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of Performance Measures
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Abstract—We present a scalable object tracking framework, requires special video-capture apparatus. Other approaches
which is capable of tracking the contour of nonrigid objects in  for automatic segmentation assume that the background is
the presence of occlusion. The framework consists of Open'|°°pstati0nary (or has global motion that can be compensated

boundary prediction and closed-loop boundary correction parts. . tri del d the obiect of int ti .
The open-loop prediction block adaptively divides the object con- using a parametric model) an € object of Interest IS moving

tour into subcontours, and estimates the mapping parameters for independently of background motion. Then, semantic object
each subsegment. The closed-loop boundary correction block em-segmentation can be achieved by change detection and/or
ploys a suitably weighted combination of low-level features such motion segmentation [1]. Other methods impose constraints
as color edge, color segmentation, motion models, and motion sed-on the shape of the tracked object by using 2-D [2], [3] or

mentation for each subcontour. Performance evaluation measures th di . | (3-D) sh a1 15 dels. S |
are used in a feedback loop to evaluate the goodness of the seg- ree—dimensional (3-D) shape [4], [5] models. Some al-

mentation/tracking in order to adjust the weights assigned to each gorithms acquire the 2-D-shape space information through
of these low-level features for each subcontour at each frame. The training [6], [7], and use projections onto the shape space to
framework is scalable because it can be adapted to track a coarse estimate the most likely object boundary at a certain frame. The
estimate of the boundary of selected objects in real-time, as well as Condensation algorithm [8], which is a state—space sampling

pixel-accurate boundary tracking in off-line mode. The proposed
method does not depend on any single motion or shape model, andapproach, needs the shape space to be known beforehand.

does not need training. Experimental results demonstrate that the Another application of learned motion models for tracking is
algorithm is able to track the object boundaries under significant presented in [9]. Pfinder [10] is a blob-tracking method that

occlusion and background clutter. runs in real time, assuming that the background is relatively
Index Terms—Active contours, object tracking, performance Stationary. Another blob-tracking approach that uses color
evaluation. histogram of the tracked object is presented in [11]. Semiauto-

matic segmentation/tracking approaches incorporate minimal
user interaction to resolve the ambiguity of semantic meaning.
A recent such technique [12] tracks the visible boundary of
HE PROBLEM of two-dimensional (2-D) object trackingthe object under occlusion, where the initial object boundary is
has attracted much attention due to its many applicatiodsfined interactively and the boundary is modeled using active
in computer vision and video processing, including surveitontours. In another recent work [13], the boundary of the
lance, content-based indexing and retrieval, object-based videgked region is modeled using a hidden Markov model which
coding, and video post-production. Some of these applicationscorporates different image cues and utilizes a joint probability
such as surveillance, require automatic real-time processitg@ta association filter to compute the transition probabilities.
while tolerating some performance inaccuracy. In other agvhile some of these methods emphasize real-time tracking of
plications, such as video-post processing and object-basgfbroximate object boundaries, others address pixel-accurate
coding, accuracy is very important while the processing mapject tracking in off-line mode. However, none is scalable
not need to be done in real time and a reasonable amount®faddress both requirements in a single generic framework,
user interaction is allowed (in fact even desired). Thus, it isor do they provide a method for automatic adjustment of
of interest to develop a generic scalable video-object trackingights for each contour segment. Some of the object-seg-
framework that can address all of these diverse requirementsnentation/tracking algorithms in the literature are tabulated in
The simplest approach for fully automatic object segment@able |, together with their properties.
tion/tracking is to use blue screening (chroma keying), which In this paper, we propose a scalable video-object tracking
framework, which employs performance evaluation measures
in a feedback loop. An overview of the framework is given in
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TABLE |

SOME OF THE OBJECT SEGMENTATION/TRACKING METHODS IN THE LITERATURE

311

Algorithm Important Training & Shape Method Specific
by Features Assumptions Model Used Task
Isard Uses Learn shape Shape space State-space Track objects
[8] B-splines space, constant velocity known sampling of shape space
Wren Single person, Learn stationary Human body Blob Human
[10] Fixed camera background model tracking tracking
Wachter Integrate edge & Constant velocity, Elliptical cones 2D Projection Human
[5] region information | Interactive connected by joints | of the 3D model tracking
initialization
Fu Occlusion Draw None Scale-invariant Track occlusion
[12] detection initial contour snake boundaries
Ju Patches form Define initial Planar Predict location Track human
(3] a chain patches Limbs of next patch limbs
Cham High dimensional State-space Scaled prismatic Multiple hypothesis Articulated
(2] state space search model, defines testing objects
initial model
Comaniciu Color Initial region No shape model Histogram matching | Track non-rigid
[11] histogram marked (elliptical region), using mean-shift objects (regions)
Baumberg B-splines, Learn shape Eigenshapes Kalman Track human
[7) uniform motion space automatically filter motion
wt Gray scale Learn background, Silhouettes Shape Surveillance
[14] images Learn projection of people analysis and of people
templates tracking
Proposed Performance Initial boundary None Feature tracking, Rigid & non-rigid
Method feedback marked adaptive snake objects

scheme, i.e., the use of feedback performance scores to autommatimize a set
ically adjust the weight parameters in the energy minimizationolor-segmentation boundaries,

