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Abstract— Online contour-based tracking is considered elastic targets whose geometry and shape can drastically
through the estimation perspective. We propose a recursive change through time; this is known as the out-of-sample
dynamic filtering solution to the tracking problem. The problem. The main difficulty resides in the infinite

state of the target is described by a pose state which di . lity of th h ifold. A It f
represents the ensemble movement and a shape state which imensionallty o € shape maniiold. An alternalive

represents the local deformations. The shape state of the Consists in avoiding finite-dimensional approximations.
filter is described implicitly by a probability field with The principal contributions of this paper arghe

prediction and correction mechanisms expressed accord- definition of a recursive estimator on a dynamic target
ingly. The filtering procedure decouples the pose and giat0 and the quantitative validation of its performance.

shape estimation. Experiments conducted with objective The t t stat del is d d int d
measures of quality demonstrate improved tracking. € target stale model Is decomposed Into group an

Index Terms — Contour tracking, Online visual track- shape, with independent filtering stategies on each sub-

ing, Recursive filtering. state. A second-order model incorporating dynamics is
presented that handles non-rigid shape deformations. A
I. INTRODUCTION probabilistic model is used to describe the shape space

This paper considers the problem of faithful contourand a novel correction mechanism is presented.
based target tracking under imaging noise and approx- The paper is organized as follows. Section Il describes
imate target/background models. Many contour-basdtie recursive shape filter, which covers the prediction,
techniques view the problem as a detection problem overeasurement and correction steps. Section Il details
the individual frames of a given image sequence [2]experiments conducted and verified using objective per-
However, methods that take advantage of the underlyirfgrmance metrics. Section IV concludes the paper.
natural coherence and consistency of the target should
provide improved tracking. o .

Temporal consistency has been used to update tfe State Description and General Overview
initialization of the detection algorithm at subsequent The state model for the filter must describe the target
times [1]. Alternatively, it has been used to process a s@nd the movement of the target in time. The state model
guence volumetrically. Such batch processing techniquebtosen follows [13], which defines such movement as
[10], [12] can successfully recover a solution (throughbeing composed of a rigid motion followed by a local
the entire video) that guarantees global coherence adéformation. The state decomposition into pose and
fitness to the measurements by processing the entisbape is calledleformotion[13]. To define a recursive
sequence at once or several frames before and after tthgnamic filter on the dynamic system, the pose velocity
current one. We are interested in an online, recursivend shape velocity must also exist in the state model.
method that does not require access to future frames. The group variableg is described bySE(2) or

The tracking problem can be viewed as an estimatioits subgroupE(2), describing the group motion as a
problem given temporally correlated measurements. Reemposition of translation and rotation or as a transla-
cursive filters are derived from a Markov assumptiorion, respectively. Its associated velocity is denoted by
on the temporal state history. Many existing recursivé. In this work, the shape is implicitly defined by a
methods usually include reduction of the shape spag®obability field P representing the probability that each
to a finite-dimensional approximation through PCA pixel belongs to the target. TH®% probability contour
ICA or kernel PCA [4], [5]. Finite-dimensional filtering determines the bounding contour of the target. The shape
strategies are then applicable, however, their desigrelocity is a vector field® defined on the domain of the
requires a careful choice of the training set, a reductioimplicit shape descriptoP. Thus, the internal state of
analysis, and possibly a learning phase to estimathe recursive filter consists @§, ¢, P, ©). The recursive
the state evolution model in the reduced space [9iltering structure proposed is depicted in Figure 1. It is
Unfortunately, these techniques are unable to cope with predictor-corrector procedure described below.

Il. RECURSIVEFILTER DESCRIPTION



and + denote measurement, prediction and correction,

R .
MQ '*—XL respectively. As the pose and shape corrections are
@ % decoupled, we describe them separately.
}@ ’ 1) Group: Since the pose and its velocityy, £) are
@ j finite dimensional, correction can be performed through
} o o standard filtering methods. For example, given linear
dynamics, Kalman filtering can be used.
BREDIC 2) Shape:Due to the infinite dimensional nature of

the shape state, a unique correction method does not
exist. In the following, we define a novel correction
scheme on the probabilistic shape space.

