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ABSTRACT

Tracking objects in the high-dimensional feature space is not
only computationally expensive and but also functionally in-
efficient. Selecting a low-dimensional discriminative feature
set is a critical step to improve tracker performance. A good
feature set for tracking can differ from frame to frame due
to the changes in the background against which the tracked
object is viewed, and an on-line algorithm to adaptively de-
termine a distinctive feature set would be advantageous. In
this paper, multiple heterogeneous features are assembled,
and likelihood images are constructed for various subspaces
of the combined feature space. Then, the most discriminative
feature is extracted by Principal Component Analysis (PCA)
based on those likelihood images. This idea is applied to
the mean-shift tracking algorithm [1], and we demonstrate
its effectiveness through various experiments.

1. INTRODUCTION

There has been intensive research on tracking algorithms,
and several fundamental frameworks have been investigated.
The well-known deterministic tracking algorithm based on
mean-shift [1] searches for a local maximum of the appear-
ance similarity. The Kalman filter and its extensions [2,
3], and particle filters [4, 5, 6] are employed for probabilis-
tic tracking to mitigate the weakness of deterministic algo-
rithms. However, only limited research has been performed
on adaptively finding discriminative feature sets, even though
trackers rely on the “contrast” between the appearances of
the target and its surrounding. Therefore, we suggest a fea-
ture extraction method to increase robustness of tracking al-
gorithms.

Tracking can be performed in a multitude of different
feature spaces: color, texture, motion, etc. However, the
high-dimensional space is not appropriate for real-time ap-
plications, and its effectiveness is reduced by redundancy
across the dimensions. The performance – accuracy and
speed – of trackers can be improved by adopting a discrimi-
native feature space and reducing the dimensionality. Some-

times, the aggregation of several heterogeneous visual fea-
tures produces better tracking results, but the combination
procedure is not straightforward. Likelihood images created
by comparing foreground (tracked object) and background
histograms in each feature can be used to choose useful fea-
tures for tracking.

Previously, Swain and Ballard [7] address the target lo-
calization problem with the backprojection algorithm, and
Ennesser and Medioni [8] modify this algorithm by using lo-
cal histogram matching. However, those methods deal only
with still images and have not been extended to video.

For object tracking, most algorithms exploit only pre-
selected features, and do not change them during the track-
ing process. There have been only a few attempts to adapt
tracking features on-line. Stern and Efros [9] improve track-
ing performance by choosing the best from 5 feature spaces
and switching amongst them in each frame. In [10], a rank-
ing system is proposed to select the best feature space among
49 candidates acquired by linear combination of 3 likelihood
images in R, G, and B space. However, the generation of
49 likelihood images is time-consuming and it is very diffi-
cult to extend this technique to higher dimensional feature
spaces. On the other hand, the feature selection and ex-
traction method described in [11] proposes a feature value
weighting scheme based on the background color informa-
tion and focuses on salient target parts from the representa-
tion of target and candidate model. However, it ignores prob-
lems caused by insufficient samples in the high-dimensional
feature space.

In this paper, two different color spaces – RGB and nor-
malized RGB (rgb) – are combined in a single tracker by
means of likelihood images, and likelihood images for var-
ious subspaces are constructed to alleviate the information
loss associated with analyzing only 1D projections of these
color spaces. The curse of dimensionality problem is avoided
by equalizing the number of bins in the histogram of every
subspace. Feature extraction is performed by PCA, and the
number of dimensions is determined by the proportion of
eigenvalues. Also, weights based on the property of the like-
lihood image are assigned to each target pixel, and the mean-
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shift algorithm is utilized for tracking.
The rest of this paper is organized as follows. We explain

how to generate the likelihood images in section 2, and the
feature extraction and the weight assignment are addressed
in section 3. The mean-shift tracking algorithm and experi-
mental results are presented in section 4.

2. LIKELIHOOD IMAGES

Log-likelihood ratios are obtained from histograms of fore-
ground and background pixels with respect to a given fea-
ture, and likelihood images are constructed based on the log-
likelihood ratio. Then, the salient region in the target (fore-
ground) can be detected by identifying high likelihood ratios.

