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Hardware Implementation of a Visual-Motion Pixel
Using Oriented Spatiotemporal Neural Filters

Ralph Etienne-Cumming$/ember, IEEE Jan Van der Spiege§enior Member, IEEEand Paul Mueller

Abstract—A pixel for measuring two-dimensional (2-D) vi- estimation must be performed on targets with a wide velocity
sual motion with two one-dimensional (1-D) detectors has been dynamic range. Since primates are visual animals, a large
implemented in very large scale integration. Based on the spa- ,q4ion of the cortex is dedicated to visual processing, which
tiotemporal feature extraction model of Adelson and Bergen, the 50 i d with oth . . d behavioral
pixel is realized using a general-purpose analog neural computer Is also integrate V_V't other sensing, reasoning and behaviora
and a silicon retina. Because the neural computer only offers centers of the brain. Consequently, the method employed for
sum-and-threshold neurons, the Adelson and Bergen’s model is primate visual-motion estimation exploits the availability of

modified. The quadratic n0n|inearity is replaced with a full- a |arge amount of wetware to realize robust' wide dynam|c

wave rectification, while the contrast normalization is replaced _ o Aot . oo
with edge detection and thresholding. Motion is extracted in two range, general _purlpose moFlon lestlmatlon C.IrCUI.tS' .
dimensions by using two 1-D detectors with spatial smoothing Attémpts to implement visual-motion estimation in VLSI

orthogonal to the direction of motion. Analysis shows that our hardware have followed the fly’'s model [5], [6]. This has
pixel, although it has some limitations, has much lower hardware been influenced strongly by the limited space and power
completxity conr:pare(;j :10 the ful(ljz-deodelt. Italso glroduces mored available to realize focal-plane motion detection circuits which
o e o 1D model e s o?k?i%ers e nfénv(;?g::ﬁ;r?s can be easily integrated on behaving systems such as robots,
represented as a distribution of activity of the 18X and 18y autonomous vehicles, and gaze controllers. Consequently, the
velocity-tuned neural filters. last few years have produced some elegant focal-plane motion
Index Terms—Vision chips, visual motion detection, VLSI neu- _detECtiO,n circuits based (,)n the fly's mo‘,je" while expanding
ral filters. its spatiotemporal bandwidth and dynamic range [6]-[9]. The
approach presented here is not a competitor for these compact
focal-plane solutions. Our method requires too much hardware
for focal-plane implementation. It is, however, intended for
HE VISUAL-motion detection mechanism employed byhe scenario where a functional “silicon cortex,” with many
insects, such as flies, and primates are quite differenturons, synapses, and axon/dendrites, is available and applied
The effective computations performed by these organiznis,a problem requiring visual motion as a prerequisite. In this
however, have been shown to be identical [1], [2]. For irparadigm, the motion-detection mechanism must be compat-
sects, motion estimation is performed very early, immediatelyle with the other computations performed by the “silicon
following the light-sensitive omatidia, while for primates, theortex.” Hence, the implementation presented here mimics the
motion center is area medial temporal (MT) in the cortephysical organization of the primate visual system, and the
[3]. [4]. As a result, the fly’s motion-detection neural circuitgomputation model for cortical visual-motion estimation.
can be modeled with mostly nearest neighbor correlation ofVisual-motion estimation is an area where spatiotemporal
the omatidia outputs to extract both direction and speed e@dmputation is of fundamental importance. Each distinct mo-
moving light patches. There are obvious survival benefits fabn vector traces a unique locus in the space—time domain.
the early implementation of visual motion detection in fliesdence, the problem of visual-motion estimation reduces to a
Hence, the insect visual motion neural networks are designfiedture extraction task, with each feature extractor tuned to a
to optimally match the expected spatiotemporal characteristigsrticular motion vector. Since neural networks are particularly
of the environment in which they live, and are consequentéfficient feature extractors, they can be used to implement
narrowband and velocity-specific detectors. For primates, gifese visual-motion estimators. Such neural circuits have been
the other hand, the visual tasks required for survival arecorded in area MT of macaque monkeys, where cells are
much more complex. The environment in which primates livéensitive and selective to two-dimensional (2-D) velocity [4].
has a wide range of spatiotemporal frequencies, and motiorHere, a hardware pixel for two 1-D visual-motion esti-
mation with spatiotemporal feature extractors is presented.
Manuscript received July 23, 1998; revised June 4, 1999. This paper whssilicon retina with parallel continuous-time edge-detection
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Fig. 1. (a) 1-D motion is orientation in the space-time domain. (b) Motion detection can be realized with oriented spatiotemporal filters. (cipUtierdist
of the velocity-tuned filter responses encode the stimulus velocity.
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the spatiotemporal motion estimators. The motion detectifor detecting motion [13]. Fig. 1(a) shows an oriented filter
neural circuits are based on the early one-dimensional (1-88nsitive only to symmetric moving features; an antisymmetric
model of Adelson and Bergen and recent 2-D models 6fter is also required. Hence, quadrature pairs of oriented
David Heeger [1], [10], [11]. Since the neurons only computdilters at various scales are used to measure visual motion
delayed weighted sum-and-threshold functions, the modaisa realistic scene. In the frequency domain, the motion of
are modified. The original models require a division foa point is also a line. The slope of the line is the velocity of
intensity normalization and a quadratic nonlinearity to extratiie point. Hence orientation detection filters, shown as circles
spatiotemporal energy. In our model, a silicon retina perfornis Fig. 1(b), are used to measure the point’s velocity relative
intensity normalization with high contrast sensitivity (a binaryo their preferred velocity. A population of these tuned filters,
edge image is produced), and the quadratic nonlinearity Rfgy. 1(c), can be used to measure general image motion.
replaced by rectification. In an effort to handle 2-D mo-

