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This article proposes an extension of Haar-like features for their use in rapid object detection systems.
These features differ from the traditional ones in that their rectangles are assigned optimal weights so
as to maximize their ability to discriminate objects from clutter (non-objects). These features maintain
the simplicity of evaluation of the traditional formulation while being more discriminative. The proposed
features were trained to detect two types of objects: human frontal faces and human heart regions. Our
experimental results suggest that the object detectors based on the proposed features are more accurate
and faster than the object detectors built with traditional Haar-like features.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

Object detectors aim at finding sub-regions of an image that con-
tain instances of an object of interest. Many applications of object
detection are challenging because high accuracy is required while
images are evaluated at real-time speeds. Such applications include
vehicle detection [26], where one needs to alert automobile drivers
about possible accidents as soon as possible, and, surveillance tasks
where every video frame needs to be checked in real-time for the
presence of intruders [28].

Classifiers based on Haar-like features [18] have demonstrated
to be considerably successful for use in object detection tasks. This
is mainly due to the fact that they provide an attractive trade-off
between accuracy and evaluation speed. Viola and Jones [27] pro-
posed a popular object detection system based on these features.
After Viola and Jones's contribution, many successful systems based
on Haar-like features have been proposed [13,16,25,30].

In this paper, we propose modified Haar-like features whose rect-
angles are assigned optimal weights. These weights are optimal in
the sense that theymaximize their ability to discriminate object from
clutter. Similar to the traditional Haar-like features, the proposed
features can be used to form weak classifiers, which in turn can be
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boosted [21,22] and arranged in a rejection cascade architecture [3]
to form an object detection system. In our experiments, three dif-
ferent techniques, brute-force search (BFS), genetic algorithms (GA)
[5,7,8], and Fisher's linear discriminant analysis (FLDA) [6] were used
to determine optimal weights.

The proposed featureswere trained for two object detection prob-
lems: detection of human frontal faces in digital photographs, and
detection of cardiac structures from magnetic resonance imaging
(MRI). The obtained results show that the object detectors based on
the proposed features are more accurate and faster than the object
detectors built with traditional Haar-like features.

The remainder of the paper is organized as follows. In Section 2,
weak classifiers based on Haar-like features are introduced. In
Section 3, algorithms to find optimal rectangle weights using BFS, GA
and FLDA are presented. Later, in Section 4, the boosting procedure
to combine weak classifiers to form strong classifiers is described.
Section 5 describes the framework and the training procedure of
the proposed object detector. A human frontal face and a heart
detector were built based on the proposed object detection system.
The results of their evaluation on real-life datasets are presented in
Section 6. The paper is concluded in Section 7.

2. Haar-like features

Haar-like features are an over complete set of two-dimensional
(2D) Haar functions, which can be used to encode local appear-
ance of objects [18]. They consist of two or more rectangular
regions enclosed in a template. The feature value f of a Haar-like
feature which has k rectangles is obtained as in the following
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Fig. 1. Haar-like features are shown with the default weights assigned to its rectangles. (a) and (b) show Haar-like features proposed by Papageogiou et al. (c) shows
a Haar-like feature with three rectangles introduced by Viola and Jones. (d–f) show Leinhardt's rotated features. (g) and (h) show Li et al.'s disjoint Haar-like features.
(i) shows Jones and Viola's diagonal feature designed to capture diagonal structures in the object's appearance.

equation:

f =
k∑

i=1

w(i) · �(i) (1)

where �(i) is the mean intensity of the pixels in image x enclosed by
the ith rectangle. Henceforth we will refer to the quantity � as the
rectangle mean. In (1), w(i) is the weight assigned to the ith rectangle.
Traditionally, the weights assigned to the rectangles of a Haar-like
feature are set to default integer numbers such that the following
equation is satisfied:

k∑
i=1

w(i) = 0 (2)

For example, the rectangles of a Haar-like feature as in Fig. 1(a)
are assigned default weights 1 and −1. Similarly, the rectangles of a
Haar-like feature as in Fig. 1(c) are assigned default weights 1, −2
and 1.

One of the main reasons for the popularity of the Haar-like fea-
tures is that they provide a very attractive trade-off between speed
of evaluation and accuracy. With a simple weak classifier based on
Haar-like features costing just 60 microprocessor instructions, Viola
and Jones [27] achieved 1% false negatives and 40% false positives for
the face detection problem. The high speed of evaluation is mainly
due to the use of integral images [27], which once computed, can be
used to rapidly evaluate any Haar-like feature at any scale in con-
stant time.

Since the introduction of horizontally and vertically aligned Haar-
like features by Papageogiou et al. [18], many different Haar-like fea-
tures have appeared in the literature [12,13,27]. Some of the features
are shown in Fig. 1. They mainly differ in the number of rectangles
and the orientation of the rectangles with respect to the template.
Jones and Viola [10] introduced diagonal features to capture diagonal
structures in object's appearance. Lienhart [13] enriched the features
of Viola and Jones [27] with efficiently computable rotated Haar-like
features. With the enriched set, they achieve a 10% lower false alarm
rate for a given true positive rate. Li et al. [12] proposed Haar-like
features with disjoint rectangles which were meant to characterize
non-symmetrical features of an object's appearance.

