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In this paper, we present a novel online algorithm to track single pedestrian by 

integrating the bottom-up and top-down models. Motivated by the observation that the 

appearance of a pedestrian varies a lot in different perspectives or poses, the bottom-up 

model incorporates multiple components to represent distinct groups of the pedestrian 

appearances. Each component uses an online deformable part-based model (OLDPM) 

with one root and several shared parts to represent the flexible structure and salient local 

patterns of one particular appearance. The top-down model extends the bottom-up model 

by introducing newly created OLDPMs for uncovered new appearances. To achieve long 

term tracking, our paper incorporates the following methods. i) Through an incremental 

support vector machine (INCSVM) associated with each component, the OLDPM can 

effectively adapt to the pedestrian appearance variations. ii) OLDPM can efficiently 

generate match penalty maps through robust real-time pattern matching algorithm, and 

can search over all possible configurations in linear time by distance transforms 

algorithm. iii) Parts can be shared among components to reduce the computational 

complexity for matching. iv) To handle the hard negatives, the potential distracting 

targets are located explicitly to prevent drifting. We compare our method with four 

cutting edge tracking algorithms over eight visual sequences and provide quantitative and 

qualitative performance comparisons. 
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1. INTRODUCTION 
 

Pedestrian tracking suffers from two main difficulties. One is the appearance 

variation caused by pose changes. The other is the appearance variation caused by 

perspective transformation. In this paper, we present a novel tracking algorithm to handle 

both problems through a novel bottom-up model which is an multi-component online 

deformable part-based model, with the assistance from top-down information of an 

offline trained pedestrian model.  

Many tracking methods depend on the assumption that the evolvement of the target 

appearance follows translation rules or affine transformation rules between frames, such 

as static intensity based appearance models[18], and dynamic models with adaptive 

methods [17,13]. Owing to their simple transformation assumptions, these methods have 

very high tracking efficiency. But their assumptions are very weak in tracking flexible 

target. A simple pose change may cause a big difference between the target appearance 

and the learned model. To tackle this problem, tracking-by-detection algorithms[7,9,8,1]  

adopt detectors to distinguish a target from the background clutters. They train binary 
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classifiers to identify the target instead of focusing on foreground target modeling.  

 

 
Fig. 1. The evolvement of the multi-component OLDPM during the tracking 

process.The newly created components and parts are embroidered with blue and 

green boundaries respectively(not very clear in the fig). The inherited components 

and parts are denoted through dashed arrows from the past counterparts. 

 

However, many tracking-by-detection algorithms can't achieve long-term tracking. 

Trained online with the samples of recent target appearance, the classifiers in these 

algorithms can only cover limit appearance variations. Abrupt appearance variations such 

as sudden perspective or drastic pose change may cause a tracking failure. One 

commonly employed technique to deal with this problem is to learn a multiple 

component appearance model, which is more robust than a single component model. 

Multiple component appearance model usually divides target appearance in accordance 

with similarity, and group appearances of similar perspective and pose into one 

component. LP-SMAT[3] groups examples of the target appearance by appearance 

estimator and tracks the target by the displacement estimators trained on the 

corresponding groups. Structure-Preserving Object Tracker[20] learns the spacial 

constrains between different parts to improve the performance of single-object tracking. 

Auto-regressive hidden Markov model tracking [14] maintains its multiple component 

appearance model and automatically decides the group number through a Chinese 

Restaurant Process. The MCBoost[12] jointly learns the classifier and a soft partitioning 

of the input space to get a multi-modal appearance model. Nevertheless, these methods 

only utilize discriminative models such as Adaboost classifier[21] to distinguish 

foreground and background. Thus, these methods can be considered using only 

bottom-up information. 