tion detection with a tractable hardware complexity, we ud® 1-D Oriented Spatiotemporal Filters

smoothing prefilters orthogonal to the_ direction of motion and The construction of the spatiotemporal motion detection
two 1-D detectors. We show that this approach reduces s is based on the frequency domain representation of
amount of hardware required per pixel considerably, compargd, ;5| motion. In the frequency domain, constant 1-D motion
to the full 2-D implementation of Heeger, however, itis not ag; 4 point is represented as a line through the origin with
general. Compared to the two 1-D method without preﬂltermg, slopeve = w;/w,, Where v, is the velocity,w; is the

our model produces more accurate results and has less Ofté}ﬂporal frequency, and, is the spatial frequency. That is,
aperture problem. It _doe_s, h_ovyever, require that the spectlrﬁé Fourier transform of(z — v,t) is 8(vawy — w;). Oriented
components of the stimuli exist in the.-w, andw,-w; planes.  gpatiotemporal filters tuned to this velocity can be easily
If none of the spectral power of the stimulus appears {thnstrycted using separable quadrature pairs of spatial and
the w,-w; and w,-w, planes, our approach would producgemnory| filters tuned tas,, andw,., respectively, where the

no output, while the strict two 1-D approach would produc referred veloCityve = wio/wxo. The /2 phase relationship
incorrect results. Fortunately, the binary image produced Byyeen the filters allows them to be combined such that they
the silicon retina places spectral components in these plapggce| in opposite quadrants, leaving the desired unseparable
for most images (intensity gradients with too small contrast d@yented filter. Hence, quadrature pairs of oriented filters
not produce a binary image). The measured tuning curves 9t created and must be considered together to measure the
18 X and 18Y velocity-selective neural filters are prese”te(i:omplete influence of the motion of a general image patch.
The visual-motion vector is implicitly coded as a distributiorrgig_ 2 shows the construction of oriented filters for 1-D
of neural activity, and the explicit velocity is computed by thg,orion. Examples of separable spatial and temporal filters and

first moment of the distribution. the constructed motion detectors, employed by Heeger, are
given in (1)—(3) [11]. The only requirements for successful
Il. THEORY OF SPATIOTEMPORAL FEATURE EXTRACTION candidate functions are that they should be matched, band-
AS MOTION DETECTORS limited and quadrature counterparts. Equation (3) shows how
they are combined to realize oriented spatiotemporal filters
A. Overview 1 2\
The technique of estimating motion with spatiotemporal 90(t) = V2ro, eXp(ﬁ) sin(2mwiot) (12)
feature extraction emerged from the observation that a point 1 42
moving with constant velocity traces a line in the space-time 9e(t) = T eXP(ﬁ) cos(2mwiot) (1b)
domain, as is shown in Fig. 1(a). The slope of the line is ;rat t2
proportional to the velocity of the point. Hence, the velocity go(x) = exp<__x2) Sin(27wyo ) (2a)
is represented as the orientation of the line. Spatiotemporal V2ro, 203
orientation detection units, similar to those proposed by Hubel ge() = 1 eXp(;a?) cos(2mwror) (2b)
and Wiesel for spatial orientation detection, can be used ‘ V2ro, 202 *
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Right Motion Left Motion E is the output energy of the filter and is a bipolar repre-
() sentation of velocity. Because this filter is tuned to a specific

