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Abstract. This paper presents a brief introduction to the nowadays most used object
detection scheme. From this scheme, we highlight the two critical points of this
scheme in terms of training time, and present a variant of this scheme that solves
one of these points. Our proposal is to replace the WeakLearner in the Adaboost
algorithm by a genetic algorithm. In addition, this approach allows us to work with
high dimensional feature spaces which can not be used in the traditional scheme.
In this paper we also use the dissociated dipoles, a generalized version of the Haarlike features used on the detection scheme. This type of features is an example of
high dimensional feature space, moreover, when we extend it to color spaces.
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1. Introduction
Object recognition is one of the most important, yet least understood, aspects of visual
perception. For many biological vision systems, the recognition and classification of objects is a spontaneous, natural activity. Young children can recognize immediately and
effortlessly a large variety of objects. In contrast, the recognition of common objects is
still way beyond the capabilities of artificial systems, or any recognition model proposed
so far [1].
Our work is focused in a special case of object recognition, the object detection problem.
Object detection can be viewed as a specific kind of classification, where we only have
two classes: the class object and the class no object. Given a set of images, the objective
of object detection is to find regions in these images which contain instances of a certain
kind of object.
Nowadays, the most used and accepted scheme to perform object detection is the one
proposed by Viola and Jones in [2]. They use a cascade of weak classifiers based on
simple rectangular features. Their scheme allows to do the object detection process in
real-time. The main problem of this method is the training time, which increases exponentially with the number of features and samples, because in each iteration of the Adaboost, it must perform an exhaustive search over all the features in order to find the best
one. Some strategies have been presented in order to speed-up this method, which affects

the initial features set or the search strategy. For instance, in [3] they perform an initial
feature selection in order to reduce the initial features set, and in [4] a heuristic search is
performed instead of the exhaustive search over all features.
This paper is organized as follows: On section 2 we present a brief explanation of the
Viola and Jones object detector, and remark the bottlenecks. In section 3 we present the
dissociated dipoles, a more general type of rectangular features, and their extension to
color. Finally, in sections 4 and 5, we present the introduced modifications: an evolutionary strategy in the Adaboost method that not only speeds-up the learning process, but
allows the use of Viola and Jones scheme with high-dimensional feature spaces and a
redefinition of weak classifiers.

2. Object Detection
In this section we present a brief introduction to Viola’s face detector [2], using the feature set extension of Lienhart and Maydt [5]. This method is the canonical example of
rare object detection. The main points of their scheme is the choice of simple and fast
calculable features, and a cascaded detector, which allows real-time object detection. In
this section we will present briefly the features, the final detector structure and concentrate our attention to the learning process.

2.1. Haar-like features
Haar-like features are local differences between contiguous regions of the image (see fig.
1). This kind of features are inspired by the human visual system, and are very robust
in front of illumination variance and noise. In addition, they can be calculated very fast
using the integral image. In [5], Lienhart and Maydt extended the initial set used by Viola
and Jones adding the rotated version of each feature. These new prototypes of features
can be also calculated in a short time using the rotated integral image.

Figure 1. a)Extended Haar-like features. The sum of all the pixels under the black regions are subtracted from
the sum of all the pixels under the white regions. b)Integral image. The value on the point (x, y) is the sum of
all pixels under the gray region. c)Rotated integral image. The value on the point (x, y) is the sum of all pixels
under the gray region.

2.2. Weak Classifiers
A Weak classifier h : <n 7→ {−1, 1} is composed by a Haar-like feature f , a threshold
thr and a polarity value p. It is the most low level classification in this detection scheme.
Given an input image X, h(X) can be calculated as:
½
hf,p,thr (X) =

1 if f (X) × p ≥ thr × p
−1 otherwise

(1)

where f (X) is the value of the feature f on the image X.
2.3. Cascade
The use of a cascade of classifiers is one of the keys that allow the real-time detection.
The main idea is to discard easy non-object windows in a short time, and concentrate the
efforts on the hardest. Each stage of the cascade is a classifier (see fig. 2), composed by
a set of weak classifiers, and their related threshold value.

Figure 2. Cascade of classifiers.

2.4. Learning process
Once the basic components are introduced, now we will analyze the learning algorithm, remarking the critical points. Adaboost is an algorithm introduced by Freund and
Schapire in [6] to build a strong classifier as a lineal combination of weak classifiers. In
fig. 3 the Adaboost algorithm is presented. The step 3a of the algorithm is also named

Figure 3. Adaboost algorithm.

WeakLearner, because it is where the parameters of the weak classifier are learned. This
is the bottleneck of the learning process, and is where we introduce our modifications.