of energy terms derived from edges [15],
and motion-segmentation

The performance metrics used are presented in the Appendigundaries [16]. After each iteration, the goodness of the
Section VI provides experimental results to demonstrate the pgacking results are evaluated using a set of performance
formance improvements. metrics (that do not need ground-truth information) to fine tune
the weights assigned to each low-level cue, such as color edges,
color segments, motion models, etc.
The advantages of the tracking framework can be listed as
We propose a scalable framework for 2-D video objegpllows.
tracking as shown in the block diagram in Fig. 1. The block ., |t can track nonrigid objects as well as rigid ones without
depicted by the dashed lines on the left part of Fig. 1 performs a prior training, since no parametric shape space model is
coarse tracking of the location of the object from fratrel to ¢ assumed.
in real-time or near real-time. The global motion compensation , |t is robust to abrupt changes in motion direction of the
box is activated in the presence of fast camera motion, such object, since we do not impose any prior motion model to
as zoom or pan. If a feature point cannot be properly tracked ne object.
due to occlusion, temporal and spatial prediction schemes can, e algorithm can track moving objects in cluttered scenes

be employed for that point until (and if) it becomes uncovered successfully, since motion-segmentation boundaries are
again. We note that this coarse boundary-tracking block may iaken into account.

be replaced by other real-time region (blob) tracking schemes, | s reasonably robust to occlusions.
without affecting the rest of the framework.

However, the output of the coarse tracker does not always
yield pixel-accurate contour localization. Thus, the remainder
of the proposed framework, which is indicated by dashed linesIn this section, we present a new open-loop boundary-pre-
on the right of Fig. 1, deals with enhancing the accuracy diction method based on contour segmentation and piecewise
the tracked contour (possibly for non real-time applicationspntour mapping. We also address handling of occlusions. The
by using a closed-loop energy-minimization scheme. Tiupen-loop part of the proposed framework can be used both in
boundary is modeled as a union of contour segments thigieractive (non real-time) or real-time mode.

II. OVERVIEW OF THE FRAMEWORK

I1l. OPEN-LOOP BOUNDARY PREDICTION
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Fig. 1. Tracking framework consists of tH@undary predictionand the
boundary correctiorsteps.

A. Boundary Initialization

In the interactive (non real-time) mode, the object of interest
may be determined in the first frame by the user. For example,
the intelligent scissors [17] algorithm may be used for this pur-
pose. In the real-time (noninteractive) mode, a change-detection
algorithm may be used to determine the object of interest in the

first frame under certain assumptions.

B. Boundary Prediction

A

Frame t Frame t+1

(b)

Fig. 2. (a) Locally adaptive boundary prediction using feature-point tracking.
(b) Magnified view of the section of the boundary shown in the box. The large
square image blocks denote the feature points, the centers of which are labeled
asv! andv. Feature points consist ofX 7 image blocks represented by their
centroids. The small circular marks on the boundary denote the nearest points
to each feature centroid. The first segment of the boundary between the first
two projected points at timeis labels asst, where clockwise traversal of the
boundary is assumed.

matrix Bt consisting of all boundary pixels at frane

where
B' = [uf ub - ul,] D
gf:[z;b yf’b]T, 1=1,..., N (2)

The variableq«} ,, v} ,) denote the location of théh
boundary pixel at frame.

We first find a given numbeM, of “good” feature
points [18] inside the segmentation map that@oseto
the boundary. A feature point is close to the boundary if
its minimum distance from the boundary is smaller than a
certain threshold (3-5 pixels). L&Y denote the x M,
matrix of detected feature points, which are arranged in
their order of appearance while tracing the boundary

F'=[v] vy - vhy] @)
T .
Qﬁ:[xif yff] , i=1,..., M. 4)

2) Segment the boundary contour by “projecting” each fea-

In the following, we present our new boundary prediction ture point onto the boundary. First, for each feature point
method, where the Shi—Tomasi feature tracking algorithm [18] ~ vf, 7 = 1, ..., M, we find the nearest boundary pixel
has been used in one of the steps. The main idea of our algorithm ~ u}, j € {1, ..., N;} such that

is also illustrated in Fig. 2.

1) Let the boundary of the object (the segmentation map) in loi —wlill <llof—uill, i=1,..., My,

the first frame be given, and represented by2he N,

VJ7kE{17Nt},J7ék (5)
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Then, the boundary is divided infd; + 1 segments using {1, ..., M,}. Its location is predicted using the average of its
the projection points found in (5). Therefore, a segmentedotion vectors in the lask’ frames
representation of the contour of the object at timis

given by 1 =
it =l 4+ = E m!ik 9
t t t t o - K — o ( )

B'=[s] s} - S, ] (6) k=0
mi=vi-vj* (10)

where each submatrif (2 x p;) consists of the locations

of thep; boundary points between the projections of th@herem ! denotes the motion vector of feature blaei framet

feature point); andv{,; onto the boundary. Note thatandx is the number of frames to average the motion vector. The

p1+p2+ -+ pu, = Ng, so thatB' is 2 x Ni. The  parametek may be adjusted depending on the activity present

selected feature-point paifs;, v !, ;) and the associated i the scene.

boundary line segments) are illustrated in Fig. 2. 2) Spatial Prediction: Another approach for predicting the
3) Track the selected feature points to the next frame usifgtation of an untracked feature point at frame 1 is to use

the algorithm in [18]. For each feature poinf at frame other feature points at framéhat have been tracked to frame

t, we estimate its location at framet 1, v;** (for the 1 and have “similar” properties. Two feature points are “similar”

time being assume that all feature points have been siahey are spatially close to each other and move coherently. If

cessfully tracked to the next frame). the object is specified to be rigid, all the feature points can be
4) Using the motion information of each successive pair @feated as belonging to the same group.

