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Abstract

The performance of existing machine vision systems still significantly lags
that of a biological vision. The two most critical features presently missing
from the machine vision are low latency processing and top—down sensory
adaptation. This thesis proposes to overcome these two deficiencies by
implementing global operations in computational sensors.

Computational sensors incorporate computation at the level of sensing and
can both reduce latency and facilitaie top—-down sensory adaptation. In the
context of this thesis the global operations are important because: (1) in
perception each decision is a kind of global, or overall, conclusion neces-
sary for the coherent interaction with the environment, and (2) global oper-
ations produce a few quantities for the description of the environment which
can be guickly transferred and/or processed to produce an appropriate action
for a machine.

The main difficulty with implementing global operations comes {rom the
necessity to bring together all or most of the data in the input data set. This
work proposes two mechanisms for implementing global operations in
computational sensors: (1) sensory attention, and (2} intensity—to—tine
processing paradigm.

The sensory attention s based on the premise that salient features within the
retinal image represent important global features of the entire image. By



sclecting a small region of interest around the salient feature for subsequent
processing, the sensory attention eliminates extraneous information and
allows the processor to handle small amount of data at a time. The sensory
atention is used for a VLSI implementation of a rracking computational
sensor — a computational sensor that attends and tracks a visual stimuli in
the retinal image.

The intensity-to—time processing paradigm 1s based on the notion that
stronger signals elicit responses before weaker ones allowing a global
processor to make decisions based only on a few inputs at a time. The key
is that some preliminary decisions about the retinal image can be made as
soon as the first responses are received. The intensity—to-time processing
paradigm is used for the VLSI implementatton of a sorting computational
sensor — a computational sensor that sorts input stimuli by their intensity
as they are being sensed.

By implementing the tracking and sorting sensors it is demonstrated that the
computational sensor paradigm improves latency and provides top—down
sensory feedback for more robust performance in computer vision systems.
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Chapter 1

Introduction

Perception plays a dominant role in the development of an intelligent
behavior. Qur awareness of the environment relies on the activity of our
sense organs. These outposts of the nervous system translate environmental
changes into activity in sensory nerve fibers. It is then the function of the
central nervous syster to interpret this sensory information, integrating it
inte an appropriate pattern of behavior. Like biological systems, intelligent
robotic behavior relies heavily on the sensory perception. Especially rich in
information, and fascinating in its capability, is vision. It is not surprising
that vision research has received equally high interest in neurophysiology,
psychology, computer science and engineering.

In the last 30 years machine vision research advanced along many fronts.
Cameras have improved: their resolution and sensitivity have increased, and
new sensors such as uncooled infrared cameras are now comimercially avail-
able. Many recognition algorithms have been developed: from 3D model
matching to artificial neural networks. Yet performance of the existing
machine viston systems still significantly lags that of biological vision.
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Most notably, the machine vision is limited in its ability to guickly and reli-
ably notice changes in the environment.

This thesis is about using VLSI technology to improve the visval sensing
and processing for faster and more reliable performance. Its contribution is
towards a more capabie, affordable, smaller and low—power machine vision
task—oriented component which will make many new practical applications
possible.

1.1 Mbotivation

The fundamental problem in machine vision comes from the computational
complexity of basic tasks. Examples include the problem of detecting a
target element in an image (visual search) and the problem of finding a
correspondence between the image and a set of models (matching). Any
algorithm which solves these problems in a general way, without the help of
assumptions and heuristics, requires exponential execution time as a func-
tion of the image size and the number of stored models. From this observa-
tion it becomes apparent that vision systems have limited capability to scale
up with images of increasing size and complexity.

The consistent paradigm in machine vision has been that a “camera” sees
the world and a computer “algorithm™ recognizes the object. Implicit in this
view is the separation between the camera — a sensing device for trans-
ducing spatio—spectral-temporal phenomena to electric signals, and the
compuler — a computational device for processing and making sense out of
data. That is, the transduced signal is read out of the sensor and digitized
into the computer for processing. The separation of sensing and processing
has resulted in several deficiencies in the computer vision systems devel-
oped so far. The two most critical features missing from the sequential para-
digm are low latency processing and top—down sensory adaptation.

Latency, or reaction time, 1s the time that a system takes to react to an event.
For example, a standard video camera takes 1/30 of a second to transfer an
image. In many robotic applications it is too late by the time the system
receives the image from such a camera. As ancther example, pipelined dedi-
cated vision hardware can deliver the processing power (o update its output
30 times per second, but the latency incurred through the pipeline is typi-
cally several seconds. These examples point to two primary sources of
latency in vision systems: the data transfer bottleneck caused by the need to
transfer an image from the camera to the processor, and the computational

13
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load bottleneck caused by the processor’s inability to guickly handle the
large amount of data. The detrimental effects of both bottlenecks scale—up
with the image size.

Another aspect that has been neglected in machine vision is top—down
sensory adaptation, Many learning algorithms have been developed that
adjust to variations 1n appearance of an object in sensor images. Neverthe-
less, complex ad—hoc algorithms that try to extract relevant information
from inadequate sensor data are inevitably unreliable. In fact, time and time
again it has been observed that using the most appropriate sensing modality
or setup, allows recognition algorithms to be far simpler and more reliable.
For example, the concept of active vision proposes to control the geometric
parameters of the camera (e.g. pan, tilt, etc.) to improve the reliability of the
perception (4]. It has been shown that initially ill-posed problems can be
solved after the top—down adaptation of the camera’s pose has acquired new
more appropriate image data. However, adjusting geometric parameters is
only one level ar which adaptation can take place. A system that can adjust
its operation at all levels, even down to the point of sensing, would be far
more adaptive than the one that tries to cope with the variations at the “algo-
rithmic” or “motoric™ level alone.

The lack of fast processing and top—down sensory adaptation in the
sense~then—process paradigm, suggest that an alternative is needed.

Compared to the capabilities of the available machine vision systems and
techniques, the performance of biclogical vision is astonishing. It has been
estimated that humans can recognize up to 100,000 objects within 100-200
ms [54]. In addition, the recognition has a high degree of invariance with
respect to factors such as the position, scale and orientation, which may
completely change the retinal image of objects.

One of the most important factors which determines these capabilities is the
high number of processing elements (approx. 10! neurons) working in
parallel in the human brain. However, given the relatively slow response of
each neuron and the huge amount of input data (approx. 108 receptors), it
becomes apparent that the sheer number of neurons is not sufficient 1o
explain these performances. In fact, the human visual system is not even
structured to exploit the computational power of a single, fully—connected
network of cells; it is rather organized into a number of areas analyzing
different aspects of the image.
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At the very first stage of the processing hierarchy is the retina [19]. The
retina senses visual information and transmits it to the brain via the optical
nerve (approx. 1.5 x 108 fibers). While the number of fibers in the optical
nerve is far beyond what we cap replicate in an artificial system at the
moment, it 1s far below the number of photoreceptors in the eye (approx. 108
receptors). If we further consider that some fibers respond only to motion
and other transmit contrast rather than the photometric information of the
receptors, it becomes obvious that this fascinating layer of neural tissue
carries out some form of processing and data reduction. Indeed, the optical
nerve fibers are axons derived from fourth or fifth order neurons in the
visual pathway [32], i.e. there are four or five layers of neurons processing
receptors signals before the information is sent through the optical nerve.

The eye processes optical information even before the light is transduced
into the neural signals; in addition to the lens focuses and the iris for rudi-
mentary intensity adaptation, the photosensitive elements of the retina arc
spatially organized in a non—uniform way . The high spatial resolution of the
fovea allows detailed sensing in the central region, while keeping a vague
representation of the periphery of the image. The drawback of this strategy
is the need for eye movement, which sequentially shifts the fovea to the
“interesting” parts of the image.

In addition to these anatomical mechanisms for information compression,
functional mechanisms exist in the higher processing centers of the brain.
An example is attention — the ability to select a part of the retinal image to
which the application of higher level processes can be restricted[3][20][54].
Unlike eye movement, the attention shifts do not require any motor action,
but gccur internally, on a fixed retinal image. For this reason, attention shifts
are Taster than eye movements and appear to rapidly determine a number of
interesting locations of the image. Then, the top-down pathways may
initiate the eye movements for foveating onto one of these locations.

From this discussion it becomes evident that biological vision tightly
couples sensing with processing and provides the top—down feedback for
sensory adaptation and eye movement.

1.2 Computational Sensor Paradigm

Computational sensors [37] mimic one aspect of biological systems: they
incorporate computation at the level of sensing to improve performance and
achieve new capabilities which were not otherwise possible. Computational
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sensors-are usually VLSI circuits which may () include on—chip processing
elements tightly coupled with on—chip sensors, (2) exploit unique optical
design or geometrical arrangement of elements, or {3) use the physics of the
underlying material for computation.

The computational sensor paradigm has potential to both reduce latency and
facilitate top—down sensory adaptation, two main deficiencies of the
computer vision at the moment. Namely, by integrating sensing and
processing on a VL.SI chip both transfer and computational bottlenecks can
be alleviated: on—hip routing provides high capacity transfer, while an
on-chip processor may implement massively-parallel fine—grain computa-
tion providing high processing capacity which readily scales up with the
tmage size. In addition, the tight coupling between processor and sensor
provides opportunity for a fast processor—sensor feedback for top—down
adaptation.

1.3 Global vs. Local Operations

Integrating sensing and processing is not a new idea. So far, however, a
great majority of the solutions focused on image processing. There are
numerous computational sensors which implement local operations on a
single light sensitive VLSI chip [7] [30] [38] [47] [49] [68] [74]. The local
operations use operands within a smal] spatial/temporal neighborhood of
data and land themselves to the graceful implementation in VLSI. A typical
example is the invariant finite impulse response (FIR) filtering, such as
smoothing or edge detection. While computationally demanding, the local
operations produce preprocessed images; therefore, a large quantity of data
still must be read out and further inspected before a decision for an appro-
priate action is made. Consequently, a great majority of computational
sensors built thus far are limited in their ability to quickly respond to
changes in the environment.

On the other hand, giokal operations result in fewer entities for description
of a scene. If computed at the point of sensing, these entities could be routed
from a computational sensor through a few output pins without causing the
transfer bottleneck. This information will be often sufficient for rapid deci-
sion making and the actual image need not be read cut. Global operations,
however, need to gather and process information over the entire set of data.
This global exchange of data among a large number of processors/sites
quickly saturates communication connections and adversely affects
computing efficiency in parallel systems — parallel digital computers and

It
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computational sensors alike. It is not surprising that there are only a few
computational sensors for global signal aggregation: sensars for computing
position of a bright region on a dark background [18] [66], and a sensor for
motion estimation over the entire retinal image [67).

1.4 Preview of the Main Result

The primary goal of this thesis is to design computational sensors which
reduce the latency in a vision system, and provide top—down feedback for
more reliable performance. Such computational sensors must quickly
provide reliable information for appropriate action for a task at hand. To
attain this goal this work embarks upon the problem or implementing global
operations in computational sensers.

The main problem with global operations comes from the necessity to bring
together, or aggregale all {or most) of the data in the input data set. There
are fundamental differences in how biological and artificial systems aggre-
gate input signals. In digital systems, for example, gates with fan-in greater
than 4 are rarely employed. The fan—in of an average neuron is 1,000 (o
3,000, or even 10,000 [53]. Each input requires that a signal is routed to it.
The more input signals, the more wiring is required, in both biological and
artificial systeins. Wires do not process information; therefore, economizing
on wire should be important priority for both nerves and chips. Yet, the
biological systems opted for large fan-ins. Some researchers [53] hypothe-
size that each neuron must have synaptic inputs representing @ff features
that might ever be used, even though only a subset of them will contribute
to any particular decision. Thus, it seems that the neurons are optimized for
making global decisions about 2 large number of inputs, but using only a
few of those inputs at a time.

This work is concerned with efficient implementation of global operations
over a large groups of image data using computational sensor paradigm. In
order to overcome obvicus technological limitation for quickly communi-
cating and processing large amounts of data, the proposed solutions draw
upon the experiences of evolution and suggests the following implementa-
tion. The data are supplied optically by focusing data (henceforth referred
to as a retinal image) onto the array of photodetectors. A processor inte-
grated within the chip, mimics neurons and makes a decision based onfy on
a few input data at a time. The problem is how to efficiently chose which
few input data to route to the global processor at each given time. Two

17
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models are investigated: the sensory attention, and the intensity—to—time
processing paradigm.

Sensory Attention

The sensory attention follows the model of visual attention in brains. This
analogy is attractive for two reasons. First, the main argument that has been
used to explain the need for selective visual attention in brains is that there
exist some kind of processing and communication limitation in the visual
system. So it does in machines. Attention “funnels” only relevant informa-
tion and protect the limited communication and processing resources from
the information overload. Second, it has been shown that the visual attention
improves performance, and is needed for mantaining coherent behavior
while interacting with the environment (i.e. attention—for—action) [3]. Loca-
tion of such attention must be maintained in the environmental coordinates;
thus maintaining coherence under ocular and head motion [54]. The atten-
tion—for—action model is consistent with the goals of producing reliable
fast-reacting computational sensors.

For implementation of attention several problems must be solved: (1) how
to select interesting location within the retinal image, (2) how to shift the
attention to another location, and (3) how to transfer data from focus of
attenition to the central processor for further inspection.

A traditional model for implementing visual attention is shown in Figure la.
The winner—take—all (WTA) has been suggested for implementing location
selection [43] [42]. The WTA determines the identity and magnitude of its
strongest input [23]. The WTA uses a saliency map to guide the attention to
the most conspicuous part of the retinal image. The saliency map can be
derived from image features including the intensity, color, spatial and
temporal derivatives, motion, and orientation.

In the prototype implementation of the sensory attenition proposed by this
work, our concern is not how to compute the saliency map, but rather how
to quickly and reliably locate and maintain interesting location in the
saliency map. At the present state of technology we deliver the saliency map
optically by focusing it onto the array of photodetectors feeding the WTA
network (Figure 1b). This embodiment of the sensory attention we call
tracking computational sensor because when the saliency map is a natural
image, the trivial saliency map, the features thar attract attention are bright
spots in the environment. The sensor selects and tracks those spots.

18
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Figure 1: a) Traditional model for implementing visual attention, and b)
computational sensor implementation of sensory attention,

In the tracking computational sensor we used a very compact VLSI realiza-
tion of the WTA circuit originally proposed by Lazzaro [46] and
Andreou [3]. The attention shifts are implemented by operating the tracking
computational sensor in two modes: select mode and tracking mode. In the
select mode the sensor detects the global intensity peak within a program-
mable active region, a subregion of the retina. (This peak is called a feature
in the context of the tracking sensor.)! The sensor continuously reports the

" In neurophysiology the pattern of activity which activates a visual neuron is
called a trigger feature, a somewhat controversial notion. The area of visual tield
in which this pattern elicits the neural responses is called the receptive field of the
neuron. Thus, in the context of the tracking sensor the sensor itself is a neuron
whose trigger feature is the peak intensity wirhin its receptive field (i.e. the active
region.)

i
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position and intensity of the feature. By being able to program an arbitrary
active region we ensure that the attention is directed towards parts of the
image that are important for the task at hand. In the tracking mode the sensor
dynamically defines its own active region, thus causing the sensor to ignore
all retinal inputs except the currently tracked feature and its immediate
neighborhood. This way our implementation ensures two things: (1) the
location of attention is maintained in environmental coordinates rather then
in the image coordinates, a feature important for maintaining coherent
behavior in the presence of ocular or object motion, (2) the sensor eliininates
interference from parts of retinal image that are irrelevant for a particular
task at hand.

The WTA circuit reports the intensity of its winning input on a globally
accessible wire. Therefore, by programming an active region consisting
only of one cell (i.e. [ by 1 active region), that cell becomes the winner and
its intensity is reported. By scanning the trivial [ by 1 active region around
the attended location, the local data are transferred to CPU for higher
processing.

The proposed implementation for the tracking computational sensory has
several interesting features. The self—defined active region in the tracking
mode is an example of top—down Sensor/processor feedback presently
missing in artificial vision systems. The global data — position and the
intensity of the feature — are easily and quickly routed from the chip via
several output pins. These data represent global information about the
retinal image. The tracking computational sensor has numerous practical
applications including continuous tracking, position estimation and struc-
tured light range imaging.

Intensity—to-Time Processing Paradigm

The other mechanism investigated is the newly proposed intensity—to—time
processing paradigm — an efficient solution for massively—parallel global
computation over large groups of fine—grained data [12]. Inspired by the
human vision, the intensity—to—time processing paradigm is based on the
notion that stronger inputs elicit respeonses before weaker ones. Assuming
that the inputs have different intensities, the responses are ordered in time
and a (global} processor makes decisions based only on a few inputs at a
time. The more time allowed, the more responses are received, thus the
global processor incrementally builds a global decision first based on
several, and eventually on all the inputs. The key is that some preliminary
decisions about the retinal image can be made as soon as the first responses

20



Introduction

are received. Thus, this paradigm has important place in low-latency vision
processing.

The intensity-to-time processing paradigm was used to implement a
sorting computational sensor — an analog VLSI sensor which is able to sort
all pixels of an input image by their intensity, while the image is being
sensed. In this realization the global processor essentially “counts” inputs
{i.e. pixels) as they respond. The first input to respond receives the highest
index, the next input one index lower, and so on. By the time all the inputs
responded, the sensor has built an image of indices. The image of indices
represents the histogram equalized version of the retinal image. The two
well know properties of such images are (1) the available dynamic range (of
the readout circuitry) is equally and most optimally utilized, and (2) the
image contrast is maximally enhanced. In many computer vision applica-
tions the histogram equalization is the first image preprocessing operation
performed on camera images, primarily for signal normalization and
contrast enhancement.

During the process of “counting™ the global processor generates a waveform
which is essentially the cumulative histogram of the retinal image. This
waveform is one important global property of the retinal image which is
reported with low latency on one of the output pins before image is ever read
out.

1.5 Thesis Outline

The thesis is presented in two parts. Part I reviews foundations pertaining to
the vision computational sensors, while Part IT presents the proposed model.

In Part 1, Chapter 2 discusses issues of vision processing and gives a brief
comparative review of vision processing in brains and machines. Chapter 3
covers representative computational sensor solutions and discusses issues
regarding computational sensor implementation.

Part 1} presents the proposed model. Chapter 4 states the goals, gives the
motivation behind the proposed model and introduces two solutions:
sensory attention and intensity—to-time processing paradigm. Chapter 5
introduces the sensory attention and gives the rationale behind the proposed
implementation. Chapter 6 explains in detail one embodiment of the sensory
attention — a tracking computational sensor. Chapter 7 introduces the
intensity—to—time processing paradigm and discusses its biological plausi-
bility. In this thesis the intensity—to—time processing paradigm is used for
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sorting. The realization of the sorting computational sensor and its applica-
tions are discussed in Chapter 8. Contributions of this thesis are summarized
in Chapter 9 by reflecting back to the difficulty of the problem of carrying
out global operations on large groups of data, and by highlighting the effi-
ciency of the proposed solutions for carrying out these operations within a
high resolution VLSI computational sensors.



