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Abstract A psychologically-inspired VLSI brain model has been developed to perform human-like flexible information
processing. The system stores a vast quantity of past experience in the on-chip memory and the most relevant event in the past
is automatically recalled in an immediate response to the current input. Since the search is carried out by a fully parallel proc-
essing on the chip, the response is extremely fast. In order to carry out human-like image recognition using the system, an
edge-based image representation algorithm called Projected Principal-Edge Distribution (PPED) has been developed. It repre-
sents a two-dimensional image by a feature vector that very well preserves the human perception of similarity of images in the
vector space, thus allowing us to perform robust image classification. The application of the system to handwritten pattern
recognition, medical radiograph analysis, and face detection are presented as illustrative examples. Since the PPED vector
generation is a computationally very expensive processing. a dedicated vector-generation VLSI processor employing
mixed-signal architecture has been developed aiming at real time applications.

Keyword VLSI, analog VLSI, digital processor, image processing, image recognition, vector quantization, psychological
brain model, soft computing

1. Introduction puters. Computers solve problems by sequential
logic and numerical processing, the procedure be-
ing prescribed as software programs specifically
tuned to individual problems. On the other hand,
medical doctors, for instance, make diagnoses by
fully utilizing their professional experience. It
seems almost impossible to fully describe the
judgment process carried out in their minds as
computer programs.

In this article, we propose a new electronic
computing system that finds solutions not by nu-
merical computation but by association to the ex-
perience in the past [4]. We have been developing
VLSI systems, mimicking the mind processing at

Despite the ever-increasing performance of
computers, human-like flexible information proc-
essing is not quite possible yet. In our daily life,
we solve most of the problems largely relying
upon our experiences in the past. Specialists also
carry out their professional jobs based on their
expertise knowledge accumulated through their
long experience and discipline. In either case, as-
sociation and intuition based on the memory of the
past experience play an essential role [1-3]. The
scheme is very different from that in digital com-



Fig. 1. The background scenery of the picture
on the left reminds us of Munch’s “Scream”. But
in the next moment, we notice the strange per-
son is replaced by a cute girl. The recalling of
Munch’'s drawing is an unconscious automatic
processing in the brain. Similar automatic re-
calling prevents us from understanding the to-
pology of the drawing on the right. Such obser-
vation has led us to develop a VLS| hardware
specific to automatic recalling of past experi-
ence: the associative processor.

the very hardware level [5, 6]. Namely, the asso-
ciation is carried out not by software but by ele-
mentary circuits and devices directly. Although the
research is still in the developmental stage, some
preliminary experimental results are presented as
promising examples. They include the applications
to handwritten pattern recognition [7], medical
radiograph analysis [8], and face detection [9].
The organization of this article is as follows. In
Section II, the human-intelligence system based on
the psychologically-inspired VLSI brain model is
presented. VLSl implementation of associative
processors, the key element in the system, is pre-
sented in Section IIl. Image vector generation al-
gorithm and the results of image recognition ex-
periments are presented in Section IV. VLSI chips
for early visual processing including the vector
generation VLSI are described in Section V and
the conclusions are given in Section VI.

2. A Human-Intelligence System Based on
Psychologically-Inspired VLSI Brain Model

What do we think when we look at a drawing
like that in Fig. 1?7 We will be puzzled. From the

background scenery, we recall “Scream” of Munch.

But in the next moment, we notice the strange
person is replaced by a cute girl. The recalling of
Munch’s drawing is not the result of logical think-
ing but a conclusion drawn by an unconscious
automatic processing in the brain. A VLSI proces-
sor dedicated to such automatic recalling process-
ing is called associative processor, a hardware

analogue to the columnar architecture in the neo-
cortex of the brain. The associative processor ar-
chitecture is described as a maximum-likelihood
search engine having a fully-parallel search capa-
bility using on-chip huge database memories.