Suppose the foreground is given and the background is
regarded as the rectangular region surrounding the foreground.
For the given feature space, let φfg(i) and φbg(i) be the fre-
quency of pixels with value i in the foreground and the back-
ground, respectively. The log-likelihood ratio for a feature
value i is given by

L(i) = max

(

−1,min

(

1, log
max (φfg(i), δ)

max (φbg(i), δ)

))

(1)

where δ is a very small number. The likelihood image for
each feature is created by backprojecting the ratio into each
pixel in the image.

Here, we use every subset of the RGB and rgb color
channels as a feature set, so that 14 different likelihood im-
ages are generated for feature extraction.

Likelihood images for one- and multi-dimensional sub-
spaces are created, which allows us to find more discrimina-
tive feature spaces since more basis images are provided for
feature extraction. However, the high dimensional subspace
might suffer from the curse of dimensionality. This prob-
lem is alleviated by maintaining the same number of bins
for every subspace, so that each bin of each histogram oc-
cupies the same volume in the feature space. Specifically,
there are 64 bins for every subspace (1 × 64 in 1D, 8 × 8
in 2D, and 4 × 4 × 4 in 3D), and each bin equally divides
the feature space. With this method, the log-likelihood ratio
becomes more robust, and every likelihood image is inde-
pendent of every other. Figure 1 shows that the likelihood
images derived from multi-dimensional subspaces are more
distinctive than those from 1D subspaces. Note that every
likelihood image is normalized to the gray scale (0 ∼ 255)
for display. Figure 2 shows the benefit of using rgb as well
as RGB. The likelihood images from the rgb subspaces are
much more distinctive, even though the tracked object in the
original rgb image is hardly recognizable to the human eye.

Since the most discriminative feature set can change from
frame to frame, tracking in only one feature space might sud-
denly lose the object. Our method can select the feature set

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 1. Comparison between likelihood images for 1D sub-
spaces and multi-dimensional subspaces. (a) original image
(b) R (c) G (d) B (e) RG (f) GB (g) BR (h) RGB

adaptively since the likelihood image provides the method-
ology to combine feature spaces and select better features.

Fig. 2. Likelihood images for 1D subspaces of RGB and
rgb space. Original image in RGB space, likelihood images
for R, G, B, RG, GB, BR, RGB, original image in rgb space,
likelihood images for r, g, b, rg, gb, br, rgb (in order of left
to right and top to bottom)

3. FEATURE ANALYSIS

3.1. Feature Extraction

Our objective is to identify the most discriminative likeli-
hood image with the lowest dimensionality in order to re-
duce the computational complexity and improve the tracking
accuracy. In previous research [10], the most discriminative
feature is determined by evaluating a small set of pre-defined
linear combinations of likelihood images. In traditional pat-
tern recognition, Linear Discriminant Analysis (LDA) and
Principal Component Analysis (PCA) are widely used to re-
duce the dimensionality.

In the original color image, since the histograms of the
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foreground and the background region are multi-modal, the
linear discriminant method may not be suitable. However,
notice that pixels in the foreground region mostly have pos-
itive values while the background is mainly composed of
negative value pixels in the likelihood image. Even though
the foreground and the background cannot be perfectly sep-
arated by the linear hyper-plane, we can expect that most
pixels would be classified correctly by it. Also, the linear
methods are much faster than their non-linear counterparts
such as Kernel LDA [12] and Kernel PCA [13].

In this paper, we perform feature extraction with PCA.
Suppose that Sfg and Sbg are the set of n-dimensional vec-
tors sampled from the foreground and background area of n

likelihood images, and that C is the n×n covariance matrix
of these vectors. Let ei (i = 1, . . . , n) be the eigenvectors
associated with the eigenvalues λi which are sorted in non-
increasing order. The eigensubspaces composed of k-basis
vectors e1, · · · , ek are taken for tracking, where the k is the
smallest number satisfying the following inequality,

∑k

i=1
λi

∑n

i=1
λi

> th (2)

and th is a pre-defined threshold value. As a result, k ex-
tracted likelihood images are used for tracking; Figure 3
shows results of feature extraction for two given images.

