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Abstract to compare the color histograms of the target and the candi-

dates, and incorporates a deterministic [4] or a stochggtic

We propose a color-based tracking framework that in- algorithm to search the state space efficiently. In this kind
fers alternately an object’s configuration and good color tracking framework, the color histograms are usually com-
features via particle filtering. The tracker adaptively se- puted under a fixed color space such as RGB or HSV during
lects discriminative color features that well distingufsre- the whole tracking process. Therefore, the features used to
grounds from backgrounds. The effectiveness of a feature iconstruct the appearance model are fixed regardless of the
weighted by the Kullback-Leibler observation model, which changes in circumstances for tracking.
measures dissimilarities between the color histograms of  Wwhile previous color-based tracking algorithms are quite
foregrounds and backgrounds. Experimental results showefficient, the lack of adaptation in color models leads te per
that the probabilistic tracker with adaptive feature seien formance deficiency in handling situations such as illumi-
is resilient to lighting changes and background distranio  nation changes or background distractions. Shi and Tomasi

[9] have pointed out that good features are as important as

good tracking algorithms. Similar arguments on the impor-
1 Introduction tance of features are also set out for object-detection-prob

lems, e.g. [11]. While testing a tracking algorithm, one can

Methods to track moving objects in a dynamic back- egsily observe how severely th_e performance may degrqde
ground mainly depend on two mechanisms: the appearancd'ith inadequate features. Typically, bad features result i
model and the search algorithm. The appearance modef" objective function with so many local minima that even
induces the similarity measurement of the target and can-a Versatile algorithm loses its track in the maze.
didates; the search algorithm finds the most possible state \We address the problem of adaptive feature selection for
of the object according to the similarity measurement. Is- real-time tracking. Our goal is to select adaptively a com-
ard and Blake propose to track an object’s contour by thebination of appropriate color features while the tracking
ConbensaTion algorithm [6]. The contour is modeled by —process proceeds. A related work is proposed by Collins
control points, which should be located at edges or cornersand Liu [3]. They embed online feature selection into a
during tracking. In their probabilistic formulation, thiers- mean-shift tracker that estimates the translation of aeatbj
larity is estimated by the likelihood function—a conditadn ~ using the most discriminative color features. The features
distribution that yields the probability of observing the-o  are selected from a set of parameter settings that resemble
jectin an image frame under the predicted contour configu-diﬁerent color spaces. Similar ideas on discriminatingfo
ration. Toyama and Blake [10] introduce an exemplar-basedground and background were suggested earlier by Wu and
probabilistic tracker that does not require parametric mod Huang in [12], where transductive learning is used to clas-
els but compares shapes in a metric space. sify color distributions in the form of Gaussian mixture.

Most region-based tracking algorithms use texture or  Our contribution to adaptive feature tracking is that we
color information as the appearance models. For examplejntegrate feature selection and visual tracking in a unified
Jepson et al. apply the wavelet-based texture features tqrobabilistic framework consisting of particle filters. &h
represent objects [7]. As to the color information, it has states of the features and the object’s configuration are in-
been demonstrated that color histograms are effective obferred iteratively in a Bayesian formulation. The experi-
servation models for real-time visual tracking [1], [2]].[4 mental results indicate that our method can adaptively se-
[8]. Generally, a color-based tracking algorithm relies on lect good features to prevent background distraction and to
some similarity functions, e.g. the Bhattacharyy coefficie = accommodate illumination changes and rapid motion.



2 Particle Filtering for Tracking the dissimilarity of two histograms by the Kullback-Leible
distance (the relative entropy).

The concept of applying particle filters to real-time ob- ~ T0 begin with, we have to define the foreground and
ject tracking can be best captured by investigating the Packground regions for a target. We apply the center-
ConpensaTion algorithm [6]. Owing to its simplicity, we  Surround concept proposed in [3]. However, our approach
shall use the formulation of &ibensarionto describe here-  includes the spatial information to make the representa-
after the steps of particle filtering. Further details on the tion model more appropriate, by applying different spatial
theoretical issues and applications of particle filtersisan ~ Weighting schemes. The foreground is the region inside a
found in [5]. bounding box that_ just encompasses the object; 'Fhe_ back-

Essentially, the idea of filtering is to infer the marginal 9round is the region, excluding the foreground, inside a
posterior distribution of the statd;, given previous ob- larger bounding box. The widths (heights) of foreground
servationsZ,,,. From the Bayes’ formula and the Markov @nd background bounding boxes are kept at the ratio of

prior, we can derive a recursive form of the posterior 1 : 2.2 for all the experiments presented in this paper. For
the foreground region, a 2D Gaussian is incorporated to give

the pixels closer to the center higher weights. As for the

(Xl Zo4) o p(2:| %) /Xt1 P Xi1)p(Xi1] Z0:4-1) - background region, we use a reverse 2D Gaussian to give

1 the pixels that are farther from the center higher weights.