Part I:

Seeing Chips:
Foundations
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Chapter 2

Vision in Brains and
Machines

Seemingly human vision occurs instantly and without readily discernible
thought: we open our eyes and the world is perceived in all its detail. Brains
are vastly complex natural systems. Even though by comparison the most
advanced of today’s machine vision systems are mere toys, there are enough
similarities that tempt us into hypothesizing that ideas useful for under-
standing brains might also help us understand computers, and vice versa. A
parallel computer, for example, is an information processing system made
of components which mutnally contribute to each other’s decisions by
exchanging messages over a network of connections. So is the brain. We
gain insight into both systems by understanding differences between the
brain’s biology and today’s technology as much as by dwelling on similar-
ities,

The last 30 years of machine vision research has produced advancement
along many fronts. Cameras have advanced; their resolution and sensitiviry
have increased, and new sensors such as uncooled infrared cameras are now
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commercially available. Many recognition algorithms have been devel-
oped: from 3D model matching to artificial newral networks. Several
successful practical machine vision systems have also been built: automated
inspection, autonomous navigation, and medical imaging. Yet, performance
of machine vision still significantly lags that of a biological system. Closing
the considerable gap in processing power between machines and brains is
crucial for the advancement of machine vision.

2.1 Processing in Vision

The comparative study of vision in biclogical and machine systems requires
a rethinking of the concepts of computation. Since the mid 1940's computer
science has been dominated by the von Neumann concept of serial compu-
tation, in which programs are executed one instruction at a time in a
fetch-and-cxecute cycle. By contrast, machine vision researchers have
always been aware of the highly parallel nature of the computations under-
lving low—level processes. Similarly, neuroscientists found evidence that in
the brain billions of components are active at the same time, passing
messages to one another to modify their processing. Only recently, with the
advancement of VLSI technology and the increasing practice of distributed
computation over networks, is the technology of computers beginning to
catch up with the concepts of parallel processing in both biological and
machine vision systems.

The basic structure of the vertebrate retina is that of layers of cells [19].
Furthest from the brain are the receptors — the rods and cones (approx. 108
receptors). Various intermediate cells are layered on top of the receptors —
the horizontal cells, the bipolar cells, and the amacrine celis. These cells, in
turn, provide the input to the ganglion cells, whose axons cross the surface
of the retina to meet in the blind spot and form the optic nerve. The optic
nerve (approx. 1.5 x 10° fibers) relays the information to the higher vision
lobes of the brain. [n all, the retinal ganglia are the forth or fifth order
neurons from the photoreceptors, 1.e. there are four or five layers of neurons
in the retina processing received stimuli before the optic nerve leaves the
eye [19].

The 2D structure of the retina is to a degree preserved within the represen-
tation in the intermediate neural layers, Such representations are said to be
retinotopic 'emphasizing their spatial nature. However, the transition from

"from the Greek word topas, tor place.
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retinotopic to abstract representations has been observed at some point as
the information traverses higher centers in the brain. There seem to be
mechanisms for object recognition in the brain that are not tied to the loca-
tion of the object in the visual space. This distinction between the retino-
topic representations in certain parts of the brain and the more abstract
representations in others led to the dichotomy of the vision process into
low—level and high—level vision.

It is commeonly accepted that the high—level vision processes are those that
apply specific a priori knowledge about the objects being recognized.
Conversely, we refer to the processes that transform the information prior to
the “knowledge—intensive processes™ as low—level vision. For example, one
task for low-level vision is segmentation, the process of extracting informa-
tion about arcas of the image (called regions or segments) that are visually
distinct from one another and are each continuous in some feature, such as
color, texture, motion or depth. Regions then may be considered as candi-
dates for parts of the distinguishable surfaces of objects in the environment.

Recalling the distinction between low—level and high-level vision, one can
imagine a low-level vision system as composed of vast retinotopic arrays in
each of which local processors carry out the same operations in paraliel. The
processes of segmentation, stereopsis and optic flow can each be carried out
by algorithms involving the repetition of the same local process all over an
image, and can thus be characterized as parallel computation. The resulting
low-level representation is then passed to more “specialized”™ processors,
which are responsible for more abstract tasks of vision. These processors
will be examining the distinctive shapes or other characteristics of the image
as represented in the low-level data, and will have to pass messages to one
another in order to settle on a coberent interpretation. Therefore, the high
degree of parallelism is evident in both low and high level vision processing.
The degree to which these parallel processes “cooperate™ however requires
further clarification.

Parallel vs. Cooperative and Local vs. Global Computation

Consider the layer of receptors in the retina or an electronic video camera.
In a sense, these are parallel systems: a vast number of photodetectors are
transducing optical information at the same time. However, individual
sensing sites are not communicating, or cooperating, with each other; that
is, each photodetector is only concerned with the radiation flux impinging
on its own sensitive area, and may very well work as a single—point detector.
This kind of parallelism we will call ron-cooperative parallelism.
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There is an abundance of evidence that the retina carries out signal
processing. Some fibers in the optical nerve encode mofion and others are
sensitive to contrast or a particular spatial frequency. The pattern of activity
that “triggers” the response of a neuron is called a trigger feature. The area
of the visual field in which the trigger feature elicits the neural response is
called the receptive field of the neuron. That is, the signals from the spatial
extent of the neurons” receptive fields are communicated and combined into
the response of the neuron. In computer vision, one analogous example is
spatial filtering: in addition to its own data, a local processor in a retinotopic
array produces results based upon the data from a few neighboring proces-
sors. Therefore, to produce a result the processors must cooperate and
exchange data among themselves, but within limited, or local, spatial extent.
This kind of parallelism is termed a local cooperative parallelism. Opera-
tions carried out by such a parallelism are called local eperations.

Sometimes neurons must make decisions based on the entire retinal image.
One example is the eye sensitivity adaptation. One can imagine that the
systern “computes” an average illumination of the retina, or finds the range
of the intensities of the retinal image and adjusts the eve sensitivity accord-
ingly. This process is not necessarily taking place in the retina, but it illus-
trates the need for global exchange of data for even simple decisions. In
high—level vision such a need 15 even more obvious. The high-level
processes may use knowledge of the world to postulate what objects could
have surfaces positioned, shaped, or moving in the observed ways. To do
this, some researchers hypothesize, each high—level process must have
inputs representing afl features that might ever appear for an object. The
process is further complicated by the fact that objects can partially occlude
one another or move in vartous directions. Thus, a visual system wogking in
complex environments must be able to solve the problem of perspective,
noise, and occlusion. (Human vision is quite successful in such tasks.) Once
a preliminary interpretation of an image has been made, the vision system
then has “context” and “expectations™, which may activate top—down feed-
back paths for guiding further sensing and processing. This fascinating
capability of biological vision could be explained by postulating that there
are a2 number of quite distinct schemes or computational processes working
in parallel and cooperating to form a global interpretation. A parallel
computation that requires all (or most) of the input representations for deci-
sion making we will call a global cooperative parallelism, and operations
carried out by such a mechanism global operations.

All three degrees of “cooperation™ are present in vision systemns and are
organized in more or less hierarchical structure. The receptor layer of the
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retina senses the image. This image immedialely goes through scveral
layers of neurons carrying out local operations. A retinotopic representation
of an image is then relayed to the other parts of the brain where a more
global exchange of information takes place. This bottom--up hierarchical
structure works well as long as there 15 no noise or ambiguity in the retinal
image. When the ongoing process of visual interpretation runs into diffi-
culty, the top—down pathways are there to incorporate context and call upon
further low—level processing and adaptation. This is dramatically demon-
strated in human behavior by the dependence of eye movements on the
spatial structure of the scene being viewed.

Given the complexity of the processes and information routing in
bottom—up and top—down fashion, the clear anatomical and functional
distinction among low-level and high-level vision begins to fade. Most
researchers now tentatively agree that an interpretation is developed in
stages through many levels of increasingly more abstract representations.
The above discussion suggests that: (1) biological vision systems ware
comprised of a vast number of anatomical and functional components
working in parallel; {2} these components are organized in a more or less
hierarchical structure with increasingly higher level of cooperation and
more abstract data representation; (3) there are bottom—up and top—down
connection pathways between the processes for settling on a global interpre-
tation of the environment.

2.2 Wiring and Information Boitlenecks in Brains

A typical biological neuron has dendrites and axons. The dendrites form a
tree-Yike structure for receiving stimuli from other neurons. The axon is an
“output wire” carrying the neural responses. The axen usually branches into
an axon terminal (see Figure 2) and reaches dendrites of the neurons in the
next layer. The dendrites may or may not interact with other neurons, If they
do, then the dendrites are connected to the axon terminals of other neurons .
These connections are called synapses. A neuron receives signals from
other neurons through synaptic inputs and produces activity in the axon (sce
Figure 3). The activity in the axon is represented by a train of “digital”
pulses. The rate at which the pulses fire indicates the level of the activity in

I'The synaptic contacts between an axon and a dendrite is called axodendritic syn-
apse. There are other synaptic contacts: unidirectional between two dendrites —

dendrodendritic synapse, bidirectional between two dendrites - reciprocal syn-

apse, eic.
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dendrites

axon terminals

axon

Figure 2: Light micrograph of a horizontal cells in the cat’s retina [19].

dendrites
Axon terminals / Golgi type I cell
\ g
Axon Axon
N
Golgi type Il cell

Figure 3: A highly simplified representation of a brain nucleus. The
dendrites of Golgi type I cells usually only receive input from axon
terminals (i.e. axodendritic synapse). but the dendrites of Golgi type 11
cells may both receive input and provide synaptic ouiput (i.e.
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the axon. The stimulus at the synaptic inputs that causes activity in the axon
is called the rigger feature'. A neuron fires only when the input stimuli is
similar to the trigger feature. Therefore, the capacity of the neuron’s axon to
transmit information is not fully utilized since the signals are fired occasion-
ally; however, the energy consumption is minimized since only “useful”
information is transmitted.

This discussion points to the fundamental differences in how biological and
machine systems aggregate input signals. In digital systems, for example,
gates with more than 4 inputs are rarely employed. (The number of inputs
to a particular circuit is called fun—in, and the number of places to which the
output goes 1s called fan—out.) The fan—in of an average neuron is 1,000 to
3,000, or even 10,000 [53]. Each input requires that a signal is routed to it.
The more input signals, the more wiring is required, in both biological and
artificial systems. Economizing on wire is an important priority for both
nerves and chips. Yet, the biological system opted for large fan—ins. Why?

There are two plausible explanation for the large number of inputs in
neurons. Suppose that a reascnably complex object in the retinal image is to
be recognized. Neuron X will fire if object X is present, and neuron Y if
object Y is present. The inputs to these neurons have been computed by
lower neural levels in the visual path. If the objects X and Y are similar in
appearance there must be a crucial feature which will differentiate the two.
Therefore, the neurons X and Y must have a synaptic input representing this
crucial feature. In general, the synaptic inputs to a neuron must represent all
the possible features for an object, even though only a subset of them will
contribute to any particular decision.

Each particular input feature can be thought of as a separate dimension in
the representation of an object. A particular recognition task will have an
essential dimensionality — a number of features that are necessary to distin-
guish two objects [53). If a number of synapses is less than the essential
dimensionality for an object, a unique recognition cannot be determined.
This intuitive explanation is formally treated in [1]. It is shown that, under
certain assumptions, the essential dimensionality is directly related to the
entropy, or information, of the perceived world. This reason for a large
number of inputs is called the entropy factor [53].

! This is a somewhat controversial notion, because a neuron will fire for a range
of features that are similar to its trigger feature. Nevertheless, the neurons whose
inputs closely match their trigger features will fire at a high rate, while those less
well matched fire at a lower rate.
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The circuit complexity theory gives another plausible explanation for the
neuron’s large number of inputs. Consider an N—input digital AND gate. In
conventional digital technology it employs O (N) transistors. The function
of a single N-input AND gate can be replaced by a tree of 2-input gates.
This replacement requires @ (N} 2-input gates. Therefore, the complexity
of a digital gate does not increase when a single large input gate is replaced
by a number of 2-input gates. Indeed, digital gates with fan—in larger than
4 are rarely employed, primarily due to speed considerations.

The situation is different when a large fan—in neuwron must be replaced by a
network of 2—input neurons. The computation of some neurons! can be
modeled with a thresholding function. Thresholding function? is defined as:

N
1, z wijuj?_r(.
H, = Jj=1 (2.1}

N
0, zwijuj<t5
=1

in which each tnput U, takes two values, | and 0, and for which there exists
a set of real numbers w,, ..., w  called weights and ¢, called threshold.
This neuron model is known as perceptron and was introduced by
Rosenblatt [62]). In a modified form, the perceptron is extensively used in
artificial neural networks.

A 2—-input perceptron can encode 16 different functions (because there are
only 16 switching functions of two variables.} A network of M 2-input
perceptrons thus can encode 16Mdifferent functions. The number of
2-input perceptrons, M, needs to be at least large enough to accommodate
the number of functions performed by the N-input perceptron. The N-input
perceptron encodes at least 2N (¥ + 1) /2+8 fynctions [56]. Thus:

16M 5 N N+ D248 (2.2)

M= 0 (N (2.3)

Therefore, an N—input perceptron can be replaced by a network of 2—-input
perceptrons but with increased complexity of @ (¥? ). Namely, to emulate

! There are other neurons which take analog inputs and produce analog outputs.
) . . - . - i

“Threshold function is also know as majority function, linearly separable func-
tion, or linear input function.
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the function of an N-input perceptron, at least N2 two-input perceptrons
must be used. This argument does not guarantee that there is a network with
N” 2—input perceptrons which can replace the N—input perceptron. It shows
only that there is no smaller network that will do it. The ability of neurons
to handle analog signals {through their analog weights) makes them attrac-
tive for aggregation of a {arge number of signals before making a global
decision by thresholding, With a network of 2—input neurons, most of the
information is lost at the intermediate discrete decisions. This loss of infor-
mation must be compensated by a large number of intermediate discrete
decisions. This explanation for the large number of inputs preferred by
brains is called the analog factor [53].

Even a familiar object is never seen twice in exactly the same way: the
details of the retinal images are different. Intuitively it is clear that the preci-
sion with which each input stimulus is treated is not important. The task of
the brain is to make collective sense of sensory input. Evolution has devel-
oped the ability to make general decisions (i.e. generalize) based on a [arge
number of inputs. If the input is incomplete, due to occlusion for example,
rather then requesting higher precision with which each input is treated, the
brain increases the dimensionality of the problem by introducing “context™
and “expectation”, or initiates eye and head movement for additional visual
cues for the interpretation of the environment.

A single neuron may take many inputs, but produces a single output. If two
different decisions (i.e. functions) are needed based on the same inputs,
another neuron will be “wired” to those inputs, but the way synaptic inputs
are combined will be different. Indeed, nearby cells in the retina may have
quite distinctive rigger features (i.e. perform different functions) and yet
have broadly overlapping receptive fields. This method leads to fully
connected networks: each signal is wired where needed.

Even though biological neural systems have a fascinating ability to wire a
large number of inputs, the biclegical vision is not structured to exploit the
computational power of a single, fully—connected network of cells. It is
rather organized into a number of areas specialized in the analysis of
different aspects of the image. While these areas themselves ate more or less
tully connected, the connections between them present information bottle-
necks. For example, there are approximately 10% receptors mn the retina,
whereas there are only approximately 1.5 x 10° axons in the optic nerve. The
optic nerve, therefore, forms an early information bottleneck. Only about
2% of the informatton contained in the optical image focused onto the retina
is transmitted through the optical nerve [20]. This dramatic data reduction
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in the eye is achieved through the foveal sampling and processing by the
retinal layers.

In addition to the optical nerve bottleneck, there is a functional bottleneck
related to the visual atrention. Figure 4 illustrates the attention—refated

Figure 4: Llustration of the attention—related bottleneck. While fixating on
the center, one’s ability to recognize a characters at the periphery
depends upon whether attention is directed to it. {20]

bottieneck [20]. When one fixates the letter in the center, all the letters are
equally visible, as they are scaled to compensate for the decline in visual
acuity with increasing distance from the center of gaze. However, in a single
glance it is not possible to recognize all of the letters in the array simuita-
neously. In order to identify ditferent letters in the pattern, we must direct
our agtfention to the individual letters. This illustrates that there is simply too
much information for the pattern recognition stage to cope with all the
letters at once. Thus, by selecting a small part of the retinotopic information
and dealing with it one at a time, the attention protects limited computa-
tional resources of higher vision processes from informational overload.
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2.3 Wiring and Information Bottlenecks in Machines

Presently, neuron—like wiring is technologically not feasible in machines.
Therefore, engineers have resorted to numerous “practical solutions” with
varying degree of success. The most obvious choice was to trade the speed
available in electronics and VLSI for the connectivity inherent in the
three—dimensional organization of the nervous system. In vision sensing,
for example, this trade—off resulted in serial readout of camera’s pixel data
at very high rates (typically 10MHz).

The serial connection between the sensor and the processor is the first (and
very detrimental) data transfer bottleneck in machine vision systems.
Images of 500 x 500 pixels are read in 1/30th of a second, sometimes too late
when the system must cope with fast events. As the imager size increases to
1k x 1k (or 2k x 2k) the frame rate plunges. Some high resolution cameras
provide multiple ports which could read out the four quadrants of the image
simultaneously. Other mere specialized imagers may provide row—parallel
readout to speed up the transfer. In general, given the planar topology of
today’s imagers, the amount of data in an array of size N increases as N2,
while the accessible perimeter for the readout only as 4N. Therefore, for
planar structures the transfer bottleneck inevitably grows with the image
size.

Once data are read out from the camera they need to be loaded and
processed in a processor. The processor needs to visit data throughout the
entire image before it can discard irrelevant information and focus on the
important information for the problem at hand. Consequently, the processor
is overwhelmed by the computational demand of vision. This causes a
computational hottleneck.

Architectures for Machine Vision

Advances in VLSI design and fabrication technology have made it feasible
to consider increasingly powerful parallel vision architectures that can be
implemented in a cost—effective way. One of the potential benefits of
parallel computers is the ability to scale up performance by adding more
processors, hence alleviating some of the computational bottleneck in
machine vision systems. There are two distinct ways in which paralielism
can be applied to a problem. Parallelism can be used to solve a bigger
problem in the same amount of time — called scale--up, or it can be used to
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solve the same problem in less time — called speed—up. There are several
measures of performance:

* speed of processing — operations per second,

* latency (or responsiveness) — a measure of how long it takes
the system to react 1o an event,

* throughput — the rate at which data can be updated at the
input and output.

In general, parallel systems can be characterized by the nature of the instruc-
tion and data streams, by the capabilities of the individual processors, and
by the geometry and flexibility of the connection network between proces-
sors. Flynn proposed a classification of serial and parallel computing strat-
egies into four general categories [36]:

e SISD — single instruction, single data stream,

e MISD — multiple instruction, single data stream,

* SIMD — single instruction, multiple data stream, and
*» MIMD — multiple instruction, multiple data stream.

The SISD group includes conventional serial computers, whose inherent
limitations with regard to vision tasks are well known.

The MISD category includes pipelined architectures, which received
considerable attention in some commercially available vision systems such
as DataCube. DataCube is a pipeline of dedicated processing modules. Each
module performs one operation on a serial stream of pixel data, and feeds
the results to the next module in the pipeline. Depending on the sequence of
operations, the pipeline can be reconfigured and can include an image
memory in between some modules. The data throughput of systems like this
is designed to keep up with the data rates coming from standard video
cameras: 30 frames per second. However, the /atency through the pipeline
is usually several times higher. Since only a small local portion of the pixel
stream is kept in each particular module at a time (usually several scan
lines), this kind of architecture is suited for local operations.

