to the research in IEEE journal, in uncertain environments, the
communication constraints, target dynamics and task collaboration have to be taken into
considerations during the coverage search of UAV swarm, and the traditional methods are difficult
to meet these requirements at the same time [31,32].

To solve the above problems, this paper proposes a UAV target search algorithm framework
based on two core theories: lightweight deep learning theory and full Coverage Path Planning theory.

Lightweight deep learning theory provides a technical path for deploying complex vision
models on resource-constrained UAV platforms. By removing redundant channels or connections in
the neural network, model pruning can significantly decrease the amount of computation while
maintaining model performance. Model quantization transforms high-precision floating-point
parameters into low-bit integer representations, which greatly lowers the model size and accelerates
inference [12,13,33]. Research by Soumyalatha et al. demonstrates that the combination of pruning
and INT8 quantization technology reduces the parameters of YOLOv3 model by 80.39%, and
improves the inference speed by 22.72%[13]. For the selection of YOLO series models, YOLOv8n has
an all-round improvement in performance compared with YOLOv5n. On the premise of ensuring a
similar model size, the data of YOLOv8n model trained on COCO show that its mAP@0.5:0.95 can be
improved by about 10% compared with YOLOv5n. The results above laying a theoretical foundation
for airborne real-time target detection.

The theory of full Coverage Path Planning provides a mathematical framework for the spatial
traversal strategy of UAV search missions [5,34]. The full Coverage Path Planning problem can be
modeled as finding an optimal path that can visit all passable grids in a given area. The BES algorithm
guarantees the completeness of the traversal from the perspective of graph theory, while the greedy
algorithm pursues the local optimal solution from the perspective of optimization. The hybrid
algorithm integrating the BFS and greedy algorithms enhances search efficiency while maintaining
coverage [20]. At the same time, the target recognition module performs target comparison in real
time during flights, so that the data of the two modules can be coordinated to ensure the dynamic
replanning ability. In the review of Sheltami et al., the technical classification system of UAV path
planning was systematically sorted out, and it was pointed out that about 30% of the studies were
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involved in classical methods, 29% in metaheuristic methods, 18% in AI methods and 23% in hybrid
methods [21]. Rahman et al. further emphasized that multi-UAV cooperative path planning posed
requirements for designing intelligent algorithms with real-time re-planning abilities in complex
scenarios [22].

3. Methodology

3.1. Task Modeling

In this paper, the UAV target search task is formalized as a dual-layer optimization problem:
full space coverage and accurate target confirmation.

Firstly, the task environment was divided into a grid map of MxN, and the size of each grid
matched the field of view of the UAV, which was initially set to Imx1m. The map state could be
represented as a matrix Zxy, where the element m took the value 1 (visited), 0 (none visited) or -1
(obstacle) [20]. The goal of the full coverage layer was to plan a path, so that the UAV could traverse
all the obstacle-free grids under the energy constraint to complete the initial search. Upon receiving
high-confidence suspected target indications from the detection module, the target confirmation
layer was activated, prompting the UAV to suspend its current coverage task and formulate a
localized path for secondary detailed inspection of the designated area. This modeling method
separates “wide-area search” from “fixed-point confirmation”, and takes into account both search
breadth and mission reliability.

3.2. Model Architecture

Based on the ideas proposed by the above task modeling, this paper constructs a three-in-one
algorithm architecture of “identification-transmittion-planning”. The overall framework is shown in
Figure 1.

Algorithm 1. Object Detection and Serial Transmission.

Require:

- serial: serial port

- detector: YOLO detector

- cam: camera

- disp: display

Ensure:

- Send target information packets

1: Initialize serial, detector, cam, disp

2: while not terminated do

3: img < cam. read ()
4: objs < detector. detect (img)
5: if objs is not empty then

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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6: for each obj in objs do

7: extract (x, y, w, h, label, score)

8: data < package (x, y, w, h, label, score)
9: serial. send (data)

10: end for

11: else

12: data — package (0,0,0,0,0,0)

13: serial. send (data)

14: end if

15: disp. show(img)

16: end while

The algorithm implements YOLO-based real-time object detection and sends the detection
results to external devices through the serial port. Initially, the system initialized the serial
communication, YOLO detection model, camera and display device. Then it entered the main loop:
the image was obtained from the camera and input to the detector for object recognition. When the
target was detected, the location information, category label and confidence of each target were
extracted one by one, encapsulated as a data packet, and sent out through the serial port. In case no
target was detected, an empty data packet was sent to indicate that there was no target at present.

