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Abstract. Object detection using AdaBoost cascade classifier was in-
troduced by Viola and Jones in December 2001. This paper presents
a modification of their method which allows to obtain even 4-fold de-
crease in false rejection rate, keeping false acceptance rate – as well as
the classifier size and training time – at the same level. Such an improve-
ment is achieved by extending original family of weak classifiers, which
is searched through in every step of AdaBoost algorithm, with classifiers
calculating absolute value of contrast.
Test results given in the paper come from a face localization problem,
but the idea of absolute contrasts can be applied to detection of other
types of objects, as well.

1 Introduction

The original AdaBoost method is known from the late 1980s as a multiclassifier
and a training procedure for a collection of weak classifiers (called also features),
having success rate of about 0.5, to boost them by suitable voting process to very
high level of performance [2, 3]. Although this training scheme gives a classifier
of very good accuracy, the number of simple features used is far too big, making
real-time applications impossible [1].

The AdaBoost cascade method proposed by Viola and Jones [1] solves this
problem. Viola and Jones connected a number of strong classifiers built with
standard AdaBoost algorithm in a sequence, to form a cascade of classifiers of
increasing complexity. Every stage of the cascade either rejects the analyzed
window or passes it to the next stage. Only the last stage may finally accept the
window. Thus, to be accepted, a window must pass through the whole cascade,
but rejection may happen at any stage.

During detection, most sub-windows of the analyzed image are very easy to
reject, so they are rejected at very early stage and do not have to pass the whole
cascade. In this way, the average processing time of a single sub-window can be
even thousands times lower than in the case of a standard AdaBoost classifier,
particularly because the first stages can be very small and fast, and only the last
ones have to be large.

Viola and Jones [1] proposed also a set of features for use particularly in
face detection (but easily applicable to detection of other objects). This paper



presents an extension of that family of features, after which the AdaBoost algo-
rithm – both the original and the cascade one – yields a classifier of much better
accuracy. Original features given by Viola and Jones [1] are described in section
2.1, and the extension is presented in section 3.

2 AdaBoost cascade algorithm

2.1 The weak classifier

For each detection window o of the image being processed, a weak classifier gives
a decision δω(o) ∈ {−1, +1} indicating membership of the image o to one of two
classes, labelled by -1 (negative, e.g. a non-face) and +1 (positive, e.g. a face).

The classifier first calculates a region contrast c(R) of the window o:

c(R) =
∑

(x,y)∈R+

o(x, y)−
∑

(x,y)∈R−
o(x, y) , (1)

where R is a sub-window of the window o, composed of a positive sub-region R+

and a negative sub-region R−. After computing the contrast, the classifier gives
a response of +1 if c(R) >= θ or −1 otherwise. Here, R and θ are parameters
of the weak classifier.

There are four types of regions R, presented in Figure 1. Positive sub-region
R+ is drawn in white and negative sub-region R− is drawn in black. The main
advantage of these sub-regions is that they have rectangular shape, so they can be
computed very rapidly (in constant time) using an integral image representation
of the original image. The integral image is computed only once, at the beginning
of object detection in a specified image.

Fig. 1. Types of regions used in weak classifiers. White indicates positive sub-region
and black negative sub-region

The contrast region R is parameterized not only by its type t (t ∈ {A,B, C, D}),
but also by four integral parameters: position (x, y) of its upper-left corner rela-
tive to the detection window, width a and height b of sub-regions (all sub-regions
of a given region have the same size). Note that the family of all possible features
is very large, e.g. in the experiments described further in the paper this family
was composed of about 160000 elements. Certainly, only small subset of this
family is used in a final strong classifier – AdaBoost algorithm is used to choose
the best subset.



2.2 The strong classifier

A strong classifier is composed of a number of weak classifiers. Its decision is
made by weighted voting: decision of a t-th weak classifier is multiplied by a
weight αt:

γt(o) = δt(o) ∗ αt

and all values γt(o) are summed up and compared with a threshold Θ to form a
final decision. Usually Θ = 0, but when strong classifiers are further connected
into a cascade, their thresholds can be different, in order to obtain required rate
of false acceptance/rejection at every stage.

