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Abstract: Unmanned aerial vehicles (UAV) and related technologies have played an active role in the
prevention and control of novel coronaviruses at home and abroad, especially in epidemic prevention,
surveillance, and elimination. However, the existing UAVs have a single function, limited processing
capacity, and poor interaction. To overcome these shortcomings, we designed an intelligent anti-
epidemic patrol detection and warning flight system, which integrates UAV autonomous navigation,
deep learning, intelligent voice, and other technologies. Based on the convolution neural network and
deep learning technology, the system possesses a crowd density detection method and a face mask
detection method, which can detect the position of dense crowds. Intelligent voice alarm technology
was used to achieve an intelligent alarm system for abnormal situations, such as crowd-gathering
areas and people without masks, and to carry out intelligent dissemination of epidemic prevention
policies, which provides a powerful technical means for epidemic prevention and delaying their
spread. To verify the superiority and feasibility of the system, high-precision online analysis was
carried out for the crowd in the inspection area, and pedestrians’ faces were detected on the ground
to identify whether they were wearing a mask. The experimental results show that the mean absolute
error (MAE) of the crowd density detection was less than 8.4, and the mean average precision (mAP)
of face mask detection was 61.42%. The system can provide convenient and accurate evaluation
information for decision-makers and meets the requirements of real-time and accurate detection.

Keywords: unmanned aerial vehicle; epidemic prevention and control; crowd density detection; face
mask detection

1. Introduction

The current novel coronavirus pneumonia epidemic is raging around the world. As of
1 February 2021, the number of infections worldwide has exceeded 100 million, and the
cumulative death toll has exceeded 2 million. Epidemiological investigations have shown
that the novel coronavirus mainly spreads through respiratory droplet transmission and
contact transmission. Most of the cases can be traced to close contacts with confirmed
cases [1]. Therefore, if we can avoid crowd gatherings and if we can monitor personal
contact and promptly remind the public to wear masks, we can effectively control and
prevent the spread of the epidemic [2]. In the control and prevention of the novel coro-
navirus pneumonia epidemic, UAV high-altitude inspections, as an effective means of
reducing the risk of contact and making up for the shortage of personnel for epidemic
prevention and control, have become a powerful tool in the fight against the epidemic.
UAVs have the characteristics of flexible maneuverability, fast inspections, and high work
efficiency, and have gradually formed an all-round three-dimensional inspection pattern
of “air inspections–ground monitoring–communications, command, and control”, which
plays an important role in improving the epidemic prevention and control systems and
mechanisms, and in improving the efficiency of the national public health emergency
management systems [3].
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Due to the strong interpersonal transmission characteristics of the novel coronavirus,
inspectors cannot fully visit the scene to understand and grasp the situation when con-
ducting epidemic prevention and control work. Therefore, many places use UAVs to
conduct aerial inspections of key areas and use wireless image transmission equipment to
transmit the inspections back to the ground command in real-time to help staff monitor
and supervise the situation. The headquarters rely on real-time returns of on-site images
to form accurate judgments and analyses of the on-site situation, thereby realizing the
integrated three-dimensional patrol and defense mode from the air and ground. However,
due to the high cost of manpower monitoring and it being prone to flaws, computer vision
technology needs to be introduced to assist in epidemic patrol monitoring [4–6]. In recent
years, the combination of computer vision technology and UAV technology has become
increasingly common, which has lifted the fundamental technical limitations for UAVs
to deal with perception problems and secondary developments and applications [7–10].
In response to the actual requirements of epidemic prevention and control, the use of
remote-control systems, airborne infrared temperature measurement systems, situational
awareness, and other technologies has gradually replaced human inspection work. Cur-
rently, the application areas of UAVs for epidemic prevention and control mainly include
safety inspections, disinfection sprays, thermal sensing, temperature measurement, and
prevention and control propaganda.

