
  

  

Abstract—Depth map provides rich information and it can be 
utilized in object tracking to handle some challenging problems 
in conventional RGB tracking such as occlusions and model 
drift. In this paper, we present a tracker that provides an 
effective real-time target tracking method based on a binocular 
camera. The proposed tracker is an extension of the popular 
KCF algorithm that leverages a circulant structure of 
tracking-by-detection with kernels for tracking. On this basis, 
we design a simple yet effective method to detect occlusions and 
recover tracking using noisy depth map obtained from a 
binocular camera. Firstly, one needs to identify exact and 
reasonable peak number of the target region’s depth histogram 
and apply GMM model to evaluate the depth distribution. The 
occlusion is then detected based on the depth evaluation and the 
maximum response from KCF. When the occlusion happens, it 
is segmented to build the corresponding search region for 
recovery. The experimental results demonstrate the 
effectiveness of the proposed method and the superiority to the 
KCF tracker. 

I. INTRODUCTION 
isual object tracking is one of the most challenging tasks 
in the field of computer vision, with wide-ranging 
applications including human-computer interaction, 

surveillance and robotics, and so on. Recently, thanks to the 
popularity of low-cost RGB-D sensors (e.g. Microsoft 
Kinect), tracking can be made easier by using reliable depth 
data. The emergence of these has encouraged the researchers 
to combine color with depth data for designing robust trackers, 
which can effectively prevent model drift and handle 
occlusion with better adaptability to illumination variation. 
However, it is restricted to indoor applications with a shorter 
effective distance. 

While depth-based tracking using the binocular camera is 
often ignored since it is unstable and time-consuming to 
obtain depth map, it has enormous advantages in outdoor with 
intense light irradiation and long distance away from the 
target. Some stereo systems are also presented for object 
tracking, e.g. [1-4], but it is not applicable for fast moving 
platform (e.g. mobile robots). Fortunately, faster and more 
accurate stereo matching algorithms have been proposed, 
such as BP [5, 6], SGBM [7]. And the algorithms can also 
been accelerated by parallel computing (e.g. GPU). 
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Furthermore, some RGB trackers have achieved high-speed 
tracking, one of which is Kernelized Correlation Filters 
tracker (KCF) [8]. The KCF tracker combines high accuracy 
and fast processing speeds as demonstrated in [8, 9] where 
over 150fps processing was reported. Compared with other 
state-of-the-art trackers, e.g. camshaft [10], PF [11], CT [12], 
Struck [13], TLD [14], the KCF tracker can be further 
developed without considering the speed limit. Through these 
efforts, real-time tracking based on the binocular camera 
become possible. However, the direct usage of the KCF 
tracker cannot handle occlusions. In this case, the 
combination of KCF and depth map provides an effective 
solution. 

In this paper, we present a real-time depth-based tracker 
using a binocular camera, which is based on, and improves 
upon, the existing color-only KCF tracker [8] with FHOG [17] 
to describe the target’s features. In order to generate a depth 
map, the SGBM algorithm is adopted and a  640 × 480 depth 
map in over 10fps is acquired. Also, we analyze the depth 
distribution of target object, background, and occlusion. Our 
method mainly focuses on occlusion handling, though it can 
also increase the robustness of the KCF tracker including 
model drift and camera dithering. The key idea is to evaluate 
sudden changes in the target region’s depth histogram so as to 
handle occlusions for recovery by searching some specific 
areas. Different from [15] that utilizes single Gaussian model 
to evaluate the depth distribution on the basis of KCF, we 
design a new scheme to detect occlusion and recover tracking 
from occlusion by the following procedures. The peak 
number of the depth histogram is identified so as to apply 
GMM (Gaussian Mixture Model) efficiently, and the search 
areas shall be reduced as largely as possible for fast recovery.  
To evaluate the proposed method, some scenarios with high 
diversity including deformable objects and various occlusion 
conditions are considered. Besides, we also compare our 
algorithm with the KCF tracker [8] on our dataset from a 
binocular camera. 

The rest of the paper is organized as follows. Section II 
introduces the existing KCF tracker. The real-time 
depth-based tracking method based on a binocular camera is 
described in Section III in detail. In Section IV, experimental 
results are given. Section V concludes the paper. 