Fig. 2. In the frequency domain, motion filters are constructed with quadr\é-eIOCIty ata SpeCIfIC spatlotemporal frequency’ the complete

ture pairs of oriented spatiotemporal filters. (a) Even-oriented filters. (H0del is then composed of a population of similar detectors

Odd-oriented filters. with various spatiotemporal tuning. The velocity is extracted
) from the distribution of filter outputs, much like the motion

Right, (vz, 7, t) = ge(t)ge(z) + 9o(t)g0(x) sensitive cells from area MT of macaque monkeys [4], [14],

or [15]. Fig. 3(a) shows a possible placement of the motion filters

Right (va, =, ) = ge(£)g0(z) + go(t)ge(2) (3a) in _the Wy plan_e. The responses of the fillters.to a mqving
Left, (v, 2, £) = g ()90 () — go()go () point are shown in gray scale, where black implies maximum
eNTEr er/de oNtIge activity. Since the moving point has a flat power spectrum, all

or filters along its velocity will be stimulated. Hence, a broad
Left,(vy, z, t) = ge(£)go(2) — go(t)ge(x). (3b) distribution of responses is observed. The centroid of the
distribution of responses provides an optimal estimate (in the
least-squared sense) of the motion, which improves as more
The complete velocity selective filter is constructed b iIter; V.Vith more overlapping passbands.a.re useq [14]. Ot.her
euristics may be used to extract the explicit velocity. Equation

combining the even and odd oriented filters, i.e., Right . . ) . X
. 2 . 2 o . . 5) gives the relationship for the estimated velocity, whife
(Right,)” + (Right,)". Since this technique measures th% the number of oriented filters and:{/w,;) is the tuned

energy of the input signal about the preferred orientation of e .
the filter, it suffers from velocity/contrast ambiguity. That isyelouty for each filter
a bright object with velocity far from the preferred value may M
solicit a stronger response than a dim object closer to the <W”>E(%7 Wxis Wi )

preferred value. To eliminate this effect, the output of the 5 — =1 (5)
velocity sensitive filter is normalized by the contrast of the v M )

image patch at the spatial scale of the oriented filter. The final ZE(vm, Wiy Wei)

=1

frequency domain response of an oriented motion detection
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Fig. 4. Measurement of 2-D motion with oriented filters. (a) Single filter responds to a continuum of 2-D motion planes. (b) Two oriented filters
isolate the correct motion plane, but do not respond to all spatiotemporal frequencies. (c) A collection of filters isolates the correct motiod plane a
spans all spatiotemporal frequencies.

In Fig. 3(b), a moving sinusoidal grating is presented gwoblem, and results from the observation that a single 2-D
input. The grating’s spectrum is localized at a single poimtriented filter solves one equation of two unknowns. This
in the w,~w,; plane. Consequently, the filter responses aproblem is graphically shown in Fig. 4(a)
narrowly distributed about the filter closest in spatiotemporal

tuning to the grating. None-the-less, a centroid of the responses Ge(@, Y, £t Wxo, Wyoy Wro)

provides a good estimate of the grating’s velocity. Grzywacz = 9e(%)9e(¥)9e(t) + ge(2)90(y) 90 ()

and Yuille have argued that only two filters are required to + 9o(2)ge (1) 90 (t) + go(2) g0 (¥)ge (t) (6a)
estimate the velocity, however, the accuracy of the estimation Gol, Y, £ Wros Wyos Wio)

will decrease as the spatiotemporal spectrum of the image P TEer e e

and the oriented filters differ [14]. This is illustrated by the = 9e(2)9e (1)g0 (1) + 9e ()90 () 9e (*)

sinusoidal grating stimulus, which produces no filter responses + 90(2)9e(¥)9e (8) + 9o(#)90(4) 90 (t) (6b)
if its spatiotemporal spectrum does not appear within the F.(z, y, t: Wxo, Wyo, Wto)

passband of any of the motion detectors. Clearly, a general-

. . . . . = Ge\T)Ge e(t) + ge(2)go ot
purpose motion detection SyStem using oriented Spatlotemporal g ( )g (y)g ( ) g ( )g (y)g ( )

filters must cover the entire frequency range of the intended = 90(%)9e(¥)90(t) — 9o(2)90(y)ge (t) (6c)
stimulus. A mosaic of individual filters located at various Fo(z, y, t: wxoy wyo, Wio)

