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Abstract: To break through the technical bottlenecks of traditional UAVs in scene reproduction accuracy, situational awareness
efficiency, and real-time data processing, and to promote the development of UAV technology towards intelligence, collaboration,
and high precision, this paper systematically develops and elaborates on three core technology systems: real -scene multi-modal
Al fusion modeling technology, global situational intelligent perception and collaborationtechnology, and multi -modal data real-
time fusion technology based on sparse representation. In terms of technical performance, the real-scene modeling accuracy
reaches the centimeter level, and the global perception response speed is increased to the millisecond level. By building a
hardware verification platform and a software simulation system, application tests have been completed in scenarios such as
smart cities, power inspection, and geological exploration. The results show that this technology system can achieve an
equipment defect recognition rate 0f97.8% and improve the inspection path planningefficiency by 40%, providing key technical
support for the efficient operation of UAVs in complex environments. At present, the relevant technologies have been piloted in
a number of power enterprises and municipal units, with potential for large-scale promotion, and are of great significance for
promoting the upgrading of the UAV industry and the development of the digital economy.
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technology, before 2010, UAVs mainly adopted a single
sensor data collection and simple data processing mode, with

1. Introduction

In recent years, with the rapid development of artificial applicationslimited to 1F)w-a1titud§ aerial phoFography. From
intelligence, sensor technology, and communication 2010t0 2018, with therise ofmulp-sensor fusion technology,
technology, UAVs have gradually expanded from single UAYS began to havsa prehmln?uty' 3D modell.ng and
application scenarios such as traditional aerial photography env1r9nmental _perception cgpabllltles, but limited .by
and reconnaissance to diversified fields including smart city algorithm efficiency, it was difficult to balance processing
construction, power infrastructure operation and maintenance, accuracy and speed. After 2018, the integration of deep
and geological disaster monitoring. learning and edge computing technology has provided a new

According to industry reports, the global civil UAV market path for the breakthroggh of UAV teghnology._
size exceeded 40 billion US dollars in 2023 and is expected The real-scene multi-modal Al fusion modeling technology
to reach 65 billion US dollars by 2025. The surge in market integrates multi-source data such as aeria} images, satellite
demand has put forward higher requirements for the remote sensing, and lager radar, aqd combines deep learning
performance indicators of UAV technology. However, the algorithms  to achieve centimeter-level 3D scene
current UAV technology system still faces three core reconstruction, filling the gap of traditional modeling
challenges: technology in accuracy and scene adaptability. The global

First, in terms of scene reproduction, traditional modeling situational intelligent ~perception and  collaboration
technology relies on a single data source, is easily affected by technology constructs an air-space-ground integrated
environmental interference, and is difficult to achieve high- information transmission and decision-making architecture,
precision 3D scene reconstruction. The modeling error often realizing millisecond-level situational response and
exceeds the decimeter level, which cannot meet the needs of improving the. collaborative operatiqn capability OfUAVS in
precision-sensitive fields such as power inspection and corpplex environments. The multi-modal da}ta regl-tlme
geotechnical engineering. fusion technology based on sparse representation relies on

Second, in the aspect of situational awareness, there are compressed sensing theory to reduce the complexity of data
problems such as inconsistent spatio-temporal benchmarks processing, making real-time processing of multi-modal data
and data transmission delays in air-space-ground multi-source on the airborne platform possible. These three technologies
information, leading to delayed decision-making responses support each other and form a complete technical chain of
and difficulty in quickly responding to emergencies in "Qata c.ollectlon.- scene recionstructllon - s1tuatlopa1 awareness
scenarios such as emergency rescue. - intelligent decision-making", laying a foundation for the in-

Third, in the data processing link, multi-modal data (visible depth application of UAVs in multiple fields [3].
light, infrared, laser point cloud, etc.) has a huge volume, and
the traditional fusion algorithm has high computational
complexity, which cannotrealize real-time processing on the
airborne embedded platform, restricting the autonomous
operation capability of UAVs.
Looking back at the development history of UAV
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2. Real-Scene Multi-Modal Al Fusion
Modeling Technology - Global
Reproduction

2.1. Technical Principle and Architectur

The real-scene multi-modal Al fusion modeling technology
is based on a multi-modal data collaborative processing
framework to realize the full-process automation from multi-
source data collection to high-precision 3D scene
reconstruction. Its technical architecture is divided into four
core levels: data collection layer, preprocessing layer, fusion
modeling layer, and application layer. The functions and
technical details of each layer are as follows [5]:

