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Abstract

Biological neural systems have been an inspiration for the implementation of artificial intelli-
gent systems. The analog VLSI (AVLSI) design methodology tries to emulate the functionality
of biological systems. This dissertation concerns the implementation of biologically oriented
computer vision algorithms using silicon integrated circuit technologies. In addition to present-
ing the specific outcomes of the research, effort has been made to solidify the knowledge in the
area into a systematic design methodology, and to identify and highlight some of the neglected
drawbacks in the area of AVLSI, as future development of systems using AVLSI concepts will
heavily rely on addressing these points.

Two specific early vision tasks, motion detection and contrast enhancement, which have been
implemented during this research, are reviewed. VLSI design requirements for implementing
biol(;gical vision are recognized. The capabilities of current VLSI technologies for implement-
ing these systems, and circuit design methodologies suitable for this task are described.

A systematic view of all design levels, from the pixel level to the architectural level of vi-
sion chips are presented. Important issues in the design of analog VLSI (AVLSI) vision chips,
including mismatch and digital noise, are highlighted and addressed.

Several vision chips have been designed, fabricated, and tested during the course of this re-
search. Some of these chips are based on models of the motion detection mechanisms in the fly
visual system, more specifically the “Template model”. These motion detection chips are de-
signed in a hybrid analog/digital design framework. One chip also explores shunting inhibition
models of the early visual layers in the retina, and shares many of the characteristics of the natu-
ral counterparts. This chip is designed within the AVLSI design framework using subthreshold
CMOS devices. The performance of new circuits for analog front end processing are evaluated
using several test structure chips. Test results from these chips are used to derive conclusions

regarding the suitability of the design techniques and circuits used in the implementation.
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Chapter 1

Introduction

This chapter presents a set of introductory material, which in addition to providing a general '
view on the topic, highlights the importance of research in this area. It also presents a short
history of the design of smart vision sensors, and points out some of the fundamental issues in
the design of such sensors. The research conducted by the “Bugeye team” will be described,
and its progress and research direction from its inception will be explained. And finally, the

organization of the thesis is presented.




Chapter 1. Introduction

1.1 A General Overview

Machine vision is one of the main branches of artificial intelligence. The richness of infor-
mation present in images makes them the first choice as an input to an artificial system which
tries to interact with its environment. A large proportion of the brain of many advanced species
is dedicated to visual information processing, which illustrates the importance of visual infor-
mation in biological systems. Biological visual systems have evolved over millions of years,
and each specie has developed a specialized visual system tailored for the essential tasks of
survival, such as catching a prey, or escaping a predator. Implementing electronic hardware for
image processing, therefore, may benefit from the underlying fundamental aspects of biological
vision, though in no respect should this be regarded as a solid framework for electronic vision
systems.

Traditionally, computer vision algorithms are performed on images captured by conventional
cameras, and processing is accomplished by means of general purpose digital computers. More
advanced systems utilize dedicated hardware to speed up the processing stage. However, in
most systems the image capture and processing modules are viewed as two separate parts of the
system, and often there is no interaction or relationship between these two stages.

Biological vision systems, on the other hand, have dedicated image capture layers (retina) in
close interaction with subsequent stages in the neuro-optical pathways. Vision chips, which try
to mimic this interaction by integrating both stages on the same chip, offer several advantages

in comparison to the traditional camera-processor approach, including:

e Speed and parallelism: The processing speed achievable using vision chips exceeds that
of the camera-processor combination. The main reason is the increased information trans-
fer bandwidth between the imager and the processing elements which occurs in parallel,

and also the reduction of the information to be transferred.

e Large dynamic range: Vision chips can provide adaptation to local light intensity, which
increases the dynamic range. Also, by utilizing proper photodetector elements and pho-

tocircuits, the dynamic range can be increased even further.

e Size: By using a single chip implementation of image processing algorithms, compact
systems can be realized. The only parts of the system that may not be scalable are the

mechanical parts, such as the optical interface.

e Power dissipation: Vision chips often use analog circuits which operate in the subthresh-
old region, dissipating power in the order of several hundred nano-watts per circuit. There
is also very little energy spent for transferring information from one level of processing

to another.
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e System integration: Vision chips may comprise most modules required for building
a vision system. From a system design perspective this is a great advantage over the

camera-processor OptiOI’l.

Although replicating biological vision on VLSI chips is an attractive solution to the gap

between image capture and analysis, there are several limitations:

e The bulk of our understanding about most biological vision systems is obtained from con-
trolled experiments on laboratory animals. The experiments are also mainly conducted
on the early visual layers, as they are regularly organized, and are more accessible than

deeper layers.

Experiments on invertebrate subjects are more common than those on vertebrates, as they
pose fewer “animal research ethics” problems, and do not require complicated neuro-
surgery to access the neuro-optical layers. In human subjects, almost all experiments
on the performance of the visual system have been based on psychophysical techniques.
In these experiments, special stimuli are carefully selected, in order to isolate different

postulated mechanisms, and the subject is tested against these stimuli.

e The models devised and proposed to describe the behavior of biological vision have only
recently started to solidify into rigorous mathematical formulations which can describe
most aspects of biological vision. Still many biological models are empirical and exper-
imental. Computational models for image processing, on the other hand, are based on
mathematical foundations. They take into account a range of assumptions, or constraints,
about the nature and contents of the image and noise. Computational models are often too

complex for implementation even on powerful workstation computers to run in real-time.

e Implementation issues are the dominant barriers in developing VLSI hardware for visual
processing. Algorithm selection, hardware design methodology, and system level inte-
gration are some of the high-level issues in hardware implementation of vision models.
Low-level implementation issues, which are mainly related to circuit design, still require
fundamental research to address problems such as dynamic range, mismatch, and digi-
tal and intrinsic noise. Another issue which directly affects the low-level aspects in the
design of vision chips is the availability of different components, such as photodetectors

and circuits for spatial and temporal processing of images.

e There is still a large gap between the achievable densities in VLSI and biological vision
systems. This is mainly due to interconnection density limitations. In biological retinas
information flows through a three-dimensional structure, while in silicon retinas the pro-
cessed image should be transferred to other processing layers through a two-dimensional

boundary.
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This brief and general introduction was intended to highlight major issues that one should
consider when designing a VLSI chip for vision processing. This area remains challenging as
most of the issues mentioned have not been properly addressed or analyzed. Therefore, there

remain vast and important areas of research on designing vision chips to be explored.

1.2 Vision Chips in the Past and Present

In this section an overview of the history and the current status of vision chip design is presented.
As we will see, originally a mere implementation of a particular model in silicon was the major
goal. Later research was directed more toward circuit level issues, along with system level
issues, such as data transfer protocols between multiple chips.

Using networks of analog circuits for image processing can be regarded as the first step in
the history of vision chips. Runge et al. in 1966 implemented an electronic retina using dis-
crete components, mainly resistors and transistors, to model the pigeon retina [Runge et al. 68].
Fukushima et al. in 1970 designed another discrete analog network consisting of 700 photore-
ceptors, which was modeled after the retina [Fukushima et al. 70]. These implementations were
aimed at simulating the processes that occur in the retina.

The accessibility of VLSI technologies in the late 70’s initiated attempts to replicate neural
circuitry on VLSI chips (see for example [Newcomb 81, Vidal 83]). Despite the rapid increase
in analog VLSI and neural network research during the late 80’s, only a few chips incorporated
photodetectors, and could therefore be regarded as vision chips [Lyon 81, Forchheimer and
Odmark 83, Tanner and Mead 84]. Most implementations were aimed at pure simulation of the
neural layers in the retina using silicon hardware, rather than providing useful devices which
could be utilized in real systems. This same trend could be seen in the “analog VLSI neural
network” area.

The peak of research activity in the analog neural network area occurred in the early 90’s,
with a slight decrease during the last two years (95 and 96). Only very few analog neural
network chips were introduced to the market, and had little success during this period. This
clearly demonstrates that although the “analog VLSI neural network” framework may serve
well for fundamental research on designing analog neural network chips, it cannot provide a
firm basis for designing devices for use in real systems, as long as the issues highlighted in

Chapter 6 are not addressed and answered.

1.2.1 Analog VLSI Design Framework

The most popular framework within which researchers have been implementing analog VLSI
(AVLSI) chips, including vision chips, is the analog VLSI design framework, and is based on
two main points (see for example [Mead 89]).

6
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1. The cell complexity and accuracy (in the analog sense) of natural neural networks are

usually low. They also possess a massively interconnected structure.

2. Analog VLSI implementation of neural networks can yield interconnected networks of

simple functional units with a low precision.

From these points it was concluded that AVLSI circuits are able to simulate or replicate
neural functionality. CMOS (Complementary Metal-Oxide-Semiconductor) devices operating
in the subthreshold region were then recognized as one of the prime choices in designing circuits
for this purpose, as they can provide a rich set of circuits with considerably less area and power
consumption than digital or conventional analog implementations. At first glance this may
seem to be a fair assumption, because of the basic similarities between the nature of some
of the models and AVLSI. Unfortunately, these similarities cannot provide firm ground for
fundamental research, as several issues are not addressed.

Firstly, the AVLSI framework is based on the similarities in the limitations of electronic
hardware and some postulated weaknesses of biological neural systems, in particular low accu-
racy and interconnection limits. This tends not to be completely true. The interconnections in
biological systems are three-dimensional, while current VLSI technologies are limited to planar
‘structures. Also, while it may seem that precision in bioiogical neural systems is relatively low,
the overall performance is much higher than what can be achieved by the most reliable analog
or digital technologies. The limits of operation of biological systems are often governed by
fundamental physical and mathematical limits, not by technological ones.

Secondly, the AVLSI framework does not provide any criteria for assessing the performance
of a limited-size neural network which uses neurons with limited precision and functionality.
Thirdly, this framework does not answer the issues related to interfacing a particular neural net-
work layer to its subsequent processing stages. For example, *“ Can the next stage use the noisy
signals, which are contaminated by the circuit noise and mismatch?”. The sequence of neural
processing in natural neural networks has developed with the limitations of each stage being
accounted for. Analog neural networks, if used in a real system, often require analog-to-digital
and digital-to-analog converters at the interfacing points with digital processors. Processing the
digitized output of a chip and trying to compensate for the added mismatch and circuit noise
could be more difficult than dealing with raw but clean input data in the first place. Although
an AVLSI system may ultimately incorporate all necessary stages from sensory systems to pro-
cessing and motor control, current AVLSI systems do still have a long way from reaching this
goal.

Vision chips suffer from the same problems as analog neural networks because they share
the same structure and principles for processing the information. The only exception is that the
input is provided by photoreceptors. The additional limitations of photoreceptors and photo-

7
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circuits!, have made the design of reliable vision chips even less successful than analog neural

network chips.

1.3 History of Our Research

The original concept of implementing an insect vision based motion sensor was developed by
Professor Adrian Horridge from Australian National University, Professor Robert Bogner and
Professor Kamran Eshraghian, both from Adelaide University, in 1991. In 1992 the insect
vision team (later named the Bugeye team) started working on different aspects of the project.
The Template model, which represents a simplified model of the motion detection mechanisms
found in insects, was used as the basis for the first VLSI chip. Various functional modules
necessary for the implementation were then identified and designed. The VLSI design was
completed in late 1992 and the chip was fabricated and tested in 1993.

The first chip, dubbed “Bugeye-I”, was intended as a proof-of-concept design, to demonstrate
the feasibility of integrating photodetection and phototransduction, analog preprocessing, and
digital processing all on one chip. The chip functioned successfully under laboratory conditions,
although there were several problems related to the analog circuits that needed to be addressed.

With the commercial support of an industry partner, the project aimed at developing a motion
sensor for blind-spot detection in automobiles. The next chip, named “Bugeye-II”, was designed
as a test-bed for several analog circuits, which were modified versions of the circuits used in
Bugeye-1. Bugeye-II comprised only the analog core. Most of the analog circuits implemented
in the chip were successfully tested. However, the analog temporal differentiator remained
unreliable and sensitive to lighting and biasing conditions.

“Bugeye-III” was designed as a test chip for various differentiator circuits. It contained
17 different temporal contrast detection (TCD) circuits. Comprehensive tests identified the
best TCD circuit which could function reliably under large variations in lighting and biasing
conditions. As a result, “Bugeye-IV” chip, which contained an array of 4x64 TCD circuits,
was designed and fabricated.

Finally “Bugeye V”, which comprises all necessary modules for implementing the template
model was designed and fabricated. It contains two arrays of photocircuits, whose outputs are
passed to an on-chip ADC and then to a digital processing unit. The chip can be configured to
provide different information, such as the raw image data, templates, local motion, or global

motion, and its design is aimed at facilitating integration into real systems, such as robotics.

'T have adopted the term “photocircuit” because of its clear and sharp reference to a circuitry which processes
the photocurrent or photovoltage. Other terms, such as “photoreceptor”, have been interchangeably used both for
single photodetectors and the circuitry used for processing photocurrents, and in a context full of these references

can become confusing.
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As a complement to the project, work was done on implementing the contrast enhancement
and spatial adaptation capabilities of the retina. The “MNCSI” chip, contains several one-
dimensional arrays of various models of the retina. Test results from this chip were used in

implementing a two-dimensional smart sensor.

1.4 Organization of The Thesis

This thesis is organized in a top-down fashion, divided into four parts. Part I establishes the
background, and contains basic material from the two different aspects of the project, i.e. com-
puter vision and VLSI. In Chapter 2 models and algorithms for low-level motion detection and
contrast enhancement are reviewed. Implementation requirements for these two vision tasks are
discussed. In Chapter 3, VLSI technologies, analog design techniques and their capabilities for
implementing computer vision algorithms are presented.

Part I is concerned with physical implementation issues at various levels. It addresses pixel-
level physical design and tessellation strategies, and describes sensor-processor structures and
system-level communication methods. It then presents the circuit level design of photocircuits,
spatial, temporal, and spatio-temporal processing circuits. Also, some of the issues that severely
affect the design of AVLSI circuits, such as mismatch and digital noise, are addressed in detail.

Part III describes three of the designed sensors and discusses the experimental results. The
significance of Bugeye II, described in Chapter 8, is from a circuit design point of view. Bugeye
V, described in Chapter 9, has an architectural significance. Finally, the shunting inhibition chip
in Chapter 10 embodies novel AVLSI circuits for contrast enhancement.

In Part IV problems encountered during the research are presented, possible solutions are
described, and future directions for continued work and the enhancement of this field of research
are presented.

Finally, the derivations of some of the equations which appear in the main body of the thesis

are relegated to in the appendices.
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Chapter 2
Computer Vision for Analog VLSI

“Even the simplest brains of the simplest animals are awesome computational instruments.
They do computations we do not know how to do, in ways we do not understand”
Carver Mead in IEEE Proceedings, 1990

In this chapter an overview of models for motion detection and contrast enhancement in early
vision is presented. The reason for addressing only these two visual tasks is that, originally, the
project aimed at designing a motion detection system based on the “Template model”. Later we
investigated the implementation of contrast enhancement models, in particular retinal shunting
inhibition.

Although many other visual tasks can be studied for VLSI implementation, most of the issues
are similar to those of the two specific tasks that are addressed here, i.e. motion detection and

contrast enhancement, and many of the circuits and building blocks can be reused.
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Introduction

Computer vision research is undoubtedly one of the most active areas in artificial intelli-
gence. This branch of artificial intelligence can certainly act as the most useful source of in-
formation for an intelligent system which is intended to interact with its environment. A large
body of the research in this area, however, is concentrated on developing algorithms, whether
it be motion detection, object recognition, stereo vision, or any other type of visual information
processing.

The biological approach toward computer vision tries to utilize some of the basic observa-
tions concerning biological vision systems in the development and implementation of vision
algorithms and hardware. The two most recognized observations are the parallel nature of the
visual wetware, and the relative simplicity of the processing elements in the visual pathways.
These principles have been highlighted in many biological models for vision.

When developing algorithms, hardware related issues are often completely ignored. The
driving force behind many algorithms is the reliability and flexibility, for operation in real en-
vironments, rather than physical implementation. As a result, many algorithms cannot run in
real-time even on supercomputers.

While several vision algorithms could be found that have been tailored to digital implemen-
tations, there are almost no algorithms targeted at AVLSIL In fact, it has been assumed that
the AVLSI hardware should match itself with the algorithm. At first glance, considering the
basic similarities between the nature of some vision models (especially biological ones) and
AVLSI, it may seem that this is a fair assumption. However, these similarities have not been
fundamentally helpful in designing successful vision systems. For example, the architecture
for many motion detection chips is based on the Hassenstein-Reichardt model [Hassenstein
and Reichardt 56]. When considering the function of a single motion detection element, most
implementations provide acceptable performance in comparison to the mathematical model.
However, in a larger AVLSI system composed of many of these motion detection elements, the
outputs of the elements become heavily dominated by circuit mismatches and other nonideali-
ties in AVLSL

In the following sections we focus on the models of two early vision tasks, i.e. motion
detection, and contrast enhancement, which have been targeted for AVLSI implementation in
this project. Computational and biological models are both briefly reviewed and presented, with

particular emphasis on architectural and AVLSI implementation aspects.
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2.1 Computational Motion Detection Algorithms

Motion cues are a very rich source of visual information. Segmenting objects, finding depth and

other vital information, such as time-to-collision, can be obtained from motion information.

Distinction should be made between motion detection and velocity estimation. In motion
detection only the existence and the direction of motion at each pixel are detected. In velocity
estimation, the original velocity vectors of the object are estimated from the velocity vectors of
the image, which is also known as optical flow. The object velocity field does not necessarily
correspond to the optical flow field. Therefore, it is theoretically impossible to find the exact
motion field. However, in some realistic cases close approximations of the motion field can be

obtained.

There is a large number of computational models for motion detection. Detailed characteris-
tics of each model can be found in the literature (see for example [Laplante and Stoyenko 96]).

Here an overview of these models is presented.

Computational motion detection models can be categorized into three main groups: intensity-
based, feature-based, and correlation-based. In intensity-based models local spatial and tempo-
ral gradients of the image are used to determine the optic flow and motion. In fea.ture matching
techniques features such as points, lines, and comers are found, and tracked over time. In
correlation-based algorithms either the raw image or the processed image (for example after
edge detection) is correlated with the previous frame to find the movement in the image. Due to
the extremely high computational needs of correlation-based algorithms they are not as widely

used as other algorithms.

The main problem of intensity-based techniques is known as the aperture problem, whereby
the direction of motion of an object cannot be determined uniquely, when looked at from a small
aperture. Feature matching models face the correspondence problem, where the features in one
frame are to be matched with corresponding features in the previous frame. Feature matching
techniques require image information over a wider area of the image, and are therefore more

computationally expensive.

Intensity-based algorithms provide a better architecture for implementation, from an AVLSI
point of view, because the information required for processing is often within a local neigh-
borhood. In feature matching algorithms mechanisms for global searches and feature memory
may be needed, depending on the type of features being detected. For example, if the features
are outlier pixels or points, then an analog network with local interconnection might be able to
locate them [Harris et al. 90]. Global correlation-based algorithms cannot be implemented in

current analog networks, due to their high demand on memory and interconnection resources.
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2.1.1 Intensity Based Motion Detection

The intensity gradient in time and space has been used to determine the optical flow, and motion
field. In the method developed by Horn and Schunck [Horn and Schunck 81] it is assumed that
the brightness is constant. Based on this assumption, the relationship between the velocity and

intensity gradients has been derived as the brightness change constancy equation (BCCE)

- - OI
vi-V=o @2.1)

where VI is the intensity gradient, V is the velocity vector, and 91 /0t is the temporal derivative
of intensity. This equation applies only when the intensity changes are due to the translational
motion and the image is smooth, except at a finite number of points. The smoothness constraint

used by Horn & Schunck, is derived by minimizing the square of the magnitude of the gradient
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where du/dx,0u/0y,v/0x,dv/0y are the partial derivatives of the velocity vector. The

of the optical flow velocity

smoothness error to be minimized is:
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There are a number of difficulties in applying gradient models to real image sequences.
Firstly, the intensity constancy assumption is valid only under very limited conditions and is vi-
olated around the image boundaries and motion boundaries. Secondly, spatio-temporal deriva-
tives produce noisy and unreliable data.
Others have tried to improve the estimation of the motion field by reducing the smoothing of
the velocity field in areas close to the edges with high spatial gradients. For example, Hildreth
[Hildreth 85] applies the smoothness constraint along image contours. The contours are zero-

crossings determined by applying the LOG (Laplacian of Gaussian) operator. The smoothness

error in this case is

2
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where s denotes the direction of the contour at a point on the contour.

Nagel has constrained the smoothing of the optical flow only in the direction perpendicular
to the spatial gradient [Nagel 87]. He has further extended the constraint to spatio-temporal
orientations [Nagel 90].

There are other methods which use affine flow-field models [Gupta and Kanal 97], wavelet
transforms [Corghi et al. 97], multiresolution techniques [Memin and Perez 96,0ng and Spann 96],
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block-matching [Musmann et al. 85,LeQuang and Zaccarin 97] (although block-matching tech-
niques have been mainly used for motion estimation in video coding), and even feature-based
methods [Buxton and Buxton 84] to find a reliable estimate for the optical flow field.

The advancement of optical-flow techniques has resulted in more complex algorithms which
are often accompanied by more constraints and require more spatio-temporal information. These

all make such techniques less tractable for analog VLSI implementations.

2.1.2 Feature Based Motion Detection

In real scenes a large proportion of the image may not contain useful information. Therefore,
it would be of great advantage to focus on salient features, which provide the most useful
knowledge about the scene. Feature-based techniques for motion detection thus reduce the
amount of information by concentrating on the displacement of features of interest in a sequence
of images. There are two major issues concerning this class of algorithms. Firstly, features must
be reliably and accurately detected in each image frame. Secondly, the correspondence problem
arises due to similarities between distinct features, which may confuse the process of tracking
the displacement of one feature from an image to the next. Both feature detection and solving
the correspondence problems are non-trivial tasks.

Some of the most commonly used features are: corners, edges, blobs, and templates. The
first three features are purely spatial, but the fourth is a spatio-temporal feature, which we have
used in our approach [Horridge 90].

Corners are two-dimensional features, which are mainly defined by points of high curvature
in the image boundaries [Smith and Brady 97]. Many corner detection algorithms have low
reliability and are sensitive to noise [Haralick 93]. Interest points have also been regarded as
forming a superset of corners, although the definition of what really constitutes an interest point
is somewhat open ended.

Edge elements and lines have not only been used as features for motion detection, but also
for many other tasks, such as segmentation. Edge detection is one of the most developed tasks
in computer vision, mainly due to its relative structural simplicity and clear definition. Many
books on machine vision contain detailed analyses of various edge detection algorithms (see for
example [Faugeras 93,Horn 86]). A classical mathematical method for edge detection has been
the zero-crossings of the Laplacian of Gaussian (LoG) operator [Marr and Hildreth 80]. A large
number of other methods exist, which present many improvements over the method based on
LoG.

In the context of “feature for motion detection”, edge elements and lines are more tractable
than corners, as they have several parameters, such as line terminations, length, and direction,
that can be matched between frames. In the case of corners, only the position and sometimes the
type of corner (for example “L”, “T”, or “X” junctions) can be matched. Therefore, the type of
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corner and its accurate location become critical parameters, especially in noisy environments.
There is a threshold level in all these models to validate the feature, below which a feature

is not detected. Selecting the optimum threshold often requires a priori information about the

noise and its characteristics, as well as the image contents. So it is not unexpected to observe

that almost all models fail under some noise and signal (image) conditions.

2.1.3 Correlation Based Motion Detection

All previous models require some form of spatial and temporal derivatives of the intensity to
compute motion. In intensity based methods these derivatives are directly involved in the pro-
cessing. In feature based methods derivatives are involved indirectly, and are used for detecting
features. In correlation based models, each frame is correlated with the previous frame. Move-
ment in parts of the image can be detected by observing the location of the maximum correlation
with respect to the previous frame. Due to their integrative rather than differentiative nature,
correlation-based models produce more robust output, although the computational cost of the
large number of correlation operations is often very high [Bohrer et al. 90].

In order to alleviate the computational cost of this approach, one may limit the image blocks
to be correlated to a block of 1x 1 (only one pixel) and only over a span of one pixel. In fact this
extremely simplified approach is the essential building block in the correlation-based motion
detection units proposed for the fly visual system [Reichardt and Egelhaaf 88].
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2.2 Biological Motion Detection Models

Models proposed for biological motion detection fall mainly into the category of local models,
where there is only interaction with the nearest neighbors. Although most models are based
on time domain representation of motion, there also exist spatio-temporal energy models which
measure the spatial and temporal energy of the visual field within a range of spatial and temporal

frequencies [Adelson and Bergen 85].

The structure of most models are relatively simple, and are similar to or derived from the
Reichardt detector, which in essence uses two branches of delay-and-compare elements to detect
motion in two directions. The basic structure for an elementary motion detector (EMD) is
shown in Figure 2.1-a. A bidirectional motion detector using two EMD cells can be constructed
as shown in Figure 2.1-b. The delayed signal from one channel is compared to the signal
from the other channel. The M element performs a nonlinear operation, so that directional
selectivity is preserved. Two types of veto and conjunctive (or in more familiar words inhibitory
and excitatory) elements can be used [Barlow and Lewick 65, Hassenstein and Reichardt 56].
Early studies tried to describe the function of the elementary motion detection units by using
either inhibitory or excitatory interactions [Franceschini et al. 89, Schmid and Bulthoff 88].
However, Bouzerdoum suggested that both mechanisms could exist, and depending on the order
and spatial spread of the stimuli used in the experiments, only one mechanism may be excited
or be dominant [Bouzerdoum and Pinter 92].

& & N &

Preferred Direction

~ Null Direction

(a) (b)

Figure 2.1: a) The elementary motion detector. b) Bidirectional motion detector.
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Linear lateral inhibition, which was originally proposed by Hartline and Ratliff as a result
of experiments on the compound eye of Limulus, could explain some of the behaviors of the
visual function [Ratliff and Hartline 74]. However, in order to be able to model directional
selectivity for motion detection nonlinear interactions are required. The multiplicative lateral
inhibition model, which is also known as shunting inhibition, was introduced to provide di-
rectional selectivity, and also to describe observations regarding the variation of the shape and
size of the receptive fields with changing light intensity [Pinter 84, Bouzerdoum and Pinter 89].
The structure of the shunting inhibitory motion detectors is the same as the EMD cell shown in
Figure 2.1.

Structurally different biological motion detectors often add temporal, spatial, or spatio-
temporal filters (mainly band-pass filters) before applying the input to the EMD cells [Courellis
and Marmarelis 90], or add spatial or temporal feedback to enhance the adaptability to mean
luminance, again before the EMD units [Beare and Bouzerdoum 96]. Figure 2.2 shows some of
these configurations.

The template model, which we have used as the basis for implementation in our chips, is also
structurally similar to the EMD cell (see Figure 2.3). However, it only uses digitized values of
the temporal contrast. All signals after the thresholding stage are digital values.

Templates can be regarded as low-level spatio-temporal features, in which the motion in-
formation is embedded. From the 81 possible templates, eight of them reliably code motion
direction under noisy conditions [Nguyen 96]. These reliable templates can be searched for and
tracked. In fact, from the point where templates are formed, the motion detection algorithm
changes to a feature-based tracking technique.

All these models suffer from the fundamental problems related to local motion detectors, i.e.
the aperture problem and spatio-temporal aliasing. Biological systems, of course, have much
more elaborate mechanisms to overcome these problems, often by integrating motion informa-
tion at higher processing levels. However, even these simple models pose serious limitations on

the hardware resources available in VLSI technologies.
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(c) (d)

Figure 2.2: Structural modifications to the EMD a) using temporal band-pass filter
to eliminate the background illuminance in temporal domain, b) using spatial band-
pass filter to remove the spatial background illuminance, ¢) using temporal feed-

back, and d) using spatial feedback.
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Figure 2.3: The structure of the template model.

2.3 Contrast Enhancement

Contrast enhancement is one of the earliest spatial processing operations in biological vision.
Its task is to emphasize interesting features in the image, reduce noise, and make best use of
available communication bandwidth by reducing the dynamic range of the image.

In computational vision, contrast enhancement often appears in the context of edge detection
and data recovery from a noisy input image. In biological vision, contrast enhancement has
been studied under the topic of contrast sensitivity. In most of these studies spatial frequency
response is used instead of spatial response. One reason has been that probing many retinal or
cortical channels proves impractical. Instead one can provide sinusoidal gratings (or other types
of frequency selective stimuli) as the input and measure the response of a single channel, while
changing the spatial frequency of the grating.

The function of contrast enhancement can be seen in Figure 2.4-a, which depicts a typical
output for a spatial step input. The output level for areas where the input is flat is constant. Also
the contrast of the edges is preserved, and depending on the characteristics of the function the
contrast may even be amplified. This can be considered as a kind of spatial derivative operation.
Another important feature of contrast enhancement is the compression of the dynamic range,
as shown in Figure 2.4-b. The smaller dynamic range at the output is necessary for further
processing stages, so they do not need to cope with a wide ranging input. The last feature of
contrast enhancement is removal of high frequency noise. If the derivate operator is applied to

21



Chapter 2. Computer Vision for Analog VLSI

high frequency noise, the output will be flooded by the amplified noise.

