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Abstract 10 

With the increasing number of unmanned aerial vehicles (UAVs), the increasing pressure of 11 
air traffic management and airspace security, it is a challenge to achieve effective UAV target 12 
detection. Computer vision and radar signal detection are two commonly used technologies in 13 
this field. Computer vision is limited by meteorological conditions and the radar signal is 14 
affected by ground clutter at low altitudes. In response to these problems, this paper describes 15 
the information fusion method from two different levels of data-level fusion and decision-level 16 
fusion. In this method, Computer vision and radar signals complement each other to improve 17 
the detection accuracy. For each level, the method of information fusion is introduced in detail. 18 
Besides, the effectiveness of the method is proved by comprehensive experiment. The results 19 
show that the accuracy of the fusion method is improved, with a maximum of 9.0%. 20 

Keywords: Unmanned Aerial Vehicle (UAV), You Only Look Once (YOLO), Micro-21 
Doppler signature, Deep Sort, Information fusion. 22 

1. Introduction 23 

The rapid development of types and quantities of UAVs [1] has expanded its range of use from 24 
military [2-4] to civilian fields (e.g., smart agriculture [5,6], smart city [7], and surroundings 25 
[8], etc.). These show that UAVs will have an important impact on production and lifestyle in 26 
the future. What’s more, some UAVs may be illegally used, which may disturb the normal 27 
airspace order [10]. These problems will put pressure on air traffic management and even 28 
threaten airspace security. Faced with these problems, it is particularly important to use 29 
appropriate detection methods to accurately detect and track UAVs. UAV target detection 30 
refers to the functions of positioning, detecting, warning or classifying through related 31 
technologies. By achieving this goal, researchers can obtain more detailed information of 32 
UAVs, and provide support for the following activities, such as path planning, obstacle 33 
avoidance, and equipment maintenance, etc. At present, there are three main methods in this 34 
field: computer vision, capture remote sensing and radar detection [10]. In this paper, the 35 
models focus on the combined use of computer vision and radar detection. 36 
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The target detection of UAVs Based on computer vision mainly uses the images captured by 37 
cameras or captured from video stream to identify the object. These digital images may contain 38 
different types of UAVs, which will be judged by the corresponding algorithms. Because of 39 
the advantages of easy images acquisition, simple data processing, low equipment cost and 40 
weight, this method has been widely concerned and has begun to enter commercial use, such 41 
as CASIA [11]. But this method also has some limitations in this special field. For example, 42 
the method based on computer vision can’t work properly at night. 43 

Radar is another important method to detect UAVs. By using the reflection of electromagnetic 44 
wave, the direction, distance, position, and speed of UAVs can be determined. Electromagnetic 45 
wave is not affected by the light and can penetrate the clouds [12]. Therefor radar can easily 46 
detect the high-altitude target. It is difficult to detect high- altitude targets using visual 47 
observation and computer vision. With the continuous development of radar technology and 48 
the application of passive radar [13], radar can realize all-round monitoring of airspace. But as 49 
an application of electromagnetic wave, radar signal is easy to be interfered by other 50 
electromagnetic waves [14]and malicious interference. The process of urban intelligence will 51 
affect the reception of radar. At the same time, the radar may fail to detect low-altitude targets. 52 
Therefore, the method of using radar is not omnipotent. In some certain situations, there will 53 
be a detection blind area.  54 

In view of the shortcomings of computer vision and radar signal in detection, we propose a set 55 
of information fusion methods based on computer vision and radar signal to overcome the 56 
limitation of using a single mode and maximize the detectable range of the UAVs. In the 57 
process of information fusion, we separately fuse the two forms of the information, namely 58 
data and decision. By implementing the fusion of the two levels, we compare the effectiveness 59 
of the two information fusion methods, and compare the improvement of detection accuracy 60 
of each fusion method. 61 

The main contributions of this paper are: 62 

1) According to the two levels of information fusion, information fusion models suitable for 63 
computer vision and radar signal are given respectively. For each model, the modules in it 64 
are described in detail to prove its feasibility in theory. The methods used in the model can 65 
be replaced to make the model extensible. 66 