2.1. Haar-like features with optimally weighted rectangles

In this paper, we argue that a Haar-like feature can be optimized
for a given object detection problem by assigning optimal weights to
its rectangles. The feature value of the proposed features is computed
exactly as in (1), except that the default weights of its rectangles,
w(i), are substituted with optimal values, ŵ(i). The proposed features
maintain the simplicity of the traditional ones as in (1), while being
more discriminative.

2.2. Weak classifiers

Weak classifiers label a sub-region of an image, x, as belonging
to either the object or clutter class by comparing f to a threshold �
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Fig. 2. The first row shows images from the heart and human frontal face image databases. The second row contains typical images from the clutter database.
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Fig. 3. Distribution of object points for different Haar-like features. The first and the second row show object point distributions in SRFS from human frontal face images
and the heart images, respectively. The third row shows the Haar-like features that were used for the evaluation.

as in (3). They are called weak because they are expected to perform
only slightly better than a random guesser:

h(x) =
{
1 object, f · p�� · p
−1 clutter otherwise

(3)

Here, p ∈ {1,−1} is a polarity term, which can be used to invert
the inequality relationship between f and �.

2.3. Single-rectangle feature space (SRFS)

When an image is evaluated with a Haar-like feature with k rect-
angles, a vector of length k containing rectangle meanmeasurements
can be generated. Using these measurements, the image can be rep-
resented as a point in a k-dimensional feature space—which we call
single-rectangle feature space. Let the representation of an image
belonging to the object class be called an object point, and simi-
larly, the representation of an image belonging to the clutter class
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Fig. 4. Distribution of clutter points for different Haar-like features.

be called a clutter point. In the following, a discussion on the distri-
bution of object and clutter points in a SRFS is presented. Based on
this discussion, a comparison of the performance of weak classifiers
constructed with traditional and the proposed Haar-like features is
made.

For the purpose of this study, a set of images belonging to the
object and clutter class were evaluated on Haar-like feature with two
rectangles, thus generating a cloud of object and clutter points in
a two-dimensional SRFS. The number of rectangles in the Haar-like
feature was restricted to two for clarity of visualization.

Two different object databases were chosen for this study. One
contained human frontal face images from the AR [14] database and
the other contained short-axis magnetic resonance images of the
heart. The clutter points were generated from a clutter database
containing images that neither belonged to the face class nor the
heart class. Some of the typical images in the object and clutter
databases are shown in Fig. 2.

Each image was intensity normalized by dividing every pixel
value by 2n−1, where n is the number of bits used to represent each
pixel value. This makes pixel values from any two images compara-
ble as all of them vary from 0 to 1.

The distribution of object and clutter points in the 2D SRFS is
shown in Figs. 3 and 4, respectively. As it can be observed, the object
points form a more compact distribution than the clutter points
irrespective of the size and the relative distance of the rectangles
constituting the Haar-like feature. Compact distribution of object
points results from making similar rectangle mean measurements.
This can be understood from the fact that the images within the
object class are strongly correlated to each other. The clutter points,
however, are spread-out as the clutter images are very different from
each other.

2.4. Performance of weak classifiers in SRFS

Consider a hypothetical 2D SRFS as shown in Fig. 5(a). It shows a
compact distribution of object points in the midst of clutter points.
As discussed earlier, each point in the SRFS is a representation of an
image through its rectangle mean measurements (�). The feature
value of a Haar-like feature when evaluated on an image is the scalar
product of the vector w that contains weights assigned to its rect-
angles, and �. This has been mathematically expressed in (1). Geo-
metrically, the computation of feature value can be understood as a
product of magnitude of projection of � onto w and the magnitude
of w, which is a constant.

Traditionally, the rectangles of a Haar-like feature with two rect-
angles are assigned default weights of 1 and −1. This yields a pro-
jection line that is parallel to the vector �1 − �2. To train a weak
classifier as in (3), a scalar value � is found such that object and
clutter points are best separated. As shown in Fig. 5(b), � divides
the SRFS into two regions; the object region, coded white, and the
clutter region, coded black.

Fig. 5(c) and (d) show classification using the optimal projection
line. It is intuitive that by projecting object and clutter points to
an optimal line, better classification performance can be achieved.
Note that the proposed features have the capability to capitalize
on the absolute difference in the brightness between the object
class and the majority of clutter class images. For example, when
the object points lie on the top-right or bottom-left corners of the
2D SRFS, better classification can be obtained by setting optimal
line parallel to the vector �1 = �2. Traditional features, however,
can produce good classifiers only when the majority of the ob-
ject points would lie in left-top or the right-bottom of the 2D
SRFS.
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Fig. 5. A geometrical view of a weak classifier performance. (a) Weak classifiers built with traditional Haar-like features. (c) Weak classifier constructed with modified
Haar-like features whose rectangles are assigned optimal weights. (b) and (d) show their respective partitioned SRFS.