Geometric BlendingCorrection of the shape consists
of the weighted geometric mean of the predicted and

OBSERVER

Fig. 1. Visual tracking recursive filter structure.

B. Prediction measured probability fields, and their complements,
The prediction is based on prior knowledge regarding Pt = (p—)“K . (pm)K and
target movement. Here, we provide a general constant i 1K K
velocity motion model for the full filter state QT =(01-P7) (L= Pn)”,
. : after whichP™ andQ* are normalized, but only* is
9= 3 5 =0 kept. The parametek” lies in the rangé0, 1] and is de-
P=VP-0, 6 =0. fined by the user according to measurement noise. Low

K indicates high measurement noise, with correction
biased to the prediction. High indicates the opposite.
Measurement of the system involves, at most, the 3) Shape VelocitiesThe shape velocity is a vector
determination of the four sub-stateg,{, P, ©). In  field, thus it resides in a linear space. Corrections are
practice, ¢ is not directly measurable. Note that thejnduced on the velocity field through errors in the

measurement block is not a part of the filter, but amheasured probability fields and/or the measured image
external operation providing input to the filter. Anyyg|ocities:

segmentation algorithm can be used to generate the _ B _
measurements. The segmentation leads to the measuféd = © + Kuve - Xerr (P, P7) 4 Koy - (O — 07)

states as follows. o One way to generate the error vector field
1) Group and Probability Field Measuremenif the  x__ (p,. P~) is to compute the optical flow between
segmentation is not a probability field, then additionajhe measured and predicted shapes. The parameters

processing may be required in order to convert the initiaj  and K, vary in [0,1] and are chosen according
output of the segmentation algorithm into a probabilityg the measurement noise.

field. For example, if an active contour segmentation
technique producing signed distance functions was used IIl. EXPERIMENTS AND RESULTS
to generate the measurements, then the processing wouldVe conducted experiments to demonstrate the ability
transform the signed distance function into a probabilitpf the proposed filter to enhance contour-based trackers
field, with the zero level set matching the 50% contourand provide consistent tracking under perturbations. Due
The segmentation is registered against the predictéd space constraints, results of three representativevide
state. The registration procedure thus identifies the csequences are presented: a synthetically noise-corrupted
ordinates of the two constitutive componefys,, P,,,). infrared sequence from the OTCBVS dataset, a color
2) Velocity Field MeasurementThere are several sequence featuring a working man whose body shape
feasible methods for generating the shape velocity mesaries, and likewise a swimming fish. Ground truth for
surement. The method used here is the optical flothe sequences consists of manual track point determi-
field [7] between the current target image data and theation and manual segmentations. Using the ground
previous target image data (after the registration steputh, quantitative performance evaluations are obtained
described above). There is abundant literature abotitrough objective measures of quality. For the group

C. Measurement

computation of the optical flow field. variable, we use thd., and L., errors of the pose
) signal. For the shape variable, frame-wise we computed
D. Correction the number of misclassified pixels, the Hausdorff and

Given prediction and measurement, the correctioBobolev distances [3], [14], and the number of tracked
step generates an updated estimate of the target stdtames per sequence. Strikeouts indicate loss of track
In the following, the subscriptn, and superscripts- (metrics are computed up to track loss).



Several contour-based trackers were implemented to
provide comparison. They include Bayesian segmenta-
tion [6], active contours (AC) [11]deformotionfilter-
ing [8], and the shape-based method described in [4]
modified to incorporate a Kalman filter on the shape
space. Bayesian segmentation is the base measurement (a) Sequence 2 (b) Ground Truth
strategy for the proposed ade@formotiorfilters. Where
applicable, the pose state was Kalman filtered.