The SIMD architecture includes synchronous parallel processors in which
all the processors simultaneously execute the same instructions on different
data. In a SIMD machine, a centralized controller broadcasts instructions to
a set of processing elements. Each processor then executes the instructions
on a set of data local to the processor. SIMD architectures can take several
forms, depending on the interconnection structure used. A common choice
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is a fixed two—dimensional array in which each processor communicates
directly with four (or eight) immediate neighbors. This type of interconnee-
tion strategy is common in image processing machines, since the structure
closely matches the retinotopic structure of the image data. SIMD machines
are very effective when performing regular computations which arise in
some numerical and image-processing applications. Their performance
falls dramatically when computation is not regular and often introduces
significant transfer overhead when global communication is needed.
Figure 5 shows MasPar architecture, a SIMD array with 4096 processing
elements interconnected in a lateral (mesh) fashion [51]. There is a dedi-
cated routing channel for data loading and unloading, and for global data
exchange; however, the information bottlenecks are obvious.

By stacking cellular SIMD arrays and extending each processor’s intercon-
nections to include connections to the parent and sibling in the stack, one
can create hierarchical (3D) architecture. If the processors from a local
{lateral) neighborhood are restricted to a unique parent at the level above,
then a tapering “pyramid” structure is created. Pyramid structure received
considerable attention in computer vision [14], but its limitations are simitlar
when it comes to global operations.

The MIMD machines are composed of multiple processors executing their
own programs. In some machines the processors all share a common
memery. In other machines each processor has its own local memory and
the processors are connected together in a fixed network. The issues in these
systems are (1) how to structure the interconnecting network for efficient
communication between the processors, and (2) how to “parallelize™ an
algorithm.

Different parallel architectures have different abilities to increase perfor-
mance. For example, maintaining synchronous instruction execution in a
large SIMD machine 1s somewhat a problem: the time taken for an instruc-
tion to travel throughout the machine may be longer than the time required
for execution of the instructions within the processing elements. Either the
speed of operation must be restricted, or a faster (and more expensive) tech-
nology for broadcasting instructions must be used. Consequently, it is not
straight forward to scale—up a SIMD machine.

MIMD machines seem to be more general, probably at the expense of being
harder to program. Normally, a MIMD machine could perform the kind of
regular algorithms designed for SIMD machines. The converse is not gener-
ally possible: SIMD cannot perform algorithms designed for MIMD
machines.
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Figure 5: MasPar system architecture [51]

Another important property of MIMD architecture is the ability to scale all
of the performance characteristics: latency, speed and throughput. Latency
is the most difficult characteristic to scale. Imagine a person receiving a call
on one telephone while in the midst of conversation on another. A single
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person will have difficulty responding to two asynchronous calls with low
latency. On the other hand, two people can easily deliver rapid responsc.
This is analogous to the MIMD performance, which is almost impossible to
emulate with a SIMD machine.

Parallel architectures outlined above have found applications in many
computational intensive scientific applications. These systems are expen-
sive, bulky and power-hungry. For vision processing, however, the single
most limiting factor is the lack of efficient connectivity between the proces-
sors. This translates into information bottleneck: (1) the problem of the effi-
cient loading (and unloading) of vast amount of image data onto the array
of processors, and (2} the problem of efficient global exchange of data
during computation.

Balancing Computation and Communication

For high efficiency, image data must be carefully mapped outo the array of
processing elements (PE) so that the communication and computation
requirements are consistent with the capabilities of the hardware. If one data
item is allocated per each PE, a machine must be able to perform one oper-
ation within the same time that it communicates one data—item (e.2.
receiving an operand from a neighbor). This is referred to as fine—grain
parallelism. On the other hand, if a large number of data—items are allocated
to a single PE, the communication requirements are smaller, because a PE
keeps more data internally. This is referred to as coarse—grain parallelism.

It becomes cbvious that as the grain is decreased, the communications capa-
bility becomes the limiting factor. This is why the scale-up is easier to
achieve than speed—up. When parallelism is used to achieve speed—up, the
computation is broken into smaller sequential segments and assigned to
more processors. This in turn increases the communication requirements.
For speed-up, therefore, the fine—grain parallelism is preferred, but the
inter—processor communication becomes the limiting factor determining the
final performance (¢.g. latency and throughput) of parallel systems.

The above discussion implicitly implies a fixed 2D network in which each
processing element communicates directly with a few immediate neighbors.
This provides local data communication. However, for some vision algo-
rithms, local communication is inadequate and it is necessary to cofununi-
cate via a number of intermediate processing elements. In such cases, the
communication rate becomes much too slow for fine—grain processing. In
order to efficiently support a wide range of algorithms, a low-latency
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machine vision system must support globgl data communication at
fine—grain parallelism.

2.4 Summary

In biological vision, a vast number of components cooperate to form an
interpretation of the environment. Apparently this is done in stages through
many levels of increasingly more abstract representations. There are infor-
mation bottlenecks between the various anatomical and functional compo-
neats. The most obvious age the optic nerve bottleneck and attention-related
processing bottleneck. For these bottlenecks, however, the biclogical vision
provides two “intelligent” data compression mechanisms — retinal
processing and visual attention. When the system runs into ambiguity
during the process of visuval interpretations, the feedback pathways may
request additional processing and adaptation at the earlier stages. This goes
all the way down to the sensory level. This vastly complex and effective
natural system remains superior in vision tasks.

In machine vision the consistent paradigm has been that a camera “sees” the
world and a computer “recognizes” the object. Implicit in this view is the
separation between: a camera — a sensing (transducing) device to convert
spatio~spectral-temporal phenomena to electronic signals, and a computer
— a computational device to process and make sense out of data. That is,
the transduced signal is read out of the semsor and digitized into the
computer for processing. The separation of sensing and processing has
resulted in several deficiencies in vision systems developed so far. The two
most critical features missing are fow latency processing and sensory adap-
tatlon.

Two main contributors to the system latency are the transfer bottleneck and
the computational boitleneck. For example, when a robotic system must
react to fast events it is often too late by the time the system receives an
image from a standard TV camera (it takes 1/30 of a second), or by the time
a computer produces an action {usually takes seconds).

Even though the data transfer bottleneck in machines may be considered
analogous to the optic nerve bottleneck, and the computational bottleneck
to the attention—related bottleneck, the differences are significant. Namely,
the eye “intelligently” compresses data into a representation which can be
transmitted through the optical nerve and, more importantly, a representa-
tion which is meaningful and well matched to the processing mechanisms
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in the higher centers of the brain. There is no such relationship between the
camera and the processor in today’s machine vision systems. Unlike the
eye, a camera transfers raw receptor data before any processing. Conse-
quently, the transfer link might be unnecessarily burdened with communi-
cating information which might be irrelevant to the processor. If some
signal processing was available at the sensory level, early decisions could
be made. These decisions could request adaptation and information refine-
ment, so that only relevant information is transmitted to the higher
processing.

Al machine vision systems discussed so far are well suited for local opera-
tions, but are dramatically less effective when it comes to global operations.
This is because global operations need to aggregate all input data. These
data may originate at distant locations in an image and thus require wiring
that is not feasible in practice. Yet, global operations are often necessary to
provide those few global decisions about the environment which are neces-
sary in guiding an intelligent machine behavior. Although nature already
knows how to carry out global operations and build highly intelligent
systems out of ordinary matter, she keeps it so well hidden that we may have
to discover for ourselves how to do it.

4]
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Chapter 3

Computational Sensors

As VLSI technologies have matured and become more readily accessible, it
has become more evident that in addition to light sensing, some degree of
processing can be achieved on the same solid-state substrate. This has
offered new and exciting opportunities for efficient stgnal processing.

Computational sensor — a sensor thal computes — integrates sensing and
processing on a single VLSI chip. This concept directly mintics biological
systems and potentially can remove the transfer and computational bottle-
neck. Namely, on—chip routing could provide full connectivity between
sensors and processors, while on—chip processors could implement massive
and fine—grain parallelism which readily scales up with the image size.
Finally, the clear benefit over conventicnal systems is the ability of compu-
tational sensors to provide feedback paths for sensory adaptation based on
the result of the on—chip processing. This is something completely absent
from the conventional sense-then—process vision systems; yet, it is so aburn-
dantly obvious in biological systems.



Computaticnal Sensors

3.1 Computational Sensor Architectures

The computational sensor architectures that have emerged in recent years
can be divided in three major groups [37):

1. Focal plane computational sensor: Processing is done on
a focal plane, i.c. the sensing and processing element are
tightly coupled,

2, Spatio-Geometrical computational sensor: Computation takes
place in its inherent geometrical structure and/or optical proper-
ties, and

3. VLSI computational module: Sensor and processing element
may not be physically interleaved, but the processing module is
implemented on the same sensor chip in a tightly coupled fash-
ion.

Many existing systems would fall somewhere between the above groups,
Some illustrative computational sensor solutions are presented.

3.1.1 Focal Plane Architecture

Focal plane architecture tightly couples processing and sensing hardware —
each sensing site has a dedicated processing element (PE). Each PE receives
the signal of its sensor. Depending on the algorithm, each PE may receive
other signals including those of neighboring sensors or PE’s. This concept
resembles the traditional parallel fine—grain computer architectures.
However, in the computational sensor realization the operands are readily
distributed over an array of PE’s as they are sensed by focusing an image
onto the array. A physical layout of a focal plane architecture has cellular
structure and is depicted in Figure 6.

Gruss, Carley and Kanade [25] [26] at Carnegie Mellon have developed a
computaticnal sensor for range detection based on light-stripe triangulation.
The sensor consists of an array of cells, with each cell having both a light
detector and a dedicated analog PE. The light stripe is swept continuously
across the scene. The PE in each cell monitors the output of its respective
photodetector, and remembers a time when the incident intensity peaks. The
processing circuitry uses peak detection to identify the stripe and an analog
sample-and-hold to record time-stamp data. Each time-stamp fixes the posi-
tion of the stripe plane when it illuminates the line-of-sight of that cell. The
geometry of the projected light stripe is known as a function of time, as is
the line-of-sight geometry of all celis. Thus, the 3-D location of the imaged
object points (“range pixels”’) can be determined through triangulation. The
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Figure 6: Layout of a computational sensor with the focal plane
architecture,

spatial resolution of the range image is determined solely by the size of the
cell. In the current 2pum CMOS implementation, an array of 28 x 32 cells
has been fabricated on a 7.9mm x 9.2mm die. The cells in this sensor operate
in a compleiely paralle! and independent manner. 1t 18 representative of a
non—cooperative parallelism.

Keast and Sodini [38] [39] at MIT have designed and fabricated a focal
plane processor for image acquisition, smoothing and segmentation. The
processor is based on clocked analog CCD/CMOS technology. The light
signal is transduced into the accumulated charge. The neighboring PE's
share their operands in order to smooth data. In one iteration, each PE sends
one quarter of its charge to each of its four neighbers. The charge meets halt
way between the pixels and mixes in a single potential well. After mixing,
the charge is split in halves and returned to the original PE, thus approxi-
mating Gaussian smoothing. If segmentation is desired, the smoothing (i.e.
mixing) is prevented between those neighbors whose absolute difference is
greater than a given threshold. A 40 x 40 array with cell size of about 150
x 1501 has been fabricated [38]. This design is an example of the local
cooperative parallelism.

Resistive grids are an elegant VLSI solution for spatial signal reconstruc-
tion, interpolation, smoothing and averaging [35] [41] [47]. Normally a
resistive grid is distributed over the entire receptive array: thus, it receives
signals from all the inputs. Depending on the exact topology of the network
and the operation of the related circuitry, the reststive grids can perform
global operations (case of current divider) or local operations (casc of
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smoothing). Computation with resistive grids is discussed in greater detail
in Section 3.1.3.

Motivated by biological vision, Carver Mead at Caltech has developed a set
of subthreshold CMOS circuits for implementing a variety of vision
chips [53]. His pioneering design, the “silicon retina”, is a device which
computes the spatial and temporal derivative of an image focused onto an
array of phototransistor (see Figure 7). Each cell consists of a phototrans-
istor feeding a signal into a node of a resistive grid with uniform resistance
values R. The photodetector is linked to the grid by a conductance G. An
amplifier senses the voltage between the receptor output and the network
potential. It turns out that the circuit computes the Laplacian of an image.
Temporal derivatives are obtained by adding a capacitor to each node.
Smoothing with resistive grids corresponds to the local cooperative paral-
lelism.
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Figure 7: Carver Mead’s Silicon Retina

Another example of exploiting resistive grids to achieve signal processing
is an object position and orientation chip developed by Standley, Horn, and
Wyaltt at MIT [66]. The light detectors are placed at the nodes of a rectan-
gular grid made of polysilicon resistors (Figure 8). The photo-current
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(exceeding a global threshold) is injected into these nodes and the current
flowing out of the perimeter of the grid is monitored. The injected photocur-
rent and the grid perimeter current are related through Green’s theorem. It
turns out that the perimeter current has exactly enough information to
encode several moments of the object, which are in turn used for computing
the cbject’s position and orientation. An array of 29 x 29 cells has been
fabricated on a 9.2mm x 7.9mun die. To work properly, the sensor requires
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Figure 8: Horn’s Position and Orientation Chip. [66]

a single bright object on a dark background. This sensor is an example of
global cooperative parallelis. The resistive network (i.e. a current divider)
is used to globally aggregate signals into a few averages (e.g. moments of
the current distribution corresponding to the detected object).
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3.1.2 Spatio-Geometric Computational Sensor

In biological vision systems it is found that sampling at different spatial
resolutions is a good way to compress data. Some researchers have followed
this concept by designing light sensitive arrays with new geomeltries, in
which some degree of computing is achieved by virtue of unusual geome-
tries, sampling grids and optical processing.

A hexagonal sampling tessellates the frequency plane more efficiently than
rectangular sampling. Nature prefers the hexagonal sampling which is actu-
ally found in the mammalian retina [19]. Poussart et al. designed a 200 x
200 array with a hexagonal grid [68]. The chip facilitates parallel random
access to the data in a particular local neighbertood. For rapid convolution,
this local neighborhood is subsampled along three principal axes of the grid,
thus reducing the data needed for convoluticn at the local neighborhood of
each pixel. Their MAR (Multi-port Array Photo-Receptor system) performs
zero-crossing detection at seven spatial frequencies in 16 milliseconds.
Edge detection is computed in real time. Point-of-interest is driven by a
companion microcoded controller unit. This system demonstrates advan-
tages of direct access to the desired local image data.

A log-polar sensor developed by Kreider and Van der Spiegel [44) has a
radially—varying spatial resolution: a high resolution center is surrounded
with lower resolution periphery in a design resembling a human retina (see
Figure 9.} This sensor must be mechanicaily foveated onto a region of
interest. A sensor that has a high spatial resolution area, like a fovea in a
human reting, is often termed a foveating sensor. By virtue of reading out
the log-polar sensor and storing data into a rectangular memory, the
mapping from polar to Cartesian coordinates is achieved. There is evidence
in biological systems that this kind of mapping takes place from eye to
brain.

Another foveating sensor has been designed by Kosonocky, et al. [73] The
sensor’s foveal regions can expand, contract and roam within the array of
photodetectors. The chip is in essence a 512x512 square array with the
ability Lo “merge” its pixels into regions, and output only one value for each
such rectangular “super pixel”. The largest super pixel is an 8x8 region.
There are three modes of operation: (1) variable resolution, (2) muitiple
region—of—interest, and (3) the combination of the previous two modes. In
variable resclution mode the entire chip has a uniform, but programmable
resolution. In the multiple region—of-interest mode there are multiple active
windows, possibly with different resolutions. The data are not readout from
the remainder of the array. The third mode is a combination of variable reso-
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Figure 9: Log—polar foveating sensor designed at University of
Pennsylvania

lution and multiple region of interest modes, and would resemble sampling
of a human retina if so programmed. The design permits multiple foveae
within the retina. The authors claim that there 1s a significant speed up in
data acquisition on a variety of tasks from industrial inspection to target
tracking. This sensor foveates electronically under the external controi.

As VLSI microlithographic techniques have advanced, the fabrication of
binary optical devices has become possible [70]. By etching desired
geometrical shapes directly on the surface of an optical material, a designer
can produce diffractive optical elements with properties that were previ-
ously impossible to achieve. Such devices introduce some simple optical
processing before the light is detected. Veldkemp [70] developed a micro
lens array in which each lens is only 200 microns in diameter. One applica-
tion of such an array would be to focus light onto tiny photodetectors and
therefore save the silicon area for processing hardware. Some of the first
applications of the idea using refractive lenses are already in the market:
Hitachi FP-C10 HI-8 video coders use a micro lens CCD, and Sony XC-75
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video camera doubles the sensitivity to {8 @ 2000Lux by their HyperHAD
CCD structure that uses micro lenses.

Experimentation with binary optics showed that it can generate virtually any
transformation of an optical wave front. The first application that used this
new capability was a binary optical component that optically mapped the
log-polar plane to the cartesian plane (Figure 10). This device, in effect,
samples images at log-polar geometry and then optically routes them for
sensing on a Cartesian grid. This way an optical log-polar foveating sensor
is achieved with a rectangular sampling grid camera. This technology has
great potential for the optical routing of signals.

a) b) c)

Figure 10: Log-polar image mapping using binary optics: Optical
transformation converts concentric circles (a) to straight lines (c). (b} is
a contour phase map of the optical element that forms the image [70].

3.1.3 VLSI Computational Module

There is a class of computational sensors in which processing elements are
not physically interleaved with sensors: however, the processing is
performed on a tightly coupled module integrated on the same chip. This is
the VLST computational module computational sensor architecture.
Figure 11 shows a possible chip topology for this architecture. The compu-
tational module is used when:

* there is not enough space to accommodate complex PE’s
between the sensing sites, ot

* there is no obvious parallelism in the data, or even the data
are not result of sensing, but the algorithm naturally maps to
physical processes in silicon and is efficiently carried out
only in VLSIL
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Figure 11: VLSI computational module architecture

There are two analog optimization techniques which are well suited for
implementation in silicon: regularization with resistive grids based on the
Maxwell’s Minimum Heat Theorem, and the gradient descent method. Both
of these techniques are formally presented in [35] [41]. An intuitive illustra-
tion of these techniques is given below.

Consider the problem of fitting a 2D surface through a set of noisy and
sparse measurements. It is obvious that infinitely many surfaces can be
fitted through the sparse data set. One way to regularize the problem is o
impose a smoothness constraint by penalizing the surface derivative, and
then solving the resuiting quadratic variational problem. It turns out that
these problems can be solved within simple linear resistive networks by
virtue of the fact that the electrical power dissipated in linear networks is
guadratic in current or voltage. The minimum heat theorem states that in a
steady state, a circuit will dissipate minimum energy. Thus, each resistor
will tend to reduce the voltage difference on its nodes. In the process, all the
resistors collectively arrive at the overall surface reconstruction. The
surface reconstruction network is shown in Fig. 12. Noisy measurements
(x4;) are loaded onto the network, and the surface is “solved” as node voit-
ages (&; ). Intuitively, the resistance value R determines the level of surface
smoothness, while the value of conductance G determines the allowed vari-
ance between noisy measurements and surface solution. At nodes where
measurement is not present, G is set to zero.

