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Abstract

An active contour based tracking framework is described geaerates and
integrates dynamic shape information without having terleapriori shape

constraints. This dynamic shape information is combinet @dynamic pho-

tometric foreground model matching and background mishiatc Bound-

ary based optical ow is also used to estimate the locatiothefobject in

each new frame, incorporating Procrustes shape alignnm@mmising re-

sults under complex deformations of shape, varied levet®isfe, and close-
to-complete occlusion in complex textured backgroundpegsented.

1 Introduction

This work is concerned with the segmentation and trackirapggcts undergoing arbitrary
and smoothly varying deformations, however without theoftomplex, supervised, pre-
processing and model preparation that is normally assextiaith a priori learning of
shape constraints. In other words, we are particularlyr@sted in eliminating the need
for harda priori shape constraints for tracking objects.

Active contours have been extensively investigated fonsagation and tracking,
see for example [8] and the references therein. They have inéegrated with prior
shape knowledge (including its variations) to help incesti® robustness of tracking in
both spline based approaches, e.g. [2], and geometric bageldsets, e.g. [12]. Shape
representation in active contour based works is often irfidha of a PCA model of a set
of characteristic level sets [12], or control points modélusing Active Shape Modelling
(ASM) [6]. The level set PCA approach is used to model the mosbable underlying
variations of an object's shape to which the currently eiravievel set is compared.
Similarly, the ASM approach represents spatial modes aétian of a set of points along
an object's contour. Another relevant example of the useiof ghape information is the
recent work in [7] which demonstrated how such informaticayrbe useful in extremely
noisy situations where non-shape information alone (Gansstensity distributions) is
not enough to allow a person to be tracked.

Many of these prior shape based methods are quite robustdprg accurate outlines
of the shape of the object being tracked rather than, e.gxatmnd the object. How-
ever, the preparation of extensive prior shape knowledgeisalways convenient and
even cumbersome. Moreover, these methods can encounteitttBs if the object being
tracked undergoes an unpredicted transformation in sHag&8], Yilmaz et al. propose



a method that adapts to previously unseen shapes, but diiggdithis high-level on-line
shape information when an occlusion had been detected.pive@ch we present here is
to use a signed distance skeleton representation of shapis ttynamically and contin-
uously updated. This assumes that the deformable objecum#grgo smooth changes
in shape and does not require amyriori shape con gurations. Unlike a conventional
skeleton, a signed distance skeleton is a useful repragante# shape as it is a com-
pletely reversible summary of the object shape. Furtheemibis based on shock points
of the signed distance function which we use as the levekggesentation for our active
contour framework.

We instill the signed distance skeleton in a level set basédeacontour framework
that combines dynamic photometric information and in-liiy@amic shape modelling to
continuously control the shape of the tracked object. Furttore, we use optical ow
along the shape boundary of the object to initialise the nesitipn of the object in each
frame. Then alignment of the dynamic shape information iggoeed by Procrustes
analysis, e.g. [9], of the points in the silhouette of thekesd object.

A new modelling approach for the photometric informationalso presented that
utilises a dynamic photometric probabilistic descriptafrihe object being tracked. The
model maximises the product of two ratios: (a) the ratio &fthodel distribution to the
foreground distribution of the current contour positiom &l foreground pixels; (b) the
ratio of the background distribution to the model distributfor all background pixels.
This approach provides a robust measure of match with tlekdrhobject. The initial
conditions can be provided manually or via a bootstrap aggravhich detects spatially
independent foreground objects as possessing differetibmproperties from the dom-
inant motion (e.g. background), see e.g. [10]. The boqgipirg topic is the focus of
another publication in which we describe an automatic ag@ng5].

2 Methodology

Three sources of information are incorporated into the abilistic tracking framework
(section 2.1): dynamic photometric information via higmg modelling of the fore-
ground (tracked object) and background image regionsi(se2t2); shape regularisation
using a combination of signed distance skeletons and sigavedlse distance transforms
(section 2.3); and low level motion estimation using bouwdi@sed optic ow estimation
(section 2.4). The form of the shape is carried across froefame to the next, thus pro-
viding temporal shape regularisation without resorting foriori learnt shape structures.
Section 3 considers some practical issues such as thetdi§omnmulation of the proposed
PDE. Experimental comparative results are then presentseldtion 4.

