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ABSTRACT 
 
A rotation invariant human face detection system in color 
images based on human skin color distribution and 
intensity is proposed in this paper. Skin color distribution 
typical to a human face is used as a feature along with the 
intensity variations to classify the candidate regions into 
faces and non-faces. The detection process is carried out 
in YCbCr color space. Sparse Network of Winnows 
architecture is used to train three networks one for 
intensity and two for the color distributions for 
classification of candidate regions. Rotation invariance in 
detection of faces is achieved by training multiple 
classifiers, each to detect faces at a particular orientation. 
The detection process also implements a non linear 
luminance based lighting compensation method which is 
very efficient in enhancing and restoring the natural colors 
into the images which are taken in darker and varying 
lighting conditions. Experimental results show that the 
new face detection technique is highly efficient in terms 
of speed and accuracy in detecting frontal view faces at 
different orientations in complex environments. 

 
1. INTRODUCTION 

 
Face recognition has gained more prominence in recent 
years, mainly in applications such as surveillance, security 
systems and content based video indexing and retrieval. 
The essential part of any automatic face recognition 
system is face detection. The goal of any face detection 
technique is to identify the face regions within a given 
image. There are about 150 reported face detection 
techniques proposed in the literature [1] both in gray scale 
and color. The appearance based algorithms [1] process 
gray scale images. They rely on extensive training and 
powerful classification techniques. The classification 
methods range from neural networks [2], Hidden Markov 
Models to support vector machines [3]. A similar but 
much simpler technique called Sparse Network of 

Winnows (SNoW) [4] has also been implemented for face 
detection in gray scale images. A typical color based face 
detection system on the other hand would first do a skin 
color region extraction on color images based on either 
pixel based or a combination of pixels and shape based 
systems in different color spaces [5]. The next step would 
in general be region merging followed by classification or 
application of any appearance-based method to classify 
the skin color regions into faces and non-faces by 
converting them into gray scale images. Contrary to the 
conventional procedure, the algorithm proposed in this 
paper attempts to combine both the operations of skin 
extraction and face detection into a single process. Instead 
of using skin extraction as a method to reduce the 
computational intensity of scanning the entire image, the 
proposed method uses the skin color information and its 
distribution on a human face as a feature in addition to the 
intensity variations. This reduces the number of false 
positives and also improves the accuracy. SNoW 
architecture is used for the purpose of classification 
keeping in view of its computational inexpensiveness. An 
efficient image enhancement algorithm is applied on the 
input image to enhance the darker regions within the 
image to improve the detection process. 
 The paper is organized as follows. The second section 
describes the process of image enhancement in color 
images. Third section describes the architecture of SNoW 
and also the proposed face detection algorithm, followed 
by results and conclusion.  
 

2. IMAGE ENHANCEMENT 
 
Luminance dependent nonlinear image enhancement 
algorithm (LDNE) is used for enhancing the color images 
captured in extremely dark or non-uniform lighting 
environments [6]. In this technique, the processing is 
performed on the intensity/grayscale of the original color 
image obtained by nonlinearly transforming the RGB 
spectral bands to the luminance space as:  
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Then the luminance image is convolved with a 2-D 
distribution Gaussian function ),( yxH , which is obtained 
by adding three Gaussian functions (multi-level Gaussian 
function) with different scales. A Gaussian function is 
obtained as:  
 
 
 
where K determined by  
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in which iC  is the Gaussian surround space constant  
such that    C1 = 5, C2 = 20, C3 = 240. H (x, y) is 
computed as: 
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Then the filtered image is obtained as: 
 

(5) 

The dynamic range of the output is then nonlinearly 
compressed by a two step approach: nonlinear 
compression of the luminance image I(x, y) and the 
filtered image Y(x, y) by a logarithmic approach; and 
extraction of the high frequency details from the 
compressed image. That is, 
 

 
 
Since ),( yxQ  is the output in the ‘log’ domain, we need 
to apply ‘Gain (contrast)’ and ‘Offset (brightness)’ to 
transfer the output from ‘log’ domain to display domain. 

where A (Gain) = 150, b (Offset) = 0.6 and both of them 
are experimentally determined values. Then, a comparison 
between the original luminance and the enhanced 
luminance is performed to ensure that the enhanced 
luminance have no luminance drop for any pixels. 

 

The enhanced color images can be obtained based on the 
enhanced intensity images through a linear color 
restoration process described by the following equation. 
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where j = r, g, b represent the R, G, B spectral band 
respectively, and  Sr, Sg and Sb are the enhanced RGB 
values of the enhanced color image. λ  is introduced  to 
adjust the color hue of the three spectral bands. The 
output color images can be further refined with a color 
saturation and white balance adjustment, which is applied 
to make the output color looks more natural.  

 
 
 
 

       Average color value of each pixel after enhancement. 
 Enhanced value in each color band.   

 
3. FACE DETECTION  

 
Face detection is performed based on the concept of 
Sparse Network of Winnows (SNoW) [4]. SNoW is a 
learning architecture and is used in classifying multiple 
classes. It is specifically tailored for large scale learning 
tasks and for domains in which the number of features 
taking part in decisions is very large. SNoW has been 
used successfully on a variety of large scale learning tasks 
in domains like the natural language processing, visual 
processing etc. In conventional SNoW based face 
detection, the features used for classification are the active 
pixel intensities within the candidate region. Pixel 
intensity at each location (x, y) is expressed in Boolean 
values as shown in figure 1. 
 