II. KERNELIZED CORRELATION FILTERS TRACKER 
Henriques et al. [8] proposed the usage of the ‘kernel trick’ 

to extend correlation filters for fast RGB tracking. In the 
comprehensive RGB tracking benchmarking work in [9], 
KCF ranked first in terms of speed and accuracy compared to 
other approaches. 

In the first frame, the KCF tracker trains a model with the 
image patch at the initial position of the target. This patch is 
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larger than the target, to provide some context. For each new 
frame, the KCF tracker detects over the patch at the previous 
position, and the target position is updated to the one that 
yielded the maximum value. Finally, the KCF tracker trains a 
new model at the new position, and linearly interpolate the 
obtained values of the classifier parameter with the ones from 
the previous frame, to provide the tracker with some memory 
[8]. 

A. Fast Kernel Regression 
Ridge Regression can achieve performance that is close to 

more sophisticated methods, such as Support Vector Machines, 
but it’s simple and fast with a closed-form solution. The goal 
of training is to find a function 𝑓𝑓(𝑧𝑧) = 𝑤𝑤𝑇𝑇𝑧𝑧 that minimizes 
the squared error over samples 𝑥𝑥𝑖𝑖 and their regression targets 
𝑦𝑦𝑖𝑖 , 

min
𝑤𝑤

∑ (𝑓𝑓(𝑥𝑥𝑖𝑖) − 𝑦𝑦𝑖𝑖)2 + 𝜆𝜆‖𝑤𝑤‖2𝑖𝑖                     (1) 
where 𝜆𝜆 is a regularization parameter to control overfitting. 
Solving the regression with shifted samples enables fast 
computation with fast Fourier Transforms instead of 
expensive matrix algebra. The positive and negative samples 
are rearranged as 𝑋𝑋, each of whose rows denotes one sample. 
What we have just obtained is a circulant matrix, which are 
made diagonal by the Discrete Fourier Transform (DFT), 
regardless of the generating vector 𝑥𝑥. This can be expressed as 

𝑋𝑋 = 𝐹𝐹𝐻𝐻𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥�)𝐹𝐹                                 (2) 
where 𝐹𝐹, known as the DFT matrix, is a constant matrix that 
does not depend on 𝑥𝑥 , and 𝑥𝑥�  denotes the DFT of the 
generating vector, 𝑥𝑥�= 𝐹𝐹(𝑥𝑥). 

Applying kernel trick to allow more powerful classifier for 
non-linear situation, the closed-form solution to the kernelized 
version of Ridge Regression is given as follows. 

𝛼𝛼 = (𝐾𝐾 + 𝜆𝜆𝐼𝐼)−1𝑦𝑦                                   (3) 
where 𝐾𝐾 is the kernel matrix and α is the vector of coefficients 
𝛼𝛼𝑖𝑖 , that represent the solution in the dual space. If we use 
kernels such as Gaussian, linear, polynomial, K is a circulant 
matrix. It is possible to diagonalize Eq. (3) as in the linear case, 
and we have 

  𝛼𝛼� = 𝑦𝑦�
𝑘𝑘� 𝑥𝑥𝑥𝑥 + 𝜆𝜆

                                              (4) 
where 𝑘𝑘𝑥𝑥𝑥𝑥 is the first row of the kernel matrix 𝐾𝐾. 

B. Fast Detection 
The circulant matrix trick can also be applied in detection to 

speed up the whole process. The patch 𝑧𝑧 at the same location 
in the next frame is treated as the base sample to compute the 
response in Fourier domain, and a confidence map 𝑦𝑦 can be 
obtained by: 

𝑦𝑦 = 𝐹𝐹−1(𝑘𝑘�𝑥𝑥𝑥𝑥 ⊙ 𝛼𝛼�)                                (5) 
the position with a maximum value in 𝑦𝑦 can be predicted as 
new position of the target. 

C. Fast Kernel Correlation 
It has been proven that the kernel function of a circulant 

kernel matrix should be unitarily invariant (detailed proof can 
be found in [8]). Since dot-product and radial basis kernel 
functions are found to satisfy this condition, polynomial 
kernels and Gaussian kernels are usually applied. 