Fig. 2 illustrates the total view of the VLSI hu-
man-intelligence system we are developing [4] in
which the associative processor plays a key role.
Both analog [6, 10] and digital [5] chips have been
developed for associative processor implementa-
tion. An analog associative processor employing
ferroelectric memory for template vector storage
has also been developed [11].

The saliency detector chip is utilized to detect
the region of interest (ROI) for selective attention.
This particular chip was designed to detect the
ROI based on the objects’ motion. Namely, the ob-
ject having the largest movement in the scene is
detected. The chip can detect multiple moving ob-
jects in a cluttered background scenery using the
quasi two-dimensional focal plane processing
[12-14]. Stereo vision chip is utilized for range
measurement to provide auxiliary information in
scene analysis. When an ROl is detected, the 64 x
64-pixel image (the elementary recognition kernel
in our system) is converted to a 64-dimension fea-
ture vector so that the associative processor can
perform image perception [8]. The image-to-vector
conversion is computationally very expensive and
several VLSI chips have been developed based on
analog [15], digital [16] and mixed signal [17] ar-
chitectures.

3. VLSI Implementation of Associative Proc-

essors

An  associative  processor IS a  maxi-
mum-likelihood search  engine having a
fully-parallel search capability using the on-chip
huge database memory. Associative processor
chips have been implemented in both CMOS digi-
tal [5] and analog technologies [6, 10]. Digital im-
plementation features high flexibility in associa-
tive processing with various options, while analog
implementation offers compact and low-power fea-
tures.

The chip photomicrograph in Fig. 3 is an exam-
ple of digital implementation [5]. It features a very
fast winner search employing a two-dimensional
bit propagating WTA (Winner-Take-All) circuitry.
Flexible template configuration has been achieved
by introducing a new variable binary-block ad-
dressing scheme. Both Manhattan and Euclid dis-
tances with weight multiplication to each element
are made available with a minimal area penalty.
Use of such versatile features of digital associative
processors in intelligent internet search applica-
tions is described in Ref. [18].
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Fig. 2. System organization of VLS| human-intelligence system. The region of interest is detected based
on the objects’ motion and its image is transformed to a vector (a reduced representation). Then the maxi-
mum-likelihood image in the memory storing past experience is automatically recalled by the associative

processor, a hardware analogue to the columnar architecture in the neocortex of the brain.

Fig. 4 schematically illustrates the architecture
of the two-dimensional bit propagating WTA. A
tournament is carried out to locate the winner (the
smallest distance input) among the N input values.
This requires log N tournament stages. At each
stage, comparisons are made for all pairs simulta-
neously. Usually a word comparator is used for
comparison of a pair of m-bit numbers, which
produces a delay time on the order of log m at each
stage if a carry look-ahead adder is used as a word
comparator. As a result, the total delay time would
be on the order of log m x log N. In the
two-dimensional bit propagating architecture, on
the other hand, bit comparators are used instead of
word comparators. The bit comparison is started
from the MSB of all numbers and the result is im-
mediately transmitted to the next stage bit com-
parator in the tournament tree as well as to the
second MSB in the same-stage bit comparators. As
a result, the total delay time becomes on the order
of m + log N. This is definitely faster than the de-
lay of log m x log N since N is usually a large
number. The measurement results from the fabri-
cated chip are shown in Fig. 5.

In analog implementation, on the other hand,
vast-scale integration under low power operation
i1s possible, providing the opportunity for use in
mobile applications where memory and computa-
tional resources are severely limited. Fig. 6 shows
examples of element matching circuits between an
input vector and a memorized template vector [6].
The circuits utilize the bell-shaped current-voltage
characteristics of the CMOS-inverter shortcut cur-
rent [19]. The preprogrammed peak position
represents the template value and the current
yields the similarity measure between the template
and the input. By introducing the concept of the
neuron MOS [20] (or floating-gate MOS). the
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Fig. 3. General purpose associative processor
implemented in a 0.6um-CMOS double-poly
technology.

functional forms in the similarity evaluation were
made real-time tunable as shown in Fig. 7.

