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Abstract

In this paper, we present a new method for tracking objedts stiadows. Traditional motion-
based tracking schemes cannot usually distinguish theosh&m the object itself, and this
results in a falsely captured object shape. If we want tdzetithe object's shape information
for a pattern recognition task, this poses a severe difyculin this paper we present a color
processing scheme to project the image into an illuminatieariant space such that the shadow's
effect is greatly attenuated. The optical ow in this prdgat image together with the original
image is used as a reference for object tracking so that wextaact the real object shape in the
tracking process. We present a modi ed snake model for gén@leo object tracking. Two new
external forces are introduced into the snake equationdb@sé¢he predictive contour and a new
chordal string shape descriptor such that the active congoattracted to a shape similar to the
one in the previous video frame. The proposed method carvdtrathe problem of an object's
ceasing movement temporarily, and can also avoid the prollethe snake tracking into the
object interior. Global af ne motion estimation is appliemimitigate the effect of camera motion
and hence the method can be applied in a general video eméin Experimental results show

that the proposed method can track the real object evenré thestrong shadow in uence.
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1 Introduction

Shadows present a confounding factor for correct objecking. Traditional motion detection
schemes cannot distinguish the moving object and the shadwving with it. Therefore object
tracking results based on traditional schemes usuallyym®aontours based on a combination of
the object and its shadow. This kind of result will pose se\wdif culties if the contour is further
passed to an analyzer for object recognition. Eliminathrgyshadow and tracking the real contour
of an object is a challenging problem. Different schemesHhsaen presented to try to attenuate the
shadow's in uence in applications such as object tracking atill image segmentation. In [1] the
shadow detection and elimination problem was studied ictim¢ext of road surveillance. In the spe-
ci ¢ application, lighting conditions were restricted tardight, the internal and external parameters
of the video camera were xed, and the target object wasiotstl to a walking human being. A
method was presented for locating the real position of a mwglkuman by extracting the core lines
of the human and the core lines of the shadows based on a naatiection map. In [2] a geometrical
scheme based on stereo vision was presented for shadowadiiom in surveillance video tracking.
The scheme is based on image subtraction, with the imagereajdly one camera rst projected onto
the road plane and then further projected onto the imageeéathe second camera. The road maps
of two images should map perfectly while other parts such al&ing humans will not map well.
The difference of the two images, thresholded by a givenealields a mask eliminating everything
on the road plane including the moving shadows. In [3], semiilimination invariant features were
applied to obtain an image which apprehends differencegdast surface materials. Since cast shad-
ows only change the illumination of backgrounds, the illoation invariant features will attenuate
shadow effects. The method is applied in the context ofistillge segmentation. In [4], a statistics
method is presented for pixel classi cation. The featuresdiinclude the luminance and normalized
chrominance vector. The color change of a pixel is descrityehultiplying each color channel by a
constant, via a diagonal model of color change. Pixels a&sckd into three classes: background,

foreground, and shadow, based on maximum a posteriori dassn. Spatial information is also ap-



plied to improve the dense region classi cation result.9h fhe shadow detection problem is studied
based on a model similar to the Phong model. Heuristic mathoel presented to classify the shadow
and foreground object. A recent shadow detection schemigramsfor outdoor scenes is presented
in [6].

In this paper, we present a different method, based on agdpsised illumination invariant color
space, and on an inertia enhanced snake model, for relib@etdracking in a general video envi-
ronment. If lighting is approximately Planckian, then inafls approximation the resulting simple
exponential form of the illumination spectrum leads to tbaausion that as temperatufechanges,
characterizing the illumination color, a log-log plot ofidtnensionaf log(R/G), log(B/Gy values for
any single surface forms a straight line provided cameraasrare fairly narrow-band [7, 8, 9]. Thus
lighting change reduces to a linear transformation alonglarost straight line, even for real data
with only approximately Planckian lighting. For a targetlwimany paint patches, mean-subtracted
log-log plots all cluster around a single line through thegiorthat characterizes lighting change.
The invariant image is thus the gray-scale image that ie$tdtn projecting log-log pixel values
onto the direction orthogonal to lighting change, withidamtside the umbra; the projection greatly
attenuates shadowing.

Based on this color projection, we further present an iaegtihanced snake model for tracking
objects with shadows. We devise two inertia terms. The esttis based on the predictive contour,
and the second is based on a new chordal shape descriptose Twe additional terms force the
active contour to converge to a shape similar to the one irpteeious video frame. The inertia
energy term makes the snake ignore distracting elementhaaao precise initial contour is needed.
Moreover, if the object stops moving temporarily, the snakkeevolve according to the inertia term
in the predictive contour and chordal constraint term amiege to a similar shape to the previous
frame and also correspond to the motion prediction resule adbpt an af ne motion model for
global motion estimation and camera motion compensatidim tive result that our scheme can work
in a general video environment. Comparing to other standantour tracking schemes such as [16,

15, 17], the proposed scheme does not need a training proteescomplexity of the algorithm is



comparable to the standard snake and is thus suited foinmeadpplications.

