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1. Abstract:

In this paper we investigate alternate designs of a Radial Basis Function Network as  classifier in a face recognition system. Input to the  RBF  is  the projections of a face image over  the principal components. A database of 250 facial images of 25 persons is used for  training and evaluation. Two RBF designs are studied: the forward selection and the Gaussian mixture model. Both designs are also compared to the conventional Euclidean and Mahalanobis classifiers. A set of experiments  evaluates the recognition rate of each method as a function of the number of principle components used to characterize the image samples. The results of the experiments indicate that the Gaussian mixture model RBF  achieves the best performance by allowing less neurons in the hidden layer. The Gaussian mixture model approach shows also to be less sensitive to the choice of the training set. 
2. Introduction:

Most node functions considered in the literature are monotonically non-increasing functions of their net inputs. This is not the best choice for some problems encountered in practice, where all samples of one class are clustered together.

        Although it is possible to solve this problem using   a one hidden layer feed forward network with sigmoid functions, the nature of the problem calls for a different simpler solution. With a traditional feed forward network using sigmoid functions, four or five hidden nodes may be required for a simple problem.

                  On the other hand, only one node would be sufficient to discriminate between the two classes if we could use a node function that approximates the circle. This is one motivation for a different class of node functions especially for higher dimensional problems.
A function is radically symmetric (or is an RBF) if its output depends on the distance of the input sample (vector) from another stored vector. Neural networks whose node functions are radically symmetric functions are referred to as RBF nets.  Each commonly used RBF ρ is a non-increasing function of a distance measure u which  is its only  argument; with ρ(u1)>= ρ(u2) whenever u1<u2.

Function ρ is applied to the Euclidean distance u=||µ-i||,between the center or stored vector µ and the input vector i. Vector norms other than the Euclidean distance may also be used for e.g  the generalized distance norm (µi-xj)’A’ A(µi-xj) for some square matrix A suggested by Tomoso Poggio and F.Girosi (1990). Generalized distance norms are useful because all coordinates of a vector input may not be equally important. But the main difficulty with this measure is in determining an appropriate ‘A’ matrix. In RBF networks the Gaussian described by the equation 

Pg(u) α e-(u/c)2
Is the most widely used radially symmetric function.The simple model for the face recognition system is given here.
RBF nets are generally called upon for use in function approximation problems, particularly for interpolation.

3. Previous work on face recognition:

     Earlier face recognition systems were based mainly on geometric facial features and template matching. In those works a face was characterized by a set of features such as mouth position, chin shape, nose width and length which are potentially insensitive to illumination conditions. Brunelli et al. (1993) compared this approach with a traditional template matching scheme which produced higher recognition rates for the same face database (90% against 100%) Cox,Ghosn and Yianilos (1996) [11] proposed a mixture distance technique which achieved the best reported recognition rate among the geometric feature approaches using the same database. Those results were obtained in n experiment where features were extracted manually.
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         Turk and Pentland use the projections of the face images onto the principal components of the training images as the face features. It achieves recognition rates around 96%, 85% and 64% res. For lighting, orientation and scale variation. Recognition rate around 95% are reported by Pentland for a database consisting of 3000 accurate registered and aligned faces.
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Available results on neural network based approaches come from experiments with few individuals, what makes it difficult to compare with other reported approaches. All those works rely on a preprocessing to detect a face in a scene and to compensate for variation of lighting,position,rotation and scale.

The work reported here studies a face recognition system consisiting of  a standard PCA used for dimensionality reduction, followed by RBF network acting as a classifier. As in the most approaches mentioned before, the database used for the evaluation contains face images with moderate lighting, rotation, scale and viewing variation .A previous work has indicated that a RBF network performs better than conventional distance classifiers The present work focus on the study of alternative network optimization to maximize the recognition rate.

                The RBF network for face recognition has already been studied by Howell and Buxton.instead of using principal components,they use either r the image itself or the output of a difference of Gaussian filter and the output of a gabor filter as the input to the RBF network.Vallentin,Abdi and Edelman used PCA followed by a RBF Network to model  how faces are stored in human memory.their work neither compares the performance of RBF network with any other classifier nor analyses alternative network designs.

The main contribution of this work is a better understanding of how parameters of the RBF network can be optimized to maximize its performance for the face recognition task.

