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Abstract: In this paper, we address the tracking problem caused by camera motion and rolling 
shutter effects associated with CMOS sensors in consumer handheld cameras, such as mobile 
cameras, digital cameras, and digital camcorders. A modified particle filtering method is proposed 
for simultaneously tracking objects and compensating for the effects of camera motion. The 
proposed method uses an elastic registration algorithm (ER) that considers the global affine motion 
as well as the brightness and contrast between images, assuming that camera motion results in an 
affine transform of the image between two successive frames. By assuming that the camera motion 
is modeled globally by an affine transform, only the global affine model instead of the local model 
was considered. Only the brightness parameter was used in intensity variation. The contrast 
parameters used in the original ER algorithm were ignored because the change in illumination is 
small enough between temporally adjacent frames. The proposed particle filtering consists of the 
following four steps: (i) prediction step, (ii) compensating prediction state error based on camera 
motion estimation, (iii) update step and (iv) re-sampling step. A larger number of particles are 
needed when camera motion generates a prediction state error of an object at the prediction step. 
The proposed method robustly tracks the object of interest by compensating for the prediction state 
error using the affine motion model estimated from ER. Experimental results show that the 
proposed method outperforms the conventional particle filter, and can track moving objects 
robustly in consumer handheld imaging devices.  
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1. Introduction Conventional tracking methods can be classified as 

either stochastic or deterministic [3, 4]. Adaboost is a 
popular deterministic approach used widely for the 
detection of targets and making a trajectory by connecting 
successive locations of identified objects. On the other 
hand, the Adaboost detector will often fall into a local 
minimum when there are occlusions and object 
deformations. The Kalman filter and particle filter are two 
well-known and often-used stochastic approaches, both of 
which recursively estimate the state of a dynamical system 
from measurements or observations. The Kalman filter 
assumes a linear model for the state dynamics and 
measurement equation, and is the optimal estimator when 
the noise processes are Gaussian. Particle filters, however, 
work for linear and non-linear dynamical systems, and do 
not require a Gaussian assumption. The price paid for this 
extra generality is an increase in computational cost. 

Object tracking is important in computer vision and has 
broad applications in consumer electronics, such as object-
based auto-focusing, traffic monitoring, vehicle navigation, 
human computer interaction, augmented reality and 
intelligent surveillance [1, 2]. Many approaches have been 
developed for object tracking but most have difficulties in 
dealing with occlusions, complex backgrounds, noise, 
object deformations, illumination change, and unknown 
camera motions. 
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Medium Business Administration in 2012 (00045420-1), and supported 
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Foundation(NRF) of Korea Funded by the Ministry of Education,  Science 
and Technology(2009-0081059), and supported by the Research & 
Development Program of Digital Forensic Center, Supreme Prosecutor's 
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The experimental results show that the proposed 
method outperforms the conventional particle filter, and 
can robustly track moving objects in consumer handheld 
imaging devices, such as mobile cameras and digital 
camcorders. 

occlusion, complex background, illumination change, 
object deformation, noise, and unknown camera motion, 
will make it difficult to track an object robustly and 
accurately. Therefore, most conventional tracking methods 
assume that the camera is fixed, or that the camera moves 
slowly in a linear fashion. The paper is organized as follows. Section 2 presents 

the affine camera motion-based particle filtering algorithm. 
Section 3 reports some experimental results. Finally, 
Section 4 presents these conclusions. 

Object tracking using consumer handheld cameras 
present unique problems and challenges. Many handheld 
devices with imaging capability, such as mobile devices, 
digital cameras and digital video recorders, use CMOS 
sensors because of their high density, low power 
consumption, and low cost [5]. However, because most 
CMOS cameras use a rolling shutter, there may be a 
number of undesirable effects introduced to the image or 
recorded video with these devices. By far, the most severe 
of these effects is wobble (the jello effect), which results 
when the camera vibrates. This can occur when the camera 
is inside a moving vehicle. Another effect is skew, which 
is the bending of an image or an object that occurs when 
the camera or object moves from side to side. Other effects 
include smear, partial exposure, as well as spatial and 
temporal aliasing. 

2. Affine Camera Motion-Based Reduced 
Particle Filtering 

The abrupt motion of an object caused by camera 
movement will often result in the failure of an object 
tracking algorithm. More particles in the particle filter are 
needed when camera motion generates the prediction state 
error of an object at the prediction step. This section 
describes an object tracking method that might be used to 
compensate for the prediction error of the state vector that 
is the result of camera motion. 

