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In this paper, we argue that biological vision and electronic pled and we describe principles that are basic to both fields.
image acquisition share common principles despite their vastly dif- \We argue that multiple image representations, a fundamental
ferent implementations. These shared principles are based on theprinciple of visual neuroscience, can be applied to image ac-

need to acquire a common set of input stimuli as well as the need” . iti t Th that | | it
to generalize from the acquired images. Two related principles are ,qu's' lon systems. Then, we argue that local memory, a crit-

discussed in detail, namely, multiple parallel image representations i€al component in the design of electronic imaging systems
and the use of dedicated local memory in various stages of ac- with multiple representations, should be considered as an es-
quisition and processing. We review relevant literature in visual sential architectural feature when analyzing the function of
neuroscience and image systems engineering to SUpPOrt our argu-pe rons in the visual pathways.

ment. Parti(_:ularly, _the_paper discusses m_ultiple capture image ac- In the second bart of the paper. we point out the connection
quisition, with applications such as dynamic range, field-of-view, or ap paper, wep . \ectl
depth-of-field extension. Finally, as an example, a novel multiple- between the ideas presented here and various applications
capture-single-image complementary metal-oxide-semiconductorthat use multiple image captures to render a single image.
sensor is presented. This sensor has been developed at Stanfordhe success of multiple capture image acquisition applica-
University and it illustrates the principles that are shared among s nrovides further support for the generality of the ideas
biological vision and image acquisition. - . . .
and the conceptual relationship between the biological and
Keywords—€MOS sensor, digital camera, dynamic range, engineering systems.
human vision, image acquisition, image mosaicing, image 1eg- | tha third part of the paper, we describe an electronic
istration, image sensor, memory architecture, multiple capture, imaging svstem that operate ,usin these two princioles
multiple representations, visual pathways. g_ _g yS - p S ) g these _0 P k ples.
Specifically, we describe a multiple capture single image
(MCSI) imaging architecture [1]. At the core of this archi-
I. INTRODUCTION tecture is a digital pixel sensor (DPS), a new image sensor

Certain relationships between image systems engineeringrchitecture that performs multiple nondestructive image
and visual neuroscience are well established. For example readouts within a normal exposure time. Processing circuits
there is much common ground between biological vision and that combine computational and memory functions are
the technica| Systems for image ana|ysis or image qua“ty fundamental to this architecture. We hope that lessons we
evaluation. However, it is less obvious that biological vision have learned from engineering a multiple image represen-
shares common princip|es with image acquisition Systems tations System will benefit visual neuroscientists who seek
used for image reproduction. In the first part of the paper, we to understand neural function.
suggest that these two types of systems are conceptually cou-
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logical vision and engineered image systems generally work the added value to both for incorporating image interpreta-
with common input data: natural images. Hence, the two tion. However, what specific computational elements might
types of systems are linked by the need to work across thelink the processing in biological and electronic systems? We
range of constraints imposed by natural images [2]. Nat- describe two principles, multiple representations and local
ural image data span a particular dynamic range, have cer-memory, which we believe are shared by the visual pathways
tain characteristic space-time correlations, and contain var-and electronic reproduction system design. We do not mean
ious typical types of motion. Encoding the image data accu- to imply that this is a complete list; indeed, we are certain
rately is a necessary step for both image analysis and imagehat over time many other ideas will emerge.

reproduction. The properties of natural images set common

cgnstr_aints on the _encoQing and representation of images iny Multiple Image Representations

biological and engineering systems.

There is a second equally important source of common- On the one hand, it is obvious that the visual system
ality. Vision scientists since Helmholtz have argued that Makes multiple captures of a scene and renders, but a single
human visual perception is best understood as an expla-Perceptual experience: we have two eyes. It is surprising
nation of the physical causes of the retinal image [3]-[5]. to learn that this is but one of many examples in which
By interpreting the retinal images and not just storing the visual pathways create multiple representations. Each
them, biological systems are prepared to generalize from aretina includes multiple mosaics of neurons that separately
particular viewpoint, ambient lighting, size, or distance of a represent the visual field. For example, image transduction
specific image. uses two systems of photoreceptors: the rods and cones.

The ability to generalize from acquired data is an impor- Each system comprises a separate sampling mosaic of
tant capability for image reproduction systems as well. Image the retinal image. The rods encode the data for a system
reproduction systems rarely render a precise replica of theWith low spatial resolution but high quantum efficiency.
original. The reproduction is usually smaller, seen from a dif- The cones encode the image data at much higher spatial
ferent perspective and viewed in a different context than the resolution and lower quantum efficiency.
original. Reproduction systems create images that are gen- Rods and cones generally operate under different viewing
eralizations of the original image data; they do not replicate conditions, but there are also many cases in which multiple
the image data. representations of the image are obtained under a single

Once we recognize that the acquired image data are used&iewing condition. For example, the cones can be subdi-
to reproduce a generalized view of the original, the con- Vided into three sampling mosaics that expand the spectral
nection between image reproduction and image interpreta-€ncoding. The three cone mosaics also differ in their spatial
tion becomes clear: the image reproduction process will be sampling properties.
more successful if we interpret the original and apply appro-  The use of multiple field representations does not end with
priate transformations. For example, interpreting the shape ofthe photoreceptors. In fact, the number of visual field repre-
an original object can improve subsequent renderings from sentations increases at the next layer of neurons. Each foveal
different perspectives: illumination estimation can improve cone is contacted at roughly 250 synaptic sites by postrecep-
color rendering, measuring motion can remove motion blur. toral neurons. These contacts arise from eight to ten different
In general, imaging systems that can interpret the original types of postsynaptic neurons; each type of neuron forms part
image data will have better image reproduction capabilities. of a mosaic of similar neurons that represent the entire vi-

