A Robust Eigenspace Metho d for High-Sp eed

Massively Parallel Vision Systems

T oshiharu Muk ai Nob oru Ohnishi

Bio-Mimetic Control Research Center Dept. of Information Engineering

The Institute of Physical and F aculty of Engineering

Chemical Research (RIKEN) Nagoy a University

Nagoya 463, Japan Nagoya 464-01, Japan

Abstract

Image pro c essing systems, each consisting of mas-

sively p ar al lel photodete ctors and digital pro c essing ele-

ments on a monolithic circuit, are re c ently being devel-

op e d by sever al rese ar chers. This appr o ach is promis-

ing for applications in rob ot vision and visual in-

sp e ction. Some earlyvision-like pro c essing algorithms,

such as edge-dete ction, smoothing and thinning, are

instal led in the vision systems. However, they are not

su�cient for applications b e c ause their output is in the

form of pattern information, so that, in order to r e-

sp ond to input, some fe atur e values are re quir e d to b e

extr acte d from the pattern. In the pr esent pap er, we

pr op ose a method for extracting fe atur e values associ-

ate d with images in a massively p ar al lel vision system.

The featur e can b e a complex one, such as the rotation

angle of an object, if the featur e value changes contin-

uously as the image changes. The metho d is base d on

the eigenspac e method, but modi�e d to b e robust. In

addition, we pr op ose some computation acc eler ating

metho ds and r ep ort some experimental results.

1 Intro duction

Image pro cessing systems, each consisting of mas-

sively parallel photo detectors and digital PEs (Pro-

cessing Elements) on a monolithic circuit, are recently

being developed by several researchers [1, 2, 3]. This

approach is promising for applications in rob ot vision

and visual insp ection. The advantages of the approach

are very high-sp eed pro cessing and exibility

. Each

PE has one corresp onding photo detector directly con-

nected to it. This connection and massively parallel

structure enable high-sp eed pro cessing and the digi-

tal architecture provides programmability which gives

exibility to the system. F or example, SPE-8 [3, 4] can complete various image pro cessing tasks within 1

millisecond.

In these vision systems, many pro cessors are inte-

grated on the same silicon chip. As a result, a single

pro cessor is constructed with the number of transis-

tors as small as p ossible. Thus there is a trade-o�

b etween the number of pro cessors and their versatil-

ity of op eration. F or example, in SPE-8 where 8 PEs

are integrated in a chip, lo cal memory is limited to

a 24 bits. In the programmable arti�cial retina [1],

the array of PEs is 65 � 76, but the memory size is

just 3 bits. F urthermore, connection lines in the chip

should b e reduced. Thus instruction lines are reduced

and, as a result, these systems have SIMD (Single In-

struction Multi Data) architecture for pro cessing. In

other words, pro cesses in all PEs must b e executed

under the same instruction set. Connection b etween

PEs is also limited. In the developed systems, each

PE is connected to its 4-neighb ors and output from

the entire system is obtained only from the p eriphery

of the PE array .

Some earlyvision-like pro cessing algorithms, such

as edge-detection, smo othing and thinning, are in-

stalled for massively parallel vision systems. However,

they are not su�cient for practical applications. When

such vision systems are used in an application, some

decision or reaction must b e made according to the

output from the vision system. In order to use the

high-sp eed prop erty of massively parallel vision sys-

tems to full advantage, output and decision-making

must b e completed in a short p erio d of time. How-

ever, the output of earlyvision-like pro cessing algo-

rithms is in the form of pattern information, so that

b oth transmission and pro cessing take a long p erio d

of time. Therefore it is useful to extract some scalar

v alues or vectors representing abstract features of the

image from the pattern information. In the presently

developed systems, only simple features, such as the centroid, are extracted.

W e prop ose a metho d for extracting information as-

sociated with images in massively parallel vision. The

method is robust to p erturbations, only using lo cal

v alues, though the magnitudes of p erturbations are

limited to small values. Complex features, such as the

rotation angle of an ob ject, can b e extracted only if

the feature v alue changes continuously as the image

changes.

