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In the development and analysis of image processing systems useful and often necessary to 

have a mathematical description of a subject image processing. The task of face detection in the 
image (face detection) is often the “first step” in the pretreatment process of solving the problem of a 
“higher level” (e.g. recognition face recognition facial expressions). However, the very presence 
information, and possibly the number of people in the image or the video stream can be useful for 
applications such as security systems and meaningful indexing databases of images or video clips. 
In the context of building a natural human-computer interface problem localization person finds its 
application in face tracking subsystem and its characteristic features in the video for the recognition 
of facial expressions, to determine its position in 3D space to generate computer commands. In 
machine vision often two versions of the face detection problem – Localization person (face 
localization) and tracking of faces (face tracking). Localization person is a simplified version of the 
problem of detection, as based on the knowledge that the image there is one and only one person. 
Task of tracking the movement of the person in the video stream can be formulated as a problem of 
localization of persons at the current frame based on information about its position on the previous 
frame. In this paper we present survey of face detection algorithms.  
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При разработке и анализе систем обработки изображений удобно, а часто и необходимо 

иметь математическое описание подлежащих обработке изображений. Задача обнаружения 
лица на изображении (face detection) часто является первым шагом, предобработкой 
в процессе решения задачи более высокого уровня (например, узнавания лица, распознавания 
выражения лица). Однако и сама информация о присутствии и, возможно, количестве лиц на 
изображении или в видеопотоке может быть полезна для таких приложений, как охранные 
системы и содержательная индексация базы данных изображений или видеофрагментов. 
В контексте построения естественного интерфейса «человек – компьютер» задача локализации 
лица находит свое применение в подсистеме отслеживания лица и его характерных черт в 
видеопотоке для распознавания выражения лица, определения его положения в 3D 
пространстве для генерации команд компьютеру. В машинном зрении часто встречаются две 
модификации задачи обнаружения лица – локализация лица (face localization) и отслеживание 
перемещения лица (face tracking). Локализация лица является упрощенным вариантом задачи 
обнаружения, так как опирается на знание о том, что на изображении присутствует одно и 
только одно лицо. Задачу отслеживания перемещения лица в видеопотоке можно 
сформулировать как задачу локализации лица на текущем кадре, опираясь на информацию о 
его положении на предыдущих кадрах. В этой статье мы представляем обзор алгоритмов 
обнаружения лица. 

Ключевые слова: обнаружение лица, локализация лица, обнаружение кожи, цветовое 
пространство, нейросеть, метод Виолы – Джонса 

 
Face detection from a single image is a challenging task because of variability in 

scale, location, orientation (up-right, rotated), and pose (frontal, profile). Facial expression, 
occlusion, and lighting conditions also change the overall appearance of faces. We give a 
definition of face detection: Given an arbitrary image, the goal of face detection is to de-
termine whether or not there are any faces in the image and, if present, return the image 
location and extent of each face. 

The goal of face detection is to locate all the image regions that contain a face regard-
less of lighting condition. It is difficult because although commonalities exist between 



Естественные науки. № 4 (45). 2013 г. 
Физика и математическое моделирование 
 

 200

faces, they can vary considerably in terms of age, skin color and facial expression. Face 
detection has gained significant importance during the last few years. Human face detec-
tion has traditionally been a challenging task due to a number of factors like face size, im-
age size, type and other conditions involved. The still pictures containing faces may have 
different poses and angles. Also pictures and images differ with respect to resolution, cam-
era lighting, and contrast. Images have different properties and digital structure in case of 
gray scale and colored. 

Detection Errors 
A detection stage can commit two kinds of errors false positives and false negatives: 
1. False positives are referred to as those errors when a face was reportedly detected 

by the system but there is no face in the image. 
2. False negativeis recorded in case a face is not detected, i.e. a region of the input 

image is falsely assumed to not contain a face. See Fig. 1. 

 
Fig. 1. False Positives and False Negatives 

 
Detecting Faces in a Single Image 

From our study we can classify single image detection methods into four categories; 
some methods clearly overlap category boundaries and are discussed at the end of this sec-
tion. A number of approaches are adopted for face detection and these can be categorized 
in different ways. There is knowledge, appearance, feature, and templates based methods 
developed. Knowledge-based methods use human-coded rules to model facial features, 
such as two symmetric eyes, a nose in the middle and a mouth underneath the nose. 