Algorithm 2 Path Search and Compression

Require:

- start: starting point

- forbidden: no-fly zones

- directions: four directions

Ensure:

- Output a feasible compressed path

1: if not isReachable (start, forbidden) then return error
2: current — start, path < [start], visited[start] < true

3: while there exist unvisited reachable nodes do

4: next — avalid neighboring node selected from directions
5: if next exists then
6: current — next, visited[current] < true, path — path + current

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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7: else
8: break
9: end if

10: end while

11: for each unvisited node p do

12: path < path + BFS(current, p)
13: current < p

14: end for

15: path < compressPath (path)

16: path < path + BFS (current, start)

17: return path

Communication Layer

Target instruction / New target point ]

I

Instruction Receipt. ]

Local Optimization Layer

Greedy algorithm for local optimization
55 window optimization
Formula: Next = argmax p(v)

T Handling of Missing Points i X »
complexityl " Te A :ﬁm“';;:ms the Dynamic Replanning Ability

1
A\

Search and recognition Guide pth adusiment

Recognition result feedback transmission

Figure 1.
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This algorithm was designed to generate a feasible path in a grid environment with no-fly zone
constraints, and the path went through compression subsequently. Firstly, the reachability test was
used to determine whether all feasible areas could be covered from the starting point. An error was
directly returned in case of any point unreachable. Then, starting from the initial point, the traversal
strategy based on direction priority was adopted to gradually expand the path and mark the visited
nodes until no further progress could be made. For any remaining unvisited nodes, the BFS algorithm
was utilized to identify the shortest paths from the current position to these nodes, which were then
integrated into the main path to ensure comprehensive coverage of all reachable regions. After the
coverage was completed, the path was compressed to remove redundant intermediate points and
only the turning points were retained to reduce the path length and execution cost. Finally, the
algorithm connected the current position back to the starting point through one BFS to form a closed
path.

3.2.1. Object Recognition Module

The target recognition module uses YOLOVS8n as the basic model. Its core convolution formula
is as follows.

cC M N
)
Y@, j k)= X({+mj+n,c)- Wimn,ck)+ by .
The goal of the YOLO loss function is to minimize the difference between each predicted box
and the true box. The formula is as follows:

s* . - _ ~ 2
L= Acoordz‘ Oﬂobj [ = 2% + i — 9% + Wy — )2 + (hy — hy)?]c+
i

52 §2
Anoobjz' Oﬂnoobj [(c:— )]+ Z Oﬂobj [(: — 9:)? + (C: — C)?].
i= i=

In parallel, lightweight optimization was performed specifically for the Raspberry Pi 4B platform.
Firstly, sparse training was carried out on the final C3 module to remove 40% redundant channels.
After pruning, the mAP@0.5 loss of the model was controlled within 2%, which effectively reduced
the computational complexity. Secondly, TensorRT INT8 quantization technology was used. The
model size was compressed from 6 MB to 4.2 MB by combining the two methods of pruning and
quantization, and the recognition speed of a single image was improved from 48ms/img to 26ms/img.
The overall model inference latency reached 83ms, meeting the requirement for real-time onboard
processing. Channel pruning and INT8 quantization were used to achieve lightweight compression.
The loss of the pruned model is calculated as follows:

MAP fer — MAPpegyre 3)

AmAP = )
mAP before

the inference speed improvement formula after quantization is:

T,
Speedup = “before )

after

In addition, the model further incorporated an HSV color space data augmentation strategy to
account for complex lighting conditions and color interference. Specifically, random adjustments
were applied, including H-shift offsets within the range of [-15°, +15°], S-scale factors between [0.5,
1.5] and V-shift offsets within [-20, +20]. This approach emulated realistic illumination variations in
practical scenarios and enhanced the model’s adaptability to color changes. The proposed strategy
made the mAP attenuation amplitude of the model less than 5% on the low-light and strong reflection
test subsets, which verified the effectiveness of the proposed strategy.
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Table 1. Common symbols and meanings.

