
bject tracking means tracing the 
progress of objects (or object l? features) as they move about in 
a visual scene. Object tracking, 

thus,‘involves processing spatial (space) 
as well as temporal (time) changes. 
This processing is usually done digital- 
ly on a general or a special purpose 
computer. 

Figure 1 shows the schematic of a 
generic object tracking system. As can 
be seen, visual input is usually achieved 
through digitized images obtained from 
a camera connected to a digital comput- 
er. This camera can be either stationary 
or moving depending on the applica- 
tion. Beyond image acquisition, the 
computer performs the necessary track- 
ing and any higher-level tasks using the 
tracking results. 

Applications of object tracking are 
numerous and they span a wide range 
of domains. For  example, object 
tracking may prove useful in missile 
guidance, vehicle tracking and aero- 
space applications. It is of paramount 
importance in autonomous vehicle 
navigation. 

Object tracking could easily assist in 
video data communication. For 
instance, it could allow low-bit-rate 
coding of video with complex back- 
grounds; or, in indexing video databas- 
es, it could be a preprocessing stage for 
an application such as face recognition. 

Other interesting applications of 
object tracking exist. The work of Fer- 
rie et al. (see Read more about it) 
attempts to track the progress of living 
cells and their interactions. This would 
assist scientists in deciphering experi- 
mental data about these cells and their 
life cycles. Also, the algorithm by 
Intille et al. tracks young children in 
order to implement an interactive, nar- 
rative play space called KidsRoom. 

All these applications pose signifi- 
cant challenges to any object-tracking 
algorithm. Some, such as real-time con- 
straints, seem obvious, whereas others 
are not. 

For example, in  order to track 
objects, certain features of those objects 
have to be selected. However, because 
of object (and possibly camera) motion, 
these features have to be identifiable 

under varying poses. Furthermore, 
these features need to be matched over 
different frames. This matching is not 
necessarily easy to do. 

The challenges of tracking include 
occlusion, which occurs when a tracked 
object is temporarily hidden by other 
objects. The following quote from the 
book, Machine Vision, by Jain, Kasturi 
and Schunck summarizes this difficulty 
succinctly: 

“One of the main difficulties with 
the use of multiple frames is the prob- 
lem of occlusion. When working with a 
large sequence of frames, it is possible 
that some objects may disappear totally 
or partially. Similarly, some new 
objects may appear in the frame 
sequence from some intermediate frame 
onward. In  addition, the changing 
geometry of objects due to motion and 
the changes in scene illumination over 
the frame sequence can cause signifi- 
cant changes in the feature point data 
that is to be matched over the frames.” 

Gen ev./ epppoqc)6ey 
Looking at the research literature, 

one finds a wealth of work dealing with 
the problem of object trackmg. Howev- 
er, in most studies, there is a recurrent 
use of one or more of the following 
main concepts: 

1 )  Correlation: the process of 
assessing relationships between sets of 
data; 

2) Edge information: high contrast 
information extracted from images; 

3 )  Color information: red, green and 
blue components of the color of an 
object (Color can also be characterized 
in other formats-hue, saturation and 
intensity, for example.); 

Fig. 1 Schematic of a generic object truck- 
ing system. The camera obtains visu- 
al images, and the computer tracks 
fhe seen object(s). The camera can 
also be mobile, in which case frack- 
ing would involve controlling a robot- 
ic manipulator to keep objects in the 
center of fhe visual field. 
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4) Spat i o - tempo ru 1 info r m u t i o n : 
information about objects from single 
(spatial) as well as multiple (temporal) 
framedimages; 

5) Kalman prediction: a special kind 
of filtering that allows for state estima- 
tion and that is often used in predicting 
object trajectories and speeds over 
frames; 

6) Hypothesis testing: a technique 
whereby certain hypotheses about 
tracked objects are made and then tested 
with “goodness” metrics. 

In addition, approaches to object 
tracking can be further characterized 
from a different perspective. In particu- 
lar, one can categorize object-tracking 
algorithms into different classes. This 
categorization not only assists in under- 
standing the principles of various 
object-tracking algorithms, but it also 
allows for sound comparisons among 
such algorithms. For example, some 
algorithms are model-based while oth- 
ers are not. We will describe three dif- 
ferent types. 

