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Abstract—In order to build a fully automated system that analyzes the information in face image, there is a need for robust and 
efficient face detection algorithms. One of the fastest and most successful approaches in this field was presented by Viola. In this 
paper, Viola approach is used as the basis algorithm in order to propose a new efficient face detection system. Using Haar-like 
features for facial parts and learning these features by AdaBoost algorithm make proposed approach possible to detect occluded 
faces and increase the detection rate. Moreover, some preprocessing techniques are also used to limit the candidate places which 
make final algorithm runs faster. The experimental results represent that, the proposed approach has the capability of achieving a 
detection rate of 94.7% while false positive rate is just 2% .Furthermore, this system can detect faces in image, averagely four times 
faster than Viola approach. 
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I. INTRODUCTION  

In the past decades, many researches have started with 
the aim of teaching the machine to recognize human faces 
and facial expressions. The need to extract information 
from images is enormous. Face detection and extraction as 
computer vision tasks have many applications and have 
direct relevance to the face-recognition and facial 
expression recognition problem. Face detection is the first 
stage towards automatic face recognition. Potential 
applications of face detection and extraction are in human-
computer interfaces, surveillance systems, census systems 
and many more. 

This research is mainly interested in the face detection 
issue, which means how to find, based on visual 
information, all the occurrences of faces regardless of who 
the person is. Face detection is one of the most challenging 
problems in computer vision and no solution has been 
achieved with performance comparable to humans both in 
precision and speed. High precision is now technically 
achieved by building systems which learn from a lot of 
data in the training set in order to minimize errors on the 
test sets. In most cases, the increase in precision is 
achieved at the expense of decline in run-time performance 
(computational time) and, in major applications, high 
precision is demanded, and hence dealing with 
computation to reduce processing time is now a problem 
with hard constraints. 

Nowadays the field of face detection has made 
significant progress in the real world applications. In 
particular, the seminal work by Viola and Jones [10] has 
made face detection practically feasible in some 
applications such as digital cameras and photo organization 
software. In this report, an effective face detection method 

based on Viola approach is presented. The low speed, 
insensitivity to faces with partially missing parts and false 
detection are the open problems of Viola approach. The 
main purpose of this paper is solving the mentioned 
problems. 

The rest of the paper is organized as follows. Section II 
gives an overview of the reported approaches as well as 
limitation of them. Section III describes the problem 
definition. In Section IV, Adaboost learning procedure is 
introduced. Section V describes cascade of boosted 
classifiers. Developed face detecting system is proposed in 
Section VI. Section VII shows the experimental results. 
Conclusions and future work are given in Section VIII. 

II. LITERATURE REVIEW 

Face detection can be viewed as a two-class 
classification problem in which an image region is 
classified as being either a “face” or a “non-face”. In [1] 
researchers present over 170 reported approaches to face 
detection, the impact of their research has comprehensive 
implications on face detection and recognition.  

The various approaches for face detection can be 
classified into four categories: Knowledge-based methods, 
Feature invariant methods, Template matching methods, 
and Appearance-based methods. These methods are 
described briefly as follow: 

A. Knowledge-based Methods 

Knowledge-based methods actually use rule-based 
methods, which encode human knowledge about what a 
face is. There are some general rules in the human mind 
for face detection such as detecting face features include of 
two symmetric eyes, ears, nose and mouth. These methods 
which are developed based on the face detection rule in the 
human brain are part of rule-based methods. The 
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relationships between features are defined by their distance 
and relative positions. Developing these methods in 
different situations is difficult because not all states are 
countable [2] [3]. 

B.  Feature invariant methods  

Feature invariant approaches are regrouping methods 
with aim to find robust structural features which are 
invariant to pose, lighting, etc. This method is one of the 
most important methods for face detection.  In this method, 
contrasting to the “knowledge-based” methods, researchers 
have been attempting to find some face features which are 
invariant in different poses of the face, include ears, hair, 
eyebrows, mouth and lips. Based on these extracted 
features, a statistical model is created, which describes 
their relationship and verify the existence of a face. Papers 
[4] and [5] have utilized face members as features for face 
detection. Since the human faces have different texture and 
color in comparison with other objects, these features can 
be used to distinct faces images from non-faces [6] [8] 
[15]. 