2) For each model, an information fusion implementation method using specific methods is 67 
designed. In order to prove the effectiveness of this method, comprehensive experiments 68 
were performed using experimental data to compare the detection accuracy before and after 69 
fusion. The experimental results show that the two specific implementation methods are 70 
feasible and effective. 71 

The arrangement of the remaining sections in this paper is: Section 2 discusses the related work 72 
of computer vision, radar in UAVs detection, and discusses the existing information fusion 73 
methods. Section 3 introduces the proposed method and gives specific implementation method 74 
of data fusion model and decision fusion model. Section 4 conducts comprehensive 75 
experiments, implements two methods, and analyses them separately. Finally, the conclusion 76 
of this paper is given in Section 5. 77 
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 78 

Figure 1: The scene of tracking UAVs with radars and cameras 79 

Figure 1 depicts a scene of identifying UAVs. In the city radars and cameras on rooftops 80 
maintain monitoring the airspace. When alien UAV enters monitoring area, it will be detected 81 
by both camera and radar. Then the system can identify the UAV by fusing data collected by 82 
camera and radar. Because both cameras and radar are used, UAV identification is more 83 
efficient and accurate than either method. 84 

2. Related Work 85 

2.1 Computer vision 86 

With the development of artificial intelligence (AI), especially deep learning, it provided strong 87 
technical support for computer vision. By using cameras to obtain the images, and using the 88 
corresponding algorithms to determine whether there are specific targets, so as to achieve the 89 
purpose of detection. This technology has been widely used in face recognition, medical 90 
diagnosis, UAVs detection, and other fields, and has achieved good application results. At 91 
present, the following methods are mainly used in the field of UAVs. 92 

Convolutional neural network (CNN): CNN is widely used in UAVs detection because 93 
convolutional kernels can extract target features from images effectively. In order to solve the 94 
detection of UAVs in video sequence, Aker et al. [15] proposed an end-to-end model based on 95 
CNN. At the same time, they also proposed an algorithm based on background subtracted to 96 
solve the problem of insufficient data in training model. In order to identify UAVs accurately, 97 
determine their types and flight modes, Allahham et al. [16] proposed a new detection method. 98 
This method used multi-channel-dimensional CNN, and achieved good results in the Drone RF 99 
dataset. Reducing the background interference can improve the detection accuracy, so Zhang 100 
et al. [17] used Mask R-CNN to eliminate the invalid area in the UAVs detection process, and 101 
used the attention mechanism to detect the targets.  102 
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You Only Look Once (YOLO): Different from other methods, YOLO method only needs one 103 
recognition process. Hu et al. [18] improved YOLO v3 to make this method more suitable for 104 
small targets detection, and applied it to UAVs detection. Because of the unique advantages of 105 
YOLO, how to achieve real-time detection has become the focus of UAVs detection [19], [20].  106 

At the same time, other methods for computer vision are also being applied in this field, such 107 
as Boosting [21], fuzzy clustering [22], and multiple neural networks (MNNs) [23] etc. These 108 
methods have unique characteristics and play an important role in detecting UAVs. 109 

2.2 Radar methods 110 

Because of its inherent characteristics, radar plays an important role in the field of UAVs 111 
detection. From military to civil, this technology began to develop in the direction of simple 112 
use and low price. At present, the radar technology used in this field mainly includes digital 113 
array radar [14], Multi Input Multi Output (MIMO) radar [24], continuous wave radar [25], 114 
synthetic aperture radar (SAR), and inverse synthetic aperture radar (ISAR) etc. 115 

SAR can penetrate clouds, smoke, and fog, and provide high-resolution images [26]-[28], 116 
which can reduce the impact of weather conditions in detection. In order to detect the 117 
suspicious UAVs and reduce the cost, Park et al. [29] designed a set of system based on low-118 
cost SAR. The system had the characteristics of autonomy and mobility, and performed well 119 
in the test results. 120 

