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Abstract: In order to solve problems of occlusion and fast motion of small targets in 7 

UAV (Unmanned Aerial Vehicle) target tracking , an adaptive algorithm which fuses 8 

the improved color histogram tracking response and the correlation filter tracking 9 

response based on multi-channel HOG features is proposed to realize small target 10 

tracking with high accuracy. The state judgment index is used to determine whether 11 

the target is in a fast motion or an occlusion state. In the fast motion state, the search 12 

area is enlarged, and the color optimal model which suppresses the suspected area is 13 

used for rough detection. Then, re-detection in the location of multiple peaks in the 14 

rough detection response is carried out using the correlation filter to accurately locate 15 

the target. In an occlusion state, the model stops updating, the search area is expanded, 16 

and the current color model is used for rough detection. Then, re-detection in the 17 

place of multiple peaks in the rough detection response is carried out using the 18 

correlation filter to accurately locate the target. Experimental results show that the 19 

proposed method can track small targets accurately. The frame rate of the proposed 20 

method is 40.23 frames/second, indicating useable real-time performance. 21 
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 29 

1. Introduction 30 

During UAV target tracking the target is far away from the camera, hence the 31 

target pixel size in the image (the number of pixels occupied by the target) is small. In 32 

addition, when the UAV moves swiftly the camera is actively adjusted, the target 33 

position shift between adjacent frames may exceed 20 pixels. In a target tracking 34 

review article with more than 1000 citations[1], the above two cases are classified as 35 

low resolution and fast motion respectively. Low resolution can also cause the target 36 

to be blocked easily. These factors make it challenging to track the ground moving 37 

small target accurately and in real-time. 38 

 When the target occupies a few number of pixels, limited feature information is 39 
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obtained from target pixels. High-level features which are capable of more powerful 40 

feature expression are favored in such circumstances in order to ensure the robustness 41 

of the tracking method. Danelljan M[2] effectively improved the tracking effect of the 42 

method in paper[3] by using multi-channel color features instead of grayscale features. 43 

But, a single color feature is not sufficient for capturing all illumination changes. 44 

Henriques JF[4] used the multi-channel Histogram of Oriented Gradient (HOG)[5] to 45 

represent the target, which can well represent the local shape feature of the target. 46 

Hence the tracking effect of the correlation filtering was significantly improved. 47 

However, trackers based on HOG often perform poorly when the target has 48 

movements or serious deformations. Experiments showed that the above two single 49 

feature models cannot favorably cope with small targets, resulting in target drifting. 50 

Danelljan M[6] won the 2016 VOT-Challenge with a comprehensive combination of: 51 

the multi-channel color feature, a well-trained Convolution neural network (CNN) 52 

feature and the HOG feature. Yet, due to limited number of online training samples in 53 

the target tracking, the over-dimensioned feature vector easily leads to over-fitting; 54 

this method requires updating of more than 800,000 model parameters each time, 55 

making it difficult to fulfill the real-time requirement of target tracking. 56 

Expanding the search area to obtain a larger sampling area is one of the ways to 57 

deal with fast moving targets. However, the amount of computation is increased and 58 

the false alarm rate rises due to introduction of objects similar to the target. In order to 59 

cope with fast movements of the target, Ma C[7] introduced an online random fern 60 

classifier, which is similar to TLD (Training Learning Detection)[8], to redetect targets. 61 

But the redetection module is based on grayscale features, so it is difficult to achieve 62 

good redetection performance in a large area. Zhang J[9] used multiple trackers as an 63 

expert group to conduct semi-supervised loss judgment on the expert group's tracking 64 

results to select the optimal tracking result and improve the reliability of the tracker. 65 

But it is still difficult for the method to deal with disturbing objects in the search area 66 

based on a single grayscale feature. Additionally, each frame requires multiple 67 

tracking and detection, making it difficult to achieve real-time performance. Zhu G[10] 68 

used Edge Boxes[11] to obtain areas with more closed edge information as a global 69 

candidate area instead of using a local search area. However, when the target is small, 70 

its edge information is relatively limited, making it difficult for Edge Boxes to 71 

accurately locate the target. In addition, the Edge Box method requires sampling of a 72 

large number of areas to improve the probability that the target is detected, 73 
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compromising real-time performance. 74 

Small targets are easily obscured, which increases the difficulty of tracking. JIA 75 

X et al.[12] used a local sparse representation of the target to cope with partial 76 

occlusions of the target. Qi Zhao et al.[13] used an innovative keypoint matching based 77 

tracker to handle partial occlusion problem. Yet these two methods cannot cope with 78 

relatively larger occlusion sizes. Also, the average frame rate of this method on the 79 

OTB2013[1] dataset is 8.5 frames per second, not satisfying the real-time requirement 80 

of target tracking. In addition, small targets that lack information are not suitable for 81 

local sparse representation. Kalal Z et al.[8] introduced the online random fern 82 

classifier to redetect targets, but the redetection module is based on simple grayscale 83 

features, so it is difficult to obtain good redetection results. In the case that the target 84 

is completely obscured, Yan J H et al.[14] used the Kalman filter method to estimate 85 

the target position to achieve the target tracking. Though the position estimation 86 

method cannot accurately estimate how the target would separate from the occlusion.  87 

