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Abstract. Online feature selection using Bayes error rate is proposed
to address visual tracking problem, where the appearances of the tracked
object and scene background change during tracking. Given likelihood
functions of the object and background with respect to a feature, Bayes
error rate is a natural way to evaluate discriminating power of the fea-
ture. From previous frame, object and background pixels are sampled
to estimate likelihood functions of each color feature in the form of his-
togram. Then, all features are ranked according to their Bayes error rate.
And the top N features with the smallest Bayes error rate are selected to
generate a weight map for current frame, where mean shift is employed
to find the local mode, and hence, the location of the object. Experimen-
tal results on real image sequences demonstrate the effectiveness of the
proposed approach.
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1 Introduction

Visual tracking has been extensively studied in the past decade, since it is a
crucial step in many computer vision tasks, such as visual surveillance [1], human
computer interaction [2], robotics [3], etc. Tracking algorithms can be roughly
classified into two major groups, namely, stochastic filtering algorithms (e.g.
particle filter [4]) and deterministic location algorithms (e.g. mean shift [5]). In
particle filter, object tracking is modeled as a Bayesian filtering problem and
a set of weighted samples is used to approximate and propagate the filtering
distribution. Particle filter has been proved to be robust to background clutter
and partial occlusion. In mean shift, object is represented by kernel-weighted
histogram and is located by maximizing similarity function derived from object
histogram and target image histogram. Mean shift tracking is computationally
efficient and robust to object deformation.

Although these methods have achieved some success, visual tracking is still
a challenging topic, especially when the appearances of the tracked object and
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scene background change during tracking. Recently, treating tracking as a binary
classification problem has gained much attention. Collins and Liu [6] propose to
online select discriminative tracking features from color feature spaces. Features
are ranked according to variance ratio and the top N features are selected with
each producing a weight map. Then, mean shift is used to locate object on each
weight map. Finally, object is located by selecting the median location. Nguyen
and Smeulders [7] treat tracking as a texture discrimination problem, where Ga-
bor filter is used to obtain texture representations of the object and background.
Wang et al. [8] select a subset of Harr-like features using particle filter and use
them to construct a binary classifier. Avidan [9] propose to combine weak clas-
sifiers trained and updated online into a strong classifier using AdaBoost and
use the strong classifier to label pixels in the next frame. Hence, a confidence
map is generated and the local mode is found by mean shift. These methods
have achieved some success when the appearances of the object and background
change during tracking.

Motivated by Collins and Liu’s work, online feature selection using Bayes
error rate is proposed in this paper. As opposed to variance ratio, we choose to
use Bayes error rate to select features. Given likelihood functions of the object
and background with respect to a feature, Bayes error rate is a natural way
to evaluate discriminating power of the feature. Firstly, for each feature Bayes
error rate is estimated from object and background pixels sampled in previous
frame. Secondly, all features are ranked according to their Bayes error rate, and
the top N features with the smallest Bayes error rate are selected. Thirdly, the
log likelihood ratio is back-projected to produce a weight map for each selected
feature in current frame, and then all weight maps are combined to generate a
final weight map. Finally, mean shift is employed to find the local mode, and
hence, the object location in the weight map.

The rest of the paper is organized as follows. Section 2 introduces the proposed
approach in detail. Section 3 provides some experimental results on real image
sequences. Section 4 concludes the paper.

2 The Proposed Approach

In this section, we first review the estimation of Bayes error rate, then describe
the feature selection method and weight map generation, and finally present the
tracking algorithm.

2.1 Bayes Error Rate

Let’s consider pattern classification involving two classes ω1 and ω2. Given one
dimensional feature x, we want to determine from which class the feature is
drawn from. According to the Bayes decision theory, if a posteriori probabilities
P (ω1|x) and P (ω2|x) are known and if P (ω1|x) > P (ω2|x), x belongs to ω1, and
vice versa. According to the Bayes rule

P (ωi|x) =
p(x|ωi)P (ωi)

p(x)
i = 1, 2. (1)
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Substituting (1) into the inequality, the decision rule can be rewritten as: if
p(x|ω1)P (ω1) > p(x|ω2)P (ω2), x belongs to ω1, and vice versa. Providing that
the feature space is partitioned into two disjoint intervals R1 and R2 by Bayes
optimal decision boundary with R1 corresponding to the interval where p(x|ω1)
P (ω1) > p(x|ω2)P (ω2) and with R2 corresponding to the one where p(x|ω2)P (ω2)
> p(x|ω1)P (ω1), Bayes error rate is as follows [10]:

P (e) =
∫

R2

p(x|ω1)P (ω1)dx +
∫

R1

p(x|ω2)P (ω2)dx (2)