ISAR is an important part of the development of SAR, because it can be used for high-121 
resolution imaging, so it plays an important role in the detection of long-range targets. In view 122 
of the fact that the radar signal of low-speed aircraft is weak, Pieraccini et al. [30] measured 123 
the radar cross section (RCS) of small UAVs, and used ISAR for 2D and 3D imaging, the 124 
experimental results were good. In order to solve the problem of small RCS, the method of 125 
introducing Bayesian statistics into ISAR is proposed [31]. This method applied the posterior 126 
probability density to calculate the imaging results, and the effectiveness was verified by 127 
simulation. 128 

2.3 Information fusion methods 129 

In order to further improve the accuracy, some studies considered more than one type of 130 
methods for fusion. In the research of Kim et al. [32], new images are synthesized for UAVs 131 
detection: this was a method that combined the time domain information and frequency-domain 132 
information of the micro-Doppler signature (MDS), and these images were the data set of 133 
classification. Training in CNN could improve the accuracy by more than 5%, which proved 134 
the effectiveness of this merging method. Joshi et al. [33] reviewed 112 articles, all of them 135 
fused optical and radar remote sensing data, which is of great significance to the research of 136 
this paper. These studies have been applied in the field of land, and many studies showed that 137 
the effect of using fusion method was better than using a single method. At the same time, for 138 
the traditional classification algorithms, the most commonly used method was to fuse before 139 
classification, with pixels as input. This review discussed the related articles from multiple 140 
perspectives, and fully explained the application status of the fusion method. 141 
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3. Methods: identify UAVs by means of information fusion 142 

The redundancy design of system helps to improve system performance and robustness. This 143 
work introduces information fusion method based on computer vision and radar signal to 144 
improve the detectable range of UAVs. A two-level information fusion including data fusion 145 
and decision fusion is designed in this work. On one hand, the UAV’s position namely the 146 
coordinate is the primary target in data fusion part. On the other hand, decision fusion aims to 147 
fuse the unique feature. Figure 2 presents the UAV Identification System based on information 148 
Fusion. 149 

 150 

Figure 2: UAV Identification System based on information Fusion 151 

3.1 Data Fusion 152 

3.1.1 Digital data processing 153 

When an object is photographed by an optical camera, the 3D object will be transformed into 154 
a 2D image, but the relative position of the object in the image will not be changed. An image 155 
is composed of several pixel points. To determine the position of an object, the pixel 156 
coordinates can be used to represent it. However, when using coordinates, it is necessary to 157 
select a coordinate system. There are three types of coordinate system in the images: image 158 
coordinate system, camera coordinate system, and world coordinate system. Among them, the 159 
image coordinate system is 2D coordinate system, and the other two coordinate systems are 160 
3D coordinate systems. In this paper, the camera images the UAVs directly, so the camera 161 
coordinate system is the most suitable to calibrate the UAVs position. In the processing of 162 
digital data, the position of an UAV is marked with 2D coordinates. 163 

3.1.2 Radar data processing 164 

Radar can use the echo to detect the direction and distance of the target, this technology can be 165 
achieved by broadband radar. Through the micro-Doppler effect of the UAV, the position of 166 
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the target can be obtained, and then according to the orientation, other characteristics such as 167 
the height of the target can be obtained. Therefore, compared with the camera, the radar can 168 
achieve height measurement, so the target position obtained in this way will be a 3D 169 
information. 170 

3.1.3 Data fusion method 171 

In order to better detect the same UAV targets, the combination of optical images and radar 172 
positioning can be used. If the coordinates of the two UAVs are the same in the same coordinate 173 
system, it can be determined that this is the only UAV, so as to realize the detection of UAVs 174 
at the data level. It is actually a perspective projection problem to transform the 3D coordinates 175 
of the object obtained by the radar into the 2D coordinates of the images taken by the camera. 176 
This problem can be solved in three steps as follows. 177 

1) Determine the projection plane: The 3D coordinates of the object obtained by the radar 178 
are based on the radar as the origin of the reference system, so the observation point of the 179 
optical camera often does not coincide with the position of the origin of the coordinates in 180 

the radar. Determine the reference point A ( , , )a b c  , the observer coordinate S 0 0 0( , , )x y z , 181 

take any reference direction point B ( , , )d e f , then set a sight distance   to determine the 182 

projection plane HIJK. In this case, a projection plane equation can be determined: 183 

