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Most of the existing tracking algorithms are challenged for the deficiency of han-

dling non-stationary target appearance such as the drastic scale and perspective change 

of a moving pedestrian in the PTZ surveillance record. We propose a novel pedestrian 

tracking algorithm to cope with this problem by integrating incrementally learned repre-

sentation and classification model. In the representation model, besides the widely used 

intensity template, the contour template with several sets of profiles from different per-

spectives is also employed to cope with the change of pedestrian contour. Both templates 

are updated incrementally during the tracking process to deal with the non-stationary 

appearance of the pedestrian. In the classification model, a multiple instance classier 

based on an incremental support vector machine is trained on-line as new observation 

becomes available. The learned classifier keeps the evolving representation model from 

drifting and enables reinitialization of the tracker once a failure occurs in the tracking 

process. The effectiveness of our algorithm is tested over several surveillance records 

captured from PTZ. The experiment results show that our algorithm can track the pedes-

trian more robustly than the other two compared cutting edge tracking algorithms. 

. 
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1. INTRODUCTION 
 

 Most of the existing tracking algorithms are weak in handling PTZ tracking tasks 

mainly for two reasons. One is the unavailability of the background modeling and the 

other is the challenge of the sudden scale and perspective change of the target. Thus, a 

simple translatable template is far from enough for capturing the image subspace of a 

scalable target. Even if an affine transformation is employed to model the transformation 

of the target image between adjacent frames, the template can only capture the target im-

age subspace on a specified facet. For example, if a target is initialized from the front side, 

it will be lost when the target turns back gradually. Actually, what we concern in pedes-

trian tracking is the subspace of the target image viewed from the perspective of a PTZ 

camera. Our method ensures that the intensity template is learned and updated from the 

pedestrian region by the auxiliary of a contour template and an incrementally learned 

multiple instance classifier. The advancement of our method is illustrated by the striking 

comparison between a pure intensity based affine motion tracking algorithm (green 

bounding box) and the proposed method (red bounding box) shown in Fig 1. 
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Fig. 1 The comparison between a pure intensity based affine motion tracking algorithm (green bounding 

box) and the proposed algorithm (red bounding box) with the auxiliary of contour feature (blue contour). 

 

A wide variety of researches have been reported on the tracking algorithm. Lucas 

and Kanade [1] proposed a general frame work of image registration algorithm to find a 

good match using a type of Newton-Raphson iteration. Then, Shi and Tomasi [2] devel-

oped the image registration algorithm into KLT tracking algorithm under the assumption 

that the brightness of the target image is constant and its transformation is in accordance 

with affine rule. To loose the relationship between the assumption and accuracy of a 

tracking algorithm, Hager and Belhumeur [3] and Yu and Wu [4] proposed their tracking 

algorithm handling the illumination variations more consciously. 

In order to overcome the limitation of unimodal density for target location, a prodi-

gious amount of tracking algorithms focus on the practical visual tracking solution 

through particle filtering since the introduction of the CONDENSATION algorithm by 

Isard and Blake [5]. Numiaro and Koller-Meier [6] tried a color based particle filter 

method. Recently, Ross and Lim [7] reported a particle-based affine motion tracking al-

gorithm dealing with the illumination variance through incremental PCA (IPCA) learning 

rather than offline training as employed in [3]. With the advanced target image repre-

senting method which is loosely dependent on the brightness constancy assumption, the 

tracker in [7] can achieve nearly perfect result in processing the test video with illumina-

tion changes. However, when it comes to real PTZ visual records with challenging per-

spective, sudden scale and translation changes, the algorithm is not applicable any more. 

