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ABSTRACT

Automatic finding of human face from a complex background
image is a challenging task in computer vision. This task is the
first step in a large number of applications such as security
control, human computer interface, face recognition, and
image database management. This paper proposes a complete
framework for face detection in clutter color images in
presence of varying lighting conditions as well as presence of
complex background. The proposed framework relies in using
a group of neural network classifiers. These classifiers are
applied sequentially to detect faces in the image. Initial skin
regions over the entire image are detected using one of these
classifiers by labeling the image pixels as skin/ non-skin
pixels. Skin regions are classified into face/non-face
candidates using the correlation between skin region and a
prototype face-outline shape image. The facial features mouth
and eye are detected within that face candidate using another
two classifiers, one for each feature. Finally, the face candidate
is verified by applying some face geometrical constrains.
Experimental results demonstrate that the proposed
framework can be used as a face detection tool over wide
range of facial variations in color, position, scale, orientation
and expressions.

Key words: Face detection, Luminance compensation, Skin
tone, Facial feature, and Geometrical rules.

1. INTRODUCTION

Finding the human faces in an image is a problem that has
gained importance in the last decade. It is one of the visual
tasks, which humans can do effortlessly. However, in
computer vision this task is challenging. The goal of face
finding process is to determine whether or not there are any
human faces in the image, and if present return their location
and spatial extend. The solution of the problem involves
segmentation, extraction, and verification of faces and
possibly facial features from an uncontrolled background.

There are many closely related problems to face detection,
namely facial feature  detection, face tracking,
teleconferencing [1], video surveillance and security control
[2], human computer interface [3], face recognitions [4] and
image database management [5]. All of these problems
involve face detection as the first processing step. The face
detection problem can be viewed as a two-class (face versus
non-face) classification problem. There are many factors that
challenge it, such as:

- Variations in position: The faces in the image vary due to
rotation, and translation.

- Facial Expression: The appearance of a face is largely
affected by the expression on the face. Also the presence
or absence of additional features like glasses adds to this
variability.

- Complex Background: The background which defines
the profile of the face cannot be ignored.

- Occlusion: Other objects may occlude the face or a group
of faces.

- Imaging conditions: When the image is formed, factors
such as lighting and camera characteristics affect the
appearance of a face.

Numerous methods have been proposed over the recent years
to detect faces in single intensity (grayscale) or color images.
These methods can be classified to the following categories.

a.Knowledge based methods [6]: These methods are rule
based methods that describe a face based on rules.

b.Feature invariant methods [7-10]: These methods extract
features (e.g. eyes, nose, and mouth) and then use them to
detect a face.

c. Template matching methods [11-12]: Several standard
patterns of a face are stored to describe the face as a whole
or the facial features separately.

d.Appearance based methods [13-17]: In these methods,
statistical and machine learning techniques are used to learn
the characteristics of face and non-face images from
examples.
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The proposed framework starts with an algorithm which is
implemented as a group of neural networks. These networks
are used to classify the human face features such as skin,
mouth and eye. The classification is based on a pixel color.
The algorithm detects the skin over the entire image to
generate a number of face candidates. Then mouth and eyes
are detected inside the candidates. Geometrical feature
constrains and pointing system between face features are used
to verify the face candidate. The proposed framework is able
to handle a

wide range of variations in color images. The present paper is
organized as follows: Section 2 describes the face detection
algorithm. Section 3 presents the results of the proposed

2.FACE DETECTION ALGORITHM

An overview of the face detection algorithm is depicted in
Figure 1, which contains three major modules: 1) Finding face
candidate, 2) Finding facial features, and 3) Verifying the face
candidate.
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Figure 1: Flow chart for face detection algorithm.