The organization of the paper is as follows. We rst studydtwa invariant image space k2.
We show that under Planckian lighting, the log-log plot dias (log(R=G); log(B=G)) forms a
straight line for each material, for narrow-band sensoreras1 Based on this observation, we set
out a camera calibration scheme for shadow invariant imagermgtion irx2.1. Inx3, we present the
tracking scheme based on an inertia snake model and shagaviaimt image for shadow resistant
video tracking. The modi ed snake equation is studiea3rl. Contour prediction based on Iterative
Conditional Modes (ICM) is presentedx.2. Inx3.3, we show how to generate external forces based
on global motion compensated motion detection and gradiector ow. The numerical scheme
for the proposed snake equation is presentex3iB, and the tracking system is presenteck4n

Experiments, results, and discussions are presented in

2 Shadow Invariant Image Space

Shadows are usually classi ed as self-shadows and caspsisa&belf-shadows result from part of the
object blocking some light from another part of the same abj8elf-shadows usually pose a minor
problem for tracking tasks. However, cast shadows, caugenhé object shadowing another object
in the scene, can be caused by the background objects shapthei tracking target or the target's
own shadow on the background object. We are most interastabt shadows, especially the shadow
moving along with the target object. It is well known that theesic difference between a shadow area
and its surrounding non-shadow area is due to lighting char8ince shadows are caused by illu-
mination change, color constancy methods present an apgi®method for shadow detection and
elimination. By using an illumination-color and -intensitvariant scheme, we extract the quantity
characterized by the object's surface re ectance propenty and thus eliminate the in uence of il-
lumination change entirely. The dif culty caused by shadgawmotion detection and object shadow
classi cation can thus be solved by applying a particulgretyf color constancy scheme to obtain an

invariantimage.



In this section, we present a color constancy scheme basi@ @ssumption of Planckian lighting
and approximately delta-function sensors and show how nermgge the invariant image. Planckian
lighting is a good approximation for a wide range of lightswurces, such as the sun and many indoor
illuminants. The seemingly strict constraint of narrowsans is also found not to pose dif culty for
real applications of shadow resistant tracking. We willghbat such a “rough” approximation is
usually good enough to greatly attenuate shadows in trgakmobject. A discussion of the model,

compared to real cameras and illuminants, is given in [7].

2.0.1 Invariant Image

Consider a Lambertian surface illuminated by a Planckighting. The spectral power distribution

of a Planckian lighting source can be well approximated bgiVéiapproximation: [20]
E()=lc, % 7 (1)

wherel is the intensity of the lighting sourcé, is temperature, and, andc, are constants. We
assume that illumination is from directi@ and that the sensors of the image capturing device are
narrow-band, such that they can be well approximated witkesgensitivitieQx( ) = g ( k),

k = 1;2;3. Here, we consider only the usual 3-sensor cameras; hownaweresults can be easily
extended to the situation where there are more sensoridfrunte ignore the color response change
of a point with respect to the viewing angle (i.e., we adoptlthmbertian assumption). Based on the

above, the sensor response at paigbrresponding to senshris

Z

k(X) E()a n(x)Sc( )Q«( )d k =1:3 (2)
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wheren(x) is the normal vector of the object surface parametrized kggenplane coordinates
corresponding to surface spectral re ectance func8p6 ). For 3-sensor cameras, it was noted that

plotting the set of log-ratios = log[ 1= ;] andb = log[ 3= ;] for a single surface under various
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illuminants produces a line in the resulting 2-space [7,]8,ere we explicitly derive this linear

relationship between the two log-ratios for a given re exta surface:

b togE Gy =1 log @S fy2 L2 ©

From eq. (3), each re ectance surface is characterized mean the coordinate system
(log(R=G); log(B=G)). The slope of the line is determined only by the center wanggles. In the rest
of the paper, we call the orientation of this line, deterrdibg the camera sensors, ttigaracteristic
orientationfor the camera. For a given camera, since the paramgtarsd , k = 1::3are xed, the
position of the line is determined only by the surface, cbdzed by the surface spectral re ectance
function S( ). Since, for a given camera, all the log-log ratio lines faiwas surfaces have the same
orientation, to distinguish between different materiaks simply need to project the log-log ratio
points(log(R=G); log(B=G)) onto the orientation orthogonal to the camera charadieasentation
to produce a quantity encapsulating the different re ectaproperties, invariant to the illumination
conditions. And if we are invariant to lighting, then we shibalso be approximately invariant to
shadowing.

We call the grayscale image resulting from transformingltigelog ratio corresponding to each
pixel in a color image in this manner thavariant image In the following paragraphs we consider

only 3-sensor cameras, and assume R, , = G, 3= B andr = log[R=G], b= log[B=G].

2.1 Camera Calibration

Because different cameras have different color charatiesj they must be calibrated before being
used in our tracking scheme. Camera calibration can be dofie®@using real videos. However, in
many applications, pre-calibration of the camera based calilration object is applicable and can
give more precise calibration result. In this section, velgicamera calibration based on a calibration
object for illumination-invariant image generation. Feal cameras, the sensor sensitivity curves of

sensors are not strictly delta functions and eq. (3) is thuepgroximation. In practical situations, the



log-log ratio plot corresponding to one material underadight lighting is not strictly a straight line.
Nevertheless, amongst a set of materials the log-log rétits generally have some xed dominant
orientation. An alternative to camera calibration is to aseentropy minimization technique [10]
based on the information in each frame.