 Feature invariant methods try to find facial features which are invariant to pose, 
lighting condition or rotation. Skin colors, edges and shapes fall into this category. 

 Template matching methods calculate the correlation between a test image and 
pre-selected facial templates. 

 Appearance-based adopts machine learning techniques to extract discriminative 
features from a pre-labeled training set. The Eigenface method is the most fundamental 
method in this category. Recently proposed face detection algorithms such as support vec-
tor machines, neural networks [22], statistical classifiers [23] and AdaBoost-based face 
detection also belong to this class. 

 
Challenges on Face Detection Techniques 

In [36] summarize the challenges associated with face detection in the following factors: 
 Pose: the images of a face vary due to the relative camera-face pose (frontal, 45 

degree, profile, upside down), and some facial features such as an eye or the nose may be-
come partially or wholly occluded. 

 Presence or absence of structural components: facial features such as beards, 
mustaches, and glasses may or may not be present and there is a great deal of variability 
among these components including shape, color, and size. 

 Facial expression: the appearance of faces is directly affected by a person’s facial 
expression. 
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 Occlusion: faces may be partially occluded by other objects. In an image with a 
group of people, some faces may partially occlude other faces. 

 Image orientation: face images directly vary for different rotations about the 
camera’s optical axis. 

 Imaging conditions: when the image is formed, factors such as lighting (spectra, 
source distribution and intensity) and camera characteristics (sensor response, lenses) may 
change face appearance in the image. Image condition includes also size, lighting condi-
tion, distortion, noise, and compression. 

 Face Size: Size of faces also make difficult to automate a system for face detec-
tion and recognition 

 A background variation: is another challenging factor for face detection in clut-
tered scenes. Discriminating windows including a face from non-face is more difficult 
when no constraints exist on background.  

Defined that existing algorithms for face detection numerous robust algorithms have 
been developed and claimed to have accurate performance to tackle face detection and rec-
ognition problems. These algorithms or methods are the most successfully and widely used 
for face detection and recognition applications. The algorithms are as follow: 

 Principle Component Analysis (PCA) 
a. Eigenface [32][33] 
  Linear Discriminate Analysis (LDA) 
a. Fisherface [37] 
  Skin color based algorithm [28][1] 
a. Red-Green-Blue (RGB) 
b. YCbCr (Luminance -Chrominance) 
c. Hue-Saturation Intensity (HSI) 
 Wavelet based algorithm [42][26] 
a. Gabor Wavelet 
  Artificial neural networks based algorithm [22][40] 
a. Fast Forward 
b. Back Propagation 
c. Radial Basis Function (RBF). 
 

Skin Color 
For detecting face there are various algorithms including skin color based algorithms. 

Color is an important feature of human faces. Using skin-color as a feature for tracking a 
face has several advantages: color processing is much faster than processing other facial 
features. Under certain lighting conditions, color is orientation invariant. This property 
makes motion estimation much easier because only a translation model is needed for mo-
tion estimation. Tracking human faces using color as a feature has several problems like 
the color representation of a face obtained by a camera is influenced by many factors (am-
bient light, object movement, etc.), different cameras produce significantly different color 
values even for the same person under the same lighting conditions and skin color differs 
from person to person.  

A disadvantage of the color cue is its sensitivity to illumination color changes and, 
especially in the case of RGB, sensitivity to illumination intensity. One way to increase 
tolerance toward intensity changes in images is to transform the RGB image into a color 
space whose intensity and chromaticity are separate and use only chromaticity part for de-
tection. 

Many methods detect faces by feature matching. A method developed by Yow and 
Cipolla [38] uses second derivative Gaussian filters, elongated at an aspect ratio of 3:1, to 
locate horizontal bar-like features in images. From the bar-like features, elongated facial 
features such as the eyes and the mouth are located, and by grouping the features and 
matching their relations with those of a facial model, instances of faces are found. By 
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changing the size of the Gaussian filter, this method can detect faces of different sizes in an 
image. A similar method is described by Cootes and Taylor [5], which uses statistical fea-
tures instead of bar-like features and detects features by matching relations between de-
tected features and those of a model face. A method developed by Leung et al. [18] uses a 
graph-matching method to find the likely faces from among detected facial features. First, 
graphs representing candidate faces are generated from detected facial features, and then by 
a random graph-matching algorithm, true faces are located from among candidate faces. 

