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Abstract:    Robust object tracking has been an important and challenging research area in the field of computer vision for decades. 
With the increasing popularity of affordable depth sensors, range data is widely used in visual tracking for its ability to provide 
robustness to varying illumination and occlusions. In this paper, a novel RGBD and sparse learning based tracker is proposed. The 
range data is integrated into the sparse learning framework in three respects. First, an extra depth view is added to the color image 
based visual features as an independent view for robust appearance modeling. Then, a special occlusion template set is designed to 
replenish the existing dictionary for handling various occlusion conditions. Finally, a depth-based occlusion detection method is 
proposed to efficiently determine an accurate time for the template update. Extensive experiments on both KITTI and Princeton 
data sets demonstrate that the proposed tracker outperforms the state-of-the-art tracking algorithms, including both sparse learning 
and RGBD based methods. 
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1  Introduction 
 

Visual object tracking is currently an important 
and fundamental research area in computer vision, 
with applications in many fields such as surveillance, 
human-computer interaction, and autonomous 
recognition systems (Yilmaz et al., 2006; Wu et al., 
2013). Recently, the sparse representation based 
framework has emerged as an efficient solution for 
visual tracking (Candes et al., 2006; Donoho, 2006; 
Mei and Ling, 2009; 2011; Ling et al., 2010; Liu et al., 
2010). In Mei and Ling (2009), a tracking candidate 
was sparsely represented as a linear combination of 
the over-complete dictionary including target and 
trivial templates. Considering the interdependencies 

among particles, a multi-task sparse learning frame-
work enforcing joint sparsity was proposed (Zhang 
TZ et al., 2012b). In Hong et al. (2013) and Lan et al. 
(2014), multiple features, including color, edge, and 
texture, were used to complement the intensity for 
robust appearance modeling. Most of the existing 
sparse learning based trackers focus on the color 
image for its rich information. However, sparse 
tracking remains a challenging task, especially under 
conditions of varying illumination and extensive  
occlusions. 

With the emergence of affordable depth sensors, 
such as lidar, radar, and stereo vision systems, range 
data has been widely applied in visual tracking (Choi 
et al., 2011; Luber et al., 2011; Song and Xiao, 2013). 
It has the potential of less sensitivity to varying illu-
mination conditions and the capability of distin-
guishing the tracking target from the background. In 
Luber et al. (2011), multiple people were detected and 
tracked in RGBD data by combining online learning 
of the target appearance models with multiple  
hypothesis tracking. In Song and Xiao (2013), 
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RGBD-based features were used to build a more sta-
ble discriminative model and effectively classify 
potential target regions from the background. While 
the existing RGBD-based approaches perform well in 
tackling the issue of changing illumination, they often 
fail in complex environments. 

One of the unresolved challenges for object 
tracking is the presence of occlusions. Various ap-
proaches have been proposed to address this problem, 
one of which is the trivial coefficient based method 
widely used in sparse tracking (Wright et al., 2009; 
Yang and Zhang, 2010; Mei et al., 2011). In the sparse 
representation stage, trivial templates are activated 
when a candidate particle cannot be represented well 
by the target template set. Thus, the nonzero entries 
within the trivial coefficients indicate the corre-
sponding areas occluded in particle observation. 
Meanwhile, the RGBD-based trackers identify oc-
clusions when, in the depth histogram of the target 
region, a newly rising peak emerges with a smaller 
value than that of the target (Song and Xiao, 2013). 
The existing methods for occlusion detection have 
proven effective. However, their accuracy usually 
decreases considerably with extensive and successive 
occlusions.  

Inspired by the advances discussed above, to 
improve the tracking performance under conditions of 
varying illumination and heavy occlusions, we pro-
pose an RGBD-based sparse learning tracker. Three 
respects of the existing sparse tracking framework are 
greatly strengthened:  

1. Depth view. For robust appearance modeling, 
the depth feature is integrated to replenish previous 
color image based visual features as an independent 
kind of view.  