The metho d is based on the eigenspace metho d.

The usual eigenspace metho d is used after segmen-

tation of the window including the ob ject concerned

from the entire image and normalization of the size of

the window, so that the ob ject has a predetermined

size and p osition. However, in massively parallel vi-

sion, these pro cesses are not suitable b ecause they can-

not b e executed in parallel using only lo cal informa-

tion, so the pro cessing time is lengthened.

W e extend the eigenspace metho d to make it ro-

bust. Then a v ariety of conditions such as p osition,

size and illumination can b e absorb ed to some ex-

tent. The usual eigenspace metho d is to discriminate

all samples but our new metho d is for discriminating

sets corresp onding to feature values while neglecting

the variance within each set. Some studies hav e b een

conducted on set discrimination in image pro cessing,

[5, 6, 7, 8]. W e prop ose a novel metho d for set dis-

crimination, the results of which are asso ciated to fea-

ture values. The asso ciation is similar to a previous

method [9, 10], but our metho d is sp eci�cally for use

in massively parallel vision. In addition, we prop ose a

method for accelerating premeasurement calculation.

Lastly

, some exp erimental results are shown.

2 Asso ciation of images and feature

v alues using the eigenspace metho d

The purp ose of this study is to establish asso ciation

between images and feature values. An example of a

feature value is the rotation angle of an ob ject in the

image. W e assume that template images and their as-

sociation to feature values are stored in advance. F or

the asso ciation, some mapping from image space to

feature space can b e used. This idea itself is quite

simple. However, images have such large dimension-

ality that calculation to �nd the prestored template

image nearest the input image is to o complex for real-

time application such as visual feedback. In addition,

in massively parallel vision, the memory size av ailable

for storing template images is very limited.

Therefore some compression techniques are re-

quired. When vision is used in a real-time applica-

tion, consecutive frame images are obtained one after another and changes b etween them can b e assumed

to b e small. W e assume that changes in asso ciated

feature v alues are small, to o.

The eigenspace metho d is suitable for this situation.

In this metho d, template images are compressed in

adv ance. More sp eci�cally

, images are mapp ed into

a smaller dimensional space, the so-called eigenspace,

where the scatter of the mapp ed images is guaranteed

to b e maximal. Then mapp ed images are stored as

compressed template images.

In the eigenspace metho d, an image with size a � b

is converted to a p(= a � b)-dimensional vector lexi-

cographically . W e denote the vector as x. Note that

there is one-to-one mapping b etween an a � b-image

and a p-vector.

Assume that template images x

i are given, where

i (i = 1; 2; . . . ; n) denotes the index of the template

image. W e compute the cov ariance matrix

S =

1

n n

X

i=1

(x

i

� �)(x

i

� �)

T

; (1)

where � is the mean image of all template images.

Then the normalized eigenv ectors v

i

, where v

i cor-

resp onds to the ith largest eigenv alue, are computed.

When we want to determine a compressed space, the

so-called eigenspace, with the dimensionality q , where

usually q � p, q largest eigenvectors v

1

; v

2

; . . . ; v

q are

used for compression. In other words, p � q -matrix W

is de�ned as

W = [v

1 v

2

. . . v

q

] (2)

and p-vector x is mapp ed to q -vector y as

y = W

T

(x � �): (3)

T emplate images x

i are compressed to y

i

, then y

i are

stored as templates. In this small dimensional space,

memorization and asso ciation of compressed images to

feature values are much easier. W e want to p oint out

that, for our purp ose, �W

T

� in (3) is not necessary ,

b ecause it merely changes the o�set. Hence we use

y = W

T

x (4)

instead of (3).

In our design, the eigenvectors, v

1

; v

2

; . . . ; v

q

, are

stored in the massively parallel vision system for map-

ping input image into the eigenspace. Eigenvector v

i

has the same dimensionality with input images, so

that each element of v

i is stored in the corresp ond-

ing PE. The upp er limit of q dep ends on the lo cal

memory size of a PE.