If the kernel 𝑘𝑘 is computed between 𝑥𝑥 and 𝑥𝑥′, the Gaussian 
kernel 𝑘𝑘𝑥𝑥𝑥𝑥′ = 𝑒𝑒𝑥𝑥𝑒𝑒 �− 1

𝜎𝜎2
(‖𝑥𝑥 − 𝑥𝑥′‖)2� can be computed by: 

𝑘𝑘𝑥𝑥𝑥𝑥′ = 𝑒𝑒𝑥𝑥𝑒𝑒 �− 1
𝜎𝜎2
�‖𝑥𝑥‖2 + ‖𝑥𝑥′‖2 − 2𝐹𝐹−1(𝑥𝑥�∗ ⊙𝑥𝑥�′ )��        (6) 

If the feature space is multi-dimensional, the integration of 
multiple channels does not result in a more difficult inference 
problem. Thus, we merely have to sum over the channels 
when computing kernel correlation. 

III. PROPOSED TRACKING ALGORITHM 
In this section, we develop our depth-based tracking 

algorithm using a binocular camera. The flowchart of the 
proposed tracking method is shown in Fig.1. 

Specifically, the proposed depth-based tracking algorithm 
works as follows. The object of interest is manually selected in 
the first frame by a bounding box. Then we extract features of 
the target to initialize the KCF tracker with fast training, and 
obtain depth map by stereo matching. For one incoming video 
frame t, the KCF tracker executes fast kernel correlation and 
fast detection to find the max response, which decides on the 
new target position. Meanwhile the corresponding histogram 
is created from the depth map, and the number of peaks is 
computed with the findPeakNum algorithm. Afterwards the 
depth distribution, including the object, the background, or the 
occlusion, can be estimated effectively and efficiently with 
GMM. According to the depth distribution at frame t-1, t and 
the max response at frame t, the occlusion is detected and 
recovered. If there is no occlusion, the KCF tracker is 
adaptively updated until the task is completed.  

Below we give a detailed description about each component 
of our method. 

A.  Depth Distribution 
Because the depth map obtained from stereo matching is 

full of noise and not so reliable, the method of segmenting 
with k-means and region growing, referred to [15], does not 
work well for estimation of the depth distribution. We design a 
simple yet effective scheme to compute the depth distribution. 

Binocular
Camera

RGB
Images

Target
Location

KCF
Tracker

Depth
Distribution

Depth
Images

Tracking
Recovery

Occlusion
Detection  

Fig. 1. The flowchart of the proposed tracking method. The binocular 
camera captures two left and right images simultaneously, and the depth 
map is obtained by stereo matching with the reference image. Then the 
occlusion can be handled during the process of the KCF in cooperation 
with the depth map analysis. 



  

First we delete the bars of 0 and 255 as well as the bars 
which connect to these in the histogram. Then the 
findPeakNum algorithm (see Fig. 2 for more details) is applied 
to find reliable peak number, so as to identify the number of 
Gaussian functions in GMM model for computation 
accelerating. 

The different peak number indicates different depth 
distribution. Assuming larger depth value of the pixel maps 
into the point closer to the camera, we can summarize as two 
kinds of cases whether there exist occlusions or not. If no 
occlusion is detected, when the peak number is 1, the depth of 
the object is just the value obtained from GMM. For the cases 
where the peak number is 2 and 3, we conclude that the depth 
of the object equals to the value that has the minimum 
difference from the last updated object depth. And if the max 
depth value is not occupied by the object, it’s regarded as the 
depth of the occlusion. It shall be noted that the depth 
information does not update for other values of the peak 
number. Once the occlusion is detected, the occlusion depth is 
updated the value if peak number is 1; and when peak number 
comes to 2, 3, or other value, the processing is the same as the 
case of tracking. The process of the depth map is presented in 
Fig. 3. 

