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Abstract. AdaBoost is a practical method of real-time face detection,
but abides by a crucial problem of overﬁtting for the big number of features used in a trained classiﬁer due to the weak discriminative abilities
of these features. This paper proposes a theoretical approach to construct highly discriminative features, which is named composed features,
from Haar-like features. Both of the composed and Haar-like features
are employed to train a multi-view face detector. The primary experiments show promising results in reducing the number of features used
in a classiﬁer, which leads to the increase of the generalization ability of
the classiﬁer.

1

Introduction

In 1995, Freund and Schapire [1] introduced AdaBoost algorithm based on traditional boosting method. Thanks to their eﬀorts, theoretical analysis on AdaBoost
was pro-posed in the following years. They proved in [1] that the generalization
error should be smaller if fewer training rounds are involved. Later, they gave a
new theory of the generalization in terms of margins [2]: greater margins contribute to better results.
In early years, AdaBoost was, however, inapplicable in real-time case due to
its great computational cost. Fortunately, the breakthrough occurred in 2001
when Viola and Jones proposed a novel real-time AdaBoost for face detection
[4]. The keys to make real-time possible are the usage of the Integral Image,
Haar-like features and Cascade Hierarchy. Based on this approach, two kinds of
extensions were focused on the improvement of hierarchy and feature.
[12] extended the cascade hierarchy into the multi-view case - Detector Pyramid Architecture AdaBoost (DPAA). Later, [7] adopted Width-First- Search
(WFS) Tree Structure to make a balance between high speed and robust.
[11] extended the Haar-like features with 45o rotated features. [8] proposed
Asymmetric Rectangle Features and experiment showed improved performance.
However, the above methods are based on Haar-like features which are so
weak that a large number of weak classiﬁers are used to train a strong classiﬁer.
Proven in [1], such a burdensome strong classiﬁer increases the risk of overﬁtting.
Some eﬀorts were taken to overcome the disadvantage of Haar-like features
(their poor discriminative abilities). [9] used PCA approach to generate the
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global features which are included in the feature set in later layers of cascade. [10]
used Gabor Features instead of Haar-like features. Although these features show
superior discriminative abilities to Haar-like features, they are time-consuming
in computation which may forbid real-time application. [14] used EOH (Edge
Oriented Histogram) Features and gained good results.
In this paper, we propose a novel theoretical approach to construct highly
discriminative features named composed features from Haar-like features whose
computational load is small suitable for real-time tasks such as face detection.
Thus, we can not only eﬃciently compute the highly discriminative features but
also decrease overﬁtting.
In section 2, we will discuss features and their discriminative abilities. In section 3, highly discriminative features eﬃcient in computation will be constructed
by Haar-like features. Section 4 shows the promising experiment results.

2

Features

For AdaBoost, a strong classiﬁer combined by many weak classiﬁers which are
not much better than random guess can achieve any little error rate in training
after suﬃcient loop rounds which has been proven in [1].
Each weak classiﬁer contains two parts: feature and classiﬁcation function.
AdaBoost systematically chooses diﬀerent features and then builds weak classiﬁers based on them and ﬁnally outputs a strong classiﬁer. We will focus on the
features.
Currently, in order to be real-time, Viola and Jones [4] introduced Haar-like
features. With the help of Integral Image, they are eﬃcient to compute. Only
about six additions are involved to compute their value. Moreover, they are in
essence linear features because their value can also be calculated as the dot product of the feature and the image vector. Fig. 1 show the vector representation.