2. Occlusion template set. The segmented oc-
clusion area from the target region is formulated as an 
occlusion template set. Integrating these occlusion 
templates with the existing over-complete dictionary 
endows the tracker with the ability to handle various 
occlusion conditions.  

3. Occlusion detection. A depth-based histogram 
analysis is employed for effectively detecting occlu-
sions and determining the proper time of template 
update. This study is an extension of our previous 
work (Ma and Xiang, 2015). To the best of our 
knowledge, it is the first work that designs special 
templates for handling various extreme occlusion 

conditions. It covers the gap between sparse learning 
based tracking and traditional RGBD-based tracking, 
and it circumvents the drawbacks of both approaches. 
Fig. 1 illustrates the framework of the proposed 
tracker.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
2  Related work 
 

Various remarkable methods for visual tracking 
have been presented over the years, and can be di-
vided into two categories: discriminative and genera-
tive. In discriminative methods, a tracking problem is 
regarded as a binary classification problem to locate 
the target region that best separates the target from the 
background. Examples of discriminative tracking 
methods are ensemble tracking (Avidan, 2007), 
online multiple instance learning (Babenko et al., 
2009), sparse Bayesian learning (Williams et al., 
2005), and global mode seeking (Yin and Collins, 
2008). Generative methods formulate the tracking 
problem as a search for a potential target location that 
is most similar in appearance to the generative model. 
Examples include eigen tracking (Black and Jepson, 
1998), mean shift tracking (Comaniciu et al., 2003), 
covariance tracking (Porikli et al., 2006), and incre-
mental tracking (Ross et al., 2008).  

With the increasing popularity of affordable 
depth sensors, the range data is widely used in visual 
tracking for its ability to provide robustness to oc-
clusions and to be less sensitive to varying illumina-
tion (Choi et al., 2011; Luber et al., 2011; Song and 
Xiao, 2013). In Choi et al. (2011) and Luber et al. 
(2011), people can be detected and tracked from the 

Fig. 1  Framework of the proposed tracker 
The dashed bounding boxes illustrate how the valuable in-
formation provided by the range data (denoted as ellipses) is 
enforced in the tracker 
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image and depth sensors via multi-detector fusion. 
The RGBD HOG feature was used to build a more 
stable discriminative model and effectively classify 
potential target regions (Song and Xiao, 2013). 
RGBD+OF, which combines RGBD HOG feature 
detection with optical flow based tracking (Zhang, 
1994), and RGBDOcc+OF, which further considers 
occlusion handling, were proven to be the best 
trackers using RGBD data based on tracking by  
detection. 

On the other hand, sparse representation has 
been widely exploited in visual object tracking, as 
well as for recognition and classification. In Mei and 
Ling (2009), each target candidate was represented as 
a sparse linear combination of the template set by 
solving an l1-regularized least squares problem. To 
improve the real-time performance, an efficient L1 
tracker (L1T) with a two-stage bounded resampling 
scheme as well as occlusion detection was introduced 
in Mei et al. (2011). In Bao et al. (2012), an acceler-
ated proximal gradient approach was developed to 
guarantee quadratic convergence to hasten L1T 
without loss of precision. In addition, visual tracking 
was formulated as a multi-task sparse learning based 
tracker (MTT) considering the underlying interde-
pendencies between particles (Zhang TZ et al., 
2012b). Employing multiple visual features including 
color, edge, and texture to replenish intensity in ap-
pearance modeling, the multi-task multi-view tracker 
(MTMVT) achieved a more robust performance 
(Hong et al., 2013). 