The vector matching circuit that evaluates the
similarity between the input and the template vec-
tors is easily composed by taking the wired sum of
all Iout’s from element matching circuits as shown
in Fig. 8. Isym. the sum of Jour's, is then sunk
through the NMOS receiving Vpamp at its gate.
This forms a current comparator circuit for Isym
and the sink current in the NMOS. Then the iden-
tification of the maximum-likelihood template
vector is very easily carried out by just giving a
common ramp voltage to the Vypayp nodes of all
the vector matching circuits. When Vpayp is
ramped down from Vpp to OV. the vector matching
circuit yielding the maximum /syy firstly upsets
and its output voltage (Vour) shows a 0-to-1 tran-
sition. Then the time domain WTA circuitry [21] is
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Fig. 5. Measurement results of winner search.
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input vectors.

utilized to locate the winner. Fig. 9 shows a pho-
tomicrograph of the test chip of the analog asso-
ciative processor.

The measurement results from the analog asso-
ciative processor are demonstrated in Fig. 10
where the chip was used to identify a specific
anatomical landmark on medical X-ray head films
(cephalometric landmark identification). Template
matching was carried out using the PPED vector
representation [8] of X-ray images. The Sella (a
pituitary gland) search experiments were con-
ducted both in the above-threshold and
sub-threshold regimes. The selection of operation
regimes was done by changing the bias voltage
Vse in Fig. 6. The Sella pattern is delineated by a
solid line on each figure. In the Sella search, the
approximate center of the characteristic
semi-circle pattern needs be identified. Correct
positions are successfully detected as current
peaks in both above-threshold (b) and
sub-threshold (c) operation regimes. By operating
the circuit in the sub-threshold regime., a very
low-power operation of the system is possible. In
the present experiment, no degradation in position
detection accuracy was observed when the opera-
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Fig. 6. Schematic of vector-element matching
circuits: (a) Gaussian type; (b) plateau type.
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Fig. 7. Measured characteristics of element
matching circuits: (a) Gaussian type; (b) plateau
type. Circuits operate in the subthreshold regime
when Vgg is reduced, thus allowing us to perform
very low power hardware computation.
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Fig. 8. Schematic of 16-dimension vector

matching circuit.

tion current was reduced by three orders of mag-
nitude by reducing the V¢ bias. Since the pattern
matching algorithm using the PPED representation
is very robust against small variations in the vec-
tor element operations, the analog associa-
tive-processor-based image recognition would be a
very promising approach toward future low-power
intelligent systems, in particular, in mobile appli-
cations.

Fig. 11 shows the separation of overlapping pat-
terns conducted using the analog associative proc-
essor [6]. The circuit successfully separated the
circle and the square in the first example (top).
while it failed in the second example (bottom)
where a triangle was erroneously detected. How-
ever, this error is not against our perception. In
this regard, the circuit behavior is similar to ours
even when making mistakes.
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Fig. 9. Photomicrograph of the test chip of ana-
log associative processor.

4. Feature Vector Representation of Images

Since an image contains massive quantity of re-
dundant data, they must be compressed to form a
feature vector. A feature vector must preserve the
most essential features in the original image while
achieving substantial dimensionality reduction. Of
particular importance is that the representation
must preserve the human perception of similarity
among images. Namely, images similar to our eyes
need be mapped closer in the feature vector space.
For this purpose we have developed a "Projected
Principal-Edge Distribution (PPED)" algorithm
[8].

Fig. 12 illustrates the PPED vector generation
procedure. The input image (64x64 pixels) is
firstly subjected to pixel-by-pixel spatial filtering
operations to detect edges in four directions: hori-
zontal (HR); vertical (VR); +45 degrees (+45); and
—45 degrees (-45). We used a 5x5 filtering kernel
for each direction edge. Only one direction edge is
assigned at each location provided its convolution
result exceeds the threshold for edge detection at
that location. The threshold is determined as the
median value of all 20 luminance difference values
between two neighboring pixels within the 5x5
kernel block. This thresholding is particularly im-
portant in extracting essential features from deli-
cate gray scale images. The procedure is equiva-
lent to the automatic gain control being carried out
in the retina of our eyes.