Fig. 1. Vector representation of Haar-like feature

Image could be represented as:
image = [a11 , a21 , a31 , a41 , ...a34 , a44 ]T
Similarly, the Haar-like feature also could be represented in vector form:
w = [0, −1, −1, 0, 0, −1, −1, 0, 0, +1, +1, 0, 0, +1, +1, 0]T
Feature value xw is just the dot product of these two vectors. (The module of
w does not aﬀect the discriminative ability.)
xw = w · image = wT image

(1)
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Unlike many known linear features which are highly discriminative such as
PCA (Principal Component Analysis), LDA (Linear Discriminant Analysis),
Gabor features etc, a single Haar-like feature is so simple that its discrimination ability is weak. With respect to the discriminative abilities, features can be
categorized into two classes: weak features and strong features shown in Fig. 2.
Categorization is not strictly deﬁned. Strong features only mean the features with
relatively higher discrimination abilities (or the classiﬁcation error may be lower
than some threshold).

Fig. 2. A 2-Class case. Left: 2 weak feature vectors’ direction and 1 strong feature
vector’s direction. Right: dash lines: the separation plane in weak feature space; solid
line: the separation plane in strong feature space.

In this example, two classes are drawn in circles and crosses. Suppose there
are only two weak features whose directions are horizontal and vertical. In order
to fully separate these two classes, about eight weak classiﬁers should be trained
by AdaBoost. However, only one weak classiﬁer with the strong feature can fully
separate them shown in Fig. 2. As to the generalization theory in [1], the strong
classiﬁer combined with fewer weak classiﬁers performs better.
Although strong features are superior to weak features in discriminative abilities, they are always time-consuming in computation which involves n multiplications for an n dimensional image vector. That is exactly the reason to keep
them from application in real-time cases.
In the example illustrated by Fig. 2, all features are vectors. The strong feature
can be constructed by two weak features fW 1 and fW 2 :fS = αfW 1 + βfW 2 . More
generally, any linear feature vector in can be constructed by at most linearly
independent vectors (linear features) in . In light of this, we will propose a novel
approach to reduce the computational load of strong feature by constructing
strong features from Haar-like features.

3
3.1

Composed Features
Deﬁnition of Composed Features

The computation cost of a strong feature value arises from the numerous multiplications of dot product between feature vector and image vector. Thus, in order
to reduce such cost, the number of multiplications should be decreased. We can
use Haar-like features to construct a strong feature. Due to the low computation
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cost for Haar-like features’ value, strong feature’s value can be calculated fast.
A strong feature is de-noted as vector fj in Rd .
For a 16*16 image, there exist more than 50,000 Haar-like features. These
features are deﬁnitely linearly dependent because the dimension is just 256 far
fewer than the number of features. Actually, there are just M ∗ N linearly independent feature vectors for M ∗ N image size. We deﬁne one group of M ∗ N
independent feature vectors from the set of Haar-like features as base features.
w0 , w1 , w2 , ...wd−1 , d = M × N
By using these base features, fj can be constructed as follows:
fj =

d−1


pij wi

(2)

i=0

Then the feature value can be computed as:
xj =

d−1


pij wiT image

(3)

i=0

In this way, we can compute the strong feature’s value. However, such representation requires d multiplications, too. To reduce the computing time, we
want to use fewer Haar-like features to construct a strong feature.
We choose k linearly independent Haar-like features w0 , ...wk−1 ∈ W, k  d
to construct a feature qj , W is the complete set of Haar-like features, then:
qj =

k−1


qij wi = Wαq , W = [w0 , ...wk−1 ], αq = [q0j , ...qk−1j ]T

(4)

i=0

We deﬁne such features as Composed Features:
Deﬁnition 1. Composed features: linear and constructed by some linearly independent features - base features so that the computation of the features’ value
can be implemented indirectly by calculating the base features’ value. Usually, the
computational cost is reduced.
3.2