Our emphasis on the importance of image interpretation is sual field [10], [11]. Hence, the three cone mosaics are trans-
an extension of current practice; modern electronic imaging formed into a larger set of neural mosaics within the retina.
systems already include control systems that make certain Among the best known mosaics is the one initiated by the
inferences about the scene. Exposure value systems analyzeidget cells of the retina that then projects to the parvocel-
image intensity, white balance systems analyze the color dis-lular layers of the lateral geniculate nucleus and finally to
tribution in the image, and focus systems measure the dis-layer 4Cb of the first cortical area (V1). The midget cell mo-
tance to a principal object. We believe that electronic imaging saic samples the entire visual field at very high resolution. In
systems of the future will derive and encode much more the central region of the visual field, a single cone drives the
information about the physical characteristics of the scene. signal from a midget bipolar, which in turn drives the center
Elsewhere, we have argued that these capabilities can be imof the midget ganglion cell. Because of their fine spatial sam-
plemented and that doing so might prove to be much more pling resolution, this mosaic is present in very high density.
important than simply adding to the spatial resolution of the In addition to the midget cells, there are about a dozen other
digital sensor or simply integrating parts onto the sensor [6]. known retinal ganglion cell mosaics and several of these also
The ability to estimate the three-dimensional (3-D) spatial send their outputs to the lateral geniculate nucleus and then
geometry of the objects, illumination direction, specularity, to V1. By using multiple mosaics of photoreceptors and neu-
occlusion, and the properties of moving objects will provide rons, the visual system expands its operating range, perhaps
information that can radically change the capabilities of the including additional measurements along a variety of image
image reproduction system. dimensions.

We begin, then, with the premise that biological and image  In the last 30 years, we have learned that the visual cortex,
reproduction share constraints based on the input data andoo, contains multiple distinct representations of visual
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Fig. 1. Right hemisphere of a human brain seen in sagittal view. Rendered surface is the boundary
between the white matter and gray matter surface. Boundary between the white and gray matter was
measured using custom softwar€olor overlays in the posterior portion of the brain (occipital lobe)
show the positions of several different visual areas. These areas are determined from measurements
of activity in the human brain using fMRI [7]. Signals from the retina and lateral geniculate are sent
to primary visual cortex (V1). Areas V2 and V3 surround this region. Several other visual areas (not
shown) can be measured on the dorsal and ventral surface of the occipital lobe [8], [9].

information. These representations take several forms,pothesis, that visual areas should be organized by their role
including multiple spatial maps of the visual field. These in representing consciously available perceptual features, is
distinct maps have been observed using direct measurementanproven. We suspect that over time many other hypotheses
of neural responses in animal brains [12], [13] and more re- about the purpose of computations performed within dif-
cently using functional magnetic resonance imaging (fMRI) ferent visual areas will emerge.
of activity in the human brain [7], [14]. Based on these = Asecond hypothesis explainingthe need for multiple repre-
maps and other experimental criteria, including single-unit sentations is that each representation is designezhiputea
receptive field properties, cell morphology, and anatomical specialized quantity. For example, roughly 30 years ago, be-
connections, the visual cortex can be subdivided in many havioral studies suggested that the visual pathways contain
distinct visual areasthat separately encode the visual field mapsthatcode differentspatialandtemporal scales[25]-[28].
appear to serve different computational functions [15]. This has been an important theme in the human experimental
Fig. 1 illustrates the locations of several distinct visual literature ranging from relatively complex theories of bright-
areas in the right hemisphere of a human. Each of the coloredness perception [29] to theories of pattern detection and dis-
regions contains a map of the left half of the visual field; a crimination [30]. Some data suggest that orderly clusters of
corresponding map of the right visual field is present in the neurons within individual visual areas represent the multiple
analogous region in the left hemisphere. These visual field spatial resolutions [31]-[34]. The multiple spatial resolution
maps represent one of the clearest examples, at a large spati@rchitecture has provento be very usefulin digitalimaging ap-
scale, of multiple spatial representations of the image. The Plications (e.g., [35]). For example, multiple scale representa-
surface area of these visual areas varies from 4 to 30 cm tions are used in search algorithms; initial solutions are found
Visual cortex in human ranges from 2 to 5 mm in thickness atacoarse scale andthese solutions initiate the search atafiner
and there are approximately’6eurons/mri[16]. Most re- scale [36], [37]. Hence, both behavioral data and algorithmic
markable, it is estimated that each cubic millimeter of cortex €fficacy support the value of multiple representations of dif-
contains a length of 3 km of fibers that interconnect these férent spatial and temporal scale.

neurons [17], [18]. Like the retina, each cortical area further ~ Behavioral data also suggest that the visual pathways con-
contains a multiplicity of cell types. tain several different temporal representations [38], [39]. One

