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Abstract shape of the gions. Thg used Kalmaniftering to mege

the prediction of the model with the actual measurements
from the motion sgmentation algorithm. This model can
be best described as tracking based on motigmaeta-
tion whereas ours is best described as motigmeatation
gased on tracking.

This paper presents avebtracking based motion gmen-
tation algorithm. The tracking is done by (Etting succes-
sively more elaborate models of opticalwmn the tracled
region and the ggmentation is done byxgacting the
regions of the image that are consistent with the compute
model of sow. The method can track objects in image Burt [2] identified and trackd the object by succes-
sequences with ming background, tan by a hand-held ~Sively computing optical flev on a regon, fitting an afine
camera, tolerate up to 30 pig interframe motion and Model on the computed fig detecting outliers and avp-
takes 0.3 seconds per frame pair of size 320 x 24@lpix INg the images. In a sense {Hé two models on the opti-

on a 500 Mhz Sun Blade 10®vkstation. cal flow data. One for the object and one for the back-
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2. Algorithm

1. RelatedWork

A tracking algorithm measures and predicts the motion o
a moving object @er time. Contours[8, 13] correspond-
ing to the silhouette of nwing objects are commonly used
feature for tracking. The coherence of aving region [5,

1] corresponding to the projection of a s of the me-

ing object is another good basis for tracking. Cdigy 9]

of a mwing object is also frequently used in tracking.
Instead of tracking attriies belonging to the naimg
object, an orthogonal tracking approach isitd the ma-

ing objects in a dynamic scene by performing imaderif
ence on the image frames with knmobackground [15].In

all of the abwe gproaches, an initial representation of the
to-be-tracled object or its background isvgn to the
tracker as input and the role of the trecks to measure
and predict the motion of the wiag object representation
over time.

TQur motion sgmentation and tracking system automati-
cally sgments and tracks agien corresponding to the
projection of a maeing object gven its input seed winde

For every successie mir of image frames, the tracking
stage its successely more elaborate optical flo models

on the trackd seed winde and the sgmentation stage
detects the pels whose changing intensity patterns are
consistent with the model of optical Wo This is done by
aligning all preious frames to the last one, computing a
sum of squared d#rences statistic and thresholding.
Aligning all previous frames is a computation interesi
task, so in order to speed up the computation, we propose a
statistic that encodes the history of the intensity pattern.
We dso propose a method to compute the peelgixresh-

old that tales into account the local imagariation, the
anticipated camera noise and the desired goodneis of f

Meyer and Bouthemy [11] traekl the motion of 2.1. Inputto system
regions computgd by a motion gmentgtion algorithm The main input to the system is a wimddor the frst
over time assuming a model for the motion and change Ofmage frame of the image sequence representingianre

The support of NSERC (App. No. OGP0046645) angWithin the to-be-trackd object and its maximum inter
CITO (Communications and Informatiore@hnology On-  frame motion in pigls. The input winda is the projection
tario) is gratefully ackneledged. of a surkce within the tracdd object and hence its bound-

ary must be inside the mimg object. In our eperiments,
we use seed wingdoof size 10" 10 pixels. A small seed




window is preferred because the floin a gnall window We wse the output of the constantilanodel to do a
can be easily considered uniform. It also wous to  preliminary sgmentation (see we section) to decide on
search a bigger area for possible matches and still run thehich region to apply the &fne flov computation. V&

whole algorithm in about @. seconds. grow the original seed windo a constant number of times
(4 in our eperiments) and AND it with the gmented

2.2. Opticalflow computation region.

We compute the optical flo of the region we track in tw We ompute the six éifne motion parameters by

stages. First, we compute ig&/subpiel optical flov on minimizing the SSDs for all peds belonging to the g&on.
the traclked seed winde using least sum of squaredfdif For any successie pair of image framesny. 4, imy,
ences. Second, we perfornfiaé flov computation on the

motion sgmented rgion derved from inteyer/subpiel SSD= a|§y(N Dl rack(X, Y) XIM{EI(x, y) - Imy(x, )12
flow.

where™-D| . represents the gion on which we com-
2.2.1. Integeroptical flow computation pute afine optical flav, Im{") is Imy_; shifted by @, V).
For every successie mair of image frames (I, Imy),  Using a diferential approach, as in [7], g can be

we compute intger optical flav, u andv, for the trackd  exXpressed in terms of lgand itsx, y derivatives

window using Least Sum of Squared fgifences (LSSD).
9 a (LSSD) M (x, y) » 1My 1% ) + M. 1,(%, Y) xu -+

— H 2
LSSD(u,V) = mlvr)l Xm§(m(lmN_ 1y + v, x+u) - Imy(y, X)) My 1y(X, y) XV

Ymin--Ymax

Using this epression for Iq.; and Eq. (2.1), the SSD can
using straight search. Since the seeglore is small, we  be epressed as folles:
can search a Ige area lik - 30. . 30in each dimension. (N-1)

