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Abstract

The framework of Support Vector Machines is becom-
ing extremelypopular in the �eld of statistical pattern
classi�cation. Kalman �lters have been used for long
for doing tracking. In this paper we have investigated
a technique which couples Kalman �lter closely with
the SVM. The problem of object tracking can be seen
as a pattern recognition problemin which we are look-
ing for a pattern (object to be tracked) in an image.
However, becauseof the dynamics, this pattern might
experience some changesover time. In order to keep
track of the position of the pattern and to make out
the desired pattern from the background (which may
contain similar patterns), we must have some strong
continuous time model. In this paper we have pro-
posed an algorithm which combines the Markov prop-
erty of the Kalman �lter with the strong classi�cation
capability of SVM. The whole system has been tested
on real life problemsand we havediscovered that with
this frameworkwecan track a particular object evenin
a frame which contains identical objects. The results
are compared to that of obtained by color blob track-
ing which showthe strengthof the approach. This wil l
be extremely useful in the environments in which we
want to track a particular person whenmore then one
person is present.

1. In tro duction

The purposeof this paper is to present an algorithm
that providesan adaptive learning environment for the
Support Vector Machinesso that they can be usedfor
robust feature tracking in video sequences.The SV
algorithm is a nonlinear generalization of the Gener-
alized Portrait algorithm developed in Russia in the
sixties [10]. The Support Vector Machine is a novel
type of learning machine basedon statistical learning
theory.

The standard training algorithms for SVMs are de-
veloped with the problem of pattern recognition in
mind. As such, a databaseis usedto train the SVMs

and once trained, a hyperplane seperating the two
classesis obtained. This has an inherent assumption
that we don't expect any changesin the classeswith
time. Thus this cannot be usedin its original form in
the applications like tracking. When we are tracking a
human body, the shape is always subject to changes,
the position is bound to change, and as the person
movesin a 3-D environment, the lighting changes.All
these need to be taken care of when we are tracking.
Someof the recent work on tracking [1, 7, 8, 13, 14]
provides answer to these by combining shape, color
and motion to someextent. In present form, our algo-
rithm provides a solution to someof these problems.
The solution lies in using the color, shape and motion
together asfeature vectorsand making the hyperplane
and the support vectors follow the changes in these
features.

The motivation for our algorithm comesform LMS
algorithm which is usedextensively in signal process-
ing and wherethe systemkeepstrack of the changesin
the data by constantly updating the �lter coe�cien ts.
In our algorithm we use the color and the object po-
sition as the feature vectors. The SVM is trained for
these feature vectors. A Kalman �lter [12] is used to
keep track of the dynamics of the object. The sup-
port vectors are updated using the Kalman �lter and
then classi�cation is done using the new support vec-
tors (the hyperplane obtained from them). Once the
classi�cation is done, a new set of support vectors is
obtained and the processis repeated.

2. Supp ort Vector Mac hines

This section brie
y describes the SVM (support vec-
tor machine) and gives the motivation behind using
them. The detailed analysis of SVMs can be found in
many papers such as [3]. It has beenproved [11] that
while doing binary classi�cation, there existsan upper
bound (Eq 1) on the expected risk which is indepen-
dent of the probabilistic distribution of the data and
the classes
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Where Remp is the empirical risk as given by Eq
2 and R(� ) gives the actual risk. 'h' is known as
the VC-dimension. VC dimension for a set of func-
tions f (� ) is de�ned as the maximum no. of training
points that can be shattered by f (� ). P(x; d) is the
unknown probabilit y distribution from which data is
drawn. f (x; � ) is a mapping from x ! d.