Why should the visual pathways contain so many mosaics interesting demonstration of the relatively small number of
that encode the visual field? One hypothesis is that each ared€MPOral representations is this: human observers cannot dis-

represents some perceptual feature. Some visual areas arI%r |rr1n|nf?tekb¢tween lights fII|<f:ker|ng at dlfgerentc;altgi.' n Ifla ct,
said to represent color, another motion and depth, anothen'9Nts flickering at temporal frequencies beyon zallap-

form, and so forth [9], [19]-[24]. Animal and human data pear to be flickering at the same rate [40], [41]. While the
lend modest support to this principle. However, the associ- flickeritselfis very visible, the flicker rate is impossible to as-
ation between visual areas and specific visuaI’ functions is S€SS- This observation suggests that the representation of tem-

far from proven. In fact, even the general form of this hy- poral frequency is baged ononly afew sqmple measurements,
justas the representation of wavelengthis based on a few sam-

IAvailable at http://white.stanford.edu/mri/unfoldSegment.htm. ples [42]. Compared to the vast literature on spatial mecha-

WANDELL et al: COMMON PRINCIPLES OF IMAGE ACQUISITION SYSTEMS AND BIOLOGICAL VISION 7



nisms [30], there is a modest amount of work on the neural distributed locally throughout visual cortex. At this point, we
basis of temporal mechanisms. This asymmetry is surprising: urge consideration of this point mainly based on the practical
the evidence for several temporal resolution maps is equal todesign considerations that motivated us to design systems
that of multiple spatial resolutions and the problem should be with memory located near the image sensor. In that work,
simpler because there appear to be only two or three differentwe found various uses for local memory. For example, the
temporal representations. The problem deserves further studyavailability of a small amount of per-pixel memory makes it
because, as we explain below, sensor dynamic range can berpossible to separate the timing demands imposed by image
efit greatly from multiple temporal representations. acquisition and image communication. We will discuss the

The visual pathways contain a large number of neural spa-value of local memory in the engineering design more fully
tial representations of the visual field or spatial sampling mo- [ater in this paper. We pause here to consider what might be
saics. These neural mosaics appear to be specialized for repknown about neurons that store local computational results
resenting visual features or for localized computations within \ithin the visual pathways.

appear to be a fundamental architectural feature and one thafhinking in visual neuroscience, it is worth considering the

might well be exploited by image reproduction systems. current view of computation and communication. Perhaps a
consensus description would be something like this: neural
B. Local Memory measurements of the image are continuously updated by pe-

In this section, we suggest a principle related to multiple ripheral neurons. These measurements are communicated to
representations: the use of local memory to assist computa-Output cells by variations in the firing rate. For example,
tions and representations at many points within the imaging Simple retinal signals derive information about image con-
pathways. In engineering applications, local memory is trast features that are highly localized space and time; this
found in many forms. Registers, buffers that coordinate information is continuously sentto cortical circuits that com-
timing when input and output between different devices, puteinformation spread over larger regions of space and time
and local memory, to contain the results of intermediate cal- (local orientation, local motion). These results, in turn, are
culations, are all widespread. In what follows, we consider continuously sent to brain regions that analyze data spread
the hypothesis that such local memory circuits will be found across large amounts of space and time (object features).
distributed in the visual pathways, even at the earliest stages. Within this framework, local storage of information

The visual neuroscience literature contains many experi- memory functions can be implemented by a variety of
ments that document the significance of a general-purposesimple neural signals. For example, storing neurons whose
short-term visual memory, sometimes called visual signals represent multiple moving averages, each reflecting
scratchpad In the behavioral literature, for example, averaging over a different temporal periods, would serve as
short-term visual store can be demonstrated using a veryone type of memory. If such signals are present, they can be
simple experiment [43]-[45]. Suppose ax3 array of compared with relatively recent signals, say, comparing a
letters is flashed for a few milliseconds and the observer is signal averaged over the last 50 ms with one measured over
asked to remember as many of the letters as possible. If nothe mostrecent 100 ms. The ability to make such comparisons
further indication is given, the observer will remember four is essential to motion analysis and other visual functions.
to six of the nine letters in the array, suggesting that about For example, a persistent signal of a few hundred mil-
half of the letters were encoded. liseconds can be of value in registering information from just

Now, suppose that a short time after presentation of before and after an eye movement. Also, longer integration
the array, a tone is sounded. The pitch of the tone (high, times usually provide more accurate estimates of intensity or
middle, or low) indicates which row of letters (top, middle, contrast, but only if the scene is static. By storing a sequence
or bottom) should be recalled. Typically, the observer of measurements in local memory, one can decide whether
will name all three letters in that row correctly. In this the long duration measurement reflects a high-quality mea-
experiment, then, it appears as if the observer has encodedgurement of a static scene or merely measures the time av-
all the letters, not half. This phenomenon can be explained erage of a set of moving objects. In this example, we use
by positing that all the letters are stored in a short-term the array of signals to decide which is the most precise mea-
visual memory; if the tone is presented while the letters are surement of the image. It is likely that an array of memory
in this store, all of the letters can be retrieved. However, cells, each providing a measure of the scene over the last few
if the observer tries to retrieve all of the letters, as in the hundred milliseconds, can be used to create various types of
first experiment, the memory trace fades during retrieval. context-sensitive algorithms that aid visual performance.
Hence, only half the letters can be recalled. In addition On this view, multiple representations and memory are
to these behavioral studies of short-term memory, there isclosely linked. One copy representation measures a value
evidence for the presence of short-term memory specific to close to the instantaneous stimulus-driven activity. A second
some visual tasks [46], but not others [47]. A widespread represents more about the recent time history of the response,
assumption is that the visual scratchpad is located outside ofeither by having a longer integration period or other specific
primary sensory areas [48]-[50]. computations. The value of a computed signal derived from