To address the problem, we propose a novel method to stabilize the bounding box 

by the measurement on both contour observation and intensity observation. As the out-

lines of pedestrians have common character, the contour template doesn’t have to be 

learned from scratch. Instead, it could be learned from the common character which we 

call prototype. We assume that the upper body contour of the pedestrian could be gener-

ated from the front or the lateral prototype contour plus deviations acting upon the con-

tour's control points through their normal directions. In order to obtain the prototypes, we 

collect the aligned pedestrian pictures taken from front and lateral, and calculate their 

mean contour respectively. Further, we assume that the deviation vector follows a Gauss-

ian distribution, so we could do the incremental principal components analysis (IPCA) 

[8-10] on the deviation vector as Ross and Lim do on the intensity vector [7]. The repre-

sentation model for intensity and contour is learned gradually by applying IPCA on both 

intensity and contour observations, therefore, it can adapt to the non-stationary target 

appearance incrementally. The likelihood of any observation drawn from the IPCA rep-

resentation model can be measured easily through the density function of an elliptical 

distribution. 
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In addition to the IPCA representation model, we integrate a model to address the 

post-failure behavior, as the representation model can only tell the likelihood of an ob-

servation but cannot prompt a tracking failure. As other tracking-by-detection algorithms 

[11,12,13], we train a target classifier incrementally through a novel incremental multiple 

instance learning (INCMIL) algorithm which is derived from the incremental support 

vector machine (INCSVM) [14,15] and multiple instance support vector machine 

(mi-SVM) [16] algorithm. It is well known that multiple instance learning(MIL) [17,18] 

only requires that the object is located in regions of cropped training images, but don't 

need to know exactly where. Therefore the ambiguously labeled training sets collected 

based on the tracking result will not deteriorate the robustness and stability of the classi-

fier. We trained the INCMIL with a positive bag containing several image patch instances 

sampled around the target location and a number of negative bags with image patch in-

stances sampled far from the target location. On one hand, the INCMIL can incrementally 

learn new training bags while retain the classification result of previous training sets, and 

on the other hand, INCMIL can unlearn samples from the previous training set owing to 

the facility inherited from INCSVM. Thus, we could maintain a classifier which is trained 

by the up-to-date observations. During the tracking process, the INCMIL classifier is 

employed to detect whether a tracking failure occurs, reinitialize the tracker after a track-

ing failure and find an optimal location on the basis of the location estimated by the 

tracker.  

The contributions of our paper are: (1) we integrate the incrementally learned con-

tour and intensity model to relieve the model drift problem in pure intensity-based PTZ 

tracking algorithm. (2) A new contour adaptation algorithm is advocated to accelerate the 

convergence rate of IPCA by starting with a preset prototype contour. (3) We adopt the 

strategy that both frontal and lateral contour templates are reserved as alternatives to 

capture the pedestrian contour feature of distinct facets. (4) A novel INCMIL classifier is 

proposed for learning a discriminative model of the target image incrementally to aid in 

recovering from a tracking failure. On the public LHI data set, our approach is applied on 

several videos from PTZ cameras and outperforms the state-of-art methods. 

2. MODELS 

Our model for pedestrian tracking includes the representation model for intensity 

and contour which is learned by IPCA on both intensity and contour observations, and the 

classification model which is based on a multiple instance classier trained on-line as new 

observation becomes available. 

2.1 Representation Model 

The appearance of pedestrian is characterized from both contour and intensity as-

pects. Every specific appearance representation incorporates data points in the contour 

and intensity principal component spaces with small residues. The likelihood of an ob-

servation drawn from the IPCA representation model is measured through the density 

function of an elliptical distribution that will be introduced in detail in Sec. 3.4. 

2.1.1 Contour Model 

A contour is represented by control points. The actual contour represented by the set 

of control points is retrieved by connecting the control points in sequence. The contour is 



YI XIE, MINGTAO PEI, JIANGEN ZHANG, MENG MENG AND YUNDE JIA 

 

4 

 

evolved as other active contours whose control points can move inside or outside along 

their normal directions. The normal direction at every control point is estimated through 

the normal direction of the connecting line between two adjacent control points. The 

contours of different pedestrians viewed from a certain perspective look alike. So, the 

subspaces of individual contours are supposed to have similar expectations. We call these 

expectations prototypes. To elevate the learning efficiency, we learn the contour template 

directly from the prototypes gotten from off-line training. In other words, we set the man-

ifold defined by the prototype to be the initial objective subspace and evolve it through 

IPCA algorithm. The frontal and lateral prototype contours are trained by calculating the 

means of the annotated contours on the pictures of aligned front and lateral pedestrians 

separately. The upper body's prototypes of the front contour fC  and the lateral contour 

sC  are shown in Fig. 2. 