(a) (b)VR = 0.5641 (c)VR = 0.5470

(d) (e)VR = 0.6722 (f)VR = 0.5439

Fig. 3. Comparison between two feature extraction methods
(2 examples) (a)(d) Original images (b)(d) PCA-based fea-
ture extraction (likelihood images associated with the high-
est eigenvalue), (c)(e) feature extraction by [10],

As suggested in [10], the degree of the salience for the
foreground in a likelihood image can be measured by the
variance ratio

V R =
Var(Sei

fg

⋃

Sei

bg )

Var(Sei

fg) + Var(Sei

bg )
(3)

where Sei

fg and Sei

bg are the sets of values projected into 1D
space spanning the eigenvector ei.

According to our experiment with this measure, PCA-
based feature extraction is equivalent to or better than the
method suggested in [10] in most cases as illustrated in Fig-
ure 3. Therefore, the subspace spanning (e1, · · · , ek) is prac-
tically a very good discriminative feature set.

3.2. Feature Value Weighting

Comaniciu [11] proposed assigning a weight term to each
pixel in the target in proportion to the confidence that it be-
longs to the foreground. In this section, we explain how to
compute such a eight based on the likelihood image.

Typically in the likelihood image, the target in the origi-
nal image is transformed into a bright homogeneous region.
The large bright region in the target area should have large
weight because many foreground pixels are spatially con-
densed in that area. On the other hand, it is not desirable to
give a large weight to small bright areas since they are likely
to be noise.

The likelihood image associated with the highest eigen-
value is used for weighting each pixel. In order to remove
noise in that likelihood image and obtain more robust spa-
tial information, a Gaussian filter is applied to the image. If
v(xi) is the feature value of pixel xi after Gaussian filter-
ing, the weight is given by using the well-known sigmoid
M-estimator

τ(xi) =
1

1 + exp (−c · v(xi))
(4)

where c is a constant. Note that the weight is determined
with respect to the spatial information as well as the inten-
sity of each pixel because small bright regions will disap-
pear while pixels in the large bright areas will still have large
weights by Gaussian filtering.

4. OBJECT TRACKING

The method suggested in section 3 is embedded in the mean-
shift tracking algorithm. Let {x?

i }i=1,...,n be the pixel loca-
tion of the target model centered at 0, and b(x?

i ) the color
index of the sample x

?
i . The density for the color u in the

target histogram is given by

q̂u = C

n
∑

i=1

k((||x?
i ||)

2)δ[b(x?
i ) − u]τ(x?

i ) (5)

where k(·) is a profile function and δ is the Kronecker delta
function. Also the normalization constant C is given by

C =
1

∑n

i=1
k((||x?

i ||)
2)τ(x?

i )
(6)

Similarly, the new candidate can be represented by

p̂u(y) = Ch

nh
∑

i=1

k((||
y − xi

h
||)2)δ[b(xi) − u]τ(xi) (7)
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where the normalization constant Ch is

Ch =
1

∑nh

i=1
k((||

y−xi

h
||)2)τ(xi)

(8)

After finding the most discriminative feature in the current
frame, we apply the same transformation to the next frame
and track the object in the converted image. The target model
in the original space should be transformed according to the
extracted feature space in each step, and the mean-shift al-
gorithm is employed to track the object. When the threshold
th is 0.7, the dimensionality of the feature space used in the
tracking is not more than 3 in most cases in our experiments.

Two different sequences are tested, and tracking results
are presented in Figure 4.

(a) airport sequence (frame 50, 100, 150, 200, 250, 300)

(b) tank sequence (frame 30, 60, 90, 120, 150, 180)

Fig. 4. Tracking results

5. DISCUSSION

In this paper, we proposed the adaptive feature extraction
method based on likelihood images in various feature sub-
spaces. This idea makes it straightforward to combine mul-
tiple heterogeneous visual features and find a better feature
space for tracking. Also, the weight is assigned to each pixel
considering the likelihood ratio and the spatial information
of the pixel. We showed this can improve tracker perfor-
mance, especially in low resolution video and in a very noisy
environment.

However, there are currently several limitations of this
approach. First of all, some visual information in the original

image can be lost in the likelihood image during the projec-
tion, even if this problem is mitigated by various projections
as proposed in section 2. The variance ratio is used to evalu-
ate the distinctiveness between foreground and background,
but a more thorough investigation of its validity is required.

Currently, only color information is used; the perfor-
mance of the tracker could be much better if other visual
features such as motion and texture could be integrated into
this framework.
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