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Abstract— Tracker is the term used often in internet. 

Object tracking in video is very common. The variations in the 

appearance of a tracked object include changes in 

geometry/photometry, camera viewpoint, illumination, or 

partial occlusion pose a major challenge to object tracking. 

There are a large number of trackers in the last two decades. A 

good tracker should perform well in a large number of videos 

involving illumination changes, occlusion, clutter, camera 

motion, low contrast, specularities, and at least six more 

aspects. However, the performance of existing trackers has 

been evaluated on only few videos, or on the special purpose 

datasets. In this paper, the object tracking system uses 

Extended Kalman Filter (EKF) in a large dataset. The tracker 

is tested systematically and experimentally on 315 video 

fragments covering above aspects. We selected a set of 6 recent 

trackers to compare the EKF tracker. We demonstrate that 

trackers can be evaluated objectively by survival curves, 

Kaplan Meier statistics, and Grubs testing. The analysis under 

a large variety of circumstances provides objective insight into 

the strengths and weaknesses of trackers. 

Keywords—component Object detection, trackers, Kalman 

filter  

I.  INTRODUCTION  

Object tracking is relatively easy for humans. Humans 
respond quickly to visual information by recognizing 
temporal consistency. But computerized visual tracking 
system is a hard problem, as many different and varying 
circumstances need to be considered in a single algorithm. 
For a given variety of aspects in tracking circumstances, and 
wide variety of tracking methods, the number of evaluation 
video sequences is generally limited. In the papers on 
tracking appearing inTPAMI or in CVPR 2011, the number 
of different videos is only five to ten. The limited number of 
videos used for tracking is even more surprising given the 
importance of tracking for computer vision [1]. But as long 
as most tracking papers still use a limited number of 
sequences to test the validity of their approach, it is difficult 
to conclude anything on the robustness of the method in a 
variety of circumstances. Many trackers have been proposed 
in literature, usually in conjunction with their intended 
application areas. The most important application of object 
tracking is surveillance and security control. These systems 
are built using object segmentation, appearance and motion 
model definition, prediction and probabilistic inference. In 
[2], the performance of some tracking algorithms is analyzed 
on the AVSS dataset for surveillance of multiple people. The 
tracking algorithms in [3] discuss tracking for specific targets 
only, such  as sport players. The survey of [4] is on tracking 
lanes for driver assistance. Other surveys address robot 
applications where tracking based on a Kalman filter is well 

suited [5].Yet others are focusing on a single type of target, 
such as humans [6-7]. Other tracking methods are designed 
for moving sensors used in navigation [8]. Recently, a survey 
is presented for a wired-sensor network, focusing on the 
capability of methods to give a simple estimation for the 
position of the object [9]. Few reviews exist for surveying 
the performance of application independent trackers. The 
work of Yilmazet al. [10] still provides a good frame of 
reference for reviewing the literature, describing 
methodologies on tracking, features and data association for 
general purposes. One popular method for state estimation in 
nonlinear systems is the Extended Kalman filter (EKF). In 
this paper, we use EKF for object tracking. This filter uses a 
nonlinear model directly in the prediction stage, in which 
linearization and discretization are performed around the 
previous filtered state estimate to obtain a set of discredited, 
linear perturbation equations. The classical Kalman Filter 
(KF) equations are then used as a basis for the EKF filtering 
equations. The EKF is developed for problems with weak 
noise [11-12]. An example of the EKF’s performance under 
weak and strong noise can be found in the work of Picard 
[13]. 

To evaluate the performance of various trackers, we use 
ALOV++ (Amsterdam Library of Ordinary Videos) dataset, 
focusing on one situation per video to evaluate trackers’ 
robustness. To test under various circumstances, we have 
opted for short but many sequences with an average length of 
9.2 seconds.  

The remaining paper is organized as follows: Section II 
gives a simple model for object tracking. Section III provides 
recent tracking methods used for comparison. Section IV 
analyzes the performance of the recent tracking methods with 
the results obtained by this method. Section V concluded the 
best tracking methods. 

II. SYSTEM ARCHITECTURE 

The simple model for object tracking is shown in Fig.1. 
In this paper, we use Extended Kalman Filter. The EKF is 
simply an ad hoc state estimator that only approximates the 
optimality of Bayes’ rule by linearization. One of the earliest 
applications of the Extended Kalman Filter was to solve the 
problem of tracking flying objects. At each point in time the 
object being tracked has a given range and bearing from the 
observer. Often the observer is considered the location of a 
radar dish tracking the object. The range and bearing are 
generated from displacements (i.e. distances from the 
observer) in both the x and y directions. The tracking 
problem involves estimating not only the x and y 
displacements of the object but also its x and y velocities. 
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Given that the displacements and velocities are non-linearly 
related to the range and bearing this is an ideal problem to 
solve using an Extended Kalman Filter [14]. The Extended 
Kalman Filter algorithm requires the calculation of Jacobian 
matrices for the state and measurement equations. These take 
the following forms. Over a small period of time the 
displacement can be considered to change according to the 
first order approximation,  

 

 

 

 

 

 

 

 

Fig. 1 System Model of Object Tracking 
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The above equation says that over a small period of time 
the position changes by Δt times the velocity (in both the x 
and y directions) and that the velocity remains constant (in 
both the x and y directions). Fk is the required Jacobian 
matrix. 