 
(a) Front    (b) Lateral 

Fig. 2 the prototypes of the front contour (on the left) and lateral contour (on the right). 

 

The contour template is evolved from prototype contours by assigning deviations at 

the control points along the normal direction. The deviations are represented by a vec-

tor lC , where { , }l front side is a label. We assume that the upper body contour of a 

pedestrian can be generated from combining either the front or the side prototype contour 

with a deviation vector. As the shape model proposed by the ASM algorithm [19], we 

further assume that the deviation vector follows a Gaussian distribution. Thus, the upper 

body contour of a pedestrian C is given by 

, ,

1

{ }
lk

l l l l l i l i l

i

C C C C E C e 


                          (1) 

where { }lE C is the mean of the deviation vector, , 1{ } lk
l i ie  is the set of the principal 

vectors of the deviation of the prototype contour lC , lk is the dimension of the deviation 

principal component space, , 1{ } lk
l i i  is the set of the responses on the corresponding 

principal vectors, and l is a small residual variance of the deviation vector that cannot be 

represented in the space of principal components. Note that { }l lC E C  is the expecta-

tion of the evolved subspace of the contour. More specifically, it is the adapted contour 

that outlines the upper body of the pedestrian in the observations. { }lE C , , 1{ } lk
l i ie  and 
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the corresponding eigenvalues are updated by the IPCA algorithm [8, 9] when new ob-

servation of the estimated state is available. Since there are two types of contour template, 

the subspace models of the two templates are maintained by their respective IPCA pro-

cedures.  

The contour template is defined as , { }C l l lT C E C   . It is learned and maintained 

to capture the subspace of the upper body contour of the pedestrian. 

2.1.2 Intensity Model 

The intensity of the target is represented in the same way as [7] that the intensity of 

the target is directly formed as a vector. The intensity vector extracted from the observa-

tion follows a Gaussian distribution. Thus, the intensity of the pedestrian I  is repre-

sented as 

 , ,

1

{ }
k

i i

i

I E I e 


    



                          (2) 

where { }E I  is the mean of the intensity vector, , 1{ }
k

i ie 
  is the set of the principal 

vectors of the intensity vector I , k is the dimension of the intensity principal compo-

nent space, , 1{ }
k

i i 
  is the set of the responses on the corresponding principal vectors, and 

 is a small residual variance of the intensity vector that cannot be represented in the 

space of principal components. Likewise, { }E I , , 1{ }
k

i ie 
  and its eigenvalues are updated 

by IPCA algorithm.  

Apparently, { }T E I   is the intensity template adopted to capture the subspace 

of the intensity of the pedestrian. 

2.2 Classification Model 

During the tracking process, tracking failures are detected by an incremental version 

of MIL based appearance classifier which is derived from INCSVM [14, 15] and 

mi-SVM [16].  

INCSVM is an on-line recursive algorithm for training support vector machines, one 

data point at a time. Moreover, the algorithm is a reversible procedure, so that the already 

learned training samples can be unlearned from the model. The algorithm solves a quad-

ratic programming problem every time a new training sample is available. The convex 

quadratic object function under constraints is 

0
,

0

min :
2i

i ii

i i ij j i i
C

i i j i
y a

C
W H y


    

 


   



                (3) 

where 1{ , ..., , }n   are the coefficients of the SVM
1

( ) ( , )
n

i ii
S Z K X Z 


   

trained on samples 1{ , ..., }nX X , ( , )ij i j i jH y y K X X is an element of the kernel ma-

trix. As the definition of support vector machine, each training data point iX belongs to 

one set among support, error and remaining. When a new data point cX is added, its co-

efficient c is initially set to 0. Then a small enough c which ensures that no existed 

data point moves across set support, error and remaining is added to c . Under the con-

straint of Kuhn-Tucker conditions, c  is absorbed by the appropriate changes in coef-