3. Training weak classifiers

Training a weak classifier involves determining the following
three parameters that give the least error on the training set of ob-
ject and clutter class images:

(1) the threshold value �,
(2) the polarity term p, and
(3) the weight to be assigned to each rectangle of a Haar-like

feature ŵ.

The two terms, � and p, are optimized using a brute-force search
as performed by Viola and Jones [27]. Three different techniques
were used to find optimal weights of the rectangles of the Haar-like
features. The description of these techniques and the motivation for
their use is described in the following sections.

3.1. Brute-force search

One obvious way to guarantee an optimal solution to the problem
of finding optimal weights would be a brute-force search through
the possible weights. The search space could be restricted to a fi-
nite number of possible values by quantizing the weight values and
limiting them to a predefined range. If the weights assigned to rect-
angles are restricted to d values, then the number of distinct weight
combinations for two, three and four rectangle Haar-like features
are ( d2 ), (

d
3 ) and ( d4 ), respectively. For each of these weight combina-

tions, optimal values of � and p need to be determined, which makes
brute-force search extremely time consuming. The search space can

be reduced by increasing the quantization step and restricting the
range. Such steps that reduce the resolution of the search space,
however, may lead to assigning sub-optimal weights to the rectan-
gles. Finding optimal weights using BFS is outlined in Algorithm 1.

Algorithm 1. Training of a single weak classifier using BFS.

Input: Training images: x(i), i ∈ {1, . . . ,n}
Input: Training labels: y(i) ∈ {−1, 1}, i ∈ {1, . . . ,n}
Input: Weights for each training image: z(i) ∈R, i ∈ {1, . . . ,n}
Input: Weak classifier with k-rectangle Haar-like feature: h
Input: Possible weight values: d

1 Set �min to ∞.
2 for t = 1 to ( dk ) do

3
4

5
6

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Set weights (ŵ) to be assigned to the rectangles of h.
Find �̂ and p̂ that minimize the training error �.

[�̂, p̂] = arg min �
where,

� = 1
2

n∑
i=1

z(i)|h(x(i)) − y(i)|
if �< �min then
� w∗ = ŵ, �∗ = �̂, p∗ = p̂, �min = �

Output: Trained weak classifier: h → w=w∗, h→� = �∗, h→p=p∗

Output: Error of the weak classifier: �min

3.2. Genetic algorithms

Given a specific problem to solve, the input to the GA is a set
of solutions to that problem, called genomes, and a metric called a
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fitness function that returns a quantitative measure of the quality of a
genome. GA, through a series of iterations, called generations, tries to
improve the genomes through genetic operations such as crossover
andmutation. The main advantages of GA are that it does not require
gradient information and therefore it is capable of solving nonlinear
problems with multiple local optima. Further, GA has been demon-
strated to produce substantial improvement over random and local
search methods [11]. Since GA evolves its solutions over many iter-
ations, it tends to be computationally expensive. Yet, in comparison
with brute-force search, it is faster. In practice, it was found that
evolving 30 genomes over 100 generations yielded stable solutions.

In our problem of finding optimal weights to rectangles, the
genome is an array, representing the weights to be assigned to the
rectangles. A valid genome for a Haar-like feature with k rectangles
would be an array of length k, whose elements can take real val-
ues. For a given genome and a Haar-like feature, our fitness function
builds a weak classifier and returns the error � made by the weak
classifier on training examples. The lower the error returned by the
fitness function, the better the genome represents the desired solu-
tion. The genetic optimization, as explained in Algorithm 2, is done
over a series of N generations. In each generation, the population
of genomes are improved through the application of crossover and
mutation operators. The genome, along with the threshold and po-
larity values, that produce the least training error are chosen as the
parameters to be assigned to the weak classifier h.

Algorithm 2. Training of a single weak classifier using GA.

Input: Training images: x(i), i ∈ {1, . . . ,n}
Input: Training labels: y(i) ∈ {−1, 1}, i ∈ {1, . . . ,n}
Input: Weights for each training image: z(i) ∈R, i ∈ {1, . . . ,n}
Input: Weak classifier to be trained: h
Input: Number of generations: N
Input: Size of each generation: m

1 begin

2
3
4
5
6

7

8
9
10
11

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

Select initial population of genomes g(l)1 , l ∈ {1, . . . ,m}.
Set �min to ∞.
for t = 1 to N do⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

forall g(l)t do⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Set current genome as the weights to be assigned to
the rectangles of h

h → w = g(l)t
Find �̂ and p̂ that minimize the training error �.