feature pointsf} — vi*', vi,, — v{f]), we estimate  The temporal and spatial prediction results can be combined
a transformation matrix for the boundary segmérstuch  tg estimate the feature point location.

that 3) Search Around the Predicted Locatioihe untracked
AT | zt ytoo17 features and their estimated locations are put in a list. In the
[x”l t+1 J = [x,‘, " J A; (7) next frame, we search around the estimated location to detect
i+ Vit i+ Vit whether the feature point has become uncovered again; the
zicost —zisinf! 0 matching criterion being the mean squared error. For the
Al = | ztsing!  ztcosg? 0| (8) feature blocks that contain background pixels, the search is

done in such a manner that only the pixels that fall into the

segmentation map are considered in the MSE calculation. This
wherez! denotes scale parametéf,denotes the rotation is achieved by assigning the background pixels to a uniform
angle, and:, b! denote two translation parameters. ~ value.

5) Transform theth segment of the boundary at frare?)
using the transformation matrix! to obtain the predicted IV. CLOSED-LOOPBOUNDARY CORRECTION

object boundary |.n frame+ 1'_ The predicted boundary found in the previous section may

The use'r r_\as the option of declarlng"the. whole qr 'parts of t%t exactly match the object boundary due to inaccuracies in
object as rigid. In that case, feature poimtside the rigid parts o ¢re oint tracking and motion estimation. However, the pre-
of the objectay also be used in model parameter estimation i+o 4 poundary is generally close enough to the actual object
add robustness to the algorithm. boundary to allow for snake-based boundary updating. This sec-
tion presents the details of the proposed boundary correction

) ) scheme, also depicted in the right inset in Fig. 1.

Sometimes, a feature point may not be properly tracked toThe active contour model was first introduced in [19]. A re-
the next frame. Note that, the feature tracker employs blocksnt paper [12] presents a new approach of associating the en-
matching using a block of pixels around the centroid of the fe@rgy terms with boundary segments rather than node points in
ture. A feature point is declared as untracked when a Cert@@jynamic programming energy minimization framework [20].
MSE threshold is exceeded [18]. There are two main reasqfignly edge-based energy terms are used, the active contour is
for failure of tracking: easily distracted by background clutter or inside texture and may

1) the object region around the feature point has been @grap to the wrong edges. The new formulation of the energy

cluded (self-occlusion or occlusion by another object); terms introduced in this section fuses the information from the

2) the feature point is near the boundary (that is, the blogllor-segmentation boundaries, color edges and the motion-seg-

centered at the feature point contains pixels from theentation boundaries to prevent such distractions to a certain
background) and the background pixels has changed. extent. We associate the energy terms with boundary segments

If a feature block is not tracked properly, we try to predict itas in [12].
location using motion information of the successfully predicted Our boundary representation consists of polygonal snakes.
nearby (temporal or spatial) features. We propose a combirest n! = (zf, y!),i = 1, ..., N denote the selected node
spatial and temporal prediction scheme, which is describedpnints along the predicted object boundary at frani¢ote that
detail in the following. these points are different from the ones defined in (2) and (5).

1) Temporal Prediction:Let the location of a feature block These node points are selected from the boundary points where
at framet, which was not tracked to frame+ 1, bew?, i € the curvature value is high. Intermediate points are inserted if

at b,f 1

2

C. Occlusion Handling
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the distance between two consecutive points is large. In the r
of the paper, the superscripwill be dropped. The snake energy
of the boundary is expressed as

N

Esnake = Z (Eint,i + Eext,i) (11)
i=1

Eint, i = /Bcurv, iEcurv, % (12)

Eext, i = /Bcol, iECOI, i+ /Bedge, iEedge, i+ /[3mot, iEmot, i (13)

where Ecol i, Eedge,i and Eot,; are external energy terms
which are calculated from color-segmentation boundarie
edges, and motion-segmentation boundaries, respectivi
E.uv,i is an internal energy term associated with the cu
vature of the boundary segment between nades2 and:.
The parametergcurv,il /Bcol,ia ﬂcdgc,ia and ﬂmot,i are the
weighting coefficients of the energy terms. The energy tern
are elaborated in this section, and the weighting coefficier'®
are discussed in Section V.

The snake energy is minimized using the dynamic prograr g,
ming method [20], where the search locations for each node
selected along the normal lines drawn to {hg} node points as
illustrated in Fig. 4. The dynamic programming step is iterate 0

. : ; 50 100 150 f
until most of the boundary points (e.g., 95%) are stationary. @) @
the following, we discuss the external and internal energy terms
in detail. Fig. 3. (a) First frame of “Bream.” (b) Two-class color segmentation. (c)

Color-segmentation boundaries, where the middle cross section is marked
with a line. (d) The Chamfer 3-4 transform of color-segmentation boundaries.
A. External Energy Terms Brighter image intensities denote larger values. (e) The plot of the cross section