2.1 Probabilistic model

Each pixel x in each framgis associated with photometric image informatith, Each
frame is divided into foregrounB9 and backgroun® 9 pixels, withW= f F9[ B 9gthe

set of pixels in the image space af¥dx) 2 f 0;1g, b9(x) = 1 f9(x) binary foreground
and background labels, respectively. The foreground amttdraund division is also
characterised by a dynamic sha8, (see section 2.3). We develop a method to deter-
mine whether a point is more likely to come from the foregrd&d or background 9.



The foregrouna posterioriprobability is given by

p(Ifif9) p(S%f9; 7 1P(f9) 1
p(FSS .
wherep(lfgjfg) is the foreground photometric likelihoog(SY%f9; S¢ 1) is the shape PDF,
P(f9) is the foreground prior probability, arm{lfg; S9%s? 1) is the marginal data PDF. The
a posterioriprobability P(bgjlg) for the background region can be similarly de ned. An
optimisation process can be applied to maximisegtipesterioriprobabilities. Certainly,
the optimisation process would become redundant itrthe likelihoods and prior terms
were known. Instead, the optimisation process can be eeldarnith dynamic knowledge
(from preceding frames) regarding a hypothetical foregublikelihood p(19m9). Again
this can be obtained via a (hypotheticaf)osteriorimodel probabilityP(mdj19; S9; ¢ 1)
wherem? is a hypothetical model labelling. Thus, the foregroundilsirity ng’;m and

background dissimilaritﬁg;m can be derived via two logarithmic probability ratio tests,
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The expression in (4) quanti es the model similarity witretestimated foreground and
its dissimilarity with the estimated background. By minging it, we can produce an
optimal division of the image space into foreground and aoknd regions. The terms
in (4) are obtained in the next two sections.

2.2 Dynamic photometric modelling

Itis common to use RGB values to identify contiguous regihias may correspond to an
object of interest. This photometric information can be bamad with an active contour
method which is then able to bound regions of commonality, [@, 15, 21]. Such exist-
ing region based active contour approaches rely on congrebetween foreground and
background regions which depends on the tracked objecepsisg suf ciently different
photometric information in comparison to the neighboustrgctures to prevent the fore-
ground region leaking into background regions (and vicesagr Further information is
therefore often introduced to constrain the object, e.gdgnt magnitude based energy
terms. In contrast to this, we advocate the use of foregranatthingand background
mismatchingusing a stable probabilistic description to reduce the ipdig of leakage



from one region into another. This intricate probabiligtfltometric model continuously
updates the photometric information of the object beingkeal (Dynamic Photometric
Model) to provide a more robust measure of the object's bamd

The photometric PDF(1{jf9 and p(1Zjb9 can be obtained from the colour his-
togramsH fg(lg(x 2 F9) andH bg(lg(x 2 BY)), respectively. The probability space is
modelled here with a nite number of Gaussian componenth wiarameters that are es-
timated via Expectation Maximisation. This informationagtomatically available for
each new image frame via the bounds of the active contours,Maei can reformulate the

photometric part of (4) as a photometric energy to be mirgahjs
Z Zz

Es= 1+ (Iwnp(dim9)  Inp(idif9)dx 1y (Inp(Igib%) I winp(Iim9))dx; (5)
F9 B9
wherel , controls the dynamic photometric model PDF importance,/grehd/ , con-
trol the contribution of the foreground similarity and bac&und dissimilarity.

If particular parameter con gurations are selected giviea PDFs of the tracked re-
gions, then (5) may also be considered to be equivalent,rin feaexisting models, e.g.
[4, 15, 21], that do not incorporate a similar foreground meyrcomponent. For exam-
ple,ifl n=0,1¢<0,l f°: I + and given imaging conditions that result in the intensity
distributions of the foreground and background regionspssing Gaussian distributions
with a common variance, i.69(xf) N mg;s3g and19x,) N mg;s3g , then

(5) reduces to
Z Z

)y EZ, 10 1¢ meldx Ip 1f my Cdx; (6)
F9 BY
which is the popular energy term proposed by Chan and Vesé[@rnatively, if/ ,, = 0

and/= [y, then(5) reduces%o 5

) ES, Inp(Ifif9dx  Inp(Ifib%)dx; (7)
F9 BY

which is another popular active energy term found in [15, Péfierred to collectively as
region competitiorin this paper. Thus, the formulation proposed here provalgen-
eral dynamic photometric probabilistic model to match tdipalar regions of the image.
Furthermore, the unique combination of foreground maiglaind background mismatch-
ing can be shown to be an ideal combination for tracking apgibns. The foreground
matching helps to reduce false positives and the backgrousihatching increases true
positives so that the effect of any initial mis-alignmenttbé model with the tracked
object is rapidly reduced.