SSD= S |track[D|mN(Xr y)

Il x,
2.2.2. Subpixebptical flow computation ey (2.2)

+ + +
We ompute subpiel optical flav for the trackd windav 1M1 Y)Uo + 1M1, Y)XUH M- 10X Y)YUy

by first aligning 1m\.,; with the optical flev obtained from 2
the intgyer optical flav step. We perform LSSD between FIM- 1y (X V)V + M. 1y (X V)XV + M. (X, Y)YV

Imy and the shifted Ip.;. We eply subpiel shifts and

(adju, adjV) in 9 drections, namely NWN, NE, W, E, _

SW, S, SE, (0, 0) and compute their SSDsrxample, in Dimy(x,y) = 1My [, y1 - IMn[x, ¥]

the NW direction,adjU = - subpixe]adjV = - subpixel We gply standard least squares to soler the six dine
After that, we shift Ing.; by the subpigl flow that yields  parameters by deting and solving the normal equation
the minimal SSD.The ab®e pocedure is repeated for from Eq. (2.2).

successiely smaller amount of subpek shifts. W found One of the hardest problems related to théedif-

empirically the Sbest sequence odlves forsubpixelis g technigues is taking destives both spatial and tempo-
0.75,0.75,0.75° . Although shifting by 05,0.8--- (5 e dd not hare mary difficulties in this case because
seems more reasonable, in oMp&iments we get better |y hae dready shifted the images so the residuanfls
results by using the75, .75 - - sequence of steps. Man  small. Then we apply the method to thgreented areas of
other algorithms can do at least as good a jdliths one  the image which is consistent with smaliiand do least
gives s a pund on subpied accuray. squares on a rather dgr area.

2.2.3. Affine flow computation 2.3. Segmentatiorof the tracked object

In order to account for_ rotational and perspectiotion,  \we gment out the tra@d object by thresholding the sum
we compute dine optical flov. Under the dine flow  of the squared diérences between the last image and all
model, the optical fle (u, v) at each point k,y) isaitinc-  the images aligned with the last image.gRes corre-

tion of six afine motion parametersiq , Ux, Uy, Vo, Vx»  sponding to the projection of the track object should

vy): have snall intensity diference between the aligned images
U U uU &l éul and the last image. Therefore, we classify thoggons
elu_ gt Uy a%e G+ é (2.1)  with small intensity dierence as belonging to the tradk
U eV Vyg @Yo e'oq object. In the net section we she how to do it efficiently

and hav to st the thresholds.



2.3.1. Statisticof the tracked object the translatediist moment™ 4} and Im.

Consider the follwing summation, Ny =a N +(1- a) xmy (2.6)
N-1 d
S im,- iy’ @3y o
i1 N b = shift VD & by (u, v) (2.7)

where Im is theith image, fori = 1. .N and®™) Im; is the
ith image aligned with thélth image using the optical X g _ )
flow information from the tracking. The summation in Eq. moving raglon) using theN - 1 and N image frames. The
(2.3) is the pielvise SSD between the last imagejand ~ Pase case P A} is:

the previous images™ Im; properly aligned with the last Db =1m,

image. All the piels that are tragd correctly (under rea-

sonable assumptions) shoulds@ahe same intensity as in Paametera is a decimal number between 0 an@ that

the last image so all their SSDs should be small. Thdgix represents the relaé weighting between the projected tra-

in areas that are not traak correctly should a sgnifi- jectory of the muing object based on history and the
cantly higher SSD. So it is a simple matter of thresholdingnformation from the current frame. A higlalue ofa (for

to s@ment out the gion that is trackd correctly But example > 0.8) places more emphasis on the projected tra-
there are tw problems to sole: hav to compute the statis- jectory based on history whereas & Malue ofa suggests

where (1, V) is the optical flev computed from the traed

tics and hw to slect the threshold. an almost memoryless motion trajectory model. In other
words, we can balance historical and current information

2.3.2. Computingthe statistics by varyinga. In our experimentsa = 0. 8.

Computing Eqg. (2.3) directly is a time consuming task Similarly, we gore the second moment'{m) of the

because we lva © keep all the image frames and align all tracked object as a weighted sum of the square®aff,
of them using the computed opticalvile. Therefore, we and Im.

would need a more f€ient way of computing Eq. (2.3). (N)ﬁ‘b -, x(’\')ﬁg x(N)ﬁZ+(1 2)ximy {my, (2.8)
- - N N .