In this work, we focuse on pedestrian tracking. With clear task-relevant knowledge, 

we combine a new proposed instance-specific bottom-up multi-component model, which 

we termed multi-component OLDPM, with a class-specific top-down model proposed 

in[19] for robust pedestrian tracking. The OLDPM associated with each component of 
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the bottom-up model is an online extension of the static DPM model [5] with different 

features. The features sets are 2-bit Binary Patterns[10] that capture brightness variation 

in rectangular regions of an object’s image. Every OLDPM learns a star model of the 

discriminative 2bitBP from a distinct group of pedestrian's appearances in similar 

perspective or pose. Thanks to distance transforms algorithm[4], OLDPM can efficiently 

identify the pedestrian from the background clutters once the pedestrian is in the 

appearance covered by the OLDPM. When the pedestrian moves to a new perspective or 

changes to a new pose, which is not covered by any component yet, the detection 

likelihoods of all components will have high entropy. Then, the top-down model employs 

an offline trained class-specific pedestrian detector to detect all pedestrians in the 

scenario. The pedestrian with the highest votes from the multi-component OLDPM is 

believed to be the target pedestrian. Meanwhile, the star model of the discriminative 

2bitBP of the new appearance is represented by a newly created component. The 

multi-component OLDPM evolves trough the tracking process, as is shown in Fig. 1.  It 

is noteworthy that not all the parts of a new component need to be created. We allow 

parts to be shared between different components to reduce the calculation and memory 

consumption during part matching. As indicates in Fig. 1, the top-down model is only 

used when the targe appearance is not covered by the bottom-up model. With the 

integration of bottom-up and top-down model, the proposed algorithm balances tracking 

and detection. Drastic appearance changes are not likely to cause a tracking failure with 

the assistance of the top-down model. Furthermore, we handle the hard negatives or 

potential distracting targets explicitly. The multi-component OLDPM often has strong 

responses on some negatives. Therefore, the proposed method also learns a single 

component DPM for each distracting targets to relieve drifing by detecting the locations 

of the distracting targets. 

In summary, this paper makes the following contributions: 

 A novel online algorithm integrating both bottom-up and top-down model is 

proposed to effectively track pedestrian with perspective and pose changes. 

 The proposed multi-component OLDPM efficiently adapts to the sudden 

appearance changes online. 

 The adoption of robust real-time pattern matching algorithm[16] and shared parts 

technique reduces the calculation consumed on detection. 

 Handling distracting targets explicitly relieves the drifting problem. 

2. MULTI-COMPONENT ONLINE PART-BASED MODEL 

A pedestrian has multiple distinct appearances viewing in different aspects or poses. 

We adopt the multiple component appearance model to organize several most recent 

distinct appearances. The multiple component appearance model is denoted as a set 

 mCCCCM ,,,, 321                     (1) 

where Ci is one component representing one distinct appearance. In our implement, a 

maximum of 5m components are maintained in the multiple component model. We 

find that 5 components are sufficient to model the recent appearance of the pedestrian 

while preventing excessive computational cost. Every component  1, ,5C ii   is 

associated with a probability
( )

( | )
t

p C Z
i

, which represents the estimated priori likelihood 
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that current component resembles the target appearance based on all 

observations  ( ) (0) ( ), ,
t tZ I I . All components are added online. Adding a new 

component when m components already exist will cause the component with the 

lowest
( )

( | )
t

p C Z
i

to be replaced. 
( )

( | )
t

p C Z
i

 evolves during tracking.  

 

 
Fig. 2. An example of the multi-component OLDPM during a tracking instance. The 

coordinate pairs linked by white lines are the random positions where the 2bitBP is 

calculated for the root. The relative positions of parts with respect to the root are 

labeled by the yellow bounding within every root. The  image patches from which 

the 2bitBP are extracted for parts is shown in small boxes at the bottom. 

 

The part-based model is a non-rigid structure model. The OLDPM model of every 

component is denoted as a tuple 

ii niiniiii rrpredC ,1,,1, ,,,,,),(                 (2) 

where ( )predi  is an INCSVM[2] with Hamming kernel to predict the 2bitBP extracted 

from the root location of a configuration generated by the OLDPM. ( 1, , ), k ni k i  is the 

locally rigid and stable 2bitBP of the parts. The structure constraint of the parts is 

represented through the relative positions ( 1, , ),r k ni k i with respect to the root.
in is 

the number of the parts in component Ci . Intuitively, similar appearances have some 

common local patterns with similar structures. So we allow parts to be shared in different 

components. The initialization and updating of OLDPM is specified in Sec. 3.1 and Sec 

3.3. 