In this algorithm the neural network is used as a pixel color
classifier because of its power in classification field. In this
algorithm, 14 parameters are used to classify the skin color
pixel and other facial features. Each of these parameters has
direct effects on the appearance of the image. The detected
skin pixels are grouped in regions. Each region is correlated
with a prototype face outline shape model to eliminate the
non-face shape regions. The mouth and eyes are detected
within these regions. Geometrical rules and pointing system
are used to verify faces inside the image.

2.1 Classifiers Design

Various classifiers are designed using feed forward neural
networks type with back . The procedure for achieving this
preparation is passed through two main steps 1) Collecting the
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training sets, and 2) Training the Neural Network. Over 300
images are used from different sources such as, family
celebrations, WEB news, video stream and so on.

2.1.1 Skin Classifier (SC) Design

While face detection based on color seems like an obvious
choice to human eyes, identifying the color unique or
dominant to the face region is not that obvious for machine
based techniques. Different people have skin of different
colors ranging from fair to dark skin tones. As a result, it is
very difficult to find a region or regions in RGB space that can
be defined as a skin color. In this paper the two major color
spaces RGB and HSV are used in classifying the face
skin-tone and facial features (mouth and eyes). This choice is
due to the following reasons:

a.RGB (Red, Green, Blue) color space is the color space
used in cameras. but not enough for detecting of a wide
range of skin-tone color. For that reason, HSV color
space is used with RGB.

b.HSV (Hue, Saturation, Value) color space imitates the
medical fact that variation in human skin color is due to
the melanin pigment (H) and its saturation (S) in the
skin. The (value) component represents by the intensity
value in the pixel. The skin colors form a tight cluster in
the Hand S space and are distributed in intensity plane.

Selecting the skin samples from each image is carried out by
extracting the color features components listed in Table 1 for
the entire image. Then, color feature components listed in
Table 2 are extracted from each sample.

The training skin set contains over (30,000) of such vectors.
SC is created by training the previous feed forward neural
network.

Table 1: Image Color Features Components

No. | Feature Description
1 Rav. | average of Red in the image.
2 Gav. | average of Green in the image.
3 Bav. | average of Blue in the image.
4 Hav. | average of Hue in the image.
5 Sav. | average of Saturation in the image.
6 Vav. | average of Intensity in the image.
Average Hue at pixels that has over 95 % of
7 Himax. . . .
maximum intensity.
average saturation at pixels that has over 95
8 Simax. . . .
% of maximum intensity.




2.1.2 Mouth Classifier (MC) Design

Mouth is an important feature in the face because of its size
and its color contrast. The mouth samples are collected by the
same manner as in skin samples set. But the main difference is
that the mouth samples are taken from images that have faces
only and black background. Experimentally, it is found that
the most significant color features are:

(R, G, R/B, H, S, Rav, Gav, Bav, Hav, Sav, HImax, SImax
). HImax and SImax, are extracted from the main image not
from the face image. The mouth training set contains over
(12,000) patterns. MC is created by training a feedforward
neural network with previous training mouth set.

Table 2: Pixel Color Features components

No. | Feature Description
1 R red color component in the pixel.
2 G green color component in the pixel.
3 B blue color component in the pixel.
4 H hue color component in the pixel.
5 S Saturation color component in the pixel.
6 Y Intensity value color component in the
pixel.

2.1.3 Eye Classifier (EC) Design

Eye is a popular classification facial feature in face detection
methods. Human eyes have many colors as black, blue, green
and honey-color. Selecting eye sample technique is the same
as mouth selecting in previous section. The color features
components are the same in the MC and consequently the
training pattern length is the same as in MC. Creating EC is
also done by training a feedforward neural network with the
same construction using eye training set.
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Figure 2: Human skin detection.
(a) color image.
(b) Color Feature vectors.
(c) Skin Classifier.
(d) Detected skin regions.
(e) Threshold image.
(f) Labeled image produced by connected component process.
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2.2 Face Candidate (FC) Segmentation