A small number of techniques use color information to detect faces. These techniques 
first select likely image regions for faces and then detect faces in selected regions using 
facial patterns. Dai and Nakano [7] isolated and kept the orange-like region in the YIQ 
color space as the skin region and eliminated the remaining regions. They then used texture 
features in gray scale images [38] to identify faces in skin regions. Chen et al. [4] prepared 
a color chart in the HSV color space that represented possible skin colors. Then they used 
the color chart to identify image regions that represented the skin. Using three face tem-
plates, they located faces in skin regions through a fuzzy pattern-matching algorithm. Face 
templates of different sizes were used to detect different-sized faces in images. Sobottka and 
Pitas [30] detected skin regions in images using the hue and saturation and then selected re-
gions that were elliptic as faces. Miyake et al. [20] used a chart of skin colors in the Luv color 
space to detect skin regions in an image. They then used the round regions from among ob-
tained regions as faces. Schiele and Waibel [24] used the red and green components of the 
skin color in a large number of images to construct a histogram. The histogram was then used 
to compute the probability that a particular combination of red and green belonged to the skin 
and the probabilities were used to classify image pixels to skin and non skin regions. Crowley 
and Berard [6] used this method to track faces in video images. 

 
Viola and Jones Based Face Detection [34] 

The basic principle of the Viola-Jones algorithm is to scan a sub-window capable of de-
tecting faces across a given input image. Their face detection procedure classifies images based 
on the value of simple features. The first step of the Viola-Jones face detection algorithm is to 
turn the input image into an “integral image”, this make feature computed very rapidly.  

 

 
Fig. 2. The value of the integral image at point (x, y) 

is the sum of all the pixels above and to the left 
 
This allows for the calculation of the sum of all pixels inside any given rectangle us-

ing only four values. These values are the pixels in the integral image that coincide with the 
corners of the rectangle in the input image as shown in Fig. 2, 4. The second step of this 
technique is a simple and efficient classifier that is built by selecting a small number of 
important features from a huge library of potential features using AdaBoost. Viola and 
Jones detection procedure classifies images based on the value of simple features, and ana-
lyzes a given sub-window using features consisting of two or more rectangles. The differ-
ent types of features are shown in Fig. 3. 

 

 
Fig. 3. The Viola-Jones rectangle feature set 
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The third contribution is a method for combining classifiers in a “cascade” which al-
lows background regions of the image to be quickly discarded while spending more com-
putation on promising face-like regions. A set of experiments in the domain of face detec-
tion is presented. 

 
Integral Image 

The integral image at location x, y contains the sum of the pixels above and to the left 
of x, y, inclusive: 


 yyxx

yxiyxii
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)','(),(     (1) 

 
Where ii (x, y) is the integral image and i (x, y) is the original image (see Fig. 4). Us-

ing the following pair of recurrences: 
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(where ),( yxs is the cumulative row sum, 0)1,( xs , and 0),1(  yii ) the integral 
image can be computed in one pass over the original image. 

 
 

 
 
 
 

Fig. 4. Example of Image Integral 
 
Each feature results in a single value which is calculated by subtracting the sum of the 

white rectangle(s) from the sum of the black rectangle(s). Viola and Jones have empirically 
found that a detector with a base resolution of 24×24 pixels gives satisfactory results. Viola 
and Jones used a simple and efficient classifier built from computationally efficient fea-
tures using AdaBoost for feature selection. AdaBoost is a machine learning boosting algo-
rithm capable of constructing a strong classifier through a weighted combination of weak 
classifiers. (A weak classifier classifies correctly in only a little bit more than half the 
cases.) To match this terminology to the presented theory each feature is considered to be a 
potential weak classifier. A weak classifier is mathematically described as: 

   
otherwise

pxpfif
pfxh











0
1
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Where x is a 24×24 pixel sub-window, f is the applied feature, p the polarity and θ the 
threshold that decides whether x should be classified as a positive (a face) or a negative (a 
non-face). 