 
 
 
 
 
 
 
 
 
 
 
3.1 Integrated skin extraction and face detection 
Many color spaces have been used in segmenting skin 
regions in color images. Literature survey shows that the 
YCbCr color space is one of the successful color spaces in 
segmenting the skin color accurately, mainly because the 
chrominance components are almost independent of 
luminance component in the space. Although skin colors 
vary from person to person, they tend to get clustered into 
a compact region in CbCr space. So the skin color 
distribution information in a human face can be used as an 
additional feature in classifying the objects into faces and 
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non faces. Chrominance blue component is more 
prominent [7] around the eyes in a human face and at the 
same time the Cr component is less. The chrominance red 
is more prominent in the mouth area. This information 
which is typical to human face is also added as a feature 
in classification process. This improves the accuracy of 
the detection method in color images at the same time 
reduces the false positives at slight increase in 
computational complexity.  Figure 2 shows the RGB face 
image transformed to Y, Cb and Cr images respectively. 
Figure 3 shows the distribution of Cr pixels at the eye 
region and the mouth region in a human face. 
 

                          
 
 
 

Conventional face detector using SNoW uses online error 
based training method for updating the sparse network 
using many gray scale face and non face images. A 
similar type of online learning method is being used in the 
algorithm. The novelty in this algorithm is the integration 
of color information and intensity information for 
detection of human faces. 
 
 
 
 
 
 
 
 
 
3.2 Training phase 
A set of 1500 face and 3000 non-face images collected 
from different color images from the web and ODU color 
database, were used for training. The training set contains 
face images of different skin colors and also includes 
images taken in varying lighting conditions. For a 25 × 25 
pixel image with intensity range 0-255, SNoW 
representation is a 625 × 256 input matrix, but at any time 
only 625 elements are active. All the nodes at the input 
representing the input features are connected to the output 
node by a set of weights. The input is said to be true if the 
sum of all the weights is greater than a set threshold. The 
procedure of training is applied to all the three classifiers 
i.e., intensity, chrominance blue, and chrominance red. All 
the components are normalized to the range of 0 to 255. 
 
3.3 Candidate face regions and classification 
The image is scanned by a window of size of 25×25 at 
each pixel and sent for classification. The image is sub 

sampled by a factor of 1.2 each time and then scanned 
again. This process of sub sampling and scanning by the 
window is continued for 10 iterations. Summation of 
weights associated with the input features for each 
candidate face region in Y, Cb and Cr images of size 
25×25 are calculated based on the active pixel locations. 
Each classifier produces a 1 or 0 based on the comparison 
between sum of weights and the preset thresholds. A 
candidate region is said to be face only if all the three 
classifiers produce a 1. Figure 4 shows the 
implementation of the proposed face classification 
technique. 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
3.4 Rotation invariance 
Multiple Face Classifiers (FCs) are trained for the 
detection of rotated faces at different angles within the 
image plane. Multiple databases of rotated faces, each for 
training a particular face classifier are created by rotating 
the original face database. The face detection system 
proposed can detect frontal faces and rotated faces up to 
450 on either side within the image plane. It can also 
detect faces which are inverted within the image plane. 
There are six classifiers FC1-FC6. Each classifier can 
detect faces with approximately 100 variation for which it 
is trained for. Though training time is more, increase in 
additional computational complexity is very less in the 
testing stage. Figure 5 gives a picture of how multiple 
classifiers work to detect faces with different rotations. 
 
 
 
 
 

 
 
 
 
 
 
 
 

Figure 2. Face image in YCbCr color space 
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Figure 3(a) Cr values around the eye, 3(b) Cr values  
around the mouth region. 
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4. RESULTS 
 

The results obtained by applying the proposed algorithm 
for detection of face regions in images captured at varying 
lighting environment are encouraging. The algorithm is 
tested on 200 frontal face images from the champions [7], 
ODU databases and 2000 non face samples collected from 
images containing scenery, texture, surface, desert, and 
skin patches.  
 

No. of 
images 

Images 
detected 
as faces 

Detection 
rate after 
enhancement 

Percentage 
improvement 

200 190 195 2.5% 

 
The rate of increase in detection is reflective of only the 
number of images that needed enhancement. Had there 
been more images of darker environments, the detection 
rate improvement would have been greater because of 
enhancement. The false negatives were mainly due to out 
of plane rotation within the face images. One major 
advantage of using the human face skin color distribution 
is that there is a reduction in the number of false positives. 
The algorithm is able to detect faces in varying lighting 
conditions due to the application of the new nonlinear 
enhancement technique as a preprocessing step. The face 
regions appeared at different orientations were also 
successfully detected by the new technique. Figures 6 and 
7 show some of the combined results of image 
enhancement and face detection applied on various 
images from web and ODU database. 
 

 
 

 
 
 

5. CONCLUSION 
 

The human skin color and intensity distribution based face 
detection algorithm presented in the paper has been 
implemented using the Sparse Network of Winnows 
learning architecture in YCbCr color space. The algorithm 
is efficient both in accuracy and computational speed 
when compared to other leading color based face 
detection algorithms. Training of the sparse networks to 

detect human faces irrespective of in-plane or out-of-
plane rotation in color images is progressing. Testing the 
algorithm on various databases and research in the area of 
finding out the optimum color space which can give better 
skin color distribution information in human face is also 
being carried out. Smart scanning of the image for 
candidate face regions based on the thresholds obtained 
around the regions can speed up the process of face 
detection.  
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Figure 6. Application of image enhancement and face 
detection together 

Figure 7. Detected faces with different orientations 
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