Algorithms and VLSI Architectures for Pattern

Recognition Basedon the Gabor Wavelets

Mourad Aberbour, Habib Mehrez, 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

ABSTRACT -

In this paper, we present some pattern recognition algorithms based on the Gabor

filtering. We then select an algorithm showing best performance and readiness for a hardware

implementation. We focus this paper on the problem of algorithm/architecture adequation. We present

a design methodology considering algorithm study and refining, hardware resources, data widths and

final cost of the system implementing the considered algorithm. The whole system is simulated using a

hardware/software cosimulation tool and will be implemented following a macro-block generator

design strategy. This is of great importance as to the emergence of the new techniques of IP block

design. The design will thus be portable, upgradable and parametrizable.

1. Introduction

It is difficult to extract fro man algorithm the topological

regularity and the parallelism inherent to it for a specific

hard ware imp lementation without refor mulating or maybe

modifying the algorithm. T his fact is evident in the

applications of artificial visio n. In such applications the

comp utatio n process goes usuallyfro ma 2-D data

structure to end up with a list of attributes used for the

recognitio n. Fro ma theoretical specificatio n of the

algorithm we have studied its hard ware implementation.

T he challenge was then to transfor mor readapt the

algorithm to make it adequate for an optimal hard ware

structure without affecting its perfor mance and capacity

to resolve the problem. T his process makes b yitself a

whole discipline called Algorithm-Architecture

Adequatio n.

Artificial vision systems must take into account several

types of irregularities and defor mations that mayaffect

the object to be analyzed. T hese variations are orientation,

scale, translation, perspective, lighting and occlusio n.

In our system the infor matio n extractio n relies on the

Gabor filtering [1]. T he corresponding filter s are

constructed fro mdilatatio ns and rotations of a Gabor type

mo ther wavelet.

Let´s remind the definitio n of the imp ulse response of a

Gabor filter

( )

( ) ( )

G x y k k e e x y

k k x y j k x k y

x y x y ( , , , , )

An acquisition module

- Memor yto store Gabor filtered images

- A processor, a MIPS R3000 RISC

- Coprocessors for the convolutio n, saliencyand neural network

T he complete system is depicted in the next figure.

Figure 5. The complete system architecture

T he communicatio n between the co mponents in parallel permits us the realization of a macro-pipeline. I n fact, the

A CQUISITION M EMORY

S ALIENCY

C ONVOLUTION

M IPS

I NTERFACE

N EURAL N ETWORK convolver can get its data on the fly fro mthe external interface through a traffic generator feeding the inp ut

FIFOs. T hen the saliency, R criteria macro-blocks get their data through the outp ut FIFOs of the convolvers.

T he final signature extraction needs the maximu m

saliency value. T his breaks the pipeline. We implemented a 3 stage macro-pipeline depicted in the figure belo w (fig.

6).

Figure 6 : Macro-pipeline of the Complete Architecture

T he recognition method under stud y necessitates 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 [8]. T his convolver is also available as a macro-block for instantiatio n as a mod ule in a larger system, it was fullydesigned under the

GenOptim environment. T he Gabor filters can be as large as 31x31 values. T he architecture of the convolver used so me flexible and perfor mant concepts: use of systolic arrays, vectorization o f data, cascadabilityand finally reconfigurability. T he convolved images must be memorized for subsequent processing.

It is not possible in this paper to discuss the architecture of all the modules. I n the next section we take as an

example the saliency module and present its implementation.

3.4 Hardware Implementation of the Saliency

Factorizing the saliency co mputatio n for mula of a vector.

( )

S V V V V V i i j i j

= · = · å å the co mputations can be simplified, the multiplication will onlybe executed after the accumulation of the components of the vectors. So we get the systolic architecture depicted in figure 7.

In this figure two saliencyblocks are sho wn. Each block comp utes the saliency on a single plane. We need 24 such blocks for the co mplete system.