 184 

Figure 3: The coordinate conversion of UAV 185 

 ' ' ' ' 0A x B y C z D     (1) 186 

'
A , '

B , and '
C  are determined by the following formula: 187 

 ' '
0 0 0( ( , , )A B C a x b y c z   ， ， ）   (2) 188 
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'
D  is determined by the following formula: 189 

 
' ' ' '

0 0 0

'2 '2 '2
0

A x B y C z D

A B C
   
 

 
 (3) 190 

2) Determine the projection plane coordinate system: After the reference point A is given, 191 
the line between the observer and the reference point is the normal vector of the projection 192 
plane. The equation of this straight line I is: 193 

 0 0 0
1

YX x y c z
k

A B C

  
     (4) 194 

The straight-line equation and the projected plane equation can be combined to find the 195 

intersection point D ( , ,w)m n , and set this point as the origin of the projection plane. In the 196 

same way, the intersection point E ( , , )j k l  of the reference direction point with the observer 197 

line and the projection plane can be obtained. These two 3D points are two relative 2D 198 

coordinate points on the projection plane, and the vector ( )j - m,k - n,l - w  is set to the positive 199 

y-axis direction on the projection plane. 200 

Using the straight line I as the axis, rotate the reference direction point around this axis (viewed 201 
by the position of the observer) clockwise by 90°so that there will be no uncertainty (ie, no 2 202 

points will be generated), and a new coordinate point C will be obtained. Similarly, connect 203 

this point with the observer, and find the intersection point F ( , , )r u v  of the connection line 204 

with the projection plane, so the vector ( , , )r m u n v w     is the positive x-axis direction on 205 

the projection plane. 206 

3) Conversion of 3D coordinates to 2D coordinates: When determining the coordinates of 207 
the target point, the observer and the target are directly connected, and the intersection point 208 
with the projection plane is the projection point of the target on the 2D plane. The origin, 209 
the x-axis positive direction, and the y-axis positive direction have been determined on the 210 
projection plane before, so that the projection coordinates of the target point on the 2D 211 
plane can be obtained. 212 

In this step, we convert the coordinates of the drone in the picture to the three-dimensional 213 
coordinates of the real world. Starting with radar coordinates (0,0,0)，the coordinates of the 214 

two cameras are 1 1 1( , , )x y z , 2 2 2( , , )x y z . The maximum horizontal and vertical viewing angles 215 

of the camera are   and   respectively. The length and height of the photos are 1 2,l l . Set up 216 

a cartesian coordinate system to locate the coordinates of the points on the photo. The 217 
coordinates of the upper left corner are (0,0)   and the coordinates of the lower right corner are 218 

1 2( , )l l . The coordinates of UAV in the picture are 1 1( , )m n . The coordinates of the UAV in the 219 

cartesian coordinate system with the center of the picture as the origin are 1 1 2 1( 2, 2 )m l l n  . 220 

1  and 1  represent the Angle at which the drone is deflected relative to the direction of the 221 

camera. 222 
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 1 1 2 1
1 1

1 2

2 2
arctan , arctan

2 2
tan tan

m l l n

l l
   

 

 
 

  (5) 
223 

The direction vector of camera erection is (sin cos ,sin sin ,cos )      . Then, the direction 224 

vector of the UAV relative to the camera is 225 

 
1 1 1 1(sin( )cos( ),sin( )sin ,cos( ))v               (6) 226 

The connection between camera and UAV can be expressed as 1 1 1( , , )x y z k v  , k  as a 227 

parameter. 228 

Similarly, another parametric equation of the connection between camera and UAV can be 229 
worked out, and the intersection point of the two straight lines is the UAV coordinate. 230 

