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Abstract. This paper addresses the problem of local histogram-based
image feature selection for learning binary classifiers. We show a novel
technique which efficiently combines histogram feature projection with
the conditional mutual information (CMI) based classifier selection
scheme. Moreover, we investigate cost-sensitive modifications of the CMI-
based selection procedure, which further improves the classification per-
formance. Extensive evaluations show that the proposed methods are
suitable for object detection and recognition tasks.
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1 Introduction

Histogram-based local image features are widely used in many pattern recog-
nition and computer vision applications. In object detection, categorization,
or recognition algorithms such features are usually combined with an efficient
classification technique. Among the vast variety of histogram features, local bi-
nary patters (LBP) [1] or histogram of oriented gradients (HOG) [2] are widely
adopted in many applications, because they can be calculated easily, and they
are robust against small deformations and varying illumination. In monolithic
classification approaches a single feature vector is constructed by concatenating
the local features extracted over a dense predefined 2D grid. Finally, the feature
vector is combined with a classifier, e.g. linear support vector machine (SVM)
[3]. However, such monolithic approaches suffer from high computation costs
since either (a) features are extracted at a large number of locations, or (b) the
combined feature vector has a high dimension, resulting in slow classification.

One possible solution to overcome the above drawbacks is to limit the feature
extraction step to grid locations where the extracted feature has a high discrim-
inative power for classification. In each location we can train a weak learner,
which usually has moderate classification accuracy. However, from the combina-
tion of several weak learners we can construct a strong classifier, which achieves
a high classification performance. AdaBoost [4] is one of the most widely used
techniques for boosting weak learners, and has been successfully applied e.g. for
face detection using local Haar-like image features [5].
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The binary feature selection technique proposed in [6] is based on the fun-
damental concepts of information theory to quantify the uncertainty of random
variables and to measure the information shared between them. The Conditional
Mutual Information (CMI) estimates the information shared between the train-
ing data and a classifier, given another classifier. This can be utilized to select
the feature which best describes the training data, and is the most independent
from other features selected previously. One main advantage of this technique
is that it is able to cope with overfitting, while AdaBoost is known to be sen-
sitive to this phenomenon. The CMI-based feature selection technique has been
successfully applied for facial expression recognition using LBP features [7].

Fisher Linear Discriminant (FLD) [8] analysis is frequently used to find the
projection of histogram features which best separates two object classes, e.g.
[9] embedded the projected features into the AdaBoost learning framework to
detect faces. [10] proposed the Weighted Fisher Linear Discriminant (WFLD)
as the weak learner in the AdaBoost framework. Thereby the WFLD minimizes
the weighted classification error computed from the sample weights, which are
updated by the AdaBoost procedure. The main advantage of this technique is
that it eliminates the need of re-sampling the training data, and it leads to a
more efficient use of the training samples.

In the proposed method we adopt the CMI-based feature selection technique,
but we employ weak learner parameter optimization during the feature selection
process to further improve classification accuracy, as opposed to previous meth-
ods [6] where these parameters are assumed to be already set. In AdaBoost the
sample weights are used for WFLD, which are updated in each iteration using the
weights of misclassified samples. However, sample misclassification is not defined
in the CMI-based feature selection. Therefore, by using the concepts of infor-
mation theory we introduce a novel method for updating the sample weights.
Finally, we introduce cost-sensitive modifications of the CMI feature selection,
which improves the classification accuracy of imbalanced datasets, where learn-
ing methods usually end up preferring the larger class.

The rest of the paper is organized as follows. In Sec. 2 we briefly overview the
AdaBoost classifier learning method [4] and the WFLD weak learner technique
[10]. In Sec. 2.1 we discuss the CMI-based feature selection [6] in more detail.
The proposed method is presented in Sec. 3. Finally, in Sec. 4 we show our
experimental results using two public image databases.

2 Classifier Learning with WFLD

We denote by X = {x1, . . . , xN} a set of N training images, where each im-
age xi has a binary class label yi ∈ {1, 0} and Y = {y1, . . . , yN}. We extract
F = {f1, . . . , fK} a set of K features from an image x, where fk(x) ∈ R

m is a
histogram feature extracted at a given position. Finally, each feature is projected
by the gk :R

m → R function. In our case g is the WFLD [10], which guarantees
optimal classification of the two classes, and is defined as g = wᵀf , such that

w = (Σ1 +Σ0)
−1

(μ1 − μ0) , (1)
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where μ denotes the weighted mean and Σ is the weighted covariance matrix of
the training set of a given class, i.e.