Westart with a simplecaseof two linearly separable
classes. Let us assumethat there is a data set D =
(x i ; di )

l
i =1 of labeled examples, where di 2 f� 1; 1g

and x i 2 Rn . We want to obtain the linear classi�er
that can separatethe data basedon the classi�cation
di and at the sametime minimize the empirical risk.
This is known to be the hyperplanewhich providesthe
maximum margin. This can be formulated as follows:

x i � w + b � +1 f or di = +1 (4)

x i � w + b � � 1 f or di = � 1 (5)

where w is the normal to the hyperplane, jbj=jjw jj
is the perpendicular distance from the hyperplane to
the origin, and jjw jj is the Euclidean norm of w. The
solution to this problem is expected to have the form
as shown in Fig 1. Let d+ ,d� be the shortest distance
of points from the hyperplane belonging to di�eren t
classes,then d+ + d� de�nes the \margin" for the
hyperplane. It can be seenthat the solution of these
two equations gives the margin as 2=jjw jj . Thus the
problem reducesto �nding the hyperplane with max-
imum margin by minimizing jjw jj2. The points for
which the equality holds in these two equations are
known as support vectors and it can be seenthat it
is the movement of these points which controls the
hyperplane.

The Lagrangian formulation of this problem goes
as

L p � jjw jj2 �
lX

i =1

� i di (x i � w + b) +
lX

i =1

� i (6)

Where � i , i = 1,...,l are the Lagrange multipliers,
one for each inequality constraint in Eq 4,5. This L p

is then minimized with respect to w,b and simultane-
ously requires that the derivativesof L p with respect
to all � i vanish. For the dual of this problem it turns
out that we want to maximize,
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under the constraints (obtained from the gradient
of L P )
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In the solution those points for which � i > 0 are
called \supp ort vectors". All the other training points
have � i =0. Support vectors are the most critical
elements of the training set. They lie closest to the
decisionboundary and if a new hyperplane is sought,
using just theseset of points the sameresult would be
obtained.

Now, how do we generalizethis to the casewhen
we can't obtain a linear hyperplane i.e. in casewhen
the decision function is not a linear function of the
data. In the training algorithm above we notice that
the data appears just in the form of dot products,
x i � x j . Now, if we �rst map the data to somehigher
dimensional spaceH , using mapping �:

� : R d ! H (10)

Then in this casetraining the SVM would just de-
pendon the dot product of the vectorsin H , which im-
plies computing �( x i ) � �( x j ). This may appear to be
computationally expensive, but if there exists a \k er-
nel function" K, such that K (x i ; x j ) = �( x i ) � �( x j ),
we would needonly to useK in our training algorithm
without ever explicitly knowing what � is. For some
Kernel function to be a dot product in some space,
it should satisfy the Mercer's condition [11]. Someof
the kernel functions known to satisfy this condition are
Polynomial classi�er, GaussianRadial Basis Function
Classi�er and Sigmoidal neural network.

3. Up dating Supp ort Vectors

In the previoussectionwe have seenthat classi�cation
problem can be reducedto the following

f (x) = sgn((w � x) + b) (11)
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Figure 1: Linear hyperplane for linearl y seperab le
case . The suppor t vector s are cir cled.

Where w is normal to the hyperplane and jbj=jjw jj
is the distance of the hyperplane from the origin.This
equation is the direct result of the Eq 4,5 given in the
previous section. Supposesomevector x is translated
by v to give x0. Then this equation changesto

f (x0) = sgn((w � (x + v)) + b) � sgn((w � x) + b0)
(12)

where b0 = b+ w � v . In a particular caseif only the
vectorscorresponding to oneclass(say +v eclass)have
moved then

d+ =
1 � b� w � v

jjw jj
(13)

d� =
� 1 � b
jjw jj

(14)

In this case, to maintain the maximum margin, the
hyperplane must move keeping the same normal w,
by the distance w �v

2�jj w jj . This is demonstrated for the
2-dimensionalcasein Fig 1,2.

In our casewe know that the pixels corresponding
to the object have moved. Therefore we needto move
the hyperplane so as to maintain the maximum mar-
gin. However, we don't know the exact mapping to
the higher dimensional spacein which the hyperplane
lies (Classi�cation in that case is done using a ker-
nel function). To achieve this we actually move the
support vectors and then the hyperplane is obtained
again. Since the no. of support vectors is very low,
the computation cost is negligible.

To test this concept, we made use of the existing
SVM tools. Westarted by creating a (8x6) pixel image
in which a set of four pixel is marked as the object of
interest (which is to be tracked).
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Figure 2: Shift in linear hyperplane as the points
belonging to the positive classi�cation drifts. Dot­
ted line sho ws the hyperplane before the shift.
Suppor t Vector s are cir cled.

