                Digital Image Processing

High Speed Image Recognition Based on Discrete Cosine Transform (DCT) and Fisher’s linear Discriminant (FLD)

Papers analyzed and forwarded by,

P.S.Surekha      and      P.R.Ravi Teja, 

Dept. of ECE,

Rajeev Gandhi Institute of Technology (RGIT), 

Nandyal-518501, A.P.

Abstract:

The problem of dimensionality has been a curse in the field of image processing and recognition. So there has been a continuous quest for a system which is data independent in other words dimension free. So in this paper an efficient method for high-speed face recognition based on the discrete cosine transform (DCT), the Fisher's linear discriminant (FLD) and radial basis function (RBF) neural networks is presented. The specialty of the proposed system is “Dimension independent”. This method when compared with PCA is Dynamic due to the presence of a feedback network in between the self learning neurons. This method can be used to recognize people and also to characterize their motion. More specifically, we first use an optical motion capture system and a treadmill to build a database of facial features and other motions for a few subjects. We then compare the features of these subjects and of other people by running our built system on low-resolution image data. The resulting weights can then be used to recognize the people in the database and also to characterize the motion of those who are not. Theoretical analysis proves that this method attains incredible robustness to the designed system making it perfect for practical applications.
Index terms:

Discrete Cosine Transform(DCT), Radial Basis Function(RBF) neural networks, Fisher’s Linear Discriminant(FLD) or Linear Discriminant Analysis(LDA),Principle Component Analysis(PCA).
Introduction: 

The similarities in human face and the unpredictable variations are the greatest obstacles in face recognition.

Two categories in face recognition  

1. Feature Based:-based on the shapes and geometrical relationships of individual face features.

2. Holistic: handles the input face images globally and extract important facial features based on the high dimensional intensity values of face images automatically.

                                                DCT is data independent and can be implemented using fast algorithm. It has been suggested that as the dimensionality increases, the sample size needs to increase exponentially in order to have an effective estimate of multivariate densities. Dimensionality reduction is a very important step which will greatly improve the performance of the face recognition system. 

In this field, Discrete Cosine Transform (DCT) and linear discrimination are two widely used techniques. Compared with the Eigen face (PCA) approach, the Fisherface (FLD) approach is more insensitive to large variations in lighting direction and facial expression. As a consequence it is impractical to apply the PCA in systems with a large database. Based on them, we present a new face recognition approach in this paper. First, the dimensionality of the original face image is reduced by using the DCT and the large area illumination variations are alleviated by discarding the first few low-frequency DCT coefficients. It uses a two-dimensional separability judgment to select the DCT frequency bands with favorable linear separability. Next, the truncated DCT coefficient vectors are clustered using the proposed clustering algorithm. Then from the selected bands, it extracts the linear discriminative features by an improved Fisherface method (FLD) and performs the classification by the nearest neighbor classifier. After implementing the FLD, the most discriminating and invariant facial features are maintained and the training samples are clustered well. As a consequence, further parameter estimation for the RBF neural networks is fulfilled easily which facilitates fast training in the RBF neural networks. The more theoretical aspects of RBF neural networks and DCT coefficients will be described in this paper later. 
Feature Extraction:

Radial Basis Function (RBF) neural networks:

              Radial Basis Function (RBF) neural networks are a form of local learning alternative to Multi-layer Perceptron (MLP) neural networks. Symbolic knowledge must be inserted into an RBF network, the advantage being to capitalize on those situations where no training data exists but an domain expert may be able to formulate IF..THEN rules. Superposition of radial basis functions centered at given prototype patterns constitutes one of the most suitable energy forms for gradient systems that perform nearest neighbor classification with real-valued static prototypes. The surface fitting process is solved separately for image warping in x and y. The radial basis functions may be constructed as a linear combination of the following equations for x and y (presented once for z, an arbitrary variable).
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Subject to the following constraints: 
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Where N is number of clusters and M is the number of terms in a bivariate polynomial as formulated above (referred to as the polynomial precision of the method).