Failure Modes: by observing the performance of Viola face detector on a number of 
test images we have noticed a few different failure modes. The face detector was trained on 
frontal, upright faces. The faces were only very roughly aligned so there is some variation 
in rotation both in plane and out of plane. Informal observation suggests that the face de-
tector can detect faces that are tilted up to about ±15 degrees in plane and about ±45 de-
grees out of plane (toward a profile view). The detector becomes unreliable with more rota-
tion than this. We have also noticed that harsh backlighting in which the faces are very 
dark while the background is relatively light sometimes causes failures. It is interesting to 
note that using a nonlinear variance normalization based on robust statistics to remove out-
liers improves the detection rate in this situation. The problem with such normalization is 
the greatly increased computational cost within integral image framework. Finally, Viola 
face detector fails on significantly occluded faces. If the eyes are occluded for example, the 
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detector will usually fail. The mouth is not as important and so a face with a covered mouth 
will usually still be detected. 

 
Zahra Face Detection Method [39] 

Zahra et al face detection method is a hybrid face detection method. It first makes 
skin detection to the input image, and then applies the face detection method suggested by 
Viola and Jones. 

 
 

 
Fig. 5. Zahra Method 

 
 
The method uses RGB skin color classifier and classify pixel as a skin pixel if the 

following constraints are satisfied:                                                         
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This helps face detection algorithm to quickly identify non-faces which include 
majority pixels of each image. Also this method efficiently reduces false positive rate. 
Zahra experimental result shows that it improves viola and Jones face accuracy. However, 
false negative rate in this method is a little bit increased because using skin detection 
before face detection may cause distortion is some faces and the detection algorithm does 
not detect it.See Fig. 5. 

 
Skin Detection 

Skin detection is a very popular and useful technique for detecting and tracking hu-
man-body parts. It receives much attention mainly because of its wide range of applications 
such as, face detection and tracking, naked people detection, hand detection tracking, peo-
ple retrieval in databases and Internet. A good skin color model must have a high detection 
rate and a low false positive rate. That is, it must detect most skin pixels while minimizing 
the amount of non-skin pixels classified as skin. Due to the emerging importance of skin 
detection in computer vision several studies have been made on the behavior of skin chro-
maticity at different color spaces such as RGB Color Space [15], the Normalized RGB 
Color Space [29], the Hue-Saturation-Value (HSV) /Intensity (HSI) /Luminance (HSL) 
Color Space [27], YIQ [2] , YUV [19] .  Identifying skin colored pixels involves finding 
the range of values for which most skin pixels would fall in a given color space. In general, 
a good skin color model must have a high detection rate and a low false positive rate.  

Viola & Jones 
Face Detection 

Original Image Skin Classification 

Skin Color 
Classification 
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Different Color Models 
 RGB – Normalized RGB – HIS, HSV, HSL – TSL – YCrCb. 
 Perceptually uniform colors (CIELAB, CIELUV). 
 Others (YES, YUV, YIQ, CIE-XYZ). 

 
Color spaces discussion 

At a first glance, color space selection seems to be crucial for color based skin detec-
tion. One important question is: what is the best color space for skin detection, or more 
generally – is there an optimal color space for skin-classification? Surprisingly, many pa-
pers on skin detection do not provide strict justification of their color space choice, proba-
bly because of possibility to obtain acceptable skin detection results on limited dataset with 
almost any color space.  

RGB (Red, Green, Blue) 
RGB is a color space originated from CRT (or similar) display applications, when it 

was convenient to describe color as a combination of three colored rays (red, green and 
blue).The RGB color model is an additive color model in which red, green, and blue light 
are added together in various ways to reproduce a broad array of colors.  

Normalized RGB 
Normalized RGB is a representation that is easily obtained from the RGB values by a 

simple normalization procedure: 

.,,
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As the sum of the three normalized components is known (r+g+b = 1), the third com-
ponent does not hold any significant information and can be omitted, reducing the space 
dimensionality. The remaining components are often called “pure colors”, for the depend-
ence of r and g on the brightness of the source RGB color is diminished by the normaliza-
tion. 