YI XIE, MINGTAO PEI, JIANGEN ZHANG, MENG MENG AND YUNDE JIA 

 

6 

 

ficients of the data points in set support{ },i i  support and   in an adiabatic incre-

ments process [14]. The changes in coefficients satisfy 
1

, ,

0 T
cs

cT
s s s s c s

yy

y H H







    

       
         

                   (4) 

where { , }sa   is the changes of { , },i i   support, , { ( , )}s s i j i jH y y K X X  

,i j support is the sub kernel matrix of support vectors. Since the ,i i support 

and / ,i ig W a   i error remaining  changes with the increment of c , some data 

points migrate between support and error or support and remaining. With proper ac-

counting during the adiabatic increments iteration, the process of adding the training data 

cX to the solution converges in a finite number of steps. Similarly, adiabatic decrements 

iteration can unlearn a data point from the model. 

mi-SVM is an implement of MIL classifier based on SVM. MIL is a generalization 

of supervised classification problem in which labels are associated with bags containing a 

number of data points instead of individual data point. So there are a set of possible as-

signments of labels for data points as long as the labels of data points don't contradict 

with the labels of bags. mi-SVM wants to find an assignment which achieves the maximal 

margin of the trained SVM. Therefore the object function of mi-SVM can be written as  

 
{ } 0

,
0

1
1, 1

min min , . . 2
2

1, 1i i

i ii

i
Ii I

i i ij j i i
y C

i i j i
y a i I

y
I if YC

H y s t

y I if Y


     

 



  

  

    


    (5) 

where IY is a label of a bag. In order to learn new training bags incrementally while re-

tains the classification result of previous training sets, we apply INCSVM in the mi-SVM 

to achieve INCMIL employed in our tracking algorithm. The pseudo code for INCMIL is 

shown in Algorithm 1. 

 

Algorithm 1: Incremental multiple instance classifier. 

Input: Training bags { { , }, }i IX i I Y   ,previous classifier ( )tincsvm  

Output: up-to-date classifier 
( 1)tincsvm 

 

Initialization i Iy Y for i I  

Repeat 

Compute the SVM solution after { { , }i iX y  are incrementally 

learned by ( )tincsvm ; 

Compute predicts if for all iX in positive bags; 

Set sgn( )i iy f for every , 1Ii I Y  ; 

For every positive bag IB do 

If (1 ) / 2 0ii I
y


   then  

Compute * arg maxi I ii f ; 

Set * 1iy  ; 

Until labels { }iy do not change;  
( 1)tincsvm 

=
( )tincsvm ; 
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3. SYSTEM 

The tracking algorithm tracks a pedestrian through particle filtering on the affine 

group. Basing on the work in [7], we adopt an affine transformation matrix relative to the 

initial bounding box to represent a sampled position, so that every affine sample A  

corresponds to a definite position. 

3.1 Target Initialization 

The target is initialized through a bounding box given either manually or automati-

cally through recent pedestrian detection algorithm such as Viola Jones detector [20], 

Alpha-Beta-Gamma detector [21], etc. We assume that the target is designated accurately 

by the initial bounding box, so that the initial intensity and contour template are obtained 

from the designated region. To project the templates from the warped coordinate system 

to the same initial target region, it is necessary to calculate an affine matrix termed refer-

ence matrix for each of them as shown in Fig. 3. The reference matrices normalize the 

intensity and contour templates of different sizes to the area of the initial target region. 

Therefore the sampled affine matrices can deform the two templates together. The affine 

matrix for warped intensity and contour template are denoted as refA and ref
cA  respec-

tively. Also note that the front and lateral contour prototypes have different bounding size. 

So, ref
cA is chosen between ,

ref
c frontA and ,

ref
c sideA . The decision is made by comparing their 

respective similarities to the observation within the region through the method in Sec. 3.4. 

The affine matrix of the prototype contour with higher similarity is employed. We let 
refA and ref

cA be the reference matrices on which later affine samplings are based. 