/%oLV/e4 e-bce 
Some 5w gorithms present in the liter- 

ature require a priori information to be 
available about the objects being 
tracked. Other algorithms do not require 
such information. The advantages or 
disadvantages to having or not having 
such prior knowledge really depend on 
the application domain. 

As an example, consider Rabiner’s 
and Jacquin’s work in tracking human 
faces and bodies. In this case, the 
object-tracking algorithm assumes prior 
knowledge about the objects to be 
tracked. In particular, Rabiner and 
Jacquin model faces and bodies using 
ellipses of various sizes. They then look 
for the best elliptical fit of the targets in 
each frame (see Fig. 2) .  

Initially, Rabiner and Jacquin per- 
formed motion based image segmenta- 
tion in which they remove background 
clutter. They then combine edge data 
with motion data to get a motion-and- 
edge image of the tracked face/body. 
An elliptical fit algorithm is applied on 
this image and the best fit is chosen 
based on various thresholds. 

Rabiner and Jacquin use knowledge 
about the ellipse’s size and position 
from prior frames to predict current 
properties. Thus, their algorithm uses 
adaptive modeling of the scene content. 
They then accept an ellipse based on 
two criteria. 

The first criterion involves passing a 

threshold on a fitness or goodness met- 
ric of the form: 

where dborder is the density of edge data 
on a candidate ellipse border; dmotion is 
the density of motion data inside the 
ellipse, and Prnotion is the percentage of 
motion data inside the ellipse (relative 
to some window centered on the 
ellipse). 

The second criterion restricts how far 
a candidate ellipse can fall compared to 
its position in previous frames. The 
authors report an average success rate of 

F = dborder -k drnotion -k Prnotion (1) 

Fig. 2 An illustration of the modeling 
technique used by Rabiner 
and Jacquin in which faces 
are modeled by ellipses. 

94% for tracking heads. But, that rate 
drops for scenes with complex back- 
grounds. 

Other approaches to object tracking 
assume no prior knowledge about the 
scenes being processed. Moscheni et al. 
present such an algorithm in which they 
first perform spatio-temporal segmenta- 
tion of image sequences. This is done 
by first removing camera motion 
through global motion estimation. The 
algorithm then iteratively merges and 
splits regions based on motion infonna- 
tion extracted from an affine motion 
model. Regions with similar motions 
are merged together, and scenes are 
finally described as sets of coherent 
moving entities. 

To better localize moving objects 
and track them, additional operations 
are performed. In particular, a Kalman 
filter is used to predict object locations. 
Also, the correspondences between fea- 
tures are found by hypothesis testing. In 
particular, hypotheses about the spatial 
and temporal information regarding 
tracked objects are checked indepen- 
dently. Depending on the various cases 
of spatial/temporal hypotheses being 

accepted, or not, feature correspon- 
dences are established. 

C9hey~r h o t i o n  
Another algorithm category for 

object tracking involves the use of cam- 
era motion. Rabiner and Jacquin’s algo- 
rithm (previously described) uses a 
static camera. In such algorithms, the 
tracking system traces the locations of 
moving objects in a stationary visual 
field. 

Figure 3 shows an example tracking 
result using a static camera. The figure 
shows the final image in a video 
sequence. It superimposes the moving 
object’s tracked position throughout the 
length of the sequence. As can be seen, 
the system is able to follow the object’s 
trajectory. 

But, if a moving camera is 
employed, then the goal is to always 
center the tracked object in the image. 
An example of tracking with a moving 
camera is shown in Fig. 4. Although the 
object moves through space, its relative 
position in the camera image is main- 
tained at roughly the same position. 

A similar approach is used by Pap- 
nikolopoulos et al. Their work shows 
how tracking can provide control sig- 
nals to robots as well as create model 
robot environments. The approach com- 
bines vision and control techniques in 
an interesting manner. 

Specifically, a cross-correlation tech- 
nique is used to determine displace- 
ments between subsequent frames (that 
is, optical flow). These displacements 
are inputted to a controller in order to 

4 

Fig. 3 An example tracking resulf 
with a stafionary camera. The 
image shows the final frame in 
a video sequence in which a 
book is tracked as if is moved 
about in the scene. The super- 
imposed points show the infer- 
im book positions. 
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move a robotic manipulator. The main 
goal of the system is to manipulate a 
robotic arm to keep a target within a 
specified neighborhood in the image 
plane. The controller could be a simple 
PI (proportional-integral) controller or a 
more sophisticated controller that uses a 
Kalman filter for state estimation. The 
main drawback of this approach is that 
optical flow computations may be too 
intensive. 