In addition to the visual scratchpad, we urge considera- these separate representations is the output buffer, another
tion of the hypothesis that visual memory capabilities are type of system memory that caches the result. By separating
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this output from values driven continuously by the signal such as controlling the lens aperture (pupil) or exposure
over time, the early sensory pathways can communicate atime, are not a satisfactory control parameter for managing
more reliable signal to other visual areas. This was amongthe large dynamic range. Instead, space-varying methods for
the reasons we use near-pixel memory in our imaging hard-extending dynamic range are needed.
ware. One way to extend the dynamic range of an image acqui-
The properties of memory circuits for other cortical sition system and still allow for spatial variation is to acquire
functions, such as motor control or decision mechanisms, multiple exposure durations of the image. For example, sup-
have been analyzed and various biophysical mechanismgose one takes several images of a scene at different expo-
have been proposed and studied (see, e.g., [51]-[53]). Itsure durations. Then, one can assemble a single image from
is also useful to consider the system-level characteristicsdifferent locations within this image collection [57], [58]. In
that visual neural random access memory (NRAM) cir- this way, each region of the final image has its own unique
cuits might possess. Memory circuits should represent exposure duration.
information accumulated over various time scales, not just Several groups have used methods for integrating data
the (near) instantaneous response to the signal itself. Thefrom multiple images captured at different temporal or spa-
contents of the memory might reflect the result of some tial sensitivity. For example, Takahas#t al. [57] describe
intelligent processing based on several measurements. In th@ temporal approach for extending image dynamic range.
event of a substantial change in the imaging environment They combine multiple captures obtained using different
(eye movements, blinks), it should be possible to reset theexposure durations from a conventional charge-coupled
memory and begin afresh. device (CCD) sensor. Because the CCD readout process is
While there is not yet compelling overwhelming evidence quite slow and destroys the accumulated charges, multiple
for local memory neurons within visual or other sensory temporal captures combined with multiple sensor readouts,
areas, such as V1, there are some recent intriguing reportsoffchip processing is required.
Neurons that appear to satisfy certain memory requirements Street [59] described a spatial approach for extending
have been reported widely across motor areas, includingimage dynamic range. He proposed creating a sensor array
peripheral areas such as the spinal cord [54]. We note with photosensitive elements that each have a different light
with particular interest that some neurons within area V1 sensitivity. By combining measurements from sensors with
mimic neighboring responses, as if they are representinghigh and low sensitivity, the overall dynamic range of the
the recent activity [55]. Local field potential measurements array could be extended.
suggest that some neurons within V1 appear to have the Nayar and Mitsunaga also use this principle [60]. They
characteristics needed for a short-term visual store [56]. propose to place neutral density filters that reduce the
Differential sensitivity to neighboring responses is one of sensitivity of individual sensors. Placing a mosaic of neutral
the markers for local memory circuits and we hope that filters with several densities extends the dynamic range,
the relation between this neuronal response property andmuch as using different temporal integration times will do

memory will be explored further. s0. This method trades spatial resolution for dynamic range
and it fails to take advantage of the shorter integration time
IIl. M ULTIPLE CAPTURE IMAGING SYSTEMS (better temporal resolution) that can be obtained for bright

) ) ) ) image regions. A complementary metal—-oxide—semicon-
An increasing number of image systems use multiple gctor (CMOS) imager implemented by Bajovic, however,
capture methods. These range from standard applicationseyp|oits this effect. Rather than fixing the exposure time and
such as the use of color filter arrays to acquire wavelength measuring the accumulated charge, this sensor measures the
samples, to sophisticated 3-D graphics applications. Here,qynosure time necessary to obtain a given charge level, thus
we describe some innovative appllcgtlon_s that use multl_ple exchanging the role of time and accumulated charge [61].
capture. We review methods that might integrate well with s gesign does not involve multiple captures, but it offers

simple image sensor hardware. a space-varying approach to extending dynamic range.

A. Dynamic Range Extension B. Active Illlumination

The most challenging scenes for image capture are those Kimachi and Ando use a combination of active illumi-
that include a wide range of ambient lighting. For example, nation and multiple captures in a video sequence to permit
natural viewing conditions often contain shadow and direct rendering of the image as if illuminated by one of a variety
illumination regions. Intensity differences between such re- of illuminant sources [62]. In their method, each illuminant
gions can exceed three orders of magnitude; neither photoreflickers at a separate frequency. The image data can be de-
ceptors nor typical image sensors can capture this intensitymodulated to produce a separate still image that shows the
without significant loss of contrast information. Algorithms scene illuminated by only one of the various sources.
for selecting a best exposure value (combination of integra- To implement the method efficiently, Kimachi and Ando
tion time and aperture) are important to electronic image ac- have designed and implemented a special purpose CMOS
quisition. sensor. The sensor demodulates the time-varying charge at

The large intensity range is often caused by spatially each pixel to measure the signal amplitude at a specific tem-
varying illumination. Thus, single variable mechanisms, poral frequency [62], [63]. Simpler forms of this method, say
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differencing the images acquired using the ambient illumi- a1 5%
nant and sum of the ambient illuminant and an active illu-
minant, can be used for a variety of purposes, including re-
flectance estimation and illuminant estimation [63], [64].

