SYSTEM LEVEL DESIGN OF A PATTERN RECOGNITION SYSTEM BASED ON THE

GABOR WAVELETS

Mourad Aberbour, Habib M ehrez, François Durbin*, Thierry Garié*, André Tissot*

Laboratoire LIP 6/ASIM UPMC P aris VI, 4 Place Jussieu, 75252 P aris Cedex 05

*CEA-DAM, SEIM, Centre d´Etudes de Bruyères-le-Chatel, BP 12, 91680 Bruyères-le-Chatel

e-mail : mourad.aberbour@lip6.fr

ABSTRACT

In this paper we will address the system level design of pattern

recognition architectures. The systemtargeted uses Gabor

wavelets for the multi-frequencyand multi-scale analysis o f

grayscale images. The macro-blocks or macro-functions

architectures are developed in sight of the integration of a

system-on-a-chip.

We have faced two basic design problems. First, to which extent

the algorithms can be simplified to fit a hardware

implementation? Second, how the functionalitywill be

partitioned to fit an optimal hardware/software system?

To carryout these operations we have relied on a design

methodologytaking into account the realization constraints

earlyin the design stages. And we used a fast cycle precise

simulator to attempt and evaluate man yhardware/software

alternatives.

1.

I NTRODUCTION

The aimof this work is to studyand design an embedded recognition system. The application targeted is face recognition in the beginning. The algorithms with slight variations have been used for other applications like texture classification. We have started fro ma specification of a pattern recognition system relying on the use of the Gabor filtering and the extraction of the pertinent information using saliencymeasures. A simple perceptron was used for learning and classification. To enhance the performances of the systemwe use a Radial Basis Functions

(RBF) neural network.

Artificial vision systems must take into account several types of irregularities and deformations that mayaffect the object to be analyzed. These variations are orientation, scale, translation, perspective, lighting and occlusion. It is clear that a biological systemis invariant to these factors.

In 1946, Gabor presented a new way to analyze temporal nonperiodic signals [1]. His idea is based on the representation of the signal characteristics in a time-frequencyspace. He then introduced the functions known now after his name, the Gabor functions. In the 80s, the ideas of Gabor have been exploited by

Morlet and Daugman and applied to two dimensional signals[2].

Some studies on the mammal vision process showed that such a systembehaved like a two dimensional filter with an impulse response close to the Gabor functions. The paper of Jones, Larry and P almer[3] presents in much detail the results which generalize this approach and discuss its limits. In this paper we will first present some of the theorybehind the Gabor wavelets and then layout the algorithms used. After that we will focus on the design of the system. We discuss the algorithm/architecture adequation and system-level design issues.

2. T HE G ABOR F ILTERING

In our systemthe information extraction relies on the Gabor filtering. The corresponding filters are constructed from dilatations and rotations of a Gabor type mother wavelet.

Let´s remind the definition of the impulse response of a Gabor filter

( )

( ) ( )

s s = ·

- +

+ +

2 2

2

2 2

2 where s = spatial resolution of the filter and k = spatial frequency.

The Gabor functions as defined originallykeep a constant spatial extent (for a certain Gaussian envelope) and the number of waves under this envelope varies. It is nevertheless interesting to define time-scale wavelets derived fro ma mother wavelet b ydilatation and translation. Transposing these properties on the Gabor wavelets implies a constant ratio between the wavelength and the spatial extent of the modulating window, the Gaussian. For this reason Morlet has defined the k and

s as well the scaling factor N and upgraded the Gabor mono-dimensional functions to the two-dimensional wavelets.

We then obtain the Gabor-Morlet wavelets satisfying the timescale conditions. These are defined bythe following equation:

) , , , , (

1

,

y x k

Morlet

k k y x G

N

G s s

· =

For the extraction of the information in our images we use the

Gabor filtering. We distinguish this fromthe decomposition of the signal under studyinto a basis of Gabor functions which we would call the Gabor expansion. The filtering must permit the extraction of the object´s characteristics.