From eq. (3), the dominant orientation is only a functionhef tamera sensors and does not corre-
late with the lighting condition or the surface material eféfore the calibration process for a speci ¢
camera need only be done once and can then be used for anji@asidHere, we omit the effects of
gamma correction on images, but in fact this correction lesffect on the mathematics, and simply
changes the characteristic orientation [9]. If lines gibgneq. (3) are in practice not quite straight,
sensors can be “sharpened” to make them straight [11]. Tloratd, we use a color target comprised
of paint patches. Assuntfe is the collection of log-log ratio pairs(r!; b,)jn 2 N ;i 2 Ig where
ri, = log(Ri=G,) andl, = log(B.=G,). Here,(R!;G!;B!) is the color of pixeln (or, more re-
alistically, the median of paint patat) under illuminationi in the RGB color spacell andl are
the whole set of pixel indexes and illumination indexespessively. For example, if use the Mac-
beth ColorChecker target, with 24 patches, then if we imhgedrget under 10 different illumination
conditionsjNj is 24 andlj is 10.

We plot curves for patcim under the whole set of illuminants. For each patch, We rst shift
the set of log-log ratio vectors such that the center of thstel corresponding to one patch under
different illuminations is located at the origin of the cdrate system. The centrally aligned log-log
ratio set is denotefi(f : . )jn 2 N ;i 2 1g , where

1 X . . 1 X
il r:};ﬁq:ﬁn il

I TR @

From now on we assume shifted log-log values, and for conesewe denote the set bir; b)g.
The cross-correlation matri@ of the center-shifted log-log ratio pair set equals

2 3

C= 2 €r € g (5)
€r ©up
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where e, = E[r?]; e = E[?];ep = &, = E[rb], with E[ ] being expectation value. Let and ,

be eigenvalues df; these are as follows:

11 1
1 = S8t Semt o (6 2erenmt €+ 4eh)

2 2 2
1 1 14
2 = €t S8 3 (€ 2e eppt €,+4€6%)

Then the eigenvectan corresponding to ; is de ned as the principal orientation of the camera:

p
Ter + 36w 3 (€  2ecept € +4€])

;1)T
€b )

v=(

Its orthogonal vector is

p
_ 36 * et 3 (€ 2erenpt etz)b+4er2b).1 T
Vo —( e ) )

The invariant image is calculated as the gray-scale imagjegied into the directiom, orthogonal

to the characteristic direction:

(0g[R=Gl; 0gB=G))
iivei -

(6)

linv =

3 An Inertia Snake Model

The traditional 2D snake is a deformable cuXé¢s) = [ x(s); y(s)], wheres is a parameter in the
range [0,1]. The contour is determined by an energy minitiimgroblem. ContoukK is that which

minimizes the system ener@y, de ned as
YA 1

E(X) = 5kr X (s)k? + Ekr ZX (s)k? + P(X (s))ds (7)
0

where and are parameters to control the internal tension (stretglang stiffness (bending) of the

contour, respectively;r X(s) = (dx(s)=ds;dys)=d9 and r 2X(s) = (dx3(s)=ds;
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P——— . L
dy?(s)=ds); k(x;y)k = = x2+ y2; andP(X) is an external energy term which is minimized at the
feature of interest. Based on the calculus of variatioresghler-Lagrange equation corresponding to
the variational problem is

X st Xsssst I P(X)=0 (8)

The Euler-Lagrange equation can be solved by the steepestrtemethod. By introducing an arti -

cial timet, we set
@Xsit) _
@t

X s Xassss I P(X) 9

The introduction of the timé makesX (s;t) an evolving contour, also called an active contour. The
rst two terms in the equation are usually calledernal forces since these forces on the snake are
due to a self-shape constraint. The third term is calle@xternalforce, and is caused by the external
features of interest in the image. The external force witbat the snake to converge to a shape near
the feature of interest, e.g. edges, while the internakfonakes the snake behave like a spline such
that it will not spread out and also has some stiffness suahitlis not easy to bend. The stiffness
term is important for tting a boundary with holes. But theffstess also prevents the snake from
converging into some concave parts of the boundary of thecbbpifferent snake models are usually

distinguished by the scheme used for different externale®i{19], and schemes which make the

snake able to follow concavities in the object boundary [14]

3.1 Snake Equation with Predictive Contour Inertia and

Chordal String Shape Descriptor Constraint

3.1.1 Predictive Contour Constraint

In this section, we present the rst component of our new nhdoleenhancing the robustness of
active contours [12] in the tracking problem. We include s neertial term in an active contour
minimization problem, and then ix3.1.2 go on to include an overall shape constraint, based on

chords across the object boundary curve. We formulate a nakesminimization problem with an



inertial constraint as follows:

Z,

g(n(ig i Ekr X (s)k? + Ekr 2X (s)k? + P(X (s)) + EE(X (s); C(s))ds (10)

whereX (s) = [ X(s); y(s)] is the active contour of the current frame, &d(k) = [ ¢,(S); c2(S)] is the
prediction contour from the previous frame (X (s); C(s)) is a term which measures the difference
betweenX (s) andC(s) [13]. Just as in a traditional snake, the internal energyefactive contour
is handled by the rst two terms, with weightsand . The termP (X (s)) is the external force,
based on a feature of interest such as edge informationweeshall use object motion, instead, as
the driving feature.