In measurement, we map input image x to y in

the eigenspace using (4), then �nd the asso ciated fea-

ture v alue. The PE array is programmed to calculate

Figure 1: The summation of v

i;k x

k in row-directional

pipelines.

W

T

x in (4). Then the result is output from the array

to the host computer. The calculation of (4) is done

in the PE array as follows. It consists of v

T

i x and

each v

T

i x is the summation of v

i;k x

k

, where v

i;k and

x

k are the k th element of the vector v

i and x, resp ec-

tively

. Therefore, to obtain the value, after multipli-

cation of v

i;k x

k in each PE in parallel, their addition

is necessary

. The summation is calculated in each row

(column)-directional pip eline as shown in Fig.1. After

obtaining all outputs from one side of the PE array

and adding them, we obtain the v

T

i x. By iterating

this pro cedure q times, we obtain W

T

x.

In the host computer, y is mapp ed to the corre-

sponding feature value. The simplest metho d is �nd-

ing the nearest template image, but it lacks interp ola-

tion ability

. So we use a parameterized curve to rep-

resent the relation b etween template images and fea-

ture values. When the mapp ed p oint in the eigenspace

from input image is obtained, the nearest p oint on the

curve is determined to obtain the corresp onding fea-

ture v alue. This space is referred to as \parametric

eigenspace" in [9] and we have adopted this nomen-

clature.

3 Robust Eigenspace Metho d

The problem of the eigenspace metho d is its lack

of robustness. When an image is shifted, for exam-

ple, the mapp ed p oint may mov e to a p osition dis-

tant form the original p osition. F or our purp ose,

all p erturb ed images from the same original image

should b e mapp ed to close p ositions. When appli-

cations do not require real-time pro cessing, the image

Figure 2: When x

i

j is mapp ed to L

e

, it may overlap

with other p oints from the di�erent set, while when

mapp ed to L

r

, there is no overlap.

can b e segmented and size-normalized to provide a

regulated image for the eigenspace metho d. How ever

these techniques cannot b e used in massively parallel

vision where direct PE communication is only among

4-neighbors and fast calculation is required.

W e prop ose a new metho d for this purp ose, though

the p erturbation is restricted. W e assume that the

sets of p erturb ed images x

i

j

(j = 1; 2; . . . ; m

i

), each

corresp onding to one feature v alue indexed by i, are

obtained. Then we obtain the mean image �

i and co-

v ariance matrix S

i from the set. T o discriminate sets,

�

i can b e used to represent the set and used in the con-

ven tional eigenspace metho d. Howev er, if using only

�

i

, distribution of members in the set is not consid-

ered, so that the b est compressed space cannot b e ob-

tained. F or example, in Fig.2, L

e is the space obtained

by the eigenspace metho d and the mapp ed p oints from

the di�erent sets are overlapping. W e want to �nd the

space L

r for mapping, where ov erlap do es not exist.

In order to map images in the same set to p ositions

in close proximity and those from di�erent sets to sep-

arated p ositions, we use the Mahalanobis generalized

distance which represents the distance b etween sets.

The distance b etween x

� and x

� is

d(�; � ) = (x

�

� x

�

)

T

S

�1

(x

�

� x

�

); (5)

where S is the cov ariance matrix of the set the data

b elong to. In the present case, we cannot determine

from which set the input is obtained in advance, hence

the cov ariance matrix of the input image cannot b e

determined. Hence we use the sum of all sets

S = c

X

i=1

S

i

= c

X

i=1 m

i

X

j =1

1

m

i

(x

i

j

� �

i

)(x

i

j

� �

i

)

T

; (6) where c is the number of sets. W e de�ne the map-

ping to the space where the square of the Euclidean

distance of pro jected p oints is the same as the Ma-

halanobis generalized distance of the original p oints.

The mapping is

z = S

�1=2

x: (7)

Note that S

�1=2

is symmetric b ecause S is symmetric

and can always b e obtained when S is p ositive de�nite.

Since S is the cov ariance matrix, it is semip ositive

de�nite. Moreover, if all pixel values include noise, it

is supp osed to b e p ositive de�nite.