2.3 Shape representation and regularisation

In addition to photometric information constraints, owdking framework in (4) includes
shape PDFs and prior probabilities for the foreground antkgpaund regions. This
allows dynamic shape information to quantify the dissinijaof the current shap&9,
with the preceding frame sha@ ®. This assumes smoothly varying transformations in
object shape. Thus, the shape of the currently tracked pirjag be compared with the
shape of the object in the preceding frame to reinforce theking stability.

As an abstraction of the shape at a high-level, a signedrtistakeleton represen-
tation,s = f(x;d)jY (x) = dg is selected here, e.g. [1], whedds the distance from the



contour to the skeleton and( ) is a signed distance map from the cont@uthat sur-
rounds the foreground regidn The latter is a composite function, obtained by applying
the signed distance transforn, e.g. [3], given byY = D C, and it has the following
propertiesY (x2 f) 0andY (x2 b) > 0. Thus,Y () quanti es a distance to the contour
C. The distance transforf@ is implemented here via a 33 Chamfer approximation to
the Euclidean distance transform [3]. The signed distakeke®nisation process§, Y,
utilises the signed distance map by rst identifying thedbminima in the signed distance
map [1], i.e. Xnin= FXjY (X) < Y (%) 9% : jhx;xiij  1;Y (X) < 0g. These points de ne a
set of disconnected minima which can be connected to de rexagnisable skeleton in
the direction of minimum gradient

Xls<+1= ijargrp_ir(Y(x) Y(X));Y(X)< 0; x2 X’s‘;9 xp i xiip 1g; (8)
]

where x§:° = Xmin and X’S‘ then de nes the skeleton where no further points can be
connected at iteratiok+ 1. Hences= XX when X< = Xk*1, The inner producih; ij
1is de ned on a discrete pixel based grid where in practiegdnal pixels are weighted
by the inverse of their distance. The skeleton often reguin@éning, so such a process
is then applied to reduce it to a 1 pixel-width skeleton. Tkeletonisation process is
reversible via a signed reverse distance transforns D (s), providing the signed
distance values are retained, ide.The signed distance skeleton representation therefore
succinctly encapsulates the shape information of the échokbject.
Intuitively one may consider a simple comparison of the ekals to be suf cient to
determine whether the current shagdeclosely resembles the tracked object's shepé
in the preceding frame. However, this can not regulate amdrabthe active contour's
shape at a local level. Thus, it is necessary to reconstngcshape of the object after
transforming the preceding frame shagde! to the space relevant to the current image.
The reconstruction process can take the form of a signedsewtstance transform 1
of the aligned signed distance skelewf 1, i.e. Y® 1= D 1(s¥ 1) wheres¥ ! =
T(s? 1, Y9 1,Y9). The alignment procesE rigidly aligns the preceding frame skeleton
to the current shape via Procrustes alignment [9] of th@aiite of the foreground in the
preceding frame and the current frame, i.e. whé(g) 0 [19]. This has been found to
be more robust than direct alignment of the skeletons. Tkel fabelsf(x), b(x) and the
current signed distance m3{¥ together with the converged and aligned signed distance
map from the preceding fram¢% ! are de ned for the entire image space. Hence, by
analogy, a shape based regularisation term can be included
z g.ag 1\f9 1g.ag 1yb9 z
ES=  In p(SaJ,mg'Sgl 2@’ P(Sb, &7 1)bg dx, Iy Y9 Y% 1) Zdx (9)
w PEIGS P p(Shme ST ) w

The parametefy controls the in uence of the shape of the contour from thecpte
ing frameCY 1 on the evolving contour of the current fran®9. The signed distance
skeletons in combination with the signed distance mapsetrdicked object thus pro-
vide a concise approach to alignment and comparison of tgeshof the tracked object.
This approach is similar in some respects to [22], excey# figa variable topology, dy-
namically updated skeleton is used, and (ii) signed digtaatues are retained to enable
the reconstruction of a comparable signed distance map tinempreceding frame to the
signed distance map of the currently evolving contour. Th&n important consideration,
as will be seen shortly, when the signed distance map is greglm re-initialise the level
set embedding functioh, used as the basis for the evolution of the object shape.



Region regularity As a measure of regularity, the prior probabilitiegf9) andP(b9)
can be described by Markov Random Fields. However, a simetgriarity measure can
be introduced, kﬁy analogy, into the optimisation proceasceintour length minimisation
de ned by L9=,,d(Y 9)jNY 9% dx, whered( ) is the Dirac delta function. Hence,

4 b9 z
Ef= PO a1l dY9iRy9dx (10)
P(f9)f y

wherel | is the weight of the length constraint and hence controlg¢gelarity of the
boundary that divide®’ andb?.