One natural choice fdE (X (s); C(s)) is the distance
E(X (s);C(s)) = kX (s) C(s)k? (11)

. . P——s .
If the norm chosen is the Euclidean nokfx;y)k = = x2 + y2, the corresponding Euler-Lagrange
equation is

Xsst Xgsstl P(X) (C X)=0 (12)
and by introducing an arti cial parametéeinto X , the steepest descent solution is

@X

@= X Xsss I PX)+ (C X) (13)

We generalize the above equation by substituting a gerenad fermi,; (X ) in place of the potential

term, r P(X), leading to the nal equation
—— = X s X sssst Fexr(X)+ (C X) (14)

This yields a modi ed active contour for the tracking pramlewith a new force term based on the

prediction contour. Weight controls the in uence the prediction has on contour tragkin
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3.1.2 Chordal string shape descriptor constraint

In this section we further constrain the shape compactrfébe snake and its shape persistence from
frame to frame, by the use of a new chordal string shape gscionstraint. To do so, we iterate
through a contour evolution that tries to maintaicherdal string descriptar

In practical situations, the contour of an object does nanhge arbitrarily: the shape of the contour
usually displays some degree of rigidity. As we have seadljtional snakes control the rigidity of
the snake using two terms, the stiffness and the smoothbgsseans of terms in the gradient and
the Laplacian of the contour. Since the gradient and Lapiteardocal operators, thglobal shape of
the snake is thus usually not controlled effectively. Hare propose a scheme based on constraining
the shape of the contour by means of a new set of shape dessiiysised on chordal strings. We rst

present a new shape descriptor and then present a newiimtaffame constraint snake equation.

Chordal string shape descriptor Let us de ne a new shape descriptor by considering the fotigw
observations. Firstly, a closed contoXi(s) is de ned as a periodic function in this context, wih
the normalized arc length along the contour starting fromesarbitrarily selected origin. Then the
following function

dis; ) = jiX(s) X(s+ )jj (15)

is also periodic, with respect to boshand , with a period of unity. Thishordal distancel(s; ) is
a natural choice for characterizing the shape of a closetbaanThe chordal distanad(s; ) for a
particulars and is shown in Fig. 1(a).

Then the difference of two contouks andY can be de ned as the sum of the square differences

in chordal distances, over all shiftsalong each complete curve:
Z 1Z 1

DIX:Y) = max o (dx(s; ) dy(s+ ; ))*dsd (16)

Parameter is a shift necessary because of the arbitrarily selectegnorirhis measure is shown in

Fig. 1.
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Now we have a shape descriptor for general shape compaiisdhe following scheme, we use
a restricted version of the proposed shape descriptor spraake the scheme suitable for fast video
processing. In the rest of this section, we xas1=2. can also be set to O if we know the cor-
responding starting point of the contours. To simplify tlmeation, we usel(s) to denoted(s; 1=2).
The intuitive concept odl(s) is that it de nes the “diameter” of the contour at differeatations. For
a circular contourd(s) is just a constant functiod, the diameter of the circle. Then the difference of
contour X and Y can be represented as

Z
D(X;Y) = Ol(dx(S) dv (s))°ds (17)

Fig. 2 illustrates an example of measuring shape with thpgsed shape descriptor. Fig. 2 (a), (b)
and (c) show three shapes; while the contour of (a) and (9iaridar, (a) and (c) are more different.
The proposed shape descriptors, shown in Fig. 2 (d), (e)faadree with this observation. The shape
differences based on the proposed area-based shape tieqd®}) are 6.07 for contours (a) and (b),
and 17.44 for contours (a) and (c). The simpli ed line-baskdpe descriptors (17) with xed to
be 0.5 are shown as curves in Fig. 2 (g). For the simpli ed dpsar, the shape difference is 7.66 for

contours (a) and (b) and 23.53 for contours (a) and (c).

The snake equation Suppose we have determined a predictive con@®(ig). Then we have still

to nd the best snake solutioX (s) in the current frame that takes into account our inter-frame
constraints: i.e., we need a steady-state solution thidsyibe best curve path given the current,
intra-frame, information.

Recall that our objective in using the chordal string dgxtori as de ned above is to maintain
the shape of contour across frame change. We have foundhthadtition of such a global shape
constraint mechanisraubstantially increases tracking reliabilitySection 3.4 explicates how this
extra constraint operates.

If we specialize to “diameters”, as above, then we claim thatequation we wish to solve, us-

ing curve evolution, for a correct curve within the currerarhe is that derived using the following
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proposition:
Proposition: The partial differential equation for curv¢ (s) that includes diameter chord shape

descriptor constraints is as follows:

%: = Xss X ssss+ Fext(X)+ (C X)
. (X(s+122) X((KX(S) X(s+1=2k dy 1(s)

kX (s+1=2) X(9)k+ "

(18)

where" is a small positive number.