The AdaBoost algorithm is used to choose the most discriminative subset of
all possible features and to set values of αt. The algorithm works in an incre-
mental manner, finding consecutive weak classifiers one by one. In every step,
the algorithm looks through the whole family of contrast regions R to choose
the best one – this is a simple exhaustive search method. However, to evalu-
ate a weak classifier, its threshold θ has to be set, as well, not only the region
R. Thus, for every possible R the best θ has to be found, which takes N log N
time, where N is the number of training images. Certainly, this procedure is very
time-consuming, usually it takes several minutes to choose a next weak classifier.

Every image in the training set has an associated weight, which is a positive
real number. The weights are used during evaluation of weak classifiers: images
with bigger weights are more important and have more influence on which clas-
sifier will be chosen next. The weights get changed after every step of AdaBoost
procedure – in this way the successive classifiers found by the algorithm can be
different (but not necessarily have to be).

Initially the weights wi,t are equal and sums up to 1:

wi,1 =
1
N

for every image i = 1, . . . , N . When the next weak classifier is found, the weights
are modified and normalized to sum up to 1:

vi,t+1 = wi,te
−γt(oi)yi ,

wi,t+1 =
vi,t+1∑N
i=1 vi,t+1

,

where γt(oi) is a decision value of the recently found classifier and yi is a true
classification (+1 or −1) of the i-th image.

2.3 The cascade

Every stage of a cascade is built using the simple AdaBoost algorithm. When the
next stage is created, its threshold Θ is set to the biggest value which still guar-
antees that the false rejection rate is below a predefined level – this is evaluated
on a separate data set (evaluation set), not the training one.



Before the next stage can be created, both the training and the evaluation
set must be filtered: images rejected by the new stage have to be removed. In
consequence, new negative images have to be generated, as their number would
drop roughly by half at every stage.

3 New type of weak classifiers

The family of weak classifiers used in the algorithm proposed by Viola and Jones
has a disadvantage. Namely, the contrast computed by a weak classifier, eq. (1),
depends on which exactly sub-region (R+ or R−) is darker, so the weak classifier
discriminates between windows with R+ darker than R− and R− darker than
R+.

However, in many cases we would like to discriminate between windows with
the same or different intensity in R+ and R−, ignoring information of which
exactly sub-region is darker. That is because in real images what is important
is the existence or lack of an intensity difference, and not the exact sign of the
difference. For example, in face localization one may encounter a dark face on a
bright background as well as a bright face on a dark background, so a classifier
detecting whether there is a difference in intensity would be more discriminative
than the one detecting a sign of the difference.

Table 1. Test error rates of face classifiers. Every classifier is characterized by its size
(number of weak classifiers at each stage of a cascade) and number of training images
(positive+negative examples). The first four classifiers are strong ones, the latter are
cascades. FA – false acceptance rate, FR - false rejection rate. ABS – a classifier was
built using extended family of weak classifiers, comprising both standard classifiers
and the ones computing absolute contrast. In this case, the number of weak classifiers
chosen from the absolute-contrast family is given in parentheses.

Classifier FA FR

20 weak, 500+500 images 1.4% 9.0%

20 weak, 500+500 images, ABS (4) 0.6% 8.2%

100 weak, 1000+1000 images 0.3% 3.2%

100 weak, 1000+1000 images, ABS (49) 0.4% 0.9%

4+4+10+20, 1000+1000 0.086% 13.1%

4+4+10+20, 1000+1000, ABS 0.024% 14.2%
(1+2+5+12)

5+15+30+50+100+200, 1500+1000 0.00120% 4.4%

5+15+30+50+100+200, 1500+1000, ABS 0.00028% 4.5%
(1+6+11+25+50+120)



For this reason, we extended the family of weak classifiers with the ones
computing absolute values of contrasts:

c(R) =

∣∣∣∣∣∣
∑

(x,y)∈R+

o(x, y)−
∑

(x,y)∈R−
o(x, y)

∣∣∣∣∣∣
(2)

3.1 Test results

The results of strong and cascaded classifiers of different size built of the extended
family of weak classifiers, compared to the ones using original family alone, are
shown in Table 1. The results come from a face localization problem, but the
idea of absolute contrasts can be applied in detection of other types of objects, as
well. Two types of errors – false acceptance and false rejection – are considered
separately, as in practical applications the former should be hundreds times lower
than the latter.