Sparse learning based trackers can be formulated 
as a minimization problem of the reconstruction error 
constrained by regularizations. As a common regu-
larization, the row sparse constraint forces all parti-
cles into being jointly represented by as few templates 
as possible in MTT (Zhang TZ et al., 2012b). The 
subsequent sparse learning based trackers strengthen 
MTT in two regards:  

1. Added regularizations. The LRST proposed in 
Zhang TZ et al. (2012a) extends MTT by exploiting 
the underlying low-rank constraint. In Zhang et al. 
(2015a), LRST was further extended by formulating 
object tracking as a low-rank, sparse, and temporally 
consistent representation problem. The column sparse 
constraint imposed in MTMVT (Hong et al., 2013) 
enables the capture of outlier particles, which are 
sampled far away from the tracking target.  

2. Structure information. Considering the pair-
wise structural correlations between particles, the 
S-MTT presented in Zhang et al. (2013) expands 
MTT by imposing the structure information via graph 
regularization. To employ the spatial layout structure 
of the target region, the STT proposed in Zhang et al. 
(2015b) samples several local image patches inside 
each candidate region and target template with the 
same spatial layout. Thus, the row sparse constraint 
forces all particles into sharing the same dictionary 
basis over all local image patches. 
 
 
3  RGBD and the sparse learning based 
tracker 

3.1  Particle filter 

The particle filter indicates the main regions 
distributed around a tracking target with multiple 
discrete particles, and it is used primarily for robust 
tracking under complex environments. In a sparse 
tracking framework, xt denotes the state variable of 
the sampled particle, describing the target’s affine 
motion at time t with four deformation and two 
translation parameters (Pei and Lin, 1995). Given all 
available observations z1:t={z1, z2, …, zt}, the tracking 
problem can be formulated as an estimation of the 
posterior distribution of xt, which is recursively up-
dated using the following expression: 
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(1)  
where the state transition distribution 1( | )t tp −x x  is 
modeled to be Gaussian, and ( | )t tp z x  indicates the 
observation likelihood. By approximating the poste-
rior 1 1: 1( | )t tp − −x z  with a set of particles 1 1 1{ , }i i N

t t iw− − =x , 
Eq. (1) can be rewritten as 
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where 1

i
tw −  indicates the importance weight of parti-

cle 1
i
t−x . Particles are updated and resampled in each 
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frame, and in the case of the bootstrap filter, the up-
dated weight 1

i
tw −  is proportional to the correspond-

ing observation likelihood 1 1( | )i
t tp − −z x . 

To model the observation likelihood p(zt | xt), a 
region of interest is first cropped from the image 
using xt as the parameter and normalized to the tem-
plate size. Multiple features are then extracted from 
the region and treated as a candidate particle obser-
vation. The observation likelihood p(zt | xt) indicates 
the similarity between a candidate particle observa-
tion and the dictionary templates. In this study, p(zt | xt) 
is formulated using a reconstruction error in the 
sparse representation stage described below. 

3.2  Depth-enhanced appearance modeling 

An ideal appearance model should be adaptive to 
intrinsic variations such as varying posture, as well as 
to extrinsic variations such as changing illumination 
and various occlusion conditions (Yilmaz et al., 2006). 
Existing color image based features have been shown 
to be liable to failure with varying and complex il-
lumination. Considering the emergence of affordable 
depth sensors, the depth images of a scene are easily 
obtained. The depth image is insensitive to illumina-
tion change and also provides valuable 3D infor-
mation for tracking. Therefore, the color image based 
features are enhanced with a depth view to provide a 
more comprehensive appearance modeling in the 
proposed tracker. 

3.3  Occlusion template set 

For each view index m=1, 2, …, M, the target 
template set (denoted as tmd nm

t
×∈T 

, dmnt) is ini-
tialized by slightly shifting the selected target region 
in the first frame to all directions, and is updated when 
necessary in the following sequences. Each column in 

m
tT  represents a target template obtained by extract-

ing the mth feature as a column vector, and dm and nt 
represent the dimension of the mth feature and the 
number of target templates, respectively. The target 
templates m

tT  are concatenated with the trivial tem-
plates 

mdI  (dm×dm identity matrix) to construct the 
over-complete dictionary. 

Nevertheless, while the online updating strategy 
endows the existing dictionary with the ability to 
evolve quickly to accommodate a new environment, it 
is still insufficient for handling heavy occlusions. 