There is another class of optimization problems formulated in terms of
minimizing an objective function J (%) . The independent variable %, for
which the objective function is minimized, is the solution of the optimiza-
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Figure 12: A resistive ladder network for signal

reconstruction/interpolation.
tion. In the well known gradient descent method this selution is reached
from an jnitial guess by iteratively taking steps in the direction of a local
gradient. The “length™ for each step is proportional to the magnitude of the
gradient. When the solution is reached the gradient is zero and no further
steps are taken. In a digital computer the iterative steps are discrete and this
method may run into various problems such as slow descent, overshoot, or
instability. On the other hand, if the method is implemented in an analog
network, the solution is fouad as a steady state of a continvous dynamic
system, For its implementation, one may imagine a current source feeding
current to a capacitor. For nonzero currents, the capacitor’s voltage will
increase or decrease, depending on the current’s polarity. When the current
is zero, the voltage on the capacitor remains unchanged. Tmagine now that
the voltage on the capacitor represents a variable x. This voltage is used in
a circuit which computes the (momentary) gradient of the objective function
AJ (x) . Now, this gradient, in the form of a current, is fed back to the capac-
itor, and the voltage, or variable x, gets updaled. This process, of course,
proceeds in a continucus fashion, and when a steady state is reached, i.e. the
gradient becomes zero, the voltage on the capacitor represents the solution
x of the optimization.

Numerous computational sensor chips use the resistive network smoothing
or gradient descent optimization technique for computation. For example,
an early and impressive effort to detect image motion has been made by
Tanner [83]. He successfully built and tested an 8x8 pixel chip which
produces a single uniform velocity averaged over the entire image. His chip
reports Vx and Vy velocities which minimize the least square error derived
from the opuical flow constraint equation [34]. The solution is found using
the gradient descent method.

The zero crossings of the Laplacian of the Gaussian (LOG) operator, VG,
are often used for detecting edges. The LOG operator could be approxi-
mated by the difference of two Gaussians (DOG). Bair and Koch [7] have
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built an analog VLSI chip that detects zero—crossings in the detected
one—dimensional image. The image is detected by a one—dimensional array
of 64 photoreceptors. The image is then smoothed by two separate resistive
networks, producing two increasingly smooth copies. The chip then takes
the difference of these two copies, and reports the zero-crossings in this
difference. An adjustable threshold on the slope of zero-crossings can be set
to cause the chip to ignore weak edges due to noise.

The detection of discontinuities in motion, intensity, color, and depth is a
well studied but difficult problem in computer vision. Standard smoothness
assumptions smooth out noise in the data but also tend to smooth away the
discontinuities. To combat this problem, Harris and Koch [30] have
invented “resistive fuses”, Like a normal household fuse, a resistive fuse
operales as a linear resistor for small voltage across it, and as an open circuit
for large voltage drops. Thus, the network of resistive fuses smooths the
noisy data, but “breaks” for large differences between neighbors and thus
selectively allows discontinuities. A 20x20 rectangular grid network of
fuses has been demonstrated for smoothing and segmenting test images
which were scanned onto the chip [30] [31].

3.1.4 Comparison of Computational Sensor Architectures

All of the computational sensor architecture described above have advan-
tages and limitations. The focal plane architecture resembles traditional
fine—grain parallel computer architectures: each data item is assigned to a
different processing element (PE). The focal plane architecture is well
suited for local operations because it is relatively easy to connect immediate
neighbors. However, the silicon area take by the processing element grows
as the complexity of the processing element increases. For planar structures,
therefore, the focal plane architecture cannot simultaneously accommodate
complex PEs and maintain high spatial resolution.

When there is not enough space to accommodate a complex PE within a
cell/pixel the VLSI computational module can be used. There are several
computational sensor designs that use dense linear array of photodetectors
with all the processing electronics integrated to the side of the array]7][33].
In most of the cases, dve to the size of a PE this was necessary rather then
desirable solution.

Sometimes, the computation mechanisms native to processes in silicon are
implemented in a VLSI computational module. Examples of such computa-
tional mechanisms include charge transfer processing, large resistive grids
signal reconstruction, and large gradient descent optimization. The input
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data may be entered by electrically scanning them into the sensor, rather
then by sensing them. Electronic loading of massive amount of data presents
a new set of problems ranging from slow speed to signal noise and degrada-
tion.

In spatio~geometrical computational sensors the computation takes place in
its inherent geometrical structure and/or optical properties. It is advanta-
geous to use focusing optics for some simple processing such as blurring. In
addition, the size, shape and placement of photodetectors results in some
information processing. For example, a large photodetector averages iflu-
mination over its active area.

Which architecture is used depends on a particular appiication. Most often,
a particular architecture is a hybnd of the three described architectures. For
example, a focal plane architecture can have a resistive grid distributed over
the entire array of sensors. This resembles both the focal plane architecture
and the VLSI computational module: the parts of the resistive grid are inte-
grated within each cell/pixel but perform a meaningful function only in
conjunction with parts from other cells/pixels. As another example, if the
array of photodetectors is not uniformly distributed over the chip area, a
particular computational sensor has features of the spatio~geometric archi-
tecture.

When implementing global operations, ideally the global processor is inter-
leaved with the array of sensors. This way each sensory signal has direct
access to the processor allowing large data throughput between the sensor
and processors. The function implemented by such a global processor must
allow simple and compact VLSI implementation. For example, a single wire
running and connecting all the cells/pixels can function as a global adder if
the operands submitted by each cell is a current. In another example, if a
global processor can broadcast information globaily to all the cells if that
information is presented as a voltage on a single global wire, Some of these
concepts are used in our computational sensors presented in Part 1T of this
thesis.
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3.2 Computational Sensor Issues

Issues regarding computational sensors include:
« VLSI technology
e choice of an algorithm,

» applications

3.2.1 VLSI technology

The technologies available in VLSI are CMOS, Bipolar and BiCMOS.
CMOS is characterized by very dense packaging, low power consumption
and high input impedance. Good switching properties make CMOS well
suited for both digital and hybrid circuits. Driven by the silicon market, it is
also widely accessible and relatively inexpensive technology. CCD i
implemented in MOS technology. Bipolar technology is characterized by
low noise and fast circuitry, but consumes more power and takes more
silicon real estate. It is not as accessible 10 the wider research community as
it probably should be. BICMOS combines the advantages of both CMOS
and Bipolar technologies. Semiconductor materials other than silicon are
also available. GaAs compound yields very high speed circuitry and is well
suited for electro-optical applications. GaAs technology is less available,
however, and is more expensive.

The trend in VL3I 18 toward smaller device geometries, This produces both
smaller and faster digital circuits, hence more functionality per unit area.
The feature scaling, however, Is not as beneficial to the analog circuitry as
to the digital. Most of the active devices are designed at a given size and
scaling would not preserve the desired functional features. Analog MOS
circuits benefit more from improvements in fabrication process guality.
Factors such as oxide quality and thickness, or tighter control of threshold
voltages would greatly benefit analog circuit performance. However, domi-
nated by digital markets, these parameters are not necessarily optimized for
anatog performance.

Great interest has been shown for possible optical signal communication
between stacked chips which would lead to 3D VLS. This could be accom-
plished with the availability of silicon-compatible semiconductor TR emit-
ters and detectors [69]. This technique would also require integrated optics,
such as binary optics. Alternatively, a conducting vias could be developed
for making distributed point-to-point electrical through—substrate
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connections [58]. Micro fiber—optics, such as coherent bundles, could be
used to route data in parallel from module to module. As already mentioned,
the diffractive optical components and bolographic technigque have great
patential for optical signal routing. The optical approach has the advantage
of possible optical processing in the data transmission itself, but has the
disadvantage of high power consumption and heat dissipation. This tech-
nology is not yet been developed enough to become accessible to the wider
research community.

Analog vs. Digital

Both digital and analog circuits can be implemented in VLSI technology.
The analog approach can be further divided into continuous-time (i.c.
unclocked) and discrete-time (i.e. clocked) processing. Which one to use
depends on the particular chip application, but several general remarks are
in order. Compared to digital, the traditional disadvantage of analog elec-
1ronics is its susceptibility to noise, which yields low precision. The source
of this noise can be on-chip switching electronics, which requires spectal
considerations for hybrid designs. Also, analog electronics does not provide
efficient long-term storage. typical longest storage times are about one
second. On the other hand, digital processing requires A/D and D/A conver-
sion, which usually imposes limitattons on the total circuit speed. In
summary, analog electronics is characterized by:

* high speed,

e low latency,

* low precision (typical 6 to 8 bits),

» short data storage time (typical | second),
* sensitivity to on-chip digital switching; and
* long design and testing process.

In general, analog hardware takes less chip area than the digital mechanism
of the same functionality, and so far seems to be the preferred choice for a
Computational Sensor.

Analog VLSI offers two interesting advantages for Computational Sensor
computation. First, the physical properties of the solid-state layers and
devices can be exploited to yield elegant problem solutions, such as resistive
grids and sheets. The second interesting advantage of the analog VLSI is
charge-domain processing which is best exemplified by CCD technology. It
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offers an area-efficient mechanism for transferring the data. Creative
processing schemes can be invented to process the data in charge-domain as
data are transferred. CCD technology has already provided many signal
processing examples, and recently it has shown several useful examples of
integrated sensing and processing [24] [27] [38].

3.2.2 Algorithms

Since there are practical limitations in available circuits and architectures,
algorithms must be carefully selected or invented to match the underlying
hardware for maximum performance. The ciscuitry may have limited preci-
sion and long-term storage for a given algorithm. Similarly, an inappro-
priate algorithm may require a processing element that is too large to fit.
Therefore, suitable algorithms need to be robust to noise, and must exploit
a significant level of parallelism without requiring significant storage
capacity, space, or inter-processor data transfer.

The computing mechanisms, such as those offered by the resistive grids,
clearly requires that new algorithms be adapted or invented. In fact, histor-
ically speaking, ideas for quite a few vision algorithms came from the
considerations of the laws of physics, and yet a particular implementation is
the outcome of reducing those laws to a form suitable for a serial digital
computer implementation. Some of the original thinking based on laws of
physics can be inherently and naturally embedded in the semiconductor
malterial, offering new exciting implementations.

Optical methods are a good way to compute in parallel. For example, a
simple biur is a way of low-pass filtering an image. Holographic techniques
and advances in binary optics apparently seem to offer an interesting oppor-
tunity.

3.2.3 Applications

The VLSI computational sensor offers exciting possibilities. One must be
careful, however, when deciding which applications will benefit from such
an implementation. At the present state of technology, analog VLSI design
is a lengthy process. Until technology allows much denser circuits {(or 3D
structures}, it 15 clear that there is not enough room to fabricate a complex
processing element at each photo site. In such a case, processing and sensing
must take place on separate, but tightly (preferably on-chip) coupled
modules. The cost of transferring data must be minimized in order to justify
the use of VLSI over conventional systems. CCD row-parallel transfer is
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one way to keep the transfer at a reasonable speed. Some algorithms may
not directly exhibit parallelism in the focal plane and often require signifi-
cant local data storage at each processing element. In stereo algorithms, for
example, optical signals are to be combined from two different focal planes.
In this case, data are read out and processed on a separate computational
module. It is valid in this case to question whether it is justifiable to invest
the effort in developing a custom VLSI processor, or if it is better to use a
digital computer. If data must be transferred from the sensor to the processor
through low-bandwidth serial channel, then there is no obvious reduction in
data flow. Whether the limited precision of analog VLSI is offset by its low
power consumption and small size depends on the particulac application.
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Chapter 4

An Overview

The task of visual perception, in one view, is to infer relevant properties of
objects in the environment that have caused a particular
spatio-temporal-spectral pattern of light detected by an array of photore-
ceptors. This view implies that vision must provide a veridical representa-
tion of the external world, However, the viewpoint pursued in this thesis is
that the job of vision is not to provide a machine (or animal) with a repre-
sentation of the world in abstracto but to provide the machine (or antmal
with the information it needs to interact with the world around it. In this
view it is essential that the vision is able to reliably and quickly react to the
evenis in the environment.

4.1 Main Goal

The main goal of this thesis is to design vision computational sensors which
reduce the latency in a vision system, and provide top—down adaptation
feedback for more reliable performance. This goal is further driven towards
producing a task—oriented self—contained machine vision component that
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can be used by the machine for reliable and timely interaction with the cnvi-
ronment, In order to attain this goal, the problem of implementing global
operations in computational sensors is addressed.

In the context of this thesis the global operations are important for two
reasons. First, in perception it seems that each important decision is a kind
of global, or overall, conclusion about a perceived world. These conclusions
are often what a machine needs for coping with a task at hand. The global
operations thus can be considered to produce the ultimate goals of the vision
processing for the coherent interaction with the environment. Second,
global operations produce a few quantities for the description of the envi-
ronment. Therefore, these quantities can be quickly transferred and/or
processed to produce an appropriate action for a machine. In addition, the
results of the global operations can be used within the computational sensor
in top—down sensory adaptation thus directing a further processing for more
reliable performance. This concept is illustrated in Figure 13 showing block
diagrams of conventional and a computational sensor approach.

The most interesting computational sensor solutions so far have been
inspired by biological vision — notably the retina. For example, Carver
Mead’s group at Caltech has developed a number of retinomoerphic compu-
tational sensors which directly mimic computational processes in the retina,
Their design principles have stressed the importance of similarities with the
biological retina; continuous logarithmic detection, local gain control, local
adaptability, and encoding the local spatial and temporal derivatives [ 10].
These are local operations and the retina itself carries them out. Local oper-
ations use operands within a small spatial/temporal neighborhood of data
and lend themselves to graceful solutions in VLSI. While computationally
demanding, the local operations produce large quantities of preprocessed
image data. In animals this information is relayed to the brain via the optical
nerve; then, the global signal aggregation and decision making takes place
in the higher centers in the brain. The vast number of fibers in the optical
nerve is a Juxurious transfer bus which machines cannot replicate at the
moment. Therefore, communicating the retinotopic representation from an
artificial retina to the decision making processor presents the transfer bottle-
neck. This fact renders most of the computational sensors less effective in
robust low—latency machine vision systems which must make fast decisions
about the environment.

Global operations, on the other hand, result in few entities for description
of the environment. If computed at the point of sensing, these entities could
be routed from a computational sensor through a few output pins without
causing the transfer bottleneck. This information will often be sufficient for

62



An Overview

Conventional vision system:

missing feedback

SN '

camera computer
control

amaount

Df data: b*N2 [ .’y b*Nz ..._...---* NE """""'"'k‘ N ]

computational load
dzli)i?t':lr: :jjir bottleneck
Computational Sensor:
Sensor/processor computer [
control

lower data bandwith

Figure 13: Block diagram of a conventional vision system and a
computational sensor.

rapid decision making and the actual image does not need to be read out.
The computed global quantities can be used to update (local and global)
internal information and adapt further sensing and processing. This
top—down link is completely absent in conventional vision systems, and
would hardly be achieved with purely retinomorphic chips performing
mainly local computations.

Carrying out global operations within a computational sensor at the present
day technology clearly requires that some of the higher level processing is
integrated within the computational sensors. This may require distinctly
non-biological implementations and, therefore, the departure from the
one—to—one similarity with the anatomy of biological vision (e.g. the retina,
optical nerve, brain). Nevertheless, exploiting differences as much as simi-
larities provides valuable insight into the problem. Evolution certainly likes
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pipes, valves and pumps, but has little use for wheels — an invention that
has revolutionized human civilization.

4.2 Implementing Global Operations

Implementing global operations in parallel systems has been the subject of
extensive research in both computer engineering and computer science. The
main difficulty with implementing global operations comes from the neces-
sity to bring together, or aggregate, all or most of the data in the input data
set. This global exchange of data among a large number of processors/sites
guickly saturates communication connections and adversely affects
computing efficiency in parallel systems — parallel digital computers and
computational sensors alike. For example, in order to sort a set of input
numbers, each number must be communicated to the sorting processor. If
this is done sequentially, it takes a long time before the result is available.
On the other hand, sending all of the input numbers simultaneously requires:
(1) a wire for each number, which would enormously proliferate the amount
of wire needed, and (2) a sorting processor which can handle all the numbers
at once, which is also not practical.

Let us recall for a moment several features of signal aggregation and
processing in biological systems:

Large number of inputs. Neurons take a large number of inputs, each
representing an identifying feature. Humans seem to find that the
more distinguishing features an object has, the easier it is to recog-
nize it. The opposite is true for a computer: the more features an
object has, the barder it becomes for the computer to quickly rec-
ognize it.

Essential dimensionality. Recognition cannot be achieved if the
number of inputs is less than the essential dimensionality for the
object. For two similar objects additional inputs representing one
or more crucial features are necessary to distinguish the objects
and determine the recognition.

Precision vs. cooperative parallelism. Precision by which each input
1s handled in neurons is not essential; if a decision cannot be made
the dimensionality of the problem is increased. Therefore, the lack
of precision is compensated by massive fine—grain cooperative
parallelism.
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Trigger feature. The neuron’s trigger feature on its input produces
activity in the axon. This activity is represented by a train of
pulses. The rate of firing the pulse shows how well the input fea-
ture matches the neuron’s trigger feature. Normally, several pat-
terns of stimulation similar to the trigger feature produce the
response, but the trigger feature produces the highest rate,

Visual Attention. By selecting a small part of the retinotopic inforina-
tion and dealing with it one at a time, the attention helps compress
data at higher levels of vision processing.

Signal transmission. The pulses in the neural axons occur infre-
quently and are used only to transmit “interesting™ information.
This scheme conserves energy, but leaves the transfer capacity of
the axon underutilized.

Nature prefers a large number of signals. Noisy or incomplete data as well
as the imprecise processing of neurons is compensated by massively parallel
cooperative computation over a large number of inputs. The object recogni-
tion is robust, because a decision making neuron (or network) seems to have
a large number of inputs representing all features that might ever occur,
even though only a subset af them may appear at a time and contribute to
any particular decision. When there is a danger of overloading the
processing capacity, the attention seems to be the mechanism which
“funnels™ features one at a time 1o the decision making neuron.

Inspired by these observations the two different mechanisms for imple-
menting global operations in computational sensors are proposed: (1)
sensory aftention, and (2) intensity—to—time processing puradigm.

Sensary Attention

The sensory attention is based on the premise that salient features within the
retinal image represent important global features of the entire data set. Then
by selectintg a small region of interest around the salient feature for subse-
quent processing, some global conclusions about the retinal image can be
made. The sensory attention eliminates extraneous information and allows
the processer to handle small amount of data at a time. This prevents
computational and transfer bottlenecks. The sensory attention clearly
mimics the process of visual attention in higher centers of the brain: a small
mnteresting portion of the retinal image is selected to which the higher level
processes can be restricted. Unlike eye movement (i.e. overf shifts), the
attention shifts (i.e. covert shifts} do not require any motor action, but occur
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internally on a fixed retinal image. For this reason, attention shifts are faster
and play an important role in low-latency vision systerns.

It is interesting to note that foveating computational sensors try to emulate
this kind of data compression. For example, Van der Spiegel’s log—polar
sensor [64] samples images within fovea with high acuity, while main-
taining sparse representation of the surrounding. This sensor requires motor
action for foveating and simulates the overt shifts. Kosonocky’s foveating
sensor [73] allow programmable fovea within the retinal image; therefore,
it eliminates the need for mechanical action and simulates covert shifts.
Another related solution is a random access to the image data. For example,
Laval's MAR sensor [68] attends to and reads only a small local portion of
the retinal image, the part that is necessary for the local convolution
performed in the global off—chip processor. In either case, these computa-
tional sensors act as special cameras and the mechanism which guides the
location of the attention is missing.