C. Image Mosaicing, Stabilization, and Superresolution

For many applications, it is desirable to create high-reso-
lution pictures with a wide field of view. Widening the image
rendered on a fixed sensor trades field of view for spatial
resolution. It is required, then, to develop methods for com-
bining multiple captures to increase the field of view and re-
tain the spatial resolution intrinsic to the optics and sensor
[65], [66]. These are callenage mosaicingnethods.

Image-mosaicing applications range from aerial imaging
to video retrieval to surveillance. The key computational step
is the registration of overlapping regions in the individual im-
ages. If the camera only tilts and pans and there is, thus, no
parallax between the images, the computation is relatively
simple. Registration of planar patches, viewed from different _ .

. . . Fig. 2. Example of 3-D mosaicing. (a) and (b) Two frames
angles such as the registration of aerial photographs of flat;, J\ e video sequenddowergarden 3-D camera rotation and
terrain, is also straightforward. Integrating views of a 3-D translation, as well as 3-D scene structure, are recovered from the
scene from different vantage points, however, requires the re-sequence. Using this information, the tree can then be removed
liable and precise estimation of extrinsic and intrinsic camera gﬁf:fé?]? tﬁ’rfé('lws'ggseicaee Egcigmghngcﬂﬂlgé’fé’;fﬁ: tsrggrlg
parameters and 3-D scene structure [67], [68]. An examplefiled in. (c) First frame, with the foreground removed, is shown.
of such 3-D mosaicing is shown Fig. 2. The example shows Zorgetibe FEare e Soinel G R (B et Sngle
that combining multiple images from different time instances input framé, but 39-D mosaicing nevertr;leles); fills in the och?Jded
can fill in occluded background, such that a complete map of background [67].
the background results. Such a map is never visible in any

individual image. . . .
ge. o its 3-D structure. These algorithms, sometimes called depth
Image mosaicing is closely related to electronic image sta- - ; o
S . . . from defocus, can be based on sophisticated image filtering
bilization, where small involuntary pan and tilt motions are . .
and analyses [76]. Image content can be manipulated in a

removed from a video sequence [69]. Such techniques are . S
, depth-dependent way by clever linear combinations of the
common today even in consumer camcorders.

Once image-stabilization algorithms yield multiple reg- images, for example, to create new images that represent a

. . ) . variety of depth of fields that are not directly measured [77].
istered images, one can attempt to combine these images ) : N
Rather than capturing two or more images with different

such that noise is reduced or even the spatial resolution is

increased. Superresolution schemes have received conside%?tgzecrz”fu?ggaﬁffﬁéQgr?qisa()fetﬂjrza&? fcr)gﬁ ?jtifcf)(;rsécnir\]/:\r?re
able attention in the image processing research community P P !

over the last years and impressive results have been showﬁage points. Classic stereo 'maging 1S certam!y among the

. . . L oldest examples [78]. Stereo image pairs are viewed with an
[70]-{73]. Superresolution techniques typically exploit im- appropriate display system that directs each image to the cor-
perfect antialiasing filtering before image sampling. In this repsp or?d'n e ep T)r/1eyanalo between stereo 'rr?a e acquisi-
case, frequency components beyond the Nyquist limit are ponding eye. dy betw imag quist

still presentin each image as aliasing. By combining multiple tion gnd blqocular b|olo_g|cgl vision 1S o_bvu_)us. . .
images with suitable linear shift-varying interpolation, these .It IS des!rable to build image appllcan(_)ns in which a
aliased components can be recovered and subpixel accurac%Iewer can: 1) 'see f? sclf]ene rhendereg an dlmage from .malzjy
can be achieved. Interestingly, binocular human visual acuity antage points; 2) fly through a rendered 3-D scene; an

is better than monocular acuity [74]. However, the binocular 3? ch&nge an ObJ?CLSth?"D pﬁs';'on' C_:omp;uger graphtlcs
resolution gain is consistent with the gain expected by noise algorithms accomplish this €asily Tor a given s-L geometry,

. . . surface reflectance and illumination. For natural scen
reduction and does not necessarily suggest superresolutlor\?\lheree3 D gome?r rgflectance znd ill(l)Jmination zr(f neost’
involving aliasing cancellation from multiple images. g Y:

known a priori (and might even be ill-defined) multiple
captures architectures can be used in systems designed to
render a scene from several different vantage points.
Information about object structure can be obtained by The design of such systems is based upon the idea that the
measuring multiple images using optics with different-sized rays scattered from a surface contains a multiplicity of views
concentric apertures or a variety of focal plane depths [69], (the so-called light field) and that by appropriate measure-
[75]. By observing the relative blur between these images, ment these views can be obtained by a small array of cam-
one can learn something about the distance to the object anceras: Adelson and Wang trace this notion back to Leonardo’s