Proof: To prove this result, rst let us utilize a ctitious auxilig curveY (s), one that we wish
to equal a copy oK (s), but shifted by half of the contour length: i.e., we wish tov&X (s) =
Y (s + 1=2). First let us start with a curv¥(s) that is free, but initialized as a cury@(s) given by
the diameter-shifted version of the initial cur¥g(s) for X (s) itself: Yo(S) Xo(s+1=2).

Then a reasonable new snake equation is represented afialafg reaction-diffusion problem:

YA 1
X(rg)w;i\p(s) i §(kr X (s)k? + kr Y (s)k?) + E(kr ZX (s)k2; kr 2Y (s)k?) + P (X (9))
1

TP(Y () + STE(X(s):C(s) + E(Y(s):D(s)ads+ 5 G(kX(s) Y(s)kidx 1(s))ds
0

whereX (S) is the active contour in the current framé(s) is an auxiliary contour coupled witk (s);
andC(s) andD (s) are the prediction contours far andY from the previous frame. Functiofy ; )
andG( ; ) are two energy terms. Enerdy/( ; ) was de ned in the last section. The tef@{ ; ) is

de ned as
G(A(s):B(s)) = KkA(s) B(s)k?

with dy :(s; ) ourdistance function (15) artj :(s) evaluated using thareviousframe'sX (s). We
R
will show that kX (s) Y(s)k = dx(s) and therefore ole(kx (s) Y (s)k;dy 1(s))ds

= D(X;X 1) = D(Y;Y 1), whereX ' andY ! are the contours of X and Y in the previous
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frame respectively. That is, we wish to maintain the chosti@ape descriptor, as the contour evolves,
thus encouraging the maintenance of a global shape.

In a Euclidean norm, the resulting set of Euler equations is

8
2 Xt Xses*t T P(X)  (C X)  FEXOax(s) Y(9k dy :(s) = 0
T Yt Yt T P(Y) (DY) SO YOD(kx(s) Y(sk dx 1(s)) = 0

As usual, we replace P (X) in the above equations by a generalized force tBgg(X ). Curve
evolution is modeled using a ctitious time variallewith change in time set to the left-hand-sides

above. Thus the resulting iterative steepest desceni@oistas follows:

8

28Xz X Xt Fea(X)+ (C X)+ SXX Yk dy 1) 19
>

T 9= Yo Yesst Fea(Y)+ (D Y)+ S¥h(kX Yk Oy 1)

Suppose the initial state & (s) is X(S); then let the initial state of (s) be X o(s+ 1=2). Similarly,
let the initial state oD beD(s) = C(s+ 1=2). The shape descriptdg :(S) is that for the previous
frame. Note that the solutioX (s) is the tracking contour, whil¥ (s) is an ancillary contour. We can

now state a observation allowing us to dispense Wi¢h):

Observation 1 If the initial values ofX andY obey the conditiorX (s;t) Y (s+ 1=2;tp), then
we also haveX (s;t) = Y(s+1=2;t) foranyt>t,.

Proof: We will prove the proposition by induction. Assume, for any t, thatX (s;t;) =
Y(s+1=2;t;). Then
X(site+dt) = [ X ss(Sit1) X ossss(Sita) + Fe (X (sit1)) + (C(sit1)  X(s;t1))

+ X (kX Yk d)dt+ X (s;t1), and

Y(s;ti+ dt) = [ Yss(Sit1)  Yssss(Siti) + Fex(Y(sity)+ (D(s;t1)  Y(s;t1))

+ B (kX Yk d)dt+ Y(s;ty)
Making use of the periodic property &f andY , we haveX (s+1=2;t;) = Y((s+1=2)+1=2;t;) =

Y (s;t1). At a slightly later time, it is also easy to verify th&t(s;t; + dt) = Y(s+1=2;t; + dt).

14



By induction, the lemma follows.
Observation 2 the coupled set of equations (19) has the same solitias the PDE (18).

Proof: Eq. (18) follows from the Lemma above, with no constantThat constant is needed,
however, as a regularization parameter: adding a smaliy®sumber’ to the denominator prevents
over ow if kX (s) Y(s)kis near zero.

This completes the proof of the Proposition, and shows tleatan indeed control the shape of
the contour according to the de ned shape descriptor. Weataaed to solve for both of and
Y, but instead the coupled set of equations (19) can be siegbinto a single PDE. Thus eq. (18) is
the equation we utilize in the contour tracking procedutee mumerical method used for solving the
PDE problem is discussed belowx8.5.

The equations together try to maintain the shape of the corfitom frame to frame via our new
chordal string constraint. Weightcontrols the degree of shape rigidity. This modi ed actieatour
for the tracking problem also includes the new inertia faren based on the prediction contour:

weight controls the degree of in uence of the prediction on contimacking.

3.2 Contour Prediction based on ICM

So far, we have simply assumed that we have available a predoontour, derived from the previous
frame. Now let us examine a method for producing such a ptiedic Since we have several con-
straints to maintain the shape of the snake, we found thadréhasion of the predictive contour could
be relaxed. In this paper, we use a fast contour matchingoddthsed on ICM (Iterative conditional
modes) [21].