 
Fig. 3 The projection of the two warped template through their corresponding affine matrices 

 

3.2 Particle Filtering 

An affine A  specifies an area where the intensity and the contour observations are 

obtained. The intensity observation is explained by a definite IPCA model, while the 

contour observation is represented by either the IPCA model of the front or lateral proto-

type. Label l  specifies which prototype is employed to explain the contour observation. 

Thus, the affine A is adopted as part of our state and is sampled in the affine group. The 

current template is evolved from a specified prototype contour whose type is enclosed 

into the state as label l in order to handle the sudden shift of the contour type. Then, the 

state is represented by  

( , ) ( (2), { , })X A l A Aff l frong side                (6) 
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The jump between different contour types is achieved through the ICONDENSA-

TION algorithm [22] because it enables the reinitialization of the particle during the 

resampling step. Formally, the estimation of the state distribution based on the history of 

the observed frames is propagated through 

( 1)

( ) 1 ( ) ( ) ( ) ( 1) ( 1)
1 1

( ) ( 1) ( 1) ( 1) ( 1)

( | ) ( | ) [(1 ) ( | ) ( | )

( | ) ( | )]

t

t t t t t t
t t t tX

t t t t t

P X Z k k P I X P X X P X Z

P X X P X I dX







  
 

   

   

 


(7) 

where   is the probability of reinitializing particle. (0) (1) ( ){ , , ..., }t
tZ I I I  is the his-

tory of observed frames from the video sequence. ( 1) ( 1)( | )t tP X I   is the prior for the 

reinitialized particles. ( 1)
1( | )t

tP X Z
  is the prior for standard CONDENSATION 

sampling. tk  is the value of the probability density function of the observation history 

( )tp Z  at tZ . If we assume that the observation history tZ  for any t  follows the uni-

form distribution, the 1
1t tk k
 can be regarded as a constant. 

3.3 Dynamic Model 

The motion status of the target can be approximated by a first-order autoregressive 

model [23]:  
6

( 1) ( )

1

exp{ }t t
i i

i

A A T r B



                         (8) 

where T is the state transition matrix estimated by  
( ) ( 1) 1 ( )ˆ exp{ log([ ] )} ( 1)t t tT A A                    (9) 

6
1{ }i iB  is the set of the basis of the 2D affine group Aff(2) [23]. 6

1{ }i ir  is the white noise 

on the corresponding basis sampled from 1 6([ , ..., ]; 0, )rN r r  .  

( ) ( 1)( | )t tP X X   evaluates the belief of the state prediction from the aspect of dy-

namics model. From the motion status of the target described in Eq. (8), we can derive 

the noise imposed on the system in matrix form  
6

( ) 1 ( 1)

1

log[( ) ]t t
i i

i

r B T A A 



                            (10) 

With the known bases, we decompose the noise to get the weight 1 6[ , ..., ]r r  on 

every basis. Then, the motion transition probability is  
( ) ( 1)

1 6( | ) ([ , ..., ]; 0, )t t
rP X X N r r                   (11) 

3.4 Appearance Likelihood 
( ) ( )( | )t tP I X  measures the likelihood. It is practically implemented through scor-

ing the weight of the sampled state. As we assumed in Sec. 2.1.1 and Sec. 2.1.2, the target 

image of the pedestrian is supposed to be sampled from a subspace governed by a Gauss-

ian distribution whose center is the adapted intensity and contour template. The weight is 

calculated by the product of two elliptical distribution density functions as  
( ) ( ) ( ) ( )

,( | ) ( ; ( ), ) ( ; ( ), )t t t T t T
C l l l lP I X g I A T U U g I A T U U            (12) 

where ( )tI is the observed image frame at time t , ( )A T is the affine transformed version 

of the warped template. Both contour and intensity template are projected to the region to 

measure ( )tX  in the criterion of Eq. (12). ,1 ,[ , ..., ]
ll l l kU e e and ,1 ,[ , ..., ]kU e e
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are the matrices composed of the principal components of the contour deviation vector 

and the intensity vector, respectively. l  and  are diagonal matrices composed of the 

eigenvalues of the contour deviation vector and the intensity vector, respectively. There-

fore, T
l l lU U  and TU U    are the covariance matrix of contour deviation vector 

and intensity vector, respectively.  