III. RECENT TRACKING METHODS 

The tracking methods which are developed recently are 
discussed in this section. Table I lists the recent tracking 
methods with its motion model.  

Multiple Instances learning Tracking (MIT) 

The paper in [15] recognizes the difficulty in taking the 
current tracker region as the source for positive samples and 
the surrounding as the source for negative samples as the 
target may not completely fill the bounding box or cover 
some of the background. Therefore, a discriminative 
classifier [16] is studied from positive and negative bags of 
samples, which is MIL classifier. In the MIL-classifier, the 
target bounding box is grouped into a positive bad with its 
supplemented rectangular windows at close range. The 
multiple negative bags are filled with rectangular windows at 
a further distance. Haar features are used as features. 
Candidate windows are sampled uniformly in a circular area 
around the previous location. The highest classification score 
determines the new position in the MIT. In the update of the 
classifiers, the old classifier parameters are updated with the 
input from the new data points. 

Tracking, Learning and Detection (TLD) 

The paper in [1] aims at using labeled and unlabeled 

examples for discriminative classifier learning. This method 

combines the results of a detector and an optical flow tracker 

for tracking. For a given target bounding box in thefirst 

frame, the detector learns an appearance model from many 2-

bit binary patterns  which is differentiated from patterns 

taken from a distant background. This method uses the fast 

Random Ferns to learn the detector. When a newframe 

arrives, locations with some 50 top detector scores are 

selected. The optical flow tracker applies a Lucas-Kanade 

Tracker (KLT) to the target region and uses a target window 

in the current frame.The normalized cross correlation is 

computed for the candidate windows. The system selects the 

new object by using the highest similarity of the object 

model by selecting a candidate window. Once the target is 

localized, positive samples are selected in and around the 

target and negative samples are selected at further a distance 

to update the detector target model. If neither of the two 

trackers outputs a window,TLD declares loss of target. In 

this way TLD can effectively handle short-term occlusion. 

Foreground-Background Tracker (FBT) 

FBT is incremental discriminative classifier [ A linear 

discriminate classifier is trained on Gabor texture feature 

vectors from the target region against feature vectors 

derived from the local background, surrounding the target. 

The target is searched in a window centered at the previous 

location. The highest classification score determines the new 

position of the target in FBT.Updating is done by a leaking 

memory on the training data derived from old and new 

points in the target and in the surrounding. 

 

L1-minimization Tracker (L1T) 

 

The tracker [20], employs sparse optimization by L1 from 

the past appearance .It uses the intensity values of target 

windows sampled near the target as the bases for a sparse 

representation. Individual, non-target intensity values are 

used as alternative bases. From the previous target position, 

candidate windows in the new frame are sampled from a 

Gaussian distribution by Particle Filtering (PF). These 

candidate windows are expressed as a linear combination of 

sparse bases by L1-minimization such that many of the 

coefficients are zero. The tracker expands the number of 

candidates by considering the warps of the current 

candidates.The search are applied for all candidate windows 

and then the new target is selected by the minimum L1-

error. 

 

Tracking on the Affine Group (TAG) 

TAG [21] uses an extended model of appearances for object 

tracking. It extends the traditional transformation 

{translation, scale, rotation} to a more general motion 

models. The tracker departs from the extended model of 

Incremental Visual Tracking (IVT) adopting its appearance 

model including the incremental Principal Component 

Analysis (PCA) of the target intensity values. The tracker 

samples all possible transformations of the target from the 

affine group using a Gaussian model. 

 

Locally Orderless Tracking (LOT) 
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 The tracker offers adaptation in object appearance by 

matching with flexible rigidity. Given the initial bounding 

box, the target is segmented into super pixels. Each super 

pixel is represented by the center of mass and average HSV-

values. The state of the target is sampled using PF with a 

Gaussian weight around the previous position. Each particle 

corresponds to a candidate window for which the super 

pixels are formed. The likelihood of each window is derived 

from a parameterized Earth Mover’s Distance between the 

super pixels of the candidate and the target windows where 

the parameters determine the flexibility of the target. The 

new target state is the likelihood-weighted sum over all 

windows. Updating is done through the parameters of the 

noise model. 