An example of the multi-component OLDPM constructed during a tracking instance 

is shown in Fig. 2. 

3. TRACKING WITH MULTI-COMPONENT OLDPM 

 

3.1 Tracking Algorithm  
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Tracking pedestrian with multi-component OLDPM is achieved through maximum 

a posteriori (MAP):  
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where ( )( | )tp C Zi is the priori likelihood that component Ci resembles the target 

appearance, ( ) ( )( | , )t tp X C Zi  is the detection likelihood of the target, )(t
X  is the 

bounding box of the detected target at time t. 

As shown in Eq. 3, we process MAP in two stages. First, a detection that maximizes 

the likelihood is found for every component. Then, the detection of the component with 

the maximum posteriori is chosen. The detection likelihood is 





ii Ll

t

iii

tt

i

t ZClplXpZCXp ),|()|(),|( )()()()(
          (4) 

where  ,0 ,1 ,, , ,   i i i i ni
l is one of the configurations generated by OLDPM of Ci . ,0i is the 

root location of the configuration, ( 1, , ), k ni k i  is a part location of the 

configuration.
( )

( | , )
t

p l C Z
i i is the likelihood of a configuration. ( )( | )tp X li  is the 

contribution li  makes to a predicted target position. 

All configurations generated by OLDPM of Ci  compose a set Li .  

   ( ) ,01
arg min| cost

i

i

n

li i i k ik
L l l  
   ,             (5) 

which contains configurations at the locally minimums of the sum of part matching 

penalty functions. Given a root location ,0i , the matching penalty function of the kth 

part is 
2

2,0,,,

)(

0, );()),(()(cost
, kiikiki

t

ik rraI
ki

  H .        (6) 

In Eq. 6, ( , ) H measures the Hamming distance between two 2bitBPs.   is the 2bitBP 

extracted from an image patch. 1 2r(Λ ;Λ ) is the relative position of 1 with respect to 2 . 
(l )

i
 is the neighborhood of li in the configuration space. The two terms of the part 

matching penalty function reflect two criterions, namely the part similarity and structure 

consistency. a is a constant which leverages these two criterions. ,0min i  
ki,k

cost on all 

possible positions of ,0i is efficiently calculated by distance transforms[4] in linear time. 

Any position of local minimums of the ( ),01 i 
i,k

ni
kk min cost suggests a location where 

the root i,0 of a li may be placed. The ( ),0, i ki k
argmin cost of the corresponding 

minimum determines where the part i,k of the il is placed. In order to further accelerate 

the process, we replace the calculation of
(t)

Λi,k i,k( ( ) )H ,I  with the output of robust real-time 

pattern matching algorithm[16] which is a thresholded version of 
(t)

i,k i,k( ( ) )H ,I 
 . In this 

case, the value of 
(t)

i,k i,k( ( ), )H I 
  above the given threshold will not effect the generation 

of the configuration. An example of how the configurations are generated by an OLDPM 

is shown in Fig. 3. Configurations of different scales can be generated on an image 

pyramid. 
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Fig. 3. An example of how the configurations are generated by an OLDPM. First, 

match all parts of OLDPM within the image through robust real-time pattern 

matching algorithm to get a thresholded version of
(t)

i,k i,k( ( ), )H I 
 . Then, the 

i,k
( ),0i kmin cost of every part is generated through distance transforms algorithm. 

Next, shift
i,k

( ),0i kmin cost by i,kr , respectively, and add them together. The local 

minimums of the summation are where (the upper left corners of) the roots of 

configurations locate. Last, the parts i,k ( ) ik = 1, ,n of every root ,0i is found by 

i,k k ( ) ( ),0i  iargmin cost k = 1, ,n . 