. . . . . . of the Chamfer distance transform corresponding to the line given in (c).
A valid assumption in object segmentation and tracking anny edge field. P 9 g ©-0

that object boundaries coincide with color boundaries. How-

ever, color-segmentation boundaries and edges contain different o )
information as can be observed in Fig. 3. If the object is al&j the CDT is given. If the value of the Chamfer distance trans-

moving, object boundaries are also expected to coincide wifif™ of the color segmentation at pixel locatioms denoted by
motion boundaries. Based on these assumptions, we presentﬁ&(ﬂ‘)’ then the color boundary energy term is defined as fol-

external energy terms below. ows:
1) Color Boundary Energy:The color segmentation of
each frame is estimated using the fuzzyneans algorithm 2 CC(u)
[21], where the number of classes are determined by the By ; = 2Emilnizi(®)
user. Alternatively, the number of classes can also be selected 7 Ini(l) = ni—a ()| 7
using cluster validity approaches such as the Zhetra). [22] k=1,....,Nsl=1,...,Ns.  (19)

method. Then, the color boundaries are extracted from the

segmented frame to obtain the binary contours [see Fig. 3(c)]!N (15), ni())n;—1(k) denotes the line segment that is con-
This contour map should be transformed such that it will eecting the current search nodes 1 (k) andn; (1) (see Fig. 4)
able to guide the snake nodes to the correct locations, ewHing energy minimization using dynamic programming [20].
from distant places. This is achieved by using the Chamfer 3The indices: andl denote the search locations along the normal
distance transformation [23]. This transform approximates tHges (which are the angle bisectors) drawn at nadesl and
Euclidean distance of a pixel location to the nearest contgurréspectively andV; is the total number of search locations at

point by transforming the binary contour image using the magkgiven node.
2) Edge Boundary EnergyEdges are found using the

4 3 4 Canny edge detector [15] as seen in Fig. 3(f). Note that the
3 0 3. (14) edge map is quite noisy compared to the color-segmentation

4 3 4 boundaries. Rather than finding the image gradient values as in

[12], we use the Chamfer distance transformation on the Canny

In other words, a pixel location that is in the 4-neighborhooeldge field to obtain the terrain that the snake will slide on.

of a boundary pixel will have a value of 3, and a pixel whiciThis approach gives us a smoothly varying field that enables
is a diagonal neighbor will have a value of 4. In Fig. 3(d), ththe snake to move toward the edges even if the image gradient
Chamfer distance transformation (CDT) of the color-segmenta-zero at its current location. This enables the snake to be
tion boundaries is shown. In Fig. 3(e), a plot of a cross sectiattracted to the edges from large distances. Let the Chamfer
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correct and estimated (to be updated) object boundaries are shown by the thin
and thick lines, respectively. Points({) andn;_; (k) denote the current and

|
I Fig. 5. lllustration of energy minimization using dynamic programming. The
|
| previous search nodes.

1

Fig. 4. lllustration of search locations at each node during dyna"WhereCM(u) denotes the Chamfer distance transform value of

programming. the color-refined motion-segmentation boundary at pixel loca-
tion u.

distance transform of the edge map be denoted &tu). The

edge energy of a searched line segment is found as follows: B. Internal Energy Term

The curvature energy term is estimated using the following

3 CE(u) equation [12]:
E . o w€n; ()mn;_1(k)
FE (1) = i (B ;
E ¢ Ecurv,i =242 ni—1(k)ni—2(3), ni—1(k)n;(l 18
k=1,...,Ngl=1,..., N,. (16) ’ COS(n 1(F)ni-2 (), ni-a )n())( )

. . . . wheretheindiceg kandl denote the search locations along the
.3) MOt'(.)n Boundary EnergyWhen the object is MoVING 1 yrmal lines drawn from the nodes 2,:—1 andi, respectively,
with a motion pattern different from the background, the motlog

boundaries provide an important cue about the object bountf—ShOWn n Fig. 4.
aries. However, most dense motion-estimation approaches such . L
as block matching and the Lucas—Kanade method [24], [25] Selection of Search Directions
give poor motion boundaries, since they tend to smooth the mo4n [12], the search locations during dynamic programming are
tion field by using motion constancy assumptions inside blockshosen as uniformly located points along the normal lines (angle
Therefore, methods to refine the motion-segmentation bourasectors) drawn at boundary nodes. However, a more efficient
aries using the more reliable color boundaries have been sapproach is to use the knowledge of the object and background
gested [16] to perform reliable motion segmentation. In this semslors obtained from the tracking results of the previous frames.
tion, we introduce a new snake energy term that utilizes this ils illustrated in Fig. 5, the search direction (toward the inside
portant cue: color-refined motion-segmentation boundaries. of the segmentation map or toward outside) can be pre-selected

The dense motion estimation is performed by the hierarchicdleach node. If the color of a search node is an element of the
version of the Lucas—Kanade motion estimation algorithm [25et of object colors, then we only search toward outside of the
Following the approach of [16], the dense motion vectors aestimated boundary, otherwise we search toward the inside on
clustered into affine motion classes using theneans algo- the normal line.
rithm. Then, color patches of the current frame obtained by colorin order to make this decision, we first estimate the proba-
segmentation are assigned to one of these motion classeditify density functions for the object and background colors
comparing the dense motion field of the color patch with thesing the tracking results of the previous frame. This is done
pre-computed motion cluster centroids. For details the readebis estimating the normalized color histograms. I&{c(i))
referred to [16]. and Py, (c(7)) denote the probability density functions (pdf’s)

