
Abstract
The problem of face detection is quite vast. Before the 
implementation of any face detector its mathematical model 
and classifiers have to be defined. The process of cascading is 
used in many detectors to enhance the speed and accuracy of the 
detector. In this paper we present the various combinations of 
mathematical models and classifiers for the implementation of 
robust face detector.
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I. Introduction
Every method addressed here uses a learning algorithm on a 
training set to begin the detection process. The training stage is 
extensive for some methods, and relatively small for others. This 
common training gives us an advantage when we consider the 
problem for the first time. We can assume that we have available 
to us pool of data about a general face and we can infer certain 
information regarding faces in general.

II. Mathematical Models of Face Detection Process
The most intuitive solution to the problem of modeling faces is 
the geometric formulation which allows the detector to project a 
tested image onto a learned subspace and determine whether or not 
it is close to that subspace. The natural thing to do with a training 
set, then, is to compute a manifold in Rn (from training images 
containing n pixels) from the most significant components of the 
general face. This is a very basic scheme, and is computationally 
burdensome. [1] uses an adaptation of this scheme to create a 
detection scheme using Gaussian clusters in Rn .The basic idea 
of their detection model is using a multiple-mean Gaussian 
mixture model for both objects and non-objects. Obviously the 
space with low object probability is the non-object space, so it 
is more accurate to say that among the Gaussian object clusters; 
negatively weighted clusters are placed so as to improve the 
definition of the object space. In terms of the detection problem, 
these negatively weighted clusters will be centered at images 
which can be mistaken for faces, but are actually not. Their 
implementation uses six clusters each of face and non-face. Their 
learning method is appropriate since large focus of the detector 
is on distinguishing between faces and face-like non-faces. They 
use a bootstrapping strategy for creating a non-face training set 
consisting of only the most meaningful non-faces (as opposed to 
a general non-face training set, which would contain many images 
which are so obviously not faces that they hold little weight in 
the detector) [1]. construct their face set in a very straightforward 
manner (enlarging their data set with rotations and reactions). 
The bootstrapping scheme for non-face generation begins with 
a small set of non-face samples. Their detector is then run, and 
false positives are added to their non-face set. This method can be 
iterated until a satisfactory data set has been reached. This makes 
for a very time-consuming construction, but the resulting set, 
using their negatively weighted cluster scheme for non-faces, is 

well suited to their demands. If necessary, the face data set can be 
bootstrapped in a similar manner [1]. claim that their system can 
be made arbitrarily robust in this manner. Both false positive and 
false negative detection errors can be easily corrected by further 
training with the wrongly classified patterns. This is in reference 
to error rates in training sets, and does not necessarily suggest 
that within given time, the scheme can be improved arbitrarily for 
unseen data. A different approach to separating faces and non-faces 
in image space is used by [2], and followed up with work by [3]. 
Both are based on support vector machines, a classification method 
which is the result of [4] and others at AT&T Bell Labs, notably 
presented in. The key to the model for a support vector machine 
is the choice of a manifold that separates the face set from the 
non-face set. A hyper plane is chosen, specifically the hyper plane 
that maximizes minimum distance on either side. A support vector 
set is, roughly speaking, a set of vectors (images) which are close 
to this hyper plane, and can therefore be used on their own to re-
acquire the hyper plane. An attempt to improve the performance 
of a similar system is made via reduced set vector machines. The 
methods in [2, 3] use quadratic programming heavily, and exploit 
properties of their models’ kernel functions. This is more closely 
related to their classifiers.

