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Abstract
The problem of face detection is quite challenging. Many 
techniques have been used for detection of faces from the given 
set of images. In this paper, we present Adaboost based SNoW 
classifier for face detection. The accuracy of the system is high 
as compared to that of other systems. We used cascading to 
get strong classifiers from weak classifiers. We further proposed 
asymmetric boosting for fast detection of faces.
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I. Introduction
Face detection is a challenging work because of the variability 
in image. The detection [2] of face from the given set of faces 
and non faces is the target for every face detector. Most of the 
recent work focuses on appearance based methods. They try 
to capture the representative variability [10-11] of the facial 
appearance [3-4] based on learned templates from the set of 
training images. In particular, Successive Mean Quantization 
Transform based methods have gained great fame and 
popularity in this area. Actually the SMTQ transformation yields 
new set of values for pixels set as;

             Eq. (1)  

These properties are desirable with regard to the formation of 
the whole intensity of given image. The purpose of this paper 
is to study the effects of the variations in different factors on 
SNoW classifier with Adaboost based face detection techniques. 
These factors include combinations of training sets of pixel 
transitions in sliding window, pre-processing methods, and 
bootstrapping in negative training patterns. Standard and 
representative training images as well as test sets are used 
in this paper. Before the real training and test execution, a 
series of pre-processing was performed on both the face 
training examples and non-face images, including cropping, 
scaling, rotation, masking, lighting correction and histogram 
equalization. In case of non-face images, bootstrapping 
algorithm was used to obtain a significant and representative 
set of negative training set.

The face and non-face image databases were used in 
training SNoW based face detector. The resulting classifiers 
(as from flow chart 1) were then utilized in detecting faces 
from the standardized test set and performance metrics are 
measured. 

Fig. 1: Flow chart Working of the detector

II. Sparse Network of Winnows Architecture
The SNoW learning architecture is a sparse network of linear 
units over a feature space [13]. The importance of SNoW 
architecture lies in its ability to create lookup tables. The Sparse 
Network of Winnows architecture has been widely applied to 
tasks in computational linguistics. Its first application to the 
visual processing domain was the face detector. Superficially 
similar to the classic perception the sparse network of winnows 
is considerably more powerful.
A perception consists of a set of input [1] nodes, Input node= 
{x1, x2, …, xn}                Eq. (2)
connected to an output unit by a set of weights, Output 
Weight={w1, w2, …, wn}        Eq. (3)
The net output of the network, Y, is the summation of the inputs 
multiplied by their weights such that:
Y=∑wixi.              Eq. (4)
In perceptions the relationship between values of xi are purely 
scalar and Y is linear [6] and hence, these networks are capable 
of making only linear separations between categories. For 
instance, if we use that for face detection processes, we can 
differentiate faces and non faces. 
Otherwise SNoW networks connect their inputs to outputs by 
functions, which are learned during training, such that:
Y=∑ Fj(Ij)          Eq. (5)
This allows a SNoW network to learn any linearly [7] separable 
problem as well as a wide variety of problems which can only be 
separated nonlinearly or asymmetrically. The means by which 
SNoW generates the functions connecting inputs to outputs is 
based on how the inputs are represented. Rather than inputting 
images into the system simply as I(x, y), the intensity level at 
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a given pixel, individual pixels are expanded into collection 
of input nodes. The collection is a Boolean representation of 
intensity at a given pixel. 
For an image of 32 intensity values, each pixel would be 
represented by a linear vector of 32 elements with a single 
one in the element corresponding to the actual intensity and 
zeros otherwise. As a unique and independent weight point, 
each intensity value of each pixel to the output, the distribution 
of weights associated with that pixel can approximate nonlinear 
functions of the intensity value. 
For a 25x25 pixel image (625 total pixels) with 128 intensity 
values the snow representation is a 625*128(8000) input 
matrix, but with only 625 active elements. 
Each sub network consisted of a set of all input nodes linked 
to a single output node. The output indicated the presence or 
absence of its target feature or principle component like feature 
[11] by taking a value smaller or larger than the given threshold 
(θ). The links between inputs and output are correlated by a set 
of weights. The value of weight is a non-negative. The value of 
weight shows the strong relation between input and target. 
So, Wi,j,k is the weight, W, connecting pixel (i,j) with intensity I 
to the output node. 
Initially, the weights are set to 1 or 0 for any input which is 
actually present in the training set and zero otherwise.
In other words, in all training images if I (25,26) is never 100 
then W(25,26,100)=0.
Because weights are changed in multiplicative fashion inputs 
assigned a weight of zero will never be active in either training 
or testing. 
The output for a given image is calculated simply by summing 
the weights connecting inputs active in the image. 
A given facial feature is considered to be present if and only 
if y>q for its network. During training the threshold, q, was 
set equal to the total number of pixels in the input image 
patches.   
The update rule for SNoW is multiplicative. There are two 
updating parameters