Figure 3: Original Image in whic h the four white
pix els are the one that belongs to the object of
interest. The pix els encir cled are the suppor t vec­
tor s.

Now we gave a predetermined motion of three unit
to the pixels of the object and the what we observe
is that the support vectors obtained in the new case
have actually experiencedthe samemotion. Fig 3 is
the original image and Fig 4 is the image in which
object has drifted by three units.

Thus it supports our basic idea that we can keep
track of the blob by keepingtrack of the support vec-
tors and at each time we just need to estimate the
position of few support vectors instead of all the ob-
ject points.

4. Adaptiv e Learning Algorithm

Once we know how SVM can be trained, how do we
use them for the purpose of tracking? We start by



Figure 4: Hyperplane has shifted as the object has
drifted to the left by three units. Suppor t Vector s
are cir cled.

analyzing the characteristics of the problem. For ex-
ample we are interested in tracking the human arm
robustly, which can be represented as a blob. The
main characteristics that we are going to exploit are
the color and shape of the blob. We know that skin
has a color which can be used to distinguish it from
the background. However, some objects in the im-
age may have the same color. A standard approach
to achieve this [7],[1] is to threshold the image using
skin color as foreground and everything elseas back-
ground. But this technique doesn't give good segmen-
tation. It hasbeenfound that either position or shape
is not a strong enough cue to segment and track an
object. Combination of thesetwo cuesis oneapproach
towards providing a robust tracking system.

The Algorithm that we are proposing can be sum-
marized in the following steps.

4.1. Step 1: Initialization and Training

The �rst step in the processis to train the SVM. We
start with de�ning a vector

x i = f x i ; yi ; r i ; gi ; bi g; x 2 R 5 (15)

where x i ; yi are the coordinates of the pixel and
r i ; gi ; bi givesthe color of the pixel.

Vector di is taken to be the decision statistics for
this data. For training the SVM we need the classi-
�ed data and for this we need to have some sort of
initialization algorithm which can separate the data
into the set of pixels belonging to the object of inter-
est and the onesbelonging to the background. Right
now this is achieved manually. This data is used to
train the SVM using an appropriate kernel function(
The one which can best capture the properties of the
data set. This depends on the shape and other prop-
erties of the data). For capturing the dynamics of the
object, we assumea constant velocity model Kalman

�lter. Let pk denote the state of the �lter (which cor-
responds to the blobs position and velocity) and zk is
the observation. Then we can initialize our �lter as

pk+1 = Ak pk + wk (16)

zk = pk + vk (17)

with
p(w) � N (0; Q); p(v) � N (0; R) (18)

Where Ak is a constant velocity model. vk ; wk repre-
sents the state noise and measurement noise respec-
tiv ely, which are assumedto be gaussian.This model
is used to keep track of the position of the blob, pre-
dict the new position in the next frame and also to
update the support vectors for classi�cation.

4.2. Step 2: Estimation of Velocit y

The blob is obtained from the classi�ed data and the
center of the blob gives its position. This position
vector is the input to the Kalman Filter. Given the
state of the systemat time k, we can predict the next
state as

p̂k+1 = Ak p̂k (19)

P �
k+1 = Ak Pk AT

k + Qk (20)

Where Eq 20 is the update equation for the error co-
variance matrix. The predicted state gives the esti-
mated position of the blob in the next frame.

4.3. Step 3: Up date the Supp ort Vectors

The Support vectors are updated using the predicted
position of the blob given by Kalman �lter. The dif-
ference between the predicted position of the blob
and the measuredposition of the blob in the previ-
ous frame gives the estimated motion that is used to
update the support vectors. We assumethat the pos-
itiv e support vectors are going to experiencethis mo-
tion and thus are updated accordingly. As was men-
tioned in the previous section, the support vectorsare
the only points which determine the hyperplane (e.g.
in caseof non linear hyperplane, this turns out to be
solving the kernel function usingnewsupport vectors).
Using theseSVs we obtain a new hyperplane which is
usedfor classi�cation in the next frame.