Based on the analysis of the functional requirements of the UAV for epidemic pre-
vention and control, we designed an intelligent flight system for epidemic prevention
inspection, detection, and alarm. The system uses advanced technologies such as neural
networks and artificial intelligence and can automatically capture gathered crowds and
independently recognize the wearing of face masks and intelligent voice prompts. Com-
pared with manual epidemic inspection and control, the intelligent epidemic inspection,
detection, and alarm flight system has a larger inspection area, higher mobility, and lower
cost. At the same time, it also avoids direct contact between personnel, reduces the proba-
bility of mutual infection, and reduces the risk of epidemic transmission. It is a powerful
tool for the implementation of anti-epidemic information publicity, dense crowd situation
awareness, and other tasks. The main contributions of the system are as follows:

(1) Based on the quadrotor UAV, an intelligent inspection and warning flight system for
epidemic prevention was designed;

(2) Based on a convolutional neural network, a dense crowd image analysis and per-
sonnel number estimation technology was used to estimate and analyze the crowd
in the inspection area online, which provides convenient and accurate evaluation
information for decision makers;

(3) Face mask detection methods based on deep learning were used to detect the face of
pedestrians on the ground and identify whether they were wearing masks;

(4) Based on intelligent voice warning technology, the system can avoid personal contact
when reminding, dissuading, and publicizing the policy regarding face masks to
ensure strong promotion of epidemic prevention and control.

The structure of this paper is as follows: Section 2 introduces the related work.
Section 3 describes the research methods of this paper. Section 4 provides the experimental
results and analysis of the proposed algorithm. Section 5 is the conclusion.

2. Related Work

During the period of epidemic prevention and control, wearing masks has been one
of the most effective ways to prevent COVID-19 from spreading [11]. In public places,
the supervision of mask-wearing is still a key factor in epidemic prevention and control.
Therefore, mask-wearing detection is a core task. In many areas, UAVs are used for patrol
inspection and epidemic prevention propaganda, but they are still limited to relying solely
on human monitoring and control. If UAVs can be used to estimate crowd density and
detect the wearing of masks, they can save human resources, and also analyze, prevent, and
deal with emergencies effectively. At present, the commonly used target detection methods
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of UAVs include the optical flow method [12], the matching method, the background
difference method [13], and the frame difference method [14], as well as the method
based on deep convolutional neural networks, which has performed well in recent years.
The optical flow method can achieve better target detection when the camera is moving.
However, the optical flow method is generally limited by many assumptions, and noise,
light sources and changes in shadows easily affect the detection results. Before target
detection, the matching method needs a manual design of the features of the target, a
construction of the template containing the features of the moving target, and detection of
the target by translating the target template on the image to be matched and calculating
the similarity matching value of different regions. Common target detection methods of
the matching method include the hear feature + AdaBoost algorithm [15], the Hog feature
+ support vector machine (SVM) algorithm [16,17], and the Deformable Part Model (DPM)
algorithm [18]. However, the characteristics of moving objects cannot easily be designed
by hand. Manual design needs a lot of prior knowledge and design experience, which has
certain limitations. When the moving target is deformed or the angle of view is changed,
it is easy to cause the template feature to not represent the target well, which leads to the
failure of the matching method. When the background model is known, the background
subtraction method can accurately detect the moving target and obtain the target position.
However, in practical applications, the establishment of the background model and changes
in the external dynamic scene are very sensitive, so when the update of the background
model cannot adapt to the change in the scene, it will seriously affect the detection results.
When the camera is fixed, the frame difference method can better detect the moving
objects in the environment. However, when the moving speed of the target is very slow or
stationary, the target is not easily detected and is prone to misjudgment. Compared with
the traditional methods, the target detection method based on a deep convolutional neural
network can be widely used in complex scenes, such as different densities, target scale
changes, different perspectives, and target occlusion [19–22]. Deep convolutional neural
networks used for target detection do not need manually designed target features; they
need enough pictures and corresponding target tags [23,24]. When the target in the picture
needs to be recognized, the weight file learned is loaded into the network, and the forward
reasoning of the network is used to output whether the picture contains the target that
needs to be recognized. According to the different methods of network candidate region
selection, the deep learning target detection methods were developed from the Region-
Convolutional Neural Networks (R-CNN) [25–27] series algorithm based on the candidate
region of the YOLO [28–30] series and the single-shot multibox detector (SSD) [31] series
algorithm based on regression; its detection accuracy and efficiency have been improved to
varying degrees. The characteristics of common target detection algorithms of UAVs are
shown in Table 1.

Table 1. Characteristics of common target detection algorithms.