C. Template-matching Methods  

Template matching methods compute the correlation 
between standard patterns of a face and an input image in 
order to detection. In these methods, several patterns of 
face are stored in different poses and the correlation of 
input images with these patterns are used as a criterion for 
face validation. For a given input image, the correlation 
with standard templates is computed for face contour, eyes, 
nose and mouth separately. Multi-scale, multi-resolution 
and deformable templates and sub-templates have been 
proposed to cope with deformability and scale invariance 
[14] [20] [21]. 

D. Appearance-based Methods  

 Appearance-based methods, in contrast to template 
matching where experts predefine templates, use models 
learned from training sets to represent the variability of 
facial appearance. In fact in these methods the templates 
are learned from face image samples. Generally, 
appearance-based methods utilize statistical analysis and 
machine learning to find characteristics related to face or 
non-face images. Another method among appearance-
based methods is finding a discriminant function (e.g. 
threshold, decision surface, and separating hyper-plane 
functions) between face and non-face classes [12]. The 
Support Vector Machine (SVM) is another recommended 
method which is a linear classifier. In this method, the 
separating hyper plane is chosen to minimize the expected 
classification error of the unseen test patterns [19] [25]. 
Moreover, the AdaBoost based learning algorithm has 
been used in order to select a useful classification pattern 
to classify correctly one image to the face or non-face 
classes[10] [17] [23]. 

 In general, appearance-based methods had been 
showing superior performance to the others, thanks to the 
rapid growing computation power and data storage. 

III. PROBLEM DEFINITION 

If one were asked to name a single face detection 
algorithm that has the most impact in the 2000’s, it will 
most likely be the seminal work by Viola and Jones [10]. 
The Viola-Jones face detector contains three main ideas 
that make it possible to build a successful face detector that 
is able to run in real time: the Haar-like features, classifier 
learning with AdaBoost, and the attentional cascade 
structure. 
 Haar-like features: Offers a new display of image 

called “Integral Image” which enables Haar-like 
features to be computed rapidly. 

 AdaBoost Learning Algorithm: Offers a learning 
algorithm based on AdaBoost, which is able to select 
few Haar-like features from a larger set and will be 
transformed into a suitable classifier. 

 Cascade Classifier: Offers a method for combining 
simple to complex AdaBoost classifiers increasingly, 
which enables background regions of image to be 
discarded by primary classifiers while more 
complicated AdaBoost classifiers are required for the 
face-like regions [10] [13] [24] [30] [40]. 

The Viola approach is able to detect faces with high 
speed and also its implementation is easy and modular. 
However, the following disadvantages have been stated: 
Firstly, the false positive rate (detecting other objects as 
faces) is high. Secondly, it is unable to detect faces with 
partially missing parts (in Vila method, face contour must 
be distinctive). Thirdly, the detection rate is approximately 
low. 

The purpose of this paper is resolving and fixing 
mentioned disadvantages of the present AdaBoost face 
detection algorithm while preserving its advantages. 

IV. ADABOOST LEARNING PROCEDURE  

Viola and Jones developed a reliable method to detect 
objects such as faces in images in real-time. An object that 
has to be detected is described by a combination of a set of 
simple Haar-wavelet like features shown in Fig. 1. The 
sums of pixels in the white boxes are subtracted from the 
sum of pixels in the black areas. The advantage of using 
these simple features is that they can be calculated very 
quickly by using “integral image”. An integral image II 
over an image I is defined as in (1): 
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Also it is shown that every rectangular sum within an 

image can be computed with the use of an integral image 
by four array references. A classifier has to be trained from 
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a number of available discriminating features within a 
specific sub window in order to detect an object. The 
possible positions and scales of the five different feature 
types as shown in Fig. 1 produce about 90,000 possible 
alternative features within a sub window size of 24x24 
pixels. This number exceeds largely by the number of 
pixels. 

 

 
Figure 1.  Four different basic types of rectangle features within their 
subwindow of 24x24 pixels. These four types of features are the initial 

features used to train cascade of classifiers exhaustively. 