Normally, when an obvious occlusion is detected, it 
will not go away for a certain period of time. With a 
depth-based occlusion detection method (see Section 
4), the occlusion area segmented from the previous 
tracking result is formulated as a model to generate 
the occlusion template set, which can effectively 
handle various extreme occlusion conditions in the 
next frame. 

If an apparent occlusion is detected in the pre-
vious tracking result, it will be segmented and then 
regularized into a rectangular region. This normalized 
region is then depicted with the highest proportion of 
color extracted from the corresponding color image 
area as an occlusion model for color. Likewise, the 
average depth value calculated from the correspond-
ing depth image area is depicted as the model for 
depth. These occlusion models are gradually ex-
panded in both width and height dimensions until they 
are twice the initial size and are compressed until half 
the size. The nearest tracking result without occlusion 
is preserved as the background of the generated oc-
clusion templates. By traversing the occlusion models 
with various sizes to all directions on the background, 
the occlusion template set for the current frame can be 
obtained as omd nm

t
×∈O  . This generative process of no 

occlusion templates is illustrated in Fig. 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2  An example from the training_01 sequence in the 
KITTI Vision benchmark to illustrate the generation of 
occlusion templates: (a) tracking result with an apparent 
occlusion; (b) corresponding depth image; (c) binariza-
tion of the target region, where occlusions are expressed 
as white pixels and the remaining regions are black; (d) 
occlusion models for color and depth images (left) and 
their corresponding traversed backgrounds (right); (e) 
occlusion templates generated by traversing occlusion 
models with various sizes to all directions on the corre-
sponding backgrounds, in which only representative 
ones are presented (References to color refer to the 
online version of this figure) 
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The existing over-complete dictionary will be 
augmented with the occlusion templates when the 
previous tracking result is detected as largely oc-
cluded. Thus, the occlusion templates exist only in 
partial frames rather than the whole tracking sequence. 
In contrast to the update strategy for target templates, 
the occlusion template set is completely rebuilt as 
necessary. The effectiveness of the augmented dic-
tionary for tracking is illustrated in Fig. 3. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.4  Sparse learning with the augmented diction-
ary 

The generated occlusion templates m
tO  are 

combined with the existing over-complete  
dictionary to construct an augmented dictionary 

=[ , , ]
m

m m m
t t t dD T O I . Given that each particle shares 

dependencies with others, N candidate particle ob-
servations are considered to be a joint linear combi-
nation of the augmented dictionary, such that 
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where t o( )mn n d Nm
t

+ + ×∈C  represents the coefficient 
matrix of sparse representation for the mth view. m

tC  
is composed of target coefficients T

mC , occlusion co-
efficients O

mC , and trivial coefficients I
mC . 

Considering the underlying relationship between 
particles, the corresponding particle observations for 
different views should share the same dictionary basis. 
Therefore, a group lasso penalty l12 is imposed on the 
global coefficient matrix 1 2[ , , , ]M

t t t t=C C C C  to 
capture the shared templates among all tasks over all 
views. In other words, Ct is regularized by the row 
sparse constraint, which assumes that all particles 
jointly share as few templates as possible. Thus, Ct is 
formulated as a minimum reconstruction error 
through a regularized l12 minimization function as 
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where λ controls the tradeoff between the reconstruc-
tion error and the row sparse constraint. Then, the 
observation likelihood for each i

tx  is given as 
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where α is a constant controlling the shape of the 
Gaussian kernel, and Γ is a normalization factor. m

iC , 
O
iC , and m

iX represent the ith column of matrices T
mC , 

O
mC , and m

tX , respectively.  

Finally, the optimal particle t
∗x  with the maxi-

mum observation likelihood is chosen as the current 
tracking result: 
 

 
arg max ( | ),

i
t t

i
t t t

S
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∈
=

x
x z x                       (7) 

 
where St is the set of particles. 