(1)

The recursive form allows us to use the posterior at time

stept — 1 as the prior for time step. A particle filter 3.1 Feature selection via particle filtering
approximates the posterigfX;_1|Zo..—1) by a finite set
{X}F |}, of K particles; each particle is associated with  Assume now we know the staté, — (24, ye, wy, hy)
a weightry , to form {X} |, 7f |} ,. To carry outthe  of the object’s configuration. Let the state of a feature be
recursion of particle filtering, we still need two probabili  denoted as; = (o, B, 7:). Then, given a pixel;(u), we
tiesp(2:|X;) andp(X:|X:—1), which correspond to an ob-  can compute the inner product between its RGB values and
serva_tion model and a dynamic model resp_e_c_tive_ly. We will £, e, (I(u), 7)) = wR + 3,G + ~B. By uniformly
explain how we choose these two probabilities in the fol- dividing the possible range of the inner products info=
!OWIH_Q sections. For now we just outline the steps in one 128 bins, we can calculate the weighted histograhand
iteration of particle filtering: ¢? inside the foreground and background regids ;)
N andR?(X;) by
1. Resamplg X} |, 7F | }Vinto {XF |, 1/K};

. . . a;(n; Xy, Fi) =
2. Predict by sampling fronX* ~ p(X;| X1 = XF )

to generatd X*, 1/K}; Ci Y gu=xonpr,i=12, @
ueR(Xy)
3. Measure and weight by o p(Z;|X; = XJ) to gen-

erate{ X, 7}, normalized so thaf <, = = 1. wheren is the bin index ane; = (z;,y,) denotes the cen-
ter of bounding box. Note thaf andq? are weighted spa-

Note that we will create two particle sefstf, 753K~ ftially by the Gaussiap’(-) and the reverse Gaussigf(-).

and{F™,w}M_, to estimate the states of object configu- The mapping(-) returns the histogram bin index based on

rations and color features based on the recursion. the quantization of/;(u), 7). The Kronecker delta helps

to add the Gaussian weights of pixels belonging toshin
The normalization terni’} ensure$ Y | gi(n) = 1.
We estimate the best feature by the recursion of parti-
cle filtering. At time stept — 1 we have the particle set
In color-based tracking various features can be obtained{ 7/, wm™ 1M_ that represent$; ;. Each particle?™,
by manipulating the parameters of color spaces. We adoptconsists of a3-tuple (a/*,, 3™ ,,~v™,). Recall that we
the assumption proposed in [3] to choose better color fea-need to define the dynamic mogelF;| F;_,) for particle
tures for tracking. Briefly, the most significant featuretie t  filtering. Here we use simple, unconstrained Brownian mo-
one that best distinguishes the foreground object from thetion: F» = F/*, + v*, wherev® ~ N(0,%). Each
background scene. Based on different features, we computeiew feature particlé”;” determines a pair of histograms
the color histogram of foreground (background) region in qt (n; Xy, Fy = F') andg? (n; Xy, Fy = F{™), and the ob-
different color spaces. The effectiveness of a featureus th  servation model of feature state is then defined by
relevant to thelissimilaritybetween each pair of foreground
and background color histograms. We propose to measure p(Zi|F = F™) o< 1 —exp{-AKL(¢}||¢})}, (3)

3 Adaptive Feature Selection



where K L(gl|¢?) = 320, q}log(ql/q?) denotes the  wherew’ is a vector drawn from a standard normal distri-
Kullback-Leibler distance betweert andq?. Plugging in bution andB is a scaling matrix. Algorithm 1 summarizes
all we need for the recursion, we obtain an update particlethe iterative steps for feature selection and tracking.

set{(F/",w™)}M_, for the next time step.

m=1

- _ Algorithm 1: Color Feature Tracking
3.2 The likelihood images Input : Image frameq I;}7_,, object’s initial con-
figuration, the number of tracking particles

Each feature particld’}™ is associated with a likeli- )
hood image of the same size as current image frdme K, and the number of feature particles.

We denote tgle likelihood image ds" = Li"(I; F}"). Initialization: Generate the tracking particles
Ea(}h pler_Lt (_u) in the Ilrliellhood image is _compL}kted (X5, 7k} | and the feature particles

y first projecting(Z;(u), F;™) to get the bin index*, R
and then deriving the pixel value from the log-ratio {F7", Wi b=y Sett — 1.

log(qf (n*; X, F/™)/q7 (n*; X, F/™)). Combining all fea- while t < T do
ture particles, we get a compound likelihood imdgeas 1. Acquire a new image framg;
R M 2. Construct the compound likelihodd =
Ll F) = ) wi" L' (L F™) - (4) SM_ L (1, B,
m=t 3. Apply particle filtering onZ, to get
Fig. 1 illustrates a cropped image frame and the corre- (XF, ok E
to 't S k=1

sponding compound likelihood image. A
P 9 P g 4. EstimateX; from { X}, nf } < | for

displaying, and get the new center-surround area;
5. Apply particle filtering for feature selection
and get{ [} 1, wity b—1;

| 6.t —t+1;

(b)