Images of faces came from MPEG-7 and Altkom databases. MPEG-7 con-
tained images of 635 persons, 5 for each subject (3175 in total). Altkom was
composed of images of 80 persons, 15 for each subject (1200 in total). The im-
ages had 46× 56 pixels and contained frontal or slightly rotated faces with fixed
eye positions, with varying facial expressions and under different lighting condi-
tions.

The number of positive training examples in each experiment is given in Ta-
ble 1. Test sets contained the same number of faces as training ones. A validation
set was used to find thresholds of strong classifiers in a cascade. All these sets
were disjoint in each experiment (i.e. contained images of different persons) and
included the same proportion of images from MPEG-7 and Altkom databases.

Negative examples were generated randomly from 10000 large images not
containing faces, in on-line fashion. They had to be generated after creation of
every new stage of a cascade, so as to compensate for examples correctly rejected
by the last stage.

Exemplary face images used in the experiments are shown in Figure 2.
In order to speed up the training, only weak classifiers of even positions and

sizes were considered (this applied both to standard and absolute classifiers).
This is almost equivalent to scaling down the images by a factor of 2, but has
the advantage of not introducing rounding errors.

Results from Table 1 show that using the extended family allows to achieve
over 4-fold decrease in one type of error rate (e.g., false rejection), keeping the
other one at a similar level, and without a need of increasing classifier size.

It is worth mentioning that using the absolute-contrast classifiers alone, with-
out the standard ones, gives worse results than using the original family alone,
so it is good to extend the original family, but not to replace it with the absolute-
contrast one.

Table 1 (first column, in parentheses) contains also information about the
number of weak classifiers which were chosen by AdaBoost algorithm from the



Fig. 2. Positive examples (faces) used in the training process

absolute-contrast family, at every stage of a cascade. Comparison of this infor-
mation with the total size of each stage shows that the contribution of absolute-
contrast classifiers rises with the size of a stage, from 20 or 25% at the first stage
to 60% at the last one. This suggests that absolute contrasts are more useful
when the problem becomes more difficult.

3.2 Efficiency of the cascade and the training process

Calculation of a decision of an absolute-contrast weak classifier takes the same
amount of time as in the case of a standard classifier, since the only additional
operation is a computation of an absolute value. Therefore, the final strong or
cascaded classifier is as fast as the one built of original weak classifiers alone.

The use of the extended family does not slow down significantly the training
algorithm either. Although the family is twice bigger, searching through it takes
(if properly implemented) at most 10% longer. That is because the most time-
consuming part of the search through original family is a quest for the optimal
threshold θ, given a type, a size and a position of a sub-window (t, a, b, x, y).
This requires calculating and sorting of contrasts of a given sub-window on all
training images (say N), which takes time of the order of N log N .

When absolute contrasts are also considered, additionally a sorted sequence
of absolute values of contrasts is needed. However, this does not require com-
putations of N log N complexity again, because a sorted sequence of contrasts
is already available, and after transformation by absolute-value function this se-
quence turns into two sorted sequences, which can be merged in linear time. It
should be noted here that construction of a cascade is a very time-consuming
process, which takes from several hours to several days when executed on a per-
sonal computer (CPU 2.0 GHz), so time efficiency of the presented modification
is an important feature.

4 Conclusion

The paper presented a modification of Viola and Jones’ object detection algo-
rithm. The modified algorithm utilizes an extended family of features which is
searched through during construction of strong classifiers. This extension enables
4-fold decrease in false rejection rate without increase in false acceptance rate



or classifier size. Moreover, the extension does not influence significantly train-
ing time, despite the fact that the family of features is twice bigger. Obviously,
resolution of training images does not have to be increased either.
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