The WeakLearner determines the best combination of feature, threshold and polarity
value in order to minimize the weighted classification error. Basically, the steps followed
to determine these parameters are:
1. For each feature f in the feature set:
(a) Calculate the value of over each sample
(b) Sort all the different values of f and store them into V
(c) Calculate the error using the values in V as the threshold. Two errors are calculated,
one for each polarity value.
(d) Select the threshold and polarity value that minimizes the error
2. Select the feature, threshold and polarity values that minimize the error.
After analyzing these steps, one can see that we must repeat the step 1 as many times as
features are in our feature set. Therefore, in large feature spaces this process will spend a lot of
time. In order to reduce the number of iterations, we use a genetic algorithm, which will generate
in each generation a small feature set, reducing the number of iterations of the WeakLearner.
Inside the loop, for each feature we have to use a sorting algorithm, and recalculate the error over
each possible threshold and polarity values. The time expended in this case is proportional either to
the number of samples as to the number of features. To reduce the time inside the loop, in section 5
we propose the approximation by normal distributions instead of the use of threshold and polarity
values.

3. Dissociated dipoles
A fundamental question in visual neuroscience is how to represent image structure. The most commonly used representation schemes rely on spatially localized differential operators, approximated
as Gabor filters with a set of excitatory and inhibitory lobes, which compare adjacent regions of an
image [7].
As we explained in section 2, Viola and Jones use Haar-like features, which are an example of that
type of local filters. In [7], Balas presents a more general type of operator, the dissociated dipoles
or sticks (see fig. 4), performing some psychophysical experiments and implementing a system
for content-based image retrieval in a diverse set of domains, including outdoor scenes, faces and
letters. Balas’ work demonstrate the effectiveness of dissociated dipoles for representing the image
structure.

Figure 4. Dissociated dipoles. The mean value of the black region is subtracted to the mean value of the white
region.

3.1. Extension to color space
Most part of the acquired images nowadays have color information, which in most kinds of objects
is a relevant characteristic of the object. In order to exploit the color information, we propose a
simple variation on the dissociated dipoles, considering that each dipole can be evaluated in one of
the image channels. This small change results in the exponential growth in the number of features.

4. Genetic WeakLearner
Since Adaboost does not require the selection of the best weak classifier in each iteration, but a
weak classifier with an error less than 0.5, an evolutive approach is what seems to be more logical
to reduce the time complexity. As a first approach we propose the use of a classic genetic algorithm, which never will select the best feature, but will select a quite good feature.
A gaussian mutation function and a one-point crossover is used. In order to speed-up the convergence of the genetic algorithm, elitism is also used. To guarantee the diversity, we evolute 4
independent populations, and every a certain number of generations, the best individuals of these
populations are added to the other populations.
Finally, it must be considered the fact that the convergence of genetic algorithms is not guaranteed
for every initialization, or it can converge to a solution with an error higher than 0.5. When this
occurs, we reinitialize the genetic algorithm using a new random population.

4.1. Features codification
Since our features are dissociated dipoles, we need to codify two rectangles. Each of the rectangle
is parameterized by a position (X, Y ) in the training window, a width value W and a height
value H. If we consider the color extension, each of the rectangles must also codifiy C, which
is the channel over which it is calculated. Therefore, the parameters codified by a chromosome
are {Xe , Ye , We , He , Ce } for the excitatory dipole and {Xi , Yi , Wi , Hi , Ci } for the inhibitory
dipole. Using a bit string representation of the chromosome, we can calculate the length L of the

Figure 5. Codification of a dissociated dipole using a bit string.

chromosome as:





W
H
L = 2 × dlog2 W e + 2 × dlog2 He + 2 × log2
+ 2 × log2
+4
2
2

(2)

where W and H are the width and height of the training window. To reduce the generation of non
valid features, we restrict the maximum size of each dipole to half of the training window.

4.2. Evaluation function
This function provides a measure of performance with respect to a particular chromosome, and is
the function that the genetic algorithm tries to minimize. As we use genetics as a WeakLearner,
the function to minimize is the weighted classification error. Therefore, the evaluation function
will apply the feature represented by a certain chromosome to all the samples and calculate the
weighted classification error.
Given a sample set Ω = {(xi , yi ) | i = 1..N } where yi ∈ {−1, 1} is the label of xi , C ∈ {0, 1}L
a chromosome and W ∈ <N the weights distribution, the evaluation function ξ : C ×Ω×W 7→ <
can be expressed as:
X
ξ(C, Ω, W ) =
Wi
(3)
i:yi 6=C (xi )

where C(xi ) is the value obtained when the feature represented by the chromosome C is applied
to the sample xi .

5. Normal Approximation
In order to speed-up the WeakLearner algorithm, we propose to approximate the values of each
feature by two normal distributions, one for the positive samples and the other one for the negative
samples (see fig. 6). This process can be addressed in polynomial time, and avoid the calculus
of the threshold and polarity values, because once we estimate the two normals, we calculate the
value of each distribution for the value of the feature over the sample and pick the class with higher
value to classify a sample. This approach not only speeds-up the learning process, but also allows

Figure 6. Approximation of the values of three features by pairs of normal distributions.

the use of online methods as the ones presented by Oza in [8], in the sense that these methods
require incremental Weak Classifiers, and now we have them.