B. Occlusion Detection 
      From the depth distribution described in Fig. 3, we can 

figure out the object depth value and the fraction of pixels 
belonging to each component in the region of object window. 
The fraction of belonging to each component is calculated 
through GMM with the value of pixels in [𝜇𝜇 − 3𝜎𝜎, 𝜇𝜇 +
3𝜎𝜎] and the pixels connected to each other in terms of the 
target window. The occlusion appears when the depth value 
of the component closest to the camera changes significantly, 
and the number of peaks usually increases. The occlusion is 
detected if 

(𝑓𝑓(𝑧𝑧)𝑚𝑚𝑚𝑚𝑥𝑥 < 𝜆𝜆1 ) ∧ ��Φ�Ω𝑜𝑜𝑜𝑜𝑜𝑜� < 𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜� ∨ (Φ(Ω𝑜𝑜𝑜𝑜𝑜𝑜) > 𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜)�           (7) 

where Φ�Ω𝑜𝑜𝑜𝑜𝑜𝑜�  and Φ(Ω𝑜𝑜𝑜𝑜𝑜𝑜)  are the fraction of pixels 
belonging to Ω𝑜𝑜𝑜𝑜𝑜𝑜  and Ω𝑜𝑜𝑜𝑜𝑜𝑜  respectively. The first term in Eq. 
(7) reduces false detections of occlusion in the case of objects 
moving fast away from or towards the camera. The other two 
terms in Eq. (7) indicate that the occlusion is detected under 
the condition that the fraction of pixels belonging to the object 
is less than a specific value and the fraction of pixels 
belonging to the occlusion is greater than a specific value. 

C. Tracking Recovery 
As shown in Fig. 3, the component closest to the camera is 

extracted from the depth map of the target window, and the 
occlusion region in the whole depth map can be determined 
through occRegionGrowth algorithm (see Fig. 4 for more 
details). During occlusion, a search region Ω𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑜𝑜ℎ is defined, 
and its response and as well as the new depth distribution is 
computed to detect the re-appearance of the target. Actually, 
the target object will re-emerge with high probability in those 
edges areas of the occlusion. We identify the region where 
target candidates are searched as  

Ω𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝑜𝑜ℎ = η1Ω𝑜𝑜𝑜𝑜𝑜𝑜 − η2Ω𝑜𝑜𝑜𝑜𝑜𝑜                          (8) 
where η1,η2  are the proportion parameters to enlarge and 
shrink the occlusion region respectively and η1 > η2. As the 
patch is ξ (ξ is usually designed as 1.2~2) times larger than the 
target window, η1, η2 are not required to be much larger or 
much smaller than 1 for the search region decreasing. And the 
tracking is resumed when 

�𝑓𝑓(𝑧𝑧)𝑚𝑚𝑚𝑚𝑥𝑥 > 𝜆𝜆1 � ∧ ��Φ�Ω𝑜𝑜𝑜𝑜𝑜𝑜� > 𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜��           (9) 
where The first term in Eq. (9) makes sure the object is the 
target tracked before. And the second term implies that the 
fraction of pixels belonging to the target should be greater than 
a specific value. For extracting more exact search region, we 
add a judgement before tracking recovery that when Eq. (9) is 

 
Fig. 2. The algorithm to find peak number in depth histogram. 

 
Fig. 3. Depth distribution inside the bounding box. The top row shows the 
distribution in normal state, and the bottom row shows the distribution 
when occlusion occurs. Each row from left to right represents the RGB 
image, the depth image, the segmented foreground image, and the depth 

  



  

nearly satisfied (just decrease 𝜆𝜆2 and 𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜  a little), the tracking 
is activated but the model is still not updated until Eq. (9) is 
completely satisfied. In order to reduce computation during 
the search procedure, the depth distribution of the target 
window is calculated only in the window with the max 
response.  

IV. EXPERIMENTAL RESULTS 
The performance of the proposed depth-based tracking 

method is evaluated in this section. The algorithm is 
implemented with the combination of the KCF codes provided 
by [8] computer with Intel i5-2400 CPU 3.10 GHz processor. 
It achieves the processing speed of about 20fps at the 
resolution of 640 × 480 pixels. The dense depth images from 
a PointGrey BB2-08S2C-38 binocular camera are generated 
with 10 fps by the SGBM algorithm [7]. The 10 fps processing 
can satisfy the real-time applications. . The parameters used in 
the algorithm are as follows: λ1=0.35, λobj=0.3, λocc=0.25, 
η1=1.3, η2=0.7. 

We first validate our method using the Princeton Dataset 
[16], which is RGB-D tracking datasets recorded with 
Microsoft Kinect v1. This dataset presents complex 
background clutter and intermittent occlusions. The tracking 
results of the proposed method are shown in Figs. 5 and 6, 
where the green box is the tracking window that indicates 
there is no occlusion and the tracking can be trust; the yellow 
box denotes the occlusion region. The red box is used to 
describe the target with a high probability during the occlusion, 
and the red box moving represents the activation of the 
tracking without model updating. Since the depth map 
provided by Microsoft Kinect v1 is stable, high-precision and 
has less black holes, the proposed method is not surprisingly 
proved to be effective for occlusion handling. 