4.4. Step 4: Ob ject Classi�cation

Once the new image is obtained, pixels are classi�ed
as the ones belonging to the object of interest and



the onesbelonging to the background by solving the
following equation.

f (x) = sgn

 
lX

i =1

di � i � (K (x � si )) + b

!

(21)

where si are the support vectors obtained in the
previous step and K is the kernel function that is be-
ing used. � i are the lagrangian multipliers that are
obtained as a result of training the SVM. The new
object is going to be close(in the R5 space)to the one
that was predicted. However, it may not be exactly
the same as there might have been slight variations
in the lighting conditions and due to errors in the dy-
namic estimation model.

Initialization of SVM 
and Kalman Filter

Use new Classification
       to train SVM

Object Classification
using New Hyperplane 

        Hyperplane
        Obtain New

       Predict New
     Position of blob

Figure 5: Bloc k diagram Showing the Adaptive
Learning Algorithm

4.5. Step 5: Obtain the Filtered Supp ort
Vectors

To capture the changesin the lighting condition and
the unexpected changes in the position of the blob,
a new set of support vectors is obtained. That is we
feed the classi�ed data to our training algorithm and
�lter any errors that might have beenthere in our pre-
diction algorithm . However to obtain the new set of

support vectors, we need only consider those points
which lie close to the hyperplane. Thus saving com-
putation without compromising the robustness.

This step is extremely important becauseit ensures
handling any gradual changein the lighting condition
and any error in the motion estimation. e.g As the
hand moves, becauseof the di�eren t lighting condi-
tions, the skin may experienceslight changesin color.
Thus, this is taken care of by retraining the SVMs.

Wealsoneedto update the Kalman �lter equations.
i.e. solve

K k = P �
k (P �

k + Rk )� 1 (22)

Pk = (I � K k )P �
k (23)

To update the Kalman �lter gain and the error covari-
ancematrix. We also needto update the states using
the measurement.

p̂k = p̂ �
k + K (zk � p̂ �

k ) (24)

Once the support vectors are obtained we go back
to step 2. This algorithm is demonstrated in the

o wchart given in Fig 9.

5. Results

The results obtained from the experiments demon-
strate the abilities of this tracking approach. We
present three experiments, �rst two of which are on
synthetically generateddata using real imagesand the
third is on a real video sequence.These experiments
weredoneusing linear kernel function for SVM which
handlesthe translation of objects on the image plane.

5.1. Exp erimen ts on Synthetic Data

In this experiment both motion and changesin color
wereapplied to the objects. When motion is applied to
the object, we expect the location of the positive (ob-
ject's) support vectors to remain in the samephysical
location on the object. We also tested the algorithm
on the images, knowing the real motion beforehand.
The SVM of the original imagewasupdated using the
motion. When small variation of color are applied,
we expect the SV's to remain in the same location.
In the experiments, subsampledimagesof size 90x90
were used. The training of the SVM was done us-
ing the software SV M light [4]. The kernel funtion we
usedwas the simple dot product, which was su�cien t
in thesecases.

Fig 6 and 7 show the results for the hand and face
tracking respectively. Fig 6(a), 7(a) show the original
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Figure 6: Fig(a) sho ws the hand whic h is the object
to be tracked. 'x' are the suppor t vector s belong­
ing to hand after training. 'o' represents the ­ve
suppor t vector s. b1,b2 sho ws the hand, and the
classi�ed output, as it has moved to right by 18
pix els, c1,c2 sho ws the hand and the output after
the lateral movement by 18 pix els in both x and y.
d1,d2 sho ws the tracking results as the color of
the hand chang es.

hand and face positions and the locations of the sup-
port vectors, Fig 6(b1),7(b1) show the image after a
small (18 and 10 horizontal pixel) changein the hand
and faceposition, and the locations of the SV learned
in this location.Fig 6(c1),7(c1) show the image after
a bigger motion (18, 10 horizontal and 18, 10 verti-
cal pixels) and the SV learned in this location. It can
be seenthat, as expected, the positive SV maintained
their location on the object, and the negative SV's did
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Figure 7: Fig(a) sho ws the face whic h is the object
to be tracked. 'x' are the suppor t vector s belong­
ing to the face after training. 'o' represents the
­ve suppor t vector s. b1,b2 sho ws the face , and
the classi�ed output, as it has moved to right by
10 pix els, c1,c2 sho ws the face and the output af­
ter the lateral movement by 10 pix els in both x and
y. d1,d2 sho ws the tracking results as the color of
the face chang es.