The contour prediction problem can be formulated as theviolig energy minimization problem,

X X
min - e(;v)+ OGYiivx)  v(y)ii®

x2X (x;y)2N

whereX is the contour in the current frame(x; v) is the cost of sitex having motiornv, and de ned

as the block matching result in a rectangular searchingavindll is the set of neighbors;(x;y) is a
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smoothing coef cient which decreases as the distanoeasfdy increases, e.g.(x;y) = o&l* Yi=
where determines the coupling strength of the sites. It shoulddiechthatN need not be de ned

as strictly adjacent sites on the contour: in this papkrs de ned by the edges of the Delaunay
triangulation of the sites on the contour. Neighbors areesah the contour within this triangulation.
For a general topology, the optimization problemNB-hard. We use the ICM scheme to get an
approximate solution. The initial values wfare set to the best local block searching result. The
typical width of the block iSto 11 For each site, all possible motions for the site are testeldize
one that most reduces the energy is accepted. Since thaygyisganantee that iteration will converge
for ICM, a heuristic large iteration number should be choderour experiments, we found that 20

iterations suf ce. Based on the calculated motion, the jted contour is

C=X1+v (20)

We modify the initial contoulCy,; to be equal to a uniform expansion of the previous contour
tracking result:

Ct = X T+ cn (21)

wheren is the outward-directed normal &f,.,, andcis a constant. It is clear that this scheme can
work for any motion of the contour with speed less tlgarf in the normal direction, wherk is the

video frame rate.

3.3 Global Motion Compensation and External Force Formatio

To remove the motion introduced by the camera, called glwimion, we need to estimate the motion
in the whole picture. If the background object is a planenttine background image in one frame can
be mapped to another frame by a projective transformati@nhmmography. Although the projective
transformation is only exact for a plane, it is often usedgpraximate the background motion if the
object is distant from the camera. But the projective tramsftion is dif cult to estimate since the

denominator makes for a nonlinear transformation. In mwstimstances, if the object is far away
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relative to the focal length of the camera and the viewindaisgsmall so that depth does not change
too much, an af ne model is a reasonable approximation. is¢hse we have a 6-parameter af ne

model. The af ne ow eld can be represented as

(Xy) = AXy)p (22)

wherep = fpi; po; P3; P4; Ps; Psg’ are the parameters to be estimated. Here,

0 1

1 X 0 0O
Axy) = B 7 g (23)
0 00 1x vy

The optical ow equation can be written as
ru"(Ap)+ u, = 0 (24)

This is an over-determined problem, in that we have moretaqsathan the number of unknowns.

We can use a Least Square Error model to get an approximaiti#ospiminimizing anE de ned by

X
E = (ru'(Ap)+ w)’ (25)
Xy
Taking the derivative oE with respect tq and setting the result to zero, the solution for the af ne
parameters is

X
ATruru’™A) Y ( ATr uw) (26)

©
1
~

In our tracking scheme, we only use the part of the imaggside of the contour of the objefcir
global motion estimation. This method is straightforwand dur scheme, since we already extract
the moving object region in the image when tracking. For glahotion estimation, it is enough to
downsample the input images and estimate the global moacanpeters at a very coarse level. In

the proposed tracking scheme, two motion detection mapgererated. The rst one is based on
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the original video with global motion compensated. The sdcis based on the shadow invariant
global motion compensated images. We then use a simpléntiidisg scheme to detect the motion
feature in both sequences. The intersection of both thesemaetection results produces an image
segmentation map which is used to calculate the externes fetd of the snake model, based on the

Gradient Vector Flow scheme [14].

3.4 Evaluation of Chordal Constraint

To show that our chordal string constraint does indeed asaé¢racking reliability, we test the method
with and without this new constraint.

Consider the U-shaped object in Fig. 3(a). If we take asahiurve the green line shown in
Fig. 3(b),! then the version that is expanded in the normal directiooraieg to the contour initial-
ization method (21) is shown in blue, expanded outside theegWe assume that there is an error of
prediction contour occurring near the concave part of theadbAnd, we assume the object is static.
Now applying the active contour model eq. (14), with the contprediction inertia terlfC X))
but without chordal strings, yields the thicker, red, curv&ig. 3(c). This result includes calculating
the external force eld of the snake model based on the gradiector ow scheme, which is indeed
meant to help in attracting the curve down into such deepaaties. We see that even with this help,
the active contour scheme has not completely succeeded.

On the other hand, including chordal string constraintse@d generates the result in Fig. 3(d):

now the solution curve almost coincides with the objectivape.

3.5 Numerical Implementation

We use the nite difference method to discretize eq. (18} Le

XP = Oy = (o sin iy sin D) 4= Oy (27)

Figures in color are included in http://www.cs.sfu.ca/asfark/ftp/PRO5/
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As usual, we assume th&t" is periodic with period o, with N the number of nodes in the discrete

contour. Thus we havg" = X\, . The numerical form for eq. (14) is then

X XP
t

= o X+ XM 22X
?f X75 + XM 22X 2K+ X 2X ]
H[XM X 22X g
+Fee(X{)+ (G X
(Xfinz  X7)

+ ( Xiinz2 X di) (28)
Xinez X +"

Let X" = [xZ;xT;unxR 07, y" = [y§yhinyn 41T and X" = [x"y"], Y™ = [X]2,] and

"=[ Xfinz2 X ] Inmatrix form, we have,

XMoXn = AX™L 4+ tFo (XM + t (CM XM
t(Yn Xn)