4. Classification schemes:

 A classifier is essentially a mapping of the input space onto a set of classes.the literature on pattern recognition presents a huge number of schemes to construct this  mapping from data.

       In the present work, two basic schemes were tested: RBF networks and minimum distance to centroids classifiers with two different distance measures-Euclidean  and Mahalanobis.

5. The RBF Network classifier:

The RBF Network is an one hidden layer neural network with several forms of radial basis activation functions. The most common one is the Gaussian function defined by,

Where σ is the width parameter, μ   is the vector determining the center of basis function f and x is the dimensional input vector
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In a RBF Network, a neuron of the hidden layer is activated whenever the input vector is close enough to its heuristics for optimizing the basis functions parameters and determining the number of hidden neurons needed to best classification. This work discusses two training algorithms: forward selection and Gaussian mixture model. The first one allocates one neuron to each group of faces of each individual and if different faces of the same individual are not close to each other, more than 1 neuron will be necessary .the second traininig method regards the basis functions as the components of a mixture density model, whose parameters             are to be  optimized by maximum likelihood.in this latter, the number k of B F  is treated as an input to the model and is typically much less than the total number of input data points{x}

The second layer of RBF network which is the output layer comprises one neuron to each individual. their output is linear function of the outputs of the neurons in the hidden layer and is equivalent of a OR operator. The final classification is given by output neuron with the greatest output.

                      With RBF networks, the regions of the input space associated to each individual can present an arbitrary form  .also, disjoint regions can be associated to the same individual render, for example, very different angles of vision or different facial expressions.

5.1 RBF Networks:

RBF Networks perform similar function mapping with the multi-layer network, however its structure and function are much different.A RBF is a local network trained in a supervised manner. this contrast with a MLNN is a global network .the distinction between local and global is made through the extent of input surface covered by the function approximation. RBF performs a local mapping meaning only inputs near a receptive field produce an activation.
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Note that some of the symbols used in this section may not be identical to those used in above sections .A typical RBF network is shown here.

The input layer of this network is a  set of n units, which accept the elements of an n-dimensional input feature vector .n  elements of this input vector xn is input to the l hidden function, the output of the hidden function, which is multiplied by the weighting Wij, is input to the output layer of the network  yj(x)

For each RBF unit k, k=1,2,3,….l, the center is selected as the mean value of the sample patterns belong to class k ,i.e.
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Where         is the eigenvector of the ith image in the class k, and N is the total number of trained images in class k, the Euclidean distance dk from mean value µk to the farthest sample xk belong to class k:

Dk=||xk-µk||,    k=1,2,…..m

Only the neurons in the bounded distance of dk in RBF are activated and from them the optimized output is found.

Since the RBF Neural network is a class of neural networks,the activation function of the hidden units is determined by the distance between the input vector and a prototype vector.Typically the activation function of the RBF units is chosen as a Gaussian function with mean vector  µi  and variance vector σi  is given.
where ||.|| indicates the Euclidean norm on the input space. Note that x is an n-dimensional input feature vector µi is an n-dimensional vector called   the center of the RBF unit σi is the width of the ith RBF unit and l is the number of RBF units.the response of the jth output unit for input x is given as:

where wij is the connection weight of the ith RBF unit to the jth output node.

The learning algorithm using the gradient-descent method is as follows:

1.initialize wij with small random values and define the RBF hj, using the mean µj and standard derivation σj.

2 .obtain the output vectors h and y.

3. calculate ∆wij =α (ti-yi)hj

Where α is a constant, ti is the target output,oi is the actual output.

4. update the weights wij(k+1)=wij(k)+∆wij.