Detected edges are represented by binary flags
and four feature maps are generated for horizontal,
+45-degree, vertical and -45-degree edges. We
have treated the four feature maps as the most
fundamental representation of the original image.
The two-dimensional bit array in the feature map
is further reduced to a one-dimensional array of
numbers. i.e.. a vector. In the PPED representation,
this is done by projecting bit flags onto respective
axis. Namely. the horizontal edge flags in every
four rows are accumulated and projected onto ver-
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Fig. 10. Matching results of Sella search using
Gaussian-type circuits: input image (a); current
contour maps in above-threshold operation (b) and
subthreshold operation (c).
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Fig. 11. Separation of overlapping handwritten
patterns. False detection of a triangle in the triply
overlapping patterns at the bottom is not against
our perception.

tical axis, thus generating an edge distribution
histogram having 16 elements. The vertical.
+45-degree and —45-degree edge flags are simi-
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Fig. 13. Examples of PPED vectors. Human
perception of similarity is well preserved in the
vector representation.

larly projected onto horizontal, -45-degree and
+45-degree axes, respectively. In this manner, four
edge distribution histograms each having 16 ele-
ments are generated, and the four histograms are
concatenated in the order of HR, +45, VR, -45 to
form a 64-dimension feature vector. In this regard,
we call the algorithm "Projected Principal-Edge
Distribution (PPED)". The PPED vectors very well
preserve the human perception of similarity among
original images as shown in Fig. 13, thus enabling
image classification by a simple template matching
using associative processors. Detailed description
of the PPED algorithm is given in Ref. [8]. Other
forms of feature vectors generated from the four
edge feature maps are proposed to make the rec-
ognition performance more robust [9]. Image rec-
ognition experiments using PPED representation
have been conducted extensively by computer
simulation in order to optimize the algorithm for
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Fig. 14. Solving zoom lens metaphor problem by

multi-resolution search.

hardware implementation.
presented in the following.

Fig. 14 illustrates the application to the
so-called zoom lens metaphor problem. By intro-
ducing the concept of multi-resolution search, we
solved the problem. The two overlapping digits "4"
and "7" are successfully separated by the
fine-resolution search. In the low-resolution search
on the other hand, the large image of "4" com-
posed of small digits has been also correctly rec-
ognized [22]. General procedure for separating
more complicated handwritten patterns using an
analog associative processor chip is experimen-
tally demonstrated in Ref. [6].

Application to grayscale image recognition is
presented in the following. The PPED image rep-
resentation was applied to cephalometric landmark
identification (Sella, Nasion, and Orbitale) [8].
This is one of the most important practices of den-
tists in orthodontics, and automatic identification
by computers was studied [23, 24]. The results are
demonstrated in Fig. 15 where the recognition re-
sults by our system are compared with the results
by three expert dentists having more than 10 years
of experience in the university hospital. Very
promising results are obtained.

Fig. 16 demonstrates a failure example. Totally
different point is identified as Sella by our system
in the picture on the left. However, the correct lo-
cation is also identified as the minimum of the dis-
similarity measure in the region including the real
Sella pattern. But the false position was identified
because it has a smaller dissimilarity measure due
to an accidental match. In our perception. such an
error would not happen because we would utilize
more information taken from surrounding areas.
Then, an analogous processing was tried in our
system. Namely, the search was carried out by re-
ducing the pixel resolution of both the target im-
age and the template image. The low resolution
search shown in the figure was carried out using
the template size twice as large as that used in the

Some examples are

.
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Fig. 15. Results of cepholometric landmark iden-
tification experiment for Sella, Nasion, and Orbi-
tale: by our system (left); by three expert dentists.
(right).