In this paper, in order to solve problems of fast motions and occlusions of the 88 

target in UAV target tracking, an adaptive algorithm which fuses the improved color 89 

histogram tracking response and the correlation filter tracking response based on 90 

multi-channel HOG features is proposed to realize stronger feature expression for 91 

small targets. The state judgment index is used to determine whether the target is in a 92 

fast motion or an occlusion state. In the fast motion state, the search area is enlarged, 93 

and the color optimal model which suppresses the suspected area is used for rough 94 

detection. Then, re-detection in the location of multiple peaks in the rough detection 95 

response is carried out using the correlation filter to accurately locate the target. In the 96 

occlusion state, the model stops updating, the search area is expanded, and the current 97 

color model is used for rough detection. Then, re-detection in the location of multiple 98 

peaks in the rough detection response is carried out using the correlation filter to 99 

accurately locate the target. The block diagram of Real Time UAV Tracking of Fast 100 

moving Small Target on Ground is showed in Fig 1. 101 

http://spie.org/profile/Qi.Zhao-117139
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Fig 1 Block diagram of Real Time UAV Tracking of Fast moving Small Target on 103 

Ground 104 

2. Target tracking method by fusing two tracking models 105 

The HOG is a statistical feature based on the local gradient direction, which 106 

cannot cope with target deformations well. The global color distribution of the target 107 

does not change greatly with target deformations. Therefore, the global color feature 108 

can better deal with target deformations. By contrast, the color feature cannot deal 109 

with illumination changes very well, whereas the HOG uses Gamma correction to 110 

normalize the contrast of the original image and can better deal with illumination 111 

changes. The color feature and the HOG complement each other. Hence a tracking 112 

model based on the fusion of these two features is expected to represent the small 113 

target more powerfully and track it more accurately. A flow chart of the proposed 114 

target tracking method by the fusion of two tracking models is shown in Fig 2 115 
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Fig 2 Flow chart of target tracking method by fusing two tracking models 117 

2.1 Tracking response of the correlation filter model based on local multi-channel 118 

HOG features 119 

The correlation filter tracking method based on multi-channel local HOG features 120 

is divided into the training stage and the detection stage. In the training stage, the 121 

optimal correlation filter is obtained by training the sample set, and the optimal filter 122 
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is updated according to the fast updating strategy. Multi-channel local HOG features 123 

are extracted for each pixel in the local search area of the previous frame, which are 124 

then used to form a matrix, and the rows and columns of the matrix are cyclically 125 

shifted to obtain a training sample set. According to the characteristics of the circulant 126 

matrix, the discrete Fourier domain was used to solve the correlation filter instead of 127 

the Ridge regression to avoid matrix inversion, reducing the complexity of the 128 

algorithm by several orders of magnitude and achieving real-time performance[4]. In 129 

the detection stage, multi-channel local HOG features are extracted for each pixel in 130 

the local search area of the current frame, which are then used to form a matrix, and 131 

the rows and columns of the matrix are cyclically shifted to obtain a to-be-detected 132 

sample set. The correlation filter response score for each sample set is obtained 133 

according to the updated optimal filter and the coordinates of the sample with the 134 

highest score are set as the center location. 135 

2.1.1 The characteristics of the circulant matrix[4]  136 

In this section, the 1-D single channel signal, which is methodologically similar 137 

to the 2-D multi-channel signal, is used to describe the acceleration characteristic of 138 

the circulant matrix. Suppose that the 1-D single channel signal is represented by a 139 

vector of 1n , denoted as  0 1 2 1, , , nx x x x x K , then the circulant X is obtained by 140 

cyclic shift C(x) of x, as shown in Eq (1). 141 

  

0 1 1

1 0 2

0 1 1

1 1

1 2 0

n

n n

q n

n q n q n q

x x x

x x x

C
x x x

x x x



 



    

 
 
 
 

      
 
 
 
  

X x x x x x

L

L

M M M M
L L

L

M M M M

L

 (1) 142 

Circulant X is the training sample set. Each row vector xq is a sample, and its 143 

corresponding label vector is y: 144 

 145 

 0 1 2 1

0  is negative sample
, , , ,

1  is positive sample

T q

q n q

q

x
y y y y y y

x

 
       

y L L  (2) 146 

The goal of training is to find a function   Tf X w X  that minimizes the 147 

squared error between samples xq and their label value yq, as shown in Eq (1).   is a 148 

regularization parameter that controls over fitting.  149 

 150 
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2 2

min q q

q

f y  
w

x w   (3) 151 

Where w is the coefficient to be solved for. The linear regression least squares of 152 

w can be computed as follows: 153 

  
1

H HI


 w X X X y  (4) 154 

Where the superscript H is the conjugate transpose. Directly solving Eq (4) 155 

involves matrix inversion, which demands a huge amount of computation, 156 

compromising the real-time performance of the tracking method. 157 

In order to reduce computational complexity, Eq (4) is transformed into the 158 

frequency domain. According to [15], the circulant matrix is diagonalized by the 159 

discrete Fourier transform matrix F. 160 

    ˆ HC diag X x F x F  (5) 161 

Where x̂  represents the discrete Fourier transformation of x,  ˆ x xF . 162 
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 (6) 163 