Expanding it
N-1 N) ) and
Im; - | = 2.4 .
izsl( m; - Imy) (2.4) M) 4t = shift ™D 4y by (u, v) 2.9)
Ny 5 o Ny , The base case & 4} is:
i:Sl Im; -2(i:S1 Im;) Imy +Im% (N - 1) ® g4 = Im, X,
Dividing equation (2.4) b\ - 1 gives: The shift operation on the statistics is done using
N-1 warping with quadratic interpolation.
S Im; - Imy)? 2.3.3. Computationof threshold

i=1

N-1 - (2.5) We wse pielwise thresholding to identify pets belonging
(N)ﬁb -2 (N)ﬁ1 Imy +|m%\1 =ty to the trackd object. The pels whose tracking statistics
s in Eq. (2.5) are less than their threshoddues, are classi-

where 74 and 7 are the ifst and second moments of the fied as belonging to the tramk object. Due to noiseven
images and the left superscrifit means aligned with the Pixels that belong to the traet object, might hee he
last image. In this @y, we anly need to store and alignow ~ Statistics gren by Eq. (2.5) signiicantly different from
statistics @, ) using the computed optical flofor ~ Z€ro. The noise can be attribd to tvo sources: Noise due

evay tracking step. Hoever, Eq. (2.5) still has a major to incorrect tracking which we call motion_noise and noise
shortcoming, namelyif we compute optical flo incor due_to_ the camera 'Fhat_we_ call camera noise. If the tracking
rectly in ary tracking step, the mistakwould be incorpo- statlstu; fo_r a pirl is signifcantly higher than the noise
rated into the tracdd region and haunt us fover. We then this piel does not belong to the trakobject.

address this problem by using a rectes@pression that We @mmpute the &lue of the threshold g,e) for the

lets the influence of the past images decgyoaeentially  track statistics in Eq. (2.5) as fols:

into our tracking statistics. Speiclly, for each succesa T

pair of image frames I, Imy, we mmpute the ifst tvalve = (S¢ +57) X2 (2.10)
moment {\) Ay ) of the tracled object as a weighted sum of



where s2 denotes the ariance of the camera noise? threshold @luest, . (from Eqg. (2.10)) as belonging to the
gives the \ariance of the motion noise arzds a constant tracked object and viceersa.

parameter that models the ™ sicguittly highers. In all our 11 it £t
experiments, we set = 3. 0.In simple terms, the quantity N ook = " stat * “value
tyaie gives s an idea of the ariance of the intensity of the 10 otherwise
aligned images. If the quantity from Eqg. (2.5) is smaller
than its thresholdalue from Eg. (2.10) then weveagod
reason to belie that the corresponding pk belongs to

the tracled object. If it is higher then mostéily does not.  We @ply postprocessing t0" 1, to reduce the number
of incorrectly identiled moving regions. Suchdlse posi-

2.3.4. Motionnoise tives ae usually ery small, disconnected, V&little or no

. . . . . texture or @en not moving. Any form of flow computation

Motion noise models the noise resulting from incorrect. _ .
) . is very problematic in such geons and we perform post-

computation of optical fiw (u and v). The error can be rocessing to alléate noise in these a@ns

due to insufcient search (for»ample, we searched up to P 9 _ g ' _

0.7% pixels only) or due to insfitient modeling (for In the follaving three igures, we she the input

examp|e, under|ying model is more Con'bptean afi ne)_ image frameS, the trael r@ions before and after this
pOStproceSSing Step.

(2.12)

2.5. Postprocessing

According to the optical flw equation;
ImN_lvx x[D + |mN_ 1y <[y + ImN_ 1t =0
where Imy_, 4, Imy. 1y are thex, y dervative o imy., and

Imy.1¢ =Imy.1 - Imy. Hence, the ariance of the inten-
sity difference becomes:

Var(Imy.1;) = Var(Imy.  x X +1my_ 1, XI) (2.11)

Figure 2.1: Input image frames

= (Im. 1>+ ImN-l,yZ) xVar(uv)

whereVar(uv) is the \ariance of the optical fle. There-
fore,

s% = (Imy. 1% +Imy. 1% ®Var(uv)

In Eq. (2.11) we assume that the erroraiiand 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 gry 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. #/essumed random noise
only, which we calculated empirically to be of zero mean
and of \ariance equal to 1 for our 8 bit webcam quality
camera.

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

o . ) Postprocessing wolves two major steps. First, we
2.4. Classifcation of the tracking object compute piels that are mong using image frame déf-
Intuitively, as the tracking algorithm runs for more frames, ence and store the result INm. Second, we xend the
the maving object being trackd should be dpt aligned by  conjunction DIm AND (N ...ck) by adding to it those pos-
the optical flev computed in each successi pair of itive pxels in M1, that are in the direct connected
frames. So, we classify those @ix whose tracking statis- neighborhood of the conjunction.
tics tgiy (from Eq. (2.5)) are less than their corresponding



2.5.1. Findingthe moving regions 3. Experiments

For each successe pair of image frames (lets say \m In this section, we present the results of running the
and Im), we compute the image flifence as follws: tracking system on geral real image sequences withwno
IMDIff = Imy, - 1My (2.13) ing background. In all>@eriments we shwo the image

sequence and¥l e Where we highlight the original

If there is no motion of grkind in successe frames, then ~ racking rgion.