Finding and locating the human skin is the main step in many
of face detection methods. Also many of the Human Computer
Interface (HCI) applications are based on the assumption that
the areas of human skin are already detected and located. The
algorithm here achieves skin detection task in the following
steps (see Figure 2):

a. Reading the image and resize it to (360 X 480). The goal
of this action is to reduce the time and memory size
consumed in skin detection process.

b. Extraction Image and pixels color features as listed in
Tables-1 and 2.

c. Classification of skin pixel is done by feeding the
features from the last step to the input of the SC.

d. The gray-scale image in the last step is then converted to
a binary image using an appropriate threshold
(experimentally). Regions with 1 values represent skin
region and those with O values represent the
background. A connecting component technique is used
to grouping the skin region as shown in Figure (2).

e. Extracting the color face candidate (FC) is carried out by
cropping the rectangle that contains only one region and
treating it as a separate image and referring to it by
Binary Skin Image (BSI).

The face model Figure (6) is extracted from a real human

face. According to the correlation coefficient value with

the BSI will be accepted if the value exceeds a suitable
threshold or reject if not. The desired FC image results
from multiplying CSI with BSI leaving the FC with black

background as shown in Figure 3.
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Figure 3: Color face candidate detection.
(a) Labeled image.
(b) One of the labeled region.
(c) Correlation process.
(d) Prototype face model.
(e) Cropped face candidate from original image.
(f) face candidate without background.

2.3 Facial Feature Detection

The skin region and its shape is important feature
but it is not enough to say that the region is a face.
For that reason, verification process needs some
additional face features like mouth, eyes, brows and
nose.
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2.3.1 Mouth Detection

The extracted FC in section 2.2 is treated as a separate image
as mentioned before. The color features components for that
image and individual pixel are extracted by the same manner
in FC detection section. The following color features:

(R, G, R./B, H, S, Rav, Gav, Bav, Hav, Sav, HImax,
SImax) are arranged in a vectors with 12 elements. The
vectors are applied on the input of MC. Morphological
dilation process is used on the output image to enhance mouth
tone region. The output grayscale image is converted to a
binary image using a suitable threshold see Figure 4.
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Figure 4: Mouth detection.
(a) face candidate with black background.
(b)Transformed matrix. (c) Mouth classifier.
(d)Detected mouth regions.
(e)Mouth region morphological process.
(f) threshold mouth candidate.

2.3.2 Eye Detection

The same steps used in mouth detection process are carried out
in the eye detection process. The following color features
components:

(R, G, B/ R, H, S, Rav, Gav, Bav, Hav, Sav, HImax,
SImax) are arranged in vectors 12 elements These vectors are
applied on the input of EC. As in mouth detection,
morphological dilation is used on the output image from EC to
enhance eye-tone region. Converting the gray-scale image to a
binary image using suitable threshold. The region with the 1
value in the binary image represents the eye candidates as
shown in Figure 5.
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Figure 5: Eyes detection.
(a) face candidate without background.
(b) Transformed matrix.
(c) Eye classifier.
(d) Detected eye regions.
(e) Eye regions after morphological process.
(f) Threshold eye candidates.

2.4 Verification

Human face is a regular object and its features (mouth, eyes)
are arranged in a certain spatial manner. The diagram in the
Figure 6 shows the binary face and Figure 7 represents the
layout of the mouth and eyes and also labels the distances
between them. Some rules for these distances are extracted
experimentally from real faces pictures. Because of the human
face pose specially the rotation, the following rules are valid
only for face candidate that has rotation around 60 degrees
right or left. So for simplicity the algorithm assumes only the
face candidate that has the rotation range from 0 to 60 degree.
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w

Figure 6: Binary face. Figure 7: Facial features layout
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2.4.1 Verify Mouth and Eye candidates

The distances and angels between mouth and eye and also
between them and the boundary of the face are determined as
follows: (see Figures 6, 7).

a. The height of the face candidate (L)

b. The distance between the mouth candidate center and the
upper border of the face candidate (YM).

c. The distance between the eye candidate center and the
upper boarder of the face candidate (YE).

d.The diagonal distance between the mouth candidate
center and the eye candidate center (R).

e. The angle between YM and R (Angle). Naturally there is
no fixed distance between mouth and eye.