Algorithm Characteristic

Optical flow algorithm It can detect the moving target and is susceptible to
interference by noise, light source, and other factors

Matching algorithm It needs a lot of prior knowledge and design experience,
and the feature calculation is large

Background subtraction algorithm When the detection scene is fixed, it is easy to implement
and sensitive to changes in external dynamic scene

Frame difference algorithm When the moving speed of the target is very slow or
stationary, it is easy to produce misjudgments

Deep learning algorithm The target dataset is needed for training, so the detection
accuracy is high and the real-time performance is good
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In recent years, with the development of deep learning neural networks, the complex-
ity of target detection algorithms is increasing, and the model is becoming larger. This
brings great challenges for the computing ability of hardware, and also places higher
requirements on the processor in terms of operation speed, reliability, and integration.
The main arm architecture processor at present is not fast enough to meet the real-time
requirements when a large number of image operations are carried out. When analyzing
a large amount of unstructured data to build and train the deep learning model, CPUs
do not have strong processing abilities, and even multi-core CPUs cannot easily perform
deep learning, which greatly limits the application of deep learning. NVIDIA Jetson is
an embedded system, designed by NVIDIA, for the new generation of autonomous ma-
chines. It is an embedded modular supercomputer specially designed for deep learning
neural networks, which provides a perfect single-board operation environment for digital
image processing and various machine learning and artificial intelligence algorithms. It
has been widely used in UAVs, intelligent robot systems, mobile medical imaging, and
other fields [32–34]. For high-density crowd aggregation analysis, a popular method is
to generate a heat map of the crowd, and then the crowd count becomes the integral
calculation of the heat map. The pedestrian density and aggregation degree per square
meter can be calculated at the same time. Compared with the target detection scheme, the
thermal graph can more effectively reflect the distribution of a dense crowd, because it
is difficult to detect dense targets and very small targets in object detection. The thermal
graph generation is a peer-to-peer (P2P) scheme, which can more effectively analyze crowd
density by predicting each pixel. Most face-detection methods are improved and optimized
based on the deep learning object detection algorithm; that is, the general object detection
model is configured specifically to adapt to the face detection task. In many object detection
models, the SSD algorithm is the most commonly used face detection algorithm [35,36].
Compared with the ordinary face detection model, which only judges whether there is a
face or not, face mask detection is divided into two categories: face with mask and face
without mask. To better realize the potential of UAVs in the field of epidemic prevention
and control, emergency response, and other fields, and to achieve effective prevention and
control of an epidemic situation and reduce the risk of cross-infection among first-line staff,
accelerating the application of UAVs has been suggested, learning from the application
mode and the development experience of UAVs in other fields, and continuously carrying
out scientific and technological empowerment and precise implementation. This allows
first-line staff to make greater contributions to national security and public security on the
premise of ensuring their security.

3. Our Approach

During the development of the intelligent epidemic prevention patrol detection and
alarm flight system, the use of the environment and habits of the system were fully
considered, which allows for strong system reliability. Additionally, the operability and
completeness of the system were fully considered. The workflow of the system is shown in
Figure 1. Firstly, the operator delimits the patrol area in the ground station, and the ground
station plans the flight path according to the delimited area and sends the plan to the
flight platform to execute the planned path. During the flight, the UAV detects the crowd
density on the ground. If a crowd is gathered, the UAV plays the epidemic prevention
policy propaganda, persuading the crowd to disperse. At the same time, the UAV comes
close to observe the wearing of masks. If there are people who do not wear masks in the
crowd, the UAV will remind them by voice to wear a mask. Finally, the inspection log
and captured images are fed back to the ground station to provide materials for personnel
contact tracing.
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Figure 1. System operation flow chart.