System Design (Theoretical):

Application of Discrete Cosine Transform (DCT):

DCT is an algorithm that is widely used for data compression. Similar to Fast Fourier Transform, DCT converts data (pixels, waveforms, etc.) into sets of frequencies. The first frequencies in the set are the most meaningful; the latter, the least. To compress data, the least meaningful frequencies are stripped away based on allowable resolution loss. DCT is used to compress JPEG, MPEG, etc. It is well known that LSI operators may be implemented in the Fourier transform domain, leading to computational efficiencies. The energy compaction property of transforms such as the Discrete Fourier Transform (DFT) or Discrete Cosine Transform (DCT) plays an important role in many image/video compression techniques. Here we demonstrate image compression using the DCT transform.   We now retain cosine coefficients located in a low-frequency zone of each block. We then use the inverse DCT to calculate an approximation to the original image. The approximation is guaranteed to improve as the number of coefficients is increased. The Discrete Cosine Transformation is a variant of the Fourier-Transform (Fourier-Series). The basic idea behind these transformations is that any (periodic) function can be decomposed in sine and cosine functions with frequencies being multiples of the given periodicity. In the JPEG image compression standard, original images are initially partitioned into rectangular overlapping blocks and then DCT is performed independently on the sub-image block. The selected low frequency DCT coefficient vectors are fed into a multilayer perceptron classifier (MLP) 

                                   W*= (TR+),                    which is the matrix equation of the order M*N

W*-Optimal Weight Matrix, R-Radial Basis Function, R+ - pseudo inverse of R, 

T- Target matrix containing 0’s and 1’s with exactly one column that identifies the processing unit to which the given exemplar belong. 

 For an M*N image, we have an M*N DCT coefficient matrix converting all the special frequency components of the image. The DCT coefficients with large magnitude are mainly located in the upper left corner of the DCT matrix. Some variable features exist in the low dimensional features extracted by the DCT. Hence the FLD can also be employed in the DCT domain to extract the most discriminating features of face images. With the combination of DCT with FLD, more DCT coefficients can be kept and the most discriminating features can be extracted at high speed. If the same face with different pose is kept in the same class, they will actually smear the optimal projection such that we cannot get the most discriminating feature and good generalization.
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DCT:
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This transform is exactly equivalent (up to an overall scale factor of 2) to a DFT of 4n real inputs of even symmetry where the even-indexed elements are zero. That is, it is half of the DFT of the 4n inputs yk, where y2k = 0, y2k + 1 = xk for[image: image5.png]


, and y4n − k = yk for 0 < k < 2n.
Some authors further multiply the f0 term by 1/√2.This makes the DCT matrix orthogonal (up to a scale factor), but breaks the direct correspondence with a real-even DFT of half-shifted input. The DCT implies the boundary conditions: xk is even around k=-1/2 and even around k=n-1/2; fj is even around j=0 and odd around j=n.
Inverse of DCT:
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Some authors further multiply the x0 term by √2 . This makes the DCT-III matrix orthogonal (up to a scale factor), but breaks the direct correspondence with a real-even DFT of half-shifted output.
The DCT implies the boundary conditions: xk is even around k=0 and odd around k=n; fj is even around j=-1/2 and odd around j=n-1/2.
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Clustering phenomenon:

              Clustering implies the division of the image into a set of small close groups. The clustering process is implemented before the FLD is employed. The no. of clusters is just the no. of hidden neurons in the RBF neural networks. It is impossible for a purely unsupervised clustering algorithm to separate each class accurately. Hence in the proposed system, the classes are split in terms of their Euclidean distances. It is unreasonable to split the classes according to the degree of overlap because there are still great overlaps between classes after performing the DCT. The clustering factor α determines the extent of clustering as well as no. of RBF units. It is experimentally determined that α є (1, 2) is optimal for maximum optimization of FLD. Clustering must be done over the parameters like Distance and similarity measures, Divisive and Vector Quantization, etc. Finally the clustering the vector quantization is very important. It must also consider color as one of its input parameters. 
Fisher’s Linear Discriminant (FLD):

Also called as Linear Discriminant Analysis (LDA) this FLD is typically used as a feature extraction step before classification. Fisher's linear discriminant is a classification method that projects high-dimensional data onto a line and performs classification in this one-dimensional space. The FLD is a linear projection method and the results are globally optimal only for linearly separable data. The Fisher Linear Discriminant (FLD) gives a projection matrix W that reshapes the scatter of a data set to maximize class separability, defined as the ratio of the between-class scatter matrix to the within-class scatter matrix. The projection of high dimensional data maximizes the distance between the means of the two classes while minimizing the variance within each class. This defines the Fisher criterion, which is maximized over all linear projections, w: 
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Where m represents a mean, s2 represents a variance, and the subscripts denote the two classes. In signal theory, this criterion is also known as the signal-to-interference ratio. Maximizing this criterion yields a closed form solution that involves the inverse of a covariance-like matrix. This method has strong parallel to linear perceptions. We learn the threshold by optimizing a cost function on the training set.