Figure 7. Architecture of the Saliency Coprocessor

Maximum

A DD 8

M ULT

A DD 8

M ULT

A DD 24

M UX

0

Final

Accumulation of all planes

Multiply by the center ˘ 24 planes

Addition of 8 Neighbors ˘ 24 planes

M AX

Size L IGNE

-3 Size L IGNE -3

S TAGE 2

I MAGE

S ALIENCY P AVING

M EMORY

G ABOR

I MAGE N I MAGE N -1

C ONVOLVE

N EURAL N ETWORK

R EDUCTION

M EMORY

S ALIENCY

I MAGE N I MAGE N -1

S TAGE 1 S TAGE 3

3.5 The Co mplete System Simulation

T he whole systemis presented in figure 8. Beyond the

stud yand realization o f the different coprocessors, a hard

challenge imposed to us was the definition of all the

communications. In fact in this system mo st of the

processing is carried out bydifferent co mpo nents each

having a ver yprecise functionality. All the

communications is achieved through FIFO interfaces.

Each coprocessor has an interface to the b us. A Master

interface for the MIPS, a salve inter face for the memor y

and Neural Network, and a Master/Slave interface for the

convolution, saliency, paving,�T he MIPS has been kept

to carryout a minimal amo unt o f co mputations. It is used

as a manager of the whole system. It issues orders to the

coprocessor and processes the different exceptio ns and

interruptions. Many so ftware routines are executed b ythis

processor, for example the learning algorithm of the neural network. Since the saliencyand the R criterium

coprocessors use the same data, and they must write the

same data relative to the same pixel at the outp ut, they

have been tied together in the same co mponent. Instead of

writing the result o f the R criterium in memor y, it is used

directlyto invalidate the pixel with disregard of its

saliency. T he paving and reductio n coprocessors output a

reduced number of vector positions to be fetched fro mthe

Gabor memor y and fed to the neural networ k for learning

or classification. We cannot go through the details of the

architecture of the neural processor in this article d u to its

shortness.

4. Conclusion

In this paper, we have presented a real case of the

Algorithm/Architecture adequation and system level

integration problem.

Figure 8. The complete System Architecture

A deep stud y has been necessar yto modify and

simplify the algorithms for an optimal hard ware

implementation keeping a reasonable successful

recognitio n ratio. We have proposed a methodology

that takes into account early in the design stages the

implementation constraints. T he implementation

methodologyrelies on the mod ule generator concept

and the use of a cycle precise simulator to simulate the

complete system. A VLSI chip for convolution has

been designed successfullyusing this methodology. As

seen through this paper, we have concentrated our

approach on the speed/silicon optimization, a ver y

interesting point is to add a third dimension: po wer.

4.1

References

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

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

[ 2 ] Clark, G., & al, Gabor Transforms and Neural Networks for Automatic Target Recognition , Workshop on Neural

Networks, 1991.

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

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

[ 4 ] Child, J., Image Processing Architectures Take New

Twists , Computer Design Magazine, March 1997.

[ 5 ] 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.

[ 6 ] Houelle, A., GenOptim: un environnement d´aide à la conception de générateurs de circuits portables optimisés en performance et en surface , Thèse de doctorat de l´université

P aris VI, 1997.

[ 7 ] Vaucher, N., Méthodologie de conception d´architectures

VLSI génériques appliquée au traitement numérique , Thèse de doctorat de l´université P aris VI, 1997.

[ 8 ] Aberbour, M., A Real-Time Image Convolver,

International Conference on Signal Processing Applications and Technology, Boston, Oct. 1996.

[9] Open Microprocessor Systems Initiative, Draft Standard,

OMI 324: PI-Bus, Rev. 0.3d

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

Based Hardware/Software System Simulation with

Predictable Event Propagation , P roceedings of the

23rdEuromicro Conference

max

12 FIFOS C ONVOLUTION

24 convolvers

C RIT R

S ALIENCY

P AVING

R EDUCE

FIFO 3 2 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

M IPS

R AM

.reset

R AM

. instr

R AM

.data

R AM

. excep R AM G ABOR

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

B CU

M/S

16

N EURAL

N ETWORK

S

I MAGE

I NTERUPT

C ONTROL

int interrupt