A moving camera can be used in 
navigation applications. This is because 
the vehicle’s inherent motion causes 
changes in captured images even if tar- 
gets are stationary. This situation could 
arise when an autonomous vehicle uses 
a stationary landmark to progress in its 
navigation task. If the targets to be 
tracked are mobile, then the tracking 
problem becomes even more complex. 

,,&fd,hf p$ h O h - / r < , h f .  
he ab’ ity to track no -ngid odies 

is a very important property of an algo- 
rithm, for non-rigid bodies are often 
encountered in real-life. For example, 
walking humans or playing children 
translate into non-rigid targets to be 
tracked. 

This is exactly the case in the Kid- 
sRoom system mentioned previously. In 
particular, the system attempts to track 
multiple, non-rigid objects. The system 
is real-time and model-based. That is, it 
uses contextual information, knowledge 
about the objects being tracked and their 
current relationships to one another. 

region is assumed to be known. 
Their algorithm basically performs 

background differencing and clustering 
to obtain blobs that may represent indi- 
vidual or close objects. It uses object 
size, color, velocity, current position 
and past position to match objects in 
previous frames to blobs in the current 
frame. Blobs are computed for each 
frame, and a local closed-world descrip- 
tion of each blob is provided. Thjs 
description would include, for example, 
two nearby objects that appear in the 
same blob. 

Thus, the closed-world assumption 
helps in solving the correspondence 
problem in the presence of non-rigid 
targets. The algorithm performs well for 
single objects and for multiple objects 
with distinctive color features. 

Some algorithms can only work with 
rigid objects. However, this again may 
be all that is needed for certain applica- 
tions. For example, in an industrial set- 
ting, where robots only manipulate 
manufactured parts, visual tracking may 
only have to deal with rigid bodies. If 
this is the case, then certain tech- 
niques-not well suited for non-rigid 
bodies-can be used. 

areas of objeit tracking as fbllows: 
0 feature selection, 
Q correspondence, 
* occlusion, 
0 real-time constraints and 

“No matter how good you think you are you 
don’t have the capability to predict who are 

O noise. 

the people who are going to bloom.” ?&+we <e/ec+on 

Mussolini’s youth army, etc. often 

-Mario R. 
Capecchi, 7 996 

, 

Prize for research 
on insertingldeleting . .  

orphanages, 

under ghast6 conditions. He became 
severely malnourished as a result. 
(His Mother had been 
incarcerated at the Dachau Intille 
concentration camp.) et al. argue 
that they can use contextual knowledge 
by using a closed-world assumption. 
They define a closed-world as a spe- 
cific region of space and time. Also, 
the specific context of what is in the 

. I . ,  . 
Object tracking often 

involves selecting cer- 
tain object features and 
trying to match them in 

successive frames. 
. This done in order 

to describe their 
motion in the image 
plane. The match- 
ing problem is a 

major hurdle in itself; 
but, the chosen fea- 

tures have to be found first 
before they can be matched. 

Thus, the appropriate selection of 
features is fairly important. Bad features 
would undergo significant changes from 
frame to frame due to object/camera 
motion. Thus, these would be extremely 
hard to localize. Now, it should be evi- 
dent that the features of interest are 
directly related to the changing regions 

in scenes. Thus, temporal, as well as 
spatial, variations are usually used to 
select features. 

We have already mentioned several 
approaches to feature selection. Both 
edge data and motion data are used by 
Rabiner and Jacquin to localize moving 
headstbodies. Color information is used 
almost exclusively in the KidsRoom 
system. In the work of Moscheni et al., 
spatial features are chosen to be affine 
invariant moments. 

&offeYpOhkh Ce 
Feature correspondence refers to 

matching certain features across multi- 
ple frames. It is similar to the problem 
of matching features in pairs of stereo 
images. In the example systems investi- 
gated here, correspondence is achieved 
by an explicit set of operations. 