Therefore, contrast enhancement can be seen as a stage for reducing the information by re-
moving the “DC” level, amplifying interesting features (which in this case are spatial frequen-
cies other than low and high-frequencies), and reducing noise by limiting the bandwidth. These
properties can be synthesized using a spatial band-pass filter, although we will see that these
rather simple characteristics find their roots in more solid mathematical and visual information
processing theory.

In the next section some of the most common models for contrast enhancement are described.

Input I |

w RS Ouput

(a) ()

Figure 2.4: The effect of contrast enhancement on step edges.

2.3.1 Computational Models for Contrast Enhancement
Subtraction from spatial average

Intuitively, the subtraction of a signal from the local spatial average, as depicted in Figure 2.5,
should yield the same spatial response as in Figure 2.4. The spatial average in fact computes
the mean luminance, or in other words an estimate to a signal in a noisy environment !, from
the information in a local neighborhood.

Subtraction essentially removes the local average from the signal and produces a zero-
centered output. It is easy to see that if we consider the spatial averaging as a spatial low-pass

filter, the whole operation can be regarded as a high-pass filter.

Division by spatial average

In a slightly different approach one can use division instead of subtraction to achieve similar
results. Theoretically, there is no apparent advantage, except that by using division the output
will be normalized to “one” instead of being centered around zero. If the denominator becomes

"This is the basis for the “predictive coding™ perspective as the function of the retina [Srinivasan et al. 82]
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zero the output will be undefined. However, from a practical point of view this does not pose a

serious problem 2.

In(0) In(1) In(N-2) In(N-1) In(N)

v ¥ L A L Y

Local Spatial Averaging

A A Y 3 y

[ [T ]

Out(0) Out(l) Out(N-2) Out(N-1) Out(N)

Figure 2.5: Contrast enhancement using division by spatial average.

Laplacian of Gaussian (LoG)

The LoG operator is a process used mainly in edge detection. Gaussian smoothing is known to
minimize the uncertainty between the spatial and spatial-frequency spread of the filter. The as-
sumption behind this concept, which was originally proposed by Gabor and later used by Marr
and Hildreth, is that edges are localized both in space and frequency, and therefore the edge de-
tection filter should also be localized in space and frequency [Gabor 45, Marr and Hildreth 80].

The Gaussian and LoG operators for a one-dimensional case are given by:

1172

G(z) = —21r026 20

2.5)
2 _a’
V(g ¥

The parameter o determines the spatial span of the operator. Two other similar operators,

LoG(z) = V3G(z) =

which are more practically oriented, are the difference of Gaussians (DoG) and the difference

of exponentials (DoE) described by

1'2 .’L'2
_ 1 o2 _ _1 9,92
DOG(.T) = me 201 me 202 (26)

DoE(z) = Ae~°l®l — Be~Alal

ZA circuit implementing this model has been used for the MNC operation, which is described in Chapter 8.

Due to circuit nonlinearity and saturation, the problem of division by zero is eliminated.
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where 0 < a, 3 < 1 and A, B > 0. Both of these functions can be realized using resistive

networks (see Section 5.3.2 and Appendix B).

Even Gabor functions

Gabor functions, similar to the Gaussian operator, have the property that the product of their
uncertainty in the spatial and spatial frequency domain is minimum. The even and odd Gabor
functions have been observed in the cortical receptive fields [Regan 91]. Even (as opposed to
odd) Gabor functions also satisfy the few requirements for contrast enhancement, i.e. removal

of the DC level and edge enhancement. The first order Gabor function is given by

.272

GAB(z) = Acos(az)e o° (2.7)
Regularization theory for surface reconstruction

The problem of surface reconstruction from noisy data is an ill-posed problem, which can be
solved by regularizing the problem through proper constraints. In the case of surface recon-

struction the following term should be minimized

(A = v)|[* + Al (u, + 2uZ, + uj,)?| 2.8)

where v = Au represents the ill-posed problem, A is the regularization parameter, and u
and v are the input data and the estimated data. The solution to this problem is the biharmonic
equation [Terzopolous 84].

AVAV2y(z,y) + vz, y) = u(z,y) (2.9)

For a one-dimensional case the impulse response can be found as

BIH(z) = —L (cos(J%l) — sin(J%L))e— k

2 (2.10)
k= /4)

N)

2.3.2 Biological Models for Contrast Enhancement
Linear lateral inhibition

Lateral inhibition as a model for retinal function was proposed by Hartline and Ratliff. Most of
the work has been encapsulated in [Ratliff and Hartline 74]. In linear lateral inhibition (LLI)
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each cell inhibits its neighbor(s). A network of LLI cells can be described by

Tp — Uy — b(Up_1 + Upy1) =0
X-AU=0

a-+2b b 0

b a+2b b 2.11
= @11)
0 b
0 b a+2b
U=4"1X

where z is the input and u is the output. a and b are the network parameters. Here we have
excluded the dynamic part of the original LLI equation, which is a du,/dt in the right hand
side of the equation. One salient feature of lateral inhibition is in the local “interaction”, which

makes it more attractive from the implementation point of view.

Nonlinear lateral inhibition

Although LLI satisfies most of the requirements for contrast enhancement, it does not explain
some other observations, such as the adaptation of the receptive field size and shape to light
intensity [Pinter 84]. To extend the functionality of the LLI, it was suggested that nonlinear
interactions be used. Multiplicative inhibition (which is known as shunting inhibition ) is a
simple form of nonlinearity that has been proposed for this purpose [Pinter 84]. The steady

state (without the dynamic terms) expression of shunting inhibition is given by
Ty — QUy — by X (Up—1 + Unt1) =0 (2.12)

This equation can be linearized and solved relatively easily. The static and dynamic proper-
ties of nonlinear lateral inhibition have been extensively studied [Bouzerdoum and Pinter 92,Na-
bet and Pinter 91].

2.3.3 Comparison

All the models described here can reproduce some of the functionalities of the retina. Which
one is the golden solution to the widely known properties of contrast enhancement? Figure 2.6-
a illustrates the receptive field of the models described. In order to have a fair comparison
we have used the normalized LoG operator and have tuned the parameter/s of other models to
minimize the mean square error. The subtraction from local average, division by local average,
and LLI (with only nearest neighbor interaction) have a span of “one” pixel in the central part

of the kernel. In this sense comparing them with other models in unfair.
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The LoG, DoG, and the even Gabor functions are very similar in performance. The band-
pass filter characteristics of all models is clearly observed in the frequency response. If we
had tuned the parameters of each model such that the peak frequencies were the same, it could
be seen that the solution of the biharmonic equation, and the DoE (difference of exponentials)
have a slightly higher high-frequency signal transfer. The even Gabor function, by contrast, has
higher low-frequency signal transfer.

As illustrated in Figure 2.7, typical contrast sensitivity for the retinal and cortical layers
resembles that of the Gabor function. Consequently, most of the literature on the subject of
modeling contrast sensitivity and characterizing receptive fields in the retinal and cortical layers
use Gabor functions (see for example [Watson and Solomon 97]).

From a VLSI point of view, realizability is regarded as more important than trying to copy
the exact shape of the receptive field. The accuracy of the implemented circuits is usually far
less than what is needed to produce a distinguishably different receptive field. Therefore, unless
the very detailed characteristics of the model are crucial to the implementation, the general
characteristics of contrast enhancement can be replicated by any of the models described here.

Implementing any function that involves a Gaussian operator, for example in the DoG or Ga-
bor functions, requires negative resistive connections to the second nearest neighbors [Kobayashi
et al. 91]. This requires large circuits, particularly because two separate Gaussian smoothing
networks should be used. Second-order resistive networks have also been used to implement
Gabor-like (an exponential modulated with cosine or sine) functions [Raffo 95]. A very com-
pact implementation, which approximates the solution of the biharmonic equation has been
described in [Andreou and Boahen 94, Boahen and Andreou 92]. Section 5.3.5 describes the

circuits and networks for contrast enhancement.
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Figure 2.6: a) Spatial receptive fields of different contrast enhancement models. b)
Spatial frequency characteristics.
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Figure 2.7: Spatial contrast sensitivity function for an average foveal primate lateral
geniculate nucleus (LGN) neuron [Watson 91].
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Chapter 3
Analog VLSI for Computer Vision

“There is nothing that is done in the nervous system that we cannot emulate with electronics, if

we understand the principles of neural information processing”
Carver Mead in IEEE Proceedings, 1990

This chapter gives another perspective of the project, i.e. from the hardware point of view
toward algorithmic issues. First the general issues facing AVLSI design of vision algorithms
are presented. Analog neural networks, as an architectural superset of vision chips, are then
introduced. Major differences between analog neural networks and vision chips are highlighted.

The advantages and disadvantages of VLSI technologies for implementing vision chips are
discussed. Dominant design techniques for vision chips, i.e. current/voltage mode, charge

mode, and hybrid modes (mixed digital/analog, and mixed charge/voltage), are presented.
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Introduction

Although the algorithm development stage is an essential part in the design of any artificial
vision systems, hardware implementation issues play an equally important role when real-time!
operation of the system is considered. The first limitation in realizing real-time hardware, which
is almost independent from the algorithm being implemented, is the information transfer bot-
tleneck from the imager to the processor. For a 1024 x 1024 pixel image, digitized at 8-bit and
30 frames/second, a data transfer bandwidth of about 30 M-Bytes/second is required. In 33
seconds there will be about one Giga byte of image data. Even the storage and retrieval of
this amount of information using current high-end workstations is not feasible in real-time. Of
course, the amount of information is related to the image resolution, frame rate, and processing
requirements of the algorithm. These parameters are all dependent on the application and the
algorithm. However, for real-time applications this information should be processed at the same
rate as the input.

Therefore, the first step towards achieving real-time performance is to reduce the amount of
information transferred from the image acquisition to subsequent processing stages. Parallel
processing architectures present another obvious solution. Many vision chips in fact exploit
both concepts by incorporating one processor for each pixel, and at the same time reducing the
amount of information. Some vision chips target only the information reduction by performing
image compression [Aizawa et al. 95, Hamamoto et al. 96, Hamamoto et al. 97].

All computer vision algorithms can be implemented in serial digital hardware, as long as
issues such as speed or size are of no concern. This is simply because there is no constraint
on making the structure and flow of data in the model and the hardware/software architecture
the same. Parallel hardware architectures constitute a step forward in realizing some of the
natural parallelism in computer vision problems. However, they have been severely limited by
problems such as data partitioning, as the size of the problem is often larger than the size of
the processing elements in the hardware, and rewriting algorithms to suit the specific hardware.
Nonetheless, all vision algorithms can be implemented in general purpose parallel hardware,
although the efficiency of the implementations may not be optimal.

Analog implementations of vision algorithms can be divided into two main categories: those
using general purpose analog processing networks (mainly neural networks), and vision chips.
Analog neural networks retain the generality of neural networks, while offering a high level of
parallelism in a small area. Vision chips, on the other hand, represent the ultimate architectural
similarity between the algorithm and the hardware.

In this chapter, various topics relevant to VLSI design issues are presented. The purpose is to
present a view of the requirements for VLSI implementation of vision chips, and the capabilities

of current technologies and design methodologies in addressing these requirements.

Here we call a process real-time if the processing rate keeps pace with the information rate at the input.
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3.1 Analog or Digital?

A philosophical point

An important issue in the design of any hardware system is the choice of analog or digital im-
plementation in various parts of the system. Before presenting a more technical discussion, we
would like to highlight a rather philosophical point. In designing a system, if only engineering
aspects of the implementation (such as power, area, speed, robustness, and so on) are the main
concern, then one cannot elaborate on ideas which are not realizable using available technolo-
gies, design techniques, and knowledge. However, if the design is performed under a scientific
(versus engineering) framework, there will be freedom in exploring new ideas, techniques, and
so on. These are simply the definitions of engineering and scientific work. For example, it is
clear that if technology permitted, we would have been able to build silicon retinas which could
outperform conventional camera-processor systems for vision processing. There is no need for
a hard proof other than referring to any biological vision system. However, the technology at
our disposal is far inferior to its biological counterpart. Our attempt at understanding and em-
ulating biological vision systems, therefore, should be considered from a scientific rather than
an engineering viewpoint. At this stage, we do not expect to build vision chips that can achieve
significantly higher performance. But as this area progresses, and the technology becomes

available, more mature engineering designs would be possible.

Design trade-offs

A general comparison between analog and digital implementations would be meaningful only
in the context of a specific design. In fact, most comparisons performed to date have been
performed in relatively narrow fields. This is simply because the design trade-offs and costs are
well understood, and a decision can be made based on particular implementations (For example
see [Hahm and Titlebaum 97, Sarpeshkar 97, Hosticka 85]).

Some of the main differences between analog and digital implementations are listed here.

e Signal representation:
In analog implementations, signals are represented by continuous levels, while in digital,
signals can only take two quantized levels. In order to represent more levels, more bits are
required in the form of a word. A word can represent an integer, a floating point number,

or any other type.

e Computation:
Analog systems can effectively use the physical principles of a device to perform some

computations. For example addition or subtraction in current-mode circuits only requires
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a connection between the wires. However, this depends on the design style and tech-
niques. Addition using voltage-mode design techniques requires more elaborate circuits.
The concept of physics of computation highlights the computational efficiency of ana-
log circuits. Using physical characteristics of the devices we may be able to perform

operations in a very efficient way.

In digital systems every operation consists of many single boolean operations.

Dynamic range:

In analog implementations, dynamic range is limited by several factors, including supply
voltage, and noise (thermal, interference, and distorsion). The typical dynamic range of
analog signals is in the order of 40 to 100 dB.

The dynamic range of a digital word is limited by the number of bits and the type of the
word. A 32-bit word can have a dynamic range of 200 dB in an integer representation or

a dynamic range of more than 800 dB using a floating point representation.

Noise:

Noise in analog systems arises from stochastic processes, such as thermal and shot noise,
or deterministic processes, such as interference and distortion. In a cascade of analog
circuits, noise is accumulated at each stage, and eventually may completely dominate the

signal.

In digital systems, noise is virtually removed at each low-level gate, as almost all digital
gates regeneratively recover the signal. Therefore, the only source of noise in digital

systems are the quantization noise, and round-off errors.

A similar regenerative process may be employed in an analog system. This is known as
A/D/A (analog to digital to analog). However, the associated cost of the extra circuitry
makes this approach suitable only for very low precision analog processing (at most 5
bits).

Biological plausibility:

Biological systems use analog signals for transmitting neural information. Pulse coded
signals are also seen in long axonal signal transfers. Pulse code modulation is a mix-
ture of analog and digital representations, where only one wire is used to represent an
analog signal (coded in the frequency or the width of pulses) using quantized levels. It
is well known that pulse coded signals are more robust against noise and distortion than

continuous analog signals.

Speed:
Speed of processing in both analog and digital circuits is directly proportional to the
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required dynamic range. The power is also directly related to speed. Therefore, there
is not usually a significant difference between the power-delay products of analog and

digital implementations, with the same dynamic range and using the same technology.

e Area:
If the physical properties of the device are used in the implementation, the area for imple-
menting an analog function could be about two orders of magnitude less than its digital
counterpart. However, as the functionality and precision of the processing increase, con-
ventional analog circuits do not provide a clear advantage, and often for precisions of
more than 8 bits the area occupied by an analog implementation becomes comparable to

that of a digital implementation.

It should be emphasized again that design style (or design ingenuity) significantly affects
the area. As an example see Section 5.3.3, which describes various implementations of
spatial smoothing. One design uses only two transistors per pixel, while another design

uses 12 transistors.

As in every system, selecting a particular approach depends on the design requirements. In
vision chips, area is the dominant factor. Relatively complex functions must be implemented
to perform even simple tasks. To obtain vision chips with enough resolution, it is necessary to
minimize the area occupied by the processing elements at each pixel. As the process technology
scales down, more circuitry can be placed at each pixel, and the resolution can be increased.

With the currently available technologies, it is not feasible to implement vision chips us-
ing digital implementations with usable resolution, and with the same natural architecture as
biological vision systems. The area required for implementing digital functions, such as multi-
plication is very large, even in the leading edge processes. To this we should add the memory
and interconnection requirements, and the analog to digital conversion stages for interfacing to
the sensors. Although a digital vision chips exists [Bernard et al. 93], that particular imple-
mentation operates on binary images and uses boolean operators. This might be satisfying for
specific applications, but cannot in general be a substitute for the requirements of gray-level
images.

For neural networks, the requirements are slightly less restrictive than vision chips. Vision
chips comprise photodetectors and processing elements and often there is a close interaction
between the two. Also, the input is a two-dimensional image and ideally there is one pro-
cessing element for each photodetector. In neural networks, the input is not necessarily two-
dimensional. Also, feedback paths are an indispensable part of any neural network with learning
capability. A simplified illustration of a vision chip and a Hopfield neural network is shown in
Figure 3.1. Neural networks are mainly limited by the interconnection density and the synapse
circuit, which basically multiplies the weight by the input (and output) and can be constructed

using simple analog circuits in a small area.

34



Part I. Preface & Background
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Figure 3.1: A general view of a vision chip and a neural network.

3.2 Analog VLSI and Artificial Neural Networks

The hardware implementation of artificial neural networks (ANN) has been researched exten-
sively, and several design methodologies have already been adopted. There are close architec-
tural similarities between vision chips and ANNs, and most models for vision can be categorized
as a subclass of neural networks. Therefore, some of the neural net design techniques may be
used for vision chips. The purpose of this section is to give a quick overview of some of the
common architectures and their VLSI implementation requirements, rather than to elaborate on
the theoretical or architectural aspects of neural nets, as there is a large amount of literature

available on these subjects.

Some of the most common neural net architectures are illustrated in Figure 3.2. An important
observation, is the massive number of interconnections required in all of these architectures.
This has been a major barrier in designing large neural networks. In a general implementation a
fully connected network is required, although in some cases the interconnections may be sparse
and limited to a local neighborhood. For networks with error back-propagation, the number
of interconnections doubles and each processing node should also include an error calculation
module. Implementing any of these architectures, except for cellular neural networks (CNN),
is virtually infeasible using current technologies for a reasonable size two-dimensional input
vector. It is therefore not surprising that none of these architectures have been mentioned in any

of the vision chips reported to date. CNNs, on the other hand, have a VLSI friendly structure
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Figure 3.2: Some neural network architectures. a) A feed-forward network. b)
a fully connected Hopfield network. c¢) a multilayer perceptron (MLP) with error

back-propagation (BP). The dashed arrows in MLP indicate the flow of error sig-
nals. d) a cellular neural network (CNN)

and have been used in the implementation of several vision chips (see Sections 5.3 and 5.3.1
for some of the applications of CNNs for this purpose.).

Neural networks are often characterized by an interconnected network of a large number
of simple processing elements, which may or may not have feedback. In general, for a fully
connected single-layer one-dimensional neural network, O(N?) weight multiplication and stor-
age elements are needed. The four highlighted points in the definition of a neural net, and the
weight storage requirement, demonstrate the demands of a NN.
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Interconnection

Interconnection is the first requirement of a NN, which poses a major limitation in a hardware
implementation [Ismail and Fiez 94]. Real life applications require a large number of neurons to
be connected together. Routing a large number of wires inside a chip can hardly be achieved for
a NN with several hundred neurons. As the processes shrink, the interconnect density increases,
but at the same time the neuron density increases at a rate proportional to the square of the
neuron numbers. In addition, the scaling criteria usually tend to scale the interconnects less
than other device dimensions, to reduce the interconnect resistance. Hence, it is necessary to
use multiple interconnect layers. Today’s advanced VLSI processes have up to four layers of
metal interconnection. It is expected that VLSI processes with six layers of interconnects will

become available by the year 2000 [Davari et al. 95].

The number of neurons

The number of neurons implementable in a single chip is limited by the available area. In one-
dimensional neuron arrays the number of neurons is mainly limited by one dimension of the
chip, and the circuits can extend in the other dimension. In two-dimensional arrays, such as 2-
D vision chips, the number of neurons and their size are limited in both directions. In advanced
submicron processes the number of neurons in each direction can only grow to a size of 100 to
200. 2-D NN chips are also limited by the required 2-D interconnection. Unless a 2-D signal
transfer method are used, such as an optical input and output interface [Nitta et al. 95], or a
3-D structure [Kioi et al. 92, Crowley and Vardaman 94,Larcombe et al. 95, Stern et al. 96], the

information can only be transferred serially.

Processing elements

The processing elements used in a NN include the neuron activation function, weight mul-
tiplication, and weight update blocks. The activation function, which is usually the sigmoid
function, can be implemented easily using continuous or piecewise linear circuits. As the num-
ber of neurons is usually an order of magnitude less than the number of weights, the activation
function is implemented using more general designs. The number of weight multipliers is a
O(N?) function for a 1-D neural net. Therefore, special attention should be paid to the size of

the multiplier.

Weight storage

Weight storage is another major obstacle in achieving large VLSI neural nets. For a 1-D neu-
ral net O(N?) weight memories are required. Various methods have been used for storing
synaptic weights [Mead and Ismail 89, Moon et al. 92, Linares-Barranco et al. 93, Ibrahim and
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Zaghloul 90, Inigo et al. 90, Morishita et al. 90]. Design aspects for synaptic memory include
weight accuracy, storage time, storage method (analog or digital), and synapse size. Weight
accuracy in most analog implementations, whether the weight storage is digital or analog, is
between 6 and 8 bits. Storage time for analog storage methods is limited by the leakage current
at the storage node. The gate capacitance of MOS devices has been used as a dynamic analog
memory, with a short storage time and low accuracy. Floating gate transistors can store charge

for a longer period with almost the same accuracy as dynamic memory elements.

Feedback or learning

Most neural networks require some form of learning. Therefore, the learning capability of a
neural net chip significantly improves its system level integration [Tawel 93]. The implemen-
tation of different algorithms on a chip is limited by the accuracy of the computation. The
back-propagation algorithm, for example, requires high accuracy to stabilize. The accuracy
requirement, in general, depends on the learning algorithm and the specific problem.

There are several analog implementations with on-chip learning capabilities [Hirotsu and
Brooke 93, Linares-Barranco et al. 93, Nitta et al. 92a, Hammerstorm 90, Hochet et al. 90, Macq
et al. 93, Salam and Choi 90, Tam et al. 90, Wang et al. 93]. Most digital implementations of
neural nets have embedded facilities to implement different learning algorithms as they do not
often have a large number of neurons [Kondo et al. 94, Sato et al. 93, Oteki et al. 93, Nakahira
et al. 93, Morishita et al. 93, Fujita et al. 93, Yasunaga et al. 93].
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3.3 Analog VLSI and Vision Chips

Although vision chips implement some form of neural network, and their function can be for-
mulated in a similar fashion to neural nets, the physical VLSI limitations have had a significant
effect on the topology, architecture, and functionality of vision chips.

Here some of the main VLSI requirements and limitations of vision chips are highlighted.

e Photodetection:
The input to a vision chip is provided by photodetectors. Trade-offs in the design of
photodetectors necessitate a large allowance for their area. In theory, the dynamic range
of the photodetectors determines the ultimate dynamic range of the system. Fortunately,
most photodetectors available in standard fabrication processes have a dynamic range of
at least five decades. In practice, the photocircuits, which transduce the photocurrent into

a voltage, reduce this dynamic range.

e Interconnection:
Due to the two-dimensional nature of vision chips, interconnection is limited to the first,
and in some cases to the second nearest neighbors. This in effect dictates the type of

algorithms which can be implemented in vision chips.

e Learning or adaptation:
Learning in the same sense as neural networks is very difficult to implement in vision
chips, because of area limitation. However, adaptation, which can be considered as a
lower-level learning mechanism, may be implementable. Adaptation can, for example,
change the gain of transduction, or reduce offsets and mismatches in transistors. Learn-
ing, in its general sense, is possible only with extra computational modules to calculate

the error from the network and feeding it back to correct the network parameters.

e Area:
As emphasized before, area is the most limiting factor in realizing vision chips. The

following function roughly quantifies the cost per unit area.

Area = aNE: x Ty + BNE + YNg + Py (3.1)

where Nr is the number of transistors, T4 is the average area of transistors, N¢ is the
number of interconnection to and from a pixel at one side of the pixel, Np is the num-
ber of bias, control, and read-out signals required to operate the circuit, and P, is the

photodetector area. o, 3, and -y are constants.

The contribution of the P, is often less than 25%, and may be as low as 5%. The quadratic

term for the number of transistors, N, is a result of placement and routing areas for the
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transistors. The term 7’4 accounts for transistor sizing, for example to control the level of
mismatch.

Computational devices:
With the extensive design techniques and circuits available for analog design, most com-
putational functions can be easily realized. For example translinear circuits can compute

any function of the form

H(InO e In)an

Out = O L (3.2)

m

where I,0, Iy, an, and b, are constants. Many other functions, such as trigonometric

functions, can be approximated using translinear circuits [Seevinck 88].

In the framework of physics of computation it would be desirable to perform each function
using the natural physics of a single device. This is of course only possible for a very small
set of operations, such as addition (current summation), and logarithm and exponential
functions (the I-V characteristics of a diode or a bipolar transistor). Biological systems,
on the other hand, create a special device for each function. By using devices with fixed
functionality, complex functions can be implemented by combining several devices, and

this is where the art of circuit design comes in.
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3.4 Technology Base for Implementation

Choosing a specific technology for implementing a vision chip depends on the design require-
ments, and the capabilities of that technology. The major VLSI design resources required for
implementing vision chips were described in the previous section. In this section the dominant
VLSI technologies are reviewed. In addition to general comments, the equations which charac-
terize the basic devices are presented in order to highlight their functionality. Device physics,

and detailed equations concerning second order effects, are not discussed here.

3.4.1 CMOS

CMOS has been and will remain the dominant VLSI technology for most applications, in-
cluding vision chips. This is due to the more established design methods and techniques, the
widespread availability of CMOS processes, and its suitability to both analog and digital circuit
design.

The basic device structure for a conventional MOSFET is shown in Figure 3.3, and the device
equations are shown in Table 3.1. In the equations C,; is the capacitance per unit area of the
gate, W and L are the width and length of the transistor gate, V7 is the threshold voltage of the
transistor, Ur is the thermal voltage (i.e. kT'/q), Ips is the drain-source current, Vs and Vbs
are the gate-source and drain-source voltages, and Vgp, Vss, and Vpp are the gate, source and

drain voltages with respect to the substrate voltage (in this case the well potential).

L

|.‘
Source =
TR I N A

Substrate (Bulk)

Figure 3.3: A MOS transistor.

In addition to the large range of operations implementable using these equations, a MOS
transistor also offers other types of embedded devices. The MOS capacitor, for example, can
be used as a storage element with high capacitive density. The gate of the transistor also can
be left floating, and used as a long-term storage device. The physics of the device can be used
further by storing and transferring charge through potential wells created in the channel of the
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Table 3.1: Device equations for a MOSFET.

Region Equation Conditions
Ips =
Strong Inversion ,uC'oxVIV—(VGS — Vr)? Ves > Vr, Vps > Vgs — Vr

Vo > Wy, Vs > =V

Ips =
Linear Region NCom%/‘[(VGS — VT)VDS — %Vgs)] Vas > Vr , Vps < Ves — Vo
Vop > -V, Vsp > -1}

Ve V. v
Weak Inversion IO%/—e”ET (e ﬁf_ —e LIT ) Ves < Vr, Vps > Vps sar = 4Ur
(Subthreshold) Vo > -V, Vs > -V

transistor. All the junctions in the transistor can be used as photodetectors (see Section 5.1).
There are parasitic bipolar devices available, shown in Figure 3.4. A MOS transistor can also
be operated as a switch, and hence be used in switched circuit designs.

A CMOS process offers arich set of devices. Although some of these are parasitic elements,

they can be used freely and without any extra cost in terms of the process steps.

3.4.2 BiCMOS

In BiCMOS processes, bipolar as well as CMOS transistors are available. Bipolar devices have
been the workhorse of analog circuit design. They can be used to increase the speed of circuits,
whether analog or digital, or be used to implement circuits which are not easily or reliably
implementable using CMOS devices only. For example, implementing translinear circuits in
CMOS requires operating in the subthreshold region. It is well-known that the mismatch of
transistors in this region is very high, which is unacceptable for many conventional circuits.
Therefore, in cases where device matching is important, bipolar transistors should be used.
Although special BiCMOS processes are required for high quality bipolar devices, parasitic
bipolar devices in normal CMOS processes can be utilized, as shown in Figure 3.4. This is in
fact very advantageous for analog VLSI circuits, which do not need to operate at high speeds.
Table 3.2 shows the first order device equations in the Ebbers-Moll formulation for a bipolar
transistor. In the equations Ig, I, and I are the emitter, base, and collector currents, re-
spectively. Vgg, and Vo are the base-emitter and base-collector voltages. Iog and Ipg are

the collector and emitter saturation currents. ap and ap are the ratios of collected current to

42




Part 1. Preface & Background

Table 3.2: Device equations for a bipolar transistor.

Region Equation Conditions

(Ve >0, Vo > Veg,sat)
All regions | Iy = Igs(eV85/U1 — 1) — aplgs(e"8e/Ur — 1) | or
Ic = arlps(eVBE/UT — 1) — Icg(eV2e/UT — 1) | (Vae >0, Vic > VEc,sat)

arlgs = arlcs

injected current in the forward and reverse mode of transistor operations.