Symbols Meaning

X Input feature map
Y Output feature map
w Convolution kernel
by, Bias for the KTH kernel
i Outputs the spatial position coordinates in
2 the feature map

mn Internal coordinates of the convolution

’ kernel
c Input channel index
k Output channel (kernel number)
C Number of channels to input the feature
map

M,N The size of the convolution kernel

K Number of convolution kernels (number
of output channels)

s Size of the mesh

v The center position of the target box
24 (predicted value)

29 The center position of the true box (target
24 value)

w b Width and height of the target box
v (predicted value)

w;, h; Width and height of the true box (target)
C; Confidence score for the target box
Di The probability of the target class
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Weighting factors that modulate the effect
)‘coord' Anoobj .
of different terms
v The neighborhood of the current grid
N(u) The neighborhood of the current raster u
p(w) The density value of the raster
g(n) The known cost to the starting pointn
h(n) nA heuristic estimate to the goal
Z(x, y) Map state matrix
x, y) Missing point coordinates
14 Number of dynamic obstacles

3.2.2. Path Planning Module

The path planning module proposed a Grid-Greedy-BFS hybrid search algorithm (GGB). The
algorithm adopted a two-layer architecture: the upper layer (global coverage layer) generated a
global coverage sequence based on BFS to ensure the completeness of the traversal. The lower layer
(local optimization layer) optimized the subsequent selection based on the greedy strategy in the
current local window, and gave priority to the raster with the highest density of unvisited neighbors
to reduce unnecessary backtracking, as shown in Figure 2.

Grid-Greedy-BFS hybrid search algorithm

The upper layer—global coverage layer

BFS global coverage sequence generation

Global path

£ BFS expansion INEN ==&
[ | .* B
Im—=n
BFS global coverage E E B

Ensure traversal completeness

| J

Greedy strategy local window optimization

current position

Prioritize moving to

h the grid with the

|:> | highest density of
- -. - - unvisited neighbors.

Figure 2.
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The local optimum selection formula of the lower-level algorithm is as follows:
Next Position = arg 1;r(_glNa(alg)p(v) . 5)

In addition, to speed up the path search and take advantage of the target location information,
the A* algorithm was used to calculate the shortest path from the current point to the missing point.
After each step, the A* algorithm selected the expansion node according to the formula:

f) =g +hm), (6)

Manhattan heuristic was used when 4-connectedhy,,:

hMan(n) = |xn - xgoall + |yn - ygoall ’ (7)

The Euclidean heuristic was chosen when diagonal motion was allowedhg,,:

8
hEuc(n) = \/(xn - xgoal)z + (yn - ygoal)z . ®)

At the same time, the module was gifted with an integrated mechanism for handling missed
areas and dynamic replanning capabilities. Upon the initial traversal, it identified and charted the
shortest route to access unvisited “void” regions. The processing of omission points was achieved
through the computation of the shortest return path. When its formula was:

Missing Points = {(x y)|Z(x, y) = 0}. 9

When the target recognition module found a suspected target, the system suspended the current
BES task, inserted the target point as a high-priority node, and the greedy algorithm planed a path to
confirm it. After completing the task, coverage was continued from the breakpoint.

Compared with the pure BFS algorithm, the GGB algorithm reduces the invalid backtracking in
the traversal process through local greedy inspiration, and the task completion time is saved by 83.8%
compared with the pure BFS algorithm under the premise of ensuring the coverage rate. Compared
with pure greedy algorithm, GGB algorithm avoids the omission of critical areas, and the coverage
rate is increased by 16.4%.