3.5  Optimization algorithm 

Note that objective function (3) is composed of a 
differentiable convex function and a non-smooth but 

Fig. 3  The effectiveness of the generated occlusion tem-
plate set for tracking (References to color refer to the 
online version of this figure) 
The red and blue bounding boxes represent tracking results 
with and without occlusion templates integrated into the 
augmented dictionary, respectively. The blue one tends to 
contain partial target area and much more background in the 
bounding box. The dashed bounding box represents the 
zoomed-in snapshot of the occlusion template corresponding 
to the highest sparse coefficient value. It is proven that the 
proposed occlusion templates facilitate accurate tracking 
even under heavy occlusions 
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convex regularization. For efficient tracking, the ac-
celerated proximal gradient (APG) method (Chen et 
al., 2009; Bao et al., 2012) is exploited to solve the 
regularized minimization problem with a quadratic 
convergence rate. Each APG iteration consists of two 
steps: (1) gradient mapping which updates the current 
representation matrix C(k) with the aggregation matrix 
Z(k) fixed; (2) an aggregation step to update Z(k). 

Step 1: Update C(k+1). Update of the representa-
tion matrix C(k+1) is formulated as an l12-norm mini-
mization problem: 
 

2( 1)
F 1,2

1
2

arg min ,k ηλ+ = − +
Y

C Y H Y         (8) 
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and η is a parameter controlling the step penalty. An 
efficient closed-form solution can be attained via 
Eq. (8): 
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and hi denotes the ith row of matrix H. 

Step 2: Update Z(k+1). Update of the aggregation 
matrix Z(k+1) is formulated as  
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where αk=2/(k+3) for k≥1 and α0=1. 

Note that C(0) and Z(0) are set to zero matrices for 
initialization. The APG algorithm stops until the de-
scent of the objective function is below a pre-defined 
threshold. For clarity, the proposed tracker is sum-
marized in Algorithm 1. 
 
 
4  Depth-based occlusion detection 
 

A fixed template set is insufficient for handling 
the appearance variations of the tracking target during 
the whole sequence. Thus, an online update strategy  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

replaces the least important template with the current 
tracking result if none of the templates are similar to 
the target region (Mei and Ling, 2009). To avoid im-
proper template changes, the tracking result with an 
apparent occlusion should not be added to the tem-
plate set (Mei et al., 2011). With the range data at 
hand, an efficient depth-based algorithm for occlusion 
detection is proposed to determine the accurate time 
of template update. 

First, a depth-based histogram analysis for each 
tracking result is carried out. In particular, the depth 
values inside the bounding box are divided into p 
equally spaced bins as b{ , }i i in x=b  (i=1, 2, …, p), in 

which b
in  and xi denote the number of elements and 

the center position of the ith bin, respectively. The 
width of each bin is specified as wb. Then, p equally 
spaced bins are clustered into q categories as cj= 

1 1 21{ , , , }j j j+b b b , where j1 and j2 represent the indices 
of the initial and last bins in the jth category, respec-
tively. Thus, the category with the largest number of 
elements, denoted as the kth category in Eq. (8), is 

Algorithm 1  RGBD-based sparse learning 

Input: previous tracking result Ft−1, previous particle set 
0

1 1 1{ } ,Ni
t t iS − − == x  and augmented dictionary [ , , ]

m

m m m
t t t d=D T O I  

Output: current tracking result Ft, current particle set 
0
1{ } ,Ni

t t iS == x  and updated augmented dictionary 

1 1 1[ , , ]
m

m m m
t t t d+ + +=D T O I  

1. Draw particles i
tx  from 1

i
t−x  (i=1, 2, …, N) with a Gauss-

ian distribution 
2. Crop candidate particle observations m

tX  from the image 

by applying an affine transformation using i
tx  as the  

parameter 
3. Solve minimization problem (3) with the row sparse  

constraint 
4. Calculate the observation likelihood for each particle ac-

cording to Eq. (5) and weight each particle in St with the 
corresponding observation likelihood 