A large number of functions are realizable using these equations. Although BiCMOS pro-
cesses offer the extra bipolar transistor, their use has been limited due to the more complex
fabrication process, and the increased cost. A conventional BICMOS process costs around 50%
more than a CMOS process with the same feature size.

BiCMOS processes do not offer significant advantages for the design of vision chips. Para-

sitic devices can serve as an alternative, whenever bipolar transistors are required,

Vv

P-Substrate I.

Source
3 ?P THow

Figure 3.4: Parasitic bipolar transistors in a CMOS process.

34.3 CCD/CCD-CMOS

Charge coupled devices (CCD) operate on charge packets in potential wells created by applying
voltages to the gate of MOS capacitor structures. Figure 3.5 illustrates the concept. For proper
operation, the order and the magnitude of voltages applied to the CCD elements should be
carefully selected. CCD processes have several disadvantages that make them unattractive for
vision chip applications, despite the fact that CCD imagers are very common and their design
has evolved to a high level. These disadvantages are:
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e CCD processes are tuned for charge transfer quality. Therefore, MOS transistors available

in these processes have very poor characteristics.

e The only operations easily implementable using CCD devices are charge summation and
charge subtraction (this is possible by manipulating the depth of the potential wells).
More complex functions can only be implemented using CMOS circuits. This neces-
sitates additional circuits for reading and writing charge information to and from the

potential wells.
e There is a large number of clock signals required to operate a CCD design, and a large

power budget should be assigned for this.

Lo 2

2 o1 o2 o1
_ Pl el

Substrate Potential wells

Figure 3.5: CCD structure.

344 GaAs

Gallium-Arsenide (GaAs) devices, such as MESFET (MEtal Semiconductor FET) and HEMT
(High Electron Mobility Transistor) structures, are mainly used for very high speed applications,
thanks to the higher carrier mobility of GaAs material. The structure of a MESFET is shown in
Figure 3.6, and device equations are listed in Table 3.3. Note that the equations are very similar
to those of a MOSFET.

An important feature in MESFET and HEMT devices is that, unlike MOSFETs, the gate is
not isolated from the channel, and has a schottky diode connection. Therefore, a large leakage
current is expected from the gate. This simple fact has hampered the design of both analog and
digital circuits. Also the gate voltage cannot exceed the turn-on voltage of this schottky diode,
which means that designing storage elements is impractical or very inefficient in GaAs devices.

The only advantage that GaAs technology may offer is in designing systems which include
light emitting devices [Nitta et al. 92b, Nitta et al. 93]. This characteristic may be used for
implementing two-dimensional signal transfer between multiple chips.

Overall, the current GaAs processes do not have significant advantages for vision chip de-

sign.
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Substrate (Semi-insulating)

Figure 3.6: The structure of a MESFET.

Table 3.3: Device equations for a MESFET.

Region Equation Conditions

Strong Inversion | Ips = 8(Vgs — Vr)? Vas >V, Vps > Vas — Vr
Vo > Vo, Vsp > —Wy
Linear Region | Ins = B[(Vas — Vr)Vos — 5Vas)] | Vas > Vo, Vs < Vas = Vr
Vo > Vo, Vsg > —Wy

3.5 Analog VLSI Design Methodologies

Within the boundaries of a specific technology there are several circuit design techniques that
can be used in an optimum way. For example, CCD technology is essentially limited to charge-
mode circuit design. The conventional VLSI technologies have been used in most of the design

methodologies which will be described in the following sections.

From the previous section it is clear that CMOS technology constitutes the best choice, unless
the specific features of a particular technology are essential to the performance. Therefore, in
the following sections circuit implementations using MOS transistors are focused on. Again
attention is paid mainly to the suitability and unsuitability of each technique for designing vision
chips. It is assumed that proper background for the analysis and synthesis of each technique

€Xists.

An implementation of spatial smoothing is presented as an example in each section, to pro-

vide an idea about the capabilities of each technique.
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3.5.1 Current Mode & Voltage Mode

In every circuit, current and voltage coexist. The distinction between a current-mode or a
voltage-mode circuit is based on whether the signals associated with the system variables are
represented using currents or voltages. Both techniques have been widely used in many appli-
cations, and in some circuits both modes are present. For example, in a Gilbert multiplier the
two inputs are voltage and the output is a current. Current-to-voltage and voltage-to-current

conversion circuits can be used to translate a signal from one mode to the other.

It is widely known that current-mode circuits can present a larger dynamic range. This is
only because the elements that process the currents do not heavily depend on the voltage across
their ports. A unity gain current mirror, shown in Figure 3.7, can have a dynamic range of
more than seven decades. However, this is eventually limited by the voltage at the input and
output nodes. In the subthreshold region the input voltage is dependent on the input current
by a compressive logarithmic relationship, and in the strong-inversion region by a square root

function.

In a voltage mode approach the dynamic range is directly limited by the supply voltage and

the achievable accuracy.

One major advantage of current mode circuits is the simplicity of addition and subtraction.
In voltage mode circuits special circuits are required to implement these basic functions. Sub-
traction of voltages is only possible using active components, such as operational amplifiers
(Op-Amp). A compact implementation of these basic operations can significantly reduce the

area because these are the most frequent operations in many algorithms.

Current mode CMOS circuits operating in the subthreshold region can use the translinear

principle to implement a wide variety of functions of the form

H(Ino i In)an

Out = A (3.3)

m

Also externally linear log-domain filters can be implemented in a small area, and with a
small number of components [Seevinck 90, Tsividis 97]. Many other circuits for implementing
various functions necessary in vision chips have, in one way or another, used the current mode

approach in the design (see Part II: Synthesis of Vision Algorithms).

Figure 3.8 shows the implementation of spatial smoothing in current and voltage mode cir-
cuits. Notice that in voltage mode either fixed resistors, or variable resistive elements should be
used. Fixed resistors are not practical in AVLSI due to area limitations, and resistive elements
are bulky.
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Figure 3.7: a) A current mirror. b) Current mode addition and subtraction. ¢)

Voltage mode addition using resistors.
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Figure 3.8: a) Current-mode spatial smoothing using diffusive elements. b)

Voltage-mode spatial smoothing using resistive elements.
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3.5.2 Charge Mode

Representing signals using electrical charge has long been used in CCD devices, although it is
not necessarily limited to CCDs. In CCD devices, potential wells hold the charge packets. In

standard CMOS or bipolar processes capacitors are used to store and distribute the charge.

Charge mode circuits naturally operate in a switching or clocked mode. In CCD technology
charges are transferred and distributed by applying clock signals to the gate of CCD elements.
In switched-capacitor techniques charge is transferred by applying a clock signals to switching

transistors, which change the topology of the circuit.

From a practical point of view, capacitors are devices with good matching properties, mainly
because the matching largely depends on the geometries. Therefore, for applications where
matching is important, the switched capacitor approach may be used [Ni et al. 96, Umminger
and Sodini 92]. However, the large area of capacitors reduces the number of cells that can be
implemented.

Figure 3.9 illustrates a spatial-smoothing function in a CCD and a CMOS implementation.
In both implementations, the order of the clock pulses are important. The amount of smoothing

can be controlled by the clocking scheme, or applying the clock signals for several more cycles.

@1 vdd o2 vdd 1

t0i|‘\|('|‘\|f'|“ﬁ__ (a)

D1 o1 1
= L

o2 2 = o2 2 b
1 0 1 0 (b)
N NL.
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Figure 3.9: Spatial smoothing using a) CCD, b) switched capacitors. c) Clock

signals-used-in-the operation—
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3.5.3 Mixed Modes
Mixed Analog/Digital

Digital signals are robust against noise and mismatch. Also there are more practical techniques
for storing digital signals than analog ones. Digital signals have an inherent advantage when
interfacing to host computers. However, analog implementations present larger dynamic range
and lower power consumption in a smaller area as compared with digital implementations.
Therefore, a mixed analog/digital implementation may use the advantages of both worlds. For
example, the weights in a CNN can be applied in a digital format [Dominguez-Castro et al. 97],
which may be easily downloaded from a host computer without the need to DACs.

Another approach may consist of using a pulse mode signal representation, which apart
from being biologically plausible, is the most efficient way (in terms of interconnection) of
transferring analog signals on a single digital line [Murray and Tarassenko 94].

Circuits for converting a digital (or pulse mode) signal to an analog signal are required, when
using a mixed analog/digital approach. The limited area in vision chips restricts the resolution
of the digital approach to about five bits. In the pulse mode approach the resolution is limited
by the minimum and maximum recoverable pulse-width or pulse-frequency which is equivalent
to about eight bits.

Mixed Continuous/Sampled

Current mode and voltage mode circuits can be operated either in a continuous mode or a
sampled mode. Charge mode circuits are by nature sampled. There is no clear advantage in
using sampled circuits over continuous circuits. In switched current (SI) circuits using dynamic
current mirrors, the advantage is the reduction of the mismatch in current mirrors because only
one transistor is used to replicate the current.

In vision chips it is preferable to minimize the amount of switching, in order to reduce digital
noise, and also to reduce the power needed to clock the circuits. If the photocurrent is transduced
to a voltage using the integration photocircuit (see Section 5.2.6), then sampling mode can be
applied throughout the chip.

In any case, sampled circuits require hold elements, which are principally capacitors. This
again raises the issue of the area necessary for the capacitors, the switching transistors, and the

clock signals.

A Mixture of All

Each of the techniques presented in the previous sections offers certain advantages. Therefore,
in a particular design, a mixture of several techniques may be used. Given present techno-

logical capabilities, continuous current and voltage mode circuits are advantageous over other
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techniques, mainly because they consume the least area. However, as the technology scales
down, mixing in other techniques may become feasible.

As an example, (Figure 3.10) spatial smoothing is performed using current mode circuit,
whose outputs are integrated, sampled and then further processed in a switched-capacitor net-
work, and finally converted to pulse mode signals and transmitted off-chip using an address

event representation (AER [Lazzaro and Wawrzynek 95]) method.

t
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Figure 3.10: An example of a multi-mode approach in the design of vision chips.
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3.6 Summary

Table 3.4 highlights the characteristics of the major fabrication technologies used for designing

vision chips, and summarizes the points discussed in Section 3.4.

Table 3.5 shows the characteristics of the dominant circuit design techniques used in the

design of vision chips. It summarizes the discussions in Section 3.5.

Table 3.4: Process technologies for vision chips.

Process

Features

CMOS

e Mature analog and digital design techniques

e Rich set of devices (standard and parasitic), and device equations
e Various devices available for analog storage

e Standard and low cost process

e Low power in subthreshold

e Large mismatch in subthreshold

BiCMOS

e All the characteristics of CMOS
e Less mismatch if bipolar devices are used

e More complex and expensive fabrication process than CMOS

CCD/CCD-CMOS

e Non-standard process (CCD-CMOS)
e Limited to charge mode sampling operation
e Access to a limited number of devices (CCD)

e More complex and expensive fabrication process than CMOS

GaAs

¢ High speed operation

e Capable of emitting light (in specialized processes)

e Poor digital and analog performance (in terms of functional
reliability)

e Poor performance for analog storage

e Limited availability of process

e More expensive fabrication process CMOS
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Table 3.5: Circuit design techniques for vision chips.

Design Technique

Features

Current & Voltage mode

e Large dynamic range (current mode)

e Natural form of addition and subtraction (current mode)
e Rich set of circuits

e No switching noise or clocks required

e Lower area consumption

Charge mode

e Less mismatch

e Operation controlled by clock signals

e Limited number of operations can be performed on charge
packets

e Switching noise

e Higher power dissipation, to drive clock signals

e Larger area for capacitors and switching transistors (SC
circuits)

e Large number of clock signals required (CCD circuits)

Mixed Modes

e Analog/Digital: Using the advantages of digital (robustness
against noise, ease of storage, and interfacing), and analog (small
area, less power, natural form of processing)

e Multi-mode: Using the advantage of each design technique as
suitable

e More suitable for scaled processes
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Introduction

So far the design of vision chips has not been formulated into a systematic methodology. This
can be attributed to the immaturity of vision chips!, and to the large variety of vision algorithms,
architectures, and circuits that have been used for the implementation of vision chips.

The design flow of a vision chip often follows three major steps as depicted in Figure 3.11.

1. Algorithm development: Designing a successful vision chip in the first instance requires
a working algorithm. Whether the algorithm has been inspired by biological vision sys-
tems or is purely based on mathematical foundations and assumptions, its functionality
should be shown at least through simulations. The algorithm can be tested and compared
against other existing algorithms using some standard benchmarks. Of course, a large
body of computer vision is still faced with the lack of test criteria. A digital implemen-
tation of the algorithm using a camera and some general purpose or dedicated digital
hardware, may demonstrate the functionality of the algorithm in the same environment

and situation as the final vision chip will operate.

2. Hardware implementation: At this step, the algorithm is mapped into a hardware ar-
chitecture and consequently into building blocks and low-level circuits. This mapping
process may be decomposed into two smaller steps: architectural mapping, and building
block mapping. Using certain building blocks may be efficient only for certain architec-
tures and algorithms, and vice versa. Often a demonstration prototype (which could be a

small chip) may be useful in evaluating the architecture and the building blocks.

3. Testing the system: Testing vision chips is the final step in the design cycle. Testing
can be done by applying synthetic or natural images to characterize the performance of
the chip. The results can be fed back to the algorithm development and hardware imple-
mentation steps to tune the parameters of the algorithm or hardware. Because they have
specific image capture and preprocessing circuitry, vision chips may have different spatial

and temporal image characteristics than a normal “camera-processor” combination.

1Here the term “vision chip” refers to the VLSI implementation of vision algorithms, regardless of it being
analog or digital, silicon or GaAs, ....
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Figure 3.11: Design flow for vision chips.

Implementing a specific computer vision algorithm into VLSI hardware? is a difficult step
in the development of an artificial vision system. There are many trade-offs that one must
consider when designing a VLSI vision chip. Some of the trade-offs could even affect the al-
gorithm. For example, circuit noise and mismatch in an analog implementation may seriously
deteriorate the performance of the system, if they are not accounted for in the algorithm. Of
course, if some of the main limiting trade-offs, such as area and power dissipation, are ignored,
it is not hard to imagine that many algorithms could be mapped into analog circuitry. There
already exists a large number of analog circuits for performing almost any mathematical func-
tions, such as sine, cosine, hyperbolic tangent, differentiation, integration, and so on (see for
example [Seevinck 88] for some circuits based on the translinear principle). However, when
the design trade-offs are taken into consideration, the prospect of applying analog VLSI for
vision processing narrows down to relatively primitive tasks.

In this part of the thesis the hardware implementation step in the vision chip design process
is discussed. The material is presented in a systematic and general way. Instead of detailing the
specific circuits that have designed during this project, they are presented in conjunction with

circuits designed by other researchers, and design details are deferred to Part II1.

ZAlthough a purely digital hardware can also be used for designing vision chips, here only analog implementa-
tions, and issues pertaining to this analog VLSI design methodology, are discussed.
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Vision Chips Architectures

An important feature of many vision chips is their architectural efficiency, as compared with
a conventional “camera-processor” combination. Most computational or biologically-inspired
vision chips possess the same structural format as the algorithm embedded in them. This gives
them several architectural advantages, which could be beneficial in many applications.

In this chapter, the architectural aspects of vision chips will be presented from a systems
perspective. Issues such as pixel level structures, data flow and data read-out structures, data
acquisition methodologies, and system level communication into and out of the chip are de-
scribed.

A vision chip may be designed without any of these issues being fully addressed, when
viewed as an independent component. For the chip to be useful for system level integration,
however, these points should be addressed, and also it should be tried to adopt and utilize those
mechanisms in which vision chips excelled, such as parallel acquisition and processing of the

image, and data redundancy reduction.
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4.1 Pixel Level Structures and Tessellation

A vision chip, and in general an imager, performs a mapping of the light intensity from a three-
dimensional space into a two-dimensional image in the focal plane. Part of this mapping is
performed by the optical system used to focus the image onto the imager plane. Here, the
optical system is assumed to be perfectly linear and does not introduce non-ideal effects, such
as chromatic aberration and spatial distortion.

Each photodetector takes a spatial sample of the image on a rectangular or hexagonal grid.
First we discuss spatial sampling from a purely mathematical point of view, and then consider
the effect of physical limitations on the size and spacing of photodetectors, and the advantages
and disadvantages of two common pixel tessellation structures in the context of VLSI imple-

mentations.

4.1.1 Periodic Spatial Sampling and Tessellation

Ideally, each photodetector performs a Dirac delta-function, §(z,y), sampling of the input im-
age. The sampling grid can be rectangular, or hexagonal. Due to its simplicity, the rectangular
tessellation is the preferred option. However, when an algorithm relies on distance metrics (such
as Euclidean, city-block, or chess-board) between neighboring pixels in the image, this tessel-
lation produces different equidistant maps for each metric. Hexagonal tessellation, on the other
hand, has a more symmetric structure in terms of neighborhood connectivity and distance maps.
A rectangular tessellation only provides two horizontal and vertical directions. The hexagonal
tessellation has three main axes with 60° orientations. There are other tessellation structures,
such as triangular, but they are more complicated and do not offer significant advantages for
vision chips.

The mathematical treatment of two-dimensional image sampling on different grids can be
found in the literature (see for example [Dubois 85]). Here, only two of the most commonly
used tessellations, i.e. hexagonal and rectangular, are discussed.

Assuming that the density of the detector per unit area is the same for either tessellation (see
Figure 4.1), the spacing between detectors relative to the rectangular tessellation can easily be
found and expressed as:

2
sh = 4£sr ~ 1.075sr 4.1

V3

where sr, and sh are the spacing between detectors for the rectangular, and hexagonal tessella-
tions, respectively.

The spatial frequency domain representation, referred to as “reciprocal lattice”, of each tes-
sellation is shown in Figure 4.2. The shaded areas show the Voronoi cell of a lattice structure.
The Voronoi cell is the common area between all the half-planes created by the perpendicular
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Rectangular Tesselation

Hexagonal Tesselation

Figure 4.1: Tessellation structures.

bisectors of the lines between the cell and all other cells, which include the cell. The Voronoi
cell is in fact the area where the spatial frequency response can extend without any aliasing.
The minimum distance of a cell to the edge of its Voronoi cell in the vertical and horizontal

directions for the two tessellations, and assuming the same detector density, are:

Vrg=Vry 21—,{, =0 53.11~. for rectangular tessellation
Vhy 1 _ 1  ~0537 Sl?, for hexagonal tessellation
\/%sh 1257i

Finite Detector Size

The effect of the finite detector size is that of a simple spatial averaging window, which appears
as a sinc function (sin(z)/z) in the spatial frequency domain. The high frequency tail of the
sinc function causes aliasing of the high spatial frequency contents of the image, and therefore
in theory the detectors should be as large as possible and close to each other. In practice the
photodetectors have a finite size and are made fairly large in order to maximize the fill factor,
and their shape is usually rectangular or rectilinear. Therefore, in almost all cases there is an
intrinsic aliasing due to the finite size of the detector. The aliasing can be reduced only by

applying anti-aliasing filters (spatial low-pass filters, for example by blurring the input image).
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Figure 4.2: Reciprocal lattice for the rectangular and hexagonal tessellations.

4.1.2 Tessellation Structures for Vision Chips

A vision chip may use one of the two common tessellations, i.e. rectangular or hexagonal. We

will compare these two structures from different theoretical and practical aspects.

Neighborhood distance:

Although it may be argued that the neighborhood distances of a hexagonal tessellation are
more uniform than the rectangular tessellation, this holds only if all the elements on an
equi-radius distance are used. However, if only the elements on the main axes are used in
the algorithm, there will be no obvious advantage in using a hexagonal grid, except that
a hexagonal grid provides two more pixels than the rectangular grid on each radius. For
example, this can result in an increase of v/6/+/4 in the signal to noise ratio if the signals

from the nearest neighbors are integrated.

Voronoi distance:

From equation 4.2 it can be seen that the hexagonal tessellation results in a slightly big-
ger Voronoi cell than that of the rectangular tessellation in both horizontal and vertical
directions. This is usually of concern to imaging technologies, primarily to maximize the

spatial frequency content of the image without being affected by aliasing.

Layout complexity:
Hexagonal structures require interconnections in non-orthogonal orientations with 60 and
30° angles. However, most fabrication processes only allow orthogonal directions for the

60



Part II. Synthesis of Vision Algorithms

alignment of transistors and contacts. If the design requires nearest neighbor interactions,
at least six connections will be required for each pixel. If two signals are to be exchanged
between each pair of neighbors, twelve connections will be required at the periphery of
the cell. Also, for a hexagonal structure three main axes exist, and the power, biasing, and

signal distribution along these axes will add to the complexity.

Therefore, in many cases the added layout complexity and the larger number of intercon-
nections required per pixels, makes a hexagonal pixel configuration less attractive than

the conventional rectangular configuration.

Data manipulation:

If further manipulation of the data is required, a simple rectangular tessellation provides
a much more convenient representation for the two-dimensional image. Almost all algo-
rithms are formulated in Cartesian coordinates with rectangular grids, which implies that

data from a hexagonal sensor would need to be re-mapped.

Biological plausibility:

Precisely hexagonal or the rectangular structures are not observed in the actual distribu-
tion of photoreceptors in the retina of human and other primates. The distribution of the
photoreceptor cells in the retina is relatively largely random in all areas [Fatt 78, Eberly
et al. 90]. The irregularity has been associated with a minimization of spatial alias-
ing [Yellott Jr. 83, Yellott Jr. 84], although it has been argued that irregularity always
brings a penalty in terms of information theory, and therefore evolutionary processes
strive towards regular structures [Bossomaier and Snyder 85]. There are some explana-
tions as to why the photodetectors have been laid out in an irregular fashion [Ahumada
Jr. 91].

The honeycomb structure of the compound eye of insects is tailored to maximize the
use of the area of each lens while maintaining maximum symmetry [Horridge 75]. The
structure of retinoptic layers in the compound eye has followed the hexagonal structure
mainly to comply with the physical distribution, and after a few stages the channels mesh

into a microscopically random structure.

Relatively regular photoreceptor structures, however, are not uncommon in other species

other than primates.

To conclude this section, it is clear that unless the slight theoretical advantages of the hexag-

onal tessellation are essential to the performance of the envisaged vision chip, using such a

structure is not easily justifiable due to practical limitations in VLSI. Biological systems, as

usual, have added to the puzzle of choosing the photoreceptor structure by having different

regular and irregular tessellations in the retina of different species.
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4.1.3 Spatial Re-Mapping Structures

In conventional imagers and most vision chips, the spatial distribution of the photodetectors
forms a regular periodic pattern. A distinct class of imagers perform re-mapping of a two-
dimensional image from Cartesian coordinates to other coordinates, such as log-polar and
linear-polar. The mapping provided by these sensors facilitates some image processing opera-
tions, such as scaling and rotation invariance. Foveated vision chips are a class of space-variant
detectors, with a central region of high detector concentration, and lower detector density in the
periphery. The most common foveated structures are illustrated in Figure 4.3. The linear-polar

sensor in Figure 4.3-a performs the mapping:

f =tan~! (%)

p= VT

Image rotation in the new coordinates is performed by a simple shift operation in the 8 axis. In

4.2)

this sensor all the detectors have the same size. In practical situations, due to the finite size of
the detectors, the number of detectors on the central circles is less than those in the outer ones.

The log-polar sensor shown in Figure 4.3-b performs the mapping:

0 =tan~! (%)

p = log (Va7 +7)

In this structure, rotation and scaling is performed by shift operations in the  and p axes,

4.3)

respectively. Again, physical size limits the fine placement of detectors in the center. The
third sensor presents a regular and high-density detector structure in the center, and log-polar
mapping in the periphery.

These structures are only useful for tasks other than conventional imaging, due to a non-
uniform detector distribution. In special image processing applications, such as tracking, the
periphery of the detector provides a wide field of sparse detectors. When a target is detected in
the periphery, the sensor can be directed toward it so that it is viewed with more detail through
the central region. For examples of this type of sensors see [van der Spiegel et al. 89, Wodnicki
et al. 97,Pardo et al. 97, Venier et al. 96].
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(a) (b) (c)

Figure 4.3: a) linear-polar sensor. b) log-polar sensor. c¢) log-polar with Cartesian

center.

4.2 Sensor-Processor Architectures

The close interaction between photoreceptors and processing elements is the most salient fea-
ture of vision chips. Although a fully parallel structure is desirable, in many cases it may not
be the optimum solution when considering different trade-offs, such as area, resolution, and
power. The best architecture for a specific problem obviously depends on the nature of the
algorithm and its spatio-temporal information processing requirements. Therefore, in addition
to introducing the most common sensor-processor architectures, different classes of algorithms
will also be discussed in this section. Here no distinction is made between analog or digital
implementations of the processing elements.

Three levels of sensor-processor interaction can be realized in a vision chip (see Figure 4.4).

1. Processor per pixel (PPIX): In this architecture each pixel has its own processing ele-

ment.

2. Processor per column (PCOL): In this architecture there is only one processing element

for each column of pixels.

3. Processor per chip (PCHI): In this architecture there is only one pfbcessor for the entire

array.

There exist three general classes of algorithms, based on the usage of spatial and temporal in-
formation, and on neighborhood interconnectivity. Feedback has not been explicitly considered
here as in terms of VLSI implementations, adding feedback simply means adding extra inter-
connections between the outputs and inputs of processing elements. These three algorithms are

illustrated in Figure 4.5.
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Figure 4.4: Pixel-processor architectures. a) processor per pixel (PPIX), b) pro-
cessor per column (PCOL), and ¢) processor per chip (PCHI). The shaded areas

represent the processing element(s).

1. No spatio-temporal processing: In this class, the output of each pixel at a given time

only depends on the value of the input to that pixel at the same time.
O(zi, x4, t0) = fij(2i,y;,t0)

2. Spatial interactions only without any temporal processing: In this class, the output of

each pixel at a given time depends on the value of the inputs of a neighborhood of pixels.

O(.’L'i, xja tO) = fi,j(l‘i—ma sy Litmy, Yj—ny - y Yj+m, to)

3. Spatio-temporal processing: In this class the output of each pixel at a given time

depends on the value of the inputs of a neighborhood of pixels within a time interval.

O(xi, zj,t0) = fij(Ticm, - - s Titmy Yjmny - - - s Yjtms 1y -5 To)

4.2.1 Simple Algorithms

The first class of algorithms can be implemented in all three architectures without significant
changes. A special architecture can be selected on the basis of the desired silicon area, function-
ality, and processing speed. For example, if the function to be performed is relatively compli-
cated, it is more economical to use the PCHI architecture. However, if the processing speed of
an individual processor creates a bottleneck, then the PCOL and ultimately PPIX architectures
should be used. In many cases, the processor can be redesigned for a PCHI architecture in such
a way that speed requirements are satisfied.

An interesting and important example of this class of algorithms is the inclusion of A/D con-

version on chip. All three architectures have been implemented in several vision chips [Fowler
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Figure 4.5: Classes of algorithms based on sensor-processor interaction. a) no
spatio-temporal interaction, b) spatial interaction only, and ¢) spatial and tempo-
ral interaction. The boxes and ovals represent processing elements and detectors,

respectively.

et al. 94, Yang et al. 96, Astrom 93]. No significant advantages have been reported for the
pixel-level ADC, and the speed advantage of the sigma-delta ADC appears to be balanced by
extra processing requirements [Fowler 95]. Torelli points out that there are no significant
differences in terms of area, power, and speed, between column-level ADC or single ADC
architectures [Torelli et al. 96].

PCHI offers the best solution, when mismatch is a design parameter. The other structures

introduce some mismatch.

4.2.2 Spatial Processing Algorithms

The second class of algorithms, in its general form, puts severe demands on VLSI resources.
A general spatial processing function in the PPIX architecture requires many interconnections
from neighboring pixels. The area of the pixel will be interconnect-limited, unless the algorithm
is sufficiently simplified to reduce the neighborhood interactions to the first nearest neighbors.
Cellular neural networks (CNN) are an example of this class of algorithms, in which each pixel
only interacts with its nearest neighbors [Espejo et al. 94, Dominguez-Castro et al. 97].

A PCOL architecture with processing elements aligned along the X axis has interconnections
in the X direction. In order to include information in the Y axis, memory elements should be
used to store rows of the image in the neighborhood of the row being processed (see Figure 4.6).
By using this approach the PCOL architecture is in fact reshaped to a PPIX architecture along
only one column. For the PCHI architecture, memory elements along both X and Y axes are
required to store the image information within the required neighborhood.

In both PCOL and PCHI architectures, a serial processing approach can be taken if the same

function is to be applied within a neighborhood, apart from scale and offset differences, and
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Processor array

Figure 4.6: Using several rows of processing elements to transform the PCOL
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architecture for spatial processing along both X and Y axes.

66



Part II. Synthesis of Vision Algorithms

also if the final output is a summation of the output of each pixel.
O(-'L'i: yj) . Z[am,n + ﬂm,nf(xm: yn)] 4.4)

where m and n are in the neighborhood of the 7,7 pixel. In this case, one can either first
store all the inputs and then use a processing element which takes all the inputs in parallel,
or apply the inputs one by one to the processor and accumulate the output from all pixels in
the neighborhood in a memory element. Although the second approach, which is the approach
in serial general purpose computers, requires a smaller processing element, the processing time
could be unacceptably long. In fact one of the main thrusts for vision chip development has been
the improvement of processing speed by avoiding serial processing. Therefore, this approach
would only be suitable if area constraints are very stringent, or processing speed is not a major

concern.