[�̂, p̂] = arg min �
where,

� = 1
2

n∑
i=1

z(i)|h(x(i)) − y(i)|
if �< �min then

�w∗ = g(l)t , �∗ = �̂, p∗ = p̂, �min = �
Reproduce genomes with the lowest training error in the

population to form new ones through crossover and mutation.
Replace the worst genomes in the population with the best

newgenomes.
12 end

Output: Trained weak classifier: h → w = w∗, h → � = �∗,
h → p = p∗

Output: Error of the weak classifier: �min

3.3. Fisher's linear discriminant analysis

FLDA provides a closed-form solution to find a linear classifier that
best separates two or more classes. Although it provides an optimal
solution only when the classes are Gaussian with equal covariances

[4], it is reasonably quick and provides good approximations to the
optimal solution in the general case. Our motivation for choosing
FLDA is as follows. Since object detection is basically a two class
problem, FLDAmight provide quick answer as it comeswith a closed-
form solution. This procedure directly outputs the optimal weights
and, therefore, the optimal values of � and p need to be computed
only once. This makes FLDA much faster when compared to GA or
brute-force methods.

Algorithm 3 describes a solution to find optimal weights using
FLDA. The algorithm is presented with a database of object and
clutter class training images with their corresponding labels. FLDA
outputs a linear projection vector whose slope corresponds to the
optimal weights assigned to the rectangles of the Haar-like feature.
Once the optimal weights are found, the optimal values for thresh-
old (�̂) and polarity terms (p̂) are found by searching exhaustively
[27] over all possible solutions.

Algorithm 3. Training of a single weak classifier using FLDA.

Input: Training images: x(i), i ∈ {1, . . . ,n}
Input: Training labels: y(i) ∈ {1,−1}, i ∈ {1, . . . ,n}
Input: Weights for each training image: z(i) ∈R, i ∈ {1, . . . ,n}
Input: Weak classifier to be trained: h

1 begin

2
3

4

5

6

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

Evaluate the Haar-like feature in h over all object and clutter
training images. Each evaluation gives a k-dimensional vector
�(i). Compute between-class scatter [6]: m1−m2 where m1 andm2
are the k-dimensional means of measurements made from no
object class and nc clutter class training images respectively.

m1 = ∑
∀i,y(i)=1

�(i)

no
, m2 = ∑

∀i,y(i)=−1

�(i)

nc
Compute within-class scatter [6] : S = S1 + S2

S1 = ∑
∀i,y(i)=1

(�(i) − m1)(�(i) − m1)
t

S2 = ∑
∀i,y(i)=−1

(�(i) − m2)(�(i) − m2)
t

Compute optimal weights
ŵ = S−1(m1 − m2)

Find �̂ and p̂ that minimize the training error �.
[�̂, p̂] = arg min �

where,

� = 1
2

∑n
i=1z

(i)|h(x(i)) − y(i)|
7 end
Output: Trained weak classifier: h→w=ŵ, h→�=�̂, h→p=p̂
Output: Error of the weak classifier: �

4. Boosting weak classifiers

Boosting is a meta algorithm that refers to a method of producing
a “strong” classifier by additively combining a set of weak classifiers.
The predictions from many weak classifiers are combined through
weighted majority voting to produce the prediction of the strong
classifier. For binary classification problems, the strong classifier has
the form

H(x) =

⎧⎪⎨
⎪⎩
1 object,

k∑
i=1

�(i)h(i)(x)��

0 clutter otherwise

(4)

In (4), h(i), i=1, . . . , k are the kweak classifiers selected by boosting
and �(i), i = 1, . . . , k are their corresponding weights. The AdaBoost
[21,22], one of the popular boosting procedures, has been used in our
implementation. The pseudocode of AdaBoost adapted to the object
detection problem is shown in Algorithm 4.
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The algorithm takes as input the object class training images
x(i), i=1, . . . ,n, their labels y(i), i=1, . . . ,n and a set of weak classifiers
h(j), j= 1, . . . ,m. The algorithm goes through a series of N iterations,
and in each iteration a weak classifier is selected. In the first iteration,
all the weak classifiers are trained according to Algorithm 2 or 3
and the weak classifier that produces the lowest error is selected.
In each subsequent iteration, a weak classifier is selected such that
the combined error of all the previously selected weak classifiers is
minimized. This is performed by maintaining weights z(i), i=1, . . . ,n
on the training images. The higher the magnitude of z(i), the greater
is the need for x(i) to be classified correctly. Initially, all the training
images belonging to a class are assigned equal weights z(i). In each
iteration, the value of z(i) is increased if x(i) was misclassified by the
selected weak classifier and decreased if x(i) was classified correctly.
This compels the algorithm to select a weak classifier that classifies
the training samples with higher weights correctly in the subsequent
iteration.

Once the weak classifiers and their corresponding weights deter-
mined through the boosting procedure, the threshold value of the
strong classifier (�) is set such that the strong classifier has a maxi-
mum false rejection rate, �, on a validation set of object class images.
The threshold value � is found such that the sum of weighted de-
cisions of the selected weak classifiers is greater than � for at least
(1 − �)q images in the validation set. Here, q is the total number of
images in the validation set.

Algorithm 4. Boosting weak classifiers.