HSV, HSI, HSL (hue, saturation, value/intensity/luminance) 
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HIS 
HIS is specified as follows [31] 
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Note that, the R, G, and B values are scaled to [0, 1]. 
HSL Color Space 
HSL color space differs from HSV on how S and L are defined: 

2
min(R,G,B)max(R,G,B)L 
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YCrCb 
YCrCb, Y′CbCr, or Y Pb/Cb Pr/Cr, also written as YCBCR or Y′CBCR, is a family 

of color spaces used as a part of the color image pipeline in video and digital photogra-
phy systems. Y′ is the luma component and CB and CR are the blue-difference and red-
difference chroma components. Y′ (with prime) is distinguished from Y which 
is luminance, meaning that light intensity is non-linearly encoded using gamma correction. 

YBGb
YRCr

BGRY





,
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Skin modeling 
The final goal of skin color modeling is to build a decision rule that will discriminate 

between skin and non-skin pixels. This is usually accomplished by introducing a metric, 
which measures distance (in general sense) of the pixel color to skin tone. The type of this 
metric is defined by the skin color modeling method. 

Defined skin region 
Some methods used to build a skin classifier is to define explicitly (through a number 

of rules) the boundaries skin cluster in some color space. For example Peer et al. 2003[21]: 
(R, G, B) is classified as skin if: 

       
        BRandGRandGRandBGR
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OR The skin color under light  
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Face Detection Based on YCgCr Color Space 
Kamarul et al [16] propose a novel face detection method that achieves better detec-

tion rates. The new face detection algorithm based on skin color model in YCgCr chromi-
nance space. Firstly, they build a skin Gaussian model in Cg-Cr color space. Secondly, a 
calculation of correlation coefficient is performed between the given template and the can-
didates. Experimental results demonstrate that the system has achieved high detection rates 
and low false positives over a wide range of facial variations in color, position and varying 
lighting conditions. 

Considering the YCbCr color space, a human skin color model can be considered 
practically independent on the luminance and concentrate in a small region of the Cb-Cr 
plane. YCbCg color space and YCgCr color space also have the above advantage [41]. Y, 
Cb, Cr and Cg are defined as follow: 

;
;
;

;1
;

YGCg
YRCr
YBCb
kkk

BkGkRkY
bgr

bgr








 

(kr, kg and kb are weighting factors, according to ITU-R BT.601, kb = 0.114, kr = 0.299). 
The YCgCr color space uses the color difference (G–Y) instead of (B–Y). YCgCr compo-
nents can be derived from the YCbCr equations. YCgCr color space uses the following 
matrix expression: 
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Morphological operation 
The aim of Morphological operation is to transform the signals into simpler ones by 

removing irrelevant information. So morphological operation can reserve essential shape 
feature and eliminate irrelevancies. This method use erosion and dilation operators to 
eliminate unwanted fragment. Then, the target of using template matching is to select face 
segment from skin segments. First, the algorithm selects a skin segment which has hole in 
his region and then closes the holes in the region. The template face will be resized and 
rotated in the same coordinate as the skin segment image. At last, the cross-correlation 
value between the selected skin segment and the template face will be computed [3]. By 
empirically determined, from the experiments, the threshold value for classifying a seg-
ment as a face is 0.6. If the resulting autocorrelation value is greater than the threshold, the 
skin segment will be classified as face area. 

 
Face Detection Using HSV [14] 

The HSV color model [11; 36] is popular when compared to RGB or YCbCr color 
models because it is fast and compatible with human color perception. The second step will 
be connectivity analysis to confirm a skin pixel or not, the third and final main step is to 
find an optimal boundary box to extract the face from the input image. Referring to the 
results obtained by [13] and they have found the following rule for skin classification is 
adequate as a starting point. 

SkinNotH 24019   
This work is based on RGB color model; it is summarized in the following: 
Step 1: Resize the image to fit a 30x30 pixel template. 
Step 2: Convolve the masked grayscale image. 
Step 3: Look for peaks in the output and compare them to a given range of thresholds. 
Step 4: Consider pixels within the threshold range faces. 
Step 5: Threshold range is reduced to a preset lower limit. Then apply another state of 

convolution process to the next step if the lower limit is reached. 
Step 6: Enlarge the template to detect larger scale faces. Repeat convolution, detec-

tion and threshold reduction steps. 
Step 7: Quit when the upper scale limit is reached. 
Another algorithm work in HSV color model, it is summarized in the following: Step 