 

The likelihood ( )
(t)

i ip l | C ,Z of a configuration il in Eq. 4 is  
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where  (t)

i,k

(t)
i,ki,k i Λ

(Λ | C , Z ) (τ(I ),τ )H / 1 p exp measures the similarity of the part to the one 

of OLDPM.  i,k i,0 i,ki,k i,0 i(Λ | Λ , C ) (Λ ;Λ )
2

2
- / 2 p exp r r  measures the structure 

consistency to the OLDPM. The 1 2,   are constants. 
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evaluates the confidence of the root of the configuration, wher ( )
a
pred is the prediction 

of the INCSVM maintained by iC . Eq. 8 evaluates the root according to the membership 

to the appearance manifold defined by the INCSVM of OLDPM. 

The contribution ( )
(t)

ip X | l of a configuration il made to a predicted target 

position (t)
X is  

2

2

(t) (t)
i,0 3i( | ) = ( ;Λ ) /σ-p X l exp r X , where 3

 is a constant.  

From the definition of ( )
(t)

p X | l
i

, we can find that the more close the configurations 

are to each other, the more close ( )
(t) (t-1) (t)

ip X | C , X ,Z is to a unimodal distribution whose 

entropy is low. A tracking decision made on the maximum of the detection 

likelihood ( )
(t) (t-1) (t)

ip X | C , X ,Z is more reliable when its entropy (or termed intrackability[6]) 

is lower. Thus, the maximum is regarded as reliable only when the configurations 

generated are close to each other. In our implement, the maximum is regarded as reliable 

only when the criterion that the overlap rate between all the configurations' roots is more 

than 0.7 is met. If the criterion is not met by the configurations of some components, we 
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just calculate the argmax on the complementary set of these components in Eq. 3. Once 

the criterion is not met by all configurations of all components, we believe that the 

bottom-up information provided by multi-component OLDPM is not competent for 

tracking the pedestrian in current appearance any more. So, the top-down information 

from the offline trained class-specific pedestrian detector proposed in[19] is employed. 

The detected bounding boxes are voted by INCSVMs associated with the components of 

multi-component OLDPM. The bounding box with the highest vote is believed to be the 

target if the highest vote is over 0.6. 

The distracting targets are detected in the same way by their single component 

DPMs through the aforementioned method of multi-component OLDPM. The 

configurations il in Eq. 4 whose root location  ,0i has an overlap with the area covered by 

the configurations of distracting targets are eliminated from iL to reduce false alarm of 

multi-component OLDPM. 

 

3.2 Model Initialization 

 

The target is designated through a bounding box
(0)

X given manually. Then, the first 

component is created on the sub image
(0)

(0)X
I within

(0)
X . 

First, we choose discriminative square image patches within
(0)

(0)X
I . The size of every 

patch is set to one seventh of the size of
(0)

(0)X
I . With the restriction that two patches can’t 

overlay with each other, we limit the part number within every component to a maximum 

of 7. The discriminative power of patches against the background clutters are measured 

through the average Hamming distances of the 2bitBP to the patches sampled around 
(0)

X . Taking into account that the robust real-time pattern matching algorithm[16] 

matches image patches with larger pLU rank[15] at higher speed, we select parts with 

larger multiplication of average Hamming distance and pLU ranks on both x and y axis. 

The 1, ( 1, , )
1k k n  and 1, ( 1, , )

1kr k n of the first component 1C are calculated. 

Second, INCSVM ( )1pred  is trained with the samples in the first frame. The positive 

training samples are the 2bitBPs extracted from sub images obtained by slightly affine 

transformation from
(0)

X . The negative training samples are 2bitBPs extracted from sub 

images outside
(0)

X . 

Third, ( )( | )1
tp C Z associated with 1C is estimated. Since, 1C is currently the unique 

component, (0)( | ) 11p C Z  , apparently. 

Fourth, the distracting targets are detected in
(0)

I . The sub images within the 

detected bounding boxes of the multi-component OLDPM which have no overlaps with 
(0)

X  are defined as hard negatives or distracting targets. Single component DPM is 

created on each of the distracting targets. These DPMs are reserved for detecting the 

distracting targets in the following 25 frames. The areas of the detected hard negatives 

are expelled from the possible locations of the configurations generated by 

multi-component OLDPM to avoid potential false alarms. 