In general, the analysis of Bayes error rate is very complicated. However, by
using histogram approximation to the unknown likelihood functions and averag-
ing appropriately, it is possible to estimate Bayes error rate. Suppose that the
two classes are equally likely a priori and the feature space can be partitioned
into m disjoint bins B1, . . . , Bm. Let pi = P (x ∈ Bi|ω1) and qi = P (x ∈ Bi|ω2).
Since we have assumed that P (ω1) = P (ω2) = 1/2, the vectors p = (p1, . . . , pm)T

and q = (q1, . . . , qm)T fully determine the probability structure of the problem.
If x falls in Bi, the Bayes decision rule is to decide ω1 if pi > qi and vice versa.
The resulting Bayes error rate is given by [10]

P (e|p, q) =
1
2

m∑
i=1

min(pi, qi) (3)

2.2 Feature Selection

Feature selection is commonly used to discard irrelevant or redundant features
in pattern classification, where an optimal subset of features is chosen from a
feature set according to a certain criterion. As for tracking task considered here,
the criterion involves evaluation of discriminating power of the selected feature
subset. The size of the optimal subset is usually unknown; hence, for a feature
set containing n elements, the size of search space is 2n − 1, which is a very
large number for the feature set considered here. For online application, speed is
favored over optimality; hence, like [6], we rank the features first and then select
N top-ranked features.

To begin with, the feature set should be provided. Color has been proved to
be successful in visual tracking [5], [6], [11], [12]. Here, we adopt color feature set
proposed in [6]. Color feature set consists of linear combinations of RGB chan-
nels, and the coefficients of RGB are given by 3-tuple set {(c1, c2, c3)T |c1, c2, c3 ∈
{−2, −1, 0, 1, 2}}. There are totally 125 features in the feature set; however,
by discarding coefficients where (c′1, c

′
2, c

′
3)

T = k(c1, c2, c3)T and by disallowing
(c1, c2, c3)T = (0, 0, 0)T , only 49 features are left. Hereinafter, we use this feature
set for feature selection and denote it as F . All features are scaled into the range
from 0 to 255 and further uniformly partitioned into histograms with 2b (b is the
bit number of resolution) bins to defeat the curse of dimensionality that occurs
while estimating feature distribution with small sample size.

The center-surround approach [6] as shown in Fig. 1a is used to sample pixels
from the object and background. Pixels within a rectangle of size h × w pixels
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which covers the object denote samples from the object, while pixels within a
surrounding ring of width 0.5 × max (h, w) pixels denote samples from back-
ground. Given a feature f ∈ F , denote pf as the feature histogram of the object,
and denote qf as the feature histogram of background. Both histograms are
normalized to make them probability distributions.

(a) (b)

Fig. 1. Illustration of center-surround approach. (a) the original image. (b) correspond-
ing weight map.

We use formula (3) to evaluate a feature’s discriminating power and rank all
the features according to Bayes error rate. The top N features with the smallest
Bayes error rate are selected. Intuitively, smaller Bayes error rate demonstrates
better discriminating power. Compared with the two-class variance ratio [6],
Bayes error rate has several advantages. First, Bayes error rate can deal with
arbitrary probability distributions. While variance ratio fails to work when the
feature distributions are multi-modal. To tackle this problem, the authors [6]
propose to apply variance ratio to the log likelihood ratio of feature distributions
of the object and background. Second, given the feature distributions, Bayes
error rate is easy to compute. only several comparison and addition operations
are needed. Third, Bayes error rate has a good theoretical foundation as pointed
out in section 2.1.

2.3 Weight Map Generation

Each feature f ∈ F corresponds to a weight map of the same size as current
image I. We denote the weight map as Wf . Each pixel value Wf (u) is computed
by first projecting feature value (I(u), f) (I(u) denotes RGB vector of pixel u,
and (·) denotes inner product of two vectors) to obtain the bin index n, and then
deriving the pixel value from the log likelihood ratio

Wf (u) = max (−δ, min (δ, log (
pf (n) + ε

qf (n) + ε
))), (4)

where ε (ε = 0.001 in our experiment) is a small positive value to avoid dividing
by zero or taking log of zero, and δ=7 in our experiment. The final weight map
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is computed as the weighted sum of weight maps corresponding to the top N
selected features. Denote ω̃f = 1 − P (e|pf , qf ) and ωf = ω̃f/

∑
f ω̃f (hence,∑

f ωf = 1), the final weight map as shown in Fig. 1b is

W (u) =
∑

f

ωfWf (u). (5)

2.4 Tracking Algorithm

We summarize the tracking algorithm in Algorithm 1. From previous frame,
object and background pixels are sampled, given the tracked object location. For
each feature in the feature set, object and background feature histograms are
constructed and Bayes error rate is computed. All features are ranked according
to their Bayes error rate and the top N features with the smallest Bayes error
rate are selected to generate the final weight map. Then, mean shift is employed
to locate the object in current frame.