 231 

Figure 4: Locating UAV by photovoltaic system 232 

3.2 Decision Fusion 233 

3.2.1 Digital decision processing 234 

After YOLO was put forward [34], [35], it has been widely concerned because it can detect the 235 
target in real time. When it came to YOLOv3 [36], the accuracy of detection for small targets 236 
has been improved significantly. For UAVs detection, the YOLOv3 algorithm is more suitable. 237 
First of all, real-time detection can meet the detection requirements of UAVs in fast flight: 238 
different from static objects or slowly moving objects (such as pedestrians, ships, etc.), the 239 
requirements for time are not very strict, but the UAVs speed may be faster, and the 240 
requirements for time accuracy will naturally improve. Secondly, the UAVs may have a high 241 
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flying altitude, which may be the very small targets in the camera. The features extraction effect 242 
using CNN and other methods may not be obvious. However, YOLOv3 rebuilt the neural 243 
network structure and reconstructed the loss function, focusing more on the detection of small 244 
targets, which is also suitable for UAVs detection. Based on the above reasons, YOLOv3 is 245 
used to process the optical images, and the detection results are obtained before the decision 246 
fusion. Figure 5 describes the workflow of YOLOv3. 247 

 248 

Figure 5: Workflow of Yolov3 algorithm 249 

Simple Online and Real-time Tracking (SORT) is a simple and efficient Tracking method 250 
based on Kalman filter and Hungarian matching. The main shortcoming of SORT algorithm is 251 
that the Association Metric it uses is valid only when the uncertainty of state estimation is low. 252 
Otherwise, tracking will fail when the target is covered. 253 

On the basis of SORT algorithm, Deep SORT algorithm combines the motion information and 254 
the appearance information of the target as the Association Metric. In this way, the DEEP 255 
SORT algorithm can track the occluded target. 256 

Deep Sort algorithm uses the results of the detector to initialize the tracker, and sets a counter 257 
for each tracker. The counter is accumulated after Kalman filtering. When the prediction result 258 
matches the detection result, the counter is set to zero. If no appropriate detection result is 259 
matched within a period of time, the tracker will be deleted. 260 

Deep SORT combines motion information and appearance information to match prediction 261 
box and tracking box by using Hungarian algorithm. For motion information, algorithm use 262 
Mahalanobis distance to describe the connection degree of prediction results and the detection 263 
results. When the target movement information uncertainty is low, the Mahalanobis distance 264 
is a suitable correlation factor, However, when the target is blocked or the lens view is shaken, 265 
only Mahalanobis distance correlation will lead to target identity switch, so appearance 266 
information should be considered. Mahalanobis distance can provide reliable target location 267 
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information in short-term prediction, and cosine similarity of appearance feature can be used 268 
to recover target ID when target reappears. Using linear weighting, the two methods 269 
complement each other. Figure 6 describes the workflow of Deep Sort. 270 

 271 

Figure 6: Workflow of Deep Sort 272 

3.2.2 Radar decision processing 273 

Chen et al. [37] found that micro-Doppler phenomenon caused by micro motion can also be 274 
observed in the microwave radar system, proposed the mathematical expression of micro-275 
Doppler effect, and believed that it has potential application value in target feature extraction. 276 
In addition to its own main direction movement, a target may also have other mechanical 277 
movements. These additional mechanical movements will cause the frequency modulation of 278 
radar echo, resulting in micro-Doppler effect. 279 

The influence of different kinds of objects’ mechanical motion on radar echo is quite different 280 
(such as the vibration of birds’ wings and the vibration of UAVs’ rotors). Therefore, the use of 281 
micro-Doppler features has a good effect in distinguishing different types of objects. At the 282 
same time, the micro-Doppler effect of UAVs will also be greatly different due to the speed, 283 
number, length and other factors of the rotors, so it also plays an important role in identifying 284 
different types of UAVs. 285 

For micro-Doppler features extraction, Fourier method and time-frequency analysis methods 286 
are mainly used. The frequency information related to time cannot be obtained by Fourier 287 
method, so it is not the mainstream method of micro-Doppler features extraction. For time-288 
frequency analysis, the main methods include short-time Fourier transform [38], generalized 289 
S-transform [39], Gabor transform [40]-[42] and so on. Gabor transform is a short-time Fourier 290 
transform with Gaussian window. It has no cross term and faster operation speed also has 291 
obvious time-frequency characteristics, so it is suitable for extracting micro-Doppler features 292 
of UAVs. This is also the reason why this method is chosen in this paper. 293 

We initially estimate the position of the UAV using a one-dimensional image after receiving 294 
the radar echo of the UAV target. Then, based on the target's distribution, we choose a suitable 295 
approach for separating the UAV target. Finally, to fulfill the goal of UAV Radar system 296 
identification, we employ the cepstrum approach to extract the properties of the UAV. 297 
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 298 