The likelihood between the template and the observation at the proposed region de-

fined by the sampled affine matrix A is measured by Mahalanobis distance [24].  

The contour template ,C lT  is represented through a 3 ln  matrix, where ln  is 

the number of the control points of contour type l . The columns of ,C lT  are composed 

of the coordinates of the control points in the warped coordinate system. Given a sampled 

affine matrix A , the warped contour template is affine transformed to the designated re-

gion through  

, ,( )
ref

C l C lCA T A A T                          (13)  

The observation of the contour deviation vector lC  is extracted by placing 

,( )C lA T  on the Canny edge map of the mean shift smoothed [25] image as shown in Fig. 

4. Mean shift algorithm can smooth the image while preserve the clear edges of the origin 

image. Therefore Canny response on the smoothed image has less noisy edges. We find 

the closest coordinates having non-zero Canny response to every control point along its 

normal direction, and define the deviation of the non-zero response point as positive if it 

is outside the contour and negative if inside. The likelihood of the observed deviation 

vector is calculated by 

,

1 2
2

( ; ( ), )

exp{ ( { }) ( { })} exp{ || { } || }

T
C l l l l

T T
l l l l l l l l

g I A T U U

C E C U U C E C E C



           
 (14) 

where the first exponential factor is the Mahalanobis measurement of the deviation ob-

servation. The second exponential factor is set to avoid the certain contour sample, a 

faraway translation of the actual contour, from being given a high mark.  

The intensity template T  is an intensity vector each element of which corresponds 

to a coordinate of the warped intensity template. If their coordinates in the warped space 

is represented by matrix 3 n , where n  is the number of the points within the intensity 

template. Given the sampled affine matrix A , the intensity template is affine transformed 

to the predicted region to be compared with the observed intensity ma-

trix ( )refI I A A     . The likelihood of the intensity observation is measured by 

 1( ; ( ), ) exp{ ( { }) ( { })}T T Tg I A T U U I E I U U I E I
                   (15) 
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Fig. 4 The extraction of the contour deviation vector lC from the observation 

 

3.5 Particle Reinitialization 

Particle reinitialization is necessary for keeping particles of each type of contour 

from extinction. During reinitialization, the type of the contour l  is assigned randomly 

from a uniform distribution. That is to say, the reinitialized particle X  has the same 

marginal probability of being front contour as being side contour. The A of the reinitial-

ized particle is simply assigned with the estimated affine state of the last time because it is 

assumed to be a reliable guess for the target position. 

3.6 State Estimation 

If the sample set is denoted as 1{ }n
i iX   and the sample that maximize ( | )P I X is 

denoted as  

max max
max max max max

3 3

{ , } ,
0 1

M N
X A l l



   
    

   

             (16) 

where maxM and maxN  are the augment and the translation of the maxA . The state esti-

mation ˆˆˆ { , }X A l is done by sample mean for Â as 

 

1
max max2 2 2 2

1 1

1 1
ˆ ˆ exp{ log( )}

ˆ

0 1
0 1

n n

i i

i i

M M M NM N
A n n



 
 

 
    

    
   

 

 
     (17) 

And maximum a posteriori probability for l̂  is  

maxl̂ l                                (18) 

3.7 Appearance Learning and Detection 

The pedestrian classifier is to learn a model to separate the pedestrian from the 

background. We choose intensity vector to be the feature vector for INCMIL classifier. 

As the P-N learning framework introduced in [26], we label the unlabeled data by the 

existed classifier and update the classifier through the labeled data as shown in Fig. 5. 