This paper addresses the problem of tracking an object 
within a mobile environment, and presents an efficient 
particle filtering approach to deal with the problems 
associated with camera movement. This approach, which 
is shown in Fig. 1, consists of a motion estimation based 
on an affine model, as well as a particle filter for object 
tracking. The motion estimation is used to compensate for 
camera motion that can lead to failure in the tracking 
algorithm. 

2.1 Camera Motion Estimation 
A modified version of the elastic registration (ER) 

algorithm proposed by Priaswamy [6] was used, assuming 
that camera motion and corresponding rolling shutter 
effects can be modeled as an affine transformation and a 
change in brightness.  

The original ER algorithm considered the intensity 
variation in the form of contrast and brightness parameters 
as well as local affine motions between two medical 
images. By assuming that the camera motion is globally 
modeled by an affine transform, only the global affine 
model was considered instead of the local model. Because 
the illumination change is small enough between 
temporally adjacent frames, only the brightness parameter 
was used in the intensity variation and the contrast 
parameters used in the original ER algorithm were ignored. 

 

 
The general affine transform is expressed as follows 
 Fig. 1. Proposed affine motion-based reduced particle 

filtering algorithm. 
  
Under the assumption that camera motion and 

corresponding rolling shutter effects of wobble and skew 
can be modeled as an affine transformation with intensity 
and contrast sensitivity variations, the elastic registration 
algorithm (ER) developed by Periaswamy was used to 
compensate for global affine motion as well as brightness 
and contrast changes between successive frames [6]. The 
proposed particle filter estimates the posterior density 
function of the state recursively in four steps: (i) prediction 
step, (ii) compensating prediction state error based on 
camera motion estimation, (iii) update step and (iv) re-
sampling step. More particles are needed when the camera 
motion generates a large error in the prediction step. 
However, the proposed method robustly tracks the object 
of interest by compensating for the prediction state error 
using the affine motion model estimated from ER. 
Therefore, it does not require the addition of extra particles. 

  (1) 
 

where  represents the affine camera model matrix, 
 and  represent the linear affine parameters, 

and  and  represent the translation parameters. 
In particular, if we let  be the image in the 

current image frame, and  be the image in the 
previous frame, the ER algorithm begins by assuming that 
the motion between these two images can be modeled by a 
locally affine transform plus a change in intensity as 
follows 

 

 
  (2) 
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where  is the brightness parameter. The modified error 
function was minimized to estimate the seven parameters 
as follows  

 
 

  (3) 
 

where  and  is the 
entire image coordinate. 

On the other hand, as this error is a nonlinear function 
of , a closed form solution does not exist, and an iterative 
approach, such as Newton-Raphson algorithm, is needed to 
find the vector  that minimizes this error. Therefore, 
instead of minimizing , Periaswamy proposed a first-
order truncated Taylor series approximation to address this 
error, 

 

 

  (4) 
 

where  and  are the spatial derivatives of  in 
the horizontal and vertical directions, respectively, and 

 is the temporal derivatives of . 
This approximate error may be simplified by 

rearranging the terms as follows 
 

  (5) 

 
where  and  

. Because  is a quadratic function 
of  that 

minimizes this error may be found by differentiating with 
respect to  and setting the result equal to zero. The result 
is a set of linear equations that need to be solved for , 

 
 (6)  

 
where  is a  matrix. Although there is no 
guarantee that matrix  is invertible, Periaswamy reported 
that  will generally be invertible if the region  is 
sufficiently large and the image has sufficient content. 

Fig. 2 shows the result of an affine transformation of 
the input image using the estimated camera motion. Fig. 
2(d) presents the difference image between Figs. 2(a) and 
(b) with a large camera motion. On the other hand, Figs. 
2(e) shows the difference image between Figs. 2(b) and (c), 
which has a smaller difference than Fig. 2(d). 

Fig. 3 presents the result of the affine transformation of 
an input image using the estimated motion with the jello 
effect caused by the rolling shutter. Fig. 3(e) shows the 
difference image between Figs. 3(b) and (c), which has a 
smaller difference than Fig. 3(d). 