Low-Resolution
Search

Fine-Resolution Search

Fig. 16. False point is identified in the
fine-resolution search using small-area templates
(left), while the correct area is identified in the
low-resolution search using templates of four times
larger area (right).

fine-resolution search. (Four neighboring pixel
data were averaged to one to reduce the resolu-
tion.) Since more surrounding information is in-
cluded in the search, the correct area is detected.
Then more precise localization was conducted by
performing a fine-resolution search in the area
specified by the low-resolution search.

Application to face detection [9] is presented in
Fig. 17. Here the faces of 20 faculty members of
EE department of The University of Tokyo were
taken as face examples and search was carried out
in a group photo of people [25] in which the hu-
man race, the image resolution and the exposure
conditions are different. As shown in the figure,
almost all faces are correctly detected. The false
positive indicated in the figure looks like a human
face to our eyes. Using the same template set, face
detection was carried out for a realistic drawing as
well as for an animal face.

The 1mage recognition examples presented here

False

D n
. Positive - %

Fig. 17. Face detection results. Face samples
were taken from frontal view of 20 Japanese peo-
ple in a group photo (not shown here), and 2,000
non face samples were randomly taken from the
background scenery of the photo.

are very different in nature from each other. It
should be noted, however, that the algorithm is
basically the same for all these examples and no
specific tuning was introduced in each problem. In
face detection algorithm, however, we have intro-
duced two new vector representations generated
from the same feature maps used in the PEDD
vector generation and more careful decision proc-
ess has been introduced based on the concept of
multiple clue matching [9]. This allows us to
perform more robust face detection [26].

5. VLSI Chips for Early Visual Processing

The most time consuming part in the recognition
processing using associative processors 1s the
PPED vector generation. Edge filtering operation
using the local threshold determined from the me-
dian of local luminance variation distribution is
computationally very expensive because the proc-
essing must be repeated pixel by pixel to scan
across the entire image. For this reason. we have
been developing various image processing VLSI
chips in both digital [16] and analog [15] archi-
tectures. A mixed-signal image filtering VLSI has
been developed aiming at real-time generation of
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. The circuit organization for the feature map
generation is shown in Fig. 18. A four-stage asyn-
chronous median detection architecture based on
analog digital mixed-signal circuits has been
introduced to determine the threshold value of
edge detection, the key processing parameter in
the vector generation. In order to achieve area ef-
ficient implementation, CMOS analog majority
voting circuits were utilized for median detection.
As a result, a fully seamless pipeline processing
from threshold detection to edge feature map gen-
eration has been established. A prototype chip was
designed in a 0.35-um double-polysilicon
three-metal-layer CMOS technology and the con-
cept was verified by the fabricated chip shown in
Fig. 19. The chip generates a 64-dimension feature
vector from a 64x64-pixel gray scale image every
80usec at a clock rate of S0MHz. The new version
chip recently developed [27] generates a PPED
vector every 0.6usec at 100MHz of operation. This
is about 10,000 times faster than the software
processing on PC with a 2.2GHz processor, mak-
ing a real-time image recognition system feasible.

6. Conclusion

A human-like intelligent VLSI system based on
a psychologically-inspired architecture has been
presented. The building block VLSI chips have
been developed in both analog and digital CMOS
technologies. A hardware-friendly image represen-
tation algorithm has also been developed and its
robust nature in image recognition has been ex-
perimentally demonstrated. The system will play
an important role in building real-time responding
systems that would not be accessible with conven-
tional digital computer systems because of the
time and power constraints. Our system works like
our right brains, i.e., the chip recognizes objects,
not by sequential logic operations, but more intui-
tively by association to the experience in the past.
Since the association is carried out by a

Fig. 19. Photomicrograph of PPED vector gen-
eration VLSI fabricated in a 0.35-um double-poly
triple-metal CMOS technology. Die size: 4.5mm x
4.5mm, power supply: 3.3V, operation frequency:
50MHz.

fully-parallel computation on the chip, the re-
sponse is very fast. If such a powerful associative
function is combined with the logic processing
capability of current microprocessor chips, hu-
man-like intelligent systems would be materialized.
This is somehow analogous to the collaboration of
the logic-intensive left hemisphere and the intui-
tion-driven right hemisphere in our brains. If the
expertise knowledge and experience of doctors, for
instance, were embedded in the system, a very ro-
bust automatic diagnosis system implementation
would become possible in future.

