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Abstract
This paper presents a novel tracking based motion segmen-
tation algorithm. The tracking is done by Œtting succes-
sively more elaborate models of optical •ow on the tracked
region and the segmentation is done by extracting the
regions of the image that are consistent with the computed
model of •ow. The method can track objects in image
sequences with moving background, taken by a hand-held
camera, tolerate up to 30 pixels interframe motion and
takes 0.3 seconds per frame pair of size 320 x 240 pixels
on a 500 Mhz Sun Blade 100 workstation.
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1. RelatedWork

A tracking algorithm measures and predicts the motion of
a moving object over time. Contours[8, 13] correspond-
ing to the silhouette of moving objects are commonly used
feature for tracking. The coherence of a moving region [5,
1] corresponding to the projection of a surface of the mov-
ing object is another good basis for tracking. Color[3, 9]
of a moving object is also frequently used in tracking.
Instead of tracking attributes belonging to the moving
object, an orthogonal tracking approach is to find the mov-
ing objects in a dynamic scene by performing image differ-
ence on the image frames with known background [15].In
all of the above approaches, an initial representation of the
to-be-tracked object or its background is given to the
tracker as input and the role of the tracker is to measure
and predict the motion of the moving object representation
over time.

Meyer and Bouthemy [11] tracked the motion of
regions computed by a motion segmentation algorithm
over time assuming a model for the motion and change of
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shape of the regions. They used Kalman filtering to merge
the prediction of the model with the actual measurements
from the motion segmentation algorithm. This model can
be best described as tracking based on motion segmenta-
tion whereas ours is best described as motion segmentation
based on tracking.

Burt [2] identified and tracked the object by succes-
sively computing optical flow on a region, fitting an affine
model on the computed flow, detecting outliers and warp-
ing the images. In a sense they fit two models on the opti-
cal flow data. One for the object and one for the back-
ground.

2. Algorithm

Our motion segmentation and tracking system automati-
cally segments and tracks a region corresponding to the
projection of a moving object given its input seed window.
For every successive pair of image frames, the tracking
stage fits successively more elaborate optical flow models
on the tracked seed window and the segmentation stage
detects the pixels whose changing intensity patterns are
consistent with the model of optical flow. This is done by
aligning all previous frames to the last one, computing a
sum of squared differences statistic and thresholding.
Aligning all previous frames is a computation intensive
task, so in order to speed up the computation, we propose a
statistic that encodes the history of the intensity pattern.
We also propose a method to compute the per pixel thresh-
old that takes into account the local image variation, the
anticipated camera noise and the desired goodness of fit.

2.1. Input to system

The main input to the system is a window for the first
image frame of the image sequence representing a region
within the to-be-tracked object and its maximum inter-
frame motion in pixels. The input window is the projection
of a surface within the tracked object and hence its bound-
ary must be inside the moving object. In our experiments,
we use seed window of size 10´ 10 pixels. A small seed



window is preferred because the flow in a small window
can be easily considered uniform. It also allows us to
search a bigger area for possible matches and still run the
whole algorithm in about 0.3 seconds.

2.2. Optical flow computation

We compute the optical flow of the region we track in two
stages. First, we compute integer/subpixel optical flow on
the tracked seed window using least sum of squared differ-
ences. Second, we perform affine flow computation on the
motion segmented region derived from integer/subpixel
flow.

2.2.1. Integeroptical flow computation

For every successive pair of image frames (ImN- 1, ImN),
we compute integer optical flow, u and v, for the tracked
window using Least Sum of Squared Differences (LSSD).

LSSD(u, v) =
(u,v)
min

xmin..xmax

ymin..ymax

S (ImN- 1(y + v, x + u) - ImN(y, x))2

using straight search. Since the seed region is small, we
can search a large area like - 30. . 30in each dimension.