Input: Training images: x(i), i ∈ {1, . . . ,n}
Input: Training labels: y(i) ∈ {−1, 1}, i ∈ {1, . . . ,n}
Input: Validation object class images: v(i), i ∈ {1, . . . , q}
Input: Maximum false rejection rate: �
Input: Set of weak classifiers: h = {h(j)}, j ∈ {1, . . . ,m}
Input: Number of weak classifiers per node: N

1 begin

2

3
4
5
6

7

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

Set weights to each training image :

z(i)1 =

⎧⎪⎪⎨
⎪⎪⎩

0.5
no

, x(i) ∈ object

0.5
nc

, x(i) ∈ clutter

where, no and nc are the number of object and clutter images,
crrespectively.
for t = 1 to N do⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Apply Algorithm 1, 2 or 3 to train each weak classifier in h
crand find the weak classifier, ht , with minimum error, �t .
Compute the new weight for ht :

�t = 1
2
ln

1 − �t
�t

Update the weights for each training image :

z(i)t+1 = z(i)t e−�tht(x(i))

Z
where Z is a normalization factor such that z(i)t+1 will be a
crdistribution.

Evaluate the selected weak classifiers on the validation set
crand find � such that

∑N
t=1�tht(v(i))�� is true for (1 − �)q

crvalidation set images.
8 end
Output: Strong classifier, H(p), where p is a test image:

H(p) =
⎧⎨
⎩1 object,

N∑
t=1

�tht(p)��

0 clutter otherwise

5. Training the object detector

This section describes how object detection systems can be built
using boosted set of weak classifiers.

Fig. 6. A cascaded classifier structure consists of multiple nodes arranged in a
degenerated decision tree fashion. The output of the node is the weighted majority
of decisions of the individual classifiers present at that node. If an image is classified
as clutter by a node, then that image is not processed in the successive nodes.

5.1. Framework of the object detection system

The framework of the proposed object detector is based on Baker
et al.'s rejection cascade architecture [2,3]. A rejection cascade, as
shown in Fig. 6, consists of serially connected nodes which label a
test image as object or clutter. Each node contains a boosted set of
weak classifiers. In Fig. 6, the Node 3 of the rejection cascade has
been expanded to show the k weak classifiers present in it.

The object detection proceeds as follows: a given test image is
scanned at all positions and scales by the rejection cascade. When
an image sub-region x is input to a node, it is classified by all the
weak classifiers present in the node, and the weighted average of
their decisions is output as the final decision of that node. Thus, each
node labels an image sub-region as object or clutter. An image sub-
region is labeled object only if it is labeled object by all the nodes
of the cascade. On the other hand, if a sub-region is labeled clutter

by a node, it is not further processed by any successive node. Thus,
the rejection cascade tries to reject clutter as early as possible. Since
a majority of image sub-regions belong to clutter [17,29], an object
detection system based on rejection cascade architecture will be fast
in scanning the entire test image.

The rejection cascade H(x) can be expressed as

H(x) =
⎧⎨
⎩1 object,

M∏
i=1

H(i)(x) = 1

0 clutter otherwise

where H(i)(x) is a boosted set of weak classifiers as in (4), and M is
the number of nodes.

5.2. Building the rejection cascade

The rejection cascade is built according to Algorithm 5. The algo-
rithm takes in a database of object and clutter class images x(i), i =
1, . . . ,n, their labels y(i), i = 1, . . . ,n and a set of weak classifiers
h(j), j = 1, . . . ,m. Given the training data, the algorithm iterates M
times to construct the rejection cascade, whereM is the desired num-
ber of nodes. In each iteration, a node H(u)(x) is built according to
Algorithm 4. The clutter training images that were correctly classified
by the current node are not considered to build the next node. This
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ensures that the next node to be built concentrates on rejecting the
clutter images that were misclassified by the previously built nodes.

Algorithm 5. Building a rejection cascade of strong classifiers.

Input: Desired number of nodes in the cascade: M
Input: Training images: x(i), i ∈ {1, . . . ,n}
Input: Training labels: y(i) ∈ {−1, 1}, i ∈ {1, . . . ,n}
Input: Set of weak classifiers: h = {h(j)}, j ∈ {1, . . . ,m}

1 begin

2
3
4
5

∣∣∣∣∣∣∣∣

for u = 1 to M do⎢⎢⎢⎢⎢⎢⎢⎣
Build node H(u) according to Algorithm 4.
Remove x(i) if H(u)(x(i)) = 0 and y(i) = −1.
Test the cascade with u nodes on a test set of clutter images,
and add the sub-windows that were misclassified to the
training set.

6 end
Output: Rejection cascade, H(t), of strong classifiers where
t is a test image:

H(t) =
⎧⎨
⎩1 object,

M∏
i=1

H(i)(t) = 1

0 clutter otherwise

6. Experimental setup and results

The proposed featureswere trained for two object detection prob-
lems: detection of human frontal faces from digital photographs
and detection of heart regions in short-axis cardiac magnetic res-
onance images. Detecting human frontal faces and heart regions is
challenging as they exhibit high degree of intra-class appearance
changes. Further, these objects are ideal for our study because appli-
cations involving detection of frontal faces and hearts benefit from
real-time localization. Face detection is the first step in many com-
puter vision systems and its output in real-time is indispensable for
security systems or for human–computer interaction systems. Heart
detection can be used as a precursor to complex heart segmentation
techniques which in turn may help detecting any abnormality in the
cardiac function. Since an MRI scan of heart produces a sequence of
3D images, and each image typically contains dozens of slices, heart
regions in lots of images need to be detected and segmented before
the pathology could be understood. Therefore, quick detection and
segmentation algorithms would help in reducing the diagnosis time.

