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Abstract—This paper describes an approach to object detection
based on Viola-Jones algorithm and LBP histogram. LBP is
used on sub-windows of the input image to obtain LBP feature
histogram, from which small number of key visual features is
extracted using machine learning algorithm based on AdaBoost.
The final decision if image contains the object is training cascade
of classifiers which rejects the negative sub-windows quickly and
use processor time for those sub-windows which are have higher
probability for containing the object in question.

Index Terms—AdaBoost, cascade of classifiers, classifier, de-
tector, face detection, object detection

I. INTRODUCTION

The problem of automatic detection and recognition of faces
or some of its parts from digital images and videos and their
applications in various domains is very common in the field
of computer vision. The face detection is the special case of
object detection, whose task is to find locations and sizes
of objects in question in the input image (e.g. pedestrians,
cars, bicycles, etc.). The applications of face detection methods
are very wide and include applications in biometry, security
systems, photography (autofocus of faces), marketing, etc.

In general, among applications in computer vision, and
specially with object detection, analysing image pixels is rare.
One of the main reasons is that nowadays images are very
big and contain huge number of pixels, so any computations
that are based on accessing every pixel of the image are slow.
For that matter, the feature extraction procedures are used,
which uses input image to build a new set of values (fea-
tures) intended to be non-redundant, informative and lower-
dimensional than input. The new set of values obtained by the
feature extraction procedure is called feature vector.

The most commonly used algorithms for feature extrac-
tion are Haar-like features, Histogram of Oriented Gradients

(HOG), Speeded Up Robust Features (SURF), Local Binary

Patterns (LBP) and Colour histograms. In this paper, Local
Binary Patterns (LBP) are used, for which description is given
in one of subsequent sections.

The process of object detection works in a way that classifier
for the objects in question decides if there are such objects
present in an input image. Classifier, to be able to detect those
objects, has to be trained. One of such classifier, the Viola-
Jones [1] is used in this paper and is described in subsequent
sections.

The main contribution of this paper is that it proves it is
possible to achieve respectably high object detection accuracy
using LBP features, which are easier to compute and take less
memory than Haar-like features, which are de facto standard
in object detection.

II. LOCAL BINARY PATTERNS (LBP)

The Local Binary Patterns (LBP) operator [2] labels pixels
of input image by thresholding neighbouring P pixels with the
centre pixel value in a circle of radius R, considering resulting
sequence as binary number (see figure 1). Given a central
pixel, the resulting LBP in decimal form is expressed as:

LBPP,R =

P−1∑
p=0

s(ip − ic)2p (1)

ic and ip being grey-level intensities of the central and the
surrounding pixel, respectively,p running over neighbouring
pixels, and function s(x) is defined as:



s(x) =

1, x ≥ 0

0, x < 0
(2)

Figure 1: The computing of LBP8,1

With coordinates of central pixel (0, 0), coordinates of pixel
p at radius R are given with

(−R sin
2πp

P
,R cos

2πp

P
). (3)

It was observed that the most of the texture information
was contained in the uniform patterns[2]. Uniform patterns
are those which, after application of LBP operator result in a
binary number that has at most two transitions from 0 to 1 and
vice versa (considering that binary number as a sequence of
binary characters). For that matter, patterns 0000000 (0 transi-
tions) and 01111100 (2 transitions) are uniform, and patterns
10010110 (4 transitions) and 10101011 (6 transitions) are not
uniform. All non-uniform patterns are labelled with a single
label, so that by using uniform patterns the resulting LBP
histogram is fairly reduced without big loss of information.
Such operator is denoted LBPu2P,R.

Figure 2: Examples of uniform and non-uniform LBP8,1

patterns

As an effort to obtaining an accurate description of local
textures, face image is divided into non-overlapping sub-
windows after which the LBPu2P,R operator is applied on each
sub-window. Resulting LBP histograms are concatenated into
single (as shown on figure 3), spatially enhanced histogram.
It is expressed as:

Hi,j =
∑
x,y

I{fl(x, y) = i}I{(x, y) ∈ Rj} (4)

with i = 0, . . . , n−1 and j = 0, . . . ,m−1, m and n being
number of vertical and horizontal divisions, respectively.

Figure 3: A face image is divided into sub-windows from
which LBP histograms are extracted and concatenated into
single histogram.

In the resulting spatially enhanced histogram, not all bin
are equally significant when deciding if there is object in
question present on an image, so discriminative bins have to be
learned.For learning discriminative bins AdaBoost algorithm
is used, described in the following section.

III. ADABOOST

AdaBoost [3], [4] (short for Adaptive Boosting) is a machine
learning algorithm, which can be used together with many
other learning algorithms to improve their performance.

An input to AdaBoost is a set of examples
(~x1, y1), . . . , (~xn, yn), where yi ∈ Y is class label for
sample ~xi. When applying AdaBoost in object detection
Y = {−1,+1} for negative and positive labels, respectively.

AdaBoost utilizes weak learners in T iterations and uses
weights. The weight for i-th example in t-th iteration is
denoted with Dt(i). All the weights are initialized with the
same value and are updated at each iteration so that weights
for incorrectly classified examples from previous iteration are
increased which means that more significance is given to
“more difficult” examples.