2.2.2. Subpixeloptical flow computation

We compute subpixel optical flow for the tracked window
by first aligning ImN- 1 with the optical flow obtained from
the integer optical flow step. We perform LSSD between
ImN and the shifted ImN- 1. We apply subpixel shifts
(adjU, adjV) in 9 directions, namely NW, N, NE, W, E,
SW, S, SE, (0, 0) and compute their SSDs. For example, in
the NW direction,adjU = - subpixel, adjV = - subpixel.
After that, we shift ImN- 1 by the subpixel flow that yields
the minimal SSD.The above procedure is repeated for
successively smaller amount of subpixel shifts. We found
empirically the best sequence of values for subpixel is
0. 75, 0. 752, 0. 753 . . .. Although shifting by 0.5, 0. 52, . . .
seems more reasonable, in our experiments we get better
results by using the .75, . 752 . . . sequence of steps. Many
other algorithms can do at least as good a job but this one
gives us a bound on subpixel accuracy.

2.2.3. Affine flow computation

In order to account for rotational and perspective motion,
we compute affine optical flow. Under the affine flow
model, the optical flow (u, v) at each point (x,y) is a func-
tion of six affine motion parameters (u0 , ux, uy, v0, vx,
vy):
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We use the output of the constant flow model to do a
preliminary segmentation (see next section) to decide on
which region to apply the affine flow computation. We
grow the original seed window a constant number of times
(4 in our experiments) and AND it with the segmented
region.

We compute the six affine motion parameters by
minimizing the SSDs for all pixels belonging to the region.
For any successive pair of image framesimN- 1, imN ,

SSD=
all x,y
S (N- 1)I track(x, y) ×[Im(u,v)

N- 1(x, y) - ImN(x, y)]2

where (N- 1)I track represents the region on which we com-
pute affine optical flow, Im(u,v)

N- 1 is ImN- 1 shifted by (u, v).
Using a differential approach, as in [7], ImN- 1 can be
expressed in terms of ImN and itsx, y derivatives

Im(u,v)
N- 1(x, y) » ImN- 1(x, y) + ImN- 1,x(x, y) ×u +

ImN- 1,y(x, y) ×v

Using this expression for ImN- 1 and Eq. (2.1), the SSD can
be expressed as follows:

(2.2)
SSD=

all x,y
S (N- 1)I track[DImN(x, y)

+ ImN- 1,x(x, y)u0 + ImN- 1,x(x, y)xux + ImN- 1,x(x, y)yuy

+ ImN- 1,y(x, y)v0 + ImN- 1,y(x, y)xvx + ImN- 1,y(x, y)yvy]
2

and

DImN(x, y) = ImN- 1[ x, y] - ImN [ x, y]

We apply standard least squares to solve for the six affine
parameters by deriving and solving the normal equation
from Eq. (2.2).

One of the hardest problems related to the differen-
tial techniques is taking derivatives both spatial and tempo-
ral. We did not have many difficulties in this case because
we have already shifted the images so the residual flow is
small. Then we apply the method to the segmented areas of
the image which is consistent with small flow and do least
squares on a rather large area.

2.3. Segmentationof the tracked object

We segment out the tracked object by thresholding the sum
of the squared differences between the last image and all
the images aligned with the last image. Regions corre-
sponding to the projection of the tracked object should
have small intensity difference between the aligned images
and the last image. Therefore, we classify those regions
with small intensity difference as belonging to the tracked
object. In the next section we show how to do it eff i ciently
and how to set the thresholds.



2.3.1. Statisticsof the tracked object

Consider the following summation,

(2.3)
N- 1

i=1
S ((N) Imi - ImN)2

where Imi is theith image, fori = 1. .N and (N) Imi is the
ith image aligned with theNth image using the optical
flow information from the tracking. The summation in Eq.
(2.3) is the pixelwise SSD between the last image ImN and
the previous images(N) Imi properly aligned with the last
image. All the pixels that are tracked correctly (under rea-
sonable assumptions) should have the same intensity as in
the last image so all their SSDs should be small. The pixels
in areas that are not tracked correctly should have signifi-
cantly higher SSD. So it is a simple matter of thresholding
to segment out the region that is tracked correctly. But
there are two problems to solve: how to compute the statis-
tics and how to select the threshold.