Therefore, a small set of features which are the best 
describe of the object, has to be selected. Adaboost is a 
technique to select a good classification functions, such 
that a final “strong classifier” will be formed, which is in 
fact, a linear combination of all weak classifiers [10]. In 
the general context of learning features, each weak 
classifier hj(x) consists of one single feature fj(x) as seen in 
(2) where Өj is a threshold and p j a parity to indicate the 
direction of the inequality. 
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The description of Adaboost algorithm to select a 
predefined number of good features given a training set of 
positive and negative example images is shown in Fig. 2. 

 The Adaboost algorithm iterates over a number of T 
rounds. In the each iteration, the space of all possible 
features is searched exhaustively to train weak classifiers 
that consist of one single feature. 

During this training, the threshold Өj must be 
determined for the feature value to discriminate between 
positive and negative examples. Therefore, for each 
possible feature and given training set, the weak learner 
determines two optimal values (thresholds), such that no 
training sample is misclassified. For each weak classifier 
hj(x), the error value εj will be calculated using 
misclassification rate of all positive and negative training 
images. It gives each feature hj(x) trained with its 
respective error value ε j which is between 0 and 1.  
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Figure 2.  Adaboost learning algorithm as proposed in [10]. This 
algorithm is used to select the sets of weak classifiers to form strong 
classifiers from all possible features types. The search of good feature ht 
was done exhaustively as stated in step 3b above 

The best feature ht(x) which is found with the lowest 
error rate εt , will be selected as the weak classifier for this 
1/T iteration. After that the best weak classifier is selected, 
all training examples are reweighted and normalized. 
Therefore in the next round the algorithm can concentrate 
particularly on those examples that were not correctly 
classified. At the end, the resulting strong classifier is a 
weighted linear combination of all T weak classifiers. 

V. CASCADE OF BOOSTED CLASSIFIERS 

This section describes an algorithm for constructing a 
cascade of classifiers which drastically reduces the 
computational time. The main idea is to build a set of 
boosted classifiers which are smaller, but more efficient, 
that reject most of the negative sub-windows while 
detecting almost all positive instances. Input for the 
cascade is the collection of all sub-windows also called 
scanning windows. They are first passed through the first 
layer or stage in which all sub-windows will be classified 
as faces or non faces. The negative results will be 
discarded while remaining positive sub-windows will 
trigger the evaluation of the next stage classifier. 

 The sub windows that reach and pass the last layer are 
classified as faces (See Fig. 3). Each stage actually consists 
of only a small number of features. In the early stages, with 
only small number of selected features it is possible to 
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determine the existence of a non-face. On the other hand, 
determining the presence of a face usually needs more 
features. Therefore, the trained cascade of classifiers 
usually has an increasing number of features in each 
consecutive stage until its last layer and become 
increasingly more complex. During the training of cascade 
classifiers, the number of features per stage was driven 
through a “trial and error” process. 

 In this process, the number of features was increased 
till a significant reduction in the false positive rate could be 
achieved. More features were added until the false positive 
rate on the each stage achieving the desired rate while still 
maintaining a high detection rate. At each training stage, 
the false positive images from previous stages are added to 
the sets of negative or non-faces images and this set of 
images is used as negative images in the next stages 
training [9]. 

 

Figure 3.  Cascade from simple to complex classifiers with N stages. 

VI. DEVELOPED SYSTEM 

In this section, various techniques which have been used 
in the face detection developed system will be explained. 

A. Preprocessing techniques 

The faces in input images maybe have different size 
from training face templates, therefore for each input 
image, all features are scaled. In addition, all images areas 
are searched in order to find the desired face image. These 
two processes increase calculation time. 

 In order to reduce calculation time in color images, it 
recommended that skin color regions be searched as 
candidates of face presence. Furthermore, it is suggested 
that not all scales be searched for feature calculation; 
instead, scales proportional to skin mass should be 
searched. For example, if the largest skin mass in a 
1000x1000 pixel image is 100x100 pixels, there is no need 
to search for features in windows larger than 100 pixels. In 
this way, with using skin detection the search range is 
limited and the speed of final algorithm is improved. 

For the purpose of restricting the search area in the 
input images, some preprocessing algorithms have been 
applied. Detecting the color image is not possible only by 
means of header information and the number of bits of 
each pixel, and requires gray scale images to be separated 
from color images. For doing this, a number of points are 
chosen randomly from each image, and then for every 
point, the red, blue and green components are extracted. 