1: Convert RGB image to HSV image. 
Step 2: Using Sobel operators on RGB image to find the edge map image. 
Step 3: Find the H and S values for each pixel. 
Step 4: If the H and S values of the color histogram > skin threshold and edge values 

< edge threshold, then the skin is skin pixel otherwise it is non skin pixel. 
Step 5: Use 8- connected neighbors to find the different regions. 
Step 6: Find for each region, the height, the width and the centroid and also the per-

centage of skin in each region. 
Step 7: Use Golden ratio [22] to confirm the region is a face or not. 
When SkinThreshold =0.1 
EdgeThreshold =125 
PercentageThreshold= 55 
Tolerance =0.65 
 

Face detection based on RGB-HSV-YCBCR skin color model 
A new technique proposed a method to detect the region of candidate face from a 

given color images using a novel skin color model. The first step is to extract the human 
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skin regions from the training images by analyzing the three colors models, which is the 
RGB, HSV and YCbCr space model. The distributions of skin color values are plotted and 
the new skin color bounding rules are created. The candidate face regions are extracted 
through the new given skin color bounding rules. Then the segmented images are normal-
ized by the morphological operation. The framework of face region detection is shown in 
Fig. 6. 

  
Fig. 6. The framework of face region detection 

 
In RGB space, algorithm uses the skin color rules introduced by Peer et al. 2003[21]. 

To determine the conditions to use OR logic to combine these two equations together, the 
equation 5 OR 6 will formed the equation that will rule the region by region, color, RGB 
color model as  Rule A. 

YCbCr color model rules are constructed based on the skin color distribution obtained 
from the training images to classify skin regions showed in the distribution of Cb and Cr 
sub-space. The distribution of skin regions showed an undefined range thus this paper was 
conducted to estimate the data by using basic mathematics, linear equations. By using ap-
propriate estimation of color from the Y (luminance) in YCbCr color model, the bounding 
rules for YCbCr skin color regions are formulated as below:  

   805  YORY                                                   (7) 
634814.0  CbCr                                               (8) 

1222894.0  CbCr                                               (9) 
2450245.1  CbCr                                        (10) 

4109384.1  CbCr                                          (11) 
To determine the conditions to use AND logic to combine these 7–11 equations to-

gether, the equation 7 AND 8 AND 9 AND 10 AND 11 will formed the equation that will 
rule the region by region, color, YCbCr color model as Rule B. In the HSV color model 
space, the Hue values exhibit the most noticeable separation between skin and non skin 
regions. The concentration of the HSV color model enables appropriate controlling to in-
crease or decrease the brightness of the image colors. With an appropriate estimation of 
Saturation and brightness (Value), the bounding rules for HSV skin color regions are for-
mulated as below:  

       92.0017.1305  SORSAndHORH                     (12) 
The equations that will rule the region by region, color, HSV color model as Rule C. 

Thereafter, each pixel that fulfills Rule A and Rule B and Rule C is classified as skin color 
pixel.  

The candidate face regions are extracted through the new given skin color bounding 
rules using RGB-HSV-YCbCr model, the segmented images are normalized by the mor-
phological operation. This algorithm shows the analysis of Shape Orientation Descriptors 
using Bounding Box for estimation of face region detection. The Box ratio property can be 
defined as the width to height ratio of the region bounding box. By trial and error, the good 
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Region Labeling 
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range of values lies between 1.0 and 0.4. Ration values above 1.0 would not suggest a face 
since human faces are oriented vertically with a longer height than width. Mean while, ra-
tio values below 0.4 are found to misclassify arms, legs or other elongated objects as faces. 

 
RGB-H-CbCr Skin Color Model for Human Face Detection 

This technique presents a novel skin color model, RGB-H-CbCr for the detection of 
human faces. Skin regions are extracted using a set of bounding rules based on the skin 
color distribution obtained from a training set. The segmented face regions are further clas-
sified using a parallel combination of simple morphological operations. In this paper, the 
authors present a novel skin color model RGB-H-CbCr for human face detection. This 
model utilizes the additional hue and chrominance information of the image on top of stan-
dard RGB properties to improve the discriminality between skin pixels and non-skin pixels. 
In this technique approach, skin regions are classified using the RGB boundary rules intro-
duced by Peer et al. 2003 [21], and also additional new rules for the H and CbCr subspaces. 
These rules are constructed based on the skin color distribution obtained from the training 
images. The classification of the extracted regions is further refined using a parallel combi-
nation of morphological operations. 