2.3.2. Computingthe statistics

Computing Eq. (2.3) directly is a time consuming task
because we have to keep all the image frames and align all
of them using the computed optical flows. Therefore, we
would need a more efficient way of computing Eq. (2.3).
Expanding it

(2.4)
N- 1

i=1
S ((N) Imi - ImN)2 =

N- 1

i=1
S (N) Imi

2 - 2(
N- 1

i=1
S (N) Imi ) ImN + Im2

N(N - 1)

Dividing equation (2.4) byN - 1 giv es:

(2.5)

N- 1

i=1
S ((N) Imi - ImN)2

N - 1
=

(N) m̂2 - 2 (N) m̂1 ImN + Im2
N = tstat

where m̂1 and m̂2 are the first and second moments of the
images and the left superscript(N) means aligned with the
last image. In this way, we only need to store and align two
statistics (̂m1, m̂2) using the computed optical flow for
ev ery tracking step. However, Eq. (2.5) still has a major
shortcoming, namely, if we compute optical flow incor-
rectly in any tracking step, the mistake would be incorpo-
rated into the tracked region and haunt us forever. We
address this problem by using a recursive expression that
lets the influence of the past images decay exponentially
into our tracking statistics. Specifically, for each successive
pair of image frames ImN- 1, ImN , we compute the first
moment ((N) m̂1 ) of the tracked object as a weighted sum of

the translated first moment(N) m̂t
1 and ImN .

(2.6)(N) m̂1 = a ×(N) m̂t
1 + (1 - a ) ×ImN

and

(2.7)(N) m̂t
1 = shift (N- 1)m̂1 by (u, v)

where (u, v) is the optical flow computed from the tracked
moving region using theN - 1 and N image frames. The
base case for(1)m̂t

1 is:
(1)m̂t

1 = Im1

Parametera is a decimal number between 0 and 1.0 that
represents the relative weighting between the projected tra-
jectory of the moving object based on history and the
information from the current frame. A high value ofa (for
example > 0.8) places more emphasis on the projected tra-
jectory based on history whereas a low value ofa suggests
an almost memoryless motion trajectory model. In other
words, we can balance historical and current information
by varyinga . In our experimentsa = 0. 8.

Similarly, we store the second moment ((N) m2) of the
tracked object as a weighted sum of the squared of(N) m̂t

2
and ImN .

(2.8)(N) m̂2 = a ×(N) m̂t
2 ×(N) m̂t

2 + (1 - a ) ×ImN ×ImN

and

(2.9)(N) m̂t
2 = shift (N- 1)m̂2 by (u, v)

The base case for(1)m̂t
2 is:
(1)m̂t

2 = Im1 ×Im1

The shift operation on the statistics is done using
warping with quadratic interpolation.

2.3.3. Computationof threshold

We use pixelwise thresholding to identify pixels belonging
to the tracked object. The pixels whose tracking statistics
in Eq. (2.5) are less than their threshold values, are classi-
fied as belonging to the tracked object. Due to noise, even
pixels that belong to the tracked object, might have the
statistics given by Eq. (2.5) significantly different from
zero. The noise can be attributed to two sources: Noise due
to incorrect tracking which we call motion noise and noise
due to the camera that we call camera noise. If the tracking
statistic for a pixel is significantly higher than the noise
then this pixel does not belong to the tracked object.

We compute the value of the threshold (tvalue) for the
track statistics in Eq. (2.5) as follows:

(2.10)tvalue = (s 2
c + s 2

f ) ×z



where s 2
c denotes the variance of the camera noise,s 2

f
gives the variance of the motion noise andz is a constant
parameter that models the ™significantly higherš. In all our
experiments, we setz = 3. 0. In simple terms, the quantity
tvalue gives us an idea of the variance of the intensity of the
aligned images. If the quantity from Eq. (2.5) is smaller
than its threshold value from Eq. (2.10) then we have good
reason to believe that the corresponding pixel belongs to
the tracked object. If it is higher then most likely does not.

2.3.4. Motionnoise

Motion noise models the noise resulting from incorrect
computation of optical flow (u and v). The error can be
due to insufficient search (for example, we searched up to
0. 752 pixels only) or due to insufficient modeling (for
example, underlying model is more complex than affine).