The estimated binary motion-segmentation boundaries arethe object and background colors estimated using the color
also transformed using the Chamfer 3—4 transform resultihgstograms, where(:) denotes the color vector at nogg Let
in the CM (u) field. The external energy term derived from/(n!) be an indicator function for the location of the current
motion-segmentation boundaries is calculated as boundary node.! (inside or outside the actual object boundary

in the current frame), such that

“6% OM{(u) inside if P,(c(i)) > Pp(c(i)) +0.1
Fmot, i = ni(1) — ni_v (K)|| I(n}) = { outside if Py(c(i)) > Po(c(i)) +0.1 (19)

k=1,...,Ngsl=1,..., Ny (17) undecided else.
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Some parts of the color-segmentation boundaries may not
coincide with actual object boundaries due to the inaccura-
cies of the color-segmentation algorithm or because of the
similarity of the object and background colors. We assess the
reliability of the color-segmentation boundaries using the color
metricdcp(t; 4) introduced in (29) in the Appendix. First, the
color-segmentation boundaries are divided into small segments
and the color differences for each segment are calculated using
@) () (29). Then, the meanM¢) and the standard deviatioi$ )

Fig. 6. (@) The predicted boundary to be corrected is shown by dark poin?f. the dep (t; Z) values are found. The segments that have

The selective search directions are shown by white lines. (b) Close-up of %,’ZB(t§ i) Yalues bequ‘IMC —k-Sc are Iab_eled as u_n_reliable._
Gray values of the image pixels have been rescaled to the range [64, 192 toe labeling to obtain a color-segmentation reliability map is

increase the contrast between the black and the white markers and the ima%eOne by dilating the binary image consisting of the unreliable
color-segmentation boundary segments using a square struc-

If we cannot decide whether the node poiritis inside or turing element. An example is shown in Fig. 7.
outside of the actual object boundary, we then perform bidirec-In Fig. 7, we can observe that the unreliable segments are ac-
tional search. cumulated around several places, one of which is the dark (red)
This selective search direction approach not only adds robugftipe above the eye of the fish. Since the color-segmentation
nesstothe algorithm butalso reducesthe search effort. The undié@p incorrectly bends inward at the location where the (red)
lying assumption here is that the background colors are differétark stripe and the (blue) background meet, the inside—outside
from the object colors, at least around the object of interest. Aglor distance at those locations is smaller compared to the other

example of selective search direction is shown in Fig. 6. regions of the fish. Another region where unreliable segments
are accumulated is the two sides of the rear fin, since the fin is

too thin to draw normal lines toward the inside and outside of
_ _ the boundary.

In the literature, there are no systematic ways to select thesimilarly, some parts of the motion-segmentation boundaries
coefficients of the energy terms given in (12) and (13). Hownay not be reliable due to the inaccuracies of one of the
ever, these parameters are critical to the performance of the 8éps in the motion-segmentation algorithm. We assess the
ergy minimization. In this section, we present approaches to adiability of the motion-segmentation boundaries using the
just thg coefficients of the energy terms in a chally_ adaptivotion metricd,, (¢; ) introduced in (31) in the Appendix.
way using the performance evaluation metrics given in the Apjrst, the motion-segmentation boundaries are divided into
pendix. _small segments and the motion differences are calculated for

The power of the proposed framework comes from the indgzch segment using (31). Then, the meadi,{) and the
pendent selection of the optimal weights for each subsegmentgfdard deviation ;) of the dy(t; i) values are found.
the object contour. This adaptive-update strategy even includgss segments that havky (t; i) values belowM,; — k- Sy

complete disabling of some energy terms. In traditional snakge |abeled as unreliable. The paramdtés chosen between
formulations, a single weight value is assigned for each energys qyring the experiments.
term for the entire object contour. Hence, an energy term, say
motion energy, may help to improve the accuracy of a part gf Weight Adaptation
the contour, while distorting a different part of the contour, since L
. o . : After the minimization of the overall energy (11), some seg-
reliability of the motion information varies across the contour, . ’ -
. . . ments of the estimated boundary of the object may not coin-
The proposed formulation enables us to emphasize differenten: = . X . L
Clde with the actual color boundaries. This may indicate that

ergy terms for different parts (segments) of the object contourtFe_ weight of the color energy term was not high enough (if the

order to obtain the best possible results as indicated by quany 0lor segmentation was found to be reliable as discussed in the

tive performance measures. This section discusses the selec(flon. . L :
. . previous subsection). Similarly, if a segment of the boundary

of the weight factors for each segment of the object contour. AR 9 .
. : ; . after energy minimization does not coincide with edges or mo-
Note that since all the energy terms discussed in the previqus ) .
: S I0n boundaries, we may conclude that the weight of the respec-
section are calculated through the utilization of the Chamfer dis-

: : S ive term was low.
tance transform, they are inherently normalized, i.e., if we do . o .

: Following this line of thought, the coefficients of the energy
not have a way of favoring one energy term over another, we

can simply choose the weights as equal, which practically Ieat §ms may be adjusted as follows:

us to a weight-free snake. Beov.i = g1(dcn(t; 7)) (20)

A. Reliability Assessment of Color-Segmentation and Pmor, i = ga(da (t; 7)) (1)

Motion-Segmentation Boundaries wheredc(t; i) anddy, (t; i) are defined in (29) and (31), re-
Before we try to snap the predicted object boundary to tispectively. The functiong, (.) andg.(.) should be chosen such

color-segmentation and motion-segmentation boundaries, that, whendc(t; i) or dys(t; ) are low at a certain segment,

should make sure that they are reliable. the corresponding weight should increase. For example, when

V. ADAPTATION OF WEIGHTS USING PERFORMANCE SCORES
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@) (b) (©

Fig. 7. (a) Frame 127 of the “Bream” sequence. (b) Color-segmentation boundaries. (c) Color-segmentation reliability map. Dark regions lieliidéée un
color-segmentation boundaries.