The depicted frames for each sequence (Figs 2-4) are:
(left frame) the lowest error obtained, (middle frame) a
frame with average error, and (right frame) the largest
error obtained. Quantitative results are summarized in  (¢) Bayesian Tracker (d) Active Contour
Table I, where the average and maximum for each shapef '
metric/sequence are displayed. Visual inspection of the &
tracked videos corroborates the numbers.

The filter improves upon the unfiltered method

Frame

119 %
Frame Frame

50
Frame

(Bayesian segmentation), and equals or outperforms the () Deformotion (f) Shape-based

comparison algorithms (lower metric values are better).
Table I-d also shows that the proposed filter can acco-
modate alternative segmentation strategies.

The proposed filter has a low computational cost: our
sub-optimal Matlab implementation can process about
three frames per second. Significantly higher frame rates (9) Filtered Bayesian
(up to real-time) can be achieved by considering imple- Fig. 3. Snapshots of Sequence 2.
mentations on dedicated architectures such as GPU'’s.
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(9) Filtered Bayesian Fig. 4. Snapshots of Sequence 3.

Fig. 2. Snapshots of Sequence 1.



(a) Sequence 1

Metric \ Algorithm Bayesian AC Deformotion Shape Filtered Bayesian
Trackpt error  (L2/L..) 1.8/44 1.4/39 1.2/34 3.0/105 1.2/44
NMP (avg/max) 129/ 242 91/160 116/ 211 105/ 199 90/ 155
Hausdorff  (avg/max) 6.2/13.5 45795 4.0/6.7 3.9/77 35/6.6
Sobolev (avg/max) 3.2/105 2.4/6.9 1.5/3.6 15/54 1.2/33

# Frames tracked 180 180 180 180 180

(b) Sequence 2

Metric \ Algorithm Bayesian AC Deformotion Shape Filtered Bayesian
Trackpt error  (La/L..) 8.6/13.2 2.8/7.0 2.6/12.3 5.6/15.8 2.7/5.8
NMP (avg/max) 251 /969 244549 248769 575/ 833 279/ 478
Hausdorff  (avg/max) 10.9/18.4 11.1/19.2 12.3/19.7 12.0/ 225 14.6/20.7
Sobolev (avg/max) 8.2/52.9 12.9/95.8 11.9/46.7 13.2/43.9 12.9/26.9

# Frames tracked 477 478 477 475 478

(c) Sequence 3

Metric \ Algorithm Bayesian AC Deformotion Shape Filtered Bayesian
Trackpt error  (L2/Ly) 16.6 /24.4 11.5/52.3 7.9/16.0 5.4/12.3 8.0/15.5
NMP (avg/max) 253 /1420 28841328 202/ 755 299 / 536 171/508
Hausdorff (avg/max) 10.2/35.0 300/ 7.8126.2 10.9/25.8 771274
Sobolev (avg/max) 8.2/70.6 100.0/-w 5.8/35.3 11.7/38.1 6.5/81.8

# Frames tracked 200 150 200 200 200

(d) Sequence 3 using Graph Cut and Active Contour segmemnsgatiith proposed filter.

Metric \ Algorithm Filtered AC Graph Cut Filtered Graph Cut
Trackpt error (Lo/L) 6.5/22.1 79/311 6.9/27.4
NMP (avg/max) 192/ 663 288/1014 219 /457
Hausdorff (avg/max) 8.3/25.4 12.8/32.0 11.7/ 25.9
Sobolev (avg/max) 6.2/35.8 8.3/70.8 10.2/ 80.1
# Frames tracked 200 200 200
TABLE |

TABLES OF PERFORMANCE STATISTICS FOR THE TRACK SEQUENCES

IV. CONCLUSION

(6]

We have presented the design of a recursive dynamic
filter for the purpose of tracking consistently through [7]

imaging perturbations. Objective measures of quality[8

demonstrated that the proposed filter achieves temporal
consistency and is equal to or more effective than other

tracking algorithms in an online, recursive estimation

setting. It does not require any training and has low
computational cost.
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