According to the optical flow equation:

ImN- 1,x ×Du + ImN- 1,y ×Dv + ImN- 1,t = 0

where ImN- 1,x, ImN- 1,y are thex, y derivative of imN- 1 and
ImN- 1,t = ImN- 1 - ImN . Hence, the variance of the inten-
sity difference becomes:

(2.11)Var(ImN- 1,t) = Var(ImN- 1,x ×Du + ImN- 1,y ×Dv)

= (ImN- 1,x
2 + ImN- 1,y

2) ×Var(uv)

whereVar(uv) is the variance of the optical flow. There-
fore,

s 2
f = (ImN- 1,x

2 + ImN- 1,y
2) ×Var(uv)

In Eq. (2.11) we assume that the errors inu and v
are independent, which is quite reasonable because this is
the error in the model and not the uncertainty in the optical
flow that is usually very unisotropic due to the aperture
problem.

2.3.5. Cameranoise

The camera noise models the white Gaussian noise gener-
ated by electronic circuit of a camera or by other means
not directly related to motion. We assumed random noise
only, which we calculated empirically to be of zero mean
and of variance equal to 1 for our 8 bit webcam quality
camera.

2.4. Classification of the tracking object

Intuitively, as the tracking algorithm runs for more frames,
the moving object being tracked should be kept aligned by
the optical flow computed in each successive pair of
frames. So, we classify those pixels whose tracking statis-
tics tstat (from Eq. (2.5)) are less than their corresponding

threshold valuestvalue (from Eq. (2.10)) as belonging to the
tracked object and vice versa.

(2.12)(N) I track =
ì
í
î

1 if tstat £ tvalue

0 otherwise

2.5. Postprocessing

We apply postprocessing to(N) I track to reduce the number
of incorrectly identified moving regions. Such false posi-
tives are usually very small, disconnected, have little or no
texture or even not moving. Any form of flow computation
is very problematic in such regions and we perform post-
processing to alleviate noise in these regions.

In the following three figures, we show the input
image frames, the tracked regions before and after this
postprocessing step.

Figure 2.1: Input image frames

Figure 2.2: Before postprocessing

Figure 2.3: After postprocessing.
The seed window is highlighted.

Postprocessing involves two major steps. First, we
compute pixels that are moving using image frame differ-
ence and store the result inDIm. Second, we extend the
conjunction (DIm AND (N) I track) by adding to it those pos-
itive pixels in (N) I track that are in the direct connected
neighborhood of the conjunction.



2.5.1. Findingthe moving regions

For each successive pair of image frames (lets say ImN- 1
and ImN), we compute the image difference as follows:

(2.13)ImDiff = ImN - ImN- 1

If there is no motion of any kind in successive frames, then
ImDiff should be bounded by a multiple of the camera
white noise. The mean of the noise distribution is 0.0 and
the variance equals tos 2

c . From the theory of hypothesis
testing in statistics [10], a sample from a normal distribu-
tion N(m,s 2) has a probability of 0.9987 belonging in the
rangem- 3s to m+ 3s .

DIm =
ì
í
î

1 if ImDiff < - 3s c or ImDiff > 3s c

0 otherwise

After that, we perform size filtering on DIm. We
keep only those blobs of connected regions inDIm of size
bigger than a thresholdTs. We set the sizeTs = 20 pixels
in our experiments.

2.5.2. Regiongrowing

DIm contains patches for all independently moving objects
in a pair of successive image frames. Since we are inter-
ested in tracking the motion of the moving object whose
projection contains the input track window, we need to
eliminate all moving patches unrelated to the tracked
object. We perform this motion filtering by a bitwise con-
junction betweenDIm and (N) I track and save the result as
(N)I filter .

(N) I filter = DIm and(N) I track

One drawback of image difference technique in the
detection of moving objects is that it can only capture
moving regions with large image frame difference. How-
ev er, a region can have a small ImDiff ev en if i t is the pro-
jection of a moving object due to the aperture problem[6]
or flat intensity. We address this shortcoming by extending
(N) I filter with (N) I track using region growing and use the
merged image(N) I merge as the output of our tracking sys-
tem.

if ( (N) I filter (x, y) º 1 or
(N) I filter (x, y) º 0 and (N) I track(xn, yn) º 1)

then(N) I merge(x, y) = 1

else(N) I merge(x, y) = 0

where (xn, yn) is any of the four direct neighbors (NW, N,
NE, W) of (x, y).