In Eq (6),      ˆ ˆ ˆ ˆdiag diag diagx x x xe .   is an all-1 vector and is omitted in 164 

following expressions. x̂ represents the conjugation of x̂ . 165 

Then, use according to the convolution property of the circulant matrix discussed 166 

in [17]: 167 

        C   x y x y x y% eF F F F  168 

Where x% represents the reverse order of x . A Fourier transform is carried out 169 

on both sides of Eq (6) to solve for w . 170 

    1 ˆ

ˆ ˆ 


  

      

x
w y

x x
e

e
F F F F  (7) 171 

 1 ˆ ˆ
=

ˆ ˆ 

  
 

 

x y
w

x x

e

e
F  (8) 172 

2.1.2 Correlation filter tracking method based on multi-channel HOG feature[16]  173 

Training stage: The local searching area Dt for training is selected by setting the 174 

center pixel Pt-1 of the target tracking box of the previous frame It-1 as the center of Dt. 175 

The width and height of Dt are W, H, which are twice the width and height of the 176 
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target of the previous frame. The multi-channel local HOG feature 
,w h

Ndh  is extracted 177 

for each pixel (w,h) in Dt-1, where N is the number of channels of the feature. A 178 

W H  matrix N
DH is constructed using 

,w h

Ndh . Each element 
,w h

Ndh  in the matrix is an 179 

N-dimensional vector. Training samples     , | 0,1,..., 1 , 0,1,..., 1N

w h w W h H   DH  180 

are generated by a cyclic shift operation on N
DH . Training samples are used to train 181 

the optimal correlation filter N

cfh  so that it has the highest filtering response to the 182 

sample centered on (w,h) in Dt-1. The training process is a Ridge regression process. 183 

Its purpose is to minimize the loss function (9). 184 

 

2
2

, ,

, 1 1

arg min
N
cf

N N
n n n

cf w h w h cf
h W H n n

h g h
 

 
   

 
 

  DH  (9) 185 

Where * represents the convolution operation, , ( 1,2, )n

w h n NDH L  is the 186 

component of the sample in each channel, and ( 1,2, )n

cfh n N L  is the component of 187 

the correlation filter N

cfh  on each channel. ,w hg  is the ideal two-dimensional 188 

Gaussian response corresponding to ,

N

w hDH . 
2

, ,

1

N
n n

cf w h w h

n

h g


  DH  represents the loss 189 

function and 
2

1

N
n

cf

n

h


  is the regular item to prevent over fitting which must be 190 

greater than 0.   is a regularization parameter and is assigned the optimal value 191 

0.001 derived in [4]. The idea discussed in section 2.1.1 is applied to solve (9), and 192 

the optimal correlation filter of the previous frame in the frequency domain is 193 

obtained. 194 
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e
 (10) 195 

The optimal filter is updated according to the fast updating strategy proposed in 196 

[17]. 197 

   1 1 1
ˆˆ1n n n

t t t tA A g      DHe  (11) 198 

   1 1 1

1

ˆ ˆ1
N

n n

t t t t

i

B B   



   DH DHe  (12) 199 

  is an update parameter, which determines the update rate. Larger   means 200 

greater impact of the current frame on the module, indicating faster model update. In 201 

this paper, is assigned the optimal value of 0.01 derived in [17]. 202 

Detection stage: The local searching area Dt for training is selected by setting the 203 

center pixel Pt-1 of the target tracking box of the previous frame It-1 as the center of Dt. 204 

The multi-channel local HOG feature 
,w h

Ndh  is extracted for each pixel (w,h) in Dt-1, 205 

where N is the number of channels of the feature. A W H  matrix N
DH is 206 
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constructed using 
,w h

Ndh . Each element 
,w h

Ndh  in the matrix is an N-dimensional 207 

vector. Detecting samples     , | 0,1,..., 1 , 0,1,..., 1N

w h w W h H   DH  are generated by 208 

a cyclic shift operation on N
DH . According to the updated optimal filter, the 209 

correlation filtering response score of each sample is obtained. 210 

  
,

1 1

ˆ

,

N
n n

t w h

n

cf

t

A

S w h
B 

 

 
  

  
 

  

 DH

F  (13) 211 

The position of the target center pixel x in Dt is set to be the coordinates of the 212 

point (wmax,hmax) with the highest response score, and the correlation filtering tracking 213 

response score is Scf(x). 214 

2.2 Target tracking response based on improved global color feature 215 

In the color histogram tracking, the probability of the pixel x belonging to the 216 

target in the current local search area Dt is obtained by constructing the target 217 

normalized RGB color histogram and looking up the table. According to the 218 

normalized color histogram Histfg of the foreground and normalized color histogram 219 

Histbg of the background of the current frame, the probability pfg(x) that the pixel x 220 

belongs to the foreground and the probability pbg(x) that the pixel x belongs to the 221 

background are respectively calculated. 222 

    fg fg xp x Hist i  (14) 223 

    bg bg xp x Hist i  (15) 224 

Where ix indicates that the pixel x belongs to the ith bin in the color histogram 225 