I M A G E

M a s k

G A B O R 2

I M A G E

2

M a s k

G A B O R m

I M A G E m

M a s k

G A B O R 1

I M A G E

1 m G a b o r i m a g e s I

G

( x , y )

( c o m p l e x e s a c t i v i t i e s ) A p

Figure 1. Computation of the Gabor Activities

The image is filtered with a bank of filters at different spatial frequencies (k) and at specific directions (

q

). The result of this filtering at a point is called a Gabor activity .

Fromeach point on the original image we extract a corresponding activity. These activities will build up a representative vector of the point and its immediate neighborhood. It is necessaryto preciselychoose the filters characteristics (spatial frequencyand orientation). Getting the m

Gabor images, is equivalent to getting a vector of m components for each pixel of the initial MxN image. Thus we must store MxN vectors, each of which is of mco mponents ( fig. 1). These MxN vectors are too man yto be easily exploitable. This is whyit is necessary, at this stage of analysis, to extract those that best characterize the initial image.

3. I

MAGE C HARACTERISTIC A CTIVITIES E XTRACTION

M ETHODS

There exist in the literature several methods for the extraction of pertinent information in an image [4,6]. We will present here the chosen method that is the Clark & al method [4]. It is based on the saliencynotion. It has been chosen for its adequacyfor a hardware implementation (this constitutes the first algorithmic choice guided bythe architecture) in regard of the data precision and relative regularityof the data processing in general.

The saliencyis defined to be a measure of the specificityo f the information in a vector of Gabor activities.

We define the normalized and the non-normalized saliencies of two vectors V V i j

, bythese two formulae:

( ) j i

j i j i V V

V V

V V S

·

= , for the normalized saliencycorresponding to the cosine of the angle between the two vectors. And

( )

S V V V V u i j i j

, = · for the non-normalized saliency.

The saliencyof a vector (normalized or not) is defined as:

( ) ( ) S V S V V i i j

V 3 x 3 j

=

Î

å

, for a certain neighborhood.

This quantityis defined for all the vectors at all points of the image. The vectors are then ranked in the descending order according to their non-normalized saliencies. This list must be shortened considerably. Eliminating the vectors of saliencies smaller than a certain threshold will eliminate all the points corresponding to the background of the image which contains no significant information relative to the object of interest.

However the pixels close to the object require further processing. The spatial extent of the Gabor filters is inversely proportional to the spatial frequency. Thus, for the low frequencies, we filter the images with bigger masks that generate Gabor activities of big values. And the corresponding jets cannot be removed bythe previous processing.

We define a ratio R between the first m1 components of a characteristic vector corresponding to the higher spatial frequencies (low extent), and the m1 components corresponding to the low spatial frequencies (R Criterium). If this ratio is inferior to a certain threshold then we can suppose that the big value of the saliencyof that vector is due to the spatial extent of the filters rather than that the vector belongs to the object of interest in the image. So we do not keep this vector. In the opposite case, the pixel under studybelongs to the object and we keep the associated value. The choice of the threshold defines the number of eliminated vectors, and their proximityto the object.

The above selection is still insufficient and must be enhanced.

We now seek to keep a vector and onlyone in a certain neighborhood (3x3 for example), we call this paving. The vector of largest saliencywill be kept. We applythis method to all vectors remaining after the R ratio criteria. Once this operation finished we are left with onlythe pixels belonging to the object under analysis. We must then determine among the remaining vectors the ones that are most significant.

M x N V e c t o r s N S G v e c t o r s s i g n a t u r e o f i m a g e

V G

1 2

V G 3 V G m m

m

3 m

m

2 m

S i g n a t u r e S

G

o f i m a g e

C L A S S I F I E R :

N E U R O N A L N E T W O R K

V G

1

2 V G

3 V G

S e l e c t i o n

G a b o r B l o c k

Figure 2. Clark &al. Saliency Algorithm

First we formclusters of vectors according to their normalized saliencies which evaluates the parallelismof the vectors.

Second we keep for each cluster the vector having the largest non-normalized saliency. This last set when concatenated will build up the signature of the image, figure 2.