3. Experiments

In this section, we present the results of running the
tracking system on several real image sequences with mov-
ing background. In all experiments we show the image
sequence and(N) I merge where we highlight the original
tracking region.

Fr ames 3, 8, 14 of the truck sequence

Output from the tracker for frames 3, 8, 14

Optical flow computed for frames 3, 8, 14

Fr ames 17, 23, 29 of the truck sequence

Output from the tracker for frames 17, 23, 29

Optical flow computed for frames 17, 23, 29
Figure 3.1: The input image frames show a toy truck
with a hippopotamus on it in a moving background.
The toy truck is moving from the lower right end cor-
ner of the picture towards the upper left hand corner.
The sequence is taken by a hand-held camera that
attempts to follow the toy truck. We show the image
sequence at frame 3, 8, 14, 17, 23, 29 and the output
from our tracker for the corresponding frames.



We only show a few selected frames because the
sequences are long (25 to 100 frames). In general, the
result improves over time. As more frames are processed,
we have more history information at our disposal for
motion segmentation. We run our experiments on a Sun
Blade 100 workstation with 256 MB memory and a 500
Mhz UltraSPARC-IIe CPU that delivers 165 SPECint2000
integer and 163 SPECfp2000 floating point performance
[4]. We implement our tracking system using MediaMath
[14] The system is written with a combination of Media-
Math script, C and MediaLib library from Sun Microsys-
tems. MediaLib [12] is a library that takes advantage of the
Single Instruction Multiple Data (SIMD) instruction set of
the SPARC processor to accelerate multimedia applica-
tions. For input image frames of size 320´ 240, our track-
ing system takes 0.3 seconds per frame on Sun Blade 100.

Fr ame 1, 5, 9 of the translational train sequence

Output from the tracker for frames 1, 5, 9

Fr ame 11, 15, 19 of the train sequence

Output from the tracker for frames 11, 15, 19
Figure 3.2: The input image frames show a toy loco-
motive engine going from left to right. We show the
image sequence at frames 1, 5, 9, 11, 15, 19 and the
output from our tracker for the corresponding frames.
The outputs of the tracker shows false positives for
frame 1 in areas below the railway track due to the re-
flection of the train on the table. There are few er false
positives in later frames.

Fr ame 1, 5, 9 of the approaching train sequence

Output from the tracker for frames 1, 5, 9

Optical flow computed for frames 1, 5, 9

Fr ame 11, 15, 19 of the train sequence

Output from the tracker for frames 11, 15, 19

Optical flow computed for frames 11, 15, 19
Figure 3.3: The input image frames show a toy train
moving towards the camera. We show the image se-
quence at frame 1, 5, 9, 11, 15, 19 and the output
from our tracker for the corresponding frames.

Fr ames 1, 5, 9 of the zoo animals sequence



Output from the tracker for frames 1, 5, 9

Fr ames 11, 15, 19 of the zoo sequence

Output from the tracker for frames 11, 15, 19
Figure 3.4: The input image frames show toy ani-
mals. The animals are on a large piece of paper, the
camera is stationar y and the paper is moved by hand.
Some of the animals shake. We show the image
sequence at frames 1, 5, 9, 11, 15, 19 and the output
from our tracker at the corresponding frames. For
frame 1, all the zoo animals and the foreground are
segmented out by our tracker. In later frames, only
the head of the hippopotamus is segmented because
the tracking region is somewhere on its head.

4. Conclusion

We describe a new algorithm that performs motion seg-
mentation and tracking simultaneously given an input seed
window. We compute affine optical flow on the tracked
region and align all the previous image frames with the
current frame. Pixels belonging to the projection of the
tracked object have small sum of square differences
between the registered image frames and the current input
frame. Motion segmentation is achieved by pixelwise
thresholding on the registered image. Aligning all the
image frames with the current flow is computationally
expensive, so we propose statistics involving the first and
second moments of the registered images to speed up this
motion segmentation based on tracking process. We
showed the result of running our algorithm on real image
sequences with moving background. For image frames of
320 x 240 pixels, our tracker runs 3 frames per second on
an entry level 500 Mhz Sun Blade 100 workstation.
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