D. Multiple Apertures and Multiple Viewpoints
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notebooks [79]. Methods for acquiring multiple images and  The CMOS sensors designed and implemented at Stan-
then reordering and interpolating the data to provide a variety ford University perform this process in hardware within a
of viewpoints of the scene are now used extensively in com- single sensor at high speed [91]-[93]. During a single expo-
puter graphics. These techniques are part of the general trendure, the scene intensity is sampled at high speed using an
towardimage-based renderin@0], which complements the  analog-to-digital converter (ADC) placed within each pixel.
classic geometry-based computer graphics methods. The ADC measures the current stored charge nondestruc-
Adelson and Wang describe an integrated sensor desigrtively. Hence, the first time sample obtains a brief exposure;
that acquires multiple images of the scene from slightly dif- each subsequent time sample measures an increasingly long
ferent points of view [79]. Their design uses a single camera exposure. The length of the exposure duration is set at a level
lens coupled with a lenticular array that separates the imagethat permits the darkestimage region to be estimated. We call
onto an interleaved mosaic of sensors. While it is elegant, thethe pixel design that incorporates the local ADC a DPS.
Adelson and Wang design only measures a narrow range of
viewpoints. Systems that move a single camera (or the object,A. Multiple Capture DPS

or both) achieve a larger range of viewpoints. Many groups  The first implementation of the DPS design was a
have built these types of systems for static objects or scenesg40x 512 CMOS sensor built using 0.35n technology.
To our knowledge, the largest light field that has been ac- Each pixel spanned 10m on a side and contained a light
quired in this fashion to date is that of the Statue of Night by sensor (photodiode), a bit-serial ADC, and one bit of dynamic
Michelangelo. In March 1999, Levoy and a group of his stu- random access memory (DRAM). Inthe firstimplementation,
dents from Stanford University acquired 24 304 images, each every ADC was shared among a block of four adjacent pixels
with resolution of 1300« 1000 red-green-blue pixels. One (Fig. 3). A number of the sensor properties were under pro-
other noteworthy recent design@®ncentric Mosaicsshere  grammable control. For example, by manipulating external
a camera is mounted at the end of a horizontal arm, looking signals, the sensortsansduction functiorfthe function that
outwards. As the arm swivels around, the camera acquires agoverns the relationship between light level and digital value)
full 360° panorama of the environment and simultaneously could be varied. In addition, under programmable control,
sweeps a range of vantage points [84]. For acquiring motion measurements could be obtained from each pixel separately
video from many simultaneous vantage points, systems with or from the sum of any combination of the four pixels within
arrays of video cameras have been built, for example by athe block [1], [91]. Such spatial binning is well known,
team at Carnegie Mellon University [85]—[87]. though perhaps less well known is a creative suggestion
Biological vision systems infer a great deal about the 3-D from Cornsweet and Yellott [94]. These authors suggest that
structure of their environment by moving through it. Motion  the extent of the spatial pooling should depend on the local
parallax is one of the strongest depth cues. Owls, when oth-image intensity. The DPS imager we have developed uses
erwise sitting still, can be observed to move their heads side-this notion with respect to temporal integration.
ways to improve their depth perception by motion parallax  Fig. 4 illustrates how this MCSI architecture extends
and recognize prey. How 3-D scene structure is representetiynamic range. Fig. 4(a)—(c) show measurements of a scene
internally in biological vision systems is still an open ques- made by three temporal samples while the pixels were
tion, but, we believe, multiple parallel representations will charging. The image in Fig. 4(a) is from the first sample.
be found, analogous to efficient light-field representations in Portions of the image are under-exposed and contain consid-
technical systems that combine both many views and coarseerable spatial noise. The image in Fig. 4(c) is from the last
geometry to aid processing and compression [88]-{90]. temporal sample, so that portions of this image are saturated.
Because of the nonuniform illumination, no single exposure
value captures both the light and dark parts of the image.
To create a high dynamic range image, we select pixels
Inthis section, we turn from general principles and a survey from the different sample times in Fig. 4(a)—(c), choosing an
of techniques to specific systems we have developed for appropriate duration sample. The image in panel Fig. 4(d) is
image acquisition and reproduction. By describing these ap- constructed from the three separate images in Fig. 4(a)—(c) by
plications, we hope to explain further why we have concluded selecting the pixel reading from the last sample prior to pixel
that multiple image representations and local memory are of saturation (or the final sample if the pixel never saturates).
general importance to engineering and biological systems. The coloring in panel Fig. 4(e) indicates the image source
Earlier, we described how it is possible to acquire several for each pixel. Because the DPS design uses nondestructive
images of a scene at different exposure durations and therreads, the total image acquisition time is no longer than the
to combine these distinct images to obtain a single high dy- time needed to measure the dark image regions.
namic range image. A more efficient method of achieving  Fig. 5 illustrates graphically how a high dynamic range
the same purpose is to take one picture but make a series oimage is assembled from the multiple images. Fig. 5(a) il-
sensor measurements at different times. From this series oflustrates how pixel digital value increases linearly with ex-
measurements, we obtain a series of nested pictures with inposure duration (assuming a constant input intensity). Mea-
creasing exposure durations. Thus, from a single acquisition,surements from four pixels with different intensities are il-
we acquire multiple representations of the image at different lustrated; the slope measures the pixel intensity. The bright
exposures. pixel (highlight) would ordinarily reach saturation quickly. In

IV. EXAMPLE—THE STANFORD CMOS $NSOR
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Fig. 3. Design of a CMOS image sensor with a programmable DPS. In this design, one ADC was
shared amongst four pixels. Data were sampled several times, so that each pixel could have its own
exposure duration. In addition, through programmable control of the switches, the pixels could be
read out singly (high spatial resolution) or the charge from all of the pixels could be pooled and read
(low spatial resolution). The sensor was implemented in @.86technology [91]. Pixel circuit is
diagrammed on the upper left; an image of the sensor and the pixel layout are shown in the lower right.