Suppose the height and width of the estimated bounding box are h  and w , when the 

intensity observation within the estimated bounding box is classified as a positive data 

point, the intensity observations within sampled bounding boxes whose centers have de-

viations less than 2 2( / 2) ( / 2)w h from the center of the estimated bounding box are 

put into a positive bag and the observations within the ones have deviations over 
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2 2(3 / 2) (3 / 2)w h  are put into negative bags. Besides, the classifier exhaustively 

scans the background area for hard negative observations [27] which are also put into 

negative bags. The labeled bags are feed into the INCMIL to train an updated classifier. 

Since the efficiency of INCSVM underlying INCMIL declines with increasing data 

points trained and stored in it, we maintain only 800 data points stored in INCMIL and 

unlearn the rest. In order to minimize the damage on the performance of classification, we 

unlearn data points in the remaining set first, and then other data points according to their 

order of being learned. The unlearning process enables the classifier incrementally adapts 

to new observations and gradually dismiss the old ones. When the intensity observation 

within the bounding box is predicted as a negative data, the target is considered lost tem-

porarily. The tracker regains the target through scanning across positions and scales over 

the new observed image. 

 
Fig. 5 The updating of the pedestrian detector is done through learning the data labeled by itself 

4. EXPERIMENTAL RESULTS 

We compare our algorithm with the on-line appearance learning method of Ross [7] 

and the geometric particle filtering on the affine group with optimal importance functions 

method of Kwon [23]. Both of the two tracking methods are considered among the parti-

cle filtering-based trackers with excellent performance. We test the tracking methods on 

the public LHI dataset containing several video clips captured from PTZ cameras. Most 

of the clips include perspective transformation, sudden scale changes and camera shifts 

with moving background objects as the possible interference factors. 

4.1 Representation Results 

First, we test the effectiveness of the intensity representation over the tracking pro-

cess. Fig. 6 shows the evolvement of the observation I within the bounding box of the 

tracked pedestrian, mean intensity { }E I , the first 10 principal components 10
, 1{ }i ie  and 

the residue  . From the result, we can find that the mean intensity and the principal 

components of the intensity are incrementally learned and updated. The residue which 

can't be represented in the principal component space retains only little energy. Even the 

blurred pedestrian appearance at 60th frame caused by camera shake is handled properly 

by IPCA representation model. From the experiment, it can be seen that the intensity rep-

resentation method can reconstruct the observation image properly over the tracking pro-
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cess. 

 
Fig. 6 The observation I
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Second, we test the adaptation of the contour representation by observing the con-

tour type transition and the result of the contour adaptation during the tracking process. 

Fig. 7 shows the contour type transition in the upper part and performance of the contour 

adaptation in the lower part. The line chart reflects the sine change of the angle between 

the camera axis and the normal direction of the target's front side over the time. The red 

curve is the manually assigned ground truth of the sine value of the pedestrian in the giv-

en video clip. For there are only two types of contours: front and side, the contour type 

indicated by the blue curve can only stay at or jump between 0 and 1. From the chart, we 

can find that there are two periods when the drastic changing of the contour type occurs. 

The first one, between the 1st and 30th frame, is the competitive process of the two types 

of prototype contours. The second one, between 410th and 470th frame, is the gradual 

type jumping process caused by the slow perspective change of the pedestrian. Our 

method successfully determines which prototype contour is closer to the observation. A 

good choice of the prototype contour is necessary for speeding up the contour adaptation 

process. 

 
Fig. 7 Contour type transition (upper part) and the adaptation outcome of the contour (lower part). 

 

    Third, we measure the accuracy through the term of root mean square (RMS) error 

at the control points denoted by yellow circles in Fig. 2 for that they can be annotated 
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more easily than other control points. The error of the tracking result for the visual se-

quence is shown in Fig. 8. The average RMS is 11.09 pixels. The error remains in the 

range between 5 and 15 pixels almost all along the tracking process with no sign of di-

vergence. 

 
Fig. 8 The RMS error of the visual sequence shown in Fig. 7 at the three specified contour control points 

as denoted in Fig. 2. 