W e convert �

i to z

�

i by (7) and use the usual

eigenspace metho d ab out z

�

i

. The cov ariance matrix

of z

�

i is obtained as

R �

1

c c

X

i=1

(z

�

i

� � z

�

)(z

�

i

� � z

�

)

T

=

1

c

S

�

1

2 c

X

i=1

(�

i

� �)(�

i

� �)

T

!

S

�

1

2

; (8)

where � z

�

=

P

c

i=1 z

�

i

=c and � � =

P

c

i=1

�

i

=c. Then

the normalized eigenvectors v z

i

(i = 1; 2; . . . ; q z

) of R ,

where v z

i corresp onds to the ith largest eigenv alue and

q z

is the dimensionality of the eigenspace, are obtained

and stored in advance. W e refer to this eigenspace as

\robust eigenspace".

When input image x is obtained, it is mapp ed into

the robust eigenspace in the PE array

. The ith element

of the mapp ed image is

v z T

i

�

S

�1=2

x

�

=

�

S

�1=2

v z

i

�

T

x: (9)

Therefore, we should store

u

i

� S

�1=2

v z

i

(10)

in the PE array in advance. This has the same dimen-

sionality with input images and each element should

be stored in each PE. Then the calculation required

in the measurement is only the pro ducts of the stored

vectors u

i and the input image.

T o summarize, the pro cedure prior to measurement

is as follows:

1. Calculate S =

P

c

i=1

S

i

.

2. Obtain the S

�1=2

.

3. Calculate the cov ariance matrix, R , in the

mapp ed space by (8).

4. Obtain the several eigenvectors v z

i corresp onding

to the several largest eigenv alues.

5. Compute u

i

= S

�1=2

v z

i

(i = 1; 2; . . . ; q z

) and

store them in the PE array .

In the measurement phase, u

T

i x is calculated in the

PE array using the pip eline metho d explained in the

previous section. The output is obtained from one side

of the array and it is mapp ed to the feature v alue in

the host computer.

4 Accelerating Algorithm

If we straightforw ardly compute the ab ove algo-

rithm for premeasurement, it is a lengthy pro cess b e-

cause vectors made from images have very large di-

mensionality . F or example, even if the image is as

small as 32 � 32 pixels, the vector is a 1024-vector and

its cov ariance matrix is 1024 � 1024-matrix. Therefore

matrix calculation b ecomes very lengthy .

W e want to obtain S

�1=2

in an e�cient way

. Since

S is a symmetric p ositive de�nite matrix, it can b e

decomp osed as

S = V �V

T

; (11)

where V is an orthonormal matrix comp osed of the

eigenv ectors v

i

, and � = diag(�

1

; �

2

; . . . ; �

p

) and �

1

�

�

2

� . . . � �

p

� 0. Then S

�1=2

is comp osed as

S

�1=2

= V �

�1=2

V

T

; (12)

where �

�1=2

= diag(�

�1=2

1

; �

�1=2

2

; . . . ; �

�1=2

p

).

However there are some problems. The �rst one is

that S computed from actual samples is semip ositive

de�nite when the number of samples is not su�cient.

In this case, �

i

= 0 and we cannot obtain �

�1=2

i

. The

num b er of nonzero eigenv alues is equal to the rank of

S , so it do es not exceed the number of samples. There-

fore, in many cases where the sample number is small,

zero eigenv alues exist. However, it is exp ected that,

if we observe more images, the matrix S b ecomes full

rank b ecause of observ ation noise. So, we set a small

p ositive value as the minimum eigenv alue and, round

up the smaller eigenv alues to this minimum value.