According to [18], the probability that pixel x belongs to the target in the search 226 

area is denoted as: 227 

  
 

   
|

fg

t

fg bg

p x
p x O D

p x p x
 


 (16) 228 

To adapt the representation to changing object appearance and illumination 229 

conditions, we update the object model on a regular basis using linear 230 

interpolation        1| | 1 |t c t c tt tP x O D P x O D P x O D        ，with a learning rate 231 

c . 232 

The probability integral graph I in the search area Dt is calculated, and the 233 

response score Shist(x) of the target box in Dt with pixel x as the center and the target 234 

size area as the size of the box is obtained. 235 
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    2, 2 ( , ) ( 2, ) ( , 2)histS x I i W j H I i j I i W j I i j H         (17) 236 

where W and H are the width and height of the current target , and（i,j） 237 

represents the horizontal and vertical coordinates of the pixel x. 238 

The position of the target center pixel x in Dt is set to be the coordinates of the 239 

point (imax,jmax) with the highest response score, and the color tracking response score 240 

is Shist(x). 241 

If the target is relatively small, drifting to areas with a similar color is likely to 242 

happen. To cope with drifting, the current method suppresses areas with suspected 243 

color similarities to reduce interference from these areas. 244 

When the response score Shist(x) of the box area satisfies Eq (18), it is considered 245 

a suspected area. 246 

       0 0max , 0,1hist dis histS x S x    (18) 247 

Where xdis represents the central position of the suspected rectangular area and 248 

0  is the threshold parameter and is arbitrarily set to be 0.8 here. 249 

The suspect area is sorted according to its response score. Calculating the 250 

normalized color histogram set  | 1n

disHist n N L  for the first N suspect areas. Then, 251 

the probability that pixel x belongs to each suspected area is calculated, followed by 252 

recalculation of the probability that pixel x in Dt belongs to the target, as shown in Eq 253 

(19). 254 

 
 

 

     
1

|
1

fg

t t N
n

fg bg dis

n

p x
P x O D

p x p x p x
N 

 

  
 (19) 255 

Then, the color tracking response score Shist(x) of the target tracking box in the 256 

search area Dt is recalculated using Eq (17) 257 

In order to test whether the suppression of color suspicious areas can effectively 258 

reduce interference from suspected areas, a comparative experiment on images with 259 

small targets and color-like areas in the UAV123 dataset is carried out. Some 260 

experimental results are shown in Fig 3: 261 

 262 
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Fig 3. Color tracking responses with and without color suspicious area 

suppression. 

The second column in Fig 3 is the probability map of pixels belonging to the 263 

target without suppression. Probability values at the target area are high, yet those of 264 

color suspicious areas are also high, causing interference to target tracking. The third 265 

column in Fig 3 is the probability map of pixels belonging to the target with 266 

suppression. Responses in suspected areas are suppressed. The decrease in probability 267 

values at the target area in the map is less than that at suspected areas, which makes 268 

the probability value of the target more prominent. Thus, experiments show that 269 

suppression of color-like areas can effectively reduce interference from suspected 270 

areas. 271 

2.3 Fusion dual model tracking response 272 

Adaptive fusion of the improved color histogram tracking response and the 273 

correlation filter tracking response based on multi-channel HOG feature was carried 274 

out to determine the center position Pt of the target tracking box in the current frame 275 

It. 276 

  argmax
t

t f
x D

P S x


  (20) 277 

 
      f cf histS x S x f S x 

 
(21) 278 
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Where Sf(x) is the tracking response score at x of the fusion dual model. When 279 

there are many suspected areas, target tracking box which is determined by target 280 

tracking response based on improved global color feature is likely to drift to areas 281 

with a similar color. To guarantee the exact location of the target tracking box which 282 

is determined by the fusion dual model tracking response, we need to reduce the color 283 

tracking response score. Therefore the value of the score is reduced to lower the 284 

impact of the color tracking response on the overall fusion probability. Hence the 285 

color tracking response score Shist(x) is adaptively adjusted as follows 286 

 

  

  
 

  
 

1 2

1 2
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    ,  2 5

hist

hist hist

N

hist

S x N

f S x S x N

S x N


 


  


   

(22) 287 

Where N is the number of suspected areas. The color tracking response score is 288 

affected by the number of suspected areas. When N is large, it is considered that the 289 

color tracking response score is not credible enough. Hence the value of the score is 290 

reduced to lower the impact of the color tracking response on the overall fusion 291 

probability. On the contrary, if N is small, indicating that the color tracking response 292 

score is credible, it is appropriate to increase its value for better tracking results. The 293 

aim of these modifications is to achieve better tracking results. 294 

Target tracking results of the adaptive fusion dual model are compared with 295 

target tracking results of single models, as shown in Fig. 4. In each image in Fig. 4, 296 

the green box demonstrates the tracking result of the correlation filter model based on 297 

multi-channel HOG features. The yellow box demonstrates the tracking result of the 298 

improved global color histogram feature model. The red box demonstrates the 299 

tracking result of the proposed adaptive fusion dual model. The black box marks the 300 

true location of the target. 301 

 302 

    

Fig 4 Comparison of target tracking results of the adaptive fusion dual model and two 303 

single models 304 

The overlap score (OS) is used to measure the accuracy of target tracking results. 305 
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OS is calculated as follows. 306 

 
gt t

gt t

B B
OS

B B





 (23) 307 

Where Bgt represents the true target position, and Bt represents the target location 308 

identified by the tracking method. Higher OS scores indicate higher accuracy. 309 