A promotion parameter α>1 • 
       and 

A demotion parameter 0<β<1.• 
During training, if the output is less than or equal to threshold 
when it should have been above (misdetection), then all 
weights activated by that input are increased in value by 
multiplying them by promotion parameter. Alternatively, if the 
output exceeds threshold but no target feature is present, 
then all weights associated with that input are decreased via 
multiplication by demotion parameter. In all other cases, the 
weights are unchanged. Although some alternates were tried, 
default values [1] of α=2 and β=1 were used in our system 
(Promotion is two times than Demotion).

III. Classification
In the classification we used Adaboost [5] (as from table 1) at 
the initial stage to separate face set and non face set at the 
training. Then weak classifier are found and by using cascading 
as from Table 2, a strong classifier is achieved and decision 
is made for input image as it is detected as face or non face. 
The main advantage of cascading is that it reduces complexity 
and increases the speed of the detector.

Table 1: Adaboost and Cascading

Algorithm 1: Snow Classifier

Step 1:Given labeled examples set S and two threshold, θ1 and θ2

Step 2: i = 1; The first stage error rate  F = 1;
Step 3: Train the first n-stage strong classifier based on the SNoW 
feature.
       While the first i stages error rate Fi > θ1

1) Train a strong classifier by AdaBoost based on the SNoW 
features;
2) Calculate the (i+1)st stage error rate  e i+1 ;
3) The first (i+1)st stages error rate Fi+1 =  Fi ×ei+1  and i = i +1;
Step 4: Combine these n stages into a cascade detector
Step 5: Train the (n+1)st stage strong classifier based on the SNoW 
features.
       While the (n+1)st stage error rate en+1 , and en+1 * θ1 > θ2

1) For each SNoW feature, k, train a classifier hk with respect to the 
weighted samples;
2) Calculate error rate
Step 6: Combine all of these weak classifiers based on the SNoW 
features into a strong classifier.
Combine the first n stages and the (n+1)st stage strong classifier into 
a resulting cascade detector.

                       Algorithm 2: Adaboost

Take input  image as I(x,y)
For given feature
Start with weight Wi
Repeat for WL (weak learner)=1………M
(a)Calculate least square error
(b)update additive model 
Here  is weak learner, is strong learner.
(c)update 
(d)Normalization
Output of the classifier F(x)=Sign[]
In each step the weak classifier fm(x) are chosen so as to minimize 
the weighted squared error.

Jwse=

Algorithm 3: Cascading Detectors: Cas_face

Step 1: Select value for f, the maximum false positive rate per layer, 
d detection rate (minimum)
Step 2: Select  target over false positive rate Ftarget

Step 3: Set P= positive examples
N=Negative examples
Step 4: Fo=1,D0=1
Step 5:  Set i=0;
Step 6: While Fi> Ftarget    
Step7:  
Step 8: while  
Step 9:  
Step 10: Use P and N  to train the classifier 
Step 11: Evaluate current classifier and decrease the threshold  for 
the next stage until the detection rate 
Step 12:
Step 13: If Fi> Ftarget   
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IV. Database and Results
In this section, we showed some result using above algorithm as 
from Table 1. We used MIT+CMU database for training purpose 
[8-9]. In the future work to speed up the detectors speed we 
will try to use multi asymmetric boosting to get the output 
at required interval. There are some mis-detections in fig. 3, 
due to rotation. The work can be carried forward for rotational 
invariance, by using LBP at initial stage for the given SNoW 
feature classification.

Fig. 1: Detection With Angles

Fig. 2: Detection with Sample image (Gray scale single 
image)

Fig. 3: Detection With Sample image with varying pose

Fig. 4: Detection with Sample image

Fig. 5: Detection With Sample image(Gray scale single 
image)
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Fig. 6: Detection With Sample image (Gray scale single image) 
with  facial component variation

Fig. 7: Detection With Sample image(Gray scale single image) 
with  facial components
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