5. Select the particle with the maximum observation likeli-
hood as the current tracking result Ft according to Eq. (6) 

6. Detect whether there is an apparent occlusion in the track-
ing result with the proposed method 

7. Update the target template set from m
tT  to 1

m
t+T  

8. Rebuild the occlusion template set 1
m
t+O  if an apparent 

occlusion is detected in step 6 
9. Repeat steps 1–8 until the sequence ends 

 



Ma and Xiang / Front Inform Technol Electron Eng   2017 18(7):989-1001 995 

selected as the depth distribution of the tracking target. 
At frame t, the average depth of tracking target avgt 
and the lower boundary of the depth distribution area 
lbt can be obtained by 
 

2 2

1 1

b bavg ,
k k

l l l
t

l k l k
n x n

= =

= ⋅∑ ∑                  (11) 

1
blb .k

t x w= −                           (12) 
 

Considering that the relative depth distribution 
of the tracking target does not vary too much between 
successive frames, the category with the largest 
number of elements near avgt is selected as the depth 
distribution of the tracking target in the next frame. 

Given the target’s depth distribution at each 
frame, the pixels with an absolute depth value smaller 
than lbt are identified as occlusions within the corre-
ponding tracking result. By applying dilation and 
erosion operations to the binarization target region, it 
can be concluded that the tracking result is obscured if 
the largest connected white area is larger than a pre-
defined proportion. As illustrated in Fig. 4, the pro-
posed approach demonstrates a much better accuracy 
compared to the existing trivial coefficient based 
method. 
 

 
 
 
 
 
 
 
5  Experimental results 
 

In this section, the proposed tracker was com-
pared with two popular trackers, i.e., compressive 
tracking (CT) (Zhang K et al., 2012) and tracking 
with multiple instance learning (MIL) (Babenko et al., 
2009), and with the state-of-the-art sparse tracking 
algorithms, i.e., L1T (Mei and Ling, 2009), MTT 
(Zhang TZ et al., 2012b), and MTMVT (Hong et al., 
2013), on the KITTI Vision benchmark (Fig. 5). 
Furthermore, since the range data was used, the 

tracker was compared with other RGBD-based 
tracking algorithms, i.e., RGBD+OF and RGBDOcc+ 
OF (Song and Xiao, 2013), on the Princeton Tracking 
benchmark (Fig. 6). The challenging sequences from 
these two data sets contained complex scenes, in-
cluding moving cameras, varying illumination and 
occlusion conditions, and variations in posture and 
scale. The experiments were conducted by running 
source codes provided by the authors. 

5.1  Implementation details 

All experiments were carried out on a PC with an 
Intel i7-4770 CPU (3.40 GHz) in MATLAB 2014a. 
L1T and MTT exploited the intensity for appearance 
modeling, while MTMVT employed other visual 
features such as color, histogram of oriented gradients 
(HOG) (Dalal and Triggs, 2005), and local binary 
patterns (LBP) (Ojala et al., 2002) to complement the 
intensity in the appearance expression. In the pro-
posed tracker, color image based features were en-
hanced with the depth view to provide a more com-
prehensive appearance model.  

The parameters were selected as follows. The 
number of sampled particles was set as N=400. The 
number of target templates was set as nt=10. The state 
transitional probability p(xt | xt−1) was modeled by a 
zero-mean Gaussian with a diagonal covariance ma-
trix with values of (0.03, 0.0005, 0.0005, 0.03, 4, 4). 
The tradeoff parameter was set to λ=0.5. The prede-
fined proportion for occlusion detection was set as 
20%. 

Two evaluation criteria were applied to evaluate 
the overall tracking performance quantitatively, i.e., 
center position error (CPE) and success rate (SR) 
(Song and Xiao, 2013). CPE represents the Euclidean 
distance between the center of the tracking result and 
the ground truth. Each tracking result is concluded as 
correct when the overlapping ratio (OR) is larger than 
0.5, where the measurement of OR is defined as 
 

T G

T G

area( )
OR ,

area( )
B B
B B

∩
=

∪                   (13) 

 
and BT and BG denote the bounding boxes of the 
tracking result and ground truth, respectively. Thus, 
SR represents the proportion of correct frames in the 
whole sequence. 