III. Neural Model
The neural network is the most novel part of the paper, as the 
general method for detection is fairly standard, in terms of scanning 
over every pixel at various scales. The neural network contains 
three types of hidden units:
• one set of units for quadrants of the 20x20 image 
• one set for quadrants of the quadrants 
• one set for looking at overlapping horizontal strips of the 

image. 
The idea is clear for certain hidden units will help detect certain 
facial characteristics. For example, since an oval binary mask is 
applied to the image in preprocessing, dark corner pixels will likely 
be removed in the case of a face. In this situation the quadrant 
hidden units are likely to sense the presence of eyes in the upper 
two quadrants. In order to train the neural network on a face data 
set, a large number of face images were used, in which feature 
points were labeled manually. The locations of these feature points 
are averaged over the training set, then warped to coincide with 
predetermined points. Each face training image can then be aligned 
to the mean as the optimal solution to an over determined system. 
Iterating this method time and again results in a suitably warped 
data set. This set is artificially enlarged as done in other methods 
through rescaling, rotation, reaction, and translation. The result 
of this data set enlargement is that the neural network, as a filter, 
becomes invariant to these transformations within a range. In [1], 
bootstrapping method is used to determine a non-face data set 
while [5] has provided interesting classification methods. [6] and 
[1], in what can be considered to be a conceptual precursor to the 
work of [7], use Haar wavelets to create a complete representation 
of the face class. The focus of their research is on the development 
of their wavelet model. They provide a simple application of this 
model (for objects in general) to face and pedestrian detection. 
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IV. Classifiers
Each model requires a classifier to determine whether given data 
are faces or non-faces. The classifier is, in general, some threshold 
applied to the data, usually some sort of goodness-of-fit measure. 
Recall that [1] model their face likelihood with Gaussian clusters 
and anti-clusters in Rn. In their implementation, six clusters and 
six anti-clusters are used. Obviously the number of clusters, and 
to a lesser extent the number of anti-clusters, will have a great 
effect on the receiver operating characteristic (ROC) curve. The 
numbers of clusters were determined empirically. This detector 
was tested for a number of different architectures, and the six 
cluster and six non-cluster architecture provided the best results. 
The Gaussian clusters used are non-isotropic, that is, the axes of 
each cluster are not of equal length. [1] justify this under the belief  
that “the actual face distribution can be locally more elongated 
along certain vector space directions than others”. This seems 
like a reasonable generalization, but it leaves us with the problem 
of choosing a suitable distance function. A natural choice for a 
model based on these non-isotropic clusters is the normalized 
Mahalanobis distance. In terms of preprocessing work, [1] perform 
the standard operations image resizing, illumination gradient 
correction and histogram equalization. Further, they mask (19x19) 
pixel images, removing some border and especially corner pixels 
from consideration. [2] perform identical preprocessing for their 
support vector machine detector. For the support vector machine 
detectors, the obvious desire is to have faces on one side of the 
selected hyperplane and non-faces on the other side. This is the 
ideal classifier for the model. In this work, however, the focus is 
to implement the classifiers. [7] use a classifier that, largely for 
the sake of computational efficiency, is based on an attentional 
cascade. The individual weak classifiers are based on a variant 
of the AdaBoost algorithm (as from algorithm 1 and 3 from table 
1), which converts weak classifiers into a strong classifier via 
boosting. To be detected, an image must be identified at each level 
of a series of basic classifiers, each more discriminating than the 
previous levels. The computational advantage is gained by the fact 
that the initial levels of the cascade can use very simple features 
for their classifiers, and therefore can reject the vast majority of 
locations in an image quickly.
 
Table 1: Adaboost and its variant with cascading

Algorithm 2: Cascading Detectors 
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:  -i←i+1 and-ni=0 and Fi=Fi-1
Step 8: while Fi>f×Fi-1 
Step 9: ni=ni+1  
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 d×Di-1
Step 12: -N←∅
Step 13: If Fi> Ftarget   
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V. Database Results
In the database, we can use any of the available databases like 
MIT+CMU, Feret, ORL, ATT and the like. We can check the 
performance of our classifier against any of the other by using 
the standard database present.

Fig.1: ROC for gentle and Adaboost

In this section, we showed that gentle boost algorithm is better 
than Adaboost as from fig. 1 and 2. The ROC curve showed the 
performance of two algorithms. We even showed the performance 
using multi exit boosting.

Fig.2 : ROC of gentle boosting with cascading
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