Acknowledgement

The authors are greatly indebted to Professor
Kenji Takada, Department of Orthodontics, Fac-
ulty of Dentistry, Osaka University. Osaka, Japan
for providing us his expertise knowledge in ortho-
dontics and his collaboration in the research. The
test chips in this study were fabricated in the chip
fabrication program of VLSI Design and Education
Center (VDEC), The University of Tokyo with the
collaboration by Rohm Corporation and Toppan
Printing Corporation.

References

[1] K. Nakano, "Associatron-A Model of Associative
Memory," IEEE Trans. Systems, Man, and Cyber-
netics, Vol. SMC-2, 380 (1972).

[2] J. A. Anderson. "A Simple Neural Network Gener-
ating an Interactive Memory." Mathematical Bio-
sciences, Vol. 14, 197 (1972).

[3] T. Kohonen, "Self-Organization and Associative
Memory." Springer-Verlag. New York (1995).

[4] T. Shibata, "Intelligent Signal Processing Based
on a Psychologically-Inspired VLSI Brain Model.
" IEICE Trans. Fundamentals. Vol. E85-A, 600
(2002).

[5}] M. Ogawa, K. Ito, and T. Shibata, "A gen-
eral-purpose vector-quantization processor em-



ploying two-dimensional bit-propagating win-
ner-take-all," Dig. Tech. Papers 2002, VLSI Cir-
cuits Symposium, 244, Honolulu, June, 2002.

T. Yamasaki and T. Shibata, “Analog
Soft-Matching Classifier Using Floating-Gate
MOS Technology,” IEEE Trans. Neural Networks,
Vol. 14,1257 (2003).

M. Adachi and T. Shibata, "Image Representation
Algorithm Featuring Human Perception of Simi-
larity for Hardware Recognition Systems." Proc.
Int. Conf. Artificial Intelligence (IC-AI'2001), Ed.
by H. R. Arabnia, Vol. I, p. 229 (CSREA Press,
ISDBN: 1-892512-78-5), Las Vegas, June, 2001.

M. Yagi and T. Shibata, “An Image Representation
Algorithm Compatible to Neu-
ral-Associative-Processor-Based Hardware Recog-
nition Systems.” IEEE Trans. Neural Networks.
Vol. 14, 1144 (2003).

Y. Suzuki and T. Shibata, "Multiple-Clue Face
Detection Algorithm Using Edge-Based Feature
Vectors." to be published in Proc. 2004 IEEE Int.
Conf. Acoustics, Speech, and Signal Processing
(ICASSP 2004), Montreal, May, 2004.

[10]M. Ogawa and T. Shibata, "NMOS-based Gaus-
sian-Element-Matching Analog Associative Mem-
ory." Proc. 27" European Solid-State Circuits
Conference (ESSCIRC 2001), Ed. by F. Dielacher
and H. Grunbacher, p. 272, Villach, Austria, Sep-
tember, 2001.

[11]Daisuke Kobayashi, Tadashi Shibata, Yoshikazu
Fujimori, Takashi Nakamura, and Hidemi Takasu,
“A Ferroelectric Associative Memory Technology
Employing Hetero-Gate Floating-Gate-MOS
Structure. accepted for publication in IEEE Trans-
actions on Electron Devices.”

[12]H. Kimura and T. Shibata, "A Motion-Based Ana-
log VLSI Saliency Detector Using
Quasi-Two-Dimensional Hardware Algorithm,"
Proc. 2002 IEEE Int. Symp. Circuits and Systems
(ISCAS 2002). p. 111-333, Arizona, May. 2002.