These components are compared to the mean value which 
is the amount of gray scale pixels. If these values 
differentiate significantly to the mean value, the related 
pixels are color ones; otherwise, they do not contain any 
color information. 

According to the importance of color in skin detection, 
the used color space is also important. HSV, YCbCr, HIS, 
HUV, and YIQ color spaces are persistent against light and 
luminance intensity changes. Eliminating the Y component 
in these spaces reduces input space in addition to reduce 
dependency to light intensity. Two references [33] and [39] 
are shown that eliminating the Y component does not 
affect the skin detection operation in the YCbCr color 
space. 

Another important factor in selecting color space is the 
indication of skin pixels in the color space. An appropriate 
color space is a space where different skin pixels gather in 
one region. In other words, indicating of different colored 
skin in this new color space should promote pixel 
extraction. Previous researches show that normal HSV and 
RGB have desired effect in 3D color spaces, and CbCr 

achieves desirable results in 2D color spaces. One of the 
desirable characteristics of the CbCr color space is 
accumulation of skin colors in the region limited around 
78<Cb<135 and 85<Cr<185 [19]. The Cb and Cr 
components in this color space change in the specified 
range and skin color variety does not have significant 
difference in this color space. Moreover YCbCr is a 2D 
color space which makes the extraction of skin color pixels 
speed up. Hence, this color space is preferred to use. After 
mapping the input image to the new color space, pixels 
which are showing skin color must be separated from other 
pixels by using values of each color component. 

Using of complicated methods requires long 
computation time. On the other hand, the purpose of this 
paper is face detection rather than skin detection. Hence, 
using the simple threshold method on Cr and Cb values is 
preferred. In order to avoid undesirably elimination of 
faces - due to the skin color is changing in noisy light 
conditions- the threshold range was considered slightly 
bigger. After computing the skin mask based on color, by 
executing simple object detection operation, regions with 
less than 50 pixel area are eliminated.  

B. Detecting Face and Facial Parts 

In order to detect facial parts, three data sets for eyes, 
nose and mouths were created. Then Viola approach 
applied for these parts: firstly, Haar features are calculated 
for facial parts images. Secondly, these features are selected 
and learned by Adaboost algorithm. At the end these 
classifiers are applied in a cascade structure to detect eye, 
nose and mouth. 

 The eye database including 7000 positive images (eye 
images) and 3000 negative images (without eyes) was 
produced and trained. Firstly, in order to produce positive 
images, 1000 eye images were manually cut. Then, for 
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every one of 1000 images, six images are produced via 
adding noise and random rotation. Random noise with 
maximum amplitude of 20% of pixel value is added to the 
main template pixels, and then the template is randomly 
rotated in a range of 20 to -20 degrees. Database image 
sizes were set at 20x20 pixels for each eye. After training 
the database, 83 features were selected, which finally 
distinguish two sets of images with an accuracy of 99.35 
percent. Fig. 4 shows some samples of eye detection 
algorithm. 

 

 
 

         
Figure 4.  Samples of eye detection 

In order to train nose images, 3500 images of nose with 
size of 18x15 pixels were manually provided. These 
images were used for training along with 3000 negative 
images. Overall, 68 features were selected which finally 
two sets of images were separated from each other with an 
accuracy of 99.55 percent. Fig. 5 shows some samples of 
nose detection algorithm. 

 

 
Figure 5.  Samples of nose detection 

 

The similar training was performed for the mouth, but 
the calssifier did not have an accepatble accuracy, and only 
achieve 17 features for the two class distinction which 
means a 87.65 percent classification accuracy. Hence, the 
mouth was not used for detection. Some samples of mouth 
detection algorithm are shown in Fig. 6. 

 
Figure 6.  Samples of mouth detection 

Detecting facial parts including eyes, nose, and mouth 
during face detection has two proper usages. Firstly, if one 
or more parts are detected in a face region, the validity of 
the detected faces can be confirmed and in this way, false 
negatives are reduced. Secondly, by combining facial 
parts, partly missing parts and camouflaged face section 
can be detected. 