4.2.3 Spatio-temporal Processing Algorithms

Including temporal domain information in the processing requires memory elements, whether
analog or digital. In a discrete-time framework the number of memory elements required in each
cell equals the number of past image frames needed in the processing. For a fully parallel im-
plementation, the number of interconnections per pixel becomes prohibitively large. Therefore,
in many real implementations it is only practical to use one past image frame in the processing.

In a continuous-time framework, information is stored in delay elements, which determines
the amount of the delay. In general, several delay elements with different time delays are re-
quired to convey the information from several time frames.

The comments made in the previous section about spatial processing algorithms will be valid
to a large extent because the only difference between spatial and spatio-temporal processing
algorithms is the addition of inputs (past image frames).

Memory elements can be implemented either within each cell, or in a separate array. For the
simple class of algorithms with only spatial processing in the current image frame, and temporal

processing of only the current pixel, i.e.,

O(i,Y5) = F(Timmito)s - « - s Blitmrto)> Y(-mito)s - - - » YiFnsto)s Tt )s Y(ito1)s - - - » itz Y(ist—1))
4.5)

either of the two configurations in Figure 4.7 can be used. Two advantages of using a separate
array for vision chips are: increased density and fill factor for the photodetector array, and the
capability to optimize the memory elements and photocircuits independently [Aizawa et al. 97,
Hamamoto et al. 96].

The separate memory array configuration is particularly suitable for the PCOL architecture.
However, a combination of PPIX and PCOL architecture can be used for the class described by
Equation 4.5.
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Figure 4.7: Memory element placement for a simple class of spatio-temporal al-
gorithms. a) Memory element inside the pixel, b) Memory elements in a separate

array.

In a design a combination of these architectures may be used. For example, a PPIX structure
may be used for a simple spatial smoothing operation, a PCOL structure for edge detection

along the horizontal axis, and a PCHI structure for analog-to-digital conversion.
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4.3 System Level Read-out and Communication

No vision chip is complete without a proper method of delivering its outputs. The method by
which the output of a vision chip is read depends on the requirements of the system.

It is necessary to point out that a vision chip is not an imager as in video applications, in
which all the pixels should be read out to form a meaningful image. The processing performed
by a vision chip is of higher significance, and hence conveying the processed information does
not necessarily mean that the output of a vision chip should be read out in the same way as in
an imager.

When considering system level communication, two issues are of concern: the interaction

between the chip and the system, and the manner in which the chip conveys its output.

4.3.1 Passive & Active Information Transfer

There exist two methods for transferring information between the chip and the rest of the sys-
tem. In a passive transfer mode the chip produces and delivers output at its own pace, and
whenever it needs it. For example, the sampling frequency, and the order of sampling of the
pixels are set by the chip. In an active transfer mode the system directs the acquisition of
information from the chip. The obvious advantages of the active method are its more efficient
management of information transfer bandwidth transfer energy. Also, for many applications the
active transfer method provides a way to reduce the amount of redundant input to the system,
thereby increasing processing performance.

The active transfer mode is especially important for vision chips whose output is in a two-
dimensional image format, and hence produce a large amount of information. Those chips
that only yield global information about the image, such as global intensity, global velocity, or

global rotation and position values, produce very little data.

4.3.2 Data Read-Out

The advantage of processing data in parallel may be lost if there does not exist an efficient way
of transferring information from the chip to an outside system. For vision chips which produce
a two-dimensional output, several methods exist to scan the data out of the array for transferring
it off the chip.

1. Scanning using decoders:
In this method each cell is selected by two N-to-2" decoders in the X and Y axes. In a
PCOL architecture (see section 4.2) the decoder in the X direction selects the output of

the processing elements. For random access read-out this method is the only choice.
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2. Scanning using shift registers:

In this method a “1” is shifted through the shift register, and rows and columns are se-
lected sequentially. Using this method several rows or columns can be selected simul-
taneously, and if the output of the cells is a current then summation of the output of
the selected cells can be realized. An advantage of this method over the decoder-based

method is the small number of lines required to control the operation of the shift register.

. Synchronous address-event representation (SAER):

In a conventional image sensor, every output is read out, even though in many cases only
a fraction of the pixels may indicate the occurrence of a spatial or temporal event. If a
pixel activates a flag on the occurrence of an event, only those pixels with an activated
flag need to be read, and a significant reduction in data acquisition time can be achieved.
The values of the activated pixels along with their address are sent off chip. This method

has been used for motion detection and compression chips [Aizawa et al. 94].

However, in SAER each pixel requires some extra circuitry to detect the event and activate
the flag signal. The read-out multiplexers should also be able to detect the activated flags
and by-pass the reading of the rest of the pixels.

. Asynchronous address-event representation (AAER):

In SAER events are checked during the read-out phase. In AAER, whenever an event at
a pixel occurs the value of that pixel is read out immediately. In a real situation several
pixels may simultaneously be triggered by an event, so special arbitration circuits are
required to allow only one cell at a time to be read out. The basic arbitration circuit checks
the acknowledge and request signals for a pair of cells and only selects one of them. After
the output of the selected cell is read, the other cell is selected. The arbitration circuits

form a binary tree, to ensure that only one cell can be selected.

AAER has been applied to silicon auditory processors [Lazzaro et al. 93], but can also
be used for any one or two-dimensional arrays, including vision chips. In a simplified
version of this method, the analog signal values are represented using the pulse-mode
signals. Therefore, each pulse triggers an event. As the only important information from
a pulse in this representation is its location (address) within the array, and its occurrence
time, only the address needs to be transmitted over the channel. However, the speed of the
AER circuits should be higher than the rate at which the events occur, in order to preserve

the temporal information in each pulse.

. Multi-channel read-out:

In each of the above methods the transfer bandwidth can be increased by using multiple
output lines. This is often more economical for the first two methods, as they do not
require the address lines to be sent off chip along with each data channel. Multi-channel
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read-out is also more economical for chips with analog outputs, as each output requires

only one line for single-ended signals, or two lines for differential signals.

A widely demanded feature of vision sensors is the random-accessibility of individual pix-
els. The decoder-based scanning method provides this feature at no extra cost, while the shift
register-based method requires a cumbersome control logic to provide full random access. The
two other methods, i.e. SAER and AAER, cannot be used in a random access mode, as the
location of the pixel which is read out, depends only on its activity.

Windowing on a small region of the array is another feature, which is often used in tracking
systems. The decoder-based scanning method intrinsically supports this feature. If the window
is scanned serially, the shift-register scanning can be easily modified to support windowing. The
address-event methods can support this feature only by looking at those outputs whose address
is within the required region. This can be achieved by ignoring the events coming from areas

outside the required window.

4.4 Summary

This chapter provided insights into architectural aspects of vision chip design at several levels.

The study of tessellation structures suggests that it is unnecessary to use hexagonal tessella-
tions, unless the few and relatively insignificant advantages of hexagonal tessellation are crucial
to the performance of the vision chip. ‘

The PPIX, PCOL, and PCHI architectures, which represent the type of pixel-processor in-
teraction, were discusses. Three classes of algorithms, based on their requirements for spatial
and temporal information, were also identified, and the mapping of each class of algorithm to
each of the three architectures was discussed. And finally, several techniques for transferring

information from vision chips were introduced.
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Chapter 5

Building Blocks for Vision Chips

In this chapter building blocks for designing various parts of a vision chip are described.
These include photodetectors and photocircuits, circuits and networks for spatial, temporal, and
spatio-temporal processing of the input image, and circuits for data read-out.

An essential part of vision chip design, which may easily be overlooked, is circuit com-
plexity. As we go through this chapter we can see that a great amount of effort is spent on
designing small circuits with maximum functionality, minimum power dissipation, and max-
imum dynamic range and functional robustness. Among these factors, area remains the most
limiting, and the most important trade-off in realizing large vision chips. In clear terms the lav-
ish expenditure of transistors (e.g. as seen in conventional operational amplifier design) cannot
be enjoyed at all in designing vision chips. The area of a pixel in a vision chip is quadratically

proportional to the number of transistors used in its implementation [Boahen 96].
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Figure 5.1: Photodetector structures in standard CMOS processes. a) well-

substrate diode, b) diffusion-well diode, c¢) diffusion-substrate diode, d) lateral

diode, ) vertical bipolar transistor, f) lateral bipolar transistor, and g) photogate.

5.1 Photodetectors

Photodetectors are the doorway to vision chips. Any imperfection at this stage, with respect
to desired characteristics, cannot be compensated, even with a priori knowledge, or may be
approximately compensated, to some extent, but at a high computational cost. The characteris-
tics of the detectors, such as bandwidth, noise, linearity, and dynamic range, directly affect the
performance of the system. Therefore, it is highly desirable to have as perfect a photodetector
as possible.

I'will only discuss the photodetector elements found in CMOS, as the majority of vision chips
are implemented in CMOS. In a CMOS process, there are at least three vertical and one lateral
Jjunction diodes, one lateral and one vertical bipolar transistor, and a photogate structure, which
can be used as photodetecting elements (see Figure 5.1). Junction devices are often used in the
photocurrent mode. The photogate is operated in a charge integration mode, where initially the
potential well under the gate is emptied of charges and then a large voltage is applied to the gate
to create a potential well to collect the charges. After the integration cycle the charges are read
out.

A detailed analytical treatment of these structures is presented in Appendix A, mainly to

provide an insight into the performance of these devices. Here, only present the simulation
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Figure 5.2: The simulated quantum efficiency of the devices shown in Figure 5.1.

quantum efficiency and dark current, are summarized.

results are presented, and some of the important characteristics of each detector in terms of

The simulated quantum efficiency (QE) of each of the illustrated devices in a standard 2um

the simulation results.

e Among the vertical diode structures, Diff-Sub diode

p-well CMOS process is shown in Figure 5.2. The following conclusions can be made based on

has higher QE than the other struc-

tures. The Diff-Well diode has a better response in the blue region than the Well-Sub

diode because the junction is closer to the surface and therefore can absorb more short-

wavelength photons, which have a high absorption coefficient.

e Both the vertical and lateral bipolar transistors have

the current gain of the transistors.

a higher-than-one QE as a result of

e The lateral diode and lateral BJIT both have good blue response, as the electron-hole pairs

generated by short-wavelength photons can contribute to the photocurrent. The QE for
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a b

Figure 5.3: Mixed photodetector structures showing the contributions from the

lateral and vertical junctions. a) a mixed junction diode, and b) a mixed BJT.

these devices falls exponentially at wavelengths larger than 400 nm.

In the simulations of the lateral structures it was assumed that only the region between
the two diffusions was exposed to light, otherwise the effect of vertical junctions should
also have been considered. The blue response can be improved, by mixing the vertical

and lateral junction devices, as shown in Figure 5.3.

o The photogate has the smallest QE because the photocurrent filling the potential well is
mainly from the diffusion of carriers, and also the gate material blocks most of the short
and medium-wavelength photons. In silicided processes, the absorption of the silicide is
so high that it should either be removed, or several windows be made to allow light to

reach the semiconductor.

Table 5.1 presents the simulated dark currents for each device. Among the vertical diodes the
current of the well-substrate is the smallest, due to the lower doping densities in those regions.

The bipolar transistors have a dark current about two orders of magnitude larger than the
photodiodes, which severely limits the performance of integration based photocircuits (see Sec-
tion 5.2). A large dark current can more quickly charge the input capacitance in integration
based photocircuits, and hence, saturating the input node will require a shorter integration
time than for photodiode structures. However, in photocircuits which operate in continuous
current-mode, the higher input photocurrent would prevent the circuits from operating in the
deep-subthreshold region.

The small dark current of the photogate structure is due to the fact that there is no junc-
tion present in the device and the dark current is due only to the carrier recombination in the
substrate.
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Table 5.1: The simulated dark current for CMOS photodetector devices in a 2um
CMOS process.

Well Substrate  |2.7 x 10784/ pm?

Diffusion Well |4.8 x 107184 /um?

Diffusion Substrate | 2.6 x 10717 A/um?

Lateral Diode | 7.0 x 107224/um

Vertical BIT  |5.3 x 107164/ um?

Lateral BJT 8.3 x1072°4/um

Photogate 2.9 x 107%A/um?

5.2 Photocircuits

Photocircuits are the front-end circuits that receive and preprocess the photocurrent. The way
in which the input photocurrent is processed depends on the overall architecture of the vision
chip. For example, in spatial vision chips the DC level of the inputs are important, and should
therefore be preserved by the photocircuits. For spatio-temporal processing vision chips, the

photocircuit should preserve the temporal characteristics of the input as well.

One of the most important aspects in the design of photocircuits is the dynamic range. Pho-
tocircuits should have a large operating dynamic range and be able to provide a compressed
output so that further processing circuits do not need to cope with a large dynamic range input.
They should also provide necessary amplification and buffering, if required. These requirements

should all be satisfied while considering the area limitation of the photocircuit.

In the following sections some of the photocircuits which are widely used in vision chips are

described.

5.2.1 Logarithmic Compression Photocircuit

Figure 5.4 shows the logarithmic compression photocircuit. If the input photocurrent is very
low so that the transistors operate in the subthreshold region, the output voltage will be loga-
rithmically dependent on the input current. Several MOS diodes in series can be used to increase
the sensitivity of the circuit. For the circuit in Figure 5.4-a, and assuming that the transistors
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operate in the subthreshold region we will have
( V1

—VLKIDOeU_T n (one MOS diode)
vV 1
1= %boem n?+n (two MOS diodes) CRY)
V.1
WipeeUrn® +n”+ 1 (three MOS diodes)

where Wand L are the width and length of the transistor, respectively, I is the input photocurrent,
n is the subthreshold slope factor, Ipg is a process dependent parameter, and V is the output
voltage. The small signal response of both photocircuits can also be derived as
Vo($) -1
ii(s) - gm + Cps

where C), is the parasitic capacitance at the input node, and g,, is the transconductance of the

(5.2)

transistor. Note that in subthreshold region g,, is directly proportional to the current level.

Therefore, at low light levels the circuit will have a slow response.

Vdd Vdd

Figure 5.4: Logarithmic compression photocircuit. a) Using a P-MOSFET, and b)
using an N-MOSFET.

5.2.2 Logarithmic Compression With Feedback Amplifier

Both circuits in Figure 5.4 can be modified to enhance their small signal characteristics, by
using the amplifiers in a feedback loop, as shown in Figure 5.5. The small signal response of

these circuits are:

Z"((;% = K K = 1 > For Figure 5.5-a
% C K 1 J m , m
[Cp+ (K + )Cg]l9+cp+(f(+1)cgsl Cy [S+CgsJ
(5.3)
vo(8) K ) i
,”7'(8) - [C . (K _ 1)0 ] s+ I{gm For Flgure 5.5-b
P e G, = (K —1)C,q
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The transfer function of the circuit in Figure 5.5-a indicates a clear improvement, as the pole
of the circuit has now moved from —g,,/C), to —gm/Cys (Note that C, > C). The location
of the pole still depends on g,,,, which is in turn dependent on the input photocurrent level.

The circuit in Figure g.S—b will bg unstable if the gain K of the amplifier is too large. The
circuit is stable if K < Ug’j +1= C{;'

The voltage at the input node in both circuits is almost fixed at V;..;. The DC response of the
circuits is the same as that of the logarithmic compression circuit.

The amplifier in Figure 5.5-a can be a CMOS inverter, or a simple two-transistor amplifier.
In both cases, the DC level at the input node, V;, will be set at the transition voltage of the

inverter.
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Figure 5.5: Logarithmic compression photocircuits using a feedback amplifier.

5.2.3 Buffered Logarithmic Photocircuit

In order to drive large loads, a buffered photocircuit is required to provide a low output impedance.
The circuits shown in Figure 5.6 can be used for this purpose. Circuit 5.6-a is the logarithmic
compression photocircuit followed by a buffer, while circuit 5.6-b is a special case of cir-
cuit 5.5-b, when K =~ 1.

The advantage of using circuit 5.6-b is that, the output voltage does not observe the voltage
drop caused by the buffer, and does not get affected by the nonlinearities in the buffer circuit.

Circuit 5.6-a has a voltage drop of approximately Vr, and therefore more than one MOS
diode in the input is required, otherwise the output voltage swing may reach the supply voltage.
The photocircuit in Figure 5.6-c alleviates this problem because the direction of the voltage drop
is opposite to that of the buffer in Figure 5.6-a. However, as this photocircuit uses transistors
of different types, the layout design rules will not allow a compact layout. To use transistors of
the same type, the logarithmic photocircuit of Figure 5.4-b must be used instead.
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Figure 5.6: Buffered photocircuits. a) using PMOS buffer. b) using a feedback
buffer. ¢) using NMOS buffer.

It is trivial to show that the AC response of the circuits without any load is very similar to
that of the simple logarithmic compression photocircuit.

Moreover, circuit 5.6-b shows a clear advantage, when mismatches are considered. The mis-
match at the output voltage only depends on the mismatch of the transistor M1, while other
circuits will be affected by the mismatch in the buffer circuit as well. Monte carlo simula-
tions were performed on both circuits. They indicate about four times more mismatch in other
photocircuits compared with the circuit 5.6-b.

A clear conclusion of this section is that circuit 5.6-b is superior to all other buffered photo-

circuits in many respects.

5.2.4 Adaptive Logarithmic Photocircuits

A disadvantage of all the logarithmic compression circuits is the extreme compression, as the
output voltage of the photocircuit with one diode only varies by one volt for an input pho-
tocurrent range of over six orders of magnitude. Hence, further spatial or temporal processing
circuits will need to be very sensitive, in order to resolve temporal contrast. Therefore, it is
desirable to produce an output with high temporal contrast (amplified) while still maintaining a
certain level of compression of the intensity level.

This can be achieved by introducing an adaptive element to the feedback path of the circuits
described in section 5.2.2. The simplest adaptive element is shown in Figure 5.7-a. If the
resistor R is very large then the transfer function of the circuit will depend on the capacitive
ratio g;- < 1. If used in a feedback path, this element will create an AC gain of about %,
while the DC operating point will be unaffected by the adaptive element, provided that its
output does not observe any DC load.
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Figure 5.7: a) an adaptive element. b) including the adaptive element in a simple
logarithmic compression photocircuit. ¢) using the adaptive element in a buffered
photocircuit. d) using the adaptive element in an feedback-amplifier photocircuit.

) an implementable adaptive element.

Using the adaptive element in Figure 5.7-a, we get

1{"(8) = —R, ~ —R, For circuits 5.7-b and ¢
i;(s) gmBRo Cy
g S 0 ’I’TLC
1 L 2
T 1¥ RCis
5.4)
1{"(3) - KR, ~ Cy For circuit 5.7-d R>1 Cy; > C4
z7:(-5) ngaI( gmcl
1+ W + RoGm
1 R
+ 1+ RC[S

where R, is the impedance seen at the drain of the transistor including the parasitic capacitance
and the output impedance of the transistor.
A large resistance is required to satisfy the time constants required for the adaptation pur-

pose (in the order of several milliseconds to several minutes). However, this is not readily
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Figure 5.8: a) Delbriick’s adaptive photocircuit. b) An adaptive buffered photocir-

cuit.

implementable using conventional circuits. Of the several devices used by Tobi Delbriick to im-
plement the adaptive element [Delbriick 93], the element in Figure 5.7-¢ appears to be the most
suitable one. The transistor in this element has an expansive characteristic in that the current-
voltage relationship is exponential. This expansive characteristic enables sharp transients to be
dampened very quickly, while making the settling time to the ultimate DC level very long (this
settling time depends on the leakage current of the device which is typically in the order of
femto amperes).

Two adaptive photocircuits are shown in Figure 5.8. Circuit 5.8-a is Delbriick’s original pho-
tocircuit, and circuit 5.8-b is the realization of the circuit shown in Figure 5.7-c. Transistor M5
is used as a common-gate stage in both circuits, which function almost identically. However,
at very low input photocurrents (less than 10pA), the response of circuit 5.8-b is slower. Cir-
cuit 5.8-b is less sensitive to mismatch as discussed in section 5.2.3. Mismatch in circuit 5.8-a
depends on the matching properties of all transistors in the circuit, while in circuit 5.8-b it
only depends mainly on the matching of M3. Simulations indicate more than four times less

mismatch in this circuit compared with Delbriick’s photocircuit.

3.2.5 Current Amplifier Photocircuit

Light intensity inside a normal room is usually below 1 lux, and at these levels photocurrents are
in the deep-subthreshold region ( < 1 nA). It is therefore desirable to increase the photocurrent
similar to photo-multiplier devices, as shown by the two simple circuits in Figure 5.9. The
input current is injected into the base of a bipolar transistor, whose current gain (around 100)
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boosts the photocurrent. Note that this will amplify the signal and noise at the same time, and
hence the signal to noise ratio remains relatively constant. However, by increasing the signal
levels, subsequent circuits will not need to cope with very small currents. By using a BJT as the
photodetector, as shown in Figure 5.9-b, the current gain can be boosted further by the current

gain of the transistor.

(a) (b)

Figure 5.9: Photocurrent amplification. a) using a photodiode, and b) using a
photo-BJT.

5.2.6 Charge-Integration Photocircuit

Transducing the charge (or current) into voltage can be achieved by means of a charge integra-
tion photocircuit, such as that shown in Figure 5.10. Initially, the reset transistor is on and the
voltage at the input node In is set to the reset value. The integration cycle starts when the reset
transistor is turned off. The input capacitance usually consists of parasitic capacitances of the
devices connected to this node (C,). In some processes, e.g. GaAs, which have a large gate
leakage current, an additional capacitor, C; may be needed to ensure enough charge storage
time.

The advantages of this photocircuit are its linear charge-voltage transfer characteristics (pro-
vided that the capacitor is linear), controllable dynamic range by changing the integration time,
and low sensitivity to device mismatch at least up to the S&H stage, as the integration time
depends on the input capacitance, which has less mismatch than other parameters of the cir-
cuit. Also, integration principally acts as a low-pass filter which removes the high frequency
components of the noise.

The main disadvantages of this method are the effect of digital noise from the reset and S&H
switching transistors, and the inability to change the integration time locally, which means that
the dynamic range for a specific integration time is always limited to a certain global value.
However, at the expense of area, control circuits can be included at each pixel to vary the

integration time [Chen and Ginosar 95].
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Figure 5.10: Integration based photocircuit.
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5.3 Circuits for Spatial Processing

Image information in the spatial domain is an inherent feature of image processing. Circuits for
performing spatial image processing are therefore of importance to the design of vision chips. A
physical view of spatial image processing is illustrated in Figure 5.11. The processing element
at each pixel interacts with its neighbors.

The type of processing, and the number of neighboring cells involved in the processing at
each pixel, depend on the specific algorithm being implemented.

In an algorithm which involves all the cells in a neighborhood of N, and assuming that the
interconnects only transfer information in one direction, M; = 2((2N + 1)® — 1) interconnec-
tions are needed. For reciprocal interconnections this becomes M, = (2N + 1)? — 1. Even for
N = 1 the number of interconnections (M; = 16) are relatively large.

In some algorithms, only the elements on the main axes are involved, and hence M, =2x4N
and M, = 4N, for uni-directional and bidirectional interconnections, respectively. Even for
these types of algorithms the number of wires required is still high (M, = 8 for N = 1).
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Figure 5.11: A physical view of spatial image processing. a) A general structure
with bidirectional interconnects. b) CNN structure with uni-directional and main-

axes-only interconnects.

It is therefore obvious that performing any type of spatial image processing, where more than
the first nearest neighbors are involved, will be highly interconnect-limited. The cellular neural
network (CNN) structure, shown in Figure 5.11-b, in which the only interactions are with the

nearest neighbors, presents the most economical architecture for implementing spatial image
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Figure 5.12: A cell circuit in a CNN.

processing chips. In fact CNNs, were originally introduced with an emphasis on being VLSI
friendly [Chua and Yang 88a].

CNN and resistive networks are two specially designed networks for performing image pro-
cessing tasks, and offer a straightforward architecture for VLSI implementation. In the fol-
lowing sections we first review CNN and resistive networks, and then present a circuit design
perspective of two of the most common image processing operations implemented in VLSI, i.e.

spatial smoothing, and retinal-function processing.

5.3.1 Cellular Neural Networks

A cell in the original CNN is based on an analog circuit shown in Figure 5.12 (see [Chua and
Yang 88a,Chua and Yang 88b]). E;; is the input voltage, I, is an independent current source, C
and R, are the capacitance and resistance at the cell, Vu,ij» Va,ij» and V,, ;5 are the cell input, cell
state, and cell output voltages, respectively. I,,(ij; kl) and I,,(ij; kl) are voltage controlled
current sources (VCCS) which depend on the cell state and output of the neighboring cells, and

can be expressed as:

Iou(ij; kl) = B(ig; k) Vg

. . (5.5
Loy (ig; k1) = A(ig; KDV,

I,y is a sigmoid (bounded monotonically increasing nonlinear) VCCS which is controlled by
the cell state voltage V; ;;. A and B are matrices which constitute so-called templates. A linear
CNN is fully characterized by these two matrices and the constant .

As mathematical treatment of CNNs can be found in the literature [Goles 90], they are con-
sidered here only from a VLSI implementation point of view. From the structure of a basic cell,
it is clear that for a general CNN with only the first nearest neighbors, 16 interconnections, 19
weight storage elements (to store the A and B matrices), and 19 VCCS elements are required.
Each cell should also have a capacitor and resistor for the state node V, ;;, and a sigmoid VCCS
and a resistor for the output stage. For a fully symmetrical CNN, only 3 weight storage elements

are required. Although most of these elements can be realized relatively easily, the required area
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for a full implementation has restricted the implementation of large CNN arrays. For example,
in a 0.8um CMOS process, and using traditional circuit design techniques, a cell density of 27
cells/mm? is achievable [Dominguez-Castro et al. 97]. About 50% of the area is dedicated to

the synapses (weight storage and multiplication).

The programmability of CNNs gives them an advantage. Various image processing oper-
ations can be performed using the same hardware by changing the weights in the CNN. This
feature would be desirable only when used in an analogic fashion (a mixture of analog and logic
circuits) [Roska and Chua 93], so that a sequence of image processing tasks are performed us-
ing the CNN. In case a single image processing task, such as edge detection, is to be performed
using a hardware CNN, then a large proportion of the circuits would be redundant and the hard-
ware would be extremely under-utilized. In this case special purpose vision chips would use the
silicon area in a more efficient way. Other factors such as circuit mismatch, cell density, and
power dissipation would also favor a special purpose design, rather than a general purpose CNN.
For example, a typical VLSI CNN uses more than 100 transistors for each cell [Dominguez-
Castro et al. 97]. By contrast, a special purpose design for image smoothing requires only two

transistors per cell (see section 5.3.3), and dissipates several orders of magnitude less power.

In addition to representing a specific class of neural networks, the CNN paradigm can also
provide a framework for analyzing different existing algorithms and networks. For example,
the resistive networks described in the following section have been treated using CNN formu-
lations [Shi and Chua 92]. Of course, these algorithms or networks should first be expressed as

a CNN, and the associated templates be determined.

5.3.2 Resistive Networks

Resistive networks have long been used for performing spatial image processing [Fukushima
et al. 70]. A resistive network using positive-only resistors can perform spatial smoothing on a
one or two-dimensional image. In a more general case both negative and positive resistors can
be used, and functions other than simple smoothing can be obtained. Resistive networks will
be given a more comprehensive treatment, due to their wide usage in a large variety of vision

chips designed to date.

A generic second-order uniform resistive network is illustrated in Figure 5.13, in which each
node is connected to the first and second nearest neighbors by resistors. The inputs to the
network are currents x(i) and the outputs are the node voltages y(4). All resistors are assumed

to be linear. The input/output transfer function of the network can be written as

z(n) = —gay(n — 2) — qry(n — 1) + (go + 291 + 2g2)y(n) — g1y(n + 1) — g2y(n +2) (5.6)
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Figure 5.13: Second-order resistive network.

Assuming that the Z-transform of the network exists, it can be expressed as:

H(z) = I S
Y. a2 (5.7)

G2 =Qy=—g2 G_1=0a1=—¢g1 G =Ggo+2¢ +2¢

Stability

The conductances g; and g, can be either positive or negative. However, when negative con-
ductances are used, the network may become unstable (see [Matsumoto et al. 93, Shi and
Chua 92, Raffo 96] for various issues pertaining to the stability of resistive networks). For

the second-order network, the stability conditions are given by [Matsumoto et al. 93]

—90—2g1+2|g1| <O when g, > 0 or (a)
< 0 and >4 b
g2 <0and |g1/gs| > (b) 5.8

—go — 291 — 492 — 91/492 <0 when g, < O and |g;/g2| < 4 (c)

In Appendix B, another method based on the analysis of the transfer function of the system
is presented. In addition to being straightforward, this method can also lead to the derivation
of the characteristics of the kernel function. Figure 5.14 shows the region of stability of the
network in the u = g1/go, v = g2/go space, assuming that g, is positive. The regions 1, 2, 3,
and 4 are associated with the first condition in equation 5.8, and region 5 is associated with the

second condition.
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Figure 5.14: Regions of stability for the second-order resistive network in the u =

g1/ 90 and v = g2/ go space.