5. calculate the mean square error 

6 .repeat steps 2 to 5 until E<=Emin

7. repeat steps 2 to 6 for all training samples.
6. Experiment design:

The experiments to evaluate the methods make use of the ORL face database1. It contains a set of face images taken between April 1992 and April 1994 at the Olivetti Research Laboratory in Cambridge, 


U.K, with ten images for each of 40 individuals, a total of 400 images. In some  cases the images were taken at distinct times, with varying lighting, facial expressions (open / closed eyes, smiling /not smiling) and facial details (glasses / no glasses). All images were taken against a dark homogeneous background with the person in a upright frontal position, with tolerance for some tilting and rotation of up to about 20 degrees. Scale varies about 10%. The original size of each image is 92x112 pixels, with 256 gray levels per pixel. For implementation convenience all images were first resized to 64x64 pixels. Due to limitation of the available computational capacity the experiments took a subset containing 250 images - ten images for each of 25 individuals.
Before being used in the experiments all the images were represented as a vector, which is obtained by simply concatenating 

the rows of the image matrix. Figure 1 illustrates the experiments carried out in this work. Each experiment consists of three steps: generation of the eigen faces, training the classifier and testing the classifier. In the first step the eigen faces are generated. A training set is selected, by choosing randomly 7 images for each individual. The remaining 3 images are used later to test the method (step 3).Then, the average image of all training faces is calculated and subtracted from each face. Afterwards, the training matrix composed of the zero mean image vectors is used as input to compute the PCA, and a set of M different eigen faces is generated.

          In a second step the classifiers are trained. For each individual the average point of the 7 training images - the

centroids - are calculated and later used by the Euclidean and Mahalanobis classifiers in the final classification step.

To train the RBF classifier, the two basis function  optimizations are considered. In the first one - forward

 selection (FS) - the 7 training images per individual chosen in the first step are grouped into two subsets: 5

images to train the network and 2 images for the validation. This approach is called the “hold out method”

[7]. After being projected onto the face space, the training and validation face images are used to train the RBF

network. The centers of the radial basis functions are constraint to be given by the input data vectors and each

radial basis function has a common variance, equals to 1. The training process creates interatively a RBF network

one hidden neuron at a time. These neurons are added to the network until the sum-squared error corresponding to

the validation set reaches the minimum. In the other RBF design - Gaussian mixture model (MM) - the 7 training

images per individual chosen and projected onto the face space are used to form a representation of the probability

density of the input data. The number K of basis functions are used as another parameter to the model and then the

unsupervised procedure for optimization the Gaussian parameters depends only on the input data set. The basis

function centers are determined by fitting the mixture model with circular covariances using the EM

(expectation-maximization) algorithm and then their respective widths are set to the maximum inter-center

square distance. The hidden to output weights that give rise to the least squares solution are determined using the

pseudo-inverse [7]. Both RBF networks are trained to produce a 1 in the output unit corresponding to the face

presented at the input layer and a 0 in every other unit. In the third step, the performance of the classifiers is

evaluated. Each test image is projected onto the eigenfaces obtained in the first step and input to each

classifier (figure 1). The true/false recognitions are then stored for the computation of the recognition rate.

This three-steps procedure was repeated 25 times using different training and testing sets. The number of

principal components used to represent the images (M) were varied and took eleven different values: 10, 15, 20,

25, 30, 40, 50, 60, 70, 80, and 90 - a total of 11x25 = 275 runs were executed. Another parameter varied in the

experiments was the number of hidden neurons K used as input to the RBF Gaussian mixture model. For each

number of eigenfaces this parameter has taken seven different values 25, 30, 40, 50, 60, 70, 80.

7. Conclusions

The performance of a face recognition method using PCA for dimensionality reduction and RBF networks are evaluated. Experiments using a database with 250 face

images were carried out to compare the performance of

the RBF classifiers with the performance of an Euclidean

and a Mahalanobis classifiers.

The results indicated that both RBF classifiers reach its

peak performance - around 98% of recognition rate - for a

lower number of eigenfaces. The RBF classifiers

presented also a better performance regarding the

sensitiveness to the choice of the training and testing sets.

Comparing the two RBF designs, the RBF gaussian

mixture model over performed the RBF forward selection

in all the result analyses taken. An important aspect also

revealed by the experiments was the number of hidden

neurons used in both designs. The RBF gaussian mixture

model presented the best results with much less neurons.

Future work will evaluate the robustness of the

PCA+RBF method separately against variations of

lighting, view, scale, rotation and facial expression, and

further test the method on larger face databases. This will

give a more definitive conclusion about the performance

of the classifier and its sensitiveness to the choice of the training and testing sets.​​​​​​​​​​
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EXPERIMENT DESIGN CARRIED OUT  IN  THE  WORK
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Fig. RBF Network Structure 
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