For example, the goodness of fit 
function of equation (1) is used to 
accept a suitable ellipse for face/head 
tracking. Also, using closed-world 
assumptions the KidsRoom system 
greatly aids the correspondence process. 
Specifically, the assumptions allow for 
continued tracking of objects that get 
fused together into single blobs in the 
motion segmentation and background 
removal stages. 

OCC/QJ?Oh 
The occlusion problem arises natu- 

rally because of camera and/or object 
motion. Thus, this is a problem that can- 
not be completely avoided and must be 
dealt with in tracking systems. Many 
tracking algorithms are not robust with 
respect to occlusion, unless provisions 
for it are made in the algorithm design. 

For example, color based tracking is 
not inherently occlusion robust. Imagine 
a scenario where a tracked object is par- 
tially or fully occluded by another 
object of a similar color. Clearly, a 
color based tracking system would 
encounter difficulty in this scenario. 
One solution is to model the occlusion 
process and include this model in the 
object tracking algorithm design. 

l e q / - + i h  e cohp+/qin+Y 
Real-time operation is a major 

requirement in many object-tracking 
applications. In addition, many algo- 
rithms rely heavily on temporal correla- 
tion and smooth object motion (inertia). 
This is because these algorithms predict, 
in one way or the other, future object 
trajectories based on past behavior. The 
assumption of temporal correlation is 
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valid as long as near video frame rates 
are achieved. This combination of 
application-related need and algorithm- 
related dependence results in require- 
ments to run at acceptable frame rates. 

Having said that, it is not easy to 
achieve frame rates of, say, 30  
framedsec. The frame rates observed 
in the algorithms reviewed here range 
from three to seven framedsec in gen- 
eral. This suggests that object tracking 
is a really computationally intensive 
operation. It may, therefore, cost a sig- 
nificant amount of money to iniple- 
ment efficiently. 

/%/%e 
Noise surely plays a role in affecting 

the performance of an object-tracking 
algorithm. Yet, little work seems to 
have been done to quantify its effects. 

Siebert and Engelhardt have attempt- 
ed to do such an analysis on two repre- 
sentative tracking algorithms. They 
present an interesting analysis that pro- 
vides lower bounds on the performance 
of tracking algorithms relative to cam- 
era noise, quantization levels, object 
size, and contrast between objects and 
backgrounds. Despite using statisitical 
methods and makmg some assumptions 
about the scene (e.g., one object), their 
analysis shows how performance may 
be affected by issues such as noise. 

The two algorithms studied by 
Siebert and Engelhardt are a product 
correlator and an edge detector. These 
two algorithms are representative of 
generic classes of tracking algorithms. 
The authors use the following equation 
to relate mean object brightness, BT, to 
mean background brightness, Be: 

BT= Be i- kON (2) 
where k is a contrast factor and ON is the 
standard deviation of the noise. They 
then evaluate a quantity, OD, which is 
defined as the standard deviation of the 
tracking error. 

A threshold value of 0.25 is defined 
for this quantity to delimit the range of 
“good” performance. That is, situations 
in which this standard deviation is less 
than 0.25 are acceptable situations. In 
their work, Siebert and Engelhardt 
argue that the following parameter 
ranges allow for “good”” object track- 
ing performance: 

k 2 3  
(3)  

quantization level = 7 (or the charac- 
teristic camera noise parameter in bits). 

This basically means that the con- 
trast factor between object and back- 

object size 2 4 x 4 

Fig. 4 An example tracking result with a mobile camera. The superimposed 
points on the final frame show the interim object positions. The object 
is always centered in the image. 

ground should be greater than 3; that the 
object size should be bigger than 4 x 4 
pixels, and that the quantization level 
should be greater than 7 bits. 

At suboptimal object sizes or quanti- 
zation levels, it is argued that one can 
still achieve good performance with 
higher contrast. Also, the correlation 
algorithm is found to be better at small 
quantization levels. Whereas, the edge 
detector is better at small object sizes. 

jGm/ commenfp 
In general, there is a wide range of 

object tracking algorithms, with some 
being quite efficient and robust. How- 
ever, major hurdles still need to be 
jumped. For example, tracking multiple 
objects remains a major problem for 
many algorithms. Also, real-time opera- 
tion (with 30 framedsec rates) at rea- 
sonable costs has yet to be realized. 
Finally, more work on quantifying the 
limiting performance boundaries of 
more recent object tracking algorithms 
is needed. 
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