(a) (b) (c) 

 

Fig. 4  Performance comparison for occlusion detection: 
(a) tracking result with an apparent occlusion; (b) occlu-
sion detection result using our proposed method; (c) 
occlusion detection result obtained by the trivial coeffi-
cient based method 
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Fig. 5  Comparisons of the tracking results on the KITTI Vision benchmark: (a) training_00 (frames 2, 31, 43, 47, 51, 59);  
(b) training_01 (frames 371, 375, 379, 383, 387, 392); (c) training_13 (frames 139, 150, 158, 162, 166, 171); (d) training_15 
(frames 87, 96, 101, 103, 106, 108) (References to color refer to the online version of this figure) 
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5.2  Comparisons on the KITTI Vision benchmark 

The training_00 sequence shown in Fig. 5a 
tracked a moving van continuously undergoing pos-
ture variations, varying illuminations, and extensive 
occlusions. Only our proposed tracker succeeded in 
tracking over the whole sequence. According to 
Fig. 5a, L1T completely lost the target when the van’s 
pose changed drastically, while MTT and MTMVT 
tended to drift away when the van ran into heavy 
occlusions. For the training_01 sequence (Fig. 5b), 
L1T, MTT, and MTMVT all failed in tracking when 
the target underwent quick illumination changes or 
consecutive occlusions. The depth-enhanced ap-
pearance modeling endowed our tracker with ro-
bustness when faced with varying illuminations. With 
the augmented dictionary, our tracker performed 
better when dealing with extensive and successive 
occlusions, as illustrated in Fig. 3.  

A fast moving cyclist was tracked in sequences 
training_13 and training_15, as shown in Figs. 5c and  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5d, respectively. In the training_13 sequence, L1T 
and MTT lost the target during the sudden illumina-
tion change, while MTMVT gradually drifted away 
when undergoing a drastic posture change. In the 
training_15 sequence, MTT and MTMVT tended to 
drift away in the presence of obstructions. The 
tracking performances on these two sequences show 
that our tracker demonstrates excellent effectiveness 
and robustness in both vehicle and pedestrian  
tracking. 

To further highlight the benefit of our design in 
the occlusion template set, a preliminary RGBD- 
based MTMVT version (denoted as MTMVT+Depth), 
which enhanced MTMVT with a depth view, was 
compared with the proposed tracker. The experi-
mental results show that MTMVT+Depth was indeed 
less sensitive to illumination compared with its pre-
decessor. However, it is prone to drift under occlusion 
conditions (Figs. 5a, 5b, and 5d). Thus, comparisons 
with MTMVT+Depth further demonstrated the ef-
fectiveness of the proposed occlusion templates. 

Fig. 6  Comparisons of the tracking results on the Princeton Tracking benchmark: (a) child_no1 (frames 10, 41, 87, 134, 
152, 162); (b) face_occ5 (frames 4, 130, 167, 180, 184, 195) (References to color refer to the online version of this figure) 
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Quantitative evaluations on the KITTI Vision 
benchmark are illustrated in Table 1, where the best 
performance is marked in bold. The CPEs for each 
frame versus the frame indices are plotted in Figs. 7a– 
7d to provide a visual comparison. 

5.3  Comparisons on the Princeton Tracking 
benchmark 

Due to the use of range data, our tracker was  
also compared with some recent and most advanced 
RGBD-based methods to further verify its effective-
ness. In the child_no1 sequence (Fig. 6a), all methods 
succeeded in tracking the boy in spite of various  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

combined variations in pose and scale, while 
RGBDOcc+OF and RGBD+OF tended to include 
much redundant background area in the tracking re-
sults. For the face_occ5 sequence (Fig. 6b), CT and 
RGBD+OF gradually drifted away, while 
RGBDOcc+OF failed to predict the position of the 
tracking target when the girl’s face was entirely  
occluded. 