In the following experiments, we compare the speed and the ac-
curacy of the object detectors constructed with the proposed fea-
tures (optimal weights) over the traditional ones (default weights).
Before the results are presented, the databases on which the object
detectors were trained and tested are described.

6.1. The training datasets

To train the frontal face and heart detectors, two object databases
(face and heart), and a clutter database were used. The frontal face
database was composed of 5000 images. The images in this database
were collected from publicly available facial image databases such
as MIT–CBCL face database no. 1 [1], XM2VTS [15], Equinox [24], AR
[14], and BioID [9]. The facial regions were cropped manually and
resized to images of size 20 × 20 pixels.

The heart database consisted of 493 short-axis MR heart images.
Similar to the face dataset, the heart regions were manually cropped
and resized to images of size 20 × 20 pixels. To train the heart de-
tector, 300 of the 493 images were used.

For the clutter image database, a total of 27,000 images were
downloaded from the internet. These images did not contain either
frontal face nor heart regions. For our experiments we generated
approximately 4 × 109 sub-regions from these images.

6.2. The test datasets

The face detectors were tested on the MIT + CMU frontal face
database (test sets A–C) [20]. This database consists of 130 images
with 511 frontal faces. Two of the faces in this test set had to be
flipped as they were initially upside-down. The remaining images
were left untouched. Ground truth face location is available for every
face in the database.

The heart detectors were tested on a set of 193 images. In all
these images the heart regions were manually landmarked to obtain
ground truth size and location.

In our experiments, we assumed that a face or a heart has been
detected correctly if a positively detected sub-region satisfies the
following two conditions:

(1) The size of the detected region is within ±10% of the size of the
annotated face/heart.

(2) The distance between the center of the detected region and the
annotated face/heart is not more than 10% of the size of the
annotated face/heart.

These two conditions ensure that a positively detected sub-region
of a test image contains a face/heart.

6.3. Limiting the number of Haar-like features

The number of ways in which rectangles can be arranged in a
template to form Haar-like features is (almost) infinite [13]. There-
fore, for practical reasons, all implementations of object detection
systems that use Haar-like features need to limit the number of fea-
tures that are used for training. In order to limit the number of Haar-
like features, the following measures were taken:

(1) Only Haar-like features with two, three and four rectangles were
considered.

(2) The template size of the Haar-like features was set 20×20 pixels.
(3) Lienhart and Maydt's [13] rotated rectangle features (see

Fig. 1(d), (e) and (f)) were not considered.
(4) The inter-rectangle distances dx and dy for Li et al.'s [12] disjoint

features as shown in Fig. 1(g) were discretized so that they were
integer multiples of 100% of the rectangle size in corresponding
directions.

(5) All the rectangles contributing to a single Haar-like feature had
the same size.

(6) Rectangles with size less than 3 × 3 pixels were not allowed to
form Haar-like features.

A total of 207,807 Haar-like features remained after removing
the features that did not satisfy the above-mentioned conditions.
Despite this reduction, we train more number of features than Viola
and Jones [27], who used a total of 160,000 features.

6.4. Training object detectors

For every object detection problem (face and heart), four detec-
tors were constructed. These four detectors basically differed on the
type of features used to construct them. The features used were:

• Default weights: Traditional Haar-like features whose rectangles
are assigned default weights.

• Optimal weights (BFS): Proposed features with optimal rectangle
weights computed using BFS.

• Optimal weights (FLDA): Proposed featureswith optimal rectangle
weights computed using FLDA.



168 S.-K. Pavani et al. / Pattern Recognition 43 (2010) 160 -- 172

1

1

1

-1

-1

0.8 -0.4

-0.7

-0.68

0.55

-0.38

0.45

-0.7 -0.24

0.18 -0.69

0.66

0.42-0.22

-0.68

0.560.62

-0.72

0.62

-0.7

0.5

0.2

-1

Fig. 7. Illustration of the Haar-like features, superimposed on a typical training images, that were selected in the first iteration of the AdaBoost procedure for different object
detectors. The columns, from left to right, show features selected using different rectangle weighting strategies: default weights, optimal weights (BFS), optimal weights (GA)
and optimal weights (FLDA), respectively.

• Optimal weights (GA): Proposed features with optimal weights
computed using GA.

Each face detector had 36 nodes with a total of 1832 weak-
classifiers distributed among them. The heart detectors had 16 nodes
with 172 weak-classifiers. Corresponding nodes in every object de-
tector had the same number of weak classifiers. The first ten nodes
of the face detector and the heart detector were assigned only one
weak classifier in order to reject as many clutter regions as possi-
ble with minimum computational effort. Every node of the rejection
cascade was trained so that their false rejection rate on a database
of object class validation set is 0.01 or lower. The Haar-like features
that were picked in the first iteration of the AdaBoost procedure for
different object detectors are illustrated in Fig. 7. The weight values
that produced the minimum training error, which are superimposed
on the rectangles, seem to be different from the default weights.