Figure 7: Identify UAV by radar system 299 

3.2.3 Decision fusion methods  300 

When multiple methods are used to detect the targets, all the detection results can be fused in 301 
the decision-making stage, which is an effective method to transform the weak classifiers into 302 
the strong one. This is also an important idea of Boosting algorithm [43]. 303 

X for unknown target of a certain category, 
iT  for the ith detection method, ( )

i
P X  for the 304 

probability vector output by 
iT , ( )

i
U X  for the recall rate of 

iT , ( )
i

V X  for the accuracy rate of 305 

iT .  1( ) ( ), , ( ), , ( )
i i, i, j i,M

P X P X P X P X ,  1( ) ( ), ,U ( ), ,U ( )
i i, i, j i,M

U X U X X X  , 306 

 1( ) ( ), , ( ), , ( )
i i, i, j i,M

V X V X V X V X . Where, 1,2, ,i N , N  represents the number of 307 

detection methods to be fused; 1,2, ,j M , M  represents the number of target categories. 308 

Using the following rules for decision fusion.  309 

Maximum rule: 310 

   ,| , 1, , ; 1, , ;
max j i j

F j F max P i N j M      (7) 311 

Minimum rule: 312 

   ,| , 1, , ; 1, , ;
min j i j

F j F min P i N j M      (8) 313 
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Mean rule: 314 

  ,1
| , 1, , ; 1, , ;

N

mean j i ji
F j F P N i N j M


     (9) 315 

Product rule: 316 

 ,
1

| , 1, , ; 1, , ;
N

prod j i j

i

F j F P i N j M


 
    
 

  (10) 317 

Recall rule: 318 

 
1

| ( ) ( ), 1, , ; 1, , ;
N

rec j i i

i

F j F P X U X i N j M


 
    
 

  (11) 319 

Accuracy rule: 320 

 
1

| ( ) ( ), 1, , ; 1, , ;
N

acc j i i

i

F j F P X V X i N j M


 
    
 

  (12) 321 

The decision fusion model is shown in Figure 2. It can be seen from the model that the two 322 
methods are independent before obtaining a single detection result. This independent 323 
processing allows multiple detection methods not to interfere with each other, and the use of 324 
both images and radar forms can also ensure the greatest degree of data diversity. The detection 325 
methods used can be changed, which makes the model have the characteristics of scalability. 326 
This decision-level fusion is also reflected in the data characteristics. The use of images mainly 327 
extracts features such as lines and textures of objects, and judges whether targets exist 328 
according to these features. The use of micro-Doppler signals mainly extracts time-frequency 329 
information, and analyzes the change of frequency over a period of time to infer targets state. 330 
Therefore, before the decision fusion, it can also be seen as the interaction of different features. 331 
These features with large differences can jointly complete the task of targets detection. 332 

4. Results and discussion 333 

The previous chapters explain how the system works.  In the actual work, the identification 334 
results may be affected by external conditions.  Therefore, this paragraph will use the measured 335 
results to verify the accuracy of the system's identification of UAV.   336 

4.1 Introduction to the experimental system 337 

Considering the actual operation scenario of the system, the experiment was carried out 338 
outdoors. The test equipment includes antenna, vector network analyzer, high-speed camera, 339 
turntable, computer, one single rotor UAV and one quadrotor UAV, signal amplifier, power 340 
supply, etc. The device is connected as shown in the following figure: 341 
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 342 

Figure 8: The experimental system 343 

4.2 Outdoor test 344 

The following figure shows the experimental system. 345 

 346 

Figure 9: The experimental environment 347 

The outdoor experiment ran three sets of tests on single-rotor and quadrotor UAVs. After the 348 
UAV is launched, the turntable is activated so that the radar system and camera system can 349 
scan the drone. Radar and camera will collect data and transmit it to the computer for 350 
processing. The processed data of the images taken by the camera are shown below: 351 
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 352 