Row 5

Fig. 8. Row % hand-drawn boundary at frame 1@ow 2 open-loop tracking results for frames 109, 121, and R8w 3 tracking results after boundary
correction using only edge and curvature energy terms with equal weighting. Incorrectly segmented regions are marked viRtbvbdxeacking results after
boundary correction using all the energy terms with equal weighioge 5 closed-loop tracking results using all the energy terms with adaptive weighting.

the value ofdcp(t; 7) is low at a certain boundary segmentThen if we increase the weight of the color boundary energy
this indicates that that boundary segment does not coincide wigéhm, we should be forcing the algorithm toward the nearest
a color boundary, that is, we are far from the color boundargolor boundary faster.
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TABLE I
SUMMARY OF QUANTITATIVE COMPARISONS FOR'B REAM” SEQUENCE

Average number of

misclassified pixels

Average

color metric

Average max. pixel distance

from actual object boundary

Open Loop 1473 0.340 17.3
Edges Only 287 0.516 2.05
Equal Weight 211 0.530 1.27
Adaptive Weight 207 0.527 1.26

energy, i.e., if motion-segmentation boundaries are nearby the
current segment, we would like to go toward them first. Then,
the selection strategy ¢f,,.. is as follows:

K

ﬂmot,i - d]u(t; Z) +1

(23)
where the parametdy; is set to zero if the distance of the cur-
rent segment to the nearest motion-segmentation boundary is
above a certain value (e.g., 10 pixels) or if the current segment
is in an unreliable motion-segmentation boundary region. Oth-
erwise, K is set to 1. Considering thaly/(¢; 7) takes values
between 0 and 1, the values thi&.¢, ; can take is:

0 K, =0
/Bmot,i = O,r . 1 K =1 (24)
¢ o OpenLoop 0 < ﬂmot,z <l 1= 1.
01l | ® e Edges Only
A A i . . . . .
o o Adalveweicht Once we determine the motion weight in the above fashion,
o — — — — — the weight of the color boundary energy tefin, ; is deter-
(® FRAME NUMBER mined as follows:
MAXIMUM DISTANCE oo
-3 _ .
ol o ¢ Open Loop s A e ﬂcol P 4K2(1 ,Bmot.,z>7 (25)
. ¢ Ed Onl R o ’ . q
A A quglswgight o dcs (t, L) +1
251 |0 O Adaptive Weight 1 i i .
é where the parameteks is set to zero if the distance of the
ol | current segment to the nearest color-segmentation boundary is
o above a certain value (e.g., 10 pixels) or if the current segment
? is in an unreliable color-segmentation boundary region. Other-
° . ; wise, K, is set to 1. Considering thalcg(t; i) takes values
B 000 between 0 and 1, the values tfiag; ; can take are
0, Ky =0
Beoli = § 1 — Bumot. s
% < ﬂcol,i <1- ﬂmot,h K2 =1
(26)
© FRANENOMER Finally, the weight of the edge energy term is determined as
' . o _follows:
Fig. 9. (a) Number of misclassified pixels for each frame of “Bream” with
respect to the ground-truth segmentation maps. (b) Color metric for each frame.
(c) Maximum distance for each frame. ﬂcng;i =1- ﬂmot,i - ﬂcol,i' (27)

The numerical range of the energy terfs, ;, Fedge, i, and

We want to distribute the weight budget among the energy,, ., ; are comparable since they are all calculated through the
terms for each boundary segmeénsuch that Chamfer distance transformation. If maximum search length is
r for a certain node, then the maximum value that each of the
energy terms can take is approximatéty The maximum value
that the curvature energy terf.,,, can take is 4 as given in

Since motion-segmentation boundaries are a subset of i8). Therefore, the coefficient of the curvature term should be
edges and of the color-segmentation boundaries, they are mordtiplied by the search range.
likely to coincide with actual object boundaries if they exist and After the coefficients have been updated, the energy mini-
are reliable. Therefore, we give the top priority to the motiomization is repeated forming the closed-loop. The algorithm

ﬁmot,i + /6(‘,01, i+ Bedge,i =1 (22)
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Row 4

Fig. 10. Row I The first frame of the “Parrot” sequence with the hand-drawn boundary (left), the 18th frame of the “Parrot” sequence. The amount of motion from
frame 1 to frame 18 is approximately (2620) pixels in ther andy directions.Row 2 Tracking results after boundary correction for frames 2, 8, and 18 using
only edge and curvature energy terms with equal weighBRogv 3 Tracking results after boundary correction using all the energy terms with equal weidgting.

4: Closed-loop tracking results using all the energy terms with adaptive weighting. Compare the equal weight and adaptive weight resultsthespeciialtys

marked with the boxes.

exits from the loop when most of the node points become stasundary prediction scheme described in Section Ill. Although

tionary between iterations or a maximum number of iteratiortse tracking results are good until frame 110, the predicted

is reached. object boundary deviates significantly from the actual object
boundary after frame 110.