2.4 Boundary based optical ow

Tracking objects in video can be accomplished with active@ors by allowing the con-
tour to adjust to the new frame data without any externatrestion of the new position
of the object, e.g. as in [20]. However, this will often regumore computations to al-
low the contour to adapt to the new position. A commonly usggreach for tracking
objects is to utilise estimates of optical ow for featurésit are reasonably easy to iden-
tify. For example, Lowe [13] described salient featuresahhivere tracked using optical
ow estimation. Paragios and Deriche [14] utilised opticalv as a further constraint
to be minimised. Alternatively, boundary based optical omay also be considered,
e.g. in [17] a Canny edge detector was used to identify sigitabundary locations for
optical ow estimation. Here we also track the object by estting the optical ow
along the boundary points. However, the tracked contowesraplicitly de ned in our
active contour framework. First, a mean estimafe ! of the movement of the object
is determined along the zero level of the signed distancetiom, (i.e. the contou€):

n? 1= 218y 19=0V9 Y(X)dx wherevd (x) is an optical ow estimate at point x.
This is then used to update the position of the signed distéuntction for each new im-
age framey 9(x) = Y9 1(x+ nf 1). Thus, the position of the contour in each new image
frame is estimated via the mean of the optical ow along tlaeked object's boundary.

3 Combined tracking framework

The contourCY that surround$? can be approximated via splines, but such an explicit
representation presents some practical dif culties, fearaple situations that result in
signi cant changes in the topology of the evolving contolinerefore CY is embedded in
the zero level of a level set, i.89(x;t) = 0. Thus, the three energies in (4), ili:f.’ in (5),

EY in (Zg)ﬁ andE! in (10) can be written as (omitting

E= [¢(1 He(f)) Inp(ixim) Inp(Ixf) + 1uHe(f) Inp(Ixjm) Inp(ixjb)
W
(0]
+y Y Y¥%) 2+ 1 Lde(Y)RY] dx; (11)

whereHg( ) is a Heaviside function and denotes slight regularisation ([4]). Minimisa-
tion of (11) is possible via gradient descent, hence (usiathods from [4, 16])

T G(f) 1y Inp(hgm) Inp(iif) 1o Inp(igm)  Inp(lyib) + 1 K

ft
+1y F(X) YY) dx (12)



whereK isthe curvature and = f which is enforced via initialisation and re-initialisatio
processes discussed shortly. This is then implemented witeadifference scheme:

é(f(t+1) f)=jNfj  1¢(ImInp(ljm) Inp(ljf) (13)
lo(ImInp(lim) Inp(ljb))+ 1 K+ 1y f(t) YY) ;

where Dt is the iteration step of the nite difference calculationsdad.(f) has been
replaced byjNfj ([4]) to extend the evolution to all level sets. The level kas to be
re-initialised after a number of iterations to reduce esitiat accumulate due to the nite
difference approximation. The re-initialisation proces®d here involves locating the
zero contour of the current level seft) and re-computing the signed distance transform.
After re-initialisation, the photometric PDFs for the fgreund and background are
re-estimated to take account of the change in the locatitimeafero level set, i.& x2 W,
f (x;t) = 0. The skeleton from preceding frars& ! is then aligned to the skeleton of the
current level ses9 to gives¥ 1. The signed reverse distance transform is then applied to
s¥ 1to create the signed reverse distance map for this levetesation.

4 Experimental Results

We report various experiments including noise analysis @rdparative results against
the region competition approach from [15, 21]. The numbemd@ge mixtures in the
Gaussian Mixture Model (GMM) for the photometric modelliwgs set to 6. This was
empirically found to provide the best results for the imagguences we used.

The proposed method is rstillustrated by tracking a moviramd undergoing a rota-
tion resulting in complex shape changes and transformstidnotating hand presents a
very large range of different shapes through which the fragkramework has to dynam-
ically and adaptively update the shape information. Noiss mtroduced by replacing
pixel values with a given probability (i.e. 15%, 30%, 45% 0£6) using a uniformly dis-
tributed noise value, similar to [7]. Sampled frames frorateaoise sequence are shown
in Figure 1 where it can be seen that the tracking framewaakis to track in the presence
of varied amounts of noise and complex shape deformations.