Tage (1 d) (29)

Solving forX "*1;

XM= (1 A) YX"+  tFee(XM)+ t (CM XM

(Y" X"
+ t———X(T" d 30
Tn + n ( |)] ( )
where
2 3
2 t 6 t t 4 t t t t 4 t
s2 st s2 + s4 s4 s4 s2 + s4
ot 4t 2 t 6 t _t, 4 t t t
A s2 s4 s2 s4 s2 s4 s4 s4
t 4 t t t t 4 t 2 t 6 t
s2 + s4 s4 s4 s2 + s4 s2 s4

The parameters such as thgzi, —si t , tand should be determined differently for specic

applications. In our numerical scheme the typical valuesié,—s}, t, tand t are0.4,0.4,
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0.15, 0.6 and 0.5.

4 Shadow Resistant Tracking System

In this section we present the overall system for our tragkicheme. The system diagram is shown
in Fig. 4.

The system is based on an incremental scheme. Two conseéu#ives are used in the global
motion estimation, motion detection, and contour predittteps. The scheme can also be easily
extended to the 3-frame or multiframe model. The shadowstiasi tracking algorithm is as follows:

Algorithm 1.:

1. Fetch frame, denoted by (i); previous frame is= (i 1).

2. Calculate the af ne transformation from(i 1) toF (i), denoted a#i, based on eq. (26).

3. Calculate the rst motion mapmapl = jF(i) Warp(F(i 1);H)j > threshold 1.

4. Calculate the second motion map:

map2 = jInvariant (F(i)) Invariant(Warp(F(i 1);H))j > threshold2

5. Combined motion map isnap = intersection (mapl; map2).

6. Generatd-ext = GV F(map).

7. Contour prediction based on ICM and initiate contour gexiien (21).

8. Calculated(s) fromF (i 1).

9. If F (i) is the rst frame, manually draw the contour of the object.

snake equation isX ss X gsss+ Fext(X) = 0.
Else the snake evolves according to eq. (18).
10. If the procedure does not nish goto 1, else exit.
Valuesthresholdl andthreshold2 should be determined by experiment. Typical values ares8/2

and 50/255 for normalized grayscale images.
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5 Experimental Results

First, we applied the proposed tracking method to video secges with little shadow interference.
Both moving and xed camera situations are tested. In thgperments, only the source color video
is used to estimate object motions, and not the shadowiamtarersion. Figs. 6,7,8 show the tracking
results based on the proposed scheme.

For shadow resistant object tracking, we used a consumesarder (Canon ES60) in our exper-
iments — the method is robust against gamma-correction ande used in general environments.
Before the tracking experiments, we rst calibrated the carder to obtain the shadow invariant ori-
entation. We used a Macbeth ColorChecker color target witbdor patches, imaged under three
illuminations, for the camera calibration. The images fa talibration are shown in Fig. 5.

The illuminants used were a standard daylight and two diffemdoor lights. (Alternatively, one
could simply capture images as the daylight phase changédoars.) During the video capture
process, both the camera and the target were xed such thabuld retain the pixel correspondence
under different illuminations. The analog video was thegitdied. We manually segmented the
images into regions corresponding to different color bockhe color in each region was represented
by the mean R, G, and B value. Fig 9 shows that a scatter plbecfénter-shifted log-log ratio data
gives the illumination invariant orientation of the camaer. The orientation vector measured was
[0.37, -0.93]. The center-shifted log-log ratios corresing to each material are t fairly well by a
straight line, with some outliers. Errors are caused byrs¢vactors. One is the model error. Since
the straight line model is exact only for ideal pulse sensoneras, the actual wide-band sensors will
cause dispersion of the log-log ratios. Other errors commm fithe measuring limitations posed by
the camera's dynamic range and digitizer quantization. s in the following experiments, the
estimated orientation is nevertheless robust enough tilgienprove the tracking result.

Fig. 10 shows the motion detection result for a two-colot ka@ling on the ground, based on the
original image sequence and the illumination invariantusege. The traditional motion detection

scheme makes large errors on both the object's boundanharshaadow boundary. Motion detection
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based on the shadow invariant image obtains much bettdtge3ine shadow's in uence is almost
completely removed. We also note that the background of lthe@w invariant image motion de-
tection result is also much clearer. To increase the robsstwe use the intersection of the motion
detection map of the original image sequence and that fatthdow invariant image sequence as the
nal motion detection map.

The inertia terms are found to be very important for the rttess of the snake. Fig. 11 shows
a ten-frame test sequence. In this experiment, a slighgiéri threshold is applied in the motion
detection process, which results in features missing imtbhBon map. The motion map shows that
from frame 5, motion features are missing in several suoeefames. For the test sequence, we rst
set both inertia term | and inertia term Il to zero. In thistioithe method corresponds to the simple
method of initializing the snake by motion prediction. FI§. shows the tracking result — the snake
collapses because of the missing motion features. We thieamBethe shape descriptor constraint
term to zero and repeat the experiment with the predictiméoro constraint — the predictive contour
constraint itself cannot give a robust result. The contoses tracking at the end of the sequence, as
shown in Fig. 13. One reason for the collapsing of the contedihat it is dif cult to predict the
contour because of the rotation of the ball. The trackingltegth both the inertia constraints for the
testing video sequence is shown in Fig. 14. The inertia t&wnstrain the shape continuity between
frames and effectively prevent the snake collapsing evémeigcase of missing features. Fig. 15 shows
the tracking result for another longer rolling ball seque(ttie video sequence has 40 frames). The
result shows that the contour of the ball is well tracked withbeing distracted by the shadow. The
contour well follows the object's contour although the scethanges.