Spatial Response

The impulse response of the network, or the convolution kernel realized using the network, can
be uniquely determined in the stable regions.

Table 5.2 summarizes the types of kernel functions that are realizable using the second-order
network. Refer to Figure B.3 in Appendix B for the impulse response in different regions of the
(u, v) space.
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Table 5.2: Kernel functions implementable using a second-order resistive network.
These are the equations for impulse response for » > 0. Note that the function is
non-causal, and is symmetric with respect to n = 0. Also in the following functions
la| < 1and |8 < 1.

Function

3.3.3 Circuits and Networks for Spatial Smoothing

Resistive networks are the most intuitive circuits for performing spatial smoothing. In such
networks a resistive grid receives the input current, and each node distributes its current among
its neighbors. The output can be taken by reading the node voltages. We will see that even the
most intricate circuits described in this chapter utilize this simple principle.

A simple spatial smoothing circuit, which uses the principle of current distribution into a
resistive network, is illustrated in Figure 5.15. If all the elements in the network have equivalent
impedances, as is the case here, the equation relating the input and output currents can be easily

derived.

[Im(n — 1) + Im(’ﬂ) + Im(n + 1)] -+

W =

Iout (n) =

v

R—y[fout(n — 2) + QIout(n - ].) + 2]0ut(n -+ 1) + Iaut(n + 2)] (59)

This is a linear recursive transfer function. It can be seen that for R, < R,

%[1,- (n = 1) + In(n) + Lin( + 1)] (5.10)

For R, > R, all the output nodes are in fact virtually shorted and

Iout(n) =

Lus(n) :%Zlm V n (5.11)

Implementing such a resistive network would not be economical in standard CMOS pro-
cesses, because linear passive resistors with large values (to satisfy power consumption con-
straints) are not readily available, and the smoothing constant of the network cannot be modi-
fied.

90



Part II. Synthesis of Vision Algorithms

lIin(N)

N4 ‘.

Vout(1) Vout(2) Vout(3) oo o Vout(N)

Iout(l)l ] Ry Tout(2) l Tout(3) l Ry Tout(N )l

Figure 5.15: Current mode circuit for spatial smoothing.

By replacing the resistive elements with translinear elements (e.g. a junction diode or a MOS

diode), a more economical circuit can be realized (see figure 5.16). The expressions describing

the function of the circuit can be obtained by applying the translinear principle in the loops

indicated by dashed lines, and also the KCL at the input and output nodes of the circuit. It is

assumed that all the elements are identical. The derivations can be easily extended for a network

with different element values at each branch. Here we only consider this simple case.

1 X Iout 1) = lgz12 X Iout 2)

(
:c2 X Iout 2) — 4z21 X Iout(l)
(

(
(

:1:2 X Iout(z) = Iz93 X Iout 3)
( )

3 X Iout 3) - 132 X Iout( (512)
Iin(2) = Ipg + Ipo1 + Inos
Iout(2) = Iz + I:c12 + Ia:32
(5.13)
A generalized expression can be easily obtained.
I (n) _ Im(’I’L — 1) + Iin(?"'*) + Im(n + ].)
out - Ir)ufgu:! Iou!gn? + 1 Iput!n-! + 1 + Im.:l'gnz 1 + Iaut("i Iout('n)
Tout(n—2) Tout(n—1) Tout(n—1) Tout(n+1) Tout(n+1) Iout(n+2)

14)

Although this is a nonlinear recursive equation, the network exhibits a near perfect averaging

function similar to a rectangular smoothing window spreading over three neighboring inputs.

Figure 5.17 shows the impulse response of this network compared to that of a perfect averaging

window.

It can be observed that there is an inhibitory effect demonstrated by the small ringing at the

edges of the output. This effect is more dominant for lower contrast inputs. The difference
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between the output of this translinear network and the ideal smoothing window is less than
10%.

A drawback of this circuit is the fixed width of the smoothing operation. The network shown
in Figure 5.18 achieves a wider smoothing window by using another stage of the current dis-
tribution network. Also, the middle branch of each stage can be bypassed by a MOS transistor
acting as a switch. The smoothing window of this new network can be adjusted to five, three, or
zero (no smoothing operation). For a two-stage smoothing network, the shape of the window is

triangular and the input-output relationship can be approximately expressed by
Tout(n) = Lin(n — 2) 4 Lin(n — 1) + Lin(n) + Lp(n + 1) + Lip(n + 2) (5.15)

This circuit has been used for realizing the multiplicative noise cancellation (MNC) operation

in the second motion detection chip, which will be described in chapter 8.

1 l Tin(1) [l Tin(2) | l Tin(3)
/ lel g "“' ----- S, (42 — T 1Ix3 \
& / / — N

Figure 5.16: A translinear circu%rﬁ)ﬁm smoothing.
A

This circuit can be modified so that the shape of the smoothing window can be adjusted by
varying some bias voltages in the circuit, as illustrated in Figure 5.19. Here, the transconduc-
tance of the transistors is controlled by the gate voltage. The relationship between the output
and input currents can be expressed as
Klin(n—1)  ILn(n)  Kly(n+1)

2K +1 2K +1 2K+1

Iow(n) = (5.16)
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Figure 5.17: a) Impulse response of the simple translinear spatial smoothing net-
work. C is the height of the input pulse. The rest of the inputs have a value of “1”.
The dashed lines are from the ideal rectangular averaging window with a width
of three. b) Maximum relative error of the impulse response with respect to the
ideal averaging window. The x-axis is the contrast of the input at the center and
surrounding cells.
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Iout(3)l

Figure 5.18: Two-stage translinear spatial smoothing circuit.

Vi =V,

where K = ¢ nUr , 1 1s a process dependent parameter, and Ur = kT/q.

Two stages of the smoothing circuit can be used as shown in Figure 5.18, in order to obtain

an adjustable-shape smoothing window covering five neighboring cells.

The main drawback of the smoothing circuits described so far is their fixed window size. A

slightly modified version of the translinear circuit of Figure 5.19 is shown in Figure 5.20 (see
[Andreou et al. 91, Andreou and Boahen 94, Andreou and Boahen 96]). Note that the horizontal

transistors operate in the ohmic region. This circuit can be analyzed using the translinear princi-

ple by decomposing the horizontal transistors into two back-to-back transistors operating in the

saturation region (se¢ Figure 5.21). By writing the translinear equations in the loops marked by
dashed lines (note that the loops end at constant voltages V;, and V), and the KCL at the circuit

nodes we have

Iin(2)
Ip32
L1z
I

I €23

Lout(2) + Luzo — Ipoz + Inia — Iomy

KI,u:(2)

K1ou(2) (5.17)
KIou(1)

K1 (3)
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Figure 5.19: Translinear spatial smoothing circuit with adjustable window shape.

V., =V,
where K =e "Ur . Hence,

KAzIout + Iout = Iin (518)

where A? is the second spatial-derivative operator. The impulse response of this network is an
exponentially decaying function with a decay rate of 1/ v/K. Note that this circuit cannot be
implemented using bipolar transistors, as the horizontal MOS transistors operate in the ohmic
region. All the previous circuits can be implemented using bipolar transistors without any
modification to the structure of the networks.
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Figure 5.20: Spatial smoothing circuit with adjustable window width.

Figure 5.22 shows another circuit for spatial smoothing, which is an implementation of a
first-order resistive network, and was first used for implementing a silicon retina [Mead 89,
Mead and Mahowald 88]. The heart of the network is the “horizontal resistor”, or HRES,
which simulates a floating resistor. The OTA-like circuits are used to bias the two horizontal
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Figure 5.21: Translinear analysis of the smoothing circuit by decomposing the

horizontal transistors into two back-to-back transistors.

transistors. Assuming that some of the circuits are shared between neighboring cells, each cell
uses 12 transistors. The circuit designed by Andreou and Boahen [Andreou et al. 91, Andreou
and Boahen 94] only uses 2 transistors for each cell, a dramatic difference in the number of
transistors.

While previous circuits were all designed using continuous current and voltage mode tech-
niques, charge-mode circuits can also be designed for spatial image processing.

In CCD processes, where charge packets convey signal information, charge sharing CCD
elements can be used to perform spatial smoothing. In the circuit shown in Figure 5.23, the
charge in two separate potential wells are mixed together. Then, by increasing the potential at
the middle of the joined well, charge is divided into the wells [Dron 93,Dron Mcllrath 96]. This
operation can be repeated over several clock cycles, and among neighbors in a large array to
spread the smoothing operation over a larger area.

A similar concept can be implemented using switched-capacitor (SC) circuits, although in
this case, instead of potential wells, capacitors hold the charge. One advantage of using SC
circuits is that they can be implemented in standard CMOS processes, which makes it possible
to use various circuits and design techniques available for CMOS.

Considering that a resistive element can be implemented using a capacitor and two switches,
as shown in Figure 5.24-a, any resistive network (with positive values) can easily be mapped
into a SC network. Figure 5.24-b illustrates a first-order resistive network, where the resistor
values can be adjusted by changing the clocking rate of the switches, or by using different
capacitor sizes [Umminger and Sodini 92]. In SC circuits, capacitors, switches, and clock
signals occupy a significant area. However, as the matching of capacitors is better than that of
transistors, higher resolution of at least 7 bits is achievable.

In this section, I presented a series of snapshots of how a very simple and intuitive design

can be turned into a very useful, powerful, and yet small circuit. Of course, the evolution of the
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Horizontal Resistor (HRES)
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Figure 5.22: Another spatial smoothing circuit, with a large number of transistors.
The OTA at each input converts the input voltage to a current and injects it into the
network. The other OTA-like circuit (shaded triangle) is used to bias the horizontal

transistors.
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Figure 5.23: The charge redistribution circuit using CCD elements. From top to

bottom are the snapshots of the operation.
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Figure 5.24: a) A resistive element. b) A first-order resistive network using SC

circuits.

98



Part II. Synthesis of Vision Algorithms

actual circuits has not followed this straight path, but understanding the principles of the oper-
ation of these circuits and the slight variations during this evolution can help in building more
complex networks. It has also been tried to apply the translinear principle as much as possible
in analyzing the circuits, and there is virtually no mention of complex transistor equations. This

also shows how another simple principle can be used as a powerful tool.

5.3.4 Nonlinear Resistive Networks

Nonlinearity provides features which are not readily available in purely linear systems. For
example, by adding a simple multiplicative nonlinearity to lateral inhibition models, a new net-
work which is a closer representation of the biological retinal functions can be obtained [Bouzer-
doum and Pinter 92]. However, nonlinear systems are more difficult to analyze and synthesize,
as illustrated by the difficulty of finding even the DC solution of small circuits comprising non-
linear resistive elements (see for example [Yamamura and Mishina 96,Pastore and Premoli 97]).

Nonlinear resistive networks, as a simple class of general nonlinear periodic networks, can be
used in some image processing tasks, for example to avoid extraneous smoothing, to highlight
discontinuities, and to discard outliers [Harris et al. 90, Lumsdaine et al. 91, Yu et al. 92, Harris
et al. 89, Harris 91]. However, only one type of nonlinear resistive elements, i.e. a resistive fuse,
has been used in all these networks. The original drive behind this special nonlinear network has
also been intuitive. The characteristics of a resistive fuse network are such that the low contrast
parts of the image are smoothed without affecting the high contrast areas, which usually contain
more useful information.

Here, only two nonlinear resistive elements will be described: the saturating resistive ele-
ment, and the resistive fuse. The general characteristics of these two elements are depicted in
Figure 5.25.

41 Al

<
F <

(@ (b)

Figure 5.25: I-V characteristics of a) saturating resistive element, b) resistive fuse.
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Resistive Networks Using Saturating Resistor

Almost all resistive elements implemented using CMOS transistors exhibit nonlinear I-V char-
acteristics. For example, the horizontal resistor (HRES) shown in Figure 5.22 presents a “hy-
perbolic tangent” saturating characteristic. For low contrast inputs to the network, the resistive
elements behave almost linearly. However, when the voltage across a HRES exceeds the linear
range, the current through the resistor saturates and inhibits the spreading of a large contrast.
This could be considered as a form of anti-blooming effect, whereby very bright spots in the
input image are isolated by limiting their effect on their neighbors.

Resistive Networks Using Resistive Fuse

A resistive fuse can be used to accentuate the anti-blooming effect of the saturating resistive
element described in the previous section.

In a resistive fuse network, when contrast is very high, the interaction between pixels is
virtually absent, and hence sharp contrasts will remain intact, while low contrast parts of the
image which have lower signal to noise ratio will be low-pass filtered.

Due to the negative conductance region in the I-V characteristics of this element, however,
the network can become unstable, or it may converge to a local minimum state [Harris et al. 90,
Harris 91]. A solution to this problem is to bias the resistive elements such that originally they
act as linear resistive elements, and gradually change the bias until they behave as resistive
fuses. Almost all the resistive fuse circuits proposed are capable of being used in different
modes, either as a normal resistive element, or as a resistive fuse [Harris et al. 90, Yu et al. 92].

Several circuits have been proposed for implementing the resistive fuse. The original circuit
proposed by J. Harris uses the horizontal resistor (HRES) described in Section 5.3.3. The circuit
controls the resistivity by comparing the absolute value of the difference between the voltages
at the nodes of the resistive element with a threshold value.

In [Yu et al. 92] another resistive fuse circuit is described. Although this circuit is smaller
than Harris’, the voltage range over which the circuit is linear is small and cannot be adjusted.

However, in Harris’ circuit the linear range can be widened by changing the biasing voltages.

3.3.5 Circuits and Networks for Contrast Enhancement
The implementation of some of the contrast enhancement models presented in section 2.3 are

discussed here. The models are briefly reintroduced.

1. Subtraction from spatial average

Iout(n) = Im(n) - Iout(n) (519)
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2. Division by spatial average
Iin(n)

I, = —— 5.20
t(n) Lm(n) ( )
3. Laplacian of Gaussian, Difference of Gaussian (DoG), and Difference of Exponentials
(DoE)
I = V2G(Ii) LoG
Iout = G1 (Iin) — Gg(.[m) DoG (521)
Iout = El(Im) - E2(Im) DoE

4. Even Gabor function

2
&
Iy = iy % (Acos(azx)e 07) (5.22)

5. Regularization theory based (solution of the biharmonic equation)

AVEV2 L (2, y) + Lot (,9) = Tin(3, ) (5.23)

6. Linear and shunting lateral inhibition

= Iin(n) — alpy(n) — b(Lout(n — 1+ Iy (n + 1)) LLI (5.24)
() — F0(n) = alou(n) — Do (0) Toue(n = 1) + Lus(n+ 1) ST

The first and second models can be implemented easily by using one layer of spatial smooth-
ing followed by a subtraction or division circuit, as shown in Figure 5.26-a.

The LoG or DoG operators require Gaussian smoothing functions, whose implementation
require a negative resistive element [Kobayashi et al. 91]. By contrast, the DoE function can
be implemented either with two smoothing layers, using a first order resistive network, or with
the diffusive circuit in Figure 5.20. The subtraction can be readily performed in the current or
voltage domain.

There does not exist a hardware implementation of the even Gabor function. However, an
approximation of this function in the form of a cosine modulated exponential can be imple-
mented using a second order resistive network, which uses negative resistors. The range of
resistor values that result in this function can be found in Appendix B .

An implementation that approximates the solution to the biharmonic equation has been de-
scribed by Andreou and Boahen [Boahen and Andreou 92, Andreou and Boahen 94]. In essence,
two coupled diffusive networks are used, which produce two coupled difference equations
whose input-output relationship is described by the biharmonic equation.
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there is no need to perform a spatial smoothing function, and only subtraction of the output from
a weighted sum of the neighbors is required. The “weighted sum” function can be implemented
using either a Gilbert multiplier, or a translinear divider/multiplier [Andreou et al. 91]. In
shunting inhibition, the output of the neighbors should also be involved in the “weighted sum”
product. In both cases, current mode implementations are preferred, due to the simplicity of

the current mode addition and subtraction operations. Chapter 10 describes a current mode

The implementation of linear and shunting lateral inhibition is relatively straightforward, as

implementation of shunting inhibition.
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Figure 5.26: Implementations of contrast enhancement.
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5.4 Spatio-Temporal Processing

In designing circuits for spatial and temporal image processing, memory elements are required
to store or delay image information from the past frames or time sequences. The only practical
storage elements in current VLSI technologies are the capacitive storage and delay elements.
In a storage element, or analog memory, charge is sampled and stored on a capacitance. By
contrast, the signal in a delay element is continuously delayed. The main challenge in designing
such elements is to achieve relatively long storage or delay times. In analog memories the
storage time is limited by the leakage through unavoidable junctions that are connected to the
capacitance, while in delay elements (for example in simple R — C or G,, — C elements) the
delay time is limited by the achievable maximum resistance or minimum transconductance.

For vision chip applications, the amount of delay or storage time directly depends on the
extent to which past image information is involved in the processing. For example, for a frame
differencing operation, where the image is simply subtracted from the previous frame, only one
storage element per pixel is required. However, in many motion detection algorithms, several
frames may be involved in the processing. Therefore, some of the storage elements require
more retention time than the minimum (the time between two frames).

From a circuit design point of view, the only difference between implementing a spatial and
spatio-temporal design is the introduction of the delay or storage elements. Therefore, it is

necessary to review analog memory elements.

5.4.1 Analog Memory Elements

The simplest structure for charge storage is the sample & hold cell shown in Figure 5.27. The
leakage current of the source of the switch transistor limits the charge retention time, which may
be up to a few seconds for digital signal storage. The acceptable retention time for an analog
application obviously depends on the resolution required, but drops from that for DRAM cells
by two orders of magnitude (for 8 bits of resolution by 1/256). This circuit is useful only for

very short term storage, such as in small imagers with fast frame rates.

Sample

In ;4/ Out
o)

Figure 5.27: Sample & hold analog memory
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The storage time of the cell can be increased by using several techniques, such as differential
storage, and leakage reduction. In the differential storage technique, the original signal is trans-
lated into a differential signal and stored on two similar storage devices. As the leakage reduces
the charge at both nodes at almost the same rate, the difference remains the same. A drawback
of this technique is the additional area consumed by single ended-to-differential translation and
the extra capacitance.

In the leakage reduction technique, the leakage of the source/drain diffusion of the switching
transistor at the storage node is reduced by setting the voltage across the two nodes of the source
diffusion-well diode to zero [Vittoz et al. 91]. Using the circuit shown in Figure 5.28, storage

times of up to several seconds can be achieved under normal conditions.

Well

Figure 5.28: Circuit for reducing the leakage.

Floating gate structures have long been used in digital EPROM devices, as well as in many
implementations of analog circuits and systems. Despite the long term storage achieved with
floating gate structures (in the order of several years), the accuracy, programming, and repro-
gramming issues of these devices remain challenging. Floating gate devices can be found either
in special processes, where thin-gate devices are available for low voltage programming, or
in standard processes, where the gate of a normal transistor is left floating. The floating gate
devices in standard processes require either high programming voltages, which might exceed
the breakdown voltage of different junctions in the process, or accelerated mechanisms such as

exposure to UV light.

5.4.2 Continuous Delay Elements

A continuous delay element is often approximated by circuits, such as integrators. Fig-
ures 5.29-a and 5.29-b show two basic voltage mode circuits for delaying signals. Both circuits
add distortion in phase and amplitude to the input signal. However, in many motion detection
applications these sources of distortion can be tolerated, and more accurate delay elements are

unnecessary. The current mode delay element in Figure 5.29-c has been used as an essential
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building block in current mode circuits'. Alternatively, a simple log-domain integrator, shown
in Figure 5.29-d, can also be used as a delay element [Seevinck 90].

The amount of delay in the RC network depends on the resistor value, in the OTA-C circuit
it depends on the bias current, and in the current-mode delay element it depends on the input
current level.

In order to achieve large delay times using a conventional OTA-C circuit, very small biasing
currents are required. This causes several problems, including increased mismatch at low cur-
rent levels, and sensitivity to different noise sources. This requirement can be reduced by using
linearization techniques applied to the OTA [Furth and Andreou 95, Moini et al. 97b].

Iinl Tout l l,

- Out . A_Out :Il__ _||: .

Figure 5.29: a) a RC circuit used as a delay element, b) an OTA-C circuit as a delay

element, ¢) a current mode delay element. d) log-domain integrator.

5.5 Summary

This chapter presented an overview on the devices, circuits, and networks required in vision
chips. Photodetector elements and their spectral response were discussed in Section 5.1. Var-
ious types of photocircuits, which transduce the photocurrent into a voltage were described
in Section 5.2. Circuits and networks for spatial and spatio-temporal image processing were

presented in Sections 5.3 and 5.4.

'Dynamic current mirrors are an example of sampled data storage element. However, the principal function of
these circuits is to store the gate voltage. Therefore, the storage is essentially working in voltage mode.
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Issues

Although the field of analog VLSI has led to some understanding of the function of biological
systems, their use and progress has been largely hampered by problems that will be discussed

in the following sections.

6.1 Mismatch

Mismatch in transistors has long been recognized as one of the barriers to achieving high pre-
cision in analog circuits. Current research on CMOS imagers has contributed to the study of
mismatch, which is known as fixed pattern noise (FPN) in the imager terminology. However,
most of these studies have been conducted on the mismatch in a single transistor [Shyu et al. 84,
Lakshmikumar et al. 86, Pelgrom et al. 89, Forti and Wright 94, Pavasovic et al. 94, Steyaert
et al. 94, Bastos et al. 95, Bastos et al. 97]. The effect of mismatch in interconnected networks
of interest to us, such as silicon retinas, has been largely ignored, or studied on very simple or
special cases [Shi and Chua 92, Kinget and Steyaert 96].

The performance of a circuit in the presence of mismatch cannot easily be derived even for
very simple operations using ideal linear networks, as it not only depends on the general func-
tion of the network, but also on the detailed implementation of the circuits. For example, even
for a first-order resistive network, the algebra required to characterize the effect of mismatch
is rather involved [Shi and Chua 92]. The study by Shi and Chua illustrates that the mismatch
at the output of the network also depends on the spatial contents of the input. This is a very
fundamental difference between interconnected networks and isolated circuits. As we will see,
mismatch in the output of contrast enhancement circuits is highest when the spatial content of
the input image is high.

In this section a brief background on the mismatch problem, its sources, and modeling, is
presented. Then simulation and test results on the effect of mismatch on analog circuits and

networks are presented. Current mirrors are used as an example in analyzing the mismatch

107



Chapter 6. Issues

properties of circuits.

6.1.1 Sources and Modeling of Mismatch

Random mismatch is caused by variations in geometrical or electrical parameters of the device.
Variations in the width and length of a MOS transistor directly translate into variation of the
transistor conductance. These geometrical variations, however, have less effect than electrical
or physical parameters, as they can be more finely controlled, and the use of larger devices
reduces the relative variations.

Electrical mismatch is mainly due to two parameters, the threshold voltage Vi and the con-
ductance 3. The threshold voltage mismatch depends on the charge distribution in the channel

and oxide, and can be expressed as:

_ @ _Qr b
Vr = oms + 205 + ol 5 + c 6.1)

where ¢y is the difference between the work function of the gate material and the semicon-
ductor in the channel, ¢p is the Fermi potential of the semiconductor, Q is the fixed charge
density in the oxide, ) is the charge density in the depletion region, D; is the doping density
for adjusting the threshold voltage, and C is the unit-area capacitance of the gate oxide.
The variance of threshold voltage, oy, can be written as:
7
Thr = a0 + b + ) + 25 (%3 + %; + CD’> (6.2)
Assuming that the probability distribution function of all the charges is a Poisson distribu-

tion [Lakshmikumar et al. 86], this can be written as

LWC2 ccteort

The second set of terms in the right hand side indicate the capacitance variations, which are due

e
0Ly = (Q% + Q% +qDy) + 02 (QB Q% DI) (6.3)

to geometrical variations and are often much less than the variations due to the first set of terms.
From the first set of terms the Q5 and ¢D; components have been found to be dominant.
The variance of the conductance of the transistor in the strong inversion region can be ex-

pressed as:

_ HC W
ACw , AW AL
?ﬁ ”L Hoe W - ,

UAﬁ _ UA,; Ux_\co,, mgg

o

(6.4)

The last three terms all relate to the geometrical variations. In N-channel MOSFETs, the
variation of L and W are the main source of mismatch of the transistor conductance. For P-
channel transistors, it is believed that the poorer matching of the gate oxide capacitance C,,

contributes to the majority of the observed mismatch.
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Notice that mismatch in the threshold voltage and conductance both depend on the variations
of W, L, and C,,. Therefore, the variances of these two parameters are not statistically indepen-
dent. Principle component analysis (PCA) can be used to find the main variational components.
However, often it is preferred to relate the variations to more physically meaningful parameters,
such as threshold voltage and conductance.

In the weak inversion or subthreshold region, the conductance and its variation are given by

W
Ipo = KMHL/“G ﬁﬁ%
Alpy éﬁ AW | AL | AV,
o 1 +W—+T+ - (6.5)
2 02

2 2 2
_Onu O o o
po =T

3

Q

where K and n are process dependent parameters; n ranges from 1to 1.3 .
From the above equations, the effect of the width and length variations on mismatch is clear.
By using larger devices, both the geometrical and electrical (charge distribution and mobility)

parameters will be better matched. A first order model relates mismatch to the device area LW
9g 1
BENIW
Ovp 1
Ve XVIW

For moderate size transistors, this gives a very good indication about the relative amount

as follows.

(6.6)

of mismatch. For short-channel transistors, the linear relationship between mismatch and area
does not hold and alternative models such as that proposed by [Bastos et al. 97] should be
used. Although a dependence between mismatch and the distance of devices from each other
has been reported, it is observed only in very large transistors. In moderate and small size

transistors, mismatch due to area dominates the distance factor [Bastos et al. 97].

6.1.2 Mismatch in Circuits

Characterizing mismatch in circuits by trying to derive closed form equations is cumbersome
and in many cases impractical, except for special class of circuits.

Many of the circuits designed in vision chips, are based on the translinear principle. In
a simple translinear circuit implemented using MOS transistors operating in the subthreshold

region, the output current is

Ipn
Lows = 27 6.7)
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where Ip, and Ip,, are the conductances of the transistors. The variation of the output current

can easily be obtained.
2 n+m 0.2

UIout ID(i)
Tiout _ §~ ZIDGE) (6.8)
B T X T,

if we assume that the relative variation of the conductance of all transistors are the same, then

2
Olout = \/n_*_—m <@> (69)

Iout 112)

This means that the total relative variance of the output current is proportional to the num-
ber of transistors in the translinear loop. In the subthreshold region, the o1 /I term is almost
independent of the current level [Forti and Wright 94].

Current Mirrors

Current mirrors are the most widely used building block for many types of analog circuits.
While mismatch can be reduced by increasing the size of the transistors, this would be imprac-
tical for vision chips, where a large number of circuits are to be integrated into a chip, and hence
the size of the transistors becomes important.

In order to study the effect of mismatch on current mirrors, four structures have been chosen
(Figure 6.1). All of these structures use four transistors, two at the input and two at the output
branch. This choice has been made to provide a fair comparison among the structures. The sizes
of all transistors are the same, and the substrates are all connected to the ground node. cml is
actually a simple current mirror, where the two transistors in each side have been connected in
series and can be regarded as a long transistor. The cm2 current mirror is the cascade mirror,
cm3 is the Wilson current mirror, and cm4 is a source degenerated current mirror. Table 6.1
shows the relative variance of the output current for each structure. Clearly, cml and cm4 have

about one quarter as much mismatch as the other two structures.

Iin{ r| TIout Tiny Iout Iin Iout Iin} Tout
|

| - e I

L L L WG

cml cm?2 cm3 cm4

Figure 6.1: Current mirror structures.
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Table 6.1: Relative variance of the current mirror structures.

cml (%500-):
cm2 (%ﬁl) 2
cm3 (71—,%‘1)

n_ \2 1 1 1 2
cm4 [(Tﬁ e I) T (’ﬁ, 4 1)§:| TTO + ﬁaf, OIDO
IDO

We have used Monte Carlo simulations to compare the performance of the current mirrors.
Figure 6.2 shows the mean and standard deviation of the output current when the width of the
transistors has been varied with a 1% Gaussian distribution. Figure 6.3 shows the same data
when the conductance [py of the transistors is varied. The simulations clearly confirm the
analytical expressions. The normalized mean value represents the amount of offset observed
in each structure. In the subthreshold region, the offset of cml and cm4 is less than that of the
other two structures, but this is reversed in the strong inversion region.

This simple analysis and simulation demonstrates that, even though the more common cur-
rent mirrors, i.e. cascade and Wilson, may be superior in terms of measures such as output

impedance, other circuits provide better matching.

6.1.3 Mismatch in Interconnected Networks

In this section the effect of mismatch in spatial processing networks is studied. Two types
of spatial operation that are common in vision chips, i.e. spatial smoothing and contrast en-
hancement, are discussed. Deriving analytical expressions is impractical even for the simplest
network, which is a spatial smoothing circuit shown in Figure 5.20. When several parameters
of the circuit are varied at the same time, the Monte Carlo analysis offers the simplest way in
which to characterize the mismatch performance of the network.

The purpose of this section is to demonstrate that the general perception about the mismatch
reduction characteristic of silicon retinas is not correct in general, and to show that the effect
of mismatch is almost entirely dependent on the specific implementation. Furthermore, the
amount of mismatch is shown to be dependent on the spatial content of the image.