The second problem is computation time of the de-

comp osition (11), which is very lengthy when S is

large. This problem can b e solved by the metho d pro-

p osed in [11]. S can b e expressed as follows:

S = c

X

i=1 m

i

X

j =1

1

m

i

(x

j

i

� �

i

)(x

j

i

� �

i

)

T

= X X

T

: (13)

Instead of calculating the eigenv alues and eigenvectors

of S , we calculate those of

~

S = X

T

X : (14)

The size of

~

S is usually much smaller than that of S ,

so that the calculation is faster than that of S . In ac-

tual calculation, to obtain the eigenv alues and eigen-

vectors of

~

S , we used the metho d in [12] comp osed

of the Householder metho d and QL metho d. When

the eigenv alues and eigenvectors of

~

S are

~

�

i and ~v

i

,

respectively

, the following relation is used to obtain

those of the original S .

�

i

=

~

�

i

v

i

=

~

�

�1=2

i

X ~v

i

(15)

S is usually larger and has more eigenv alues than

~

S .

The remaining eigenv alues which cannot b e obtained

using the ab ove equation are all theoretically zero.

However, in this metho d, we assume the p ositive min-

imum v alue as mentioned ab ove, instead of zero.

Then (8) and S

�1=2

v z

i are calculated. This also

takes a long time b ecause the matrices are very large.

T o solve this problem, we rescale S so that the min-

imum v alue is 1. This pro cedure merely changes the

scale of mapping, so that the �nal result do es not

change. Then we can obtain

S

�1=2

= p

X

i=1 r

1

�

i v

i v

T

i

= I + q

X

i=1

� r

1

�

i

� 1

�

v

i v

T

i

; (16)

where we used V V

T

= I and �

i

= 1 when i = q + 1; q +

2; . . . ; p. Rememb er that q � p. Hence, for arbitrary

matrix A and x, simpli�cation is obtained as follows:

AS

�1=2

= A + q

X

i=1

� r

1

�

i

� 1

�

Av

i v

T

i

; (17)

S

�1=2

A = A + q

X

i=1

� r

1

�

i

� 1

�

v

i v

T

i

A; (18)

S

�1=2

x = x + q

X

i=1

� r

1

�

i

� 1

�

v

i v

T

i x: (19)

These relations greatly accelerate the calculation. F or

example, in (17), if A and S

�1=2

are p � p-matrices,

the left-hand side requires p

3

multiplications, while the

right-hand side requires ab out 2p

2

q multiplications.

5 Exp eriments

Experiments for checking discrimination ability of

the prop osed metho d are conducted. Our metho d was

originally designed for massively parallel vision but, at present, we cannot use such a vision system with

enough resolution. Thus we used a CCD camera as the

input device. The input image is reduced to a 32 � 32

6-bit gray-scale image in order to simulate massively

parallel vision ability

. All calculations are p erformed

in the host computer. Although we used the CCD

camera as the input device, we consider that the use-

fulness of this metho d is prov en by these exp eriments.

The ob ject and one of the reduced outputs from the

CCD camera is shown in Fig.3. F or the templates, the

ob ject is rotated in steps of 30 degrees from -90 to +90

degrees and an image is obtained at each p osture. W e

used two-dimensional robust eigenspace and the depth

for representing each element of u

i is 7 bits. Therefore,

memory size in each PE for storing precalculated data

is 14 bits.

F or obtaining p erturb ed images, we shifted origi-

nal images by image pro cessing for convenience. Each

original image is shifted in x- and y -direction by

�1; 0; 1 pixel, so that we obtain 9 images according

to each rotation angle. F or the small p ositive value

used to round up eigenv alues, we selected the 50th

largest eigenv alues. Distribution of template images

mapp ed to the robust eigenspace by the prop osed

metho d is shown in Fig.4. F or comparison, distri-

bution in the conventional eigenspace obtained using

only the means of sets of p erturb ed images is also

shown in Fig.5. In these �gures, 0 denotes a rota-

tion angle of -90 degrees, 1 denotes -60 degrees, and

so on. In the conven tional eigenspace, p oints corre-

sp onding to di�erent rotation angles are overlapping,

so that it is imp ossible to make a mapping from this

space to the rotation angle. On the other hand, in

the robust eigenspace, p oints from the di�erent sets

are separated. This means that the robustness is im-

prov ed in the prop osed metho d.