Data Collection Layer: A multi-dimensional datacollection
system is constructed by equipping the UAV with a high-
resolution optical camera (with a pixel count of no less than
50 million),a laser radar (with a point cloud density of > 200
points/m?), and combining satellite remote sensing data (with
a spatial resolution of < 1m). Among them, the UAV adoptsa
hexacopter configuration, with a maximum flight altitude of
6000m, a battery life of > 90 minutes, and can operate stably
in an environment with a wind speed of < 12m/s, ensuring the
integrity and stability of data collection. The satellite remote
sensing data uses Gaofen-7 satellite images, and the spectral
information of ground objects is obtained through multi-
spectral bands (blue, green, red, near-infrared) to provide data
support for subsequent semantic segmentation.
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Figure 1. Virtual camera projection schematic diagram
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Preprocessing Layer: Aiming at the problems of
inconsistent spatio-temporal benchmarks and noise
interference in multi-source data, an adaptive weighted fusion
algorithmis used for data calibration. First, through the flight
strip correction technology, based on the GPS/IMU combined
navigation data (with a positioning accuracy of < 0.5m), the
distortion and attitude deviation of UAV images are
automatically corrected, and the correction error is controlled
within 0.1 pixels [8]. Second, denoising processing is
performed on the laser radar point cloud data, and the
statistical filtering algorithm is used to remove outliers (the
filtering radius is set to 0.3m, and the confidence interval is
95%), and coordinate conversion is performed through
ground control points (GCP) to unify the point cloud data into
the WGS84 coordinate system. Finally, radiometric
correction and atmospheric correction are carried out on the
satellite remote sensing data to eliminate the influence of
factors such as illumination and atmospheric scattering on
image quality, ensuring the consistency of each data source.

Fusion Modeling Layer: This layer is the core of the
technology, realizing the in-depth fusion of multi-modal data
and 3D modeling through a dual mechanism of feature-level
fusion and decision-level fusion [4]. In the feature-level
fusion stage, the PointNet++ point cloud classification
algorithm is used to extract ground object features and
perform semantic segmentation on the laser radar point cloud
data, dividing the ground objects into 12 categories such as
buildings, roads, vegetation, and power poles, with a
segmentation accuracy of 96.5%. At the same time, the
convolutional neural network (CNN) is used to extract
features from the optical images to obtain information such as
the texture and color of ground objects. In the decision-level
fusion stage, a 3D modeling engine is constructed to correlate
and match the point cloud features with the image features,
and the Poisson surface reconstruction algorithm is used to
generate areal-scene 3D model with physical properties (such
as elevation, material, and geometric dimensions). The
modeling accuracy reaches the centimeter level (planar
accuracy < 5Scm, elevation accuracy < 10cm).
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Figure 2. Coordinate transformation process in 3D rendering

Application Layer: Based on the generated real-scene 3D
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model, multi-scenario application modules are developed. In



the field of topographic mapping, it supports functions such
as contour generation and slope-aspect analysis, and can
output topographic maps at a scale of 1:500 [6]. In the field
of power inspection, a pole defect recognition algorithm is
integrated to automatically identify defects such as pole tilt
and component loss by comparing the geometric deviation
between the 3D model and the standard pole model, with a
recognition accuracy of the millimeter level. In the field of

P 4

7T

l-fgf( L ~
1Jump 2jumps

\ Drones Cluster 1

e %
6 -
t*o

~

Drone swarm 3

A‘»p-*""‘
e
B

By
W

it
il i~
e

geotechnical engineering, a geotechnical mechanics analysis
module is embedded, which uses a convolutional neural
network to identify geological features (such as joints and
fractures) and simulates the mechanical behavior of
geotechnical bodies under load through a physical engine,
providing a scientific basis for geological stability analysis
[22].
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Figure 3. Flow Chart of "Five-Remote Integrated Intelligent Data Link"

2.2. Technical Innovation

The innovation ofthis technology is mainly reflected in the
following three aspects, and the innovation points all focus on
"solving industry pain points": First, an intelligent processing
pipeline is constructed to realize full-process automation.
Traditional modeling technology requires manual
participation in links such as data calibration and feature
extraction, which is inefficient and prone to human errors.
This technology realizes end-to-end automated processing
from data collection to 3D modeling through flight strip
correction technology and deep learning algorithms, and the
processing efficiency is more than 3 times higherthan that of
traditional methods. For example, in a city 3D modeling
project, the traditional method takes 15 days to complete the
modeling of a 50km? area, while thistechnology only takes 5
days, and the modeling error is reduced from 0.3m to 0.05m.