In some images, finding a face might not be possible 
since that some parts of the face might be partially missing 
or not be visible. Detection facial parts were applied to 
resolve this problem. First of all, those parts which are 
within the valid faces must be eliminated so that the 
algorithm does not find the previous face.  

Two conditions have been considered to detect faces. 
First, if two eyes are located within appropriate distance 
from each other, they possibly represent a face. On the 
other hand, if a nose is located beneath an eye, it is 
possible that they both belong to a face. Fig. 7 shows some 
examples of face detection algorithm only by facial parts 
detection.  

 

 
Figure 7.  Face detection only by using face members 

C. Validation techniques 

For the purpose of face validation, Firstly, we try to 
find at least one of the facial parts within the detected face 
regions. To achieve this purpose, the geometrical center of 
each member is calculated. On condition that, this point is 
located in the face region and the facial part area is relative 
to face area, that face region will be selected as a validate 
face. Sometimes the detected face is so small which makes 
to prevent the detection of its members. In this case, the 
part of the image which is detected as a face is scaled in a 
manner that enables the searching of members. 
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Figure 8.  Diagram of face validation process  
  

As shown in Fig.8 the first step of the validation stage 
is checking the existance of facial parts in the candidate 
region. The calculation of variance values are used as a 
second validation technique. These values have been 
calculated in the candidate region. Due to variability in 
olor of mouth, eyes, skin, the value of variance in a face 
image is more than background region. Therefore by using 
an optimal thereshold value, some of the negative images 
which are detected wrongly as face, will be discarded 
while remining positive faces will trigger the evaluation of 
the next step validation. 

 The Third step is locating the eyes in the candidate 
faces by using morphological operators. For this purpose, 
at first one template of eye is prepared. Then, the Hit-or-
Miss operator is applied to find a region with the template 
similar to the predifined eye template. Thereafter, the 
locatioans and the size of founded eyes have been checked, 
if two eyes with appropriate size and distance to eachother 
are found, the candidate region of face will be validate as a 
correct detected face.     

D. Final Detection 

As mentioned, initial face-detection has three 
substantial limitations: high false positive rate, not be able 
to detect partially missing parts and low detection rate. In 
order to solve the above problems, several steps as shown 
in Fig.9 have been performed. 

Given an input image, if it is colored, skin mask is 
extracted and then the face and facial parts detection 
algorithm is executed only in extracted regions. If input 
image is gray level, image enhancement is executed firstly, 
and then edge detection is performed. If the calculated 
edge value for sub-image is in a specified range, this sub-

image will be send to next stage for detecting face and 
facial parts. These techniques are used as a preprocessing 
stage in order to restrict the search area and so speed up the 
approach.  

Face and facial parts detection is done in the skin mask. 
In this way the candidate face will be selected. At the end, 
these candidate face and facial parts are sending to a face 
validation process.  

 

 
Figure 9.  Diagram of face detecting processing 

 

Some examples of algorithm executions are presented 
in Fig. 10. In this figure in addition to detected face , the 
detected eyes and nose also are shown.   

 

Figure 10.  Examples of algorithm execution 

Fig. 11 shows the final structure of developed face 
detection system. The three mentioned stages including 
preprocessing, cascade of AdaBoost classifiers and 
validation are depicted. As seen system’s input is the 
collection of all sub- windows. In each stage some of the 
negative images will be discarded while remining positive 
faces will trigger the evaluation of the next step validation. 

 The sub-widows that reach and pass the last stage are 
classified as face. Each stage consists of several techniques 
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which make it able to classify the image as face or non-
face. 

 

 

Figure 11.  Final structure of developed  face detection system 
 

VII. EXPERIMENTAL RESULTS 

The primary and improved algorithms were both 
implemented in the VC++ environment using the OpenCV 
library [18]. For the purpose of testing, we used The 
MIT+CMU standard test set, which contains 130 gray-
scale images with 507 frontal faces [41]. Note that none of 
these images was used for training algorithms. Some of the 
achieved results are shown in Fig. 12. 

 

 
 

 

 
Figure 12.  Samples of eye detection 

As shown in Fig. 12 almost all of the faces are 
detected. These test images are in variable scales, 
illumination, situation and orientation but nearly vertical. 
 