Weak learner sets up a weak hypothesis ht : X 7→ {−1,+1}
with respect to Dt. The quality of weak hypothesis is measured
with its error

εt
.
= Pr
i∼Dt

[ht(~xi) 6= yi] (5)

The parameter αt is chosen so that

αt =
1

2
ln

(
1− εt
εt

)
(6)

At the end of each iteration Dt is updated:

Dt+1(i) =
Dt(i)e

−αtyiht(xi)

Zt
, (7)
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where Zt is normalization factor, chosen so that Dt+1 will be
a distribution.

The final hypothesis is a weighed sum of T weak hypothe-
ses:

H(x) = sgn

(
T∑
t=1

αtht(x)

)
(8)

where αt is a measure showing how much relevance is given
to hypothesis ht.

IV. VIOLA-JONES ALGORITHM

Viola-Jones [1] is an algorithm for fast detection of objects
on digital images. The algorithm itself is very robust, fast and
accurate and can be used in real-time applications.

The process of training the object detector works, in general,
as shown on figure 4.

Figure 4: Viola-Jones Cascade Object Detector training
scheme

The first stage in process of training the object detector is
to choose which features are used: the algorithm does not use
pixel intensities, it uses features. Haar-like features are used
in the implementation described in [1] and in this paper LBP
features are used.

The second stage is creating the integral image, an inter-
mediate representation for input image to make computations
of features faster. Once created, integral image makes possible
to compute any Haar-like feature in constant time with just a
few array references. When using LBP features, this stage is
skipped.

The third stage is training modified AdaBoost classifier from
training set of positive and negative images. In general, it is
possible to use almost any binary classifier for this purpose, but
AdaBoost is chosen and modified such that its weak classifiers
choose one feature in each iteration. As a consequence of such
modification, apart from classification, at there is also selection
of most relevant features.

As AdaBoost is consisted of weak learners, an algorithm is
set such that is picks only one feature that separates positive
and negative training samples best. For every feature, weak
classifier hj(x) chooses optimal threshold that minimizes the

number of incorrectly classified samples from training sets.
Such classifier is defined with

hj(x) =

1 for pjfj(x) < pjθj

0 otherwise
(9)

where x represents a segment of an input image, fj is
a feature, θj is a threshold and pj determines inequality
direction.

The last stage in process of training object detector is
construction of cascade of classifiers that achieves increased
detection performance while reducing computation time. The
general principle of such cascade is that simple classifiers
should reject the majority of negative sub-windows, and are
followed by more complex classifiers which are needed to
achieve low false positive rates. If the sub-windows is not
rejected, it triggers the next classifier (as shown in figure 5),
and so on. A negative outcome at any point leads to rejection
of the sub-window.

It is clearly visible from the explanation of the process of
training object detector that this kind of detector does not look
for the object in the input image; it simply rejects those sub-
windows that do not contain the object, leaving sub-windows
that are candidates for the objects, which are analysed in next
classifier, and so on, as explained above.

Figure 5: Detection cascade

Once trained, the object detector detects objects in new
images using sliding windows approach. A sub-window of
specific size slides through the image and tries to find a
certain pattern. When that is finished, it starts over with sliding
window’s size reduced by certain factor, trying to find patterns
described by the detection cascade. The process is repeated
until the sliding window cannot reduce its size any more.
Objects that are smaller than sliding window’s minimum size
cannot be detected with that object detector.
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V. RESEARCH AND RESULTS

In this paper, we studied detection of faces and noses from
digital images. For training the object detector, ColorFERET
face database [5], [6] was used, which contains 11338 face
images of 994 different subjects taken from different angles.
For purposes of this research, only frontal face images were
used, a total of 1364. All images were converted to greyscale
and histogram equalization was made.

For testing object detector, Caltech Faces database was used,
with 450 images of 27 different subjects.

For the research, OpenCV 2.4.9. library was used. The
coding was done in Python 2.7.10, using scientific computing
library NumPy 1.8.2. The computing was done on computer
with Ubuntu Linux 15.10 64-bit.

A. Training the Detection Cascade

The first stage in any object detection process is training
an object detector. Except the frontal face images that are
used as positive training samples, there are also 3019 negative
images (images that do not contain objects in question: faces
and noses). The object detector is trained using programme
opencv_traincascade which is part of OpenCV library.
The programme’s inputs are paths to positive and negative
images and feature type used (Haar-like features or LBP
features), and outputs object detector as an XML file, which
can later be used to detect objects on new images.

B. Testing the Object Detectors

The testing process was conducted using Caltech Faces
database and detector cascade from XML file that was created
in the process of training the object detector. OpenCV method
detectMultiScale was used for detecting objects on new
images.

The results of testing the object detectors provided results
as shown in table I:

Table I: The results of testing the object detectors

Object Accuracy (%)
Face 97.33
Nose 82.44

It is possible to affect results of testing the object detector by
means of fine tuning the parameters of detectMultiScale
method. The procedure for computing optimal values of these
parameters does not exist, so various values were tried and
ones that obtain best results were used.

Figure 6: Positive examples for training object detector

Figure 7: Negative examples for training object detector

The face detection is, as expected, the most accurate with
97.33% correctly detecting faces in test set. The nose detection
is also fine, to lesser degree, with 82.44% of correctly detected
noses. Examples of correct and incorrect detections are shown
in figures 8 and 9, respectively.

The results regarding face detection obtained in this ex-
periment are approximately equal to the classifier based on

4



Figure 8: Examples of correct detections

Haar-like wavelets, described in [1] (which is also a part of
OpenCV library). Their advantage is that LBP features are
easier to compute than Haar-wavelets and there are less LBP
features in the sub-windows of the same size.
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