4. A

LGORITHM /A RCHITECTURE A DEQUATION

Froma theoretical specification of the algorithmwe have studied its hardware implementation. The challenge was then to transformor readapt the algorithmto make it adequate for an optimal hardware structure without affecting its performance and capacityto resolve the problem.

The recognition systemhas been modeled completelyat two different abstraction levels, a functional and an architectural level. Functional simulators have been realized. These are divided into two categories. Those implementing the application as is without anymodification, and those which take into account the enhancements or compromises guided bythe architecture. The functional simulators are written in standard C and use the standard data types ( int, float, double, �). The reference model is then the first simulator which simulates the complete systemaccording to the original specification of the algorithms and complying to the mathematical rigor.

The architecture simulators model the hardware structure. They are inspired fromthe architecture. Their performance is compared to the functional simulators. Functions controlling the data widths and well tailored types are introduced.

With this set of simulators we achieve a co mplete parametrization of the systemensuring the best algorithm/architecture compro mise. The choice of the different parameters is defined bythe sought performances of the system.

A set of tests is carried out to ensure the consistencyof the architectural and functional models. We distinguish two categories of parameters to monitor: execution parameters and data dynamics parameters. These are discussed in the next sections.

4.1 Ex ecution Parameters Control

The first execution parameter consists of the number of filters used in the analysis of the images. This defines the number of orientations. The number of angles to span depends on the objects targeted bythe application.

For verytextured objects we will need a verytinyanalysis at the orientations levels. For objects with coarse textures and very regular details, a limited number of orientations would be sufficient. For face recognition we would at least use six orientations and 4 resolutions. A research group at the universityof California use 40 filters with 8 orientations and 5 resolutions[5]. The Gabor filters are co mplex. For a mathematical rigor we should use the real and imaginaryparts in the analysis. But ignoring the phase would simplifyand alleviate the computation load of the system.

In the paper of Clark et al. the complex filtering is co mputed by this formula:

( ) ( ) ( ) s s s , , , Im , , , , , , kji i k j i Re k j i FG × + = and each jet is build up using the magnitude of this complex quantity:

( ) F G i j k

, , , R e I m s = +2 2

.

In a first time, and to simplifyan architecture intrinsically complex, we have adopted the following approximation:

( )

F G i j k i j k , , , R e ( , , , ) s s @ justified bythe first tests concerning face recognition. This is also discussed in [5].

The number of vectors eliminated at each phase of processing depends on certain values fixed after extensive tests on a certain image reference library. Finallythe number of vectors which will constitute the signature must be fixed carefullyto ensure best performances of the system. All these parameters are fixed after extensive simulations with a certain images database.

The final algorithmfor the extraction of the final signature is an optimization problem. The co mputations necessaryto carryout this operation are veryco mplex. Their implementation would penalize all the previous optimization efforts. It has been necessaryto simplifythis algorithm. We finallyuse the selection of the final vectors according to their non-normalized saliency. Taking into account that the paving and R criterium algorithms ensure us a disparityof the subsisting vectors.

4.2 Control of the Data Dynamics

The data dynamics processed b ythe systeminfluence directly the complexityof the architecture. To ensure an optimal architecture keeping reasonable performances, it is necessary to judiciouslyfix the precision of the data processed. Since the images are coded on 8 bits and the filters on 13 bits, and knowing that we can have 32x32 filters, the a priori precision of the convolution results would be 32 bits. But after studying the

Gabor filters we could show that the results would not exceed

22 bits in precision. Moreover these results on 22 bits can be further normalized on 16 bits. Using the architectural simulators we could show that this optimization is possible. This reduction allows a considerable gain in the architectures for the selection of the pertinent vectors and in the architecture of the neural network.

Manyenhancements and optimizations have been possible by the extensive use of both the functional and architectural simulators. The reference performance was the one achieved by the functional and fullytheorycomplying simulators.

5. T HE H ARDWARE /S OFTWARE C ODESIGN

We are faced in this project with the problemof the design of a veryco mplex system-on-a-chip. Fromthe specific kno wledge we acquire on the targeted application we can design a system to realize it and that is optimized in performance and more efficient than a general purpose system.