3.1. Hardware Design

The hardware of the system is mainly composed of three parts, which are the external
equipment of the UAV body, the external equipment of the airborne computer, and the
UAV ground control station. The system uses the PIXHAWK flight control board, and the
supporting external equipment includes a buzzer, safety switch, remote-control-receiving
module, power module, GPS module, pan tilt, and camera. The flight control board, also
known as the flight controller, is the core component of the quadrotor UAV, which is
responsible for all computing tasks on the UAV, including data acquisition and filtering,
real-time control, and wireless communication. The buzzer plays a role in issuing prompts.
If it detects that the motor is not successfully unlocked or the electric tuning calibration
is not successful, it will send out different tones to prompt the flying controller through
the buzzer. The remote controller and WiFi data communication module are used to
receive and send UAV position and attitude control commands, flight mode switching
commands, etc., and transmit them to the flight control system. The PIXHAWK flight
control system, according to the satellite data, captures and then completes the UAV
position estimation, obtaining the current flight speed and other information. The real-time
flight data of the UAV can be transmitted to the ground station in real time through the
data transmission equipment, and the flight instructions of the ground station can also
be transmitted to the UAV synchronously. The data transmission equipment used the
3DR radio data transmission radio-v5 module, with a frequency of 915 MHz, transmission
power of 1000 mW, and transmission distance of 5 km. Data transmission between the
UAV and ground station can be performed through a WiFi module. The airborne computer
mainly used the visual-image-processing algorithm and carried out the system’s visual
function design and intelligent voice alarm function. The system plans the mission through
the ground station and sends the corresponding navigation commands to the UAV through
data communication to control the movement of the quadrotor UAV. The visual image
information of the UAV inspection area is captured by the image sensor mounted on the
pan-tilt of the UAV, and the visual image is processed by the airborne computer. The
processing results are sent to the ground station through WiFi communication to assist
decision-makers to evaluate the crowd situation in real time. As far as the system structure
is concerned, the airborne computer vision image processing and flight control system are
relatively independent, and the system scheme structure has relatively good scalability.
As long as the output interface of the visual-image-processing results can meet the input
interface requirements of the flight control system, it is simple and convenient to transplant
the vision-image-processing algorithms into the system without changing the vision system.
At the same time, it can reduce the workload of the flight controller and improve the real-
time performance of the whole system. The overall structure of the system is shown in
Figure 2.
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3.2. Software Design

The software architecture flow of an intelligent epidemic prevention patrol detection
alarm flight system is shown in Figure 3. The software part mainly includes the UAV
control module, an intelligent epidemic prevention module, and a multi-process informa-
tion communication module. The UAV control module is mainly used for UAV position
and attitude control, patrol area planning, and mission communication. The intelligent
epidemic prevention module includes crowd density detection, face mask detection, intelli-
gent voice broadcast, and other functional modules, in which the crowd density detection
module is used for the UAV to detect and distinguish the ground crowd aggregation;
the face mask detection and recognition module is used for monitoring and warning the
wearing of masks in the public environment; the intelligent voice broadcast module is
responsible for the broadcast of epidemic prevention policy documents, crowd dispersal
calls, and mask-wearing prompts. The multi-process information communication module
is mainly responsible for scheduling the timing coordination and information sharing of
each software process in the system, creating and closing processes, and other coordination
operations to prevent process blocking, causing software crashes. The biggest advantage
of the architecture is its flexibility; that is, the system can expand new functional modules
at any time according to its actual needs by opening up a new subprocess supporting
shared memory.
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3.2.1. UAV Navigation Control Module

This system can control the flight of UAV by a remote controller or by the UAV
control module. The UAV control module, also known as a ground control station, is the
command center of the whole UAV system. Its main functions include mission planning,
UAV position monitoring, and route map display. Mission planning mainly includes
processing mission information, planning inspection area, and calibrating flight routes.
The UAV position monitoring and route map display parts are convenient for operators
to monitor the UAV and track status in real time. The UAV remains in contact with the
ground control station through the wireless data link during the mission. In the case of
special circumstances, the ground control station needs to perform navigation control so
that the UAV can fly according to the safest route.

3.2.2. Crowd Density Detection Module

High-density crowd aggregation can easily lead to the spread of an epidemic in a
large area. The analysis of high-density crowds is conducive to the real-time separation
and control of the crowd and the prevention of accidents. Currently, a popular method
is to generate a heat map of the crowd, and then the crowd count becomes the integral
calculation of the heat map. The pedestrian density and concentration per square meter can
also be calculated. The system used the Scale Aggregation Network (SANet) as the baseline
algorithm for crowd density detection, and the network structure is shown in Figure 4 [37].
Based on the innovation design paradigm, a multi-scale aggregation feature extraction
encoder was constructed to improve the expression ability and scale diversity. The decoder
is composed of convolution and a transpose convolution, and multi-scale features were
fused to generate a density map of the same size as the input image. The strategy of
combining the Euclidean loss function and the local consistency loss function was used to
overcome the ambiguity of the generated graph, caused by the assumption that the pixels
are independent of each other. Local consistency was calculated by Structural Similarity
(SSIM) to measure the consistency between the generated and real density maps [38].
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Although the crowd density estimation method takes spatial information into account,
most of the output density maps have low resolution and lose a lot of detail. To generate a
high-resolution density map, DME was used as a decoder. DME is composed of a series
of convolutions and transposed convolutions. Four convolutions were used to improve
the details of the feature map, step by step. Three transposed convolutions were used to
repair the spatial resolution, and each transposed product doubled the size of the feature
image. Regarding loss function design, SSIM and Euclidean distance were combined. SSIM
was used to measure the consistency/similarity between the estimated density map and
the real value, and three local statistical values: mean, variance, and covariance, were
calculated. The SSIM range was −1 to 1, and the SSIM value was 1 when two images were
the same. SSIM used the following method of calculation [39]:

SSIM =
(2µFµY + C1)(2σFY + C2)

(µ2
F + µ2

Y + C1)(σ
2
F + σ2

Y + C2)
(1)
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where µF and µY are means, σF and σY are variances, σFY is covariance, C1 and C2 are
constants. The loss function of local consistency is as follows:

Lc = 1− 1
N ∑

x
SSIM(x) (2)

3.2.3. Face Mask Detection Module

In the new epidemic situation, reminding the public to wear masks is an effective
means of maintaining public health and safety. This paper describes a system of judging
whether people are wearing masks that has been improved and optimized based on the
SSD algorithm. The SSD algorithm combines the anchor mechanism of faster R-CNN and
the regression idea of YoLo, and improves the speed and accuracy [40–42]. The multi-scale
convolution feature map was used to predict the object region, and a series of discrete
and multi-scale default frame coordinates were output. The small convolution kernel was
used to predict the coordinates of bounding boxes and the confidence of each category. We
used the open-source lightweight face mask detection model as the baseline. The model is
designed based on SSD architecture. The input image size was 260 × 260. The backbone
network had eight layers, with a total of 28 convolution layers. Among them, the top eight
convolution layers were the backbone maps; that is, the feature extraction layers, and the
bottom 20 layers were the positioning and classification layers. The tagging information
of all faces was read from the AIZOO open-source face mask dataset, the height-to-width
ratio of each face was calculated, and the distribution histogram of the face aspect ratio was
obtained. The normalized face aspect ratio was between 1 and 2.5. Therefore, according
to the data distribution, we set the width-to-height ratio of the anchor in five positioning
layers to 1, 0.62, and 0.42. The configuration information of the five positioning layers is
shown in Table 2.

Table 2. Anchor parameter configuration of network location layer.

Convolution Layer Feature Map Size Anchor Size Anchor Aspect Ratio

first floor 33 × 33 0.04, 0.056

1, 0.62, 0.42
second floor 17 × 17 0.08, 0.11
third layer 9 × 9 0.16, 0.22
fourth floor 5 × 5 0.32, 0.45
fifth floor 3 × 3 0.64, 0.72

Moreover, to adapt the model to the UAV visual angle image, we used DJ-Innovations
(DJI) air2 UAV to collect information about 300 UAV face mask detection datasets and
labeled the faces with labeling software. On the model parameters trained by the AIZOO
dataset, a low learning rate was set for transfer training. The subsequent processing mainly
depended on the non-maximum suppression (NMS) method. We used a single class of
NMS; that is, faces with a mask and faces without a mask, to perform NMS together to
improve the speed. The loss function is defined as the weighted sum of location loss (LOC)
and confidence loss (CONF):

L(x, c, l, g)

= 1
N (Lcon f (x, c) + αLloc(x, l, g))

(3)

where N is the number of positive samples of the a priori box, c is the predictive value
of category confidence, l is the position prediction value of the corresponding bounding
box of the prior box, while g is the position parameter of the ground truth and the weight
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coefficient α is set to 1. For position error, the smooth L1 loss was adopted, which is defined
as follows:

Lloc(x, l, g)

=
N
∑

i∈Pos
∑

m∈{cx,cy,w,h}
xk

ijsmoothL1(lm
i − ĝm

j )
(4)

smoothL1(x) =

{
0.5x2 i f |x| < 1
|x| − 0.5 otherwise

(5)

where lm
i is the offset between the prediction box and the prior box, ĝm

j represents the
offset value between the actual prediction box and the prior box, Pos is the set of positive
samples, (cx, cy) is the center coordinate, and w and h represent the width and height of
the box. For the confidence error, softmax loss was used, which is defined as follows:

Lcon f (x, c)

= −
N
∑

i∈Pos
xp

ij log(ĉp
i )−

N
∑

i∈Neg
log(ĉo

i )

where ĉp
i =

exp(cp
i )

∑
p

exp(cp
i )

(6)