Table 1 Comparison of OS scores of target tracking results of the adaptive fusion dual 310 

model and two single models 311 

Tracking method 
Correlation filter 

tracking 

Color 

tracking 

Fusion two model 

tracking 

OS of the first 

image 
0.469 0.746 0.750 

OS of the second 

image 
0.431 0.353 0.508 

OS of the third 

image 
0.238 0.157 0.395 

OS of the forth 

image 
0.710 0.666 0.721 

Fig 4 and table 1 show that the proposed target tracking method that fuses 312 

multiple tracking models can achieve better OS, indicating higher tracking accuracy. 313 

3. Fast-moving or occluded target tracking 314 

In the process of target tracking, rapid movement of the target leads to rapid 315 

location changes of the target in the video. Consequently, the target easily moves out 316 

of the local search area, resulting in tracking failure. In addition, the small size of the 317 

target makes it an easy victim of occlusion. In this paper, a tracking method that copes 318 

with target fast motions and target occlusions is proposed. 319 

3.1 Target tracking under target fast motion 320 

In a target tracking review article with more than 1000 citations[1], the two cases 321 

described above are classified as fast motion and low resolution. A target is 322 

considered to be in the fast motion state when its position offsets more than 20 pixels 323 

between adjacent frames. 324 

    1 2 1 220 20t t t ti i or j j        (24) 325 

(it-1, jt-1) and (it-2，jt-2) are the coordinates of the centres Pt-1 and Pt-2 of the 326 

tracking box in frame t-1and the frame t-2. 327 
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3.1.1 Update the model parameters of the correlation filter model and color 328 

feature model 329 

When the target is in the fast motion state, model parameters of the correlation 330 

filter model and the color histogram model need to be adjusted to cope with changes 331 

in target posture and illumination. 332 

The correlation filter model parameters An and B, the foreground histogram 333 

feature Histfg, and the fusion response peak value max(Sf) of the frame, which is 2FR 334 

(FR indicates video frame rate) frames before the current frame form a set, which is 335 

then divided into L segments in time order n

lA , Bl, and Histfg(l) corresponding to the 336 

frame with the largest response peak value from each segment are selected to form an 337 

expert group ( n

lA ，Bl，Histfg(l)). Weighted summation was performed on the members 338 

of the expert group to obtain the optimal correlation filter model and the foreground 339 

histogram feature needed in color tracking. Taking into account the temporal 340 

correlation between frames in a video sequence, greater weights are assigned to 341 

parameters in frames that are closer to the current frame. 342 
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  (26) 

344 
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1

L

fg fg l
l

Hist L Hist
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  (27) 

345 

3.1.2 Redetect to find the true target 346 

In order to track the fast moving target in real time, the local search area in color 347 

tracking is expanded to 2Dt, and color primary detection is performed to obtain the 348 

color tracking response score Shist(x). 349 

In color tracking, the true target area can be mistaken as a suspected area and 350 

hence be suppressed. Also, when the true target area and the suspected object are 351 

close, the suspected object can be omitted because it yields a sub-peak response 352 

closed to the peak response area. In either case, multiple peak areas appear in the final 353 

color tracking response, and the highest peak response does not necessarily represent 354 

the true target. For instance, as shown in Fig. 5, in the upper left image, the red box 355 

marks the true target, whereas the green box is the suspected object, and the response 356 

value of the suspected object in the color tracking response is higher than that of the 357 

true target. 358 
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Fig 5 Schematic of multi-peak redetection 

In order to accurately track the true target, this paper uses the optimal correlation 359 

filter obtained in Section 3.3.1 to re-detect the multi-peak position in the color 360 

tracking response to determine the true target. The multi-peak position 361 

 11,...,n

px n N of the color tracking response is determined firstly, where N1 is the 362 

number of peak positions.) The multi-peak position is determined using Eq (28) 363 

     1 maxhist p histS x S x  (28) 364 

Where 
1  is assigned 0.8. 365 

Then the local search aera  11,...,Nn

tD n  is selected in n

px . The optimal 366 

correlation filter is used to redetect the local area to obtain the multi-peak redetection 367 

response set   11,...,n

cfS x n N , where the peak position of   max
cf

nS x  is the target 368 

center position Pt.  369 

3.2 Target tracking in occlusion 370 
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3.2.1 Judge the degree of occlusion of the target 371 

Fusion dual model target tracking response (Sf(x)) is as shown in Fig 6. 372 

   

   

OCC = 3.0472
 

OCC = 2.2965
 

OCC = 2.2811
 

Fig 6 Fusion of dual model tracking result and tracking response map 

Original images are shown in the first row in Fig.6.The target is a pedestrian and 373 

is obscured by the car during tracking. The fusion tracking response maps (Sf(x)) 374 

corresponding to the local search area are shown in the second row. In the first 375 

column of Fig 6, the target is not occluded and there is only a single peak 376 

corresponding to the target in the tracking response map. Except for the sharp peak at 377 

the center of the target, the rest of the map is relatively smooth. In the second column, 378 

the target is partially occluded, and there are many peaks in the tracking response map, 379 

with no single maximum peak value and large fluctuations. In the third column, the 380 

target is more occluded, and an additional peak appears in the tracking response map, 381 

with an even larger overall fluctuation. To cope with this problem, an indicator OCC 382 

for judging the degree of occlusion of the target is proposed. 383 

 