In all the simulations, a one-dimensional network with 64 elements is assumed. The bound-
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Figure 6.2: Variance and mean of the output distribution with respect to input cur-
rent, for a 1% Gaussian distribution of the width of all transistors.
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Figure 6.3: Variance and mean of the output distribution with respect to input cur-
rent, for a 1% Gaussian distribution of the zero-bias threshold voltage of all the
transistors.
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ary conditions have been chosen to be circular, i.e. the last node is connected back to the first

node. The input also has a form of

2n F )

Iin(n) = Iy + IAsin(—671—n for F € [0...31] (6.10)

This choice of the spatial input and the circular boundary produces a virtual infinite network

with a sinusoidal input.

Spatial Smoothing

The first circuit which we analyze is the spatial smoothing circuit shown in Figure 6.4.

Vdd Vdd Vdd vdd
i [l T T il i
l Iin l Iin l Iin l Iin
biash biash biash biash
b b b b
vh vh vh vh
biasv —CiE—- vv  biasv —CIE— " N XK | biasv —qE— vv  Dbiasv -C‘E_ vV
Ioutl Vout Ioutl Vout Ioutl Vout Tout l‘ Vout

Figure 6.4: Spatial smoothing circuit.

In the Monte Carlo analysis, the threshold voltage of each transistor has been independently
varied. The distribution of the threshold voltage is assumed to be Gaussian with a 3o value
of 10 mV, which has been chosen from experimental results and according to the size of the
transistors [Forti and Wright 94, Bastos et al. 97]. This amount of mismatch in a current mirror
results in a 3o variance of about 30% of the nominal value of the current.

Figure 6.5 shows the variance of the output current for different spatial frequencies and for
different biasing voltages applied to biasv in Figure 6.4, while biash is fixed at 3 volts. When
biasv is much smaller than biash (biasv — biash < Ur) the circuit does not perform any spatial
smoothing, and when biash is much smaller than biasv, the circuit virtually shorts all the input
nodes.

In Figure 6.5-a only the transistors involved in the smoothing are assumed to have mismatch,

while in Figure 6.5-b all transistors including the current mirror have mismatch.
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Important points from these two results are discussed here.

e When looking along the axis where biasv is varied, the output has the highest variance
when it performs a moderate level of spatial smoothing. This is where it is needed most.
When biasv is very small or very large, the circuit does not perform any useful opera-
tions. At these extremes the circuit either does not perform any smoothing, or completely

smoothes the image (all the horizontal transistors are shorted together).

o Along the spatial frequency axis, output variance is lowest when the input is relatively
smooth, and increases when the spatial frequency increases. Again, this means that when-
ever the input has useful information, i.e. high spatial frequency content, the amount of

output variance increases.

e In Figure 6.5-b, where it is assumed that the current mirrors also contribute to the mis-
match, the variance is almost completely dominated by the mismatch from the current
mirrors. Mismatch in the current mirrors produces spatial noise, which is reduced by the
spatial smoothing operation. At high values of biasv (shorting all the inputs) the amount

of output current variance is about half of that when biasv is small (no smoothing).

Contrast Enhancement

I only present investigations of two implementations of contrast enhancement. The first circuit,
which has been extensively used in many vision chips, has been proposed by Andreou and
Boahen [Andreou et al. 91, Andreou and Boahen 94, Andreou and Boahen 96], and is shown
in Figure 6.6-a. The second circuit is the MNC (multiplicative noise cancellation) circuit (see
section 2.3 for more details), which was originally used for reducing the effect of the AC noise
from light sources, but also exhibits contrast enhancement properties [Moini et al. 95a, Moini
et al. 97b]. The circuit diagram is shown in Figure 6.6-b. In the following discussions the
circuits are referred to as AB and MNC.

Figure 6.7-a shows the simulation result for the AB circuit, and Figures 6.7-b,c,d show the
results for the MNC circuit. In Figure 6.7-b, all the transistors in the MNC contribute to the
mismatch. In Figure 6.7-c the divider is assumed to be free of mismatch, and in Figure 6.7-d
only the divider is assumed to have mismatch.

In Figures 6.7-e and 6.7-f, both circuits have been simulated with different biasing currents.
Iyiesy and Ip;q,piy are set to 10 nA, instead of 100 pA for the previous simulations.

Here are the significant results derived from these simulations.

e Variance of the AB circuit is higher than that of the MNC circuit at higher spatial fre-
quencies. However, when vdown in the AB circuit is set around a practical value (from
1.4 to 1.6 volts in Figure 6.7-a), the variance is less than that of the MNC circuit.
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Mismatch in the Smoothing circuit without mismatch in the current mirror
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Figure 6.5: Output variance in the smoothing circuit a) without mismatch, and b)
with mismatch in the current mirrors. Notice the reversal of the direction of the

VbiasV axis (only for visualization purpose).
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e The variance of the MNC circuit is relatively constant (notice the values on the Z axis).
Also, from Figure 6.7-d, one can see that mismatch in the divider contributes to most of

the variance of the output.

e One would expect to observe a higher variance at the output of the MNC circuit, due to
the higher number of transistors, of about
13

— =~ 1.35
7

compared to the AB circuit. This is close to being the case if we compare the variance
levels as seen in Figures 6.7-e, and 6.7-f, which is about 53 /34 ~ 1.55.

e Variance in both circuits decreases by increasing the biasing currents. In the subthreshold
region, the o7/I term is almost constant, and hence the decrease of the variance can be
associated with circuit nonlinearity. This is partly due the body effect in the transistors,

as the substrate node of the transistors is not connected to the source.

In spite of being time consuming, simulations are necessary to identify the circuits which
contribute most to the mismatch. For example, in the MNC circuit the divider accounts for
about half of the mismatch.

Several conclusions with regards to minimizing the effect of mismatch are: to use larger
transistors, to use the minimum number of transistors, to use larger currents, and to avoid sub-
threshold circuits. Unfortunately, these are in contrast with the requirements of vision chips,
which are: low currents (subthreshold), small transistors, and the integration of as many tran-
sistors as possible (to increase functionality per pixel). '

The amount of output variance in contrast enhancement circuits can be as high as 120%,
which corresponds to the (10)/mean value. Therefore, even for circuits with about 30% vari-
ation, one should expect single cell variations of about 100%. This high level of mismatch has
been observed in many vision chips designed to date. Unlike simple imagers, in which the effect
of mismatch can be alleviated by using correlated double sampling, using these these techniques
in vision chips is almost impossible because the amount of output variance depends on many
parameters, including the spatial content of the input and the mean input level. Analog VLSI
systems of this kind may not be used in practical applications, unless adaptive mechanisms are

developed to fix this problem.
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Figure 6.6: a) Andreou-Boahen’s silicon retina. b) The MNC circuit.
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Mismatch in the Andreou-Boahen circuit

(a)
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Figure 6.7: Output variance due to mismatch for the AB and MNC circuits.
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Mismatch in the Andreou-Boahen circuit
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Figure 6.7: (continued).
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6.2 Interconnection

Interconnection is one of the limitations in achieving large AVLSI networks. Leading edge dig-
ital processes are concerned more about electrical characteristics (capacitance and resistance)
of the interconnections. In AVLSI systems it is the density of interconnects which is more
important.

Sometimes, an analogy is made between biological and VLSI systems by referring to their
interconnect limitations. However, there is an important difference between the two, which is
more prominent than the similarities. Biological systems use a 3-D interconnection structure,
while current VLSI systems are limited to a 2-D planar structure. Even if the interconnection
density inside a chip increases tenfold, the transfer of information off the chip remains limited
to a maximum of about 500 signals for current technologies. Practical complexities arise from
scanning a 2-D array into a 1-D stream of signals and then reconstructing the 2-D signal in the
next processing level.

Therefore, one inspiration from nature would be to construct 3-D VLSI structures. This can
be performed either at the chip level as suggested by [Kioi et al. 92], or at the packaging and
board level [Crowley and Vardaman 94, Larcombe et al. 95, Stern et al. 96]. 3D multichip mod-
ules and chip-on-chip technologies are already in use for applications such as very high density
memory modules. In these technologies the interconnects are still brought to the periphery of

the chip. However, vision chips require a chip level 3D technology, which is still immature.

6.2.1 Interconnect density

The number of interconnects required between a cell and its neighbors in a vision chip is de-
termined by the algorithm. As was discussed in Section 5.3 the number of interconnects for a

four-sided cell is given by

M, =2((2N +1)* -1)

where N is the neighborhood involved in the processing of a cell. The additional area for the

interconnects (only those to the neighbors, not the internal interconnects) is approximately
A=[S+N(N+1)P?—[S] (6.11)

where S is the length of a side of the cell (in a square shaped cell), and P is the pitch of the
interconnects. In most fabrication processes, the pitch of the metal interconnects is about four
times the minimum feature size. If we rewrite the above equation in the units of A, which is half

of the minimum feature size, we have

A= [aA+ N(N + 1)bA]* — [aA] (6.12)
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Assuming that there are only NV connections needed to the nearest neighbor, we will have
A= [a) + NbA? — [a)]? (6.13)

Figure 6.8 shows the percentage of area taken by the interconnects. In Figure 6.8-a, the
additional area is excessively high, and therefore full connectivity between all neighbors is
impractical.

One interesting point is that the use of a 3-D structure (at the chip level), does not signifi-
cantly reduce the interconnect area. In a 3-D VLSI structure the cells and interconnects to the
neighbors still remain in one plane, and only the output of the cells are transferred to the next
processing plane. If a 2-D structure is used, the output bus and the select lines (which are often
perpendicular to each other) can be considered as one extra connection to the neighbors. There-
fore, the difference in the area of the cell between 3-D and 2-D structures will be the difference
between two cells with IV and N + 1 interconnects. For example, considering Figure 6.8-b,
if the size of the cell is 100\ and there are 2 interconnects to the nearest neighbor, then the
interconnect area for a 3-D structure will be about 35% and for a 2-D structure will be about
55% of the pixel area without the interconnects.

The main advantage in using 3-D structures is that there is no need for scanning circuits, the
speed of information transfer is significantly increased, and there is little energy consumed for

transferring the information.

6.3 Digital Noise

The effect of digital noise in mixed analog/digital designs has been studied and various de-
sign guidelines have been proposed [Masui 92, Su et al. 93, Makie-Fukuda et al. 95, Verghese
et al. 96]. In most of these studies it is assumed that the digital and analog signals and modules
are physically separated, and that digital noise is caused mainly by coupling through the power
lines or the substrate.

The amount of noise coupling through the substrate appears to be dependent on the relative
locations of the digital and analog circuits, and remains almost constant when the separation is
above a certain distance [Verghese et al. 96].

In most AVLSI systems, including vision chips, digital and analog circuits are mixed, and
the power, bias, read-out, and select lines are interwoven as show in Figure 6.9. This may
not be a problem for circuits which only perform spatial processing operations, as the signals
are allowed to settle to their final values within a time limit. However, any type of digital
noise may be detrimental to the operation of spatio-temporal circuits, such as motion detectors,
which are typically sensitive to temporal variations in the signals. For example, Figure 6.10
shows the output of a continuous time temporal contrast detection (TCD) circuit in the presence
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Figure 6.8: The percentage of area occupied by interconnections. a) With connec-
tions to all the cells in a neighborhood N. b) With only N connections emanating
from each side.
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and absence of digital noise, caused by scanning signals. The simulation results presented in
Figure 6.11 also illustrate a similar effect as a result of 2 mV transitions on the supply voltage.
The specific circuit was designed for high sensitivity to temporal variations at its input node.
Conventional methods for reducing digital noise are: increasing signal strength in the circuits
by using higher currents, using low-swing and ramped switching voltages, using differential
signals, reducing the resistivity of the power lines, and increasing the resistivity of substrate.
Other technologies, such as silicon-on-insulator (SOI), can be used to isolate the substrates of

the analog and digital circuits.

< Bias and read-out

Power lines

C
r H z
s
1

Select lines

113 == |
- Jnd L

‘eaLlg ‘~aL-g

"
|

Figure 6.9: Sources of digital noise coupling in a vision chip.

6.4 Summary

This chapter provided insight into issues in the design of AVLSI systems. Mismatch as the
most concerning problems in analog circuits was discussed. Its sources and its effect on circuits
and networks for spatial processing were described in Section 6.1. It was shown that AVLSI
systems may not be used in practical applications, unless adaptive mechanisms are developed
to fix the mismatch problem.

Interconnection limitation, and its effect on the cell area and density were presented in Sec-
tion 6.2.

Digital noise as another problem, which particularly affects spatio-temporal circuits and net-

works was addressed in Section 6.3.
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Chapter 7
Introduction

During the course of this research several vision chips were designed and fabricated. The se-
quence and the purpose of the design of the chips were briefly described in Section 1.3. As
summarized in Table 7.1 which lists the main features of the motion detection vision chips.
Only Bugeye I and Bugeye V comprise all the components for local and global motion de-
tection based on the template model. Bugeye III contains test structures for temporal contrast
detection circuits. Bugeye II and Bugeye IV only comprise analog front-end circuits for tempo-
ral contrast detection.

Of these chips Bugeye II and Bugeye V will be described. These two chips address two
important aspects of the design of vision chips, the circuit level and the architectural level.
They also represent the first and the last steps in the development of a vision chip. Bugeye I,
which was a proof-of-concept design has been described in detail in [Moini 94]. Chapters 8 and
9 describe the Bugeye II and Bugeye V chips, respectively.

Another chip, MNCSI (Multiplicative Noise Cancellation & Shunting Inhibition), contains
various networks for contrast enhancement, and implements different versions of the shunting
inhibition (SI) [Moini et al. 97a], and the multiplicative noise cancellation (MNC) circuit [Moini
and Bouzerdoum 97]. MNCSI chip is described in Chapter 10.
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Table 7.1: Features of the Bugeye chips.

Characteristic Bugeye I Bugeye I Bugeye III Bugeye IV Bugeye V

Purpose of design Proof of concept Algorithm and circuit | Test structure for TCD | Smart imaging for al- |Implementing a 2-D
development circuits gorithm development |motion detector
Algorithm Template Model Template Model None None Template Model
implemented
Number of channels 1x64 2x 64 34 circuits 32x64 4x64
Photodetector Single mode | Double sensitivity | Double sensitivity | Double sensitivity | Phototransistor
structure photodiode phototransistor phototransistor phototransistor
Analog  processing | Logarithmic AGC & |Logarithmic Temporal contrast | Logarithmic AGC & |Logarithmic = AGC,
performed at pixel | Differentiation AGC, MNC & |detection Integration Differentiation, and
level Differentiation Thresholding
Other features Analog & digital func- [High flexibility and |- Parallel A/D |-
tions on the same chip | testability conversion

Process Used

24 2P-2M CMOS

1.2u 2P-2M CMOS

0.8 1P-3M CMOS

0.84 1P-3M CMOS

241 2P-2M CMOS

Publications [Moini et al. 93]| [Moini et al. 97b]| [Moini et al. 96] [Moini et al. 96] [Moini and Bouzer-
[Bouzerdoum [Moini et al. 95a] doum 97]
et al. 94] [Nguyen |[Moini et al. 95b]
et al. 93] [Yakovleff
et al. 93] [Nguyen
et al. 94] [Moini 94]
Area (mm?) 4.6x4.5 2.2%x2.2 1.9%x1.9 2.7x4.4 1.6x3.2
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Bugeye II: The Second Insect Vision
Motion Detection Chip

Test results from Bugeye I revealed several problems in various parts of the design. Firstly,
low-level testability was not considered in the design of Bugeye I because it was only meant to
be a concept demonstration. There was no direct access to the analog front-end, and the circuits
were hard-wired, which meant that their function could not be changed. Secondly, very small
biasing currents, in the order of several pico-amperes, were required for the temporal contrast
detector (TCD) circuits. Thirdly, the chip could not function properly under AC light sources,
whose fluctuations would be detected by the TCD circuits.

Following an overview of the architecture of Bugeye II, this chapter addresses these issues

and describes the implementation of the analog front-end.

Bugeye II implements the first processing stages of the template model, i.e. photodetection,
temporal contrast detection, and thresholding (see Figure 2.3). The chip was designed mainly as
a test-bed for analog circuits, therefore template formation and motion detection are performed

off-chip.

Bugeye II comprises two one-dimensional arrays, each comprising 64 elements. The only
difference between the two arrays is the placement of special analog switches, which are used
for configuration and testability purposes, as described in Section 8.1. Figure 8.1 shows the
architecture of Bugeye II. A photodetector generates a photocurrents, which is processed by a
MNC circuit, in order to reduce the AC noise. Note that MNC is not a part of the template
model. The temporal contrast detection unit (differentiator) detects temporal changes in its
input current. The change is then thresholded, yielding two bits which are sampled and stored
using digital latches. Row selection is performed by using a shifter and a multiplexer. The
bidirectional analog switches can be configured in such a way that the output of a cell can be

read out or a signal can be applied to the cell.
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Figure 8.1: The architecture of Bugeye II.
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8.1 Testability and Reconfigurability

Testability

In order to be able to test each cell in the array, an analog test bus is used in conjunction with
analog switches, as illustrated in Figure 8.2. A cell is selected by activating its Select signal, and
the COMM line, which is common to all the cells in one column, is used to transmit the signals
to the pads. By using the two control signals Cin and Cout, either the output of the Previous
circuit or the input of the Next circuit can be connected to the COMM line. When Select is not
activated, the switches are connected to the Internal signal, and do not interact with the COMM
line.

The parasitic capacitance associated with the long COMM wire and the pad, and the external
capacitance of measuring equipment, will obviously affect the transient response of the circuits,
and hence the signals should be buffered before being sent to the pad. However, we have chosen
not to do so, due to the nonlinear behavior of most available buffers, and also to the fact that
only the DC current levels are of interest. Therefore, only an analog switch at the pad has been

used.

Reconfigurability

In the early stages of system development many unknown factors may affect the function and
behavior of the system. Therefore, some degree of flexibility should be planned. In analog
arrays containing several new circuits, it is preferable to design the circuits in such a way that
they can be selected from several different alternatives. This can be achieved by implementing
the different alternatives and selecting the desired one. This approach, however, requires a large
area.

In some cases, the topology of the circuits may suggest a simpler method than implement-
ing all alternative circuits and switching between different configurations. In the following
the reconfigurable circuits that were implemented in Bugeye II are introduced. More detailed
descriptions of the function of each circuit are provided in succeeding sections.

The photodetector has been implemented with a vertical bipolar transistor between substrate,
well, and diffusion. Hence two alternatives are available: the collector-base junction diode by
connecting the base and emitter together, or the bipolar transistor by leaving the base floating
(see Section 8.2).

The size of the averaging window of the current-mode spatial averaging circuit (CMSA),
used in the MNC operation, can be selected from three different values. The divider used in
the MNC operation can also be switched on or off [Moini et al. 95a], resulting in different
functionalities (see Section 8.3 for detailed descriptions).

The topology of the resistive element used in the differentiator can be selected from a simple
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Figure 8.2: Circuit diagram of the switching circuit.
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OTA circuit or a channel-length modulation-based OTA (CLM-OTA); the details are presented

in Section 8.4.

The switching element used for changing the topology of all of these circuits is a single MOS

transistor. Therefore, for these circuits configurability comes at a very low cost in terms of area.

8.2 Photodetector

The photocircuit used in Bugeye Il is based on the logarithmic circuit, described in Section 5.2.1,
and uses two MOS diodes, as shown in Figure 8.3-a. The photodetector is a vertical parasitic
bipolar transistor between the N-substrate/P-well/N-diffusion. Transistor M1 switches the pho-
todetection mode to either the photodiode, or the photobipolar mode. The test results of Fig-
ure 8.3-b show the output current of the detector in the two different modes. The current gain
of the photobipolar compared with the photodiode is about 120.

Photocurrent versus incident light i
T T

— Phototransistor mode
=l Photodiode mode

vdd

Ml
Control _*

Photodurrent (A}

Vout

107 10™
Light Intensity (W)

(@) (b)

Figure 8.3: a) The photocircuit used in Bugeye”Il. b) The output current versus

input light intensity.
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8.3 Multiplicative Noise Cancellation

The source of multiplicative noise

The reflectance of a light source from the surface of an object depends on the geometry and
optical characteristics of the object. For an opaque object with a Lambertian, surface the rela-

tionship between these parameters can be described by

L= @E cos O; 8.1

where L is the luminance of the object, p is a wavelength dependent reflectance coefficient,
E is the illuminance (the amount of incident light), and ©; is the incidence angle. For multiple
retlections the situation becomes more complex, but this equation can be considered as a first
order approximation.

Light sources operating on mains power supplies carry a strong 100Hz component (or 120Hz
in some countries). The amplitude of the detected AC noise can easily exceed that of the signal,
when differentiated. In the following discussions the noise referred to is the AC noise, not other
types of noise.

In additive noise, the frequency characteristics of noise and signal are added together. If
the signal and noise are separated in the frequency domain, additive noise may be cancelled.
In the case of multiplicative noise, however, the frequency characteristics of the noisy signal
is a convolution of the frequency responses of the signal and the noise. Therefore, it is almost
impossible to separate the noise and signal in the frequency domain, unless the noise has a single
frequency component. In this case, which is the case for AC noise, the frequency response of

the noisy signal will be a shifted version of the frequency response of the signal without noise.

Reducing multiplicative noise

There are several methods to cancel or reduce multiplicative noise. The first, called “syn-
chronous sampling”, consists of sampling the noisy signal at the same rate as the noise fre-
quency. Therefore, if the amplitude of noise is constant, the sampled signal will only have a
constant scaling factor. This approach limits the bandwidth of the input signal to half of the
frequency of the noise, to satisfy the Nyquist criteria. The corresponding sampling rate may not
be sufficient for applications where images should be sampled and processed at higher rates.
The second method uses filtering to reduce the noise. If the incident light has a DC level,
then
L= @(EAC + Epc) cos ©; (8.2)
where Esc and Ep¢ are the AC and DC components of the light intensity. If the DC com-
ponent is larger than the AC component, then in the frequency domain the effect of the AC

136



Part III. Designed Vision Sensors

/ ] n/ A EDC
¢ ¢ fo f
() (b) (©)

Figure 8.4: Reducing the AC noise by filtering. a) The spectrum of the input signal
without noise. b) The spectrum of the signal and noise. c) The spectrum of the
signal and noise after filtering. Note that it is assumed that the DC component of

the light intensity is much larger than its AC component.

noise may be reduced by filtering the signal around the frequency of the noise, fo (see Fig-
ure 8.4). However, this will remove part of the frequency spectrum of the signal. Also imple-
menting this filter is difficult in AVLSI. This method has been used in an implementation by
Sarpeshkar et al. [Sarpeshkar et al. 96a] .

The third method, is based on collective signal processing, as distinct from single channel
signal processing. It is reasonable to assume that in an array of pixels, the AC noise is relatively
uniform over a local neighborhood. Therefore, if the signal in one channel is divided by the
local spatial average of the signal, the noise will be effectively reduced [Moini et al. 95a, Moini
et al. 97b]. Figure 8.5 illustrates the implementation of this method, which was introduced in

Section 2.3.1 in the context of contrast enhancement.

In order to implement the MNC operation using this approach, a spatial smoothing network
and a divider are required. The spatial smoothing circuit shown in Figure 8.6 is used in Bug-
eye II. The operation of this circuit was described in Section 5.3.3 (see Figure 5.18). The divider,

shown in the shaded box in Figure 8.7, is a translinear circuit introduced by [Andreou et al. 91].

Figure 8.8 shows the simulation result for an array of 20 MNC cells. The input to the array
is a spatial step function with current levels of 1nA and 2nA at each side of the step function
(see Figure 8.8-b). Multiplicative noise with a frequency of 50H z and a magnitude of 50% of
the signal level in each channel has been added. The relative noise in the output signal has been
significantly reduced from the initial 50% to less than 5% of the DC level of the signal. The

output also clearly demonstrates the effect of contrast enhancement.

The MNC circuit was tested by projecting a light strip onto the array. Figure 8.9-b shows a
comparison between the measured and simulated output when S1=S0=1. In the simulation, a

simple rectangular averaging on a window size of three was performed on the “measured input”.

Figure 8.10 presents the measured output of the MNC circuit, for the same input signal shown
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Figure 8.5: Cancelling the multiplicative noise using “division by spatial average”.
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138



Part III. Designed Vision Sensors

llout

ifsS=1 Iout == I2 = Ibiasj_lm'
ifS=0 ILy=L=1I, "

Figure 8.7: The translinear divider/multiplier used for MNC. I,vg is the output of

the spatial smoothing circuit.

in Figure 8.9. In this test the smoothing circuit is configured so that both stages of the spatial
smoothing are activated (S1=S0=1). The edges in the input are preserved in the output, while
the spatial DC levels at the output are compressed. The fluctuations observed in the measured

signals are due to mismatch in the circuits.
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Figure 8.8: Simulation result of the MNC circuit. The top-left plot is the input, and

the top-right is the output. The bottom plots show a different view of the input and
output signals.

8.4 TCD circuit

An important operation in the template model for motion detection is temporal differentiation.
In the implementation of a temporal contrast detector (TCD), the bandwidth of the signals
(in our case the photocurrents) to be differentiated is of major concern. Differentiator cir-
cuits implemented in VLSI have minimum and maximum frequencies for proper operation.
These frequencies are determined by the gain of the differentiator, the parasitic capacitance and
impedances present in the circuit, and the dynamic range and saturation voltage of the circuits
used in the realization of the differentiator.

The OTA based circuit, shown in Figure 8.11, was used in Bugeye I [Moini et al. 93]. In
order to yield a specified equivalent resistance, R.,, the OTA in this circuit requires a biasing
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where 7 is the subthreshold ideality factor. Very small currents, in the deep subthreshold region,
are needed to yield the desired equivalent resistances, which are in the order of 1G Ohm.

In order to obtain such high resistance values while maintaining feasible biasing currents, an
OTA based on the channel length modulation (CLM-OTA) in MOS transistors was designed.
The simplest expression characterizing the drain-source current Iy, as a function of the channel

length modulation coefficient A is given by:

Ids = f(‘/gs, VT)(]- + )‘Vds) (84)

Figure 8.12 shows a simple circuit based on this idea. Ij;,s is the bias current. Transistors
M2 and M1 form a source follower stage. V; follows the input voltage V;,, and modulates the
current through the input branch, I;. Transistors M6 and M5 provide the reference current, I,
which is subtracted from the modulated current using the current mirror formed by M3-M4.

By changing the state of M7, the circuit can operate either in the channel length modulation
mode, when M7 is turned off, or in the simple OTA mode, when M7 is turned on.

Note that when the input voltage is very low, the current in the input branch is cut off, and
the output current will be equal to the reference current /2.

The operation of the CLM-OTA can be affected by device mismatch, which stems from two
main sources: the mismatch between the ) factors of the two transistors M1 and M5, and the
mismatch between the current mirror transistors M3 and M4. In an ideal circuit, the output
current would be zero, if the input voltage was equal to the reference voltage V,.;. For the
purposes of analysis, it is convenient to assign all the fluctuations of 3 (the transconductance of
transistors) and Vi (the threshold voltage) to the current mirror. This results in an offset in the
bias current as a shift of the I;, — Vy, curve shown in Figure 8.13-a. The fluctuations of V4 (the
Early voltage) of M1 and M5 appear as a change of the slope of the I, — V;;, curve, as indicated
in Figure 8.13-b. The total offset voltage AV, .4 can be expressed as

A‘/offset = \/(A‘/l)2+(A‘/2)2
(v + (33%r)

Iyias

(8.5)

where Iy;,, is the bias current, and V,. is the reference voltage. Alp;qs /Tias and AV, /Vy
are the relative variances of the bias current and Early voltage due to transistor mismatch, re-
spectively. Alyiqs/ Inias is inversely proportional to the transistor gate length, L. V4 is directly
proportional to L, and AV,4/V, is relatively constant. The factor V4 in the first term of equa-
tion 8.5 may significantly increase the offset due to bias current mismatch. Hence, V4 should be
chosen as small as possible, which means that the transistor gate length should be proportion-
ally small. Also, the width of transistors M1 and M5 should be made large enough to decrease
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Figure 8.12: The reconfigurable transconductance amplifier, which can switch be-
tween the simple OTA-mode and the CLM-OTA-mode.

mismatch. In our design the minimum gate length, which is 1.2 um, has been used for biasing

transistors, whose Early voltage is about 5 volts.

In order to test the CLM-OTA, the reference input, V., 7, was fixed at 2.5 volts, while the
other input was varied from the ground voltage to the supply voltage. The output current of the
CLM-OTA is very linear over a range of 1 V to 5V, i.e. from about the threshold voltage of
the transistor to the supply voltage. Figure 8.14 shows the I-V characteristics of the OTA in the
simple OTA mode and in the CLM-OTA mode.

In Bugeye II, an individual OTA circuit was implemented for testing purposes, as the The

OTAs used in the TCD circuits in the array are in a feedback loop, and are not accessible.