Krpsiurs T

Fig. 4. Multiple capture architecture for dynamic range extension is illustrated. (a)—(c) Images were
acquired during a single exposure by sampling the sensor repeatedly. Each of the exposure durations
is problematic, containing either a noisy region or a saturated region. (d) Combining the last good
sample and scaling the value appropriately, we can assemble the data into a single high dynamic
range image. (e) Pixel color corresponds to the colored boxes surrounding the images in (a)—(c). Pixel
color indicates the source image for each of pixels in the combined image (d).

a conventional camera, the exposure value algorithm might The DPS sensor improves system sensitivity by making
choose a brief duration, say, at the first time sample to avoid multiple image measurements. The bright regions are mea-
saturation, and pixels in the low lights would record low sured at the first time sample and the low lights are measured
values that are not significantly different from the lowest at later times. After enough time the signals from the dark
guantization level or the system noise. Hence, using a singleimage regions accumulate significant charge and become re-
short capture, the dark regions are measured poorly. liably different emerge from the lowest quantization level.
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First sample time Final sample time

measures highlights measures lowlights level [18], [95]. Ordinarily, Weber’'s Law is modeled by the
4 changing slope of a logarithmic transduction function. In

3]
E’ the MCSI architecture, however, the transduction function is
- linear, which is beneficial for image-processing steps (e.g.,
ﬁ demosaicing, color-balancing). The match to visual intensity
| discrimination is implemented by the varying quantization
8 bin sizes inherent in the MCSI architecture.
< Many types of rules can be used to derive a digital value
from the multiple samples of the pixel. For example, it is pos-
‘ sible to include a statistical analysis of the reliability of sig-
256 Long i = : ] na_Is obtained from gach of the samples. It is further ppssible
v i,,,,eg,,;,io,l,ﬁm el ! ‘ ‘ to improve the quality of the measurements by analyzing the
‘g | fme . T e multiple captures and deciding whether or not the samples
g i %J:hm """ are consistent with a still image. Hence, in addition to ex-
2 P ‘?',ifgmw' , S . panding the dynamic range, we believe that multiple captures
nj TF e /,ﬁ j ‘ yvill also be helpful in interpreting image motion and, thus,
% i 1000 o ] L1000 image qur—frge [61, [96]_. _ o
Intensity (cd/m?) Intensity (cd/m?) Are there biological vision specializations that correspond
(b) (©) to the multiple exposure durations? Measurements of human
Fig. 5. Conversion of intensity to digital value (transduction temporal integration show substantial variation with mean in-
function) is analyzed for a DPS. (a) For a constant image, charge tensity level. At low mean intensity levels, temporal integra-
accumulates linearly at each pixel. The four lines show charge tion of the signal appears to extend over a period of more
accumulating in regions with four different intensities. In the DPS, . . - )
the charge value is sampled at multiple times, indicated by the than 100 ms; at high mean intensity levels temporal integra-
vertical dashed lines. Bright regions are measured by early time tion is on the order of 10 ms [97]. Further, it appears that the
samples and dark regions are measured by later samples. Pixel visual system contains multiple temporal sensitivity mech-
response is coded both by the sampled level and the measurement . . . .
time. (b) In a conventional pixel, the transduction function is linear anisms with peak sensitivities centered at different resonant
and the size of_the quantization _bins is inverse_ly related to the frequencies [39], [40]_ Itis possible that these differences in
Ciposure duaton, () DFS reHieclu sonlnes data 1om ST measured temporal integration are mediated by signas from
linear, but the quantization bin increases with signal intensity. different mosaics and that a multiplicity of mosaics serves

to increase the effective dynamic range of the photoreceptor

With this design, the pixel digital value is estimated from the Signals. _ _
last sample of the image prior to saturation, when sensitivity ~ Finally, we have emphasized that the DPS sensor differs
is best. Each pixel is captured using a duration optimized for from a CCD sensor because data are read nondestructively.

that pixel’s intensity and the exposure duration is spatially In this regard, the DPS reading process parallels the way
varying. photoreceptor signals are read by postreceptoral neurons.
Fig. 5(b) and (c) shows the transduction function that maps Many different postreceptoral cells are driven by each
lightintensity to digital value. The transduction functionfora Photoreceptor and the photoreceptor signal follows the light
conventional single time sample imager is shown in Fig. 5(b). continuously. In this way, postreceptoral neurons can be
The stair patterns on the left and right of that graph show Structured to measure photoreceptor signals in a variety of
the functions for a long- and short-duration exposure, respec-Ways, averaging differentially over space and time.
tively. Changing the exposure duration alters the slope of the One challenge that results from acquiring high dynamic
function and changes the size of the quantization bins. Forrange images is this: conventional displays do not have the
each duration, the quantization bins are spaced evenly andcapability to display such a dynamic range. To render the
the bin sizes are inversely related to exposure duration. image shown in Fig. 4(d), we compressed the data using a
Fig. 5(c) shows the transduction function using the MCSI logarithmic transformation. More sophisticated algorithms
architecture. Again, the transduction function is linear. The have been explored and more work on this topic is needed
quantization bin sizes vary systematically: low intensity [98]-[100].
levels are quantized more finely than high intensity levels.
This occurs because the high intensity values are obtained®: Local Memory
from the short-exposure durations and the low intensity  All electronicimage sensors include temporary memory to
values are obtained from the long-exposure durations. support external transfer of image data from the pixels array.
The uneven size of the quantization bins has an interestingln CCD image sensors, the temporary memory is in the form
visual consequence. The mean intensity difference neededf analog shift registers (vertical and horizontal CCDs). In
to discriminate between high intensities is greater than that CMOS image sensors with analog pixels [101], [102], the
required to discriminate low intensities. This discrimination memory is located at the bottom of the sensor array and tem-
function corresponds well to human visual sensitivity and the porarily stores at least one line of image data.
observation that is generally called Weber’'s Law: threshold  In the first DPS implementation, each pixel has one bit of
to a change in intensity increases proportionally to the signal temporary memory to store the “bit-plane” before it is read
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Fig. 6. Partial DPS circuit diagram.