W e also p erformed an exp eriment to investigate the

e�ect of changing background color and obtained sim-

ilar results (data not shown).

6 Conclusion

A robust eigenspace metho d was prop osed. It is

suitable for a massively parallel vision system on the

monolithic circuit. In addition, an accelerating algo-

rithm for calculations needed prior to measurements

was prop osed and some exp eriments, though we used

the CCD camera to simulate photo detector output,

were conducted.

Ob ject

Reduced output from

the CCD camera

Figure 3: Ob ject and reduced output from the CCD

camera

Figure 4: Distribution of mapp ed p oint by the pro-

posed metho d when images are shifted.

Figure 5: Distribution of mapp ed p oint by the con-

ventional metho d when images are shifted.

References

[1] T. M. Bernard, B. Y. Zavidovique and F. J. Devos,

\A Programmable Arti�cial Retina," IEEE Journal of

Solid-State Circuits, V ol. 28, No. 7, pp. 789{798, 1993.

[2] J. E. Eklund, C. Svensson and A.

�

Astr� om, \VLSI Im-

plementation of a F ocal Plane Image Pro cessor | A

Realization of the Near-Sensor Image Pro cessing Con-

cept," IEEE T r ansactions on V ery Lar ge Scale Inte-

gration (VLSI) Systems, V ol. 4, No. 3, pp. 322{335,

1996.

[3] T. Komuro, I. Ishii and M. Ishikaw a, \Vision Chip Ar-

chitecture Using General-Purp ose Pro cessing Elements

for 1ms Vision System," Pro c e e dings of 4th IEEE Int.

Workshop on Computer Ar chite ctur e for Machine Per-

ception (CAMP’97), pp. 276-279, 1997.

[4] I. Ishii, Y. Nakabo and M. Ishikaw a, \T arget T rack-

ing Algorithm for 1ms Visual F eedback System Us-

ing Massively Parallel Pro cessing," Pro c e e dings of the

1996 IEEE International Conferenc e on Rob otics and

Automation, pp. 2309{2314.

[5] S. Baker and S. K. Nayer, \Pattern Rejection," Pro c.

IEEE Conf. Computer Vision and Pattern Re c o gni-

tion, pp. 544{549, 1996.

[6] P

. N. Belhumeur, J. P

. Hespanha and D. J. Krieg-

man, \Eigenfaces vs. Fisherfaces: Recognition Using

Class Sp eci�c Linear Pro jection," IEEE T r ansactions

on Pattern Analysis and Machine Intel ligence, V ol. 19,

No. 7, pp. 711{720, 1997.

[7] Y. Cui, D. L. Swets and J. J. W eng, \Learning -

Based Hand Sign Recognition Using SHOSLIF-M,"

Int’l Conf. on Computer Vision, pp.631{636, 1995.

[8] Y. Cheng, K. Liu, J. Y ang, Y. Zhuang and N. Gu, \Hu-

man F ace Recognition Metho d Based on the Statistical

Mo del of Small Sample Size," SPIE Pro c. Intel ligent

Rob ots and Computer Vision X: Algorithms and T e ch-

niques, pp. 85{95, 1991.

[9] S. K. Nayar, H. Murase and S. A. Nene, \A General

Learning Algorithm for Rob ot Vision," Pro c e e dings of

the SPIE | The International Society for Optical En-

gineering, V ol. 2304, pp. 10{17, 1994.

[10] H. Murase and S. K. Nayar, \Visual Learning and

Recognition of 3-D Ob jects from App earance," Inter-

national Journal of Computer Vision, V ol. 14, pp. 5-24,

1995.

[11] H. Murakami and B. V. K. V. Kumar, \E�cient Cal-

culation of Primary Images from a Set of Images,"

IEEE T r ansactions on Pattern Analysis and Machine

Intel ligence, V ol. P

AMI-4, No. 5, pp. 511{515, 1982.

[12] W. H. Press, B. P

. Flannery

, S. A. T eukolsky and

W. T. V etterling, Numerical Re cip es in C, Cambridge

University Press, 1988.