3.2.3. Overall Time Complexity of the Algorithm

The time complexity of the object recognition module’s algorithm is predominantly determined
by the operations in the convolutional and fully connected layers. Given an input image of
dimensions W x H,with C representing the number of input channels and ¢’ denoting the number
of output channels, and assuming the convolution kernel has an area of k?, the time complexity of
the convolution operation is:

0(CXW xHxC'xk?). (10)

The detection part of YOLOv8n includes multiple convolutions and fully connected calculations,
so its overall time complexity is usually a function of the image size and the number of model layers.
Since the model is pruned, its time complexity is calculated according to the reduction of redundant
channels. The new time complexity can be expressed as follows:

0(0.6XCXxW xHXC'xk?). (11)

Since the task environment is divided into a grid map of MxN, the BFS full coverage time
complexity should be 0(M x N). The greedy algorithm selects the optimal neighbor node at each step,
so for each grid node, it needs to traverse at most four neighbors (up and down, left and right).
Therefore, in the worst-case scenario, the time complexity of the local optimization is 0(4 x M x N),
indicating that each grid node undergoes at most four comparison operations. Because the overall
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time complexity of the GGB algorithm is a combination of the full coverage layer (BFS) and the local
optimization layer (greedy), the time complexity of the whole algorithm is: 0(M x N).

Furthermore, the time complexity of dynamic replanning is dependent on the number of paths
requiring replanning, denoted as y. For the computation of paths involving missed points, the A*
algorithm was employed to determine the shortest path. The time complexity of the A* algorithm
was expressed as 0(y?2), which corresponded to the overall time complexity of dynamic replanning
and missed-point processing. Putting the above parts together, the time complexity of the overall
algorithm is as follows: O(M x N) + 0(y*).For large-scale scenes, the complexity of the algorithm is
mainly determined by the raster coverage part.

4. Experimental Results and Analysis

4.1. Dataset and Training

The experiments of the proposed object recognition algorithm are mainly carried out with the
COCO 2017 dataset. The dataset consisted of 118287 images in the training set, 5000 images in the
validation set and 40670 images in the test set. In this part of the experiment, a total of 9483 images
from four categories were selected as subsets, which were divided into a training set and a test set by
the ratio of 7:3. In the overall experiment of UAV target search algorithm, the public data set from
MaixCAM was selected. It contained a total of 2000 640x640 images with 10 categories of animal
identities. The first experiment used AdamW optimizer with initial learning rate le-3, momentum
0.9, weight decay 0.0005, batch size 32, and 200 rounds of training. The second experiment employed
SGD optimizer with initial learning rate 0.01, momentum 0.9, weight decay 0.0005, batch size 32, and
20 training rounds.

4.2. Experimental Setup

The experimental hardware platform with a UAV as the core unit incorporates a MaixCAM
camera for target recognition and a Raspberry Pi 4B as the onboard computer for rapid path planning.
The software environment utilizes Ubuntu 20.04 as the operating system and PyTorch 1.10 as the
deep learning framework. The experiment was conducted in an indoor setting with a simulated 30m
x 20m outdoor environment, as illustrated in Figure 3.

Figure 3.

The experimental validation of the unmanned aerial vehicle (UAV) target search algorithm was
conducted in the simulated outdoor environment described above. A total of eight targets across five
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distinct categories were deployed as subjects for target identification. Point A9B20 was designated as
the takeoff and landing site for the UAV. Prior to the commencement of the experiment, no-fly zones
were randomly established, as illustrated in Figure 4.

@ Start @ End

O 00 N O U b W N =

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

Figure 4.

4.3. Performance Evaluation

In this section, the performance of the proposed algorithm is comprehensively evaluated from
three dimensions of target recognition, path planning and overall data analysis, so as to verify the
effectiveness of each module and the overall framework.