[13]H. Kimura and T. Shibata, "A Simple-Architecture
Motion-Detection Analog VLSI Based on
Quasi-Two-Dimensional Hardware Algorithm.” to
be published in Analog Integrated Circuits and
Signal Processing.

[14]M. Umejima, T. Yamasaki, and T. Shibata, “A
Bump-Circuit-Based Motion Detector Using Pro-
jected-Activity Histograms,” to be published in
Proc.2004 IEEE Int. Symp. Circuits and Systems
(ISCAS 2004), Vancouver, May, 2004.

[15]T. Taguchi, M. Ogawa, and T. Shibata, “An Analog
Image Processing LSI Employing Scanning Line
Parallel Processing™.” Proc. 29th European
Solid-Sate Circuits Conf. (ESSCIRC 2003), p.65,
Estoril, Portugal, September, 2003.

[I6]K. Ito, M. Ogawa, T. Shibata, “A Variable-Kernel

(7]

(8]

Flash-Convolution Image Filtering Processor,” Dig.

Tech. Papers. 2003 IEEE Int. Solid-State-Circuit
Conf. (ISSCC). Paper No. 26.7, p. 470. San Fran-
cisco. February, 2003.

[17]M. Yagi, H. Yamasaki, T. Shibata, in Advances of
Neural Information Processing Systems 16 (in
press).

[18]H. Xu. Y. Mita and T. Shibata, "Intelligent Internet
Search Applications Based on VLSI Associative

Processors,” Proc. 2002 Int. Symp. on Applica-
tions and the Internet (SAINT-2002). p. 230. Nara.
Japan, Jan.. 2002.

[19]1J. Anderson, J. C. Platt. and D. B. Kirk, "An Ana-
log VLSI Chip for Radial Basis Functions," Ad-
vances in Neural Information Processing Systems
(NIPS). Vol. 5. p. 765. 1993.

[20]T. Shibata and T. Ohmi, "A functional MOS tran-
sistor featuring gate-level weighted sum and
threshold operations," IEEE Trans. Electron De-
vices, Vol. 39, p.1444 (1992).

[21]K. TIto, M. Ogawa and T. Shibata, "A
High-Performance Ramp-Voltage-Scan Win-
ner-Take-All Circuit in an Open Loop Architec-
ture," Jpn. J. Appl. Phys., Vol. 41, Part 1, p. 2301
(2002).

[22]M. Yagi and T. Shibata, "A Human-Perception-like
Image Recognition System based on PAP Vector
Representation with Multi Resolution Concept.”
Proc. 2002 IEEE Int. Conf. Acoustics, Speech, and
Signal Processing (ICASSP 2002), p. I-1045,
Florida, May, 2002.

[23]S. Parthasarathy, S. T. Nugent, P. G. Gregson, and
D. F. Fay. "Automatic Landmarking of Cephalo-
grams," Computers and Biomedical Resaerch, Vol.
22.p. 248 (1989).

[24]D. J. Rudolph. J. M. Coggins, H. Moon, "Investi-
gation of filter sets for supervised pixel classifica-
tion of cephalometric landmarks by spatial spec-
troscopy,” Int. J. Medical Informatics, Vol. 47, p.
182 (1997).

[25]H. Rowley, S. Baluja, and T. Kanade. “Neural
Network-Based Face Detection,” IEEE Trans. Pat-
tern Analysis and Machine Intelligence, Vol. 20. p.
23.1998.

[26]Y. Suzuki and T. Shibata, "Multiple-Resolution
Edge-Based Feature Representations for Robust
Face Segmentation and Verification", Proceedings
of 13th European Signal Processing Conference
(EUSIPCO 2005), Antalya. Turkey, Sep. 4-8, 2005.

[27]Hideo Yamasaki and Tadashi Shibata, "A
Real-Time Image-Feature-Extraction and Vec-
tor-Generation Employing VLSI Ar-
rayed-Shift-Register Architecture", in the Pro-

ceeding of the 31th European Solid-State Circuits
Conference (ESSCIRC), pp.121-124, Grenoble,
France, 12-16 September, 2005.