not change as well, as long as the object did not ob-
scure them after the motion. Now, using the Kalman
�lter, the original SVs wereupdated and after obtain-
ing the new hyperplane, classi�cation was done. Fig
6(b2), 7(b2) and 6(c2), 7(c2) show the classi�cation
of the object pixels (white) vs. the background pixels
(black) after the movement. Not even a single pixel
wasmisclassi�ed in all of thesecases.Fig 6(d1), 7(d1)
demonstratethe variation of color on the classi�cation.



(a)

(b)

(c)

Figure 8: a) sho ws the image with two identical
hands of whic h left is to be tracked. b) sho ws the
image after the left hand has moved by 10 pix els
in x direction. c) is the output after classi�cation.

In both casesthe color of the object was changed by
10% in all of the color components. Classi�cation of
the hand and facewere performed using the SVM be-
fore the color change,and there were no misclassi�ed
pixels. This can be seenin Fig 6(d2), 7(d2).

The next experiment involved classi�cation and
tracking of an object in the presenceof a similar object
in the background. Using only a color basedclassi�er
is assuredto fail in this case.Fig 8(a) shows the image
of two identical hands placed in a di�eren t location
in the image, and the left hand is the one we want
to track. Using both location and color, a SVM is
trained. In Fig 8(b) a movement is applied to the left
hand ( 10pixels horizontaly), and the SVM is updated
accordingly using the Kalman �lter. Classi�cation of
the image is then performed using the updated SVM,
and the result is shown is Fig 8(c). Only 2 pixels were
misclassi�ed as background (out of 1800 total pixels
in the image )

(a1) (a2) (a3)

(b1) (b2) (b3)

(c1) (c2) (c3)

Figure 9: Fig (a1),(a2),(a3) sho ws three frames
from the video at diff erent times. Fig (b1),(b2),b(3)
sho ws the segmentation obtained by using SVM
based tracker for these frames. Fig (c1),(c2),(c3)
sho ws the segmentation obtained by using single
Gaussian color based tracker.

5.2. Exp erimen ts on Real Video

The �nal set of experiments are on the real video se-
quenceof hand motion. The sequenceis of length 250
frames and the result of tracking on some of these
is presented along with the comparisonto color based
blob tracking. The updating of SVM and the selection
of feature vectors is done in the way as mentioned in
the previous section. For the color basedblob track-
ing we haveusedsingleGaussiannormalized RGB [13]
model. For the purposeof learning the initial SVM we
usedbackground subtraction technique. The results 9
show that SVM based tracking (segmentation of the
object from the background) outperforms the latter.

It should be noted that the run time of the classi�-
cation was in the order miliseconds,and the training
of the SVM was in the order of parts of a second( 0.1
second).Keeping in mind that this wasnot attempted
to be made real time as of yet, theseinitial run times
show the feasibility of a real time tracking system.

6. Summary

In this paper we intro duceda new approach in feature
tracking. SVM hasbeenshown to be a strong tool for
binary classi�cation. The adaptive learning approach
of SVM can be very helpful for classi�cation of ob-
jects which are expectedto changeover time. We have



shown in the experiments that this adaptive learning
can be implementated for feature tracking, and thus
exploiting the bene�ts of the SVM classi�ers. The re-
sults show taht the translation motion of the objects
can be handled well by using linear kernel function for
SVM. Future work will explore using di�eren t kernel
functions to addressthe problem of rotation, scaling
and small shape changes. By keeping track of the
movement of the hyperplane, we can develop a frame-
work wherethis data is usedto recognizethe gestures.
Infact this can also be used in multimo dal framework
wherewe want to usedi�eren t modalities. The vector
x can have �elds corresponding to di�eren t modali-
ties and the output of all those modalities is used to
control the system.
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