Second, multi-disciplinary technologies are integrated to
improve scene adaptability. By integrating computer graphics,
geomechanics, and artificial intelligence technologies, the
limitations of traditional modeling technology in complex
scenarios are broken through. In geotechnical engineering
applications, the distribution of rock joints is identified
through laser radar point clouds, and the stability of rock
slopes is simulated in combination with geomechanical
models, with a prediction accuracy of 92%, which is
significantly higherthan that of traditional geological survey
methods (with an accuracy of about 75%). In the underground
pipe network modeling, through multi-dimensional visual
analysis, the integrated modeling of underground pipe
networks and above-ground facilities is realized, solving the
problem of "emphasizing above-ground and neglecting
underground" in traditional methods, and providing complete
data support for pipe network maintenance.

Third, a distributed computing architecture is adopted to
realize real-time processing of massive data. Aiming at the
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problem of huge volume of multi-modal data (the data
collected by a single UAV sortie can reach more than 100GB),
a distributed computing architecture is adopted to distribute
data processing tasks to multiple computing nodes, and each
node is responsible for dataprocessing in a specific area. The
processing speed is 8 times higher than that of the traditional
single-machine architecture, which can meet the real-time
processing needs of large-scale scenarios (such as urban-level
modeling).

2.3. Application Case

Verification To verify the effectiveness of the technology,
an application test was conducted in a smart city construction
project of a provincial capital city. The test area covers
100km?, including urban, suburban, and mountainous terrain
[20]. The test process strictly follows the process of "data
collection - preprocessing - fusion modeling - application
verification" to ensure the scientificity and reliability of the
test results. The test results show:

Modeling Accuracy: 200 ground control points were
selected for accuracy verification. The average planar error
was 3.2cm, and the average elevation error was 7.5cm, which
met the accuracy requirements of 1:500 scale topographic
maps and was 84% higher than that of traditional UAV
modeling technology (with a planar error of about 20cm).

Scene Adaptability: In the dense urban building area, 98.3%
of the building outlines were successfully identified, and the
detailed structures such as building balconies and windows
were accurately restored. In the mountainous terrain area, the
problem of vegetation occlusion was effectively handled, and
the real surface elevation data was obtained by penetrating the
vegetation with laser radar point clouds, with a terrain
restoration accuracy of 95%.

Application Effect: Based on the real-scene 3D model, the
municipal department realized the visual management of the
underground pipe network. In a pipe network leakage



accident, the location ofthe leakage point was quickly located
through the model, and the maintenance time was shortened
from 4 hours (traditional method) to 1.5 hours, greatly
improving the emergency response efficiency [23]. The
power department used the model for pole inspection, and
automatically identified 12 pole defects (such as loose bolts
and damaged insulators), with a defect recognition rate of
97%, which was 17 percentage points higher than that of
manual inspection (with arecognition rate ofabout 80%). The
application effect shows that this technology has practical
application value.

2.4. Global Situational Intelligent Perception
and Collaboration Technology - Decision-
Making Center

2.4.1. Technical Principle and Architecture

The global situational intelligent perception and
collaboration technology is based on deep neural networks
and multi-modal data fusion algorithms, constructing an
integrated technical architecture of "perception - transmission
- processing - decision-making" to realize real-time
collaboration and intelligent decision-making of air-space-
ground multi-source information [9]. Its core architecture
includes the perception layer, transmission layer, processing
layer, and decision-making layer. The technical details of each
layer are as follows:

Perception Layer: High-precision environmental data is
collected through the UAV-borne control components and
surveying components. Among them, the control components
include a flight controller (with an attitude control accuracy
of <0.1°) and a GPS/Beidou dual-mode navigation module
(with a positioning accuracy of < 0.1m), ensuring the flight
stability and positioning accuracy of the UAV. The surveying
components are equipped with a visible light camera (frame
rate 30fps, resolution 4K), an infrared thermal imager
(temperature measurement range -20°C ~ 150°C, temperature
measurement accuracy +2°C), and a laser radar (ranging
range 0.5m ~ 200m, ranging accuracy +3cm), which can
simultaneously obtain visual, temperature, and 3D geometric
information of the target area [24]. In addition, it integratesa
"five-remote  integrated" mission payload (remote
measurement, remote viewing, remote control, remote
adjustment, and communication) to collect real-time UAV
flight parameters (such as speed, altitude, and battery power)
and environmental data (such as wind speed, temperature, and
humidity)with a data collection frequency of 10Hz, ensuring
that the perception equipment meets the perception needs of
different scenarios.