2.2 Particle Filtering with Compensation 
of the Prediction Model Error  

The Bayesian approach to object tracking is to update 
recursively an estimate of the state of an object  at time 

 given the measurements or observations, , of the 
object up to time . The state vector may consist of a 
number of states, such as the two- or three-dimensional 
position, , and the scale, , of an object. If , 
the probability density function of the state at time  
given all the measurements up to time  is known, and 
the state at time  can be predicted using the Chapman-
Kolmogorov equation, , a closed-form solution for the vector 

 
 

 
(a) (b) (c) 

 

  
(d) (e) 

Fig. 2. Results of the camera motion estimation using the affine model; (a) input image, (b) previous  image, (c) the
result of the affine transformation of the input image, (d) difference image between (a) and (b), and (e) difference 
image between (b) and (c). 
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(a) (b) (c) 

 

  
(d) (e) 

Figure 3.  Results of the camera distortion by the jello effect using the affine model; (a) input image, (b) previous
image, (c) result of the affine transformation of the input image, (d) difference image between (a) and (b), and (e)
difference image between (b) and (c). 

 

  

  (7) 
 

where  is the prior density. Given a new 
measurement, , at time , the prior can be updated using 
Bayes' rule 

 

  (8) 

 
which is the posterior density.  represents the 
observation model. Eqs. (7) and (8) form the basis of the 
optimum Bayes' solution. Unfortunately, the recursive 
propagation of these densities is generally intractable, and 
other approaches are used to approximate this solution. 
One of these is the particle filter, which is a Monte Carlo 
(MC) method that uses sequential importance sampling. In 
the particle filter, the posterior, , is 
approximated by a finite set of  samples  
with importance weights . The candidate samples  are 
drawn independently by sampling from an importance 
distribution  and the weight of the 
samples are as follows 

 

  (9) 

 
To avoid degeneracy, the samples are resampled to 

generate an unweighted particle set according to their 
importance weights. In the case of the bootstrap filter, 

 and the weights become 
the observation model . The basic idea of the 
particle filter is to represent the posterior density using a 
set of random samples with associated weights and to 

calculate estimates of these states, such as the expected 
values, using these weights and samples. 

The prediction model  uses the second-
order autoregressive process and noise model is defined by 
a Gaussian function. The observation model utilizes the 
Hue-Saturation-Value color histogram, which decouples 
the chromatic information from the shading effects, for 
robust illumination changes in camera movements [7]. The 
HSV Histogram is composed of  bins 
and  is defined as the bin index at location  in time 

. 
The color distribution  at 

time  is given as follows 

 
  (10) 

 
where  is the Kronecker delta function,  is a 
normalization constant and  is the sampled object 
region. For similarity measurements between the 
observation model and reference model, the Bhattacharyya 
distance measurement  is used and defined as 

 

  (11) 

 
where  is the reference color model. The reference 
distribution is obtained at an initial time . 0k

The similarity measurement as the observation model 
is defined using the Bhattacharyya distance as follows 

 

  (12) 
 
For example, the Maximum a Posteriori (MAP) 
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 can be found from estimate of the state at time  
particles (samples) as follows: 

 

  (13) 

 
As the number of particles increase, the particle filter 

approaches the optimal Bayesian estimate. The sampling 
methods used to generate the particles include the 
Sequential MC, Markov Chain MC and Wang-Landau MC 
[3, 8, 9]. 

Particle filters work well in tracking objects when the 
motion of the object is smooth. Unfortunately, it is difficult 
to predict the state of an object accurately when sudden 
and possibly erratic movements are induced by camera 
motion, and the particle filter is prone to failure in tracking. 
To deal with this problem, Kwon proposed integrating the 
Wang-Landau algorithm with the Markov Chain Monte 
Carlo-based tracking algorithm [8]. Here, we take a 
different approach and compensated for the error in the 
predicted state by using the estimate of the motion 
obtained from the ER algorithm. 

Eq. (7) represents the predicted state of the object using 
the prediction model and the previous state of the object. 
The compensated object state is defined as 

 

  (14) 
 

where  is the compensated object position. The 
sampling method implemented at the compensated object 
state can track the object efficiently under the camera 
movement. 

Fig. 4 presents the compensated particles, where 
compensated particles have moved toward the object 
compared to the original particles. 

3. Experimental Result 

To evaluate the effectiveness of the proposed approach 
for object tracking in a handheld device, test sequences, 

 in size, were captured at a rate of 29 frames per 
second using a smart phone camera. Three sequences were 
tested, fish, outdoor and drastic camera motion, as shown 
in Figs. 5, 7, and 9, respectively. The outdoor scene is 
challenging because it was captured while the person 
holding the camera was walking, which resulted in rapid 

and irregular motion. The drastic camera motion scene is 
also particularly challenging because, it has low frame rate 
and irregular camera motion changes.  The conventional 
particle filter (PF) [9] and Markov Chain Monte Carlo 
(MCMC) method [3] were compared with the proposed 
method using both a conventional PF and the MCMC 
method. Three hundred particles were used in the particle 
filters and the initial object region was selected manually 
at initial time . The parameter setting,  

 and , were used. 
To evaluate the performance of the proposed method, 

the Euclidian distance between the manually-labeled 
ground truth position of the object's center and the 
estimated center position of an object was calculated using 
the following formula. 