The implementation of a specific application begins with a specification phase. The designer establishes the computing structures and the coarse modules which permit a clearer and simplified view of the application. These modules are usually operative blocks (data-paths) realizing a certain function. The complete systemwill be the association of these different functions, also called CoProcessors, with communications among them. Today´s systems are a co mbination of hardware and software co mponents. Everynowadays designer is faced with such issues as how to partition the application into hardware and software. How to integrate the macro-blocks

(known also as IP blocks) and how to interface themtogether to

achieve the highest performance system. All these issues consist the operations of systemlevel design.

The partitioning has been a trial and test procedure. No automatic partitioning tools exists nowadays. Recently

P rofessor Hugo De Man stated ^Being an academic, I know there is a lot of work being done on automatic partitioning, but I don´t believe in it~.

6. G

LOBAL P ROTOTYPE OF T HE S YSTEM

For the design of our systemwe have relied on the results of

COSY, a European ESP RIT project. COSY aims to provide a design methodologyand platformfor the simulation, synthesis, and performance evaluation of RISC/DSP embedded systems that merge control and signal-processing functions into a single chip. A tool for cycle precise simulation of a systembased around the P I-bus and a set of generic interfaces have been developed [9,10]. A prototype systemis shown in figure 3.

Master

Processor

Master/Slave

Coprocessor

Master

Coprocessor

Slave

Coprocessor

Slave

Memory

Bus

Controller

Unit

Slave

Interrupt controller

Figure 3. Typical PI-bus system

The P I-bus is a multi-master on-chip bus. This standard is developed jointlyb yman yEuropean leader companies. It furnishes a standardized communication interface for communication between the macro-blocks [9]. We test the systemusing the same benches of the functional validation phase .

The computation load of our systemis of the order of 50 GOP S.

The data communications in such a systemare not negligible.

We use FIFOs to bufferize and get the data on-chip to minimize the data communications and the verypenalizing memory accesses. In the near future the memoryaccesses will be a big problem. This is due to the fact that the access time to memory is lagging more and more the computation speeds of the operative parts of a system.

One of the complex problems with the design of vision systems is the variation of the data structures processed over the system.

In our application for example we start bya two-dimensional data structure, the images. And then we build a 3D structure, the

Gabor block. Then the systemwill start processing vectorial structures. Finallythe neural network must process a set of vectors with a certain representation of its internal data.

Once an optimumhard ware/so ftware architecture is obtained it must be validated before going to the physical realization. The first validation consists of writing a model of the architecture.

The model is written in a high level language that implements the architectural aspects using procedural operators and which describes the cycle-precise behavior of the system.

The architecture is data-flow oriented. Thus the synchroniza tion of the parallel processing is implicit. The communications be tween the different functions are simplified.

The recognition method under studynecessitates the convolution of an input image with a certain number of Gabor filters. A VLSI ASIC convolver has been designed and fabricated for our application [11]. This convolver is also available as a macro-block for instanciation as a module in a larger system, and was fullydesigned under the GenOptim environment [12], which allows the design of portable macroblocks generators. The architecture of the convolver used some flexible and performant concepts: use of systolic arrays, vectorization of data, cascadabilityand finally reconfigurability.

The convolved images must be memorized for subsequent processing. The whole systemis presented in figure 4. Beyond the studyand realization of the different coprocessors, a hard

challenge imposed to us was the definition of all the communications. In fact in this system most of the processing is carried out bydifferent components each having a veryprecise functionality.

Figure 4. Global System Architecture

All the communications is achieved through FIFO interfaces.