This projection defines features that are optimally discriminating. The FLD is employed in the DCT domain to extract the most discriminating features of face images at high speed. The LDA approach assumes that the population of each group, corresponding to the different images of the same person, is normally distributed around its centroid in the discriminant space. It further assumes that all groups have the same covariance matrix. Independent experiments have indicated that the LDA approach reaches the best performance among the proposed linear methods for face recognition using eigenfaces.

Usage of Radial Basis Function (RBF) neural networks:

There are different topologies of neural networks that may be employed for time series modeling. In our investigation we used radial basis function networks which have shown considerably better scaling properties, when increasing the number of hidden units, than networks with sigmoid activation function. As proposed by Verleysen we initialize the network using a vector quantization procedure and then apply back propagation training to finally tune the network parameters. The tuning of the parameters yields an improvement factor of about ten in prediction error compared to the standard RBF network approach. Compared to earlier methods, the normalization of the hidden layer activations yields a small improvement in the stability of the models. 

The resulting network function for m-dimensional vector valued output is of the form 
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represents the standard deviation of the Gaussian, the input [image: image11.png]=



and the centers [image: image12.png]


are n-dimensional vectors and [image: image13.png]


and [image: image14.png]


are m-dimensional parameters of the network. Networks of the form eq. (
) with a finite number of hidden units are able to approximate arbitrary closely all continuous mappings. This universal approximation property is the foundation of using neural networks for time series modeling, where we denote them as neural models. In the context of the previous section the neural models are approximating the systems prediction function. 

To be able to represent instationary dynamics, we extend the network according to figure  to have an additional input, that enables the control of the actual mapping 
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Figure: Input/Output structure of the neural model (feedback path exists making it dynamic). 

This model is close to the Hidden Control Neural Network. From the universal approximation properties of the RBF-networks is made clear because the above eq
uation is able to approximate any sequence of functions. In the context of time series prediction the value i represents the actual sample time. The control sequence may be optimized during training. The optimization of k (i) requires prohibitively large computational power if the number of different control values, the domain of k is large. However, as long as the systems instationarity is described by a smooth function of time, we argue that it is possible to select k(i) to be a fixed linear function of i. With the pre-selected k (i) the training of the network adapts the parameters and [image: image19.png]V17



such that the model evolution closely follows the systems instationarity. This can be made possible by applying some of the complexity reduction methods. One of the methods of such character is the method of MDL (Minimum Description Length) where instead of training many networks and then selecting the best one we perform the selection during the training, achieving a computationally efficient procedure. In this method we generally start with an ``overly complex'' network and then gradually reducing it, arriving at a simpler one.
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Radial Basis Functions for Image Warping:

               Multi layered networks, usually employing the back proportion (BP) algorithms are widely used in face recognition. There has been a high demand for RBF networks because they are Universal approximators and can implement fast learning algorithms because of logically tuned neurons.

Based on the advantages of the RBF neural networks and the efficient feature extraction method, a high speed RBF neural network classifier whereby near optical parameters can be estimated according to the properties of the feature space instead of descent training algorithm. As a result, our system is able to achieve high training and recognition speed which facilitates real time applications of the proposed face recognition system.

The most general means of specifying image features relies upon the placement of primitives on the two matched images. These primitives may be points, lines or curves. The warp between the two images can then be defined by finding surfaces that interpolate the feature primitives. Curves and lines can both are point sampled, allowing us to define the surfaces which pass through the point sets using scattered-data interpolation techniques. Radial Basis Functions (RBFs) are one such means of producing a smooth interpolated surface from a set of scattered feature points. The RBF approach constructs the interpolant as a linear combination of basis functions. Defining a surface which interpolates a number of known points relies upon determining the coefficients. Input to the RBF network is the projections of a face image over the principal components. The Gaussian mixture model RBF achieves the best performance while 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.
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Figure 1. Warping a 2D mesh with RBFs: a)
original mesh; b) mesh after warping.