6. Results
In order to demonstrate the discriminative power of the dissociated dipoles, and the usefulness of
our approach, we train two cascades using these features and the Adaboost with the genetic WeakLearner. Using the face images from the Caltech database as the positive samples, and patches from
the Corel database as negative samples, we build two sample sets, each one with 214 face images
and 642 no-face images. The first one is used as a training set, and new no-face images are added
at each step of the cascade in order to replace negative samples discarded by the previous stages.
The second set is used as a test set, and remains invariant during all the process. The parameters
of the training algorithm are set to 0.995 for the hit ratio and 0.5 for the false alarm ratio. The first
experiment uses only dissociated dipoles on the gray-scale images, while the second experiment
uses the color version of these features. Finally we repeat the same experiment, but now using
color and gray-scale features together. The results are showed in tables 1, 2 and 3 respectively.
From the results obtained on our experiment, we see that the resulting method allow us to learn a
Gray-scale features
Cascade
Stages

Train

Num Features

HR

FA

Test
Num Samples

HR

FA

0

0

100.0%

100.0%

642

100.0%

100.0%

1

4

99.5%

35.4%

1,815

98.6%

32.9%

2

5

99.1%

16.8%

3,822

98.6%

13.6%

3

6

99.1%

8.7%

7,418

98.1%

7.2%

4

5

98.6%

3.7%

17,457

96.3%

3.4%

5

5

98.6%

1.7%

38,246

94.4%

1.6%

6

6

98.6%

0.7%

86,453

93.5%

1.1%

7
10
98.6%
0.4%
179,013
92.5%
0.6%
Table 1. Hit ratio and false alarm evolution during the training process using gray-scale features. The number
of needed patches in order to complete the negative samples set is shown on the Train column. This table also
shows the number of features used in each step.

cascade of detectors with a high discriminative power. Moreover, if we look at the generated features, for instance, to the features selected on the first two stages of the experiment of the table 1,
showed in fig. 9, most part of selected features are not contiguous regions, therefore the dissociated

Color features
Cascade
Stages

Train

Num Features

Test

HR

FA

HR

FA

0

0

100.0%

100.0%

Num Samples
642

100.0%

100.0%

1

4

99.5%

28.2%

2,279

97.7%

30.2%

2

3

99.1%

6.8%

9,421

93.9%

7.2%

3

3

99.1%

3.0%

21,355

93.9%

2.0%

4

4

98.6%

1.3%

48,061

93.5%

0.3%

5

6

98.1%

0.6%

110,971

93.0%

0.3%

6

4

98.1%

0.3%

221,063

93.0%

0.2%

7
3
97.7%
0.1%
437,431
90.7%
0.0%
Table 2. Hit ratio and false alarm evolution during the training process using color features. The number of
needed patches in order to complete the negative samples set is showed on the Train column. This table also
shows the number of features used in each step.

Gray-scale and color features
Cascade
Stages

Train

Num Features

Test

HR

FA

HR

FA

0

0

100.0%

100.0%

Num Samples
642

100.0%

100.0%

1

3

99.5%

39.8%

1,613

99.5%

41.7%

2

3

99.5%

20.5%

3,133

99.5%

21.3%

3

4

99.1%

6.7%

9,575

97.2%

6.1%

4

5

98.6%

2.6%

24,237

97.2%

3.1%

5

5

98.6%

0.5%

128,686

94.9%

0.6%

6

6

98.1%

0.2%

374,828

93.9%

0.2%

7
10
98.1%
0.1%
747,670
93.0%
0.0%
Table 3. Hit ratio and false alarm evolution during the training process using gray-scale and color features.
The number of needed patches in order to complete the negative samples set is showed on the Train column.
This table also shows the number of features used in each step.

dipoles are a more discriminant representation of the image.
Our results also show that the color information helps in the reduction of false positives, while it

Figure 7. Dissociated dipoles of the first stage of the Color and gray-scale cascade. Under each picture the
channel of the excitatory (+) and inhibitory (-) dipoles are described.

seems that the gray-scale information helps to maintain a good detection rate. We suppose that it is
owning to the constancy on the values. When we use color information, the intra-object variation
is higher than the gray-scale variation. In addition, the use of color reduces the number of necessary features in each level of the cascade. The reduced number of features in the final detector
guarantees the real-time capability of the detection process, which can be done by only 8 accesses
to the integral image per feature.

Figure 8. Dissociated dipoles of the first two stages of the gray-scale cascade.

Figure 9. Some of the lost faces on the gray-scale and color features cascade.

7. Conclusions and future work
We have presented a variation on the Adaboost algorithm using an evolutionary WeakLearner,
which remove the computational bottlenecks on the nowadays most used object detection scheme.
Our proposal also allows to use high dimensional feature spaces, as dissociated dipoles.
In this paper we present an extension of the dissociated dipoles to the color space, and use them to
verify the usefulness of our method to train a detection cascade.
As a future work, we want to change the genetic algorithm by other evolutive strategies which
allows a more intelligent evolution, and the addition of extra problem-dependent knowledge.
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