     

    
,

max min

min

f f

f f

W H

S x S x
OCC

mean S x S x




 
 

 


 (29) 384 

Where W and H represent the width and the height of the response map 385 

corresponding to the local search area. This indicator reflects the degree of 386 

smoothness of the response map and the confidence level that the peak is in the center 387 

of the target. 388 

In the process of target tracking, the value of OCC, which is used to judge the 389 
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degree of occlusion of the target, is shown in the third row of Fig. 6. The first column 390 

has the largest OCC value. The second column has a smaller OCC value, and the third 391 

column has a even smaller OCC value. Fig. 5 shows that the OCC value can be used 392 

to judge the degree of occlusion of the target. 393 

In this paper, when the OCC value of the It frame is less than   times the OCC 394 

value of the It-1 frame, the target is considered occluded.   is assigned 0.8. 395 

3.2.2 Redetect the occluded target 396 

A small target is easily obscured. When it is judged that the target is occluded by 397 

the occlusion indicator OCC, the local search area is expanded to 2Dt. Firstly, the 398 

color primary detection is performed to determine the multi-peak 399 

position 11,...,n

px n N , where N2 is the number of peak positions. The multi-peak 400 

position is determined by Eq (30) 401 

     2 maxhist p histS x S x  (30) 402 

Where 
2  is assigned a value of 0.7. 403 

Then the local search area  11,...,Nn

tD n  is selected in n

px . The pre-occlusion 404 

correlation filter is used to redetect the local area to obtain the multi-peak redetection 405 

response set   11,...,n

cfS x n N , where the peak position of   max
cf

nS x  is the target 406 

center position Pt. 407 

4. Flow chart of the proposed method 408 

The flow chart of the proposed real-time UAV tracking of a fast moving small 409 

target on the ground is shown in Fig. 7. 410 

 411 



17 
 

Blocked target tracking

Input  initial frame I0 and  

target center position P0

Input  initial frame I0 and  

target center position P0

Small target tracking 

based on fusion of dual tracking model

Select local search area DtSelect local search area Dt

Get training samples               in It-1Get training samples               in It-1

    Use               to train and update the optimal 
correlation filter          

    Use               to train and update the optimal 
correlation filter          

Get detecting samples               in ItGet detecting samples               in It

Determine the color tracking response score 

Shist (x)

Determine the color tracking response score 

Shist (x)

 Fusion dual model tracking response 

score Sf(x)

 Fusion dual model tracking response 

score Sf(x)

Save tracking model 
parametersAn,B,Histfg,max(Sf)

Save tracking model 
parametersAn,B,Histfg,max(Sf)

N
Last frame？Last frame？

ENDEND

Y

The target center position Pt is 

determined from max(Sf (x))

The target center position Pt is 

determined from max(Sf (x))

 np x
dis

YN NY

,

N

w hDH

The optimal filter is used to obtain the sample 

correlation filter response score Scf (w,h)

The optimal filter is used to obtain the sample 

correlation filter response score Scf (w,h)

The highest response score is the target center 

position and the correlation filtered tracking 

response score Scf (x)

The highest response score is the target center 

position and the correlation filtered tracking 

response score Scf (x)

Determine N color suspicious areas and 

calculate the probability that pixel x belongs to 

each suspect area

Determine N color suspicious areas and 

calculate the probability that pixel x belongs to 

each suspect area

Expand the search area to 2Dt, determine the color of the 

initial detection response score Shist (x)

Expand the search area to 2Dt, determine the color of the 

initial detection response score Shist (x)

Multi-peak locations and local detection areas are 

determined by Shist (x)

Multi-peak locations and local detection areas are 

determined by Shist (x)

The optimal correlation filter is used to determine the peak 

of                          as the target center position Pt

The optimal correlation filter is used to determine the peak 

of                          as the target center position Pt

                              Fast moving

 target tracking

Expand the search area to 2Dt, determine the color of the 

initial detection response score Shist (x)

Expand the search area to 2Dt, determine the color of the 

initial detection response score Shist (x)

Multi-peak locations and local detection areas are 

determined by Shist (x)

Multi-peak locations and local detection areas are 

determined by Shist (x)

The optimal correlation filter is used to determine the peak 

of                          as the target center position Pt

The optimal correlation filter is used to determine the peak 

of                          as the target center position Pt

The model parameter of the first 2FR frame is used to 

determine the optimal tracking model parameters

The model parameter of the first 2FR frame is used to 

determine the optimal tracking model parameters

t++t++

Calculate the probability                         of 

pixel x belonging to the target with the 

suspected area suppression in Dt

Calculate the probability                         of 

pixel x belonging to the target with the 

suspected area suppression in Dt

,

N

w hDH

,

N

w hDH

1 2 1 220or 20t t t tx x y y       1t tOCC OCC 

 | tp x O D

  max n

cfS x

  max n

cfS x

 412 

Fig 7 Flow chart of Real Time UAV Tracking of a Fast Moving Small Target on 413 

Ground 414 

In the target tracking process, firstly, the center of the local search area Dt in the 415 

current frame It is set to be the center position Pt-1 of the target tracking result of the 416 