 
Table 1 Recent Tracking Methods with its Motion Model 

Tracker Year Target Region Motion Model 

MIT 2012 Multiple boxes Uniform 

LOT 2012 Patch super pixels Gaussian 

LIT 2011 Multiple boxes Gaussian 

TAG 2011 Bounding Box Gaussian 

TLD 2010 Multiple boxes N from detector + 1 

from optical flow 

FBT 2010 Bounding Box Uniform 

 

 

IV. EXPERIMENTAL RESULTS 

The total number of frames in ALOV++ is 89364. It 
consists of 14 challenge subsets, totally 315 sequences and 
focuses on systematically and experimentally evaluating 
trackers’ robustness in a large variety of situations including 
light changes, low contrast, occlusion, etc. The data in 
ALOV++ are interpreted by a rectangular bounding box 
along the main axes of flexible size on every fifth frame.  

In rare cases, when motion is rapid, the annotation is 
more frequent. The ground truth has been acquired for the 
intermediate frames by linear interpolation. The ground truth  
bounding box in the first frame is specified to the trackers. It 
is the only source of target-specific information available to 
the trackers. ALOV++ is made available in. 

Performance measures for evaluating the tracking uses 
ground truth, considering the target presence and position. 
This requires the considerable amount of annotation, with the 
consequence that the amount of videos with ground truth is 
often limited up to this point. 

Here we provide the most common measures used in 
single target tracking. 

The three basic types of errors in tracking are: 

• Deviation: The tracker’s location deviated from the 
ground truth. 

• False positive: The tracker identifies a target which is 
not a target. 

• False negative: The tracker misses to identify and 
locatethe target. 

A reasonable choice for overlap of target and object isthe 
PASCAL criterion: 

 

|      |

|      |
                                       -------------- (2) 

where  denotes the tracked bounding box in frame 

i, and   denotes the ground truth bounding box in frame 

i.When Eq. 2 is met, the track is considered to match with 

the ground truth. In many works this PASCAL overlap 

measure is adopted without threshold. We prefer to use it 

with threshold as it makes it easier to evaluate large sets of 

sequences. 

For ntp, nfp, nfn denoting the number of true 

positives, false positives and false negatives in a video, 

precision=ntp/(ntp+ nfp), and recall = ntp/(ntp+ nfn). The F-

scorecombines the two, see for example 

     
                 

                 
 

 

 

 

 

 

 

The F-score is similar to the Correct Track Ratio in . Fig 
2 shows the results obtained by the EKF tracker in ALOV 
dataset. Table 2 shows the F-score obtained by different 
trackers 

Table 2 Overall Performance of the trackers 

Trackers/ 

Video 

LO

T 

TA

G 

L1

T 

FB

T 

MI

T 

TL

D 

EK

F 

50 1.00 0.88 1.00 1.00 0.99 0.97 1.00 

100 0.78 0.49 0.87 1.00 0.90 0.95 1.00 

150 0.51 0.25 0.61 0.77 0.59 0.72 0.80 

200 0.32 0.16 0.36 0.49 0.35 0.43 0.50 

250 0.16 0.08 0.18 0.23 0.19 0.25 0.25 

300 0.04 0.03 0.05 0.06 0.06 0.08 0.06 

 

From Table 2, it is observed that FBT tracker has the best 
F- score when compared to other recent trackers. But the 
EKF tracker has better F-score than FBT tracker. The 
average F-score obtained by EKF tracker is 0.01 greater than 
FBT tracker. It is shown pictorially in Fig. 3. 

Some authors use Deviation, the error of the center 

location expressed in pixels as a tracking accuracy measure: 
 

            
∑  (      )    

|  |
 

 

 

Fig. 2 Results of a single frame obtained by EKF tracker 

for (a) Light and (b) Occlusion video 
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Where d(T
i
,GT

i
) is the normalized distance 

between the centroids of bounding boxes Ti and GTi. Table 

3 lists the deviation measure for different trackers. 
Table 3 Deviation measure comparison of EKF with recent trackers 

Trackers/ 

Video 
LOT TAG L1T FBT MIT TLD 

EK

F 

50 0.95 0.94 0.96 0.96 0.95 0.96 0.96 

100 0.92 0.91 0.93 0.94 0.92 0.94 0.94 

150 0.91 0.83 0.91 0.91 0.89 0.92 0.93 

200 0.83 0.76 0.88 0.89 0.84 0.89 0.89 

250 0.74 0.67 0.81 0.82 0.78 0.82 0.81 

300 0.57 0.52 0.60 0.62 0.61 0.65 0.66 

Average 0.82 0.77 0.85 0.86 0.83 0.86 0.87 

 

The average Deviation measure is 0.87 for EKF tracker 
which is better than FBT and TLD. The best overall 
performances are by EKF, FBT, TLD, L1T, MIT, LOT and 
TAG in that order. 

V. CONCLUSION 

Object tracking in video is major problem under various 

circumstances. In this paper, tracker is designed using 

extended kalman filter. The EKF tracker is tested using 

ALOV dataset which is a large dataset consisting of videos 

with different conditions. This performance of the EKF is 

compared with recent trackers. Survival curves are showed 

to compare the F-score obtained by all trackers. Also, 

deviation measure is used for comparison. The experimental 

results proved that EKF tracker is better than other recent 

trackers by 0.01 F- score. 
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