Quantitative evaluations on the Princeton 
Tracking benchmark are illustrated in Table 2 and 
Figs. 7e and 7f. Both qualitative and quantitative 
experimental results showed that our tracker obtained 
the best average performance compared to previous 
sparse learning and RGBD based tracking algorithms. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1  Quantitative comparisons on the KITTI Vision benchmark in terms of the center position error and success rate 

Sequence 
Center position error (pixel) Success rate 

CT MIL L1T MTT MTMVT Our 
tracker CT MIL L1T MTT MTMVT Our 

tracker 
training_00   62.17   84.62   79.42 38.56 35.96   7.86 0.69 0.58 0.68 0.70 0.72 0.94 
training_01 227.41 186.12 331.11 76.74 84.46   6.18 0.26 0.32 0.17 0.74 0.62 0.96 
training_13   99.84   98.72 152.08 97.70 49.33 12.26 0.49 0.52 0.26 0.32 0.54 0.92 
training_15   24.08   32.29 117.59 33.62 31.26 11.80 1.00 0.76 0.41 0.73 0.77 1.00 
training_18   13.81     9.82     4.68   5.10   5.24   3.96 1.00 0.98 1.00 1.00 1.00 1.00 
training_20   29.53   17.64     3.12   3.43   2.16   2.76 0.76 0.86 0.98 0.98 0.99 0.98 
Average   78.31   71.54 114.67 42.53 34.70   7.48 0.70 0.68 0.58 0.75 0.77 0.96 
 

Fig. 7  Quantitative frame-by-frame comparisons in terms of the center position error (CPE): (a)–(d) are the CPEs of the 
training_00, training_01, training_13, and training_15 sequences in the KITTI benchmark, respectively; (e) and (f) are the 
CPEs of the child_no1 and face_occ5 sequences in the Princeton benchmark, respectively (References to color refer to the 
online version of this figure) 
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5.4  Discussion 

One of the problems for sparse trackers is time 
consumption, which entails solving the minimization 
problem with the lasso penalty. The average running 
time of MTMVT using MATLAB is about 3.76 
s/frame with 400 particles and 10 target templates. 
For the proposed tracker, the particle pretreatment 
strategy presented in our previous work (Ma and 
Xiang, 2015) was carried out to prune stray particles 
before solving the computationally expensive objec-
tive function. Thus, the average running time was 
reduced to 0.96 s/frame with the same implementa-
tion in our proposed tracker. Considering that the 
computational cost grows linearly with the number of 
sampled particles, the tradeoff quantified by N be-
tween the tracking performance and efficiency is 
summarized in Table 3. Accordingly, an empirical 
value of N=400 was selected for particle sampling. 

While our proposed tracker performs exceed-
ingly well in tackling conditions of varying illumina-
tions and occlusions, it often fails in complex envi-
ronments such as drastic posture change. Therefore, 
future work will focus on this limitation and on how 
to further reduce the time consumption. 
 
 
6  Conclusions 

 
In this paper, a robust and efficient RGBD and 

sparse learning based tracking algorithm is proposed. 
The new algorithm greatly improves the tracking 
performance by efficiently exploiting the range data 
from affordable depth sensors. First, the existing color 
image based features are enhanced with an extra 
depth view to provide a more comprehensive ap-
pearance model. By augmenting the existing  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

dictionary with an occlusion template set, the pro-
posed tracker facilitates accurate tracking under var-
ious extreme occlusion conditions. Finally, a 
depth-based algorithm for detecting occlusions is 
further proposed to efficiently determine the proper 
time for the template update. Qualitative and quanti-
tative evaluations of various challenging sequences 
show that the proposed tracker outperforms the 
state-of-the-art tracking algorithms, including the 
sparse learning and RGBD based methods. 
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