The RBFs are characterized by their localization and by activation hyper surface. We simplify the estimation of the RBF parameters according to the data properties instead of supervised learning. 

Two important parameters are associated with each RBF unit, the centre Ci and the width i. Each center of RBF unit represents a sub-class. Since the FLD keeps the most discriminating feature for each sample in each subclass it is reasonable to choose the mean value of training samples in every subclass as the RBF centre.
The width of Gaussian function must be selected such that it minimizes the overlaps between different classes so as to preserve local properties as well as maximize the generalization ability of the network. The distribution of training samples in FLD cannot well represent the new inputs particularly when the training data set is small. So we use the property that –“the distances from the centre of RBF units to the new input samples belonging to other classes are similar to the distances to the training samples in other classes”. The distances are used to estimate the width of RBF units since they generally imply the range of RBF units.

“The value of the function depends only upon the distance from its centre and thus is called radial”. “The weights of the basis functions are found by placing the Centers back into the image and solving the resulting set of linear equations”.

In a RBF network, a neuron of the hidden layer is activated whenever the input vector is close enough to centre vector. There are several techniques and heuristics for optimizing the basis function's parameters and determining the number of hidden neurons needed to best classification. This work discuss two training algorithms: forward selection (FS) and Gaussian mixture model (MM). 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 one neuron will be necessary.

The second training method regards the basis functions as the components of a mixture density model whose parameters centre and width are to be optimized by maximum likelihood. in this latter the member K of basis function 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 the RBF network, which is the output layer, comprises one neuron to each individual. Their output are linear functions of the outputs of the neurons in the hidden layer and is equivalent of an OR operator. 
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The final classification is given by the 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 to render, for example, very different angles of vision or different facial expressions. RBF properties made them attractive for interpolation and function modeling. As a direct consequence RBFs have been employed to model probability density functions.                

In this way we can model the entire image into the machine.
Results and discussions:     
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Figure 2 shows the average recognition rate for each classifier as a function of the number of eigenfaces. The curves representing the RBF Gaussian mixture model (MM) correspond to a network with K=60 hidden neurons, where the classifier has reached its best performance. For less than 20-30 eigenfaces, the both RBF classifiers have clearly the best recognition rate. It is fair to say on the basis of the results of figure 2, that the two RBFs reach the peak performance for a small number of eigenfaces than the distance classifiers. For more than 25 eigenfaces all four classifiers have near performances - between 96% and 99%, although the RBF Gaussian mixture model classifier shows the best results.

The research was focused on digital content feature extraction directly from compressed images in DCT domain to achieve significant computing efficiency as well as effectiveness benchmarked by the existing efforts in non-compressed pixel domain. DCT has a strong "energy compaction" property which makes most of the signal information tends to be concentrated in a few low-frequency components of the DCT. The Filling algorithm should be developed as a novel technique for the detection of objects in digital images in order to extract all the closed-shape objects in the image in real-time and provides efficient and robust performance under low levels of noise. The Filling algorithm minimizes the search region and enables the detection of regions of interest. It has been implemented for the detection of human faces in digital images. 
The final outlook of the designed system will be as follows 
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Where the local connections are mainly the sets of DCT and FLD algorithms,

Hidden layer mainly consists of MLPs which give input to RBF based neurons.

Finally the output of RBF tends to give the accurate information.
Conclusion:
This paper presents a high speed face recognition method based on the techniques of DCT, FLD and RBF neural networks. Facial features are first extracted by the DCT in order to reduce the 3D image into unidirectional image (in other words the image is sampled). To obtain most invariant and discriminating features of faces, the linear projection method FLD is applied. Before implementing FLD, a clustering algorithm is applied over the image. After FLD is applied, there are no overlaps between classes and the architecture and parameters of RBF neural networks are determined according to distribution of training samples. Compared with the well known PCA approach, the DCT has the advantage of data independency and fast computational speed. The proposed system is robust against uniform brightness variations of images. Experimental results have shown that the RBF approach has involved a higher computational cost than FLD method, and also sometimes has presented problems of convergence for high dimensional space. Therefore, it is fair to say that the experiments carried out in this work favor the FLD approach because of its simplicity and reliability. 
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