Transmission  Layer: Relying on a wide-area
communication network, real-time transmission of multi-
source data is realized. A wireless communication base station
with a single cell radius of 100km s adopted, combined with
5G private network technology, with a transmission rate of
1Gbps and a transmission delay of < 10ms, ensuring real-time
interaction of data between the UAV, ground control platform,
and cloud. At the same time, a multi-link redundant
transmission mechanism is constructed. When the main
communication link fails, it automatically switches to the
backup link (such as satellite communication) with a
switching time of < 1s, ensuring the reliability of data
transmission, which is suitable for areas with weak
communication signals such as remote mountainous areas and
oceans [10].

Processing Layer: At the "station" end of the operation and
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inspection control platform, Al-based real-scene 3D scanning
software is used to preprocess the original data and extract
features. First, through point cloud classification and
semantic segmentation technology (using the U-Net++
network), 3D information of terrain features, building
outlines, and infrastructure (such as power poles and roads) is
extracted to construct a digital base map with physical
properties, and the feature extraction time is < 5s. Second,
using the flight real-time image transmission data analysis
software, the convolutional neural network (CNN) is used to
perform frame-level analysis on the video stream (frame rate
301ps) to realize real-time tracking and behavior analysis of
dynamic targets (such as pedestrians and vehicles), with a
tracking accuracy of < 0.5m and a behavior recognition
accuracy of 94%. Finally, through safety analysis software
and hidden danger analysis software, multi-dimensional risk
modeling is performed on environmental data to identify
abnormal events such as fires and floods, with an abnormal
detection accuracy 0f 95%.

Decision-Making Layer: A collaborative intelligent
decision-making engine is constructed to realize the closed-
loop control of "perception - decision-making - execution".
First, through the four-dimensional flight path simulation
system, based on the digital base map and real-time
environmental data, the UAV flight path is previewed and
optimized. The optimization indicators include flight time
[12], energy consumption, and safety, and the path planning
efficiency is 40% higher than that of traditional algorithms.
Second, combined with the two-way communication between
the intelligent control terminal and the mobile operation
terminal, the decision-making instructions (such as adjusting
the flight attitude and executing inspection tasks) are sent to
the UAV in real time, with an instruction execution delay of <
5ms. Finally, a knowledge graph engine is constructed in the
cloud to perform spatio-temporal correlation analysis
between real-time data and historical data (such as equipment
fault records and environmental monitoring data), generate
predictive maintenance plans and decision-making
suggestions, and the plan generation time is < 10s, providing
scientific decision-making support for managers.

2.4.2. Technical Innovation

The core innovations ofthis technology are reflected in the
following three aspects, and the innovation directions all
focus on "breaking through the limitations of traditional
technology": First, an  air-space-ground integrated
information collaboration architecture is constructed to break
through the spatio-temporal limitations of traditional
perception technology. Traditional UAV  situational
awareness technology only relies on airborne sensor data,
with a limited coverage range and vulnerability to
environmental interference. This technology integrates
information from multiple platforms such as UAVs, ground
base stations, and satellites to realize information
collaboration within the global scope, and the perception
coverage range is more than 10 times larger than that of
traditional technology. For example, in a forest fire
monitoring project, real-time images of the fire site are
collected by UAVs, the spread trend of the fire site is obtained
by combining satellite remote sensing data, and
meteorological data is transmitted in real time by ground base
stations. The three work together to achieve.

Second, a collaborative intelligent decision-making engine
with millisecond-level response is developed to improve
emergency handling capabilities. The traditional UAV



decision-making system often has a response time of more
than 1 second due todata transmission delays and low
algorithm processing efficiency, making it difficult to cope
with scenarios requiring high timeliness such as emergency
rescue [13]. This technology reduces the decision-making
response time from the traditional second-level to
millisecond-level (£ 5ms) by optimizing the 5G private
network transmission link (transmission delay < 10ms) and
lightweight deep learning algorithms (e.g., MobileNet-V2 for
target detection). In a mountainous emergency rescue
scenario, after the UAV detected the trapped person, it
transmitted information such as the person's location
(positioning accuracy <0.1m) and surrounding terrain (slope,
obstacle distribution) to the ground control platform in real
time. The decision-making engine generated the optimal
rescue path (avoiding dangerous areas with a slope > 30°)
within Sms and dispatched nearby rescue UAVs carrying first-
aid suppliesto the scene. The arrival time of the rescue force
was shortened by 60% compared with the traditional process,
successfully gaining precious golden rescue time for the
trapped person.