To compute optimal weights using BFS, the weight values were
restricted to the range [−1, 1] and quantized with a step size of
0.1. The GA parameters were set to the following values: population
size =30, number of generations =100, crossover probability =0.8,
and mutation probability =0.1. In our implementation, single point
crossover was used, and mutation was effected by changing a ran-
domly selected element of the genome with a random value selected
in the interval [−10 10].

The time required to training the face and heart detectors on
a 2.33GHz Intel Xeon Dual Core “woodcrest” processor with 8GB
RAM is shown in Table 1. Viola and Jones [27] report that the time
required to train a 38-node detector was in the order of weeks in a
466MHz AlphaStation XP900.

6.5. Comparison of accuracies of object detectors

The face detectors were tested on the MIT + CMU frontal face
dataset, and Fig. 8 shows the obtained receiver operating charac-
teristics (ROC) curves. The ROC curves were generated as described
in [27] by adjusting the threshold (�) of the last two nodes of the

Table 1
Comparison of training time on a 2.33GHz Intel Xeon Dual Core processor with
8GB RAM.

Feature type Face Heart

Default weights ∼ 2 days ∼ 5h
Optimal weights (BFS) ∼ 22 days ∼ 2 days
Optimal weights (GA) ∼ 20 days ∼ 2 days
Optimal weights (FLDA) ∼ 10 days ∼ 8h

object detector from −∞ to +∞. Note that in Fig. 8, the true positive
rate is plotted against the number of false detections. The false pos-
itive rate can be obtained by dividing the number of false detections
by 12, 378, 518, which is the total number of searched sub-windows
in the MIT + CMU database.

Face detection results on MIT + CMU database from five
other popular face detection systems are superimposed in Fig. 8.
Rowley–Baluja–Kanade [20] used an ensemble of neural networks
to learn face and clutter patterns. Their results are based on eval-
uating their detector on 130 images from MIT + CMU database.
Roth–Yang–Ahuja [19] evaluated their SNoW based detector on all
the images in MIT+CMU dataset except those containing line-drawn
faces. Schneiderman–Kanade [23] proposed a probabilistic method
to detect faces based on local appearance and principal component
analysis. They report their results based on evaluating their detector
on 125 images from MIT + CMU database.

Viola and Jones [27] report their results on evaluating their de-
tector on 130 images from MIT + CMU database. Their detector had
a cascade structure with 38 nodes, which in turn was built using
Haar-like features with default weights. They also reported a mod-
est improvement in detection results by using a simple majority
voting scheme when each test image was evaluated using three dif-
ferently built detectors. Note that the results reported under de-
fault weights refer to results from our own implementation of the
Viola and Jones's object detection procedure. We believe that the
ROC curves obtained for default weights and those reported in [27]
differ because of different image databases and different feature pool
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Fig. 8. Comparison of ROC curves for various face (left) and heart (right) detectors.

used in the training process. The image databases used in [27] are
not publicly available or accessible in any way. Also, parameters such
as how small or how big the rectangles forming the Haar-like fea-
tures should be are not specified, whichmakes it difficult to recreate
the feature pool exactly.

Fig. 8 shows the ROC curves obtained for the heart detector. The
false positive rates for the heart detector can be obtained by dividing
the number of false detections by 9, 842, 870, which is the number
of searched sub-windows. As observed in the results from the face
detector and the heart detectors constructed with optimal weights
(BFS, GA and FLDA) were more accurate than that constructed with
default weights. The only difference among the detectors was the
strategy used to allocate the weights to the rectangles of Haar-like
feature. All the other training parameters remained the same. There-
fore, it can be concluded that the increase in accuracy was obtained
by using the optimal weights alone.

For face and heart detection problems, it can be observed that
the FLDA performs poorer than GA. We believe that there are two
factors that contribute to this sub-optimal performance:

(1) The non-Gaussian nature of the object and clutter cluster of
points in the SRFS (see Section 3.3).

(2) When FLDA is used, optimization of the three parameters ŵ, �
and p occur sequentially. That is, ŵ is optimized first, then opti-
mal values of � and p are found for this particular combination
of weights. This is sub-optimal in comparison to GA, where all
three parameters are optimized simultaneously.

The accuracy of object detectors built with BFS are worse than
those built with GA. However, it is expected that the performance of
BFS would tend towards that of GA if the search range is increased
and the quantization step is decreased. The values for the range
([−1, 1]) and quantization step (0.1) were chosen such that the time
required for training object detectors using BFS and GA are similar.