 

 (15)  
 

 and where  represent the horizontal and vertical 
coordinates of the estimated center of the object region, 
respectively, and  and  represent the horizontal and 
vertical coordinates of the ground-truth center, respectively. 

Figs. 5 shows the experimental results in the fish 
sequence. The conventional PF method results in an 
inaccurate estimation of the object's region due to camera 
motion, as shown in Fig. 5(a). Fig. 6 presents the results of 
the Euclidian distance, which shows that the PF failed to 
track the object after the 321st frame. Although the MCMC 
method did not totally miss the object, the overall 
performance was more unstable than with the proposed 
methods. Fig. 6 shows that the proposed method can track 
the object robustly with irregular camera motions. 
Fig. 7 presents the experimental results in the outdoor 
sequence. Conventional PF and MCMC methods miss the 
object or inaccurately estimate the object's region because 
of the camera motion with the jello effect, as shown in 
Figs. 7(a) and (b). Fig. 8 shows the results of the Euclidian 
distance in the outdoor scene. The PF and MCMC method 
failed to track the object after the 81st , and 121st frames, 
respectively. On the other hand, the proposed method can 
robustly track the object even with the camera motion and 
jello effect (Fig. 8). 

Fig. 9 presents the experimental results of a drastic 
camera motion sequence with a low frame rate. Conven- 
tional PF methods with various numbers of particle 
settings missed the object due to drastic camera motion, as  

 

 
(a) (b) (c) 

Fig. 4. Result of the compensated particles; (a) input image, (b) previous image, (c) compensated particles (blue:
original particles, magenta: compensated particles). 
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(a) (b) (c) (d) 

Fig. 5. Experimental results of the tracking in fish scene; (a) PF, (b) MCMC, (c) proposed affine camera motion
based-PF,  and (d) proposed affine camera motion based-MCMC (green: object region). 

 

 

Fig. 6. Euclidian distances between the ground truth and estimated object positions using the proposed and two 
conventional particle filters in the fish scene. 
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(a) (b) (c) (d) 

Fig. 7. Experimental results of tracking in an outdoor scene; (a) PF, (b) MCMC, (c) proposed affine camera motion 
based-PF, and (d) proposed affine camera motion based-MCMC (green: object region). 

 

 

Fig. 8. Euclidian distances between the ground truth and estimated object positions using the proposed and two 
conventional particle filters in the outdoor scene. 
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shown in Figs. 9(a)-(c). On the other hand, despite the low 
number of particles, the proposed method could track the 
object robustly even with drastic camera motion, as shown 
in Fig. 9(d). 

5. Conclusion 

In this paper, we addressed the tracking problem 
caused by camera motion and rolling shutter effects 
associated with CMOS sensors in consumer handheld 
cameras, such as mobile cameras, digital cameras and 
digital camcorders. A modified particle filtering method 
was proposed to simultaneously track objects and 
compensate for the effects of camera motion. Assuming 
that camera motion results in an affine transformation of 
an image between two successive frames, the proposed 
method used an elastic registration algorithm (ER) that 
considers the global affine motion, brightness and contrast 
between images. By assuming that the camera motion was 
modeled globally by an affine transform, only the global 
affine model was considered instead of the local model. 
Only the brightness parameter was used in the intensity 
variation. The contrast parameters used in the original ER 
algorithm were ignored because the change in illumination 
was small enough between temporally adjacent frames. 

The proposed particle filter recursively estimated the 
posterior density function of the state in four steps: (i) 
prediction step, (ii) compensating prediction state error 
based on camera motion estimation, (iii) update step and 
(iv) re-sampling step. A larger number of particles were 
needed when the camera motion generated a prediction 
state error of the object at the prediction step. The 
proposed method robustly tracked the object of interest by 
compensating for the prediction state error using the affine 
motion model estimated from ER. 

The experimental results showed that the proposed 
method outperforms the conventional particle filter, and 
can track moving objects robustly in consumer handheld 
imaging devices. The proposed method can also be applied 
to PTZ cameras in video surveillance systems. 
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