In Fig. 16, motion is indeed present throughout, but thengtrshadowing confounds a traditional
tracking scheme. The shadow-removal algorithm greatbnatites this problem, as can be seen in
Fig. 16(d). In the nal tracking result for this sequenceadbws do not present a problem. Figs. 17,
18 show outdoor traf ¢ scene tracking results. Fig. 19 shawssult for tracking a toy mouse's face
in the presence of cast shadows under sunlight. Generdilye \inodel approximation and mea-

surement errors do affect shadow removal, shadows arelyguahtly attenuated even this happens.
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Furthermore, since we use a robust snake model, thesedatanot cause large problems in real

applications.

6 Conclusion

We present an ef cient algorithm for tracking objects thatrésistant to shadows. The algorithm
eliminates the distracting in uence from shadows and tsattle shape of the actual object. Shadow
removal is based on a preliminary, simple, camera calimatshadow-resistant tracking can be very
useful for higher level vision processing such as gesturgetiavior recognition. Inertia terms we
introduce into the variational problem tend to preservedbhgct boundary shape between frames,
and prevent contour collapse, with a new chordal constexinburaging global shape preservation.
The method is quite robust to moving background objects @ihgarforms well when global motion
compensation fails due to fast camera motion. This is dueeeict that the method uses color image
matching in the contour prediction part, and this step lkly compensate for such errors. Even
when global motion compensation fails, we have found thatpttoposed snake method still works
regardless of increased background clutter in the motign Maemouse sequence also points up a
strength in the method: Since the chordal constraint is matrd constraint, it works well even if the
object deforms. In this sequence, the object's contour gbsia lot in the sequence. The proposed
method still works well for these situations. Standardkiiag methods such as CONDENSATION
[18] needs intensive training to be successful. Anotheiitneéthe proposed method is that it does
not need a training phase. For highly deformable objeds)itrg could be useful. But there is always

a trade-off between exible constraints and robustness.
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Figure 1: Chordal distance. Chodds; ) is a function of position and shift.
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Figure 2: Chordal string shape descriptor. (a): A sh comf¢h): A sh contour similar to (a). (c):
A contour dissimilar to (a). (d): Chordal string shape digsor for contour (a). (e): Chordal string
shape descriptor for contour (b). (f): Chordal string shagscriptor for contour (c). (g): Simpli ed
chordal shape descriptor with= 1 =2 for contours (a), (b) and (c).

(d)
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(a) (b)

(c) (d)

Figure 3: lllustration of ef cacy of chordal constraints)( Target object; (b): Contour initialization
— green; initialization expanded according to (21) — blwg: YVith inertial constraint: red — solution
of curve evolution (14); (d): With chordal string constrigias well. The yellow curving are evolving

contours.
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Figure 4: System Diagram.
(a) Nlumination 1. (b) HNlumination 2. (c) Nlumination 3.

Figure 5: The color target used for camera calibration. ¢€amages may be viewed at
www.cs.sfu.ca/ mark/ftp/PR0O5/shadowlesstracking05.pdf]
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Figure 6: Selected frames from tracking result for @laire sequence.
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Figure 7: Selected frames from tracking result for Boeeman sequence.

Figure 8: Selected frames from tracking result for e sequence. Selected frames from a 470
frame sequence.

Figure 9: Camera calibration to nd characteristic ori¢iaa.
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(a) (b) (c) (d)

(e) ()

Figure 10: Motion detection map. (a, b): Two consecutiveniea. (c): Warped shadow invariant
image for frame (a). (d): Shadow invariant image for frame (b): Motion map by shadow invariant
image overlapped with frame (b). (d): Motion map by origigahyscale images overlapped with
frame (b).

Figure 11: Ten-framéest sequence and corresponding motion map. Note that the mietdures
are missing in this example.
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Figure 12: Tracking result with traditional snake for the-feametest sequence.

Figure 13: Tracking result only with the predictive continter-frame constraint term for thest
sequence.

Figure 14: Tracking result with both the predictive contouer-frame constraint and chordal shape
descriptor inter-frame constraint for thest sequence.
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Figure 15: Tracking result with proposed method forladl sequence. Selected frames from the
40-frame sequence.

(@) (b) (©) (d)

Figure 16: Motion map. (a, b) Two consecutive frames. (c)ibomap by original grayscale images.
(d) Motion map by shadow invariant images.
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Figure 17: Tracking result with proposed method for the sequence, selected from a 100-frame
sequence.
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Figure 18: Tracking result with proposed method for tiafic sequence, selected from a 100-
frame sequence.
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Figure 19: Selected frames from tracking result for the 8&fiemouse sequence.
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