It-1 frame. The correlation filter tracking response Scf(x) and the color tracking 417 

response Shist(x) of the pixel x in Dt are calculated, and the score Sf(x) is obtained by 418 

adaptively combining the two responses. The peak position of Sf(x) is the same as the 419 
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target center position Pt of the It frame. In the fast motion state, the proposed method 420 

uses the optimal correlation filter to re-detect the multi-peak position of the color 421 

tracking response to determine the true target. The optimal correlation filter is used to 422 

redetect the local area to obtain the multi-peak redetection response set 423 

  11,...,n

cfS x n N . The peak position of   max
cf

nS x  is the target center position Pt. 424 

In the occlusion state, the color primary detection is performed. The pre-occlusion 425 

correlation filter is used to redetect the local area to obtain the multi-peak redetection 426 

response set   11,...,n

cfS x n N  in the multi-peak position. The peak position of 427 

  max
cf

nS x  is the target center position Pt. 428 

5. Experimental results and analysis 429 

A set of video sequences containing small targets, fast motion and occlusion 430 

characteristics from the database UAV123 are selected for the experiment, including a 431 

total of 15 groups and 6611 images. The image size is 1280 x 720 pixels. The tracking 432 

targets include people, cars and other objects. All targets have fine manual annotation. 433 

The proposed method of this paper is compared with 8 other state-of-the-art methods, 434 

including: the CN tracker which uses color attributes as effective features[2]; the KCF 435 

tracker, which uses the multi-channel HOG feature[4]; the DSST tracker, which 436 

relieves the scaling issue using the feature pyramid and the 3-dimensional correlation 437 

filter[17]; the LCT tracker which uses the online random fern classifier as the 438 

re-detection component for long-term tracking[7]; the DAT tracker, which uses the 439 

color histogram feature and suppresses the background area[20]; the Staple tracker 440 

which fuses the color tracker and correlation filter tracker linearly[18]. The above 6 441 

methods have outstanding tracking results and the speed of tracking meets the 442 

real-time requirement. Also, the MEEM[8] tracker, which uses the multiple tracker 443 

expert group to realize fast tracking and the 2016 VOT Challenge champion CCOT[6], 444 

which uses the feature of deep convolution neural network are included in the 445 

comparison experiments. 446 

All experimental results and related performance evaluations were obtained 447 

using the same data and initialization conditions. Experimental environment: 448 

Matlab2016, experimental platform: 3.60 GHz, Intel i7 CPU, 64-bit win7 operating 449 

system, 8GB of memory. 450 

Datasets come from https://ivul.kaust.edu.sa/Pages/Dataset-UAV123.aspx. 451 

5.1 Comparison of tracking results for the different methods 452 
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Tracking performance of the proposed method and CN, KCF, DSST, DAT, LCT, 453 

Staple, MEEM, and C-COT are compared in the video sequence set in which the 454 

target is small, fast moving and occluded, as shown in Fig.8. The white box is the 455 

location of the true value of the target, which is used to compare with the tracking 456 

position obtained by the algorithm. 457 

 458 
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Bike3 



20 
 

    

Wakeboard5 

    

Car14 

    

Car13 

    

Truck3 

   OURS     CN     KCF     DSST     DAT     LCT     Staple     
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Fig. 8 Comparison of tracking results of the proposed method and 8 state-of-the-art 

tracking methods 

The targets in the first and second rows of Bike2 and Truck4 were less than 200 459 

pixels in size, and the target in the third row in Car11 were less than 100 pixels in size. 460 

Experimental results show that the tracking boxes of the other 8 methods easily lose 461 

the target or drifts to suspected objects. The proposed method is able to better 462 

characterize small targets with little feature information because of the adaptive fusion 463 

of multi feature models, improving the success rate of target tracking. In the third and 464 
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the fourth rows of Bike3 and Car11, the targets are blocked and the other 8 methods 465 

were unable to deal with occlusion, resulting in failure in tracking. The proposed 466 

method efficiently judges whether the target is occluded and initiates the 467 

corresponding tracking method when occlusion is detected, ensuring successful target 468 

tracking. In the fifth and the sixth rows of Wakeboard5 and Car14, the between-frame 469 

target position distance is more than 20 pixels. The other 8 methods lost the target 470 

under this situation. The proposed method efficiently judges whether the target is in 471 

fast motion and initiates the corresponding tracking method when fast motion is 472 

detected, ensuring successful target tracking. In the seventh and the eighth rows of 473 

Car13 and Truck3, there are strong interfering objects near the true target, and most of 474 

the 8 methods failed to track. The proposed method suppressed the suspected areas 475 

effectively and greatly reduced the interference from the suspected areas. It can resist 476 

the impact of strong interfering objects on small targets and track the target 477 

successfully. 478 

5.2 Performance comparison experiment 479 

5.2.1 The experiment of overlap success rate 480 

If the overlap score of the tracking result of the It frame is beyond a given 481 

threshold, it is considered that the proposed method has successfully tracked the target 482 

in the It frame. The overlap success rate[1] is the ratio of the number of successful 483 

tracking frames to the total number of frames. The overlap score is defined in Eq (23). 484 