4.3.1. Performance Comparison of Target Recognition Algorithms

YOLOV5 and YOLOVS are the most mature in the existing generations of target recognition
modules. Firstly, four small-volume models of YOLOv5 and YOLOVS generations were compared,
and its proved that YOLOv8n was the most suitable model for deployment on Raspberry Pi 4B.
Secondly, in order to verify the effectiveness of the proposed lightweight strategy, the performance
of the original YOLOv8n model and the lightweight version after channel pruning and INT8
quantization, YOLOvV8N-Lite, on the Raspberry Pi 4B platform was compared on the COCO 2017
subset. At the same time, to test increased robustness effect in HSV space data, on the low
illumination and strong reflective test subset the attenuation amplitude mAP@0.5 was analyzed
statistically. The results are shown in Table 2.

Table 2. Performance comparison of target recognition module on Raspberry Pi 4B.

The model Platform Reasoning time mAP@0.5 Amplitude of
decay
YOLOv5nu Raspberry Pi 4B 126ms 54.9% —
YOLOv5su Raspberry Pi 4B 380ms 68.8% —
YOLOv8n Raspberry Pi 4B 162ms 86.2% 11.3
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YOLOV8s Raspberry Pi 4B 400ms 70.8% —

YOLOvSn-Lite  Raspberry Pi 4B 83ms 84.6% 4.8

The average inference delay of the original YOLOv8n model on Raspberry Pi 4B was about
162ms, and the model size was 6 MB, which reached 86.2% on the training set of this paper. After
pruning and quantization, the model size was compressed to 4.2 MB, the compression ratio reached
70%, the inference delay was lowered to 83ms, representing an improvement of approximately 49%
compared to the original model, mAP@0.5 was 84.6%, and the loss of accuracy was controlled within
1.6%, which met the real-time processing requirements of <100ms on the airborne platform. After the
introduction of HSV data enhancement, the mAP@0.5 attenuation of the model on the complex
illumination test subset was decreased from 11.3% to 4.8%, which significantly improved the
adaptability in the environment of color interference.

4.3.2. Performance Comparison of Target Recognition Algorithms

In a 30m x 20m simulated field scenario, the performance of the proposed Grid-Greedy-BFS
hybrid search algorithm was experimentally evaluated and compared with those of random walk,
BES, and greedy algorithms. The results are shown in Table 3.

Table 3. Performance comparison of path planning algorithms.

Algorithms Completion Coverage Replanning delay
time
Random walk algorithm 1.15ms 76.2% —
BFS 1.92 ms 99.1% 45ms
Greedy algorithm 3.06 ms 82.3% 12ms
GGB 0.31 ms 98.7% 28ms

The GGB algorithm achieved 98.7% area coverage in 0.31ms, which saved 83.86% time compared
with pure BFS algorithm, and improvesd the coverage rate by 16.4% compared with pure greedy
algorithm. The algorithm also obtained a replanning delay of 28ms, which quickly responded to
dynamic target confirmation tasks, taking into account both search efficiency and traversal
completeness.

5. Discussion and Concluding

In this paper, we propose a comprehensive algorithm framework integrating lightweight target
recognition and hybrid path planning for the autonomous target search task of UAVs. Aiming at the
problem of limited resources of airborne platform, the YOLOv8n model is compressed jointly by
channel pruning and INT8 quantization method. At the same time, the HSV spatial data enhancement
strategy is introduced to significantly improve the color robustness of the model under complex
lighting conditions. In the aspect of path planning, a grid-greedy-BFS hybrid search algorithm is
designed. Through the two-layer architecture of “global coverage + local greedy optimization”, it
ensures the ability of high coverage and fast cruising, and has the ability of dynamic target re-
planning. The experimental results verify the effectiveness and practicability of the proposed
algorithm, which can provide technical support for the autonomous operating system of UAV.
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In addition, it must be pointed out that although the algorithm has excellent test data in the
simulation environment, the test environment is limited to the indoor line-of-sight scene, and the
influence of the performance of the algorithm on the target recognition and path planning in the
actual outdoor complex terrain needs to be further verified. In view of the above limitations, we plan
to further study and expand the application scenarios and generalization ability of the method in the
future, so as to better meet the needs of a wide range of tasks.
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The following abbreviations are used in this manuscript:
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BFS Breadth-First Search
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GGB Grid-Greedy-BFS hybrid search algorithm
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