4.2 Classification Results 

In the first experiment, we test the INCMIL through running the tracker on the same 

video sequence as we tested in the last experiment. Analysis of the classification charac-

teristic of the incrementally trained INCMIL is performed through calculating preci-

sion/recall curves at several frames. The target is annotated manually by a bounding box 

whose size is h w in every tested frame. First, 100 bounding boxes whose translations 

to the annotated target bounding box are within 0.2 w  and 0.2 h  on x and y-axis, scale 

changes are within 0.05 and rotation is within 10 degrees are sampled. We labeled the 

observations draw from these bounding boxes as positive. Then, we sample 900 bounding 

boxes which don't have overlap with the annotated target bounding box and draw obser-

vations within them as negative ones. The classification performance of the INCMIL 

corresponding to the frame is evaluated through its precision/recall characteristic. Fig. 9 

shows the precision/recall curves of the INCMILs at several frames. Through the figure, 

we can find that the recall rate in-creases almost monotonously with the number of frames 

in the case of the same precision. The experiment proves that the classification ability of 

INCMIL is improving with increasing training samples over the tracking process.  

 
Fig. 9 The Precision/Recall of the incrementally trained INCMIL over the first 80 frames. 

 

In the second experiment, we test the practical effect of the INCMIL in our algo-

rithm. We run our tracker on two video sequences with complete occlusion. The result is 
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shown in Fig. 10. From the result, we can find that the classifier successfully detects the 

tracking failure caused by the occlusion over the pedestrian and suppresses the bounding 

box from being shown. The re-initialization of the bounding box also successfully recap-

tures the pedestrian. The result proves that the INCMIL enable our tracking algorithm to 

handle occlusion. 

 
Fig. 10 Results of tracking on video sequences with complete occlusion. 

 

4.3 Comparison Results 

We examine the accuracy of our tracker by comparing with trackers proposed in [7] 

and [23]. Because, both compared tracking algorithms do not have mechanism for track-

ing failure detection and recovery, they will fail in tracking pedestrian being occluded in 

most cases. We only compare our algorithm with them on tracking targets without occlu-

sion. We tuned the parameter of the compared tracker to achieve the best results on the 

test clips. We initialize all three trackers from the same initial bounding box simultane-

ously. To further demonstrate power of our tracker, we run their tracker with 600 parti-

cles and reduce the particle number of ours to 100. We run our tracker with 100 particles.  

The accuracy of our tracker and the compared trackers are examined by means of 

center location error and overlapping rate over the whole video. The results are shown in 

Table 1 and Table 2. 

Table 1. Average center location error (in pixel) 

 Video1 Video2 Video3 Video4 Video5 

Ross’s[7] 24.6158 12.3005 9.2272 32.4117 18.7386 

Kwon’s[23] 23.3605 125.6088 13.9752 6.7574 13.5211 

Ours  9.8748 7.9 5.1821 6.5401 5.7224 

Table 2. Average overlap rate. 

 Video1 Video2 Video3 Video4 Video5 

Ross’s[7] 0.5479 0.4052 0.6121 0.2649 0.4249 

Kwon’s[23] 0.5954 0.1295 0.5954 0.7578 0.6758 

Ours  0.7246 0.58 0.7937 0.6533 0.8263 

The outcomes of the three trackers in five typical sequences are shown in Fig. 11. To 

facilitate the intuitive comparison, we stack the tracking results of the three trackers to-

gether in one frame and label their bounding box with different colors. The result shows 

that our tracker endures all the perspective transformations, scale changes and drastic 

camera shifts in these PTZ visual sequences. 
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5. CONCLUSION 

We have presented a novel pedestrian tracking method integrating both incremen-

tally learned representation and classification model. This algorithm can be applied to the 

tracking task of PTZ camera visual surveillance and can run at real time speed around 15 

frames per second on the tested video. The quantitative experiment results on the LHI 

dataset shows that our algorithm overtakes the state of art counterparts in PTZ environ-

ment. At present, the current algorithm can only handle pedestrian appearance change 

without great shape deformation such as squatting or lying down from standing state. 

 
Fig. 11 The comparison among the proposed (labeled in red), Ross's (labeled in green) and Kwon's (la-

beled in blue) tracking algorithms 
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