Approximation Measurement

Composed features are not necessary to be strong features. Some of them may be
strong features while others may not. We have two ways to ﬁnd strong features:
Firstly, we can exhaustively search a proper set of to construct a com-posed
feature and then check its discrimination ability. If the classiﬁcation error is less
than some predetermined threshold, it can be viewed as a strong feature.
Secondly, as some strong features (PCA, LDA, or Gabor) are known, we can
con-struct a composed feature to approximate these features.
The ﬁrst way would be feasible only if k is very small(just 2-3). Making
exhaustive exploration is equivalent to making comparison among all the possible
combination of all Haar-like features. Even ﬁxing the coeﬃcients, eg. αq = [1, 1]T ,
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the searching space will still be C(|W |, k), where |W | is the number of Haar-like
features. When k > 3 , the computational cost is too large:C(50000, 4) ≈ 2.6e17 .
Such a naı̈ve approach will crash when k is a bit larger.
The second way is more practical. In this case, fj is assumed to be known(they
can be PCA, LDA, or Gabor features). Our task is to ﬁnd a proper set of
w0 , ...wk−1 and construct a composed feature which can approximate fj . Thus,
a measurement to evaluate the approximation should be introduced as follows:
Deﬁnition 2. Approximation Measurement: The smaller the angle θ between
vector fj and qj is, the better qj approximates fj .
Thus, given set W, the coeﬃcients αq can be uniquely determined according to
the Approximation Measurement. It is equivalent to maximize cos θ.
k−1
αTq FW
qij wiT fj
qj · fj
=  i=0
= 
cos θ =
k−1 2
|qj ||fj |
T
αTq WT Wαq |fj |
(5)
i=0 qij wi wi |fj |
T
fj ]T
where FW = [w0T fj , ..., wk−1

Then the problem becomes solving the maximum problem given below.

max αTq FW
s.t. αTq WT Wαq = 1

(6)

Here, we restrict the composed vector qj to be unit vector without losing
generosity. Such problem could be easily solved by implementing Lagrangian
method.
f (p0j , p1j , ..., pk−1j , λ) = αTq FW − λ(αTq WT Wαq − 1)
⎧

⎪
⎪
FTW (WT W)−1 FW
⎪
⎪
⎪
⎨λ =
2
T
−1
W)
FW
(W
⎪
⎪
⎪
αq = 
⎪
⎪
⎩
FTW (WT W)−1 FW

(7)

(8)

As selected Haar-like features are linearly independent, WT W is invertible.
The remaining problem is how to ﬁnd a proper set W . It is infeasible to
implement an exhaustive search, therefore, we will introduce a novel algorithm
based on Simulated Annealing to achieve it.
3.3

Proper W Searching Algorithm

To ﬁnd a proper set W is an optimization problem described as follows:

min θ = min f (W) for given k
s.t. W ∈ D

(9)
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D is the conﬁguration space. Each conﬁguration is a set of k Haar-like features
chosen from W . Because the number of Haar-like features denoted as |W | is ﬁnite,
so that the number of conﬁgurations in D (|D|) is ﬁnite. However, it is an NP
problem because |D| = C(|W |, k), k  d.
In order to ﬁnd a proper set of Haar-like features, Simulated Annealing algorithm is implemented. We take θ as the energy function, if current θi is larger
than θj calculated from conﬁguration through (5), i will be transited into j,
otherwise the transition occurs at some probability.
From the current conﬁguration i to the next one j, i, j ∈ D, we only exchange
one Haar-like feature in i with the transition probability.
pij = Gij (t)Aij (t),

∀j ∈ D

(10)

Where t is the temperature. Gij (t) and Aij (t) are Generalization and Acceptance probability, respectively.
1/|N (i)|, j ∈ N (i)
0,
j∈
/ N (i)

(11)

1,
f (i) ≥ f (j)
(i)
exp − f (j)−f
,
f (i) < f (j)
t

(12)

Gij (t) =

Aij (t) =

N (i) is the neighbor of conﬁguration i. Only one feature by randomly selection
in i can be exchanged with any other feature in W which is linearly independent
with the remained features. Thus, the neighbor number of i is k|W |  |D|. In
this way, the problem is feasible for solving. The Proper Searching Algorithm is
given in Fig. 3.
Research in feature extraction lasts for several decades. Thanks to these efforts, PCA, LDA, Gabor features or other possible linear features can be used

Fig. 3. Proper Searching Algorithm
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here as fj . With the construction, complicated strong features are composed
of several simple Haar-like features. As a result, the computation of strong features’ value is faster with some insigniﬁcant loss in accuracy. Then the Composed
Features can be used in AdaBoost for real-time application.