A saliency map is used to encode conspicuousness throughout the image. A
winner—take—all (WTA) mechanism has been proposed for guiding the
attention to the most salient parts of the retinal image [42]. The WTA circuit
determines the identity and magnitude of the strongest point [23] in the
saliency map. The WTA mechanism has been also proposed for other brain
functions: several cells would respond to the pattern of activity, but the
winner would determine the perception.

We used an extremely compact VLSI realization of the WTA
circuit [46] [5] and built a computational sensor implementing the sensory
attention. The saliency map is delivered to the sensor optically by focusing
it onto the array of photodetectors which feed the WTA circuit. The features
which attract attention are peaks in the saliency map. When natural images
are focused onto the sensor— a trivial saliency map — the features that
attract attention are bright spots in the retinal image. Therefore, this partic-
ular embodiment of the sensory attention is called the tracking computa-
tional sensor — a VLSI sensor that attends onto and tracks bright spots in
the retinal image.

We implemented the attention shifts by operating the tracking computa-
tional sensor in two modes: select mode and tracking mode. In the select
mode the sensor detects the global intensity peak within a programmable
active region, a subregion of the retina. (This peak is called a feature in the
context of the tracking sensor.) The sensor continuously reports the position
and intensity of the feature. In the tracking mode the sensor dynamically
defines 1ts own active region, thus causing the sensor to ignore all retinal
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inputs except the currently tracked feature and its immediate neighborhood.
This ensures that interference form the irrelevant information within the
retinal image does not interfere with the currently attended information, i.c.
the information important for the task at hand. In the tracking mode the
sensor effectively remains locked on the selected feature and maintains the
location of attention in the environmental coordinates.

The self-defined active region in the tracking mode represents an example
of sensor/processor feedback presently missing in artificial vision systems.
The global data -~ the position and intensity of the feature — are easily and
quickly routed from the chip via several output pins. Inherent in this imple-
mentation is the ability of the sensor to provide random access to the image
data if needed. The image data can be read from a random location within
the retinal image including the vicinity of the feature being tracked. The
features position and intensity, as well as image data selected by attention
represent global information about the retinal image. Further rationale
regarding the implementation of the sensory attention is presented
in Chapter 5. Details of the tracking computational sensors are discussed
in Chapter 6.

Intensity—to—Time Processing

The other mechanism for implementing global operations is the newly
proposed intensity—to~time processing paradigm — an efficient solution for
massively parallel global computation over large groups of fine—grained
data [12]. Inspired by the human vision, the intensity—to—time processing
paradigm is based on the notion that stronger signals elicit responses before
weaker ongs. Assuming that the inputs have different intensities, the
responses are ordered in time and a global processor makes decisions based
only on a few inputs at a time. The more time allowed, the more responses
are received, thus the global processor incrementally builds a global deci-
ston based on several, and eventually on all of the inputs. The key is that
some preliminary decisions about the retinal image can be made as soon as
the first responses are received. Therefore, this paradigm has an important
place in low—latency vision processing.

The intensity—to—time processing paradigm has been used to implement a
sorting computational sensor — an analog VLSI sensor which is able to sort
all pixels of an input 1mage by their intensity while the image is being
sensed. In this realization the gilobal processor essentially “counts™ inputs
(i.e. pixels). The first input to respond receives the highest count/index, the
next input one count/index lower, and so on. By the time all the inputs
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responded, the sensor has built an image of indices. The image of indices
represents the histogram equalized version of the retinal image. The two
well known properties of such images are (1) the available dynamic range
(of the readout circuitry) is equally (i.e, most optimally) utilized, and (2) the
image contrast is maximally enhanced. In many computer vision applica-
tions the histogram equalization is the first image preprocessing operation
performed on camera images, primarily for signal normalization and
contrast enhancement.

During the process of “counting” the global processor generates a waveform
which is essentially the cumulative histogram of the retinal image. This
waveform is one important global property of the retinal image which is
reported with low latency on one of the output pins before image is ever read
out. The details of the intensity—to—time processing paradigm are presented
in Chapter 7, while the details and applicaticns of the sorting computational
sensor are discussed in Chapter 8.
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Chapter 5

Sensory Attention

The main argument that has been used to explain the need for selective
attention in brains is that there exists some kind of processing limitation in
the visual system: “the attention protects the limited processing resources
from the information overload” [3]. Empirical evidence shows that when
attention is attracted to a location, one can notice improvement in
oculo—motor performance such as the ability to more rapidly identify, locate
and respond to certain stimuli.

Considering the limited communication and processing resources in
machines, the attention selection certainly seems attractive: a small portion
of the retinal image is selected and brought to a global processor for higher
level processing. Indeed, the importance of selecting the relevant informa-
tion from an image 1s now widely acknowledged in machine vision and
some form of attention mechanisms (e.g. selecting a correctly sized window
within the image)} are often employed in practical applications.



Sensory Attention

5.1 Traditional Models of Attention

A number of psychophysical studies suggested a two—stage model for object
localization and recognition in human perception [43]. The first stage is
described as preattentive in which low—level processes compute in parallel
over the entire retinal image. The second state — the attentive process —
selects a small portion of the preattentive information for subsequent
high-level processing. The selection process proceeds as a spotfight sequen-
tially mowving across the visual field. The spotlight metaphor was first
proposed by Neisser [57] who suggested that the process of sequential
attentive “analysis” should be termed “synthesis”, since this process builds
more complete representation of the environment as the attentive process
recognizes more and more features. This is the most accepted model of
visual attention in cognitive science. To apply attention selection in
machines, several issues must be solved: (1) the problem of selecting an
“interesting” location, (2) the problem of shifting to another location, and
{3) problem of transferring local data for further processing.

5.1.1 Koch and Ullman’s Model

In a very influential paper [43], Koch and Ullman address these issues. The
selection process utilizes a safiency map that encodes conspicuousness or
the level of interest throughout the retinal image. The saliency map can be
derived from image features including the intensity, color, spatial and
temporal derivatives, motion, and orientation. For selecting a location of the
attention within the saliency map a winner—take—all (WTA) mechanism has
been suggested. The WTA ensures that only one location is selected among
many potentially interesting locations. The WTA is not responsible for
information processing, it only determines which area of the retinal image
should be relayed to the global processor for further inspection.

The problem of shifting to another location is somewhat more challenging.
It is observed in humans that interesting visual stimulation initially (i.e.
during the first 100ms) captures the attention but later (i.e. after 300ms) has
inhibitory effects which can last up to 1.5 seconds {54]. The inhibitory
effect prevents the subject from returning to previously visited locations.
The inhibition is “stored” in environmental coordinates rather than in image
coordinates; therefore, the reliable operation 1s maintained even in the pres-
ence of ocular or object movement. The attention shifts can be initiated on
a voluntary basis, caused by telling the observer the location of a target, or
they can be automatic caused by the onset of a visual stimulus.
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For shifting to another location Koch and Ullman’s model allows the
saliency of the currently attended location to decay, even if the visual
stimuli creating the saliency remain present. This will release the WTA
mechanism and allow it to converge to another location. Either a local or
central inhibition mechanism for initiating decay is possible. The local
mechanism causes the saliency to decay some time after the WTA has
converged to a particular location. In the central mechanism, once the
attended portion of the retinal image is relayed to the central processor, a
signal is sent back which inhibits the conspicuousness of the currently
attended location. The local inhibition mechanism mimics the automatic
attention shift, while the central mechanism can initiate voluntary attention
shifts.

Once the WTA is released to converge to another location, two rules are
suggested: (1) shift to another conspicuous location within the close spatial
proximity of the most recently attended location (i.e. proximity preference),
and (2) shift to another location whose saliency is similar to the saliency of
the most recently attended location (i.e. similarity preference).

5.1.2 Aftention—for-Action Model

Koch and Ullman’s model of attention is to a certain degree geared towards
object recognition tasks. For example, the proximity preference together
with the local inhibition mechanism automatically moves the “spotlight™ of
attention across the conspicuous features of an object {e.g. discontinuities,
contours, elc.) and funnels information to the global processor which incre-
mentally builds a representation for the complete recognition of the object.

Allpot suggested, however, that attention goes beyond protecting the
limited processing resources during complex object recognition: attention is
needed to ensure behavioral coherence (i.e. attention—for-action) [3]. Since
visual perception 1s the means that allows a subject to interact with the envi-
ronment {(e.g. manipulate, avoid, etc.}, it must produce actions consistent
with the subject’s goals. Selective processing is necessary in order to isolate
the information that defines parameters for the appropriate action. For
example, to catch a moving object {among many other objects) the informa-
tion specific only to that object determines the action. Information about
other objects in the visual field must be kept from interfering with the goal
of catching the target object, even though other objects may influence how
the target object is caught, In other words, attention allows the target goal to
be completed by masking the interference from the irrelevant information,
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but allows the action to be modified or diverted if new important events
occur.

5.2 Proposed Implementation

The attention—-for—action model is in close agreement with our goal of
producing reliable low-latency computational sensors which make global
decisions for coherent interaction with the environment. It is not hard to
imagine that if the attention is allowed to arbitrarily roam from one location
to another, as suggested by Koch and Ullman’s model, it may take a long
time before the global processor comes across the relevant information for
an appropriate action. The situation becomes worse in the presence of noise
which could misguide the attention and divert it from the information
needed for the ultimate goal. We need more control over attention shifts,
possibly employing the central inhibition mechanism in combination with
the voluntary focus of attention directed toward desired goals. For robust
operation such shifts must maintain the location of attention in the presence
of ocular or object motion.

5.2.1 Location Selection

A very compact VLSI realization for the WTA circuit [46] [3] is used for
selecting the location of the attention. The circuit receives the two—dimen-
sional saliency map, identifies the strongest feature in it, and outputs the
feature’s location and magnitude. Figure 14 illustrates these steps for
one—dimensional case.
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Figure 14: Iilustration of the WTA circuit operations in one dimension: (a)
sensing a saliency map, (b) finding a winner and generating a binary
representation, and (¢) computing the position of the non—zero output.
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5.2.2 Location Shifts

The two dimensional WTA circuit locates the absolute maximum in the
entire saliency map. Without significant increase in circuit complexity, it is
possible to inhibit portions of the saliency map and restrict the activity of
the WTA circuit within a programmable active region — a subset of the
circuit’s receptive field. The active region is programmed by appropriate
row and column addressing. This corresponds to the central inhibition
control suggested by Koch and Ullman.

There are two modes of operations: (1) select mode, and (2) track mode. In
the select mode, the active region is defined by the external addressing
(Figure 15a). The active region can be of arbitrary size and location. In
tracking mode, however, the sensor itself defines a small (e.g. 3 x 3) active
region centered around the most recent location of the attention
(Figure 15b).

selectftrack select/track
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column address column address
ﬁ
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Figure 15: Modes of operation for the sensory attention computational
sensor: (a) select mode, and (b) tracking mode.

In practical applications, there are often several strong features in the
saliency map. All of these features could be good candidates for attracting
the attention. The select mode directs the attention towards a feature that is
useful for the task at hand. For example, a user may want to specify an initial
active region, aiding the sensor to attend to the relevant local peak in the
saliency map. Then, the fracking mode is enabled for locking onto the
selected feature. The tracking mode ensures that the location of the attention
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is maintained in the environmental coordinates even in the presence of
motion.

5.2.3 Transferring Local Data

Once the relevant conspicuous point has been localized in the saliency map,
the local data from the attended vicinity must be transferred to the global
processor for decision making. The local data originate from any early
representation including: image data, early features used for building the
saliency map, or the saliency map itself.

The circuit for sensory attention described so far has access to the saliency
map only. With the suggested implementation, it turns out that the local
information from the saliency map can be easily transferred o the global
processor. In fact, the magnitude of the localized feature in the saliency map
is continuously reported to the global processor, as it is inherently measured
by the WTA circuit [46] [5]. If the surrounding points are also needed, the
global processor can program a trivial 1 x 1 active region at the desired loca-
tion. It inhibits all other input of the saliency map, and forces the WTA
circuit to choose that particular point as the winner and report its magnitude
to the global processor.

5.3 Summary

The proposed implementation for the sensory attention exhibits several
interesting features. It performs a global operation over the saliency map
and produces few global results: the position and magnitude of the selected
saliency feature. These global results can be routed off—chip with low
latency via few output pins. Furthermore, in the tracking mode the global
results are used internally for programming 3 x 3 active region and therefore
providing a top—down feedback for securing robust performance in tracking
the attended feature.

We have not discussed how the saliency map could be computed. Perhaps
when the VLSI technology allows 3D structures, a stack of retinomorphic
computational sensors for computing local features for use in the saliency
map can precede the attention chip. Still the location of the attention can be
used internally down this stack of chips for guiding sensing and processing
in upcoming time interval. This represents a fast top—down feedback which
is not currently present in the conventional vision systems.
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At the present state of technology we built a chip that receives the saliency
map optically: the saliency map 1s focused onto an array of photodetectors
which feed the WTA circuit. The problem of creating an appropriate
saliency map now becomes the problem of creating an appropriate optical
pattern. A bright spot in such a pattern is considered salient and will attract
attention. When in the tracking mode, the chip will lock—-and-track the
bright spot as the spot moves in the field of view. This chip is called a
tracking computational sensor. The details of its implementation and its
applications are presented in the next chapter.
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Chapter 6

Tracking Computational
Sensor

We built a computational sensor which implements the sensory attention as
introduced in the previous Chapter. In this implementation the two—dimen-
sional saliency map is delivered optically by focusing an image onto the
chip. The easiest application of this sensory attention chip is obviously with
natural images, in which case the salient features are bright peaks in the
image. This particular embodiment of the sensory attention is called a
tracking computational sensor.

The tracking computational sensor is a smart optical position detector: it
automatically locks and tracks the bright spot in the image while ignoring
the background. Applications for this sensor range from depth sensing 1o
human—computer interaction systems.
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6.1 Feature Selection

The tracking computational sensor detects an image, finds a feature therein
and continuously reports the location and intensity of that feature. The
feature is a local maximum (i.e. peak) in the image. The mechanism under-
lying the feature detection is the winner—take—all (WTA). The tracking
computational sensor has a cellular focal plane architecture: each cell is
comprised of a sensor and a small processing element. The cells are
connected to a common global wire. The voltage on this wire arbitrates
among all the cells and promotes the maximum input to win.

6.1.1 Winner-Take-All Circuit

Our design is based on a WTA circuit originally proposed by Lazzaro et
al. [46]). The circuit has few components and its realizations is very
compact. It has been used as a component in several VLSI sensory systems
including systems that perform visual stereopsis [48], and visual motion
detection [33].

The original WTA circuit is shown is Figure 16. Currents /,...7,, are the
inputs, while currents J,...J,, are the outputs of the WTA circuit. The cell
receiving the largest current /, = max(/,...1,) responds with non—zero
output current J # 0 while other cells respond with zero currents, i.e.
J, =0, for i#k.

The circuit operates as follows. The source coupled transistors 7 ... T .,
share a comumon current source /.. A two—transistor version of this circuit is
a well-known differential pair. A transistor with a greater gate voltage than
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Figure 16: Schematic diagram of the winner—take—all circuit. Shaded area
indicates one cell.
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others sinks a larger portion of the current /.. In essence, the source coupled
transistors performs the winner—take—all (WTA) operation on the gate volt-
ages. In order to sink all of the /, and be the winner, a particular gate voltage
has to be several tenths of millivolts higher then the next highest input volt-
ages. This is a significant difference which limits the resolving power of the
WTA. The resolving power of a WTA circuit is defined as the minimum
required difference between the winner and the next highest input for which
the winning transistor sinks all of the /.. A high gain inverter circuit
comprised of an input current source /, and a transistor 7, provides addi-
tional gain; therefore, small changes in the input currents produce large vari-
ations at the gates of the source coupled transistors. This increases the
resolving capability of the circuit and promotes a clear winner for small
input current differences.

The inverter transistors are all connected to a common wire carrying a
voltage V . This is the key feature that enables self-biasing of the inverters
and prevents the saturation. The voltage on the common wire, V,, is set up
by automatic arbitration on the input currents. To illustratc the
winning/losing behavior of the circuit, consider a network of two cells
shown in Figure 23. If the input currents are equal, due to the symmetry of
the circuit, the current 7. would split equally among 7;; and 7 ;5.

Vi TiL Ti2

Figure 17: Two—cell winner—take—all circuit.

Suppose the input current /; is a bit larger then /5, 1.e. I, = I, + Al. Since
both transistors T5; and 75, have the same gate voltage V., the difference in
input currents (i.e. drain currents of 75, and T,5) must be compensated by
changes in the drain voltages V; and V5. This can be seen in Figure 18
showing an [/V, curve for a particular common V,. Since the input
currents (i.e. drain currents) are different, the operating points for the tran-
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Figure 18: 1,-V, curve of transistor 75, and 75,.

sistors T5; and T, lie on different locations on the curve. In order to
compensate for smaller 12, the drain voltage V2 must be smaller in respect
to V;. These voltages are gate voltages for the T; /T differential pair. The
higher voltage V; will cause the transistor Ty; to sink more current then 75,.
For a given A/, the higher the transistor resistance (i.e. the flatter the curve)
the greater the difference between V; and V,. When the circuit settles, V, is
pushed to the linear (i.e. steep) region of the curve, while V, holds transistor
75, in saturation. Therefore, the peak current establishes and holds the
common voltage V.. For small input currents, like those produced by light
detection, the transistor operates in the subthreshold region. In that case the
voltage V, is the logarithm of the winning input current:

!
V. = Volog[I—lJ (1)

i

where 7 is the process parameterand V= £7/gx. Therefore, the intensity
of the winner can be accessed globally by monitoring the voltage on the
common wire.

6.1.2 Output Quantities and Extensions

The output of the WTA arbitration used by Lazzaro are voltages V... V.
Namely, if I, =max(l,...1,), then V, is a logarithmic function of f; if
.’j « !k, then V,=0. Indeed, assuming subthreshold regime the winning
voltage in the two—cell example is [46]:
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V,=V +Vlog%

o (2)

The second quantity on RHS of Equation 2is V,,0f T;;. However, T, turns
off when its V,, has reached zero. This occurs when V,=V, . Since
common wire voltage V. is non-zero, Ty, turns off for V, > 0 theref(ne
current through it reduces to zero earlier then voltage V2 If the drain
currents of 7, and T, are outputs, rather than the voltages, then the winner
is obtained for smaller AZ. Therefore, by monitoring drain currents of the
source coupled transistors, the winner is obtained for smaller Af. This is
equivalent to saying that the voltage difference between V1 and V2 is
amplified by the transconductance of the differential pair T11/T12. This
observation was also made by Andreou et al. [5]

The DC performance of the two—cell WTA circuit of Figure 23 has been
simulated. The findings are graphed in Figure 19. The top graph shows volt-
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Figure 19: Winning/losing behavior with voltage output and current outpul,

ages V; and V), as the ratio of input currents is varied. The voltage of the
losing cell has reduced to zero when the input currents differ for about 0.7%.
However, shown in the bottom graph it is seen that a clear winner among
output currents J; and J; is obtained for input current difference smaller then
0.1%. Currents Jy are therefore better indicator of the winning cell.
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Based on this critique of the original circuit, we propose the following
output quantities to be used with the winner—take—all circuit:

« the logarithm of the winning input is observed on the
common bus as voltage V,,

» the winning cell & signals with non-zero current, J, = 7,
through the 7.

