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Abstract

In this paper, we discuss a new feature selection criterion
in boosting. Our method directly optimizes Bhattacharyya
distance between the weighted positive and negative sam-
ples to find the feature vector instead of brute-force selec-
tion from a feature pool. Unlike some similar work includ-
ing FisherBoost and MRCBoost, the new criterion connects
the feature selection process with cost function minimiza-
tion. Thus the coefficients of the member classifiers and
sample distribution update are both theoretically accordant
with feature selection. Our criterion can be regarded as
a generalized version of FisherBoost and MRCBoost. The
experiments on several data sets validate our algorithm’s
effectiveness on both training and testing sets.

1. Introduction

In computer vision, feature selection is a key issue since
we always have to encounter a high dimensional feature
space. Various algorithms have been proposed aiming to
select the most reliable features that keep adequate informa-
tion for classification. However, it is always not clear how
to suitably organize these features into a powerful classier.

AdaBoost first suggests a practical way to consider fea-
ture selection and classifier training in a unified view. It
provides an effective means to build a strong classifier from
weak classifiers. After Viola and Jones’ ([7]) milestone
work to apply AdaBoost in face detection, boosting algo-
rithms have now become mainstream techniques in com-
puter vision community. In this framework, a large fea-
ture pool is built ahead. At each iteration, AdaBoost finds
a feature that best discriminates the positive and negative
samples according to the present distribution to construct a
member classifier, which is then added to the classifier en-
semble. A theoretical view shows that the upper bound of
the training error can be continuously reduced if the new
member can perform slightly better than random guess.

In AdaBoost, each individual classifier is only required
to have binary output. Since some important informa-

tion may get lost due to its rough partition of feature
range, [5] proposes an improved boosting strategy using
confidence-rated output (CRBoost). Theoretical analysis
reveals that the feature selected in CRBoost minimizes
the Bhattacharyya distance between the weighted positive
and negative samples. Later on, some other feature se-
lection criterions are also proposed, such as KLBoost([2]),
JSBoost([1]), InfomaxBoost([3]). They are all aiming to
improve the boosting performance by finding features with
different distribution discrepancy measures.

In Paul and Viola’s algorithm, a pool containing a large
amount of features is built ahead and each iteration involves
exhaustive searching the pool to find a proper feature, which
is very computationally expensive. Besides, the strategy
prevents some more discriminative features from being se-
lected. So another possible improvement is to directly cal-
culate features to avoid the above disadvantages, two typical
algorithms are FisherBoost and MRCBoost, where linear
discriminant analysis (LDA) criterion and maximal rejec-
tion classifier (MRC) criterion are adopted respectively.

However, there is one problem that has not been ade-
quately addressed in both FisherBoost and MRCBoost. Ad-
aBoost intrinsically optimizes a cost function by iteratively
integrating new classifiers, the classifier coefficient assign-
ment and sample distribution update can be explicitly cal-
culated. Both FisherBoost and MRCBoost have not pay
enough attention to associate their criterions with a func-
tion minimization process, which challenges their classi-
fiers’ coefficients assignment and distribution update rule.

The paper proposes a new criterion to directly calculate
features, which connects feature selection and distribution
update from a unified view. The adopted criterion is drawn
from Bhattacharyya distance with Gaussian distribution as-
sumption and can be regarded as a generalization of both
FisherBoost and MRCBoost. Experiments shows that our
algorithm outperforms both FisherBoost and MRCBoost.

2 Cost function minimization in CRBoost

Suppose we are given N labeled samples (xi, yi)1≤i≤N ,
xi ∈ R

n, yi ∈ {−1,+1}. We further use N+ and N− to
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(a) Standard AdaBoost (b) Domain partition boosting

Figure 1. Boosting with domain partition

Initialize the distribution d1(i) =
{

1
2N+ yi = +1

1
2N− yi = −1 .

for t = 1 to T
Calculate the t-th feature Φt according to Eq.(12);
Split the feature range into mt disjoint blocks: Xt =
j=mt⋃
j=1

X j
t and build a classifier ht(x) = ct,k for ΦT

t x ∈ X k
t ;

Update dt to dt+1 as Eq.(8);
end for

The final output is HT (x) = sgn
( t=T∑

t=1
ht(x)

)

Figure 2. Bhattacharyya Boost

boosting algorithms: FisherBoost and MRCBoost. It can be
further observed that the criterion Ft(w) (Eq.(13)) adopted
in FisherBoost is a special case of Lt(w) when S+

t = S−
t

and MRCBoost essentially adopts a very similar criterion
Mt(w) (Eq.(14)) (When µ+

t = µ−
t , Mt(w) and Lt(w) are

equivalent.). Therefore, our criterion, Fisher and MRC cri-
terion are all based on Gaussian distribution assumption, but
the latter two need more assumptions on either mean or co-
variance. In most object detection tasks, the covariance ma-
trices of the object and background samples are quite dif-
ferent, so the assumption S+

t = S−
t is disputable.
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4. Experiments

4.1 Experiments on several data sets

We collect four data sets: IJCNN1, LETTER, SATIM-
AGE and MNIST (Table1) from LIBSVM web site:
”http://www.csie.ntu.edu.tw/∼cjlin/libsvmtools/datasets/”.
Since boosting algorithms are designed for binary clas-
sification, all the multi-class classification tasks are then
decomposed as a set of binary classification problems by
’one to the rest’ extension. The training and testing results
are listed in Fig.3, we compare the three different boosting
algorithms’ performance in first 100 iterations.

Table 1. A summary of the data sets
#Class #Train data #Test data

IJCNN1 2 49990 91701
LETTER 26 15000 5000
SATIMAGE 6 4435 2000
MNIST 10 60000 10000

As we can observe, our criterion based boosting process
converges faster than FisherBoost and MRCBoost. Further
our algorithm’s advantage is also validated on test data.

4.2 Experiments on face detection

A cascade face detector is constructed in this section. We
collected 7000 frontal face patterns scaled to 20× 20 pixels
as positive samples and more than 4000 images that contain
no human faces as the source of negative samples.

By adopting Bhattacharyya Boost, we build a more com-
pact cascade detector and the evaluation results on the
MIT+CMU frontal face test set (130 images, including 507
faces ([7])) are shown in Fig.4 and Table2 respectively.
In Fig.5, we compare the three criterions’ performance in
training the first stage classifier for face detection.
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(a) Training error of IJCNN1
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(b) Test error of IJCNN1
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(c) Training error of LETTER
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(d) Test error of LETTER
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(e) Training error of SATIM-
AGE
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(f) Test error of SATIMAGE
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(g) Training error of MNIST
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(h) Test error of MNIST

Figure 3. Experiments on some data sets

5. Conclusions

We propose a boosting algorithm that directly calculates
feature at each step. Compared with other similar algo-
rithms, our criterion enables to find more reliable features
by effectively separating the projected positive and negative
samples. The experiments on four data sets validate our cri-
terion outperforms both LDA and MRC criterions. Further,
we build a face detector. The experiment on MIT+CMU
frontal face proves that we can achieve a comparable detec-
tion performance as AdaBoost with fewer features.

Table 2. Face detector comparison
Algorithm Detection rate Detector
AdaBoost 78.3%(10 false alarms) 38 layers

85.2%(31 false alarms) 6060 features
Bhattacharyya 78.0%(2 false alarms) 12 layers
Boost 80.7%(7 false alarms) 605 features

85.4%(19 false alarms)

Figure 4. Face detection results on MIT+CMU

(a) Training FAR comparison (b) Training FRR comparison

Figure 5. FAR and FRR comparison of three
criterions in first stage classifier training
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