5 Experimental Results

Figure 1. (a) A cropped image frame. (b) The
compound likelihood image of (a). The experiments of color-based tracking and feature se-
lection are carried out using Algorithm 1. We uBe= 50
particles for tracking and/ = 20 particles for feature se-
lection. The object’s configuration is given for the initial
image frame. At the initial stage of Algorithm 1, a feature
particle set{ F/",w}*_, must be constructed by trying
all the combinations o8-tuple {(«1, 51, o1, B1,7 €
The color-based probabilistic tracking is performed {~2,-1,0,1,2}}, to find thpe t(E[ER(l) fizltzlrgs.lT%e?/lalues

on compound likelihood images. Another particle filter of weights{w!"}2_, are estimated by the Kullback-Leibler
{X}F, 7k K is used to infer the current configuration state observation moge_l defined in (3).

of ,? b],?Ct' kTh,f o_bservgtlon model of a conﬁguratﬂdﬁ - In the first experimental result we compare the perfor-
(@i, y¢', wy', hy) is straightforward: According to the pre- .\ ahceq of 2 normal tracker and the tracker with feature se-
dicted conflguratlon,we add tpgetherthe pixel yalugs msid lection. The normal tracker selects the best feature in the
Fhe foreground regio®; (Xf') in the COT“POU“d l',ke“hOOd initial frame, and then keeps on using this feature to track
image, then we map the sum by a logistic function to make o 6ying object subsequently. When the object moves to-
the obse_rvauon model constramed[m 1]. In short, the wards a background region of wrongly estimated, high like-
observationp(2Z;|X;) is approximated by lihood values, the tracker will be distracted, like in Fig. 2
. . -1 On the other hand, the tracker with adaptive feature selec-
P(Zi| X = X7) o (1+eXP(_A Zueng(xgc) Lt(“))) : tion can find good discriminative features to prevent destra
(5) tion, see Fig. 3. The second experimental result highlights
As to dynamic models, we use a first-order autoregressivethe tracker’s capability of handling motion blur and illumi
process to model the state transitions = X/ | + Bw¥, nation changes. Some sample frames are shown in Fig. 4.

4 Color-Based Probabilistic Tracking



Figure 2. Top: The tracking results of a nor-
mal tracker with a fixed feature. Bottom: The
corresponding likelihood images.

(1]

(2]

(3]

Figure 3. Top: The results of tracking with
adaptive feature selection. Bottom: The com-
pound likelihood images.

(4]

L

Figure 4. Real-time tracking under motion
J blur and illumination changes.

References

S. Birchfield. Elliptical head tracking using intensitya-
dients and color histograms. Proc. Conf. CVPRpages
232-237, Santa Barbara, CA, 1998.

H.-T.Chen and T.-L. Liu. Trust-region methods for reiahe
tracking. InProc. Eighth ICCV volume 2, pages 717-722,
Vancouver, Canada, 2001.

R. Collins and Y. Liu. On-line selection of discriminei
tracking features. IrProc. Ninth ICCV pages 346-352,
Nice, France, 2003.

D. Comaniciu, V. Ramesh, and P. Meer. Real-time tracking
of non-rigid objects using mean shift. Rroc. Conf. CVPR
volume 2, pages 142-149, Hilton Head Island, SC, 2000.

[5] A. Doucet, N. de Freitas, and N. Gordo8equential Monte

6 Conclusion el

Carlo Methods in PracticeSpringer-Verlag, Berlin, 2001.
M. Isard and A. Blake. Contour tracking by stochasticgro
agation of conditional density. IRroc. Fourth ECCV vol-
ume 1, pages 343-356, Cambridge, England, 1996.

The feature selection scheme of our approach maintains [7] A. Jepson, D. Fleet, and T. El-Maraghi. Robust online ap-

a flexible set of weighted color features rather than using a
fixed one. We have presented that particle filtering, when
integrated with the Kullback-Leibler observation modé!, a
fords us a probabilistic manner to choose good features.
Furthermore, it provides a good way to construct a com- [9]
pound likelihood image according to the feature weights.
Tracking an object in a compound likelihood image is more [10]
robust than in the original image, since possible locations
of the target are emphasized and background distractions[ 11]
are suppressed, by the discriminative features. Although w
address the problem of selecting color features, the famul

tion can be extended to selecting other types of features. Fo [12]
example, including gradients or textures into the featete s

may be useful when no significant color features are found.

(8]

pearance models for visual trackindEEE Trans. PAMJ
25(10):1296-1311, October 2003.

P. Perez, C. Hue, J. Vermaak, and M. Gangnet. Color-based
probabilistic tracking. InProc. Seventh ECGWolume 1,
pages 661-675, Copenhagen, Denmark, 2002.

J. Shiand C. Tomasi. Good features to trackPinc. Conf.
CVPR pages 593-600, Seattle, WA, 1994.

K. Toyama and A. Blake. Probabilistic tracking in a met-
ric space. InProc. Eighth ICCV volume 2, pages 50-57,
Vancouver, Canada, 2001.

P. Viola and M. Jones. Rapid object detection using a
boosted cascade of simple features.Phoc. Conf. CVPR
volume 1, pages 511-518, Kauai, HI, 2001.

Y. Wu and T. Huang. Color tracking by transductive learn
ing. InProc. Conf. CVPRvolume 1, pages 133-138, Hilton
Head Island, SC, 2000.