μ =
1

n
∑

i di

∑

i

dif(xi) , Σ =
1

(n−1)
∑

id
2
i

∑

i

d2i (f(xi)−μ) (f(xi)−μ)
ᵀ
, (2)

where n denotes the number of samples in the given class, and di denotes the
weight of a particular sample. Hereafter we use gk(·) = gk(fk(·)) as a shorthand.
Similarly to [5] our weak classifier hk at a given position is defined in the form

hk(x) =

{
1 if pkgk(x) < pkθk

0 otherwise
, (3)

where pk is the parity and θk is a threshold. Having a subset of weak learners
the strong classifier H(x) is defined as

H(x) = sgn

(
T∑

t=1

αthν(t)(x)− b

)

, (4)

where T denotes the number of selected weak learners, ν(t) returns the index
of the t th weak learner, {αt} are the weights and b is the bias. In an iterative
boosting scheme the weak learner is selected in each step , which minimizes
an error function εk = ε (hk) describing the fitness of the weak learner on the
labeled training data (X,Y). In AdaBoost εk is the classification error, which
is expressed as the sum of the D = {d1, . . . , dN} weights of the misclassified
samples, αt is estimated from εk, and the bias is expressed as b = 1

2

∑
t αt.

Thus in iteration t first the optimal WFLD projection wk is determined from
D using Eqs. 1–2, then the optimal p�k and θ�k parameters are determined in a
brute force manner, and the hν(t) classifier with minimal εk is selected, i.e.

(p�k, θ
�
k) = argmin

pk,θk

{εk} , (5)

ν(t) = argmin
k

{εk} . (6)

2.1 CMI-Based Classifier Selection

[6] proposed an iterative binary feature selection method based on CMI. In each
iteration the feature is selected, which maximizes the mutual information on
training samples (X,Y), depending on the output of any feature selected in
previous iterations. This procedure can be formalized as follows. Let x̂k

i ∈ {1, 0}
denote the response of the kth classifier on the ith sample, i.e. x̂k

i is a binary
feature, and X̂k =

{
x̂k
i

}
. In the first step the feature which maximizes the

I(Y;X) mutual information (MI) on the samples is selected, i.e.

ν(1) = argmax
k

{
I
(
Y; X̂k

)}
. (7)
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Note that the mutual information I(Y;X) of two random variables Y and X
can be expressed in terms of entropy as I(Y;X) = H(Y)−H(Y|X), where the
conditional entropy H(Y|X) quantifies the uncertainty of Y when X is selected.
By minimizing this uncertainty in Eq. 7 we obtain the classifier which best
describes the training data. By similar considerations in subsequent iterations
the I(Y;X|Z) CMI is utilized for feature selection, thus for t = 2, . . . , T

ν(t) = argmax
k

{

min
s<t

I
(
Y; X̂k|X̂ν(s)

)}

. (8)

3 Proposed Method

We introduce the generalization of the CMI-based technique of Sec. 2.1 for boost-
ing arbitrary features, where the optimal p�k and θ�k parameters of the weak
learners are determined using the

ε = 1−min I(Y;X|Z) (9)

error function in Eq. 5, and the weak learner with minimal εk is selected as in
Eq. 6. Finally, the classifier weights {αt}, and the bias b of the strong classifier
are estimated by a linear SVM [3]. During the SVM learning we also utilize
cost factors c1 and c0 for the two classes C1 and C0, which are chosen to satisfy
c0/c1 = n1/n0 [11], where n1 and n0 denote the cardinality of the two classes.
This re-balancing technique is necessary when the training data is imbalanced,
i.e. when the size of one of the two classes is significantly larger then the other’s.
Without re-balancing the resulting classifier will tend to favor the larger class,
and the samples of the smaller class will be misclassified with a higher probability.

3.1 Sample Weights for CMI-Based Feature Selection

The generalized CMI feature selection technique uses the error function Eq. 9
to determine the optimal parameters of the weak learners in Eq. 5, and to select
the optimal weak learner using Eq. 6. However, in the original CMI procedure no
sample weights and no update procedure are available for computing the WLFD
projection vector w of Eq. 1. Therefore, we extend this method with sample
weights together with an update procedure, and we use information theory con-
cepts to define sample misclassification for the update.

Recall that in AdaBoost the sample weights are updated using the weights of
the misclassified samples, i.e. by defining the

ei = 1{h(xi) �= yi} ∈ {0, 1} (10)

indicator function the classifier error εi is calculated as εi =
∑

di · ei, and the
sample weights are updated as dt+1,i = dt,iβ

1−ei , such that β = ε
1−ε for ε < 0.5.