tunings, as shown in Fig. 3, can be used. In addition, this = ge(2)9: (1) 9o (t) + ge(2) g, (1) 9. (1)

collection of filters must also be replicated at every pixel. — oz D — ol + 6d
Evidently, this approach is hardware implementable only in 9o(2)ge(y)ge () — 9o ()90 (1) 90 (%) (6d)

a large system. If two sets of oriented filters are used, the correct motion

plane can be isolated (i.e., two equations of two unknowns).
However, the two filters would only cover the spatiotemporal
bands defined by their tuning and bandwidth, as shown in
If the point exhibits 2-D €, y: v., v,) motion, the problem Fig. 4(b). Hence, this configuration is effective only for broad-
is substantially more complicated [11], [15]. A point executingand images. A collection of filters spanning all combinations
2-D motion spans a plane in the frequency domain. Thé (v, wy, ;) in the plane of the correct motion is then
approach presented above for constructing oriented filters stédfjuired. Fig. 4(c) shows schematically one such filter tuned
applies in two dimensions. The oriented filters of the form ito a band of frequencies on the preferred motion plane. To
(6), derived from (4), respond not only to the desired motiongspond to a general image patch at this preferred velocity, a
but also to a continuum of motion satisfying.v« +wyovyi+ Number of these torus-shaped filters, with increasing radii, is
wioe = 0, where vy and vy; are the velocity componentsrequired to cover the bandwidth of the image. Equations (7a)
defining the plane, anduv(,, wye, wio) is the spatiotemporal and (7b), shown at the bottom of the page, give the expression
tuning of the filter. The filters¥ and F' in (6) are orthogonal for one of the torus-shaped filters. The equation assumes that
to each other. This is a manifestation of the famous apertunglividual filters in the torus are placed such that they overlap

C. 2-D Oriented Spatiotemporal Filters

N

E2(1JXi7 vyi, Cp) = Z E,z(wxj, Wyi, W), Wherevyiwyg + vyiwy; +wy; =0 and wij + ng + wf,j =C?2  (7a)

=0

[GZ (wsjs wyj, wij) + Gowyg, wyj, wij)] = [FZ (wsjs Wy, wij) + Fo(wy, wyj, wij)]
[9e(wxj) ge(wWyi)]? + [go(wxj)go(wyi)]? + [90(wxj) ge(wyi)]? + [ge(wsj)go(wy;)]?

Ei(wyj, wyj, wij) =

(7b)
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at (0% +o2+0%)!/? = o;, and the centers of the filters ate; Infinite @y extent
apart, where &;, oy, oy;) are, respectively, the bandwidths ot 1D X-detectors
of the separable filter components. Hende= «(Cy)/o,; =

(w2 + w + wy)/? /o, filters are required per torus, where Incorrect filter
C;, is the radius of thecth torus, andN is the number of Response
individual velocity-tuned filters used to create the torus. The Motion

v plane

bandwidth of the wideband velocity-tuned filter is the sum of Correct filter

X

the bandwidths of the filter2§;) in each of theM tori as in ox ox
(7a) and (7b), shown at the bottom of the previous page. %< OXVIHOI=0
The construction of the wideband velocity filter tuned tok-velocity __ g@f Y
wy

this one motion plane requires a total 8i/N separable Detector
spatiotemporal filters per pixel. To cover a large range of speed (a) (b)

and direction, many such filters are required. Assuming thgy. 5. (a) Measuring 2-D motion with a 1-D detector is aperture limited
same coverage strategy as for each toni$,velocity planes and (b) produces errors.

are required, resulting in a total &fA/ N separable filters

per pixel. In comparison, for the 1-D case, assuming the Sa@e 1,0 1-D Motion Detection

coverage algorithm, the number of separable filters required ) ) _ ) _

is 4MN. (In a sparsely distributed example whelé = 3 Consider a 1-D motion detector faf-velocity. It is realized
and N = 6, the number of separable filters required is 518%ith @ row of pixels, and the measured motion is reported
per pixel for the full 2-D model, compared to 144 for the tw@t the central pixel. When a 2-D stimulus falls across its
1-D case.) The speed and direction of a general image pafgReptive field, a single sample of the stimulus is taken in the
can be extracted from the distribution of filter responses &sdirection, and in theX-direction, the number of samples

given by (8) corresponds to the spatial scale of the detector. Clearly, the

aperture problem in th¥-direction is more severe than in the
M N X-