6.1.3 Input Quantities and Pheto detection

The input current sources can be realized as photodetectors (see Figure 20).

#

a) b)

Figure 20: Input current source realized as (a) photodiode, and
(b) photo transistor.

Photodiode or photo transistor are available in a VLSI process provided by
Mosis. Photodetectors have relatively large parasitic capacitance; therefore,
for low light levels the response is too slow. One remedy is to buffer the
photocurrent. The current buffer maintains (nearly) constant voltage on the
parasitic capacitance, while conveying the photocurrent to the processing
circuitry. This works well for photodiodes.

Photo transistor provides somewhat higher currents due to the beta amplifi-
cation of the photocurrent. Since the photocurrents are small, the beta is
nonlinear and varies from 1 to 30 for the ranges of average room illumina-
tion!. Photo transistors tend to be slower than photodiodes, because the
buffering strategy does not restrict voltage variations on the floating base.
Consequently, during fast transitions, a portion of the photocurrent is
wasted on charging and discharging the base capacitance. Whether the

' The beta was measured on a vertical NPN transistor built in the 2p ORBIT
CMOS process provided through MOSIS.
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current gain obtained by the photo transistor prevails over its slower
response depends on a particular application.

6.1.4 Localization of the Winning Input

Ouly the winning cell responds with non—zero current. This is effectively
1—of-N binary encoding. A digital on-chip decoder easily converts this code
to any other binary code such as a natural binary or BCD code. In addition,
there are efficient analog means for winner localization [17].

One example is shown in Figure 21. The outputs from each WTA cell are

Figure 21: Resistive network for position detection.

connecled to nodes of a linear resistive network. The WTA ensures that only
one of these currents is non-zero (i.e. I). The goal is to determine the /oca-
tion of this current. Suppose I, is sunk at the node &. The network behaves
as a current divider, and the current {, is split into /, and 7, given as: !

N-k k
It = N IC }r = K’j"‘ (3)
If currents 7, and 7, are measured, position £ is found as:
I
k = I_rN IC=}T{+JI!_ (4)

[

If currents are injected at several nodes, we can show, using superposition,
that Equation 4 yields the centroid of the injected currents. This is an effi-
cient method to compute and access a useful global quantity {17] [35] [72].

6.1.5 Two-Dimensional Array

The WTA celis can be physically laid out in a two—dimensional array. Still
one of the cells wins and provides non—zero output current. Using the

| Both ends of the network are held at the same potential,
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method of projections [34], the position of this current in two dimensions is
found by solving two one~dimensional problems. A projection is the sum of
the object intensities along a line (i.e. line integral) perpendicular to the
projection axis. The x and y centroid coordinates of the winner are found as
the position of non—zero current in the horizontal and vertical projections
respectively.

This concept is implemented as shown in Figure 22. Two copies of the
output current are summed into the horizontal and vertical bus respectively.
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Figure 22: Two dimensional WTA computational sensor.

The total current in these buses represents the desired projections onto the x
and y axes. Then, two linear resistive networks are used at the periphery of
the array to locate the winner in x and y direction.
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6.1.6 Dynamic Behavior

The temporal response of the WTA circuit is important when tracking
moving features. Figure 23 shows the two—cell WTA circuit exposing para-
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Figure 23: Two—cell WTA circuit showing parasitic capacitances.
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sitic capacitances. Capacitor C models the cumulative parasitic capacitance
of the gate of 7, the drain of T, and the capacitance of the photodetector.
The capacitor C. models the parasitic capacitance of gates of 7, and the
common wire. The transistor T, is a long channel device for improving the
drain resistance, which in turn improves resolving capabilities of the WTA
circoit discussed earlier. Thus, the gate area and its capacitance is moderate.
The common wire reaches every cell throughout the chip and therefore its
capacitance is large.

A first—order analysis of a two—cell WTA circuit has been done in [46]. Tt
has been found that the circuit is stable if:

I,>4 (C/C), for I|=I,=1, (5)

Even though the ratio C_/C is large and increases with number of cells, the
detected photocurrents 7 are small, and the stable condition is easily main-
tained by controlling a common current I, In experimentation with a
two—dimensional prototype with about 1000 cells /. = 1pA sufficed. For
larger arrays, the current 7, needs to be scaled up proportionally. For
example a 200 x 200 array would probably require [ ~40pA which is
easily attained within the chip.

Using the first—order small signal analysis, Lazzaro et al. [46] predicted
dynamics of the voltages V; and V,. The time constant for the winning cell
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1s CV /1 where V= &T/gx=40mV is the process parameter. For the
fosing cefl the ume constant is CV, /! , where V =30V is the Early
voltage and is the measure of trdnb]bt()l’ 8 reswtance The WTA circuit
exhibits a large signal excursion and has a highly nonlinear gain. Neverthe-
less, the small signal analysis used in [46] confirms the intuition: for a cell
to win or lose the parasitic capacitance C must charge and discharge by the
photocurrent f,. For average room illumination the photocurrents are very
small, less then 1nA . The WTA circuit is therefore slow.

Insight into the large signal dynamic behavior is obtained through simula-
tion under following conditions. The photodetectors capacitance in each cell
18 0.5pF . The capacitance of the common wire simulates 10,000 WTA cells
( C.=50pF ). The common current is I, = 10pA. At ¢ = 100ms the
photocurrent to the first cell makes a step transition from 735pA to 25 pA,
while the photocurrent to the other cell transitions from 25pA to 75pA. This
effectively simulates a step transition of an optical feature from one cell to
the next. We observe how quickly the first cell loses and the second one
wins.

The dynamic behavior of the original two-cell WTA circuit is shown in
Figure 24. The graph shows (from top to bottom): currents flowing into the
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Figure 24: Two—ell WTA dynamic behavior. Graphs from top to bottom
are: currents through input transistors 75; and 755, voltages V; and V,,
oulput currents J; and J. The output is delayed by T, = 24ms.

WTA’s input transistors 75, and 755, voltages V; and V5, output currents J,;
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and J. In the top graph we see that the currents flowing into the input tran-
sistors do not follow the transitions of the photocurrents. This is because
initially most of the photocurrent flows into the parasitic capacitance C for
changing the voltages V; and V,. Therefore, the circuit is slow to respond 1o
the input transition: the output current transition lags input for about 24ms.

To improve the dynamic performance of the WTA circuit several measures
can be taken: (1) increase photocurrent, (2) decrease parasitic capacitance
C, and (3) reduce the voltage swing on the capacitance C. A moditied WTA
cell that implements all of these three measure is shown in Figure 25.

_‘,/
Qﬁ: Klp,,
T4:| ’_"4 (~3V)
V3
(~3V) I[ T3
Vi I Ty
| Ve
Ta l

Figure 25: WTA cell with improved dynamic performance. (Shaded area
indicates addition to the original WTA cell.)

Using a photo transistor instead of a photodiode gives a current gain of up
to about 30. The results of the simulation under the same input conditions
as above are shown in Figure 26. The output current transition is delayed for
20ms. The delay time improved, but not as much as one would expect. This
is because the parasitic capacitance of the photo transistor is larger than that
of the equivalent area photodiode.

By introducing the transistor T as a current buffer, the voltage variations at
the emitter of the photo transistor are greatly reduced. Consequently, the
cumulative capacitance C 18 reduced, and the dynamic performance
improved. The results are shown in Figure 27. The current buffer isolates
the photodetector from the large variations of V7 and V2. The bottom graph
in Figure 27 shows the voltage variations on the photodetector. The varia-
tions are reduced from 2.5V to about /0mV. The photocurrent quickly
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Figure 26: Dynamic response of the WTA employing photo transistors.
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Figure 27: Dynamics of the WTA circuit employing the photo transistor
and the current buffer. T, = 3ms.

charges this difference and becomes available to the remaining circuitry.
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The delay time is dramatically reduced from 20ms to about 3ms.

The rematning delay comes from the parasitic capacitance formed by the
drain of the input transistor as well as the gait of the output transistor. These
parasitic capacitances cannot be as easily isolated. However, we notice that
the voltages V; and V; needlessly swing all the way down to the ground —
a clear winner in the output currents is obtained as soon as one of the volt-
ages goes to about 0.7V below the other one. This observation have led to
the transistor T4 (see Figure 25) which acts as a weak pull-up. Namely, as
soon as the voltage V; or V, drop sufficiently bellow the bias voltage V, the
7, starts to pull up preventing voltages V; and V; to drop bellow approxi-
mately (V,—0.7) volts. Figure 28 shows the dynamics of the two —cell
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Figure 28: Dynamics of the WTA circuit employing the photo transistor,
current buffering and voltage swing limitation. T,, = 2.1my

WTA circuit employing photo transistor, current buffering and the pull-up
transistor for voltage swing limitation. Under these conditions the delay
time is further improved to about 2ms.

89



Tracking Computationat Sensor

6.2 Attention Shifts

In order to accommodate the top—down control of attention shifts suggested
in Chapter 5, the sensor defines an active region. The active region — a
subset of the entire array — can be programed by means of a row—column
addressing. Only cells within the active region participate in the competition
for the winner. This way the sensor directs attention to an interesting part of
the retinal image.

6.2.1 Cell Inhibition

The active region is programmed by inhibition particular WTA cells under
the external control. The inhibition of a cell is achieved by preventing the
photocurrent from flowing into the input transistor. A circuit diagram of the
WTA cell which implements this mechanism of inhibitions is shown in
Figure 29. The shunting path for the photocurrent is provided through the

o

| YV

col ’ Tg l oW | V.
TS |
Vs

NV

Figure 29: WTA cell with inhibition. (Shadowed area indicates
components for cell inhibition.)

transistors T and 7. To maintain the cell active both col and row signals
must be asserted (i.e. must be zero). This inhibition mechanism can be inter-
preted in two ways. One way is to say that when the photocurrent is shunted
the cell effectively “sees” zero current and cannot win. The other way is to
say that the switches 75 and T, clamp the gate of T; to Vs, thus preventing
7, from conducting current. The voltage V5 must not be zero; it 15 about
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0.7V below V4. This is consistent with the goal of minimizing the swing of
V; and V; for improved dynamic performance. In addition, this ensures that
when inhibited the T; is barely turned off and can quickly become enabled
when needed.

6.2.2 Control of the Active Region

The appropriate row—column inhibition contro! defines the active rcgion.
This control 1s achieved from the periphery of the two—dimensional WTA
array. The peripheral logic across three columns is shown in Figure 30
Similar logic 1s implemented for row addressing. For a cell within the WTA
array to be active, both cel = 0 and row = 0. In the select mode the
active column band is programed by the content of the shift register. There
are no restrictions on the width or location of the band, as any bit pattern can
be entered into the shift register.

' WTA Array

J{
col _I f cfv — current—to—vollage

! converter

s/ t — select/track signal

Figure 30: Peripheral logic for central control of the active region.
The shaded area indicates cne column. Similar logic is used for
row addressing (not shown).
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In the track mode the active region is programmed by the WTA array and 1s
dependent on the location of the feature being tracked. A particular column
is enabled if the winning feature is on that column, or on one of the two
immediate neighbors. In the conjunction with the row inhibition (not
shown), the tracking mode programs a 3 x 3 active region centered on the
most recent feature. If that feature starts moving, one of the eight active
neighbors will receive the winning feature and automatically update the
position of the 3x3 active region. It is now clear that the salient feature is not
necessarily the absolute maximum, but it is a local peak in the retinal image.
If for any reason the tracking mode starts on a location which is not a local
peak, the 3x3 active region will “slide™ along the intensity gradient until it
locks onto a nearby peak.

With moving objects the feature which is being tracked may reach the
sensors edge and fall out of the ficld of view. In order to insure coherent
behavior in these situations, the logic shown in Figure 31 is implemented.

user_sft

top_edge s/t
bottom_edge
right_edge
left_edge

Figure 31: Logic for automatic switching between select and track modes.

The user may define the select mode by asserting signal user_s/t. However,
when the nser enables the tracking mode, the active region will be of size 3
by 3 as long as the tracked feature is not on one of the four edges of the
array. When the feature reaches one of the four edges, the sensor automati-
cally goes to a select mode. For a moment, the active region specified in the
shift registers is enabled, and the absolute maximum is selected therein.
Since the newly selected feature is no longer on the edge, the sensor auto-
matically goes back to the tracking mode, shrinks the active region to a 3 by
3 size, and continues feature tracking.
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6.3 Experimental Data

Two tracking sensors prototypes — 1D and 2D — have been built and tested
for static and dynamic performance.

6.3.1 Static performance

The static performance has been tested on an early 1D prototype with 20
cells has been fabricated in 2p CMOS technology. A cell occupies 40 by 39
microns. A photodiode uses about 60% of the cells area. The block diagram
of the 1D prototype is shown in Figure 32.

E'Q@'P Elm Emlﬁm

Figure 32: One dimensional optical position detector.

In the experimental setup, the chip was mounted behind a 25mm TV lens
and oriented so that the array of cells ran horizontally. In one experiment, a
dark plate {black photographic paper} with a bright vertical line on it (i.e.
stretched white wire @=0.5mm) was mounted on a calibrated translational
stage. The stage was placed at about 520mm from the lens and oriented so
that its line of motion was horizontal and transversal to the optical axes. For
this arrangement, the field of view of a single photodetector was about 0.8
mm. Including the blurring effects of the lens we could say that the image
of the target (i.e. wire) was smaller or comparable to the pixel size. This
finding insures that only one photodetector or its immediate neighbors
received an appreciable amount of light at a time. Therefore, unambiguous
conclusions can be made as to whether a correct cell wins. The scene was
illuminated with a 200W standard light bulb from a distance of about 3
meters behind the sensor and 1.5m above it. Therefore, illumination is
considered uniform over the sensors field of view.
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The target is moved horizontally throughout the entire field of view (i.c.
16mm) in steps of 0.2mm. The winning cell location (i.e. position) reported
by the sensor is measured. The results are graphed in Figure 33. Also
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winning cell location
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Figure 33: Winning cell localization reported by the 1D WTA computational
sensor

measured was the voltage on the common wire. It is approximately logarith-
mically proportional to the intensity of the winning input photocurrent.
Using computer simulation, the measured common voltage is converted to
apparent input photocurrent (Figure 34),

uf Mir

winning photocurrent

target position (calibrated)

Figure 34: Apparent winning photocurrent.

In Figure 33 it is seen that the cells winning behavior as well as the winner
localization is reported as expected. Namely, a particular cell remains a
winner as long as the main portions of the bright target are focused on it. In
the graph this is seen as the staircase line. As the target is moved its image
leaves one cell and begins contributing photocurrent to the next one. At
some point, the cell acquiring the target wins and takes control of the
common voltage. As the arriving target moves towards the center of a
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winning cell the intensity of the winning input current increases. The cell
continues to win as the target passes the center, but its input current dimin-
ishes. In the mean time, the next cell begins to receive an increasing amount
of light and the process continues. Therefore, as the target passes over the
winning cell the measured common voltage increases, peaks, and then
decreases. This behavior is clearly observed in Figure 34. The spacing of the
peaks in the environmental coordinates is 0.79mm which, for the given
experimental set up, matches the pitch of the cells,

Another important observation can be made from Figure 34. Even though a
target of a constant intensity is scanned over the sensor, it doesn’t result in
equal peaks of common voltage. This is due to the device matching
problem: the same target can be seen as one whose intensity apparently
varies. A maximum peak of 19pA is observed at 4. 5mm, while a minimum
peak of 11.5pA at about 8. 5mm. Also observed is a periodic pattern in peak
variation over the chip area. This is due to the striation effects. The period
as well as its relative amplitude of this variation are in a good agreement
with findings in [Andreou et al. 1992].

The ratio of the two extreme perceived currents in this case is about 1.6. In
the worst case, this means that if this circuit 1s to always correctly identify
the winner, the strongest spot in the image must be about 1.6 times higher
then the background. Transistor mismatch factors of 2 are typical for a MOS
process [Mead 1989]. This imposes serious constraints on the nature of the
input image, especially in the select mode of the tracking sensor. However,
the devices within a small neighborhood match better, within 20% of each
other. When the sensor is in the tracking mode only a small neighborhood
is active. This means that in the tracking mode it is sufficient if the local
image peak is only about 20% above the immediate neighbors. This is
another example of benefits of top—down sensory adaptation.

6.3.2 Dynamic Performance

The dynamic performances is evaluated for a 28 by 28 cell t(wo—dimensional
tracking computational sensor. Each cell is 62y square. The photo transistor
takes about 30% of the cell’s area.

The dynamic performance is evaluated using the experimental set—up
shown in Figure 35. A scanning mirror projects a beam of light onto a white
cardboard. This produces a dot which travels along a straight line. The
sensor images the scene and tracks the moving dot. The rows of the sensor
are aligned with the trajectory of the laser dot. Consequently, as the dot
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lens, f=16mm

tracking
sensor

pixel size:

aZu x 62u

Figure 35: Experimental set up for evaluating dynamic performance of the
tracking computational sensor.

travels from side to side only x position needs to be observed, since y posi-
tion is not changing.

The mirror is driven from a sinusoidal oscillator whose frequency is adjust-
able. For the given setup the trajectory of the dot in the image coordinates is:

x(f) = Asin2nft [ceus] (6)

where A is the amplitude equal to 11.11 pixels, and fthe scanning frequency.
The instantaneous velocity in image coordinates is:

(1) = 2mfA cos 2mft [‘iﬂ} (T)
5
with maximum being attained at the middle of the trajectory:
. = 2mAf = 69.8f [&“b] (8)
5
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The goal is to observe how quickly the tracking sensor can shift attention;
that is, how quickly it can update the feature’s location as the feature travels
across the array of cells.

Influence of the Current Buffer and the Pull-up

The first set of test is performed to show contribution of the current buffer
T3 and the pull-up transistor 7. The effects of the current buffer and the
pull-up can be turned on or off by biasing V; and V, respectively.

Without the buffer and the pull-up the sensor was reliably tracking up to the
scanning frequency of 33Hz or 2,303.6 cells per second. Figure 36 shows

/ I
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Mathz  200mv | sooms T ]

Figure 36: Tracking performance without the current buffer and without the
pull-up. f=33Hz.

two measured waveforms: (1) the feature’s position x as reported by the
tracking sensor, and (2) the sinusoid driving the mirror. If the frequency of
the mirror is further increased, the reported position begins to distort. This
is illustrated in Figure 36 for the scanning frequency of 83Hz. As expected
the tracking capability of the sensor starts to break down in the middle of the
trajectory as the velocity of the feature is the greatest there.

In the next experiment the current buffer is turned on by biasing V;. As
expected the dynamic performance improved: the maximum tracking
frequency is increased from 33Hz to about 83.3Hz or from 2303.6 to 5793.9
cells per second. This is shown in Figure 36: previously distorted waveform
for the feature’s position is now better resembling the sinusoid.
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Figure 37: Tracking performance without the current buffer and without the
pull-up. f=83Hz.

Finally, the pull up transistor is turned on by biasing V,. The dynamic
performance is slightly improved as showed in Figure 36 — the feature
tracking is improved from 83Hz to about 100Hz, or 6980.6 cells per second.
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Figure 38: Tracking performance with the current buffer but without the
pull-up. f=83Hz.
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Figure 39: Tracking performance with both the current buffer and pull-up.

f=100Hz.

The dynamic performance of the WTA is summarized in .

Summary of the experimental findings for the winning/loosing dynamic per-
formance for the WTA circuit.