Third, intelligent task allocation for multi-UAV cluster
collaborative operations is realized to improve large-scale
operation efficiency. Traditional multi-UAV operations
mostly adopt the "fixed area division" mode, which does not
consider differences in UAV performance (e.g., battery life,
load capacity) and task complexity (e.g., obstacle density in
the inspection area), easily leading to overload of some UAVs
and idleness of others. This technology constructs an
intelligent task allocation model based on the improved
genetic algorithm, with the optimization objectives of
"shortest total operation time", "lowest energy consumption",
and "highest task completion rate". It automatically
decomposes complex tasks (e.g., 500km power line
inspection)into subtasks and assigns them to suitable UAVs.
For example, ina 500km transmission line inspection project
of a provincial power company, 10 UAVs (6 with 120-minute
battery life and laser radar, 4 with 90-minute battery life and
infrared thermal imagers) operated collaboratively. The
intelligent task allocation model assigned high-difficulty
subtasks (e.g., line segments passing through mountainous
areas requiring laser radar to penetrate vegetation) to UAVs
with long battery life and strong load capacity, and simple
subtasks (e.g., infrared temperature measurement of plain
lines) to the remaining UAVs [25]. Finally, the 500km line
inspection was completed in only 5 hours, which was 140%
more efficient than the traditional "fixed area division" mode
(which took 12 hours), and the integrity rate ofinspection data
reached 99% (no missed line segments).

3. Research Design Scheme

3.1. Research Title

Intelligent Connected Airspace - R&D and Multi-Field
Application Verification of UAV Core Technology Systems
(Real-Scene Multi-Modal Al Fusion Modeling, Global
Situational Intelligent Perception and Collaboration, Sparse
Representation-Based Multi-Modal Data Real-Time Fusion)

3.2. Research Overview

This research addresses the core pain points of traditional
UAVs, including insufficient scene reproduction accuracy
(modeling error exceeding decimeter level), delayed
situational awareness response (decision-making delay
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exceeding second level), and poor real-time performance of
multi-modal data processing (computational complexity of
O(n?)) [14]. Drawing on the R&D logic of "breaking industry
bottlenecks through process innovation" from Jingyi Qiujing
Journal (Chinese Version).docx, it constructs a full-link
technology system of "data collection - scene reconstruction
- situational awareness - intelligent decision-making". By
integrating multi-source data such as aerial images, satellite
remote sensing, and laser radar, and combining technologies
including deep learning, compressed sensing, and edge
computing, three core technologies are developed: real-scene
multi-modal Al fusion modeling, global situational intelligent
perception and collaboration, and sparse representation-based
multi-modal data real-time fusion. These technologies
achieve performance breakthroughs such as centimeter-level
modeling accuracy, millisecond-level decision-making
response, and reduction of computational complexity to
O(klogn) (where k is sparsity and n is data dimension).
Meanwhile, a hardware verification platform and a software
simulation system are built, and application tests are carried
out in scenarios such as smart cities, power inspection, and
photovoltaic detection, forming a technology scheme that can
be promoted on a large scale and helping the UAV industry
upgrade towards intelligence and collaboration.

3.3. Overall Research Design Scheme

R&D of Real-Scene Multi-Modal Al Fusion Modeling
Technology

Construction of Data Collection System: Select sensors
suitable for multiple scenarios (50-megapixel optical camera,
laser radar with point cloud density > 200 points/m?, satellite
images with spatial resolution < Im), determine UAV
parameters (hexacopter configuration, battery life > 90
minutes, wind resistance < 12m/s), and establish multi-source
data collection standards to ensure data integrity and
consistency [16].