ImDiff should be bounded by a multiple of the camera
white noise. The mean of the noise disttibn is 0.0 and
the \ariance equals te2. From the theory of ypothesis
testing in statistics [10], a sample from a normal distrib
tion N(ms?) has a probability of 0.9987 belonging in the
rangem- 3s to m+3s.

11 if ImDiff <-3s. or ImDiff > 3s,
Dim=j{ .
10 otherwise
After that, we perform sizeiltering on DIm. We
keep only those blobs of connectedjimns inDIm of size
bigger than a thresholl;. We st the sizeT = 20 pixels
in our &periments.

2.5.2. Regiorgrowing

DIm contains patches for all independentlyuing objects
in a pair of successt image frames. Since we are inter
ested in tracking the motion of the wirog object whose
projection contains the input track windowe need to
eliminate all meing patches unrelated to the tradk
object. W perform this motioniftering by a bitwise con-
junction betweerDIm and ™1, and sse the result as
™1 figer

F S ~ ==" = ~ = ,,"‘/ /:;'

N ier = DIM and™ 1o Frames 17, 23, 29 of the truck sequence

One dravback of image dference technique in the
detection of muing objects is that it can only capture
moving regions with lage image frame diérence. Hw-
eva, a iegon can hae a snall ImDiff even if itis the pro-
jection of a mwing object due to the aperture problg6i
or flat intensity We aldress this shortcoming bytending
N eer with M1 using rgion graving and use the
memged image™ | e s the output of our tracking sys-
tem.

it (M1 ger (X, y)° 1 or

M1 figer (X, ¥) © 0 ad M racie(Xn, Vo) © 1) Optical flow computed for frames 17, 23, 29
then™ 1 ergdX, ) = 1 Fi.gure 3.1: The input imagg frames §how a toy truck
N) _ with a hippopotamus on it in a moving background.
else™™ I mergdX, y) =0 The toy truck is moving from the lower right end cor-
where &, y,) is aay of the four direct neighbors (NVIN, ner of the picture towards the upper left hand corner.
NE, W) of (x, y). 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 aly shav a few slected frames because the
sequences are long (25 to 100 frames). In general, the
result impraes over time. As more frames are processed,
we hae nore history information at our disposal for
motion sgmentation. W run our &periments on a Sun
Blade 100 wrkstation with 256 MB memory and a 500
Mhz UltraSRARC-lle CPU that deliers 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 tak adentage of the
Single Instruction Multiple Data (SIMD) instruction set of
the SRRC processor to accelerate multimedia applica- Output from the tracker for frames 1, 5, 9
tions. For input image frames of size 32@40, our track-
ing system tags 0.3 seconds per frame on Sun Blade 100.

Frame 1, 5, 9 of the approaching train sequence

Optical flow computed for frames 1, 5, 9

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-
guence at frame 1, 5, 9, 11, 15, 19 and the output
from our tracker for the corresponding frames.

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 fewer false
positives in later frames.




Output from the tracker for frames 1, 5, 9
Frame 1, 5, 9 of the moving car sequence

Frames 11, 15, 19 of the zoo sequence
Output from the tracker for frames 1, 5, 9

Output from the tracker for frames 11, 15, 19
Figure 3.4: The input image frames show toy ani- Optical flow for frames 1, 5, 9
mals. The animals are on a large piece of paper, the
camera is stationary 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.

Frame 11, 15, 19 of the moving car sequence

4. Conclusion

We describe a ng algorithm that performs motion ge

mentation and tracking simultaneouslyeji an input seed Output from the tracker for frames 11, 15, 19
windov. We compute dine optical flev on the tracled
region and align all the pwious image frames with the
current frame. Pids belonging to the projection of the
tracked object hee gnall sum of square dérences
between the gistered image frames and the current input
frame. Motion sgmentation is achied by pixelwise
thresholding on the gistered image. Aligning all the
image frames with the current Wlois computationally
expensve, O we propose statistics wolving the frst and
second moments of thegistered images to speed up this
motion sgmentation based on tracking processe W
shaved the result of running our algorithm on real image
sequences with nving background. & image frames of
320 x 240 pirls, our trackr runs 3 frames per second on
an entry lgel 500 Mhz Sun Blade 100avkstation.

Optical flow for frames 11, 15, 19
Figure 3.5: The input image frames show a toy car
going diagonally from lower right corner to upper left
corner . We show the image sequence at frame 1, 5,
9, 11, 15, 19 and the output from our tracker for the
corresponding frames.
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