4. Experimental Results and Discussion

To comprehensively evaluate the feasibility and superiority of the intelligent anti-
epidemic patrol detection and alarm flight system, this paper carried out a UAV crowd
density flight test and face mask detection test. The UAV physical display is shown in
Figure 5.
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4.1. Crowd Density Test

To comprehensively evaluate the crowd density detection method, we tested and
analyzed it in the ShanghaiTech dataset and the real scenes. The ShanghaiTech dataset is
composed of two sub-datasets: ShanghaiTech-A dataset is mainly dense crowds, including
300 training images and 182 test images, and the image size is not fixed. The minimum
number of people in the image is 33, and the maximum number is 3139, with an average of
501. The ShanghaiTech-B dataset mainly collects images of relatively few people, and its
image size is in pixels. The ShanghaiTech-B dataset mainly collects images of relatively
few people, and its image resolution is 768× 1024 pixels. The dataset contains 400 training
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images and 316 test images. There are at least nine targets and, at most, 578 targets in the
images, with an average of 123 targets in each image. The dataset and real test results
are shown in Figures 6 and 7. From the subjective effect, the crowd density detection
algorithm used in this paper can correctly reflect the distribution of the crowd. In terms of
quantitative indicators, the mean absolute error (MAE) and mean square error (MSE) of
the crowd density method in Shanghai crowd-counting datasets A and B was better than
other methods, reaching a higher level. The results of the airborne test on UAV showed
that the algorithm can accurately detect the location of ground crowds. The performance
comparison results of the different detection algorithms for crowd density are shown in
Table 3.
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Table 3. Performance comparison of crowd density detection algorithms.

Part A Part B

Method MAE MSE MAE MSE

MCNN 110.2 173.2 26.4 41.3
Cascaded-MTL 101.3 152.4 20.1 31.1

Switch-CNN 90.4 135 21.6 33.4
CP-CNN 73.6 106.4 20.1 30.1
CSRNet 68.2 115 10.6 16
SANet 67 104.5 8.4 13.6
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4.2. Face Mask Detection Test

To comprehensively evaluate the face mask detection methods, we tested them in
datasets and real scenes, respectively. On the constructed UAV face mask detection dataset,
the performances of lightweight object detection models such as YOLOv3 tiny, Yolo nano,
and PVA-Net were tested. The evaluation indexes are mean average precision (mAP) and
frames per second (FPS). The statistical results are shown in Table 4. It can be seen that the
algorithm used in this paper has high mAP, FPS, precision, and recall.

Table 4. Performance comparison of face mask detection algorithms in dataset experiments.

Method mAP/% FPS Precision/% Recall/%

YOLOv3-tiny 58.47 20.1 68.2 30.2
YOLO Nano 54.85 22.7 66.3 35.2

PVA-Net 51.67 23.7 67.5 36.5
Our 61.42 22.5 70.2 30

To test the performance of the face mask detection algorithm in real scenes, the
experiment was carried out on the UAV with Xavier NX. By reading the ground face
images collected by a Pan–Tilt–Zoom (PTZ) camera, the wearing of masks was detected.
When there was a face without a mask, the face was marked with a red box, and the face
with a mask was marked with a green box. The test scenes of the experimental line were
a way, a campus playground, a subway station exit, etc. The UAV reads the ground face
images collected by the PTZ camera to detect the wearing of masks. When there was a face
not wearing a mask, the face was marked with red, and faces correctly wearing a mask
were marked with a green box. When there were special circumstances, such as pedestrians
with their heads down or wearing masks improperly, the face was marked red, as if they
were not wearing masks. As can be seen from Figure 8, the algorithm of this project still
had high accuracy in the test on real scenes.
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5. Conclusions

To carry out intelligent and efficient inspection of the epidemic area, this paper
designed an intelligent inspection and alarm flight system for epidemic prevention. The
system was a small UAV platform with comprehensive functions and high integration. It
combined UAV autonomous navigation, deep learning, and other technologies, and can
be used for crowd-gathering monitoring and alarm, monitoring the wearing of masks
among pedestrians, and epidemic prevention policies propaganda. It can also safely and
efficiently complete the task of intelligent epidemic prevention and control detection and
alarm. The experimental results show that the system has good practicability, which
can maximize epidemic prevention and control. In the future, the platform can also
be equipped with small infrared temperature-measuring equipment and adopt a multi-
machine cooperation mode to realize an omni-directional inspection of people’s body
temperature outdoors, to ensure that abnormalities are detected as early as possible to
block the spread of the epidemic.
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