The comparison of the overlap success rate of the proposed method with that of 485 

other 8 methods is shown in Fig. 9. In this paper, The Area Under Curve (AUC) of the 486 

overlap success rate curve was used to evaluate the performance of the tracking 487 

methods because it is considered a more accurate evaluation of the overall tracking 488 

performance. The AUC values of all methods tested are listed after each method name 489 

in the figure legend of Fig.9. 490 

 491 
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Fig 9 Comparison of the overlap success rate of the proposed method with the other 8 

methods 

As shown in Fig 9, the proposed method in this paper has the highest AUC, 492 

indicating that the performance of the proposed method has a high overlap success 493 

rate. When the overlap threshold is less than 0.5, the overlap success rate of the 494 

proposed method is substantially higher than that of other methods. However, the 495 

success rate of the proposed method is slightly lower than that of the CCOT when the 496 

overlap threshold is high. This is because that the proposed method mainly aims at 497 

small targets, hence it does not adopt a complex scale adaptive strategy. 498 

5.2.2 The experiment of distance precision rate 499 

If the Euclidean distance between the center of the It frame tracking result and 500 

the given target center is within a given location error threshold, it is considered that 501 

the proposed method has tracked the target precisely in the It frame. The distance 502 

precision rate is the ratio of the number of precise tracking frames to the total number 503 

of frames. The comparison of the distance precision rate of the proposed method with 504 

that of other 8 methods is shown in Fig 10. The horizontal axis denotes the location 505 

error threshold and the vertical axis denotes the distance precision rate. The AUC 506 

value is again used as the evaluation index because it more accurately evaluates the 507 

overall performance of the methods. The AUC values of all methods tested are listed 508 

after each method name in the figure legend of Fig 10. 509 

 510 
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Fig 10 Comparison of the distance precision rate of the proposed method with other 8 

methods 

As shown in Fig 10, the proposed method in this paper has the highest AUC, 511 

indicating that the performance of the proposed method has a high distance precision 512 

rate. When the location error threshold is less than 5, the distance precision rate of the 513 

proposed method is substantially higher than that of other methods. However, the 514 

success rate of the proposed method is slightly lower than that of the CCOT when the 515 

location error threshold is small. This is because that the proposed method mainly 516 

aims at small targets, hence it does not adopt a complex scale adaptive strategy. 517 

5.2.3 The experiment of average center location error 518 

The center location error is the average Euclidean distance between the center of 519 

the tracking result and the given target center. Table 2 shows the center location error 520 

of the proposed method and the other 8 methods. 521 

Table 2 Comparison of the center location error of the proposed method with that 522 

of the other 8 methods 523 

Tracker Proposed CCOT MEEM STAPLE DAT KCF DSST CN LCT 

ACLE 7.27 25.82 29.39 63.18 70.58 79.43 88.32 89.75 138.80 

Table 2 shows that the average center location error of the proposed method is 524 

much smaller than that of other 8 methods. It shows that the tracking performance of 525 

this method is better than that of other methods. 526 

5.2.4 Comparison of the real-time performance between methods 527 
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The proposed method is compared with the other 8 methods for real-time 528 

performance. The frames per second (fps) is used to evaluate real-time performance. 529 

The fps of each method is shown in Table 3. 530 

Table 3 Comparison of the frames per second of the proposed method with that 531 

of the other 8 methods 532 

Tracker Proposed CCOT MEEM STAPLE DAT KCF DSST CN LCT 

Fps 40.23 2.58 6.17 66.47 20.33 142.62 32.62 87.79 23.11 

According to Table 3, when compared to CCOT, MEEM, DAT, DSST and LCT, 533 

the proposed method has higher fps, indicating that the proposed method has better 534 

real-time performance. The fps of methods STAPLE, KCF and CN are higher than the 535 

proposed method. However, the proposed method performance is superior to them 536 

due to its multi-feature model and strategies for coping with small target fast motion 537 

and occlusion. 538 

6. Conclusion 539 

An adaptive algorithm which fuses the improved color histogram tracking 540 

response and the correlation filter tracking response based on multi-channel HOG 541 

features is proposed to realize small target tracking with high accuracy. The state 542 

judgment index is used to determine whether the target is in fast motion or an 543 

occlusion state. In the fast motion state, the search area is enlarged, and the color 544 

optimal model which suppresses the suspected area is used for rough detection. Then, 545 

re-detection in the place of multiple peaks in the rough detection response is carried 546 

out using the correlation filter to accurately locate the target. In the occlusion state, 547 

the model stops updating, the search area is expanded, and the current color model is 548 

used for rough detection. Then, re-detection in the place of multiple peaks in the 549 

rough detection response is carried out using the correlation filter to accurately locate 550 

the target. The proposed method of this paper is compared with the other 551 

state-of-the-art methods using the UAV123 dataset. Experimental results show that the 552 

proposed method can accurately track a fast moving small target in real-time. The fps 553 

of the proposed method is 40.23 indicating good real-time performance. In this paper, 554 

single target tracking is studied. In future research, multi-target tracking will be 555 

studied. Based on multi-target time-domain information and airspace information, an 556 

accurate real-time tracking method for UAV multi-target tracking will be developed. 557 
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