Basic WTA

WTA with the buffer

WTA with the buffer and
pull-up

2303.6 cellsfs

579391 ceilis

6980.6 cells/s

Influence of the Features Intensity

Another set of experiments is performed to evaluate how the intensity of the
feature influences the dynamic performance. Using neutral density filters
placed in front of the sensor’s lens, the light is controllably attenuated. For
each filter the frequency of the mirror is increased until the waveform of the
feature’s position begins to distort. This way the maximum frequency is
estimated for each intensity.

Two sets of experiments are performed: (1) without the buffer and the
pull-up, and (2) with the buffer and the pull-up. The results are graphed in

Figure 40.
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Figure 40: Maximum angular velocity of the attention shifts as a functions
of the relative feature intensity.

6.4 Applications in Robotics

The tracking computational sensor is an intelligent position sensitive
detector: it selects a feature and tracks it by ignoring the background. There
has been considerable work done on finding the position of a bright object
using digital means. Special purpose systems have been developed for
tracking objects, and others, to compute object moments. Most of these
systems are not *“seeing” chips and require serial input of the binary images.
These systems update object parameters at the standard video rate of 30
times per second with at least 1/30th of a second latency.

An analog seeing chip that computes the centroid of a bright object focused
on the chip, has been built by DeWeerth and Mead at Caltec [18]. This
system computes the centroid of the intensity distribution focussed over the
entire chip. For a meaningful performance, the chip requires a bright object
on a low intensity background. The centroid is calculated using the projec-
tion method, and the gradient descent method to compute the centroid of
each projection distribution.

Hamamatsu company manufactures “position sensitive detectors™. They are
a single large square photodiode [29]. One of the diodes layers is used as a
continuous resistive sheet which functions as a current divider. Portions of
the photo—currents are menitored at the four edges of the diode and are indi-
cator of the centroid of the intensity distribution focused on the diode, This
detector exhibits significant spatial non-linearity and, like the previous
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example, requires a bright object on a dark background. Nevertheless,
Hamamatsu’s PSDs are in practical use in many systems,

Standley and Horn at MIT have built a focal-plane analog chip for position
and orientation computation [66]. An image is focused on the chip, thresh-
olding is performed at each cell, and the result is injected into a 2D resistive
grid of polysilicon resistors.The periphery of the resistive grid is grounded
and currents flowing into the ground are monitored. It can be shown, using
Green’s theorem, that these peripheral currents contain enough information
to infer position and orientation of an object. A 29 by 29 cell detector is bualt
on a 7.9 by 9.2 millimeter chip. This is an inferior resolution compared with
the cell size of the tracking computational sensor.

Active Triangulation Range Sensing

Triangulation is a range finding technique employing a structured illumina-
tion and an imaging sensor [8]. In the light—stripping triangulation, a plane
of light is either discreetly moved or continuously swept across a scene. For
a given position of the light plane, an imager sees a bright line revealing a
local profile of the scene. The distance to the scene is inferred from the posi-
tion of the illuminated pixel and the geometry of the optical setup.

Triangulation employing a plane of light is in essence the row—parallel tech-
nique, i.e. the position of an illuminated pixel in each row is relevant infor-
mation. This information is easily obtained with the tracking computational
sensor. Suppose that a 1 by N active region is scanned from top to bottom.
Such an active region observes one row at a time and determines the posi-
tion of the laser stripe within that row. Then the active region selects next
row and reports the position therein. If the sweeping of the laser is slower
than the scanning of the active region, by repetitive scanning from top to
bottom a two—dimensional range map of the observed environment is
collected. The scanning of the rows is limited by the dynamics of the
tracking sensor. There are faster sensors that operate on a similar
principle [25] [26]. Nonetheless, this application of the tracking computa-
tional sensory illustrates two things: (1) its versatility in a range of practical
applications, and (2) a feature saliency can be achieved in intensity images,
through clever image formation.

Active Illumination Stereo

In the case of the triangulation, the knowledge of the position of the plane
or line of light is essential. This is not easily and accurately obtained in prac-
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tice. To remove the requirement for an accurate light beam position estimate
a second tracking sensor can be introduced to form a stereoscopic pair with
the first one. A scene can be illuminated with a scanning laser beam. In es-
sence, this is a stereo vision system with structured light illumination; struc-
tured light stereo.

The structured light eliminates the well known problem of correspondence
associated with arbitrary image stereo. With a laser beam, each of the sen-
sors sees only one bright spot in the entire field—of—view. This is the feature
in the scene that has trivial correspondence in the two images. The position
of such a feature is readily detected by the two WTA sensors. The output
quantities of the sensors are (x, y,) and (x,y ), i.e. the feature position in
the left and right sensor, respectively. Disparity is found as Euclidean dis-
tance between these two points:

d=J-x)"+ (-5 ()

It is possible, however, to arrange the two sensors in such a way that the epi-
polar lines are parallel to the rows of the sensor arrays. In such a case, com-
puting disparity simplifies to:

d=x-x, (10)

From a computational point of view this is a desirable arrangement. In prac-
tice, it is easily done by mechanical calibration of the relative position of the
sensors until the y, = Y, condition is always observed.

In addition to the position of the feature, the WTA network provides infor-
mation about the intensity of its winning input photocurrent. These values
are labeled as e; and e,, and are available on the common wire of the left and
right sensor respectively. They encode the intensity of the light received af-
ter it has reflected off the scene. Therefore, this is the intensity image of the
scene.

Due to the fact that the two sensors are viewing a scene from two different
view points, the object sometimes occludes a certain portion of the scene to
one sensor but not to the other, This gives rise to the problem of occlusion:
a feature (i.e. the illuminated spot) may be seen in one image but not in the
other. Occlusion has been a stumbling block in many stereo vision algo-
rithms. With our proposed system this situation is easily detected. Since
each sensor provides information about the intensity of a detected feature on
the common wire. If the features are images of a same illuminated bright
spot in the scene, the left and right sensors report the similar intensities.

102



Tracking Computational Sensar

However, if occlusion occurs the two values differ significantly which sig-
nals the problem.

Motion Sensing and Visual Servoing

The tracking sensor continuously detects the position of the feature. The
temporal measurement of the feature’s position can be used in visual servo
systems. In addition, time derivatives of the x and y position yield velocities
X and y respectively. In addition, the least significant bit (LLSB) signal of the
digitally encoded position of the feature, has frequency that is proportional
of the velocity of the feature. In either case, the sensor could be a simple
motion/velocity detector.

Imaging

Occasionally the tracking computational sensor can be scanned for image
readout. Due to the device mismatch the sensor has highly nonuniform field,
and images are noisy. Nonetheless, the ability to readout even noisy images
can be useful in many embedded applications. One can tmagine a scenario
in which the sensory track features, but occasionally the supervising
processor may want to obtain the image and define a new active region
within which the sensor should continue selecting features for tracking.
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Chapter 7

Intensity—to—Time
Processing Paradigm

The dimension of time plays a dominant role in neural processing. The
neural responses are digital in amplitude but analog in time; therefore, it has
been suggested that time is a core factor in the flow and transformation of
information in the brain [6].

The intensity—to—time processing paradigm is an efficient solution for
massively parallel global computation over large groups of fine—grained
data [12]. Inspired by biological vision, the intensity—to—time processing is
based on the notion that stronger signals elicit responses before weaker
ones. Assumning that the inputs have different intensities, the responses are
separated in time and a global processor makes decisions based only on a
few inputs at a time. The more time allowed, the more responses are
recetved; thus, the global processor incrementally builds a glebal decision
first based on several, and eventually based on all the inputs. The key is that
some preliminary decisions about the retinal image can be made as soon as
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the first responses are received. Therefore, this paradigm has important
place in low—latency vision processing.

7.1 Latent Period of Biological Vision

The latent period of vision is the time interval elapsing from the moment a
light stimulus is absorbed to the onset of the physiological response to the
stimulus. As experiments on the human visual system involve introspection,
the most that can be achieved is the measurement of the reaction time; the
psychological experiment evaluating latency of vision cannot with certainty
reveal where exactly this latency comes from. The following experiments
and their results have been summarized in [61].

Arden and Weale used two flashing light stimuli, entering one eye each.
Each test field subtended a few minutes of arc at the eye. The intensity of
one of the stimuli was variable and relative phase between the two was
adjustable. When the intensity and the relative phase of flashing lights were
adjusted in such a way that both stimuli appeared to flash at the same time,
a measure of the relationship between the latent period and the stimulus
intensity was obtained. Latent period varies inversely with stimulus inten-
sity and is more accentuated in the periphery than in the fovea
(see Figure 41).
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Figure 41: The change in the latent period of vision with the intensity of
stimulus expressed as multiples of the absolute threshold of vision.
(Measured by Arden and Weale in 1954) [61].
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In a more extensive study, using a 1° field, Roufs showed that the change

in the latent period is:
f—t, = —Tlog()E/Eo (11)

where T 15 a constant equal to 10ms and £ is the variable retinal illumination,
the standard value E, of which is associated with a latent period of ¢ .

The latent period dependency upon the luminance variations also appears to
underlie the stereo effect described in 1922 by Pulftich [60]. When a
swinging pendulum s viewed binocularly, and a neutral density filter is
placed in front of one eye, the apparent trajectory of the pendulum bob
follows an eilipse or circle, depending on the pendulum period, viewing
distance, filter transparency and other factors. The explanation for this
astonishing phenomenon is that the image of the filtered eye is delayed,
because the lower intensity entails a longer latent pertod, thus causing the
disparity between the left and right image. The brain receiving these asyn-
chronous messages puts them together as if originating at the same instant,
thus interpreting perceived image disparity as the depth of the bob.
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Figure 42: An explanation of the Pulfrich effect.

This explanation is illustrated in Figure 42. The two eyes are located at
—-x’, -z’ and x’, -z’ . The pendulum swings approximately along the x—axis.
Due to the neutral density filter F, the right eye operates at the longer latent
periods than does the left one. Consequently, the free eye sees the pendulum
bob at point x, , while the filtered eye perceives it at point x,. The brain
fuses the two impressions and interprets that the bob is at x, z. As the
viewing distance increases the perceived trajectory of the pendulum bob
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goes from a flat ellipse to a circle, and for an even longer distance to an elon-
gated ellipse (see Figure 43).

Figure 43: Apparent theoretical trajectory of pendulum beb when the
viewing distance d is varied.

The above experiments measure the latent period by “cheating™ the vision
system: by controllably introducing artificial latency in the visual channels,
the brain processing, trained for “natural” sitvations, is altered to perform
different function (i.e. to perceive illusions). Conversely, one may hypoth-
esize that the latency in the system plays a role when processing under
normal conditions: the brain may utilize the temporal disparity of the indi-
vidual responses for computation. In fact, using the luminance—to—latency
relationship has been suggested for improving segmentations in computer
image processing [13].

7.2 Proposed Implementation

Assuming that the inputs have different intensities, the responses are sepa-
rated in time as a natural consequence of their intensity—to—time relation-
ship. Considering the limited communication and processing capacity in
machines this temporal separation is attractive for performing global oper-
ations over large groups of data: as the visual responses are separated in
time, both the communication and global processing resources are protected
from information overload. Furthermore, this concept is consistent with the
goal of producing a fast-reacting vision system: as soon as the first
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responses are received at the global processor, early conclusions can be
made and an action initiated. Furthermore, these early conclusions can be
used for the top—down sensory adaptation, thus aiding further information
processing.

The intensity-to-time paradigm for massively—parallel fine—grain
processing in computational sensors is implemented by the architccture
shown in Figure 44 and involves the following. A large number of input
data are gathered optically by focusing an image onto the array of
sensor—processor cells. Each cell has a local processor which performs onc
or more predetermined (i.e. pre—wired or pre—programmed) operations. The
instant when these operations are executed, or triggered, is determined by a
photo—sensitive control element. The photo—sensitive control element
receives light, and fires a response after a latent period which is inversely
proportional to the intensity of the received light. There is also a global
processor which recetves and/or sends signals to the array of cells. Since
local processors trigger at times determined by the magnitude of their input
operands, the global processor serves only a few local processors at a time.
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Figure 44: An architecture of computational sensor implementing the
intensity—to~time processing paradigm.
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The latent period can be implemented with a contrel element whose block
diagram is shown in Figure 45. In this case, the latent period of the control
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Figure 45: Radiation control element implementing the latent period.

element is inversely proportional to the received intensity:

t= (12)

where E is the intensity and C is a constant. The ratio of the latencies then
becomes:

IO

e Lk

t E, (13)
E

logz—logt, = —logE—

4]

where 7, is latency corresponding to a standard input intensity E,. The rela-
tionship in Equation 13, resembles that of Equation 11 found in human
VIS1O0n.

By using the intensity—to-time paradigm we have developed a sorting
computational sensor — an analog VLSI sensor which is able to sort all
pixels of an input image by their intensities. Photon integration is initiated
simultaneously for all the cells. The intensity—to—time paradigm orders
inputs in time according to their magnitudes, with the strongest input
responding first. At each given time the giobal processor maintains the
analog count of the inputs that have responded. This count is stored as an
index within a cell(s) which responds next. Once all the inputs have
responded, the array contains the “image of indices”. This sorting method is
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closely related to an algorithm for sorting integers known as the counting
sort [16],

The computed image of indices has a uniform histogram, i.e. all indices
occur equally frequently (ideally once) in the image of indices. Such images
have several useful properties: (1) the contrast is maximally enhanced, and
(2) the dynamic range of the readout circuitry is equally utilized. The
detailed implementation and applications of the sorting sensor are described
in the next Chapter.

7.3 Similarity with Biology

There are several similarities between the intensity—to—time processing
paradigm and biological neural processing.

Large number of inputs. Intensity—to—time takes large numbers of
input, but uses only a subset of them at a time for building deci-

sions.

Cooperative parallelism. If used with appropriate local and global
processors, the intensity~to~time implements globally cooperative
parallelism. For example, in the sorting sensors, the index of a par-
ticular local processor is derived from the global temporal obser-
vation of the entire array.

Precision vs. massive parallelism. The intensity—to—time uses mas-
sive parallelism rather then precision to deliver useful information.
For example, in the sorting sensor with N cells, the available
dynamic range of the output circuitry is used in N uniformly dis-
tributed “quantizations” levels. The output amplifier, therefore,
transmits uniformly distributed, or equiprobable messages. From
information theory it is known that the source that transmit
equiprobable messages maximizes amount of information deliv-
ered to the receiver [63]. This means that the sorting sensor uti-
lizes available bits in the most effective way. Furthermore, as the
number of cells, N for imaging sensors tends to be large (>40,000).
the massive number of cells are “fighting” over occupying the
available dynamic range at the output. Individual cells might be
noisy, but due te the massive parallelism this noise at the output
might be suppressed bellow the noise margin of the output cir-
cuitry and the A/D converter.
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Trigger feature. Like biological nerves, each photo—sensitive control
element can be considered a firing neuron which responds to a sin-
gle input sttmuli. The responding signal which is digital in voltage,
but analog in time. The stronger the input, the sooner the neuron
fires.

Signal transmission. The intensity—to—time separates input responses
in time. The individual responses are infrequent: they happen only
once during each frame. In biological system, each such response
would have its own axon. The axon would transmit this signal
when it happens but would remain underutilized during other
times. The intensity—to—time paradigm takes advantage of the fact
that the responses are infrequent and separated in time, and uses a
single wire to transmits all the responses to the global processor.
This is a departure from biclogical model. it shows that for an
appropriate input signal representation, the available speed in
VLSI, can be used in place of fully connected biological
wiring [50] [55].
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Chapter 8

Sorting Computational
Sensor

By using the intensity—to—time paradigm we have developed a sorting
computational sensor — an analog VLSI sensor which is able to sort all
pixels of an input image by their intensities, as the image is being sensed.

8.1 Circuitry and Operation

Shown in Figure 46, the sorting sensor is comprised of a sensor—processor
cell array and a global processor. A resistor R, a voltage buffer and wires
W, and W, comprise the global processor. The global processor commu-
nicates with the array of sensor—processor cells over the wires W;, and W,,,.
Each cell has a local processor and a photo sensitive control element. The
local processor is comprised of a track--and—hold (T/H) circuit, and a current
signal generator. Accordingly, the local processors perform two functions:

(1) data supplied by the global processor via W;, are memorized in the T/H
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Figure 46: Schematic diagram of the sorting computational sensor

circuits, and (2) a current signals [, is sent to the global processor via W, ..
The remaining portion of the cell comprises the photo sensitive control
clement, which controls the instant when the corresponding local processor

executes its functions.

Figure 47 shows the simulation of the circuit operation for the sorting sensor
with four cells. A photodiode (PD) operating in the photon flux integrating
mode [71] detects the light. In this mode of operation the capacitance of the
diode is charged to a high potential and left to float. Since the diode capac-
itance is discharged by the photocurrent, the voltage decreases approxi-
mately linearly at a rate proportional to the amount of light impinging on the
diode (Figure 47, top graph).
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The diode voltage is monitored by a CMOS inverter (/av). Once the diode
voltage falls to the threshold of the inverter, the inverter’'s output changes
state from low to high (Figure 47, second graph). A switch 55 is included to
force rapid latching action.
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Figure 47: Sorting computational sensor: a four cell simulated operation,

The output of the inverter represents a control signal produced by the photo
sensitive control element. The control signal determings the instant when
the capacitor C in the T/H memorizes the signal from the wire W,,, as well
as when the current {, is supplied to the wire W,,,. This is achieved by two
complementary switches: S; disconnects the storage capacitor C from the
global input wire W;,, and Sg turns on the internal current source /..

Currents from all cells are added together in the output wire W, ; therefore,
this wire functions as a glohal adder. The current in the output wire contin-
uously indicate the count of cells that have responded. This current is
converted into voltage via the resistor 8. The third graph in Figure 47 shows
this voltage. It represents the index of a cell that is changing state and is
supplied to the global input wire for storage within the appropriate cell(s).
The capacitor within each cell follows this voltage until it is disconnected.

115



Sorting Computational Sensor

At that point a capacitor C retains the index of the cell (Figure 47, bottom
graph). The cell with the highest intensity input has received the highest
“index”, the next cell one “index” lower, and so on.

The sorting sensor compultes several important properties about the image
focused thereon. First, the time when a cell triggers is approximatcly
inversely proportional to the input radiation received. Second, by summing
up the currents I, from all the local precessors the global processor knows
continuously how many cells have responded. This time waveform is
closely related to a cumulative histogram of the input image [8]. The time
derivative of this signal is related to a histogram of the input image. This is
one global property of the input image that is reported by the chip with very
low latency.

8.2 VLSI Realization and Evaluation

A 21 x 26 cell sorting sensor has been built in 2p CMOS technology. The
size of each cell is 76p by 90p. The photediode takes 13% of the total cell
area. The micrograph of the chip is shown in Figure 48.

Figure 48: Micrograph of the sorting chip.

An image was focused directly onto the silicon. The cumulative histogram
waveform, as well as the indices from the sorting sensor were digitized with
12 bit resolution. In order to facilitate a hard copy repreduction the 26x21
images obtained by the sorting chip are interpolated and magnified by the
factor of 2.
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Scene 1, one setting in an office environment, was tmaged by the sorting
chip under common office illumination coming from the ceiling. Figure 49
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Figure 49: Scene | imaged by the sorting computational sensor.

shows the cumulative histogram of the scene and the image of indices both
computed by the chip. The bottom graph in Figure 49 shows frequency of
occurrence of indices. Most cells received different indices, as they detected
different input intensities. Occasionally as many as 3 pixels were assigned
the same index. Overall the histogram of indices is uniform, indicating that
the sorting chip has performed correctly.