Figure 1: lllustration of tracking through complex defortioas and variable noise. Sam-
ple frames from each noise sequence shown (15%, 30%, 45%08ay 6

In Fig. 2, we demonstrate comparative results for a sequeheeperson walking
amongst some trees (video data from [11]). In the top rowtegeon competition [15, 21]



in (7) and optical ow were used to track the person withouhgshape, i.ely = 0. The
region competition approach soon became unable to condtraimodel suf ciently to
prevent growth into the complex textured background. Ir2the row, our tracking frame-
work was applied but with a xed photometric modelerived from (5), i.e. by setting
m9= m% 1, and still without shape regularisation. The tracking psxis stabilised, pro-
ducing fairly accurate tracking of the person moving amanigs complex background.
However, the tracking was lost when the person was occludssipg behind a tree. In the
3rd row, we performed the same experiment, but introducedtiape information. The
use of this shape information appears to provide a smootiténe of the tracked person.
Furthermore, accurate tracking was also obtained for thsopeuntil close-to-complete
occlusion behind the tree (partially shown here). Keephephotometric model xed,
i.e. not dynamic, constrains tracking to only adapt to thectof interest. This becomes
a problem during severe occlusion due to the different pinetoic properties of the tree.
In the nal row, the same model con guration was utilised lwith the dynamic photo-
metric model (updating from one frame to the next, thus mitimg dynamic information
regarding the changing photometric properties of the famegd region). This model
con guration enabled tracking of the person through thesekto-complete occlusion.

Figure 2: Tracking results for person walking in busy backgrd: (top row) region com-
petition (7) without shape, (2nd row) xed photometric mb@®) without shape, i.e.
m9 = m%1; (3rd row) as last row but with shape pridry( 6 0), ( nal row) as last row
but updating the photometric model from frame to framem@6 m9 1. Data from [11].

Performance characterisation (Fig. 3) was performed ofrathes from the video
shown in Fig. 2 using the Dice co-ef cient. The Dice co-ekxit, 3Fy\ Fgj=(jFyj +

1This is equivalent to tracking an object with a xed prior dlibution.



| || Model (row in Fig. 2) |
| Frame g || 1st | 2nd | 3rd | 4th |

Dice co-efficient (smoothed)

21 0.10 | 0.75| 0.76 | 0.74 0.40 + B
occlusion———="

4 0.09 | 0.82 | 0.84 | 0.84 020 L o shape (1stromy .

215 0.03 | 0.63 | 0.78 | 0.55 0.00 with shape (4th row) —— . L

258 0.05 | 0.00 | 0.00 | 0.76 o 50 100 150 200 250
image frame

Figure 3: Quantitative comparison for tracking resultsvghan Figure 2.

Figure 4: Tracking results for sh sequence with moving alvee Some problems were
encountered, but tracker subsequently recovers full sbbghee sh. Data from [20].

jFgi) is a suitable performance quanti er as it quanti es the amioof overlap between

the tracking framework's de nition of the foregrounBy and the manually de ned fore-
groundFg:. The Dice co-ef cienttends to 1 for perfect tracking resudnd O for imperfect

tracking results. The values in each column show the pedora for each row in Fig. 2.

The values are also graphed in Fig. 3 for every frame, shottiaglip in accuracy when
the occlusion occurs. Results in Figs. 2 and 3 help to ilidstthe advantage of including
dynamic shape information in the model framework. They dlgstrate that dynamically

de ned shape information is sensitive to occlusions, untbe photometric information

is also de ned dynamically, as for the nal row in Fig. 2.

Results for a sequence with ego and object motion can be sd€g.i 4, using data
from [20]. The complex imaging conditions prevent accutaaeking for a number of
frames. Nevertheless, the proposed combination of dynabjéct shape and foreground
matching and background mismatching recover the full stedgke tracked object, de-
spite the sh undergoing signi cant changes in scale, shape photometric properties.

5 Conclusions

We presented a tracking framework incorporating a novekegalised dynamic photo-
metric active contour model and an approach for includingadyically driven shape
information, adapting to new shape con gurations whilshstaining the evolution of
the active contour. Tracking is performed via optical owtiegation along the bound-
ary of the contour rather than relying on the extraction diesd points in the image and
associating those points with the object being trackedulRekave shown that the com-
bined framework is able to track objects undergoing comgkfiormations of shape even



in the presence of varied amounts of noise. Further resaits hlso shown tracking un-
der close-to-complete occlusion with complex backgroumatpmetric information. The
main shortcoming of the method is that it is too slow for rieadt purposes.
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