VI. EXPERIMENTAL RESULTS In the third row of Fig. 8, the boundary correction results are

The alaorithm is tested on th id i &}iven using the edge and the curvature terms only with equal
€ algoriihm s tested on three video sequences contain gighting, similar to traditional snake algorithms. The results

£|g|d an:j non“rlgld objects; The sequences used are ‘Breang;o good until frame 115, but some deviations from the original
Parrot,” and “Coastguard” sequences. boundary are observed as marked with square boxes, especially
when the fish starts to turn from right to left.

In the fourth row of Fig. 8, the tracking results after boundary

The Bream sequence contains a fish swimming and chango@rection are shown with equal weighting of all the three en-
direction as shown in Fig. 8. There is significant self-occlusiogrgy term weights. Although the results are much better than
in this sequence as the fish turns from right to left. In the fothe third row, the final boundary in frame 128 tends to snap to
lowing experiments, the boundary is determined interactivellye incorrect color-segmentation boundary as was discussed in
by the user in frame 100 and tracked automatically afterwardsig. 7.

In the second row of Fig. 8, the open-loop tracking results In the fifth row of Fig. 8, the closed-loop tracking results
are given. That is, the boundary is updated based only on tieng the proposed adaptive weighting strategy is shown. It can

A. Results for the “Bream” Sequence
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Fig. 11. (a) Edges of the second frame of the “Parrot” sequence. (b
Color-segmentation boundaries. (c) Color-refined motion-segmentatior o.isf
boundaries. (d) Boundary sections drawn with white lines indicate the region
where the weight of the motion energy term is the largest compared to the othi
terms. The boundary sections drawn with gray lines indicate the regions whel

the weight of the motion energy is zero. o188

be observed that the outcome is definitely more satisfactory tha o1
the results shown in row 4. The problem at frame 128 is succes:
fully eliminated.

In order to compare the four rows quantitatively, the numbe!

0.175
C

of misclassified pixels, the average color metric, and the K X Eouer Weigh
maximum distance from the actual object boundary for eacl o’ : . - . 140 Adapzewe'gm 3
frame are plotted in Fig. 9. The average values of the plot: b) FRAME NUMBER

for frames 101-129 are summarized in Table Il. The adaptivi MAXIMUM DISTANGE

weighting strategy gives the least average number of miscla: 2 Edgeeonty

© Adaptive Weight

sified pixels and the least average maximum distance from th
object boundary. As seen in the Table Il, the maximum distanc
between the estimated object boundary and the actual obje
boundary for the whole sequence is smallest for the last row.

B. Results for the “Parrot” Sequence

Another sequence that is used to test the algorithm is th
Parrot sequence, the first and the 18th frames of which ar
shown in the first row of Fig. 10. The amount of motion from
frame 1 to frame 18 is approximately (2620) pixels in the
z and y directions. The object and the background in this
sequence is quite cluttered. 1 . s s 10 © 1 1 18

The second row of Fig. 10 shows the results using only edg  (©) FRANENONBER
and curvature terms. The third row shows the results using all
the energy terms with equal weighting. The fourth row showsg. 12. (a) The number of misclassified pixels for each frame of “Parrot” with
the results using all the energy terms with adaptive weighting spect to the ground-truth segmentation maps. (b) Color metric for each frame.
If we compare the equal weight and adaptive weight results, Q—Max'mum distance for each frame.
pecially the sections marked with boxes, we can see that the
adaptive weighting strategy is more successful in tracking teegmentation boundaries are found unreliable and edges are
left wing of the Parrot. The equal weighting strategy is affecteglven more weight. The boundary sections drawn with white
by the imperfection of the color-refined motion-segmentatidimes indicate the regions where the color-refined motion-seg-
boundaries which are shown in Fig. 11(c). However, the adapentation boundaries are reliable and more weight is given to
tive weighting strategy overcomes this problem by making tliee motion energy term.
weight of the motion energy term zero in those regions as shownn order to compare the results quantitatively, the number of
in Fig. 11(d). In this figure, the boundary sections drawn withisclassified pixels, the average color metric, and the maximum
gray lines indicate the regions where the color-refines motiodistance from the actual object boundary for each frame are
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(b) Frame 52

.‘
e

(c) Frame 59 (d) Frame 62 ,

(e) Frame 67

Fig. 13. Tracking results for the Parrot sequence with occlusion. The squares and the lines denote the tracked feature points and their mobarkeectors
squares denote the predicted feature points.

TABLE Il D. Results for the “Coastguard” Sequence
SUMMARY OF QUANTITATIVE COMPARISONS FOR‘PARROT’ SEQUENCE . . .
Another sequence used in the experiments is the Coastguard

Average number of | Average | Average max. pixel distance ~ S€CjUENCe. The boat object in this sequence is rigid and the back-
misclassified pixels | color metric | from actual object boundary ~ groOund is quite cluttered. There is also severe blurring when
the camera moves suddenly around frame 72, as can be seen

Edges Only 1006 0.180 4.40 e
Equal Weight 905 0.184 4.56 in 'Ilfll'lg 14. | " s with the i dricid
Adaptive Weight 804 0.181 3.66 e open-loop tracking results with the imposed rigidity con-

straint is given in Fig. 14. Feature points which have been suc-
cessfully tracked at each frame are shown with gray squares and
plotted in Fig. 12. A quantitative comparison table is also givefie predicted feature points are shown with dark gray squares.
in Table Ill. It can be observed that the number of misclassifier)| the feature points inside the segmentation map of the boat
pixels and the average maximum distance from the actual @ffe used to estimate the motion of the boundary of the object.
ject boundary is the smallest for the proposed adaptive energye algorithm tracks the boat successfully despite the heavy
weighting method. blurring due to camera movement in frame 72.