Figure 10: Identify UAV by photovoltaic system 353 

4.3 Experimental results and discussion 354 

Table 1 （Green text indicates recognition accuracy） 355 

Group Number 1 2 3 

Single Rotor UAV 
Coordinate in the Image 

（745,559） 

（0.9585） 

（775,886） 

（0.8530） 

（720,767） 

（0.9603） 

Quadrotor UAV Coordinate 
in the Image 

（1197,581） 

（0.8978） 

（1153,567） 

（0.8411） 

（1130,604） 

（0.9211） 

Single Rotor UAV 
Coordinate from the Radar 

and Transformational 
Coordinate 

（8.5,45.3,12.9） 

（743,562） 

（0.9722） 

（7.9,43.3,19.6） 

(775,887) 

（0.9278） 

(8.7,42.5,18.8) 

(724,766) 

（0.9340） 

Quadrotor UAV Coordinate 
from the Radar and 
Transformational 

Coordinate 

(-3.7,38.1,12.1) 

(1199,577) 

（0.9649） 

(-3.5,39.2,11.9) 

(1150,566) 

（0.9165） 

(-3.3,38.4,12.4) 

(1132,601) 

（0.8944） 

System Identification 
Result(Single Rotor UAV, 

Quadrotor UAV) 
(0.9722, 0.9649) (0.9278, 0.9165) (0.9603, 0.9211) 
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Improved accuracy (1.4%, 7.5%) (8.7%, 9.0%) (2.8%, 3.0%) 

It can be seen from the experimental results that the identification system confirms that the 356 
radar system and the camera system identify the same target by determining the target 357 
coordinates first. Then the system will compare the identification accuracy of the two systems. 358 
Finally, the identification system will output the result of the system with higher identification 359 
accuracy in different environments, which improves the accuracy with a maximum of 9.0%. 360 
At the same time the robustness of the identification work is guaranteed. 361 

5. Conclusions 362 

In this work, we presented a UAV target identification based on information fusion of computer 363 
vision and radar signals. The system uses coordinates to confirm that the radar system and 364 
camera system are identifying the same target.  Then the system will compare the identification 365 
of both two system to give the identification result. 366 

The comprehensive experiment verifies that the system can identify single rotor UAV and 367 
quadrotor UAV.  In the future, we will conduct more experiments in different environments to 368 
improve the information fusion method of the system. 369 
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Figure Title and Legend 506 

 507 

Figure 1: The scene of tracking UAVs with radars and cameras. This is a common work scene in which the 508 
proposed method can expand the UAV detectable range. 509 

 510 
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Figure 2: UAV Identification System based on information Fusion. In this figure, the workflow of proposed 511 
method is present. The left dotted box showed how camera locate and identify UAVs, and the right dotted box 512 
depicted how radar locate and identify UAVs. The flowchart in the middle showed the workflow of UAV 513 
identification system. 514 

 515 

Figure 3: The coordinate conversion of UAV. This figure showed how to transfer the UAV’s coordinate in 516 
camera’s perspective to computer screen. 517 

 518 
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Figure 4: Locating UAV by photovoltaic system. This figure depicted how to transfer UAV’s coordinate in 519 
computer screen to a local coordinate system, which would be used to fuse with the UAV’s coordinate in radar 520 
system. 521 

 522 

Figure 5: Workflow of Yolov3 algorithm.  523 

 524 

Figure 6: Workflow of Deep Sort. 525 
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 526 

Figure 7: Identify UAV by radar system. After one-dimensional image was extracted from radar echo data, radar 527 
would get the distribution of targets. Then different methods would be applied to separate targets according the 528 
different target forms. Finally, the type of UAV would be classified by extracting UAV parameters with 529 
cepstrum method. 530 

 531 

Figure 8: The experimental system. The system consisted of high-speed camera, computer, vector network 532 
analyser, power, low noise amplifier and antennas.  533 
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 534 

Figure 9: The experimental environment. An experiment was carried out with necessary equipment. 535 

 536 

Figure 10: Identify UAV by photovoltaic system. The green box enclosed helicopter with a precision rate at 537 
0.9584913 and displayed the coordinate on the computer screen. The orange box enclosed drone with a 538 
precision rate at 0.8978341 and displayed the coordinate on the computer screen.  539 