 
In general, the proposed algorithm can detect 488 faces 

among 507 faces and cannot detect 19 faces which is 
equivalent to 5.3 percent false negative and 1.8 percent 
false positive. These values in the primary algorithm are 12 
and 6.1, respectively. 

In addition we tested our detector on the rotated subset 
of the MIT + CMU data set containing 65 images. Fig. 13 
shows some experimental results on the rotated subset of 
CMU + MIT. These results also present the high detection 
rate with low false detection rate which show the 
robustness of the proposed system. 

 

 
 

 
 

Figure 13.  Samples of eye detection 
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Similar to Viola and Jones, to make comparison with 
our detector easier we have listed our detection rate for the 
same false positive rate reported by the other systems. 
Table I lists the detection rate for various numbers of false 
detections for our system as well as other published  

systems. These results reported on the MIT + CMU 
containing 130 images with 507 faces without rotated 
subset.  

 

TABLE I.  DETECTION RATES FOR VARIOUS NUMBERS OF FALSE 
POSITIVES ON THE MIT + CMU TEST SET CONTAINING 130. 

Number of false detection 

Approach 10 31 50 65 78 95 

Proposed	
Approach	

94.7% 96.8% 97.3% 97.4% 97.7% 97.9% 

Viola	 76.1% 88.4% 91.4% 92% 92.1% 92.2% 

Rowley	 83.2% 86% - - - 89.2% 

Deng	 87.4% 89.1% 92.2% 92.5% 92.7% 93.1% 

 
Fig. 14 displays the result of Table I in an explicit 

manner. As seen in Fig 14, in all number of false detection, 
our proposed approach has a higher face detection rate. 
The Viola and Deng approaches after us have similar 
results. 

 

Figure 14.  Achieved results from database [41] 

In another experiment, the achieved results in different 
step of face and facial parts detection are evaluated. Fig. 15 
represents the false positive and false negative rates for 
these steps. Final algorithm is obtained from the 
combination of face and facial part detection. 

 
Figure 15.  Achieved results in face and facial part detection separately 

 

The speed of program execution is 12 seconds for 130 
images (on a P4 2x2Ghz CPU + 2GB RAM) which is 
about 11 images per second. Whereas the primary 
algorithm requires 48 seconds for the same number of 
images equal to 2.5 images per second. Therefore, the 
proposed algorithm has been improved the speed of 
execution about 4 times. 

VIII. CONCLUSION 

We have presented an efficient face detection approach 
which achieves high detection accuracy while the false 
positive rate is low. The approach was used to construct a 
face detection system is able to detect approximately 4 
times faster than Viola approach while the detection rate is 
improves about 18.5%. Moreover the propose approach 
can detect occluded faces and its false detection rate is 
very low.  

This paper brings together some algorithms which are 
quite generic and may have broader application in 
computer vision and image processing. 

The first Stage is a set of preprocessing techniques for 
extracting skin mask region in order to limit search area. 
These techniques radically reduce computation time. The 
second contribution of this paper is a simple and efficient 
classifier built of computationally efficient features using 
AdaBoost for feature selection. Given an effective tool for 
feature selection, the system designer is free to define a 
very large and very complex set of features as input for the 
learning process. The resulting classifier is nevertheless 
computationally efficient, since only a small number of 
features need to be evaluated during run time. These 
classifiers are used in a cascade of classifiers which 
radically reduces computation time while improving 
detection accuracy. Early stages of the cascade are 
designed to reject a majority of the image in order to focus 
subsequent processing on promising regions. The third 
stage is using a set of validation techniques which reduce 
the false positive rate and so improving detection accuracy. 

Finally this paper presents a set of experiments on a 
difficult face detection dataset which has been widely 
studied. This dataset includes faces under a very wide 
range of conditions including: illumination, scale, pose, 
and camera variation. Experiments on such a large and 
complex dataset are difficult and time consuming. 
Nevertheless systems which work under these conditions 
are unlikely to be brittle or limited to a single set of 
conditions. More importantly conclusions drawn from this 
dataset are unlikely to be experimental artifacts [10]. The 
experimental results show the detection rate of 94.7 
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percent which is improved about 18.5 percent relative to 
viola detection rate in a same false positive rate (2%).  
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