The I-V characteristics of all the available CLM-OTAs were measured in all forty chips
received from the manufacturer. At a biasing current of 100 nA, a mean offset voltage of 0.37 V
with a standard deviation of 0.55 V is obtained. The maximum offset measured is about 1.2 V.
The CLM-OTA is used in a feedback loop in the TCD circuit, and the DC offset of the circuit
does not affect the operation of the next processing stages. Therefore, large offset values do not
affect the function of the TCD circuit.
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Figure 8.13: Offset voltage introduced by mismatch between transistors in current
mirrors, and biasing transistors. a- bias current shift. b- a change in the slope of the

I-V curve due to Early voltage mismatches.

8.5 Summary

This chapter presented the important aspects in the design of the second insect vision chip.
The testability and reconfigurability features, which facilitate the test of analog circuits, were
described in Section 8.1.

Several novel circuits, which were implemented in various parts of the chip, were presented.
The multisensitivity photodetector, described in Section 8.2, illustrated an increased sensitivity
in the response of the photodetector by two orders of magnitude. In Section 8.3, it was shown
that the MNC circuit can reduce the 100 Hz AC noise by a factor of ten, and in Section 8.4,
it was shown that by using the CLM-OTA circuit, which uses the channel length modulation
effect in MOS transistors, very low transconductance values can be achieved. The CLM-OTA

has been used in the TCD circuit, for detecting the temporal variations of the light intensity.
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Chapter 9

Bugeye V: The Fifth Insect Vision Motion
Detection Chip

Previous generations of the Bugeye motion detection chips represent designs which focused on
circuit level implementations, mainly to comply with the analog VLSI (AVLSI) design frame-
work. As these designs evolved, the circuits required for the implementation of the template
model were individually perfected, and all exceeded the required characteristics. However, the
operation of the circuits in an array of motion detection cells was severely affected by mismatch
and digital noise (see Section 6 for a description of these issues).

The goal in designing Bugeye V was to provide a useful device for system level integration
into projects, such as robot navigation and collision avoidance. For this reason, reliability, flex-
ibility, and programmability were the primary design issues. Consequently, the use of analog
VLSI circuits was limited only to a contrast enhancement stage using the MNC circuit, and
digital circuits were used in the implementation of the processing and interface modules.

Bugeye V comprises all the elements necessary for the implementation of the template
model. In addition, it has several other functions for facilitating its interfacing to other devices,

such as general purpose microcontrollers and personal computers.

9.1 Architecture

The architecture of Bugeye V is depicted in Figure 9.1. Dashed arrows represent the control
signals, and other arrows show the direction of data flow. There are two separate photocircuit
arrays, one with 8 x 64 and the other with 4 x 64 pixels. The output of the detector array
is digitized using an 8-bit ADC. All the processing stages in the template model, including
temporal contrast detection, template formation, and template matching, are performed on these
digitized signals. A 512 x 10-bit SRAM is used to store the image information (8 bits), and
contrast information (2 bits) of each pixel in a a frame. The data from all intermediate stages
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can also be read out separately.

For temporal contrast detection, the intensity value of the pixel in the previous frame, which
is stored in the RAM, is read out and compared with the current value. After the templates are
formed, they are compared with eight reliable templates, four of which represent motion to the
right, and the other four motion to the left. These reliable templates, shown in Figure 9.2, have
been found through analysis of the template model in the presence of noise [Nguyen 96]. All
other templates are assigned a “no-motion” value. The Global Motion Detection module simply

integrates and compares the number of templates indicating leftward and rightward motion.

The chip can be operated directly by providing it with the proper Address, Data, and Control
signals, or through the Parallel port module, where most of the digital signals are generated
inside the chip. This was necessary, as the parallel port of a PC, and most available microcon-
trollers, only support a limited number of digital I/O signals. The Address, Data, and Control

buses are mainly used for testing individual modules.

Imager and Acquisition Motion Detection

Temporal
Contrast
Detection

Template Matching
1 & Direction Detection

Template
Formation

‘.

"| Photodetector array

1 (4X64 and 8X64)

Global Motion |:
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!

_ To parallel-port of a PC
To test equipment of

Illatlllllb _.

Microcontroller

Figure 9.1: The architecture of Bugeye V.
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Figure 9.2: Eight reliable templates indicating motion to the left and to the right.

9.2 Photocircuits in Bugeye V

Two different photocircuits are implemented in Bugeye V. The first only comprises the pho-
todetector, and the charge integration and sample-&-hold circuit shown in Figure 9.3 (see Sec-
tion 5.2.6). The photocurrent Iy, is integrated and sampled. Transistor M3 acts as an am-
plifier, and transistor M4 selects the pixel. The output current is sent off-chip. In the simplest
read-out circuit a pull-down resistor can be used, to transduce the current into voltage. Note

that this photocircuit is in fact an active pixel sensor.

vdd

— Vdd
Reset Sample
=i T
—

M2

Select -
—CI M4

l Iout

Figure 9.3: Schematic of the first photocircuit in Bugeye V.
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The second photocircuit implements the “division by spatial average” model (see Section 2.3.1),
which was also implemented in Bugeye II to reduce the multiplicative noise. In Bugeye V, this
operation is used for contrast enhancement and dynamic range compression, as well as multi-
plicative noise cancellation.

There is a slight difference between the implementation of the spatial smoothing circuit in
Bugeye II and Bugeye V. The circuit used in Bugeye II has a fixed smoothing window and
uses more transistors than the circuit in Bugeye V (see Figures 8.6 and 5.20). The detailed
schematic diagram of the second photocircuit used in Bugeye V is shown in Figure 9.4. The
output current from the MNC circuit I5sy¢ is passed to an “integration and sample & hold”
circuit, similar to that of the first photocircuit.

In the following tests the data has been acquired through the parallel port of a PC. The output
of the array is sent to the on-chip 8-bit ADC, and digitized. The raw or processed image is then
read out through the interface module.

Figure 9.5 illustrates the output image of the two arrays in response to a black strip in front
of a white background. The mean luminance of the scene has been varied by about two orders
of magnitude. The luminance of the black and white parts of the image are also different by

about two orders of magnitude. Two interesting observations can be made:

e The simple photocircuit functions over a very small dynamic range. Although the integra-
tion time could be adjusted to accommodate variations of the mean luminance, it has been
fixed to provide an insight into the merits of each circuit. The MNC-based photocircuit
works over the entire dynamic range, without any need to changing the biasing voltages

or integration period.

e While there are no visible signs of mismatch in the output of the simple photocircuit, the
output of the MNC-based photocircuit exhibits a significant amount of mismatch. Reduc-
ing the mismatch by techniques similar to correlated double sampling ! is not possible
because the MNC process is nonlinear. Also as was seen in Section 6.1 mismatch is

dependent on the spatial content of the image.

9.3 Motion Detection

Motion detection in Bugeye V is performed on the digitized image. The chip can output the
raw image, the temporal variations, the templates, the accumulated number of leftward and
rightward templates in a frame, and the global direction of motion. Since these operations are

performed in the digital domain, performance is only limited by the imaging characteristics of

'In correlated double sampling (CDS) the offset value, when the pixel is reset, is subtracted from the pixel
value. CDS is effective only when the offset, caused by mismatch, is linear.
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Figure 9.4: Schematic of the second photocircuit in Bugeye V.
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(a) Light intensity (b)

Figure 9.5: Comparison between the output of the simple photodetector and MNC-
based photocircuit. The input is a black strip on a white paper. a) The output
image from the simple photocircuit array. b) The output image from the MNC-

based photocircuit array. The numbers indicate the mean luminance.
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the photocircuits, which are limited by noise and mismatch. Comprehensive study of the effect
of noise has been done by X.T. Nguyen in his Ph.D. thesis [Nguyen 96], and here only typical
outputs of the chip are presented.

Figure 9.6-a shows snapshots of a sequence of the raw image and of the template image from
the simple photocircuit array. The stimulus is a hand waving in front of a white background.
Both images have been acquired from the chip through the parallel port. Figure 9.6-b shows
the image and output templates from the MNC-based photocircuits. Although the image of the
hand is not as recognizable as the image from the simple photocircuit, the output templates are
very similar. In the template images, the gray background represents “no motion”, the black
pixels correspond to templates indicating motion to the right, and white pixels correspond to

templates indicating motion to the left.

9.4 Summary

This chapter presented the architecture and circuit level design of the fifth insect vision-based
motion detection chip, Bugeye V. The aim of the design of this chip has been to provide a
working device for real life applications, rather than to experiment with novel circuits. It thus
has a programmable architecture, includes all necessary modules for system level integration,
and can yield several types of image information, including raw image, and template image.
Section 9.1 presented the general architecture of Bugeye V and its function. Section 9.2
described the simple photocircuit and the MNC photocircuit, and presented the test results.

Section 9.3 illustrated the functionality of the chip when operated as a motion detector.
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Figure 9.6: Motion detection in Bugeye V. a) Image and template output from the

simple photocircuit. b) Image and template output from the MNC-based photocir-

cuit. The gray background in template images represents no-motion, the black dots

represent motion to the right, and the white dots represent motion to the left.

15

Ny



Chapter 10

MNCSI: Shunting Inhibition and Contrast
Enhancement Vision Chip

Contrast enhancement is an important visual processing task in biological retina. Its task is to
emphasize interesting features in the image, reduce noise, and make best use of available com-
munication bandwidth by reducing the dynamic range of the image. Several computational and
biological models for contrast enhancement were described in Section 2.3. VLSI implementa-
tions of contrast enhancement circuits were also presented in Section 5.3.5.

The MNCSI chip has been designed mainly as a test-bed for verifying the functionality of
our implementation of two of the contrast enhancement models: shunting inhibition (SI), and

multiplicative noise cancellation (MNC).

10.1 Shunting Inhibition

Shunting inhibition has been used to model both static (contrast enhancement) and dynamic
(motion detection) properties of biological retina. Its simplicity makes it very attractive for
VLSI implementations.

In addition to producing the general characteristics of contrast enhancement, SI can also
simulate another property observed in biological retina, which is that the shape of receptive
field changes with mean luminance. At normal light levels the function of the retina can be
described by contrast enhancement models. However, at low light levels its function is more
similar to spatial averaging.

In its simplest form, considering only nearest neighbor interaction, SI is described by:

?%i =TI, — be; — ke;(ei—1 + €iy1) For feedback SI (10.1)
Teti =1, — be; — ke; (L1 + Lit1) For feed-forward SI '

where ¢; is the output of cell 4, I; is the input, b is a decay factor, and k is the inhibition factor.
The feedback SI has been traditionally modeled by the circuit shown in Figure 10.1, as all the
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Figure 10.1: Voltage mode implementation of feedback SI.

parameters in the Equation 10.1 can easily be associated with component values in Figure 10.1.
The only drawback of this representation arises from design issues related to the variable con-
ductance gi. In [Nilson et al. 94] a Gilbert multiplier has been used to implement this factor.
However, Gilbert multipliers have a low dynamic range, and extending the circuit for interac-
tion with more neighboring cells, e.g. in the case of 2-D arrays with rectangular or hexagonal
tessellation, would require at least three extra transistors for each additional connection. In the

current-mode approach, described later, only one extra transistor is needed.

10.1.1 Current Mode Implementation of SI

Current mode realization of various analog circuits is advantageous for several reasons, in-
cluding increased dynamic range, broader design techniques (such as translinear and switched-
current circuits), and simpler implementation of addition and subtraction operations [Tomazou
et al. 90]. By rewriting Equation 10.1 for a current-mode design we can identify the building
blocks needed for the implementation.

= L= k=2t G (102)
where J represents the output currents, and I is the input current. The d.J /dt term in the
left-hand side and the multiplicative term on the right-hand side require special circuits (see
Figure 10.2). There are virtually no passive elements in current VLSI technologies which can
be used to implement an inductor as required for the temporal differentiation of a current, except
spiral inductors, which occupy a large area and can yield only very small inductances. However,
current-mode temporal differentiation can be approximated by the circuit shown in Figure 10.3.
In this circuit the input current is first delayed through the M1-M2 current mirror, which com-
prises a G,-C' delay element shown in the dashed box. The delayed current is then subtracted
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from a copy of the input current using M3, M4, and M5 MOSFETs. The multiplicative term is

implemented using the translinear multiplier/divider of Figure 8.7.
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Figure 10.2: Schematic of the current-mode implementation of feedback SI.

10.1.2 Simulation and Test Results of the SI Circuit

The MNCSI chip is implemented in a standard 2 p double-poly double-metal CMOS process.
Several different circuits for the SI (with different photocircuits, and with and without the tem-
poral differentiation term) were designed and laid out in a test chip. For test purposes only
one-dimensional arrays with 64 cells were implemented.

Simulations were performed using HSPICE. Figure 10.4 presents a typical simulation output
for a light bar with constant spatial contrast. The mean luminance has been varied over four
decades. At low light intensities the circuit performs a spatial low-pass filtering and gradually
changes its characteristics to a spatial band-pass filter, such that at higher intensities it per-
forms an edge and contrast enhancement operation. This circuit clearly demonstrates the mean
intensity dependent spatio-temporal behavior as observed in biological retinas [Pinter 84]. Fig-
ure 10.5 shows the same output, only at three mean luminance levels.

Tests were performed by focusing a point source on one element of the array. The rest of the
array was exposed to uniform lighting. This background illumination was varied and the spatial
response of the shunting inhibition array was measured. A typical output at three different

background intensities are presented in Figure 10.6.
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Figure 10.3: A current-mode time differentiator.

10.2 MNC Circuit

The performance of the MNC circuit as a contrast enhancement stage has been illustrated by
its implementation in Bugeye V, which was presented in Section 9.2 !. Therefore, instead of
restating the contrast enhancement properties of the MNC circuit, two other novel features
implemented in MNCSI are described. The first feature is the use of the substrate node of the
MOS transistors to increase controllability over the circuit operation. The second is the use
of light-modulated MOS transistors to emulate the “mean luminance dependent receptive field
size” property of biological retina.

10.2.1 Using the Substrate Node

In a MOS transistor operating in the subthreshold region, the drain-source current is given by

the following equation (repeated from Table 3.1).

Ips = LWentr (e 0F _ ¢~ ) (10.3)

If Vpp > Ur, this equation can be simplified as

Veg _V
IDS = IQ%G"UTG Ur

Vg _Vs _(n-Lvp
Ins :Io%enUTe Ure  nUr

(10.4)

The design of MNCSI predates that of Bugeye V. However, Bugeye V was presented before MNCSI, so that
its description follows Bugeye II.
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Figure 10.4: Simulation result for the SI circuit. The output current at each detector
location versus light intensity (given in the units of photocurrent, amperes). Both

plots show the same output current at two different viewing angles.
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Figure 10.5: Simulation result for the SI circuit. Normalized spatial pattern of the

output current at three different mean input intensities.

160



Part II1. Designed Vision Sensors

21 [—1.6E-03uW/m2 ]

— 4 1E-05uW/mA2 |

0 1 1 I | |

o 10 20 30 40 50 60

x10

T L] 1 1] 1 1
2 2
—— 7.1E-06uW/m"2 ]

1r o
0 1 L 1 1 1 L

0 10 20 30 40 50 60

Figure 10.6: Test results for the SI circuit illustrating typical spatial response. As

the intensity is increased the amount of inhibition is also increased.
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Figure 10.7: Diffusive smoothing circuit using substrate node voltages.

The parameter n is a process dependent factor, and is typically around 1.2 . For this value the
transconductance of the transistor with respect to the substrate voltage is less than the transcon-

ductance of the gate or source, by a factor of 1.2/(1.2 — 1) = 6.

This property can be used to increase the linear range of the circuits. [Sarpeshkar et al. 96b]
describes such an OTA in which the input to the OTA is applied to the substrate node of the
input transistors. In a simple 5-transistor OTA, the linear range of the I-V curve is about 4Ur ~
100 mV'. In the modified OTA, the linear range extends to more than 1 volt. It should be noticed
that the substrate voltage should always satisfy the conditions Vo > —Vp and Vgg > —V,,

where V} is the turn-on voltage of the junction diodes.
In the MNC circuit, this property was used to increase the control over the adjustment of

the width of the spatial smoothing window. Figure 10.7 shows the modified spatial smoothing

circuit presented in Figure 5.20. The function of this circuit can be expressed by

KAzIout + Iout = Iin (105)

where

Ve=Ve (r=DVu—-V3)

K=enlr ¢ nUr (10.6)

Figure 10.8 shows the simulation results for this circuit, where the input is a spatial impulse. In
Figure 10.8-a only V; is varied and other voltages are fixed, and in Figure 10.8-b V}, is varied.
The range over which the output is linearly controlled by the sweeping voltage is about 10 times
larger in Figure 10.8-b compared to that observed in Figure 10.8-a. Figures 10.8-c and -d show
profiles of the same plots.

The spatial smoothing circuit was used in the implementation of the MNC circuit, whose
response to a spatial impulse, created by focusing a point source onto one of the photodetectors,
is shown in Figure 10.9. It can be seen that the range over which the function of the MNC can

be linearly controlled is about 1 volt.
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Figure 10.8: Spatial impulse response of the spatial smoothing circuit using sub-
strate node voltage for varying the spatial span of the smoothing.
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Figure 10.9: The spatial response of the MNC circuit. The voltage Vy is varied.

10.2.2 Light-Modulated MOS Transistors

One of the properties of the biological retina is the change of the size of the receptive field
with mean light intensity. As the light level increases the size of the receptive field decreases.
An implementation of this property by using shunting inhibition as a model was introduced in
Section 10.1. Here, an intuitive model which utilizes the light dependent characteristics of the
MOS transistors is presented.

There is a fundamental difference between this model and shunting inhibition. In shunting
inhibition this property is obtained by the help of more complex functional blocks (in the form
of multiplicative nonlinearity). It is also assumed that the circuit parameters are fixed. In the
new approach, however, this property is obtained by using the inherent characteristics of the
transistors in the circuit. In the spatial smoothing circuit shown in Figure 10.7, if the “resistiv-
ity” of the vertical transistors is modulated by light intensity, at lower light levels the vertical
transistors exhibits more resistance than the transistors in the horizontal branches. Therefore,
the spatial spread of the smoothing operation becomes wider. This circuit can be incorporated
in the implementation of the MNC circuit as shown in Figure 10.10.

Figure 10.11 shows the output current of the MNC circuit, with and without the light-
modulated transistor. The circuit diagrams of both circuits tested are exactly the same. However,
in the layout of the circuit which uses the light-modulated transistors, the vertical transistor is
exposed to light. This is achieved by opening a window in the Metal2 layer, which normally
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g
4 i

Figure 10.10: Circuit diagram of the MNC circuit utilizing light modulated tran-
sistors. The transistor in the dashed box is exposed to light. Other transistors are
shielded by Metal2.

acts as a light shield on top of all the circuits.

10.3 Summary

This chapter described various circuits implemented in the MNCSI chip. In Section 10.1, shunt-
ing inhibition, its voltage mode and current mode implementation, and the simulation and test
results of the implemented current mode circuit, were presented.

Two new ideas: the use of substrate node, and light-modulated MOS transistors, which have
been used to improve the performance of the MNC circuit, were presented in Section 10.2. By
using the substrate node as a control node, the linear range of the circuits can be increased, and
by using light-modulated transistors, a straightforward implementation of the “light dependent

receptive field” characteristic, observed in biological retinas, has been made possible.
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Figure 10.11: Output current of the MNC circuit with and without the light-
modulated transistors.
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Chapter 11
A Summary

In this dissertation many issues related to the analog VLSI (AVLSI) implementation of artificial
and biological vision models were presented.

The first part addressed the mutual requirements of “AVLSI” and “computer vision”. Biolog-
ical and computational models of motion detection and contrast enhancement were presented.
The offerings of the dominant VLSI technologies for implementing AVLSI vision chips were
highlighted, and circuit design methodologies were presented.

The second part focused on the issues pertaining to the implementation of vision chips.
Issues from pixel level to architectural levels were explained. Photodetectors, photocircuits,
spatial processing circuits, and spatio-temporal processing circuits were presented. Two of the
most dominant issues in AVLSI, i.e. mismatch and digital noise were addressed.

The third part described the specific implementation of three of the vision chips designed
by the author, namely two motion detection chips, Bugeye II and Bugeye V, and a contrast
enhancement vision chip, MNCSI. Bugeye II represents a bottom-up approach, where circuit
level issues were given priority, and Bugeye V a top-down approach, where system levels issues

were the primary concern.
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Chapter 12
Contributions

This thesis provides insight into many issues related to AVLSI. It contributes to this area in
several ways and at several levels. A systematic approach to AVLSI design is proposed, major
problems are highlighted, and novel circuits and ideas for vision chips are presented. The salient

points in this thesis are reiterated here.

e A systematic approach to the design of vision chips.
A major concern of this thesis was the establishment of a systematic framework in which
to present the knowledge in the area of vision chips. In Part II the basic material required

for building such a framework was presented.

o Highlighting the pitfalls of AVLSI.
Analog VLSI (using subthreshold circuits) has been regarded as the workhorse of vision
chip design. Vision chips using this framework, however, have shown little success in
providing reliable devices for vision processing, due mainly to the presence of mismatch
and digital noise. Visual processing requires information across an image, whether local
or global, and hence even if individual circuits function properly, the overall operation
of the chip function of the network can be severely affected by mismatches between the

circuits.

Chapter 6 addressed the mismatch and digital noise problems. In particular, mismatch
in analog networks for spatial processing was discussed, and it was shown that even for

simple circuits, the amount of mismatch can be significant.

e How is biological plausibility important?
Another important issue is the versatility and validity of the analogy that is made between
VLSI technology and biological neural systems. The analogy is often made by stating
two of the limitations of each technology, the accuracy and interconnection limitations.

This analogy could be misleading in several respects.
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Firstly, there exists no definitive evidence concerning the accuracy limitations of individ-
ual biological neurons, and whether their noise and accuracy levels are within the reach

of electronic circuits.

Secondly, VLSI technology is far inferior to its biological counterpart. Biological retina
has a 3D structure, and can change its morphology and topology (to some extent) for
adaptation. By contrast, currently available VLSI technologies, have a 2D structure, and

are fixed in terms of device position and size.

Thirdly, Biological retinas use special devices for each function. In VLSI technology
there are only limited types of devices, and various functions should be constructed using
these basic devices. The only advantage of VLSI devices is that they are about five to six

orders of magnitude faster than biological neurons.

Tessellation: is it really important?

In many silicon retinas hexagonal tessellation has been used primarily to represent a
biologically plausible structure. Section 4.1.2 argued this point, and it was concluded that
unless the slight theoretical advantages of the hexagonal tessellation are essential to the
performance of the vision chip, its use is not easily justifiable due to practical limitations
in VLSI implementations. Moreover, both rectangular and hexagonal tessellations, with
regular or irregular placements are seen in biological retinas. Therefore, using hexagonal

structures only for the sake of making a biologically plausible sensor is not justified.

Circuits and networks for spatial processing.

Section 5.3 illustrated the manner in which simple and intuitive ideas can result in pow-
erful and efficient circuits. It was also shown that a systematic path can also lead to such
a circuit. Another conclusion made is that design ingenuity can result in even more area

efficient circuits, even though there is no systematic way to achieve this.

Analysis of resistive networks.
A method for analyzing second-order resistive networks is presented in Appendix B. This
method not only can yield the stability criteria for a resistive network with negative resis-

tors, but also can easily provide the shape of the spatial convolution kernel of the network.

e New circuits and ideas.

-~ Multiplicative noise cancellation. (MNC)
In Section 8.3 a method for reducing the effect of 100 Hz AC noise was presented. It
was shown that the MNC circuit could reduce the relative value of the AC noise by

an order of magnitude, and at the same time exhibit contrast enhancement properties.

— A simple spatial smoothing circuit.
An intuitive spatial smoothing network was presented in Section 5.3 (see Figure 5.18).
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— Channel length modulation-based OTA (CLM-OTA).
By using the channel-length modulation property of MOS transistors, an OTA with

very small conductance has been designed (see Section 8.4).

— Using light modulated transistors.
In Section 10.2.2, the physical properties of a MOS transistor when exposed to light
were utilized to implement the “luminance dependent receptive field size” property

observed in biological retina.

— Mixed photodetector structures.
In Appendix A, analysis of different photodetector structures revealed that a better
response in the blue part of the spectrum (short wavelengths) can be obtained by
mixing the lateral and vertical structures. Both bipolar and diode structures can

benefit from this characteristic.

— An implementation of shunting inhibition.
A current mode implementation of shunting inhibition was presented in Section 10.1.
Both the static and dynamic components of the shunting inhibition equation were

implemented.

— Using the substrate node voltage.
“In Section 10.2.1 it was shown that the linear range of operation of the spatial pro-
* cessing circuits can be increased considerably by utilizing the substrate node poten-
tial of a MOS transistor.
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Chapter 13

Future Work

Research in the area of vision chip design can follow several paths. At the circuit design level,
new circuits for performing various image processing operations in more efficient ways are re-
quired. At the architectural level, methods for improving system integration can be researched.
And at the algorithm level, VLSI friendly algorithms for various vision processing tasks can
be developed. Here, some of the major issues that were identified by this research as requiring

further study and experimentation are highlighted.

e Mismatch in VLSI circuits.
Mismatch is the most noticeable problem in analog VLSI design. Much work has been
carried out on identifying the sources of mismatch and characterizing it. However, there

is little literature concerning its effect on AVLSI networks.

In order to reduce mismatch, conventional solutions suggest using larger devices, and
higher operating currents. However, this becomes impractical in vision chips due to area
limitations. Adaptive mechanisms are therefore necessary to change the parameters of in-

dividual devices. In an interconnected network of circuits two issues should be addressed.

Firstly, algorithms which present adaptive properties should be investigated. These al-
gorithms should be able to provide feedback to compensate for errors caused by device
mismatch. Secondly, devices whose parameters can be tuned after process fabrication,
should exist. While floating gate transistors are a good candidate for this purpose, their
use is limited by, for instance, the need for high programming voltages. At the same time
the performance of AVLSI networks in the presence of mismatch should be studied, in

order to identify circuits which are less sensitive to mismatch.

¢ Digital noise.
For many vision chip applications, such as motion detection, highly sensitive circuits
are required to detect small variations in spatial or temporal contrast. Even though the

design of such circuits is, in itself, relatively straightforward, problems arise when the
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chip contains both analog and digital circuits, as the noise generated by digital switching
can easily dominate weak input signal levels. Methods used for alleviating this problem
consist of isolating the analog and digital circuits (which is not practical for vision chips),
using differential signals (which is costly in terms of area), or decreasing the sensitivity

of the circuits (which is counterproductive).

Other methods should be investigated with a view to restricting the amount of digital ac-
tivity on the chip, especially in close proximity to sensitive circuits, and to develop circuits

that are less sensitive to digital noise (by using decoupling mechanisms, for example).

New circuits.

A large proportion of research in the area of vision chip design, is still concerned with
circuit design, and this research topic is still in its infancy. Part of the limitations are
related to technological issues, such as area and interconnect density limitations. How-
ever, circuit design issues have been the most important parameter in the development
of successful vision chips. Each different vision task often requires completely different
circuits, which require extensive design, fabrication, and experimentation time. As this

area progresses the library of useful circuits becomes more complete.

Extending the template model.

In our implementation of the template model, only motion direction is detected at each
pixel. Velocity information may also be extracted from the templates. This has been ad-
dressed by A. Yakovleff and X.T. Nguyen in their Ph.D. theses [ Yakovleff 96,Nguyen 96],
where template tracking and velocity estimation architectures have been proposed. More-
over, image segmentation using the template information may be performed to determine

the boundaries of objects.

Adding programmability.

Most circuits implemented in AVLSI systems have fixed functionalities. Practical aspects
of the design often require some degree of programmability and flexibility, in order to per-
form different operations. For example, it may be required to perform motion detection
on either a spatially smoothed image, or on a contrast enhanced image. In general, this re-
quires that both functions be physically implemented and one be selected. This becomes

impractical, when many functions need to be implemented, due to area limitation.

Programmability, however, is only practical for general purpose architectures, and in the
context of AVLSI, this only leaves several types of neural network architectures. For
vision chips, cellular neural networks are the most flexible structure in terms of config-

urability (see Section 5.3.1 for details).

These features, i.e. being programmable and general purpose, come with a severe area
penalty. A 20Xx22 programmable CNN occupies about 30mm? in a 0.8;s m CMOS pro-
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cess [Dominguez-Castro et al. 97], while an array of more than 150% 150 contrast en-
hancement cells can be implemented in the same area [Andreou and Boahen 95].
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Appendix A

Quantum Efficiency of Photodetectors

Each of the photodetector structures illustrated in Figure 5.1 can be analyzed relatively easily.

Here we provide an analysis for each device, and derive equations for the quantum efficiency

as a function of the geometrical and metallurgical parameters of the devices. The simplifying

assumptions made in all derivations in the following sections are:

Abrupt junctions with rectangular depletion regions.

One dimensional current flow. This would not be true for minimum size devices, where

vertical and horizontal dimensions are comparable.

No high-level injection. This becomes important for very high intensity applications, for

example for furnaces or welding inspection.
No degeneration in highly doped diffusion regions.
No recombination in depletion regions.

No surface recombination. This parameter is particularly important for lateral devices and
for photogates, where there is a significant number of active carriers close to the surface.
In vertical devices, the processes which determine the characteristics of the device depend

only on the parameters of bulk semiconductor.
No surface reflectance.

No diffusion in the bulk substrate. This is important for near infra-red detectors, as most

of the carrier generation happens close to the bulk substrate.

There are also some other assumptions made for each device which will be explained individu-

ally when treating each device.