4

Experiment

A total of 10,000 faces are collected from variant sources and categorized into 5
views, [-90, -60], [-60, -15], [-15, 15], [15, 60] and [60, 90] (view 1∼5) with 2000
of each view. Each face example’s size is 16*16. We adopt DPAA ([12], [8]) as
Train-ing Structure under AdaBoost Scheme. The ratio of the number of positive
examples to the number of negative examples is 1.0 for each layer.
We implement our experiments by using a P4 3.0GHZ, 512 RAM computer.

Fig. 4. Left: faces data in view 4; Center: extracted PCA features of group 4; Right:
approximated PCA features

Fig. 5. Feature values’ distribution for features. Top-Left: PCA feature. Bottom-Right
PCA- CF. Bottom-Left: 1st Haar-like features. Bottom-Right: 5th Haar-like features.
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In our experiment, we only construct PCA features. We extract PCA from 9
groups, each of which may include one or more views data. Groups 1 5 include
5 views data respectively; group 6 include view 1 and 2; group 7 include view 2,
3 and 4; group 8 include view 4 and 5; group 9 include all views. We choose ﬁrst
100 PCA features from each group to be approximated.
Fig. 4 shows the PCA features and PCA-CFs (PCA Composed Features) each
of which is combined with 15 Haar-like features for view [30, 60]. The angles
between PCA features and PCA-CFs are less than 20o (cos 20o ≈ 0.939693).
In Fig. 5, top row shows that in layer 7 the feature values’ distribution is
similar for the PCA feature and PCA-CF. Their error rates are 26.75% and
27.58% respectively. Obviously, although PCA-CF is not exact PCA features,
their discrimination abilities are similar. In layer 7, it is diﬃcult to depart faces
from nonfaces. Bottom row shows the distribution for the 1st and 5th Haar-like
features selected with error 30.17% and 38.17%. They are worse than PCA-CF.
We tested our system on the CMU proﬁle data set (208 images and 441 faces).
Fig. 6 are the comparison of training error curves and margin distribution in the
test. As to the results, the training error rate converges faster to zero if PCACFs are used. Furthermore, fewer features are selected and higher margins are
gained. Generalization error’s up bound must be reduced according to [1].
Scaling the scanning window from 16*16 to 256*256 with scale ratio 1.2, we
can process about 14 frames per second for 320*240 images on average. Some of
the results are given in Fig. 7. We compare ROC curve of our approach with those

Fig. 6. Left: Training Error Curve; Right: Margin distribution

Fig. 7. Some results on CMU proﬁle test set

756

Y. Jin et al.

Fig. 8. ROC comparison on CMU proﬁle test set

pro-posed by Viola, Jones [5] and Schneideman [6] (these approaches reported
results in CMU proﬁle data set), the curves are shown in Fig. 8. Apparently, our
approach is the best among them and it is real-time. (The results in [8] were
given on some unknown dataset. [9][10] gave results on other dataset. [11] only
gave the false alarm rate instead of false alarm number).

5

Conclusion

In this paper, we propose a theoretical approach to construct linear strong features so that we improve generalization ability and eﬃciency.
Haar-like features are too weak to discriminate classes, which results in serious
overﬁtting. Strong features may be used to gain highly discriminative ability but
they are ineﬃcient in computation.
Composed features proposed in this paper inherit advantages from both
Haar-like features and strong features. By using Proper W Searching Algorithm,
composed features can be constructed and approximate strong features so that
eﬃciency and better generalization ability could be achieved.
Experiment shows our method is better than Viola, Jones, Schneiderman and
Levi, Weiss. We can build up real-time AdaBoost system on composed features.
Our approach could be extended to construct any linear strong features. This
approach’s application should not be limited in AdaBoost, it can be used in any
cases where need fast computation of some strong features.
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