Online feature selection also introduces model drift problem [6], [13], which
builds up as misclassified background pixels begin to pollute the object feature
histogram, resulting in further misclassification and final tracking failure. To
avoid this problem, we simply average current object feature histogram and the
one in the first frame.

Algorithm1. The proposed tracking algorithm

Input: Video frames I1, I2, . . . , IT , and initial object location.
Output: Object locations of I2, . . . , IT .

Initialization: Generate object feature histogram p̃f for each feature f ∈ F ;

For t = 2, . . . , T

1. Sample object and background pixels from It−1;
2. For each feature f ∈ F

(a) Compute object histogram pf and background histogram qf ;
(b) Compute Bayes error rate P (e|pf , qf ) = 1

2

∑m
i=1 min (pf (i), qf (i));

3. Rank all the features f ∈ F according to Bayes error rate and select the
top N features with the smallest Bayes error rate;

4. For each selected feature f
(a) Assign (p̃f + pf )/2 to pf ;
(b) Compute bin index n of feature value (It(u), f);
(c) Compute weight map Wf (u) = max (−δ, min (δ, log (pf (n)+ε

qf (n)+ε )));
(d) Compute ω̃f = 1 − P (e|pf , qf );

5. Compute final weight map W (u) =
∑

f ωfWf (u), where ωf = ω̃f/
∑

f ω̃f ;
6. Locate object in W (u) using mean shift;
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3 Experiment

We perform experiments on several image sequences, which are publicly available
[14]. In all experiments, the number of histogram bins is set to be 32, and the top
3 features are selected. The selected image sequences are very challenging, where
the appearances of the objects and background change almost all the time. The
initial location of the object can be determined by object detection algorithm.
Here, the tracker is initialized manually, since the focus of this paper is object
tracking. To enhance the efficiency of tracking, feature selection is performed
every ten frames in the following experiments.

(a)

(b) 

Fig. 2. (a) Tracking results without online feature selection. (b) Tracking results with
online feature selection. Bottom rows in (a) and (b) correspond to weight maps.
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The first experiment compares tracking results between trackers with online
feature selection and without online feature selection as shown in Fig. 2. The
tracking results of Fig. 2a are obtained by selecting features in the first frame
only and keeping them unchanged during tracking. As can be seen in Fig. 2
that without online feature selection the tracker finally drifts from the car when
surrounding background shows similar appearance to the car, while the proposed
tracker successfully locks on the car via online selection of discriminative features.
The bottom rows in Fig. 2a and Fig. 2b are the corresponding weight maps. Note
that these weight maps are presented here just for the purpose of visualization.
In practice, only the weight map of a small local region needs to be computed,
which makes the proposed tracking algorithm computationally efficient.

(a)

(b) 

Fig. 3. Tracking results on egtest01 sequence (Frames 0, 200, 400, 600, 800, 1000, 1200,
1400, 1600, and 1820). (a) The proposed tracker. (b) Tracker in [6].

The second experiment compares tracking results between the proposed tracker
and the tracker in [6] which is implemented by the authors themselves [14]. Note
that both trackers are initialized with the same conditions (i.e., location, the num-
ber of histogram bins, and the number of selected features) and also the tracker
in [6] performs feature selection every ten frames. Two image sequences with each
having nearly 2, 000 images are used. The proposed tracker successfully tracks the
cars in both sequences from beginning to end. The tracking results are shown in
Fig. 3 and Fig. 4. As can be seen from Fig. 3, the proposed tracker achieves compa-
rable results with the tracker in [6]. In Fig. 4 we can see that the proposed tracker



554 D. Liang et al.

(a)

(b) 

Fig. 4. Tracking results on redteam sequence (Frames 0, 210, 420, 630, 840, 1050, 1260,
1470, 1680, and 1917). (a) The proposed tracker. (b) Tracker in [6].

outperforms the tracker in [6]. Actually, it loses the car from frame 1886 probably
due to camera zooming.

4 Conclusion

We propose a feature selection approach based on Bayes error rate for visual
tracking. The selected features from previous frame are used to generate weight
map for current frame, and then mean shift is employed to locate the object in the
weight map. Experimental results demonstrate the effectiveness of the proposed
approach. Although only color features are used, other features such as texture,
edge, and motion, also can be applied as long as they can be represented by
histograms.
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