In the proposed CMI-based method we assume that a particular sample xi is
misclassified by the weak learner hk when changing its response x̂k

i would imply
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an increase of the MI (t = 1) or of the CMI (t = 2, . . . , T ). We use the following
notations to formally define our technique. Let p(ϕ, υ) = pX,Y (ϕ, υ) denote the
joint distribution of the two random variables, similarly p(ϕ) = pX(ϕ), and
p(υ) = pY (υ), where ϕ and υ are boolean variables. By definition MI is

I
(
Y; X̂

)
:=

∑

ϕ,υ

p(ϕ, υ) log
p(ϕ, υ)

p(ϕ) p(υ)
. (11)

However, in our case the above probabilities are determined from a limited train-
ing set havingN elements. Therefore, we can re-write it using a fast look-up-table
(LUT) solution as follows.We express the above distributions in terms of frequen-
cies of the random variables’ occurrences as p(ϕ, υ) = 1

N n(ϕ, υ), p(ϕ) = 1
N n(ϕ),

and p(υ) = 1
N n(υ), where n(·) denotes the cardinality. Note that n(υ=0) = n0,

n(υ=1) = n1 denote the cardinality of the two classes C0 and C1 of the training
set. We create a LUT L on the 0 ≤ n ≤ N integer range as L[n] = n logn, and
we rewrite Eq. 11 as

I
(
Y; X̂

)
=

1

N

(
∑

ϕ,υ

L[n(ϕ, υ)]−
∑

ϕ

L[n(ϕ)]−
∑

υ

L[n(υ)] + L[N ]

)

. (12)

We can see that the terms
∑L[n(υ)] and L[N ] in the above equation are con-

stants during feature selection. Furthermore, the 1/N normalizing constant can
be neglected, and we refer to this unnormalized MI as Ĩ(Y; X̂). According to
our original assumption, changing the value of response x̂i will affect n(ϕ) and
n(ϕ, υ) only, since n(υ) depends solely on the training set. For example assum-
ing class label yi = 0 and changing the response value x̂i = 0 to 1 will increase
n(0, 1) and n(1) but will decrease n(0, 0) and n(0). Using this property we can
express the change of the unnormalized MI denoted by ĨΔ(yi = υ; x̂i = ϕ) as

ĨΔ(υ;ϕ) = L[n(υ, ϕ)−1] + L[n(υ, 1−ϕ)+1]− L[n(υ, ϕ)] − L[n(υ, 1−ϕ)]

+ L[n(ϕ)] + L[n(1−ϕ)]− L[n(ϕ)− 1]− L[n(1−ϕ) + 1] .
(13)

Similarly to [5] in our method the sample weights are initialized to di =
1

2n0
, 1
2n1

for yi = 0, 1 respectively, but for updating their value we utilize Eq. 13. First,
we define the indicator function

ei = 1{ĨΔ(yi; x̂i) > 0} ∈ {0, 1} (14)

to indicate whether sample xi is misclassified or not. Then we define the clas-
sification error γ of the selected weak learner as the sum of the weights of the
misclassified samples, i.e. γ =

∑
di · ei. Finally, sample weights are updated as

dt+1,i = dt,iγ
1−ei . (15)

Thus the above update rule decreases the weights of the samples which were
classified correctly by the selected weak learner. Note that in the case of CMI we
can define the rules similarly to Eqs. 12–13 in a straightforward way, but these
were omitted in the present paper due to space limitations. In the following we
refer to this method as CMISVM.
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3.2 Balanced Feature Selection and Weight Update

The method presented in Sec. 3 uses cost factors in the final step of constructing
the strong classifier. In our second method first we incorporate re-balancing into
the weak learner selection by utilizing the weighted mutual information (wMI),
which is defined as

Iw

(
Y; X̂

)
=

∑

ϕ,υ

w(ϕ, υ) p(ϕ, υ) log
p(ϕ, υ)

p(ϕ) p(υ)
, (16)

where we use the cost factors of Sec. 3 to define the weights as w(ϕ, 1) = 1
and w(ϕ, 0) = n1/n0. The weighted conditional mutual information (wCMI)
is defined similarly. Finally, we incorporate a re-balancing technique into the
weight update rule defined in Eq. 15 by taking into account the distribution
of ĨΔ(yi; x̂i). Our goal is to achieve a more aggressive change in the weight of
the correctly classified samples (where ĨΔ(·; ·) ≤ 0), which do not change the
MI significantly, i.e. if |ĨΔ(yi; x̂i)| < |ĨΔ(yj ; x̂j)| then di can be decreased more
aggressively. Therefore, we modify Eq. 15 as

dt+1,i = dt,iγ
1−ei · I(Y; X̂) + minj{ĨΔ(yj ; x̂j)}

I(Y; X̂) + ĨΔ(yi; x̂i)
. (17)

In the rest of the paper this method will be referred as wCMISVM.