For sequences with rigid objects, the boundary prediction
block without the boundary correction step can be sufficient, as

In order to illustrate the performance of the algorithm undefemonstrated in this example.
multiobject occlusion, we have given the tracking results of an-
other experiment, where the Parrot object is occluded signifi-
cantly by a hand. The open-loop tracking results together with
the tracked (light gray) and predicted (dark gray) feature pointsWe have presented a novel scalable framework for tracking
are given in Fig. 13. The motion vectors of the tracked featuregid and nonrigid objects. The approach consists of an initial
are shown with gray lines. The object is restricted to be rigidwugh boundary prediction, and if necessary followed by a
and affine motion parameters are estimated using all the trackiee-tuning step. New energy terms derived from color and
feature points inside the object. Outlier motion vectors are elirmotion-segmentation boundaries are presented for improving
inated before affine parameter estimation. It can be seen tha accuracy of the estimated boundary. The weights of these
the occlusion handling techniques described in Section IlI-C agaergy terms are determined adaptively in a feedback loop
successful in predicting the locations of the occluded featuressing the intrinsic performance metrics. The experimental

C. Results for the “Parrot” Sequence With Occlusion

VII. CONCLUSIONS
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Fig. 14. Open-loop tracking results of the boat in “Coast Guard.” Close-ups of frames 1, 45, 72, and 86 are shown. Tracked and predicted featere points a
shown by light and dark squares, respectively. Motion vectors of the feature points are shown by gray lines.

@ (b) (©)

Fig. 15. (a) Video object in frame 1 of “Parrot” sequence. (b) Boundary of the video object with the normals. (c) Close-up of a boundary normals Tjastpoint
inside” and “just outside” of the boundary are denotegasndp?,, respectively.

results demonstrate that the presented framework is quite solsject boundary at equal intervals toward the inside and outside
cessful in tracking the boundary of various rigid and nonrigidf the object as illustrated in Fig. 15(b). The points at the ends
objects accurately, without using object-specific models of these normal lines are marked with plus signs. A closer look
training. at one of these normal lines is given in Fig. 15(c).

We define the color difference metric calculated along the
boundary of the object in framieas

APPENDIX
PERFORMANCEEVALUATION METRICS 1 K,
In this section we present two intrinsic performance metrics, 0<dep(t) =1~ K, Z dep(t; i) < 1 (28)

=1
0GR

whereK, is the total number of normal lines in frameC, (¢) is

The first metric is based on the assumption that object bourttie average color calculated in thé x M neighborhood of the
aries coincide with color boundaries, therefore it compares thixel p,(z, y; t) using Y-=Cb—Cr color space, andis chosen
color of the pixels “just inside” and “just outside” of the esti-around 300, meaning a deviation of ten in all color bands will
mated object boundary. In order to define “just inside” and “jugfive us a distance value around 0.6. The average color inside
outside,” we draw short normal lines of lendtto the estimated C'(¢) is defined similarly.

which uses color and motion features [26].

g

den(t; i) =1 exp(
A. Color Metric Based on Intra-Frame Boundary Color
Differences
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B. Motion Metric 2]

The assumptions that we make to define a motion metric are
as follows. 3]
1) The motion vectors of the object that are “just inside” of

the object boundary and the background motion vectorsiy
that are “just outside” of the object boundary are different.
In other words, object boundaries coincide with the mo-
tion boundaries. 5
2) Background is either stationary or has global motion
which shall be compensated for. [6]
In order to quantify how well the estimated object boundaries 7]
coincide with actual motion boundaries, we draw short normal
lines to the boundary at regular intervals as shown in Fig. 15(b),[8]
and we look at the difference of the motion vectors around the
pointspi, (z, y; t) andp’ (z, y; t). The motion metric estimated

9
following this approach for framecan be expressed as: ©]
K ) [10]
Z d]u(t; Z)
—1_=_
0<dy(t)=1 © <1 B0y
> Wi
=1
d]u(t; L) = d (’Ué(t), ’U}(t)) - W; (31) [12]
0<w; =R (vH(1)) - R (vi(t)) <1 (32) 3
wherev), (t) andvi(t) denote the average motion vectors cal—[1 4

culated in aM x M square around the pointé,(z, y; t) and
pi(z, y; t), respectively, and(v,(¢), vi(t)) denotes the dis-
tance between the two average motion vectors which is calciis]
lated as
‘ ‘ [16]
0 <d (vp(t), v(t))

i i 2
SWELUEL Gl
(18]

0.2
where the parameteris chosen as 1, which means if the mag- 19]
nitude of the difference vectors is 1, the value of the motion

[17]
(33)

distance will be 0.6. [20]
In (30), R(.) denotes the reliability of the motion vectgf(t)
at pointp’ [12] 21]
; lv'(t) — b'(t + D12
R(v'(t) = eXP(— 502 [22]
le’s #) = e + o5 t+ 1))
eXp< 202 [23]

whereb’i (t + 1) denotes the backward motion vector at location(24]
p" + v in framet + 1; ¢(p’; t) denotes the color intensity and
the parameters,,,, o. are chosen freely. [25]
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estimation, video segmentation, object tracking, 3-D scene reconstruction, and
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