In order to improve the consistency between the simulation results from the derived equations

and real measured data, the above parameters should be taken into account. However, the
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derived equations can still provide a good insight into the device operation, and illustrate the
effect of different parameters on the quantum efficiency. Moreover, there are no accurate data
available for the physical and metallurgical parameters in most processes, and hence these will
be ignored here. In the extreme case one can use device simulation software to numerically

derive the device characteristics.

A.1 Quantum Efficiency of a Vertical Junction Diode

For the structure shown in Figure A.1, the photocurrent is composed of two components: the
drift current due to the drift of holes and electrons in the depletion region, and the diffusion

current due to the diffusion of carriers outside the depletion region ( [Moini 94]).

A

P-well NA Xj

Xp ‘

Xepi

Figure A.1: The structure of a junction photodetector. z; is the metallurgical junc-
tion depth, W is the width of the depletion region, and z.,; is the thickness of the
epitaxial layer.

The drift current in the depletion region is:
Tj +Tn
Jdrift = —q G(x)dx (Al)

Zj—ZTp

where G(z) is the carrier generation rate for an incident photon flux, g, in a semiconductor

with an absorption coefficient of «, and is given by
G(z) = Poae™** (A.2)

Hence
Jarigt = q®oe i =20) (1 — g=aW) (A.3)
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T, and x, are the extent of the depletion region in the n and p sides of the junction and are given
by

_ 2¢(Vo+Vr) N,
In = \/ (:1 (NA(NAD-FND))

[ 2e(Vo+Vr N,
Tp = \/ ()442 (ND(NAA+ND))

(A4)

where V, is the reverse bias voltage applied to the junction, and Vj is the built-in potential of

the junction, and is equal to

kKT . NaNp

Vo=—In—y (A.5)
q n;
The diffusion component of the current can be found from the diffusion equation:
D, %5 — PaZPat + G(z) =0 in the N-substrate "
Dn%ﬂ = % + G(z) =0 in the p-well )

where D,, and D, are the diffusion coefficients of the minority carriers, 7, and 7, are the lifetime
of excess carriers, and ppo and n, are the equilibrium minority carrier densities. The above
equation can be solved under the boundary conditions py,|s=s,,; = 0, Pn |ls=c; 420 = 0, Tple=0 =

Npo, and Np|p—g; g, = 0 to obtain

pn(x) = Pno + Aeﬁ + Be_Lm_p + Ce @

L - (A7)
’np(.'l?) = Nypo + Deln + Fe 1n 4+ Fe™®®
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where L, and L,, are the diffusion lengths of excess carriers, and

Tit+Tn —Tepi

s (_Ce—azepi _ Pno)e— Iy 4 e_LpL(pnO + Ce—a(mj+zn))
9 ginh Ze#E (z; + 7n)
L,
Ti+Tn Tepg
B (_Ce—azepi _ Pn(})e—% + e_Lf;_(an + Ce—a(mj+mn))
—9sinh TP T (2 + @n)
Ly,
(., . (DQQLz
Dy(1 - a%Lg)
(zj—zp) (A8)
F (e—a(wj—xp) — e_—JLn_P) + npo
0= —2sinh (z; — 25)
Ly,
F (e_a(z] _‘TP) e(_m%_)' + np()
o= (z; — xp)
2sinh
n
. @{]O:'Lz
F'= b - o)
The diffusion current can be expressed as:
Jaigs = Jaistp + Jaitsn = —aDp B lomay o, + ADn 52 |v=s;—a,
z;+Tn Ti4xTp
Jusr = —q22Ae T +q22Be™ T 4 qD,Cae—2(@i+en) (A.9)
rf Ly Lp 9t
+q%&Deﬁ% — q%ﬂEe_ﬂ% - anaFe_a(wj_l'p)
which can be simplified to:
D 1—cosh K D ~*Tepi - Ty, cosh Kp
Jaigs = 97, Pr0 Gmng,” T qffCZinhK,, + qCDyee(mi¥en) (O‘ I sinth) +
im0 SR + 022 g — aF Dae*E ) (a4 G- ) (A.10)

_ Zepi—Tj—Zn _ Zi—Tp
K, —”—J——Lp K, =t

The parameters D,,, D, 7,,, and 7, can be derived from the following empirical formulas for
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silicon, as a function of impurity densities

_ 1
= 78 x 10-®Np + 1.8 x 10 °'N3

— 370
Dp - q (370 + 1+1.5163><10-18ND) (A.11)
™ = 345 x 107 2N, + 9.5 x 10 N3

_ kT
Dy = q (232 + 1+1.125}>1<81(())—17NA)
The total current J,, is the sum of the drift and diffusion currents.
Jopt = Jarigt + Jaigy (A.12)

The above equations may be simplified for single-sided and shallow junctions to provide a better

understanding of the effect of different parameters on the photoresponse of the device, but we

keep them in their general form. The measured absorption coefficients for silicon are shown

in Figure A.2. Typical parameters of a p-well-substrate and a diffusion-well silicon junctions

are shown in Table A.1. The simulated quantum efficiency, Jo,t/ P, for these devices is plotted

in Figure A.3. The quantum efficiency of the diffusion-substrate junction is higher than for the

other two structures, and also spans a wider spectrum.
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Figure A.2: Measured absorption coefficient of silicon.
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Table A.1: Typical parameters of silicon junctions in a 2um p-well standard process

provided by Orbit Semiconductor Inc.

Diode structure z; Tepi Np Ny Viias | 14 L, L,
pm | pum 1/em? 1/em?® volts | 1/em?® pm | pm
p-well-substrate || 2.25 | 10-15 | 5.07 x 105 | 2.22 x 1016 | 0 1.45 x 100 | 199.6 | 694
n-diff—p-well 0.47 | 2.25 2.22 x 1018 | 1 x 1020 0 1.45 x 1019 | 199.6 | 0.71
p-diff-substrate || 0.47 | 10-15 | 1 x 102° 437x10% [0 1.45 x 1019 | 446.8 | 0.289
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Figure A.3: Simulated quantum efficiency versus wavelength for three different

junction diodes in a 2um process.
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A.2 Quantum Efficiency of a Lateral Junction Diode

The structure of a lateral photodiode is shown in Figure A.4. For analysis purposes, a few
simplifying assumptions are made. Firstly, only the area between the two diffusion regions is
assumed to be exposed to light. Otherwise, there will be a large contribution from the vertical
bipolar component formed by p-diffusion/n-well/p-substrate, whereas in reality, the photogen-
erated electron-hole pairs will diffuse to other areas. Secondly, it is assumed that the effective
depth of the device is only y;, as again there will be some currents diffusing through other areas.

The diffusion equations in the P+ and N-well are

D, 55 — B2t +G(y) =0 in the N-well

7 (A.13)
D2 — mt = in the P+

By taking into account the boundary conditions pp,|sxe; = 0 and Pn|e=z, = 0, we will have

T

- ~m T 3 .
_ _ C( P —e P) -L—_Cge P —e P! i
Pu(2) = Pro — TG (y) + 2sinhmf;:n elr 2sinh“”';:" e Ir
C = puo — HG(Y) (A1
Jdiff(y) P —quQ%LE:xn — _ qDp(Pro—T1pG(¥)) [1 — cosh (z-;pa:n)]

Ly sinh (_a: ';:ﬂ )
The drift current is simply
Jurist = —q®oG(y)(#n + 7p) = —qPoG(Y)Zn (A.15)

The total current can be obtained by integrating the addition of the drift and diffusion com-
ponents across the depth and width of the device.

Yj
Jiotal = /0 [A — (B + qz,) P0G (y))dy = Ay; + (B + qzn)Po{e™ ¥ — 1} (A.16)

where

qDppno (l—cosh (E‘%—:—") )

Ly sinh (EJL_—’"

quTp(l—cush (;-TT:")) (A.17)
e Ly sinh (f.t:TI")
"o \/QTWZHil () (A.18)

Vo = In Maglo
Figure A.5 shows the simulation result of this structure for a typical 2/sm process. As ex-
pected, there is a large blue response because all the carriers generated close to the surface are
absorbed by the device. The poor response at longer wavelengths is due to the fact that we have
considered the contribution of those carriers which are up to y — j deep into the device, which

is very shallow. This structure can be combined with the vertical photodiode, by exposing all
sides of the diode to light.
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Figure A.4: The structure of a lateral junction diode in an N-Well CMOS process.
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Figure A.5: Simulation result of the lateral photodiode in a 2m CMOS process.
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A.3 Quantum Efficiency of a Vertical Bipolar transistor

The structure of a vertical bipolar transistor is shown in Figure A.6. It is assumed that only the
flat area is exposed to light, as otherwise, there will be some contribution from the vertical walls

of the emitter-base and base-collector junctions.

Figure A.6: The structure of a vertical bipolar detector in an N-Well CMOS pro-
cess.

We can write the diffusion equation in the three regions as:

0 in the P-Emitter
0 in the N-Base (A.19)
0 in the P-Collector

D — et 1 G(z) =
pr%g_%a _ enb_zam + G(z)

8%n n —n 0
D"c axgc - PCTMPC +G(£L‘)

The boundary conditions are:

\Z

Vep. . )
Npe|z=0 = 0 Npelo=ajo—zpe = Npe(€ T —1) inemitter
—mv -
pnb'm:mje—i—wm = pnbO(e Vi 1) pnb'a::a:jc—mnc = —Pnb0 in base (AZO)
Npels=g;0+ape = —Tped Npela=z.p; = 0 in collector
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The diffusion equations can be solved as follows.

npe(.'l,') = Npeo + Aelfm_e —+ Be_Lz_e 4 Ce =

pnb(x) = Pnbo + EeLLb + Fe_LLb + He—a=

npc(.’L') = Npceo + KBLLC -+ j\fe_Lm_c + Re—ox
V)

A = Zhpeole % +e=Z-2)-C(e~Z —e~ *(®je—pc)y
- e—Z_e+Z

Vv,
B — —hpeole G +etZ-2)—C(etZ —e~*(®je2pe)y
- e 2 2

7 — Tie=Tpe C = PoarL?
v

Le De(1—a?L2)
E— Pubﬂfe_y(ﬂ 6T _1)+28—X}_H(e—a(wje+-‘cne)e—Y_e—a(l‘jc—mnc)e—X)

T X—Y _o—-X+7

V)
. E‘y_,p[e"'y[e eT —1)+2e+x)—H(e_u(215+z""')e+y—e_a(EJC_I"C)e+X) (A21)
F =
e~ X+Y et X-F

2
— xz’e"‘mne = Zjc—Tne . q)OaLb
X Ly Y Ly H Db(l—asz)

M = —npeo(2etW —etU)—R(e™*(Pictope) g+ W _ o= (Tepi) o~ U)
- A W=U_ —WFU

_ —npeo(2e=W —e=U)—R(e*jctepe) o~ W —e~*(Tepi)g+U)

K = e~ WHU _+W—0U
2
— ZjctZpc _ Tepi _ ®oal?
U L. W= L. R= D.(1-a2L2)

The diffusion component of the emitter and collector currents can be expressed as:

_ Onpe (z Opns (T
Jaiff,E = —qDe—%)lxmje—x,,e + qu%—”x:zﬁﬂm

o (A22)
Jdiff,C . _ch_n(%h:mjc-f-mpc - qu%lm:mﬁ—xm

The drift components can be simply obtained by integrating the amount of generated electron-

hole pairs in the depletion regions.

Jdrift = fdepletion —QG(.'L')d.’E
Jdr’ift,E = _q(bo(e-a(xje'i'xneE) - e—a(xje—-’tpe)) (A23)
JdT’Lft,C ped +q¢0(e_a(x.70+$130) — e—a(mjc_znc))

As the base of this device is floating, the collector and emitter currents should be equal. The
only variable parameter, which is unknown, is V5. The value of Vi for which I, ¢ = Igcanbe
found using numerical methods. Figure A.7 shows the quantum efficiency of a typical parasitic
PNP transistor in a 2pum process. The large gain is simply due to the current gain of the bipolar
transistor, which is larger than one. Simulations reveal that the current gain is highly dependent
on the base and emitter doping densities. As expected the response is relatively flat over the
visible spectrum, which is due to the presence of two junctions at two different depths in the
device.
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Quantum efficiency of a silicon vertical bipolar transistor
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Figure A.7: Simulated quantum efficiency of a vertical bipolar transistor in a 2um
CMOS process. Note that the quantum efficiency is greater than “1”, due to the

current gain of the transistor.
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A.4 Quantum Efficiency of a Lateral Bipolar Photodetector

The structure of a lateral bipolar device is shown in Figure A.8. The simplifying assumptions
are similar to those made in Section A.2, except that exposure to light is assumed to be only in
the area between the emitter and collector diffusions, and the depletion regions.

Note that in Equation A.24, z denotes the horizontal axis and y the vertical axis. Also y;is
the depth of the collector/emitter junctions.

H Kje#Xi j
A e

21
N

X

VE

Yj

(L

Xepi

Figure A.8: The structure of a lateral bipolar detector in an N-Well CMOS process.

The diffusion equations in the three regions can be written as:

2 . . .
D,, aa:ge — Treeed — ) in the P-Emitter
D,y 25 — Pab=Pat0 4 Gi(y) = 0 in the N-Base (A.24)
p
D, 3;;;0 — Teeleed — ) in the P-Collector

The diffusion length in the collector and emitter regions is very short. Therefore, we make
another simplifying assumption, in that these junctions extend to four times the diffusion length
in these regions. We set the origin at 4L, before the start of the emitter junction, to be able to
reuse the derivations for the vertical bipolar transistor.

The boundary conditions for the three regions are:

\Z

Vin . .
Npela=0 = 0 Npelr=zjo—cpe = Npe(€ VT — 1) in emitter
ﬂv .«
pnb|z=$je+wne = pnbO(e Vi — 1) pnb'x:xjc—znc = —DPnbo in base (A25)
Npele=cjotzpe = —Tlpco Npelo=z;0+40. = 0 in collector
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Tpe(Z) = Npeo + Aelc + Be le
Pab(2) = Puso + G(y)7 + Ee®e + Fe T
Npe(T) = Tpeo + KeT: + Me e

Vv
A= —n,,go(e_&}'ﬁ+e_z—2)
- e—Z _et2
L4271
B = —npeOE;_ZT_ei-Z'FZ—?)
7 =g mye=4L i (A26)
_v,OE -x
E = (pnso + G(y) 1) Er = (Prso + G(y)pp) (e ei‘}_i_el_),?fey )
V]
+Y _&B__ +X
F= (pnbO + G(y)pr)Fl = (pnbo it G(y)pr) (e e£§(+q}:_e}'-))_{’_—2$ )
TjetTne — Tje—Tnc
X — '*T Y = EJTTI“
Tje+Tpe _ Zjetdle
U= W ==
M =28t r) K = sy
The diffusion currents at the collector and emitter are:
Bnpe N
Jairr,e(y) = —qD. Mh —zje—xpe T Db %x—)h:zﬂﬂu (A27)
Jdiff,C(y) = _qD a" c |.’E $Jc+m‘pc + qD pg:]zx |1‘:$jc—$nc
The drift currents in the depletion regions of the collector and emitter junctions are:
Jdrift,E(y> = _qG(y)xne (A 28)
Jdrift,C(y) e _qG(y)xnc

The emitter and collector currents can be obtained by integrating the corresponding drift and
diffusion components of each current over the range [y = 0 to y = y;]. Notice that the current
density is per unit width of the device, and hence it should be divided by the junction depth y;
to yield a current density per unit area. The simulation result for a PNP device with minimum
diffusion spacing (3)) in a 2um CMOS process is shown in Figure A.9. The general shape of
the quantum efficiency is very similar to that of a lateral photodiode (Figure A.5).
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Jarift,p =

Jarift,c =

JaitsE =

Jaisrc =

—qP@oZne(1 — e7%)
—qPozpc(1 — e7U)

yij N2 Jaigse(y)dy

—qDe{{.¢” — £ 7} + qDypro{ Bre* — Le X}
+qu7'pbpnb0{%bleX - %e‘x}{%(l —e i)}

yij J=" Jasgsc(y)dy

_ch{LﬁceU - LMCG_U} + qupnbO{%ey - %e_y}

+quprpnb0{%;‘€Y — %6—},}{%(1 _ e—ayj)}

Quantum efficiency of a lateral bipolar transistor
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Figure A.9: Simulated quantum efficiency of a vertical bipolar transistor in a 2;um

CMOS process.
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A.5 Mixed structures

The simulation results for the lateral and vertical devices obtained in the previous sections
indicate that vertical devices have a relatively flat response over the visual spectrum, while
lateral devices have a better blue response. The lateral and vertical devices can be combined
in simple fashion to form new structures. For the photodiode structures all that is required is
to make the exposure window opening large enough for the edges of the diode to be exposed.

Figure A.10 illustrates the mixed devices.

(((H(

(¢

a b

Figure A.10: a) A mixed lateral and vertical photodiode. b) A mixed lateral and

vertical bipolar transistor.

A.6 Quantum Efficiency of a Photogate

The structure of a photogate is shown in Figure A.11. A photogate is nothing but a MOS
capacitor exposed to light. A photogate operates by integrating the photogenerated carriers in
the potential well, which is created by applying a large voltage to the gate. A simple assumption
made here is that the depth of the depletion region is small. One can verify this using the

following equation.

—B++/B2+4AVg

Tqg = 24
A= Vs (A.30)

2e5i€0
B p— QNSTom

2€3i02€0

In a 2pm process the typical values for z4 are less than 0.5um. Therefore, it is reasonable
to assume that all the charges filling the potential well are diffusing from areas outside the

195



Appendix A. Quantum Efficiency of Photodetectors

depletion region.

One important drawback of photogates is that they have very poor blue response because the
gate material absorbs this part of the spectrum. In new processes the gate is silicided, which
blocks most parts of the visual spectrum, and hence the silicide layer should be masked out
from the areas above the photogate. Another solution is to make several windows in the gate
so that light can pass through. Even with polysilicon gates it is recommended to use windowed
gates for the photogate devices.

The spectral response of the photogate is obtained by solving the diffusion equation in the
substrate area. Notice that a photogate works in a reset-and-integrate mode. During the reset
cycle, charges are emptied from the potential well, and during the integration cycle, diffusion
of photogenerated currents fills up the potential well.

i __ gD X qDs X _ —QTy
Juigr = -1 Ae” + 4= Be qCae
A = —npsoe”Y —Cle~X e~ *Tepi _¢—Y g—azq)

eFX—Y _o—XFV¥

(A31)

B = —npgoetY —C(etX e™ *epi_egtY e—zq)
= e—XTY g X—-¥

2
= ZLd = Lepi — Mﬁ_
X = L, i Ly C De(l—QQLE)

®; is the photon flux at the surface of the silicon. If we assume that the gate material is

polysilicon and has the same absorption coefficient as silicon, we will have:
By = Pge~*Tvere (A.32)

The simulated spectral response of the photogate is shown in Figure A.12. The device has
a better response for the red part of the spectrum, and the blue response is significantly lower,

when the effect of the absorption of the gate is considered.
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Xepi

Figure A.11: Structure of a photogate device in an N-Well CMOS process.

Spectral response of a photogate structure
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Figure A.12: Spectral response of the photogate showing the effect of the gate

absorption in the reduction of quantum efficiency.
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Appendix B

Analysis of Second-Order Resistive
Network

B.1 Stability

The stability criteria for a general Nth order network has been derived elegantly by [Matsumoto
et al. 93]. However, only the conditions under which the network is stable are addressed, and
hence we present here an alternative method based on the analysis of the poles of the network.
This method, in addition to giving conditions for stability, yields the location of the poles, and
therefore can be used in determining the shape of the convolution kernel of the specific network.
Also this method is more suited for a computer synthesis of a resistive network with the desired
kernel function.

For the second-order resistive network shown in Figure B.1 the Z-transform can be written

as:

z(n) = —goy(n — 2) — qry(n — 1) + (go + 291 + 2g2)y(n) — 1y(n +1) — gay(n +2)
1
14 23 + 2v m
2t =2 — ————z2+;z+1

U
o 92 !

_ % _ 02

U=9% YT 9

(B.1)

I have chosen u and v as variables because they represent a more physically comprehensible
space for understanding the effect of the resistor values on stability. The poles of the system

can be easily found.

- VA2 —
P1,P2,P3,P4 = A:I:2A 4

- u = \/(u+4v)? + 4v (B.2)
- 2v

p1p2 = 1l and papy =1
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x(n-2) l x(n-1) 1 x(n)l x(n+1)l x(n+2)l
g2 g2 g2
2 VYV g2 Y\ / VY g2 O\ / e -
VA AA%A
gl gl 1 1 gl
y(n-2) y(n-1) y(m) y(n+1) y(n+2)

Figure B.1: Second-order resistive network.

This system is noncausal and therefore in general it may not have a unique impulse response,
if sufficient constraints are not applied to the system. In causal systems the constraint that the
input and output sequence are “zero” for all left-values (or past values for time sequences),
guarantees a unique impulse response for an LTI (linear time-invariant) system. In our case,
which is a spatial linear noncausal system, the additional constraint is that the system should be
symmetrical. In other words the poles of the system are present in pairs such that p,;p,2 = 1.

In fact from the Z-transform of a general Nth order network given by
H(z) = =5—
(2) = =x
Z ar Zk
k=—N

n
a_p =a, = —¢g, forn #0 aozgo—i-ZZgn
1

(B.3)

it can be seen that if p,; is a pole of the system, p,, = 1 /Pn1 would be another pole of the
system.

Under these conditions the system would be unstable when the poles of the system are on
the unit circle in the Z domain. For the second-order network the poles derived in Equation B.2

can be analyzed as follows.

1. u > 0,v > 0 (Region 1)
In this case 4 would be real and

2u® + 8uv + 4v + 2u\/(u + 4v)? + 4v

A2 4=
49

>0 (B.4)

It can be seen that all the poles are real and therefore in this region the network is stable,

and the impulse response will consist of two exponential decay functions.
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u < 0,v > 0 (Region 2)

In this case still A is real. However, by checking the expression A? — 4 one can see that
1
(2u? 4 8uv + 4v)? < 4u*((u+ )> +4v) = u< ~1 (B.5)

or A2 — 4 < 0. The system will have two imaginary and two real poles. The magnitude

\JA2+( |A2—4|)2_1

3 =

of the imaginary poles will be

Hence the network would be unstable for all u < — 211

v < 0 and (u + 4v)% + 4v < 0 (Region 3)

In this case A will be complex, and v/ A2 — 4 will also be a complex number.

x ——
P —4 — r2u2+8uv+4v‘:t,&-zu\/|(u+4v)2+4vl
N 4v* 4v* (B.6)

= VX EiY
_ 4 /X+\/%(2+Y2+i\/—X+\/2X2+Y2

Therefore, the poles of the network will be

X+vVX2+Y?2 |- X+VX24Y?
— A4+ |+ 5 +1 5

(B.7)

Dn = 2

Note that the first and the second = sign are independent. The magnitude of the poles

after some simplification will be

A+ VXTFY? £ AV2X + VEE YD) ®8)
4

|pn|2 =

There are no values for which the magnitude of poles becomes “1”, and therefore the
network is stable in this region. The impulse response will consist of two exponentially

modulated sinusoidal signals.
It is worth noting that (u + 4v)? + 4v = 0 represents a parabola which lies in the quarter-

plane v < 0,u > —21{.

v<0,(u+4v)?+4v>0andu < ——le (Regions 4, 5, and 6)
This region is a part of the quarter-plane [v < 0,u > —21{] which is outside the parabola
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__

Figure B.2: Stability regions of the second-order resistive network.

u + 4v)? + 4v = 0. Three re ions, 4,5, and 6, can be recognized. We have
g

_ —(u+1)+Viu+1
(u+ w2 +=0 =V 8
u=—4v + +/—4v

(B.9)

Region 4 is characterized by 0 > v > —(2u+ 1)8+ Vau + l,u > —4dv+ v/—4v > 0,

region5by 0 > v > ~{2u + 1)8+ Vau + 1,—1/4 < u < —4v —+/—4v, and region 6 by
—(2u+1) —vdu+1
v < g .

depends on the sign of A? — 4. If the sign is negative, the network will have poles on the

u > —1/4. In all these regions, A is real, and the stability

unit circle and therefore the network becomes unstable. Otherwise the network will be
stable.
A2—4>0 = (A-2)(4+2)>0 (B.10)

Note that v < 0. When u > 0 (in region 4) we have

ut+4dv>+/—4v>0 = (u+4v)>\/(u+4v)2+4v =

(u+ 4v) — \/(u +4v)? + 4v
2v <0

(B.11)
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This means that A + 2 < 0, and therefore A? — 4 is positive in this region. As a result the

network is stable.
In region 5, u < 0, and it is rather easy to see that we have

u—4v <0 = u—4v—sqrtfu+ )P+ <0 =

(u—4v) — \/(u+4v)2 + 4v
2v &

(B.12)
0

Therefore A — 2 > 0, which means that A2 — 4 is positive in this region. Hence all the

poles of the system are real and the system is stable.

In the region below the parabola (region 6) we prove that A2 — 4 < 0. For this purpose
we show that A — 2 < 0and A + 2 > 0. In order to have A — 2 < 0, we should have
u—4v £ \/ (u+4v)2 +4v > 0. This can easily be shown as in this region we have

u — 4v > 0. Therefore we obtain

u—4v—\/(u+4fu)2+4u>0<:(u—4u)2>(u+4fu)2+4u<=u<—21I (B.13)

To show that A+2 > 0, u+4v:|:\/(u + 4v)2? 4 4v < 0, or (u+4v)%2—[(u+4v)?+4v] > 0.
Which is true in this region. Therefore, we have proven that A* — 4 < 0. Hence all the

poles of the system lie on the unit circle, and the network is unstable.

In general, the poles of an Nth order network can be found using numerical techniques, and

the stability can be checked by looking at the position of the poles with respect to the unit circle.

B.2 Impulse Response

The impulse response of the resistive network can be found relatively easily, once the poles of
the network have been obtained from Equation B.2. It should be noted that although the system
has four poles, only two poles determine the impulse response in the stable regions. This is
because the system is noncausal, and we have applied the constraint that the impulse response

is symmetrical. There are two pairs of poles such that

pip2 =1

paps = 1 (B.14)
3P4 =

One of the poles in each pair is associated with the left-hand impulse response, and the other one
with the right-hand response. In the stable region, as the condition in Equation B.14 holds, we

only need to consider the poles with a magnitude less that 1, in order to determine the impulse
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response. The transfer function obtained in Equation B.1 can be rewritten as

where

1
H(z) = v
(2) RUNCIEI 2 U5 TSN
v
(1 ”+ 4 Y 4 LA
2 z
=_..1.z24AI_A2 AI_A2+A1—A2 A — A
g 25+ A +1 22+ Ay +1
([ A+ Ait+p ] (B.15)
S— (P2 — p1) (A1 — 4p) 4 (p2 — p1) (A1 — Ay)
G 2= )
T A+ p3 _ As+py
+ (P4—P3)(A1*A2)+ (P — p3)(A1 — Ay)
Z — P3 2 — P4
A A2=u:t\/('u,+4v)2+4v
~A; FA? -4
D1, P2 = - ) - (BHE)
—Ay F /A2 -4
P3, Py = 2 ) 2

Regions 1 and 2:
In these regions A; and A, are both real. It is easy to see that one pair of poles (p;, p2)
are alway negative and the other always positive. Note that both poles in a pair have the

same sign.

What is more interesting, is the relative magnitude of the poles. In region 1 the magnitude
of the positive pole is larger than that of the negative pole, and vice versa in region 2. On
the Y-axis, where u = 0, both poles have the same magnitude but opposite signs. The
insets a, b, ¢, d, and e in Figure B.3, clearly show the manner in which the kernel function

changes in regions 1 and 2. The oscillating component comes from the negative pole.

Region 3:

In this region the poles are complex, and as we derived in Equation B.7

X+VvVX24Y?2  [-X+V/X24Y2
—A1:|: -+ + 12 9

2
P2, P1 = ]
X+vX2+Y?2  [-X+VX24Y? (B.17)
—Az:!: = 9 +1 D)
P4, P3 = )
utiy/|(u+ 4v)? + 4o
g 4, = BEW - 4uP 4 4
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It can be seen that p; = pj}, and p, = pj. Therefore, if for example p; is the pole within
the unit circle, p4 will also be inside the unit circle. The shape of the kernel function is an

exponentially modulated sinusoid.

3. Regions 4 and 5:

In region 4 both poles are real and positive. However, the coefficient of one of the expo-
nential term of the impulse response, associated with one of the poles, is negative, while
the other is positive. Hence, the kernel function is the difference of two exponentials
(DoE). The DoE has been used in several vision chips to approximate the difference of
Gaussians (DoG).

In region 5 both poles are real and negative. Again the coefficient of one of the exponential

terms in the impulse response is positive and the other one is negative.

Figure B.3 illustrates some of the kernel functions in different regions of stability. Apart
from plot (a) in the figure, which lies on the boundary of the stability region, the rest of the
curves belong to points within the stability regions. The plots have been obtained by simulating
a 127-cell resistive network with the input to all cells being zero, except the middle cell which
has an input of “1”.
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Figure B.3: Kernel functions of the second-order resistive network for several sam-

ple points. Notice the values on the vertical axis of the plots.
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