From the skin color subspace analysis, a set of bounding rules is derived from all 
three color spaces, RGB, YCbCr and HSV, based on training observations. All rules are 
derived for intensity values between 0 and 255. In RGB space, they use the skin color rules 
introduced by Peer et al. 2003 [21]. 

In the RGB to consider both conditions when needed, they used a logical OR to com-
bine both bounding rule is denoted as Rule A. Rule A: Equation (5)   Equation (6). 

Based on the observation that the Cb-Cr subspace is a strong discriminate of skin 
color, they formulated 5 bounding planes from its 2-D subspace distribution, as shown in 
Fig. 6. The five bounding rules that enclosed the Cb-Cr skin color region are formulated as 
below:  

205862.1  CbCr                                               (13) 
2069.763448.0  CbCr                                         (14) 

5652.2345652.4  CbCr                                      (15)  
75.30115.1  CbCr                                          (16)  

85.4322857.2  CbCr                                        (17)  
Equations (13) to (17) are combined using a logical AND to obtain the CbCr bound-

ing rule, denoted as Rule B. Rule B: Equation (13)  Equation (14)  Equation (15)    
Equation (16)  Equation (17). In the HSV space, the hue values exhibit the most notice-
able separation between skin and non-skin regions. Authors estimated two cutoff levels as 
H subspace skin boundaries,  

25H                                                          (18) 
230H                                                         (19) 

Where both rules are combined by a logical OR to obtain the H bounding rule, de-
noted as Rule C. Rule C: Equation (18)  Equation (19). At the end, thereafter, each pixel 
that fulfills Rule A, Rule B and Rule C is classified as a skin color pixel, Rule A  Rule B 
 Rule C.  

The candidate face regions are extracted through the new given skin color bounding 
rules using RGB-H-CbCr model, the segmented images are normalized by the morphologi-
cal operation. 

 
Template Matching 

In a template matching system there is a training phase, in which a directory of image 
examples is processed by a digital computer to derive component vectors. As well there is 
a search phase, in which a digital computer processes a target image with vectors selected 
using component vectors to determine the presence of one or more image examples in the 
target image. The training phase can be conducted off line in order to come up with a tem-
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plate that can match the objects that are of most interest in the target image. There are sev-
eral types of template matching methods, which are the Sum of Squared Difference, Cross 
Correlation, and Coefficient Correlation method. Depending on its matching algorithm, the 
matching result may be slightly different. 

 
Wavelet based algorithm 

In wavelet based algorithm, each face image is described by a subset of band filtered 
images containing wavelet coefficients [9]. Wavelet transform offers a likelihood of pro-
viding a robust multi scale way analysis of an image. Wavelets are also very flexible, 
whereby several bases exist and the most suitable basis can be chosen for an application. 
The most widely used wavelet method is the Gabor wavelet method especially in image 
texture analysis [35; 23]. 

 
Neural Networks 

In neural networks based face detection techniques [22], the structure of the network 
is chosen first. The structure defines how many layers the network will have, the size of 
each layer, the number of inputs of the network and the value of the output for faces and 
non-faces. Then the network is trained using samples of faces and non-faces. Some authors 
used neural networks with color spaces like with RGB [17] or HSV [12]. 

 

 
Fig. 7. Example of Neural Networks 

 
Gabor Feature Extraction with SVMs 

Another method of face detection is to use Gabor filters to extract features of an im-
age. These can then be applied to a neural network (ANN) or support vector machine 
(SVM) for image classification. Sahoolizadeh et al. [8] and Gupta et al. [10] have used this 
method in face detection in the visible spectrum. In this method, an image is input into the 
system. A Gabor wavelet transformation is then run against the image allowing the system 
to find important feature points on the image. These are then added to the feature vector 
that is passed to the SVM or ANN, which has been previously trained. Once these features 
are extracted, the system uses one of the learning methods (SVM or ANN) to check for 
faces around the points based on a threshold of the surrounding pixels. After a dilation of 
the checked regions, the center of the points are found and marked as faces in the image. 
More information about the mathematics and the system can be found in [23; 10].  
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