4 Experiments

In our experiments we used two public datasets. From the FERET face database
[12,13] we used the annotations to align the heads into the same eye positions.
For detection the smaller class contains faces cropped from the aligned images
and are resized to 112×128 pixels. Moreover, the other class contains randomly
cropped parts from background images. For recognition we used a slightly larger
part of the head and a 128×128 pixels size. From the available annotations we
defined three classification problems for recognition: a) race: Asian or White, b)
glasses : wearing or not, and c) gender : female or male. The second dataset we
used is the MIT CBCL Car [14] database, which contains front and rear view
of cars, and the size of the images were 128×128 pixels. Again, the samples
of the other class are random background images not containing any cars. We
extended the datasets by adding the mirrored version of each sample in the
set. Note that there is a significant difference between the two experiments. In
case of recognition the samples of a class are similar, while in the detection
experiment the larger class contains very different samples as they are random
parts of backgrounds.

Our features are HOG blocks[2] which are computed in a single cell of 8×8
pixels, and a 9-bin histogram (0◦−180◦) is calculated using linear gradient voting
and L2-Hys normalization. In our evaluation we selected AdaBoost with WFLD
weak learners [10] (see Sec. 2) as baseline, and the number of weak learners T
was limited to the {2, 4, . . . , 20} range.
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4.1 Recognition

For the race recognition experiment the C1 class contains faces of Asian people,
the size of training data is n1 =512 and for testing 98 samples were used. The
C0 class contains 3080 faces of White people, from which we used n0=2628 for
training and 452 for testing. For recognizing people wearing glasses we trained
the classifiers with n1 = 194 faces with glasses, and n0 = 1698 without glasses.
For testing 68 and 446 samples were used. Finally, in the gender recognition
experiment the C1 class contains 1828 female faces, from which we used n1=1532
samples for training and 296 for testing. C0 contains n0 = 2574 male faces for
training and 428 for testing. All these datasets are imbalanced, in order to present
the advantages of the proposed approach, and we can also see that the glasses
dataset is the most imbalanced (approx. 1 :9 ratio). Fig. 1 shows sample images
from recognition experiment.

Fig. 1. Example images from the recognition experiment. Left: Asian vs White; Center:
glasses vs no glasses; Right: female vs male.

4.2 Detection

In the face detection experiment the C1 class contained 4818 faces, from which
we used n1=3170 samples for training and 1648 for testing. C0 contained 18880
non-faces, from which n0 = 12208 samples were used for training and 6672 for
testing. For the car detection the training set of C1 contained n1=828 car images,
and the size of the testing set was 204. The C0 class contained n0=4990 training
samples, and 1282 test samples. Examples from the datasets are shown in Fig. 2.

4.3 Evaluation

For evaluation we selected the G-mean from the available metrics [15], which
is accepted as a good metric for imbalanced classification problems. After ob-
taining the G-mean values for the three classifiers containing T ∈ {2, 4, . . . , 20}
weak learners we selected the classifier with maximal G-mean then we compared
the other classifiers to this value and computed the difference which was con-
sidered as the error score of the classifier. Summing these differences for all T
configurations we obtained a total error score for each method in a particular
classification problem. Table 1 shows the error scores of the three methods both
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Fig. 2. Example images from the detection experiment. Top: face vs non-face; Bottom:
car vs non-car.

for recognition and detection tasks. We can see that the re-balancing techniques
of Sec. 3.2 are beneficial for the feature selection, as the wCMISVM classifier
clearly outperformed the other methods. However, this method is slightly less
effective for detection tasks. This may be due to the nature of the data since
in this experiment the samples of the larger class contain very different images,
and a single cost-factor may not suitable to represent such a large variation.

Table 1. Error scores of the three methods in different classification tasks

AdaBoost [10] CMISVM wCMISVM

Race 0.1822 0.1001 0.0527

Glasses 0.2049 0.2129 0.0251

Gender 0.0889 0.2389 0.1240

Recognition 0.4760 0.5519 0.2018

Car 0.0388 0.0112 0.0453

Face 0.0334 0.0606 0.0593

Detection 0.0722 0.0718 0.1046

5 Conclusions

In this paper we investigated the difficulties of CMI-based classifier selection
using WFLD as weak learners. We proposed a novel technique for updating the
sample weights of the training data. To improve the efficiency of the CMI-based
method on imbalanced datasets we proposed re-balancing techniques for both
the feature selection and the weight update procedures. We performed extensive
evaluations on two public datasets. The experiments confirmed that the proposed
methods improve the efficiency of CMI-based boosting in case of imbalanced
datasets. As a part of our future work we plan to extend our experiments with
additional datasets and with more tests with various degree of data imbalance.

Acknowledgement. Portions of the research in this paper use the FERET
database of facial images collected under the FERET program, sponsored by
the DOD Counterdrug Technology Development Program Office. This work was
supported by the Hungarian Scientific Research Fund under grant number 80352.



272 Á. Utasi

References
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