 

3.3 Model Update 

 

The Multi-Component OLDPM is updated in two different ways according to 

whether the new appearance of the pedestrian is covered by multi-component 

OLDPM(the bottom-up model), or the offline trained detector(the top-down detector). If 
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the new appearance is covered by the bottom-up model through Eq. 3, the 

component î
C which best resembles the target appearance is updated. The INCSVM 

of î
C is updated through positive 2bitBP training samples extracted from sub images 

within bounding boxes slightly affine transformed from (t)
X and the negative 2bitBP 

training samples extracted from sub images outside (t)
X . The priori likelihood is updated 

as 
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where  is a learning rate. It is set to ( )
(t)

i imin p C | Z .  

   If the new appearance is covered by the top-down model, a new component î
C is 

created in the multi-component OLDPM through a similar way as introduced in Sec. 3.1. 

The only difference is that not all parts of the OLDPM of the new component are newly 

created. In order to implement shared parts, we search existing parts within
(t)

(t)X
I by robust 

real-time pattern matching algorithm, and then create new discriminative part at the 

space left. The Hamming distance ( ( ) )H
(t)

Λi,k i,kτ I ,τ of the shared part can be shared between 

components, when calculating the cost function given in Eq. 6. If the number of the 

existing component has already reached the maximum number m before the new 

component is added, the component with the lowest ( )
(t)

ip C | Z is replaced by the new 

component î
C . ( )ˆ

(t)

i
p C | Z  is set to 0 and all priori likelihoods are updated as Eq. 9 with 

( )ˆi i





(t)

imedian p C | Z . 

The single component DPMs of the distracting targets which has been preserved 

more than 25 frames are deserted. The new distracting targets are detected in ( )tI with the 

lastest multi-component OLDPM in the same way as the fourth step of the initialization. 

4. EXPERIMENTS 

In order to evaluate the performance of our algorithm, we conduct experiments on 

eight challenge video clips. There are sudden perspective and pose changes, as well as  

mild and heavy occlusions in these videos. Our algorithm is compared with four 

state-of-art algorithms (Online Adaboost (OAB)[7]
1
, Incremental Learning for Robust 

Visual Tracking (IVT)[17]
2

, Multiple Instance Learning Tracking (MIL)[1] and 

Tracking-Learning-Detection (TLD)[11]
3
.) with the same initial target position. Our 

algorithm is implemented on OpenCV library and Matlab engine in C++. For the 

methods in comparison, we follow the best practice suggestions in their papers or use the 

original codes if provided. 

 

4.1 Self Comparison 

 

                                                 
1
 http://vision.ucsd.edu/~bbabenko/project_miltrack.shtml 

2
 http://www.cs.toronto.edu/~dross/ivt/ 

3
 http://info.ee.surrey.ac.uk/Personal/Z.Kalal/tld.html 
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We first evaluate the necessity of explicit handling the distracting targets by 

comparing the results of tracking with and without hard negative handling in two video 

sequences, caviar and walking, in which there are several distracting targets. The results 

are shown in Fig. 4. 

 

  

  
Fig. 4. The comparisons of tracking results and the center location errors between 

the proposed algorithms with (red) and without (blue) hard negative handling. 

 

The comparisons show that the tracker drifts during tracking without handling hard 

negatives. Thus, hard negative handling is indispensable. 

 

4.2 Quantitative Comparison 

 

We examine the accuracy of our tracker by comparing with trackers mentioned 

above by means of center location error and overlapping rate. The results are shown in 

Table 1 and Table 2. The center location errors of the eight videos are shown in Fig. 5. 

The results show that our tracker performs well against other compared trackers on the 

eight visual sequences. 