Naturally there is no fixed distance between mouth and
eye because of the variance in human face tallness and
breadth. The male and female faces are different in some
characteristics. So, the proposed algorithm uses the
percentages between these distances instead of the
distances itself. Experimentally these percentages are
found in a narrow range and are used as verification rules.
The proposed algorithm verifies the mouth and eyes
candidates according to their spatial arrangement inside
the human face using the verification rules listed in Table
3.
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Table 3: Mouth and Eye Verification rules.

No. Rule Notes
1 YM>05L Mouth at lower half
2 YE<0.5L Eye at upper half
YM
035 —  -YE< .
3 0.75 Experimental
YM
4 | 0<Angle<60 Experimental
R

5 0455 _<0.65 Experimental

YM

2.4.2 Verifying Face Candidate

A pointing system is used to verify the overall face
candidate. The pointing system in brief is similar to a voting
process. In the present work, each face candidate feature is
given weighting points. The face candidate that has a score
greater than a specific threshold is classified as a face in the
image, otherwise it is rejected. In future work the pointing
system is enhanced using another technique for giving the
weighting points.

3. EXPERIMENTAL RESULTS

The proposed framework has been tested using an image
database that contains over 300 images. These images are
collected from different sources as, web, families’ celebration,
and video streams. These images contain multiple faces with
variations in color, position, scale, orientation and facial
expressions as shown in the following figures. The proposed
framework is able to find the human faces with black skin-tone
and faces with bright skin-tone as shown in figures (8). Human
faces with facial expressions and also in presence of
eyeglasses can be detected as shown in Figure (9). Frontal and
no frontal faces as long as the eyes and mouth are visible in
half-profile views are also detected as demonstrated in Figures
(10). Human faces with a head cover and facial hair are
detected as shown in Figure (11). The algorithm can also find
more than one face in the image as appears in Figures (11, 12).
A summary of the results is listed in Table 4.

Table 4: Detection Results

Image Database %L;:; EZS: HHI Irg:gee Data
No. Images 300 206
No. Faces 786 206
No. Detected Faces 724 182
No. False Detected Faces 118 25
Detection Ratio (%) 92.11 88.34
False Detection Ratio(%) 15.01 12.14

(b)
Figure 8: Face detection examples contains. (a) dark skin-tone face
image. (b)western skin-tone face image. Each example has the
original image, skin-tone regions and the original overlaid with
detected face.

Figure 9: Face detection examples in presence of facial variations
and eye glasses
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Figure 10: Face detection results on non-frontal view faces with a
sign on the facial features.



Figure 11: Face detection results on four photos. Each image
contains more than one face
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Figure 12: Face detection results on a family photo. Each image
contains multiple faces. False negatives are due to extreme
lighting conditions and background is similar to human skin.

(a) Size: 568x366: FLOPs:27589375
(b) Size: 564x365: FLOPs:22853775

4. CONCLUSION

A color pixel-based face finding framework in clutter images
is presented in this paper. The proposed framework relies on
using pre-trained neural network classifiers. The training sets
are based on the pixel color not on the window that contains
face which is the common case in previously proposed
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algorithms. The framework first finds the skin regions over the
entire image and then generates face candidates based on the
spatial arrangement of these skin patches. Mouth and eyes are
detected inside the face candidate and are verified using the
geometrical rules. The overall face candidate is verified using
a point system. The proposed framework overcomes the
lighting conditions and color bias by appending the effective
color features components in the training sets. The proposed
framework combines color spaces (RGB and HSV) and also
combines color features with geometrical features which
enhance the detection results. Results on several image
collections have been presented.
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