In the following, we test our method on our dataset from a 
binocular camera. The performance of our tracking algorithm 
is shown in Figs. 7-9. Take Fig. 9 of tracking a little toy as an 
example. Obviously, the depth maps from our dataset have 
stronger noise and less stable than those from RGB-D cameras. 
However, the proposed method still can achieve the tracking 
smoothly.  

Furthermore, we compare our proposed method with the 
KCF tracker. The comparison results are shown in Fig. 10 and 
Fig. 11, where the blue box denotes the results of the KCF 
tracker. Fig. 10 demonstrates the case of occlusion handling 
while Fig. 11 presents the case of camera dithering.  One can 
see that when the occlusion (the blue box) appears, the model 
for tracking stops updating (the red box), and the search region 
generates proposals for tracking recovery. In addition, if the 
camera is heavily shaking, the maximum response from 
tracking will be below a threshold and the depth distribution 
will change significantly, which can also activate occlusion 
handling. These experiments demonstrate that the proposed 
method is more robust and effective than the KCF tracker. 

V. CONCLUSION 
In this paper, we have proposed a depth-based tracking 

method using a binocular camera, which can effectively and 
efficiently solve the problem of occlusion, and also increase 
the robustness for camera dithering. Our experimental results 
demonstrate the correctness of the proposed method and the 
superiority compared to KCF algorithm. In the future, we will 
focus on further optimizing and increasing the speed of the 
algorithm, especially in the process of the stereo matching. 
Besides, we will apply the proposed method to robots for 
target tracking in complex environments. 

Fig. 4. The algorithm to generate occlusion areas. 



  

(a) frame #3 (b) frame #22 (c) frame #39 (d) frame #45 (e) frame #50 (f) frame #55  
Fig. 5. Tracking results of the proposed method on a sequence named “walking_occ1” of the Princeton dataset. The green box is the tracking window that 
indicates there is no occlusion and the tracking can be trust; the yellow box denotes the occlusion region. The red box is used to describe the target with a high 
probability during the occlusion, and the red box moving represents the activation of the tracking without model updating. 
 

(a) frame #34 (b) frame #40 (c) frame #45 (d) frame #49 (e) frame #154 (f) frame #164
Fig. 6. Tracking results of the proposed method on a sequence named “bear_front” of the Princeton dataset. 
 

(a) frame #18 (b) frame #45 (c) frame #48 (d) frame #81 (e) frame #97 (f) frame #115
Fig. 7. Tracking results of the proposed method on our dataset. A man walks through an occlusion (frame #48-#97), and the occlusion is detected (yellow 
box). Finally the tracking is recovered. 
 

(a) frame #218 (b) frame #230 (c) frame #239 (d) frame #240 (e) frame #334 (f) frame #429
Fig. 8. Tracking results of the proposed method on your dataset. A man blocks another man while walking. The occlusion denoted as the man is detected with 
the yellow box (frame #230-#239), and the other man is tracked by the red box during occlusion. 
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(a) frame #55 (b) frame #67 (c) frame #83 (d) frame #89 (e) frame #191 (f) frame #196
Fig. 9. Tracking results of the proposed method on our dataset. A little toy is tracked and the occlusion, which is a book, is detected (frame #67-#83). Finally 
the tracking is recovered. 

(a) frame #1 (b) frame #64 (c) frame #70 (d) frame #72 (e) frame #100 (f) frame #131
Fig. 10. The comparison of our method with KCF tracker in terms of occlusion. When the occlusion occurs (frame #72), the KCF tracker (blue box) is out of 
work. While our method detects the occlusion and recovers the tracking. 
 

(a) frame #1 (b) frame #161 (c) frame #246 (d) frame #247 (e) frame #270 (f) frame #271  
Fig. 11. The comparison of our method with KCF tracker in terms of camera dithering. Our method can deal with the camera dithering (frame #161-#270), 
while the KCF tracker (blue box) cannot recover once it loses tracking. 
 