 

Table 1. Average center location error (in pixel). The best results are shown in bold 

fonts 

 caviar squat playground girls clutters wander woman walking 

OAB 60.0 157.2 185.0 42.7 9.7 13.1 108.6 8.0 

IVT 49.8 184.7 228.7 83.1 15.3 4.8 109.6 8.2 

MIL 101.4 158.8 169.0 36.5 25.4 13.6 124.1 4.2 

TLD 28.4 173.4 64.0 72.1 103.2 15.3 76.4 3.4 

Ours 7.9 51.2 16.6 18.5 8.0 4.7 11.7 3.0 
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Fig. 5. The center location error of the trackers on the eight video clips 

 

4.3 Qualitative Comparison 

 

Table 2. Average overlap rate. The best results are shown in bold fonts. 

 caviar squat playground girls clutters wander woman walking 

OAB 0.15 0.29 0.14 0.43 0.67 0.64 0.16 0.71 

IVT 0.13 0.28 0.10 0.33 0.63 0.51 0.16 0.63 

MIL 0.15 0.28 0.18 0.46 0.50 0.59 0.17 0.78 

TLD 0.30 0.13 0.28 0.21 0.15 0.56 0.08 0.76 

Ours 0.72 0.68 0.69 0.76 0.81 0.79 0.73 0.84 

 

The tracking difficulty caused by appearance variation caused by perspective or 

pose changes is the issues we want to address through the proposed tracking algorithm. 

Tracking algorithms such as OAB[7], IVT[17] and MIL[1] learn detectors on the updated 

samples extracted from the recent appearance of the target. Therefore, an abrupt 

appearance variation caused by a sudden change in perspective or pose usually will not 

be covered by the samples obtained by recently tracking results. Although, TLD[11] 

stores all the previously observed appearances of target to handle the abrupt appearance 

changes, a new appearance which is completely different from the observed samples still 

challenges the algorithm. These problems of detecting target with distinct perspective 

from the past can be an explanation to the tracking result of the visual sequence of girls 

shown in Fig. 6(d). From the figure, we can find that our tracker endured the sudden 

perspective change occurred in the 247th frame. In the same way, our tracker performed 

slightly better than other trackers in the visual sequence of a pedestrian having a round 

trip stroll shown in Fig. 6(f). 

 

 
(a) The tracking result of caviar visual sequence 

 
(b) The tracking result of squat visual sequence 
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(c) The tracking result of playground visual sequence 

 
(d) The tracking result of girls visual sequence 

 
(e) The tracking result of clutters visual sequence 

 
(f) The tracking result of wander visual sequence 

 
(g) The tracking result of woman visual sequence 

 
(h) The tracking result of walking visual sequence 

 
Fig. 6. Tracking results on the eight challenging visual sequences. 

 

The target can be detected through multi-component OLDPM (bottom-up model) if 

at least one of the component iC has a detection likelihood ( )
(t) (t-1) (t)

ip X | C , X ,Z with low 

entropy as we introduced in Sec. 3.2. Therefore, the online model is seldom trained on 

unreliable samples. This character is important when the pedestrian being tracked 

interacts with other pedestrians or objects. However, OAB[7] and IVT[17] can't 

distinguish reliable samples from the bad ones. If the tracking result is not precise or the 

training sample extracted from the bounding box contains other objects interacting with 

the pedestrian, the tracking algorithm will drift gradually. While MIL[1] is proposed to 

prevent the detector from learning on the sub-optimal positive examples, its assumption 

that the optimal positive example do exist can't be met when the target is occluded. 

Therefore, they failed in visual sequence caviar, squat, playground, clutters and woman 

containing partial or complete occlusion of the target. TLD[11] is powerful with its P-N 

learning framework, but its performance degrades if the initial bounding box contains too 

much background image as it uses holistic models. Most of the test visual sequences are 

initialized from the bounding box containing considerable background area. Therefore, 

TLD didn't have a good performance on these visual sequences. 



ZHAO LIU, YI XIE AND MINGTAO PEI 

 

220 

 

5. CONCLUSION 

 

We have presented a novel online algorithm to track pedestrian by integrating the 

bottom-up and top-down models. This tracking algorithm can handle the variations of 

pedestrian appearance caused by pose or perspective changes. The quantitative and 

qualitative experiments on eight challenge visual sequences validate our algorithm. 
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