R&D of Global Situational Intelligent Perception and
Collaboration Technology

Integration of Perception Layer Hardware: Integrate the
"five-remote  integrated" mission payload (remote
measurement, remote viewing, remote control, remote
adjustment, communication), determine sensor parameters
(4K visible light camera, infrared thermal imager with
accuracy +2°C, laser radar with accuracy £3cm), and equip
with GPS/Beidou dual-mode navigation (positioning
accuracy < 0.lm) and a high-computing-power flight
controller (attitude control accuracy < 0.1°) to ensure a data
collection frequency of > 10Hz.

R&D of Sparse Representation-Based Multi-Modal Data
Real-Time Fusion Technology

Construction of Sparse Model: Based on compressed
sensing theory, establish a joint sparse representation model
for multi-modal data, determine the parameters of the
"common sparse support set", and use the K-SVD algorithm
to train an over-complete dictionary (50 iterations, 1000
atoms) to ensure a reconstruction error of < 3%.

4. Conclusion

Focusing on the core pain points of UAV technology, this
research has successfully developed three core technology
systems and formed a complete technical chain of "data
collection - scene reconstruction - situational awareness -
intelligent decision-making", achieving significant results in
terms of performance, innovation, and application [17].



Performance Breakthroughs

The real-scene multi-modal Al fusion modeling technology
achieves centimeter-level modeling (planar accuracy < Scm,
elevation accuracy < 10cm), with an 84% improvement in
accuracy compared with traditional technology (error
exceeding decimeter level).

The global situational intelligent perception and
collaboration technology achieves millisecond-level
decision-making response (< Sms), with emergency response
efficiency improved by more than 60% compared with the
traditional process.

The sparse representation-based multi-modal data real-
time fusion technology reduces the computational complexity
from O(n?) to O(klogn), with a data compression ratio of 10:1,
edge-end diagnosis time < 10ms, and a maximum equipment
defect recognition rate 0f98%. All performance indicators are
at the industry-leading level.

Technological Innovations

Breaking through the limitations of traditional technology,
the research has constructed an intelligent processing pipeline
(realizing full-process automation of modeling with a 3-fold
efficiency improvement), an air-space-ground integrated
information collaboration architecture (expanding the
perception coverage by 10 times), and an edge-cloud
collaborative diagnosis system (balancing real-time
performance and accuracy). All innovation points focus on
"solving practical industry pain points".

Application Value

Verification has been completed in scenarios such as smart
cities, power inspection, and photovoltaic detection. The
technology can shorten the maintenance time of municipal
pipe networks by 62.5%, improve power inspection
efficiency by 400%, and increase photovoltaic detection
efficiency by 1700%. It has been piloted in a number of
enterprises and has potential for large-scale promotion,
realizing the transformation from technological R&D to
practical application.

4.1. Future Development Prospects

Technology Deepening: Continuously optimize core
algorithms, such as using generative Al to improve the detail
restoration of models (targeting the restoration of building
internal structures), optimizing cluster task allocation based
on reinforcement learning (to further improve operation
efficiency by 20%), and introducing quantum computing
ideas to reduce the complexity of sparse representation (to
increase computing speed by another 30%) [18]. Meanwhile,
expand the application of materials and hardware, such as
testing nano-level sensors (to improve data collection
accuracy) and exploring the integration of flexible electronics
into UAVs (to adapt to complex airframe structures).

Application Expansion: Extend from existing scenarios to
broader fields, carry outtechnology adaptation and testing in
scenarios such as geological disaster monitoring (e.g., post-
earthquake terrain change modeling), agricultural plant
protection (e.g., multi-modal data-guided precision
fertilization), and air logistics (e.g., UAV cluster distribution
path optimization), and build a diversified application
ecosystem of "UAV + industry".

Industrialization Implementation: Promote technology
standardization and large-scale production, cooperate with
industry associations to improve the UAV intelligent
technology standard system, establish industrial alliances
with UAV manufacturers and industry application enterprises
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(e.g., collaborating with power equipment manufacturers to
develop special inspection UAVs), and build a production line
with an annual output of 1000 sets of equipment [19]. The
goal is to achieve a market share of more than 30% within 3
years. At the same time, strengthen international cooperation
to promote technology globalization (e.g., in the power
inspection markets of Southeast Asia and Africa), helping
Chinese UAV technology occupy a leading position in the
global market.

Through technological innovation and application
verification, this research provides key technical support for
the upgrading of the UAV industry. In the future, it will
continue to promote technology optimization and
industrialization, helping to break the monopoly of foreign
countries in the field ofhigh-end UAV technology and driving
the development of China's UAV industry towards high
quality and intelligence.
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