Each coprocessor has an interface to the bus. A Master interface for the MIP S, a slave interface for the memoryand Neural

Network, and a Master/Slave interface for the convolution, saliency, paving,�The MIP S has been kept to carryout a minimal amount of computations. It is used as a manager o f the whole system. It issues orders to the coprocessor and processes the different exceptions and interruptions. Manysoftware routines are executed bythis processor, for example the learning algorithmof the neural network. Since the saliencyand the R criteriumcoprocessors use the same data, and theymust write the same data relative to the same pixel at the output, theyhave been tied together in the same component. Instead of writing the result of the R criteriumin memory, it is used directlyto invalidate the pixel with disregard of its saliency. The paving and reduction coprocessors output a reduced number of vector positions to be fetched fro mthe Gabor memoryand fed to the neural network for learning or classification.

7. C

ONCLUSION

We have addressed in this paper the problemof designing a complex system-on-a-chip for pattern recognition. The system uses the Gabor filtering for analysis and saliencymeasures for signature extraction. We use in this systeman RBF neural network for learning and classification. We have tailored the algorithmto fit a realistic and perfomant implementation. The paper has been focused on the algorithm/architecture adequation and hardware/so ftware codesign issues. The extensive use of functional and architectural simulators has shown to be of great value.

The system, with the convolution macro-blocks designed for the

Gabor filtering and the RBF neural network, can serve, due to its programmabilityto implement a varietyof other types o f recognition systems based on the Gabor analysis and neural networks.

8. R

EFERENCES

[ 1 ] Gabor, D., Theory of Communication , Journal of the IEE 93,

P art III, no. 26, pp. 429-457.

[ 2 ] Daugman J.G., Complete Discrete 2-D Gabor Transforms by Neural Networks for Image Analysis and Compression , IEEE

ASSP , vol. 10, No. 2, 1988, pp 1169-1179.

[3] Jones, Larry, P almer, An Evaluation of the Two Dimensional

Gabor Filter Model of Simple Receptive Fields in Cat Striate

Cortex , Jour. Neurophysiology, vol. 58, No. 6, 1987.

[4] Clark, G., & al, Gabor Transforms and Neural Networks for

Automatic Target Recognition , Workshop on Neural Networks,

1991.

[5] Von Der Malsburg et al., Distorision Invariant Object

Recognition in the Dynamic Link Architecture, IEEE

Transactions on Computers, vol. 42, No. 3, March 1993.

[ 6 ] Flaton, K. A., & al, An Approach to Image Recognition

Using Sparse Filter Graphs , IJCNN 1, pp 1313-1320, 1989.

[ 7 ] Child, J., Image Processing Architectures Take New Twists ,

Computer Design Magazine, March 1997.

[ 8 ] Ruetz, A., & al, Architectures and Design Techniques for

Real time Image Processing IC´s , IEEE Journal of Solid State

Circuits, vol sc-22, No.2, 1987.

[9] P étrot, F., Hommais D., Greiner A., Cycle P recise Core

Based Hardware/Software S ystemSimulation with P redictable

Event P ropagation, Proceedings of the 23rdEuromicro

Conference

[10] Open Microprocessor Systems Initiative, Draft Standard,

OMI 324: PI-Bus, Rev. 0.3d

[ 11 ] Aberbour, M., Houelle A., Mehrez, H., Vaucher, N., A

Real-Time Image Convolver, International Conference on Signal

P rocessing Applications and Technology, Boston, Oct. 1996.

[12 ] Houelle, A., GenOptim: un environnement d´aide à la conception de générateurs de circuits portables optimisés en performance et en surface , Ph.D. Thesis P aris VI, 1997.

max

12 FIFOS

Convolution

24 convolvers

Crit R

Saliency

Paving Reduce

FIFO 32 b

FIFO 16 b

FIFO 16 b

FIFO

8 b

FIFO 16 b

FIFO 16 b

FIFO 16 b

24 FIFOS

24 FIFOS

M/S M

Mips

R AM

.reset

R AM

. instr

R AM

.data

R AM

. excep Ra mGabor

256 x 256 x 24 x 16b

R AM S ALIENCY +

C RIT R

256 x 256 x (32b)

S

FIFO 16 b

32b

M/S

32b

M/S

S

Bcu

M/S

16

N EURAL

N ETWORK

S

Image

I NTERUPT

C ONTROL

int interrupt