out. With such a limited amount of local memory, interme-
diate results had to be transferred from the sensor to computer
memory where the image was assembled. The next ADC step
could not complete until the single-bit memory value was
transmitted offchip; consequently, the ADC process was lim-
ited by the interdevice bandwidth.

In the second DPS chip, we added more memory to store
the ADC results of each pixel. In this implementation, each
pixel contained a bit-parallel ADC and 8 bits of DRAM (see
the partial circuit diagram in Fig. 6) [93]. By placing more
memory at the pixel, we could use a simpler ADC and com-
munication mechanisms. This sensor, which has:>3288
pixel array, was built using 0.18m CMOS technology. The
digital value measured at each sample time is stored tem-
porarily in the 8-bit memory. Because the data is stored digi-
tally on the sensor, the entire image array can be read at a very
high rate (1 GB/s). Moreover, while memory readout takes Fig. 7. Four images obtained from a high-speed DPS with 8 bits

. . L of local memory [93].
place, the sensor continues to integrate charge (pipelining).
The added memory improved the logical separation between
the ADC process and the data communication. The next generation implementations of the our CMOS

Fig. 7 shows the image of a propeller rotating at 220 r/s. sensor will take further advantage of local memory and pro-
The images were acquired sequentially with an integration cessing. By expanding the processing capabilities, it should
time of 100us per frame and no interframe delay (10000 prove possible to create a better quality sensor data. As one
frame/s). example, Liu and El Gamal [96], [103] have shown that by

The additional memory affects a space-time tradeoff. adding a small amount of extra processing, one can use near-
We provide more space to store the ADC result, more data optimal statistical methods to combine multiple samples of
communication lines to address the memory, and a memorythe pixel data on the sensor itself. These statistical methods
controller to read the results. In exchange, we simplify the account for the different levels of reliability of the data ac-
communication timing for transmitting the results along quired at different times. Further developments in this area
the imaging pipeline: with added memory available to each will include the detection of nonlinear growth in the time
pixel, the ADC process overlaps less with data communi- measurements that can account for image or camera motion.
cation. The initial reason for adding memory, then, was to Lim and El Gamal have developed methods to combine mul-
improve the timing between the ADC measurements and tiple image samples to measure motion flow [6], [104]. These
communication channel timing. methods may lead to algorithms that will reduce or eliminate

14 PROCEEDINGS OF THE IEEE, VOL. 90, NO. 1, JANUARY 2002



motion blur. The Stanford University group has also devel- REFERENCES

oped algorithms using multiple samples in order to perform 4
color balancing and rendering [63], [64].

Our experience with this hardware design suggests that
algorithms based on local spatial and temporal computation
are well suited to being carried out on the sensor. The value
of local memory to enable this processing has impressed us [3l
and for this reason we suspect that even the peripheral visual [4]
pathways are served by local memory circuitry. 5]

(2]

6
V. DISCUSSION—ELECTRONIC IMAGING AND VISUAL (6]

NEUROSCIENCE

.
There have been many attempts to characterize the con- g

nections between biological vision and electronic imaging  [8]
systems. While it is beyond the scope of this paper to re-
view this literature, we do note that the ideas developed here [qg;
differ from the best known efforts to share ideas between the
disciplines of biological and electronic imaging systems [4],
[105], [106]. Both Marr and Mead argued that we should
look to the biological design to inspire electronic design. In [11]
certain instances, we agree that the insights will necessarily
flow from biological vision to engineering design. Image
quality metrics for evaluating image systems must be based
on models of human visual performance (e.g., CIELAB) and [13]
not the common metrics used in engineering design (e.g., [14]
RMSE) [107]-[111].

The approach here is based on the premise that ideas [15]
should flow in both directions. There is much value in
examining the necessary elements of electronic implemen-
tation and asking whether these functions might be present [16]
in the neural implementation. Our focus here is on the
value of local memory; it is also possible that other basic
circuit functions, such as timing circuitry, are present in the
biological circuitry (e.g., [112], [113]). Hence, efforts to  [18]
think through clean designs of electronic imaging systems [19]
will raise novel questions and insights about neural circuitry.

We have identified principles that span the fields of elec- [20]
tronic imaging and biological vision. The principle of mul-
tiple representations of the image is well established in the
neuroscience literature and we believe that this idea is also [22]
relevant to the process of capturing and transforming im-
ages for reproduction. Based on our experience with system
design, we believe that temporary storage of intermediate [23]
output is a valuable tool at all stages within the imaging
pipeline and we suggest that such functionality is likely to
be found distributed within the visual pathways. We are cer- [25]
tain that many other common design principles can be found.

Despite the enormous differences in implementation detail
between electronic circuits and biological vision, we believe
that understanding these broad principles may be a natural
bridge for the exchange of ideas. We hope this article helps (27]
create a bridge to carry ideas between these two disciplines.
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