There is a total of 546 pixels in this prototype, and most of them received
different indices. This means that without special considerations as (o the
illumination conditions, low—noise circuit design and temperature and dark
current control, our lab prototype readily provided images with more then 9
bits of resolution. The range of indices (from O to 545) remains unchanged
and the indices maintain uniform histogram regardless of the range of input
light intensity or its histogram. Therefore, the sensor delivers the most infor-
mation to the user since all the levels are equiprobable. This is the most
optimal, or maximal, use of bits.
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Another setting, Scene 2, from the same office was also imaged. Figure 50
shows the scenes’s cumulative histogram and image of indices, as well as
the frequency of occurrence of those indices. Scene 2 (Figure 50) contains
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Figure 50: Scene 2 imaged by the sorting computational sensor.

more bright regions than Scene 1 (Figure 49) because the moderately dark
regions of the person in a partial shadow are replace by the bright wall.
Consequently, the sorting chip takes less time to compute Scene 2 than
Scene 1. The total time shown on the time sample axis of the cumulative
histograms is about 200ms.

It is important to note that the performance of the sorting computational
sensor readily scales—up with the image size. The frame rate is only related
to the illumination of the scene, not to the size of the array. For well illumi-
nated environment, the computation time is from 10-30ms. A higher reso-
lution sorting computational sensor can be produced in more advanced
VLSI technology. For example, in 1.2t CMOS technology the pixel size is
381 by 38U. One such prototype is being fabricated as this thesis is being
written.
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8.3 Sorting Sensor Image Processing

The sorting computational sensor computes the cumulative histogram of the
sensed environment. This global waveform is supplied and stored in the
local processor of the array. Therefore, the cumulative histogram waveform
defines custom mapping for each frame — a mapping from the input inten-
sities to output indices. In general, this global waveform enabies the sorting
sensor to perform numerous other operations/mappings on input images.
Examples of such operations include histogram computation and equaliza-
tion, arbitrary point-to-point mapping, region segmentation and adaptive
dynamic range imaging. In fact, in its native mode of operation —- sorting
— the chip provides all the information necessary to perform any mapping
during the readout. In the following examples, the sorting sensor computes
the cumulative histogram and image of indices and a particular mappings
are then performed in software.

8.3.1 Histogram Equalization

When the voltage of the cumulative histogram (computed by the chip itself}
is supplied to the local processors, the generated image is a histogram equal-
ized version of the input image [8]. This is the basic mode of operation for
the sorting chip and has been illustrated in the previous section.

8.3.2 Linear Imaging

When the waveform supplied to the inpui wire is inversely proportional to
time, the values stored in the capacitors are proportional to the input inten-
sity. This mapping implements a linear camera.

By producing the cumulative histogram waveform and the image of indices,
the sorting computational sensor provides all the necessary information for
the inverse mapping — the mapping from the indices to the input intensitics.
Figure 51a shows the image of indices for Scene | and the image of inferrcd
input intensities. Figure 51b shows an image taken by a commercial CCD
camera for showing natural light conditions in the office environment from
which Scene 1 was taken. The inferred input intensities closely resemble the
natural condition in the environment.

8.3.3 Scene Change Detection

Analyzing the change in the histogram patiern is a basic technique to clas-
sify images or detect a scene change. The sorting computational sensor
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Image of indices: Input Intensity {inferred)

b)

Figure 51: a) Indices from the sorting sensor and inferred input intensity,
b) CCD camera image.

computes the cumulative histogram at real-time and can be used for
low-latency scene discrimination/surveillance without requiring the image
to be read out. The illustration of this technique i1s shown in Figure 52.
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Figure 52: Detecting scene changes with the sorting computational sensor
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8.3.4 Image Segmentation

The cumulative histogram of an image can be used to segment an image into
regions. Pixels from a single region often have pixels of similar intensity
that appear as clusters in the image histogram [8]. The values which ought
to be stored in the cells can be generated to correspond to the “label” of each
such region. An off—chip global processor could perform this labeling by
updating the supplied veoltage when the transition between the clusters in the
{curnulative) histogram is detected. An example of segmentation is shown
in Figure 54b and Figure 54¢ in which the illuminated and shadowed
regions respectively are labeled/colored as the black region.

8.3.5 Adaptive Dynamic Range Imaging

For faithful imaging of scenes with strong shadows, a huge dynamic range
linear camera is needed. For example, the illumination of the scene which is
directly exposed to the sunlight is several orders of magnitude greater than
the illumination for the surfaces in the shadow. Due to the inherently large

Figure 53: A scene with back lit objects as captured by a conventional CCD
camera. The box is roughly the field of view of the sorting sensor.

dynamic range of the sorting sensor, both illuminated and shadowed pixels
can be mapped to the same output range during a single frame.

We demonstrate this concept with back illuminated objects. Figure 53
shows a global view of this scene as captured by conventional CCD camera.
Due to the limited dynamic range of the CCD camera, the foreground is
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poorly imaged and is mostly black. (The white box roughly marks the
field—of—view for the sorting sensor.}

However, when the scene is imaged with the sorting sensor (Figure 54a), the
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Figure 54: Sorting sensor processing: a) data from the sensors; b)
segmentation (viewing the shadowed region); c) segmentation (viewing
illuminated region); d) segmentation and shadow removal.

detall in the dark foreground is resolved, as well as the detail in the bright
background. Since all 546 indices are competing to be displayed within 256
levels allowed for the postscript images in this paper, one enhancement for
purpose of human viewing is to segment the image and amplify only dark
pixels. The result is shown in Figure 54b. Conversely, as shown in
Figure 54c, the bright pixels can be spanned to the full (8 bit) output range.
Finally, if these two mappings are performed simultaneously the shadows
are removed (Figure 54d.)

The same method can be obviously applied to the image obtained from a
standard CCD camera. If the CCD image of Figure 53 is cropped 1o the

122



Sorting Computational Sensor

white box, and such an image is histogram equalized, we arrive at the result
shown in Figure 55a. This image is analogous to the image of indices

histogram equalized

window Segmentation / Mapping

a)

Figure 55: Conventional CCD camera processing: a) histogram
equalization of the window; b) segmentation and shadow removal.

obtained by the sorting sensor (Figure 54a.) Due to the limited dynamic
range, noise and quantization, the CCD image only resolves the face with
2-3 bits. The histogram equalized image from the CCD is used for further
mapping using the same steps as for Figure 54d. The obtained result is
shown in Figure 55b. Due to the obvious reasons, the result is poor. In
contrast, the sorting computational sensor allocates as many indices, or
output levels, as there are pixels within the dark region (or the entire image
for that matter). By comparing Figure 34d and Figure 55b, the superior utili-
zation of the sensory signal with the sorting chip is obvious.

The global quantity — a cumulative histogram waveform — is used inter-
nally to update local information within the cells. This is a top—down feed-
back that provides a more robust image representation as the light is being
sensed. The cooperative massive parallelism together with the top—down
feedback for adaptation clearly produced better results than conventional
systems.

8.4 Relation to Computer Science

The process of sorting, or ordering, a list of objects according to some linear
ordersuchas < fornumbers is so fundamental and is done so frequently,
that the subject has received considerable attention in computer science [2].
Traditionally, cbjects to be sorted are records consisting of one or more
fields. One field in the record, called the key, is of a type for which a linear
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ordering relationship < isdefined. Numbers and strings of characters arc
common examples of such types. The sorting problem is to arrange a
sequence of records so that the values of their key fields form a
non—decreasing (or non—increasing)} sequence. The records all need nol
have distinct values, nor is it required that records with the same key valuc
appear in any particular order.

The simplest algonthms usually take O(n?) time to sort # objects on a serial
computer and are only useful for sorting a short list. One of the most popular
sorting algorithm is quicksort, which takes Q(n logn) time on average. It
works well for most applications although its worst case performance is
O(n®). There are other methods, such as heapsort and mergesort, that take
O(n logn) time in the worst case, although their average behavior may not
be quite as good as that of quicksort.

Under certain limitations there are sorting algorithms that sort in Ofn) time.
Counting sort, for example, works for integers of known range. The
counting sort first computes histogram of the input operands. The histogram
is then used to compute a cumulative histogram. Finally, the cumulative
histogram is used to determine for each input operand the number of inputs
that have smaller (or greater) magnitude. This provides the index for cach
particular input. It is interesting to note the similarities between this algo-
rithm and the way the sorting computational sensor sorts the input operands.
However, a major difference is that the sorting sensor operates on analog or
floating point values.

There are other sorting algorithms that have been developed for parallel
computers {9]. Keys are equally distributed among processors, sorted and
then merged. Some of them perform well for a small number of keys per
processor, but most perform better if a number of keys per processor is
large. This is not surprising, since the latter case performs most of the
sorting internally; therefore, it requires less communication among the
processors.

The sorting computational sensor that we have developed sorts keys which
are supplied as an image. If this image is formed using some visualization
device such as a TV monitor, it is possible to link record pointers to the
corresponding (i,7) location in the formed image. Once sorting is performed
the chip is read out in serial fashion. As an individual cell (i f) is addressed
and its order retrieved, the corresponding record can be sorted according to
this index. Even though it may be argued that accuracy of this sorting
processor is inferior compared to those implemented on a digital computer,
sequences ordered in this way could be an excellent input for more rigorous
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sorting on a digital computer. Sorting algorithms that perform
best—on-average are those that use statistical properties of an initial record
distribution. Using a preprocessing step employing the sorting computa-
tional sensor would enable such sorting algorithms to perform optimally
every time.

As a crude comparison of performance, consider a 512 by 512 sorting
computational sensor. Well illuminated input images could be sorted at 30
frames per second or more. If this load is supplied to the 32K Connection
Machine CM-2 and if the best performing sorting algorithm — bitonic sort
— is used, the sorting would be performed at 2 frames per second [9]. The
inferior accuracy of the sorting computational sensor could very well be
offset by its negligible cost and fast performance.
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Chapter 9

Conclusion

The performance of existing machine vision systems still significantly lags
that of a biological vision. The two most critical features presently missing
from the machine vision are low latency processing and top—down sensory
adaptation. The main contribution of this thesis is towards overcoming
these two deficiencies by implementing global operations in computational
sensors. Additional aims are to produce task—oriented self—contained
machine vision components that can be used by a machine for a cohercnt
interaction with the environment.

9.1 Global Operations and Computational Sensors

Computational sensors [37] incorporate computation at the level of sensing
and have potential to both reduce latency and facilitate top—down sensory
adaptation. First, by integrating sensing and processing on a VLSI chip both
transfer and computational bottlenecks can be alleviated: on—chip routing
provides high capacity transfer, while an on-chip processor may implement
massively—parallel fine—grain computation providing high processing
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capacity which readily scales up with the image size. Second, the tight
coupling between processor and sensor provides opportunity for a fast
processor—sensor feedback for top—down sensory adaptation.

In the context of this thesis the global operations are important for two
reasons. First, in perception it seems that each important decision is a kind
of global, or overall, conclusion about a perceived world. These conclusions
are often what a machine needs for coping with a task at hand. The global
operations thus can be considered to produce the ultimate goals of the vision
processing for the coherent interaction with the environment. Second,
global operations produce a few quantities for the description of the envi-
ronment. Therefore, these quantities can be quickly transferred and/or
processed to produce an appropriate action for a machine. In addition, the
results of the global operations can be used within the computational sensor
in top—down sensory adaptation thus directing a further processing for more
reliable performance.

Global operations, however, need to gather and process information over
the entire set of data. This global exchange of data among a large number of
processors/sites quickly saturates communication connections and
adversely affects computing efficiency in parallel systems — parallel digital
computers and computational sensors alike. It is not surprising that there are
only a few computational sensors which implement global operations, all
with modest capability and/or low resolution [18] [66] [67]. On the other
hand, there are many computational sensory which implement local
operations [7] [30] [38] [47] [49] [68] [74], as those operations use only
operands within a small spatial neighborhood of data and thus land them-
selves to the graceful implementation in VLSI. Local operations produce
preprocessed images; therefore, a large quantity of data still must be read
out and further inspected before a decision for an appropriate action is made
— usually a time consuming process. Consequently, a great majority of
computational sensors built thus far are limited in their ability to quickly
respond to changes in the environment.

Implementing global operations in parallel systems has been the subject of
extensive research in both computer engineering and computer science. The
main difficulty with implementing global operations comes from the neces-
sity to bring together, or aggregate, all or most of the data in the input data
set. This work proposes two mechanisms for implementing global opera-
tions in computational sensors: (1) semsory attention, and (2) inten-
sity—to—time processing paradigm.
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9.2 Significance of the Sensory Attention

The sensory attention is based on the premise that salient features within the
retinal image represent important global features of the entire data set. Then
by selecting a small region of interest around the salient feature for subse-
quent processing, some global conclusions about the retinal image can be
made. The sensory attention eliminates extraneous information and allows
the processor to handle small amount of data at a time. This protects the
limited communication and computation resources from information over-
load.

The sensory attention clearly mimics the process of visual attention in
higher centers of the brain: a small interesting portion of the retinal image
is selected to which the higher level processes can be restricted. Unlike eye
movement, the attention shifts do not require any motor action, but occur
internally on a fixed retinal tmage. For this reason, attention shifts are faster
and play an important role in low—latency vision sysiems.

In our computational sensor implementation of the sensory attention, the
saliency map is delivered optically by focusing an image onto the array of
photodetectors. The photodetectors feed signals to the winner-take—all
network which selects one salient location within the retinal image. The
salient features which attract attention are bright spots in the retinal image.
This particular embodiment of the sensory attention is called the tracking
computational sensor — a VLSI sensor that attends onto and tracks a visual
stimulus.

The tracking computational sensor operates in two modes: select mode and
tracking mode. In the select mode the sensor detects the global intensity
peak within a programmable active region, a subregion of the retina. This
enables a user to define parts of the retinal image and aid the sensor to attend
to the parts of image that are relevant for a task at hand. In the tracking mode
the sensor dynamically defines its own active region, thus causing the
sensor to ignore all retinal inputs except the currently tracked feature and its
immediate neighborhood. This ensures that interference form the irrelevant
information within the retinal image does not interfere with the currently
attended information, i.e. the information important for the task at hand. In
the tracking mode the sensor effectively remains locked on the sclected
feature and maintains the location of attention in the environmental coordi-
nates rather then the image coordinates.
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The significance of our implementation of the sensory attention s summa-
rized as follows:

» The global data — the position and intensity of the feature
~ are easily and quickly routed from the chip via several
output pins.

* In the tracking mode these global data are also used
internally for the self—defined active region. This represents
an example of sensor/processor feedback presently missing
in artificial vision systems. The tracking computational
sensor demonstrates the significance of this feedback, as it is
essential in preventing erroneous information from
interfering with the currently attended salient feature
relevant to a task at hand.

* In the select mode, the sensor can restrict its operation to an
arbitrary size region of interest. In combination with a clever
image formation, this renders the sensor useful in a range of
practical applications.

* Inherent in our implementation is the ability of the sensor to
provide random access to the image data if needed. The
image data can be read from a random location within the
retinal image including the vicinity of the feature being
tracked.

» The size of a cell in a conventional 2y CMOS techuology is
62u by 62y, which is about equivalent to the area taken by a
4x4 pixel region in an industrial CCD camera. This is an
appreciable spatial resolution, especially given the
versatility of functions performed by the sensor.

9.3 Significance of the Intensity—to—Time Processing

The other mechanism proposed for the implementation of global operations
is the intensity—-to—time processing paradigm — an efficient solution for
massively parallel global computation over large groups of fine—grained
data [12]. Inspired by the human vision, the intensity—to—time processing
paradigm is based on the notion that stronger signals elicit responses before
weaker ones. Assuming that the inputs have different intensities, the
responses are ordered in time and a global processor makes decisions based
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only on a few inputs at a time. The more time allowed, the more responscs
are received, thus the global processor incrementally builds a global deci-
sion based on several, and eventually on all of the inputs. The key is that
some preliminary decisions about the retinal image can be made as soon as
the first responses are received. Therefore, this paradigm has an important
place in low—latency vision processing.

The intensity—to-time processing paradigm has been used to implement a
sorting computational sensor — an analog VLSI sensor which is able to sort
all pixels of an input image by their intensity while the image is being
sensed. By the time all the inputs responded, the sensor has built an image
of indices. The image of indices represents the histogram equalized version
of the retinal image. In many computer vision applications the histogram
equalization is the first image preprocessing operation performed on camera
images, primarily for signal normalization and contrast enhancement.

During the computation, the global processor generates a waveform which
13 essentially the cuomulative histogram of the retinal image. This wavetform
is one important global property of the retinal image which is reported with
low latency on one of the output pins before image is ever read out.
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The significance of the sorting computational sensor are summarized as
follows:

» The global information — a cumulative histogram of the
sensed scene — is reported on an output pin with
low-latency.

« This global information is used internally within the
computational sensor to generate the image of indices. This
is an example of the top—down processor—sensor feedback.

» The image of indices has uniform histogram; therefore, (1)
the dynamic range of the output circuitry is most optimally
utilized from information theoretic point of view, and (2) the
contrast is maximally enhanced.

» Histogram equalization is often the first processing step in
image processing. The sorting sensor preforms this
operation in the analog domain at the sensory level.
Therefore, the sensory signal suffers less noise corruption
caused by the signal transfer and quantization,

= The image of indices never saturates. This is a better scheme
for preventing saturation than the logarithmic photo
detection proposed by other researchers [10] [53].

* The cell size of the sensor in 2y CMOS technology is 76p by
90u. A sensor in 1.24 CMOS technology is currently being
fabricated with the cell size of 38u by 38y, which is about the
size of a 3 by 3 pixel region in an industrial CCD camera.
This is an appreciable spatial resolution for a sensor which
implements a global operation on a massive amount of input
data.

9.4 Future

It is generally believed that the future of computing depends on the exploi-
tation of large—scale parallel processing. Although specialized parallel
computers have been successfully used in many different application areas,
there remain significant obstacles to the widespread use of parallel
computers in task—oriented machine vision. The most significant obstacles
include the large size, power consumption and cost. The computational
sensors proposed by this thesis are implemented in comimodity VLSI tech-
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nology. There 1s a strong indication that this technology will remain domi-
nant technology for many years. Furthermore, the cost of the technology
will continue to go down, while its capabilities will continue to improve.

Tree—dimensional multi—chip packaging and through wafer interconnects
are gaining increasingly more interest in VLSI community and will prob-
ably be available within few years. Then, one may imagine most of the
low-level machine vision processing being implemented within a
three—dimensional stack of computational sensor chips (Figure 56). Many
of these chips may implement various local operations as the information
traverses through the stack of chips. Computational sensors performing
global operations, however, will be essential at the higher levels of the stack.
They will allow the results to be quickly routed off the stack for further
high—level reasoning.

Wtic

Figure 56: Computational Sensor Vision System.

When this concept becomes possible, the low-latency, robust performance,
low power and portability will make many new applications for machine
vision possible. Given the current trend, the area which will probably be the
most dramatically impacted is a human-machine interaction. Humans will
start seeing increasingly more vision based systems around and on them-
selves: in their homes, cars, offices, hospitals, entertainment, computers,
etc. Therefore, the future of computational sensor seems promising. The
low-latency computational sensors performing global operations on
massive amount of data will find important place in that future.
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