The output of the face detector over various test images in MIT+
CMU database are shown in Fig. 9. The face detector tolerates ap-
proximately 15◦ in-plane and out-of-plane rotations of face, and it
is also tolerant to the race of the person. Fig. 10 shows the heart
detection output on various test images. False positives occur when
the underlying image is similar to that of the object of interest. For
example, for the image on the top-left in Fig. 9, some of the col-
lar regions have been labeled positive as they resemble a face. False

Fig. 9. Face detector output on various test images.

negatives might have occurred due to extreme lighting conditions,
poor image quality or due to insufficient resolution during search.

6.6. Comparison of speed of object detectors

As discussed in Section 5.1, the speed of an object detector is pro-
portional to its efficiency in rejecting clutter images. The efficiency
in rejecting clutter can be expressed as average number of nodes (n̄)
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Fig. 10. Heart detector output on various test images.
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Fig. 11. False positive rate at a given node of the face (left) and the heart (right) detectors.

and the average number of weak classifiers (c̄) required to reject a
clutter image. The quantities n̄ and c̄ are computed as shown in the
following equation, respectively:

n̄ =
n∑

i=1

p(i) nodes (5)

c̄ =
n∑

i=1

c(i) · p(i) weak classifiers (6)

Here, p(i) is the probability that a clutter image is evaluated by
the ith node of rejection cascade. In (6), c(i) represents the number of
weak classifiers in the ith node. An estimate of p(i) can be obtained
as in (7) by testing the rejection cascade with N number of clutter
images, and recording the number of clutter images evaluated (e(i))
by the ith node:

p(i) = e(i)

N
(7)

Note that p(1) = 1 because all the clutter images will be eval-
uated by the first node. Fig. 11 shows the estimated value of p(i)

at each node of the rejection cascade for the face and heart de-
tectors. They were obtained by testing the rejection cascades with

Table 2
Comparison of n̄, c̄ and speed for different object detectors.

Weak classifier type n̄ c̄ fps

Face Heart Face Heart Face Heart

Default weights 2.14 1.22 5.06 1.74 ∼ 12 ∼ 15
Optimal weights (BFS) 1.55 1.09 3.01 1.37 ∼ 15 ∼ 20
Optimal weights (FLDA) 1.47 1.07 2.74 1.37 ∼ 17 ∼ 20
Optimal weights (GA) 1.38 1.05 2.35 1.23 ∼ 19 ∼ 20

10,000 randomly selected clutter images. It can be noticed that the
probability that a clutter image is evaluated in a node is consis-
tently lower for the object detectors built with the proposed fea-
tures than the traditional ones. This means that the object detectors
built with the proposed features will better in rejecting clutter im-
ages and therefore, they will be faster in scanning through a test
image. Table 2 tabulates n̄ and c̄ values for different rejection cas-
cades. It can be observed that the rejection cascades built with the
proposed features require less number of nodes and weak classifiers
to reject an average clutter image than those built with traditional
features.

The more number of weak classifiers (c̄) required by the face
detector to reject a clutter image on the average suggests that
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weak-classifiers selected for face detectors are less powerful than
those selected for the heart detector. This, in turn, suggests that
faces are more difficult class to model using Haar-like features than
hearts.

The average speed, in frames per second (fps), of object detectors
(when tested on images that have one instance of object) is tabu-
lated in Table 2. The face detectors were tested on images (of res-
olution 320 × 240 images) proceeding from a camera installed in a
office scenario. On each frame, 8858 regions were searched for the
presence of a face. The heart detectors were tested on 640 × 480
images, and on each image, 42,145 regions were searched. The rea-
son why approximate times are reported in Table 2 is that the speed
of the object detectors is not constant and it is dependent on the
number of sub-regions that resemble an object. Sub-regions that re-
semble an object have high chances of being processed by most of
the nodes of the detector and, therefore, they require more time to
be processed. The speed of the object detectors increased approxi-
mately 1.5 times when the test images were uniformly white and
contained no instances of object.

From (1), it can be noticed that the proposed features require
additional floating point multiplications which make them slower to
evaluate. However, since they reject more clutter than the traditional
features, object detectors built with the proposed features are faster.

On a 700MHz Pentium III processor, Viola and Jones [27] report
that their implementation of the face detector (using Haar-like fea-
tures with default weights) processes 384 × 288 image at the rate
of 15 fps. Rowley–Baluja–Kanade [20] and Roth–Yang–Ahuja [19]
do not specify the speed of their detector, however, Viola and Jones
[27] independently tested Rowley–Baluja–Kanade detector and con-
cluded that it is about 15 times slower than theirs. Schneiderman
and Kanade [23] report that their detector can evaluate a 240 ×
256 image in about 90 s on average using a Pentium II 450MHz
processor.

7. Conclusions

In this paper, we propose assigning optimal weights to the rect-
angles of the Haar-like features so that the weak classifiers con-
structed based on them give best possible classification performance.
The optimal weights were computed in a supervised manner us-
ing three different techniques. (1) brute-force search, (2) genetic
algorithms and (3) Fisher's linear discriminant analysis. This paper
presents detailed experiments on two difficult object detection prob-
lems (frontal faces and human hearts), and our results indicate that
by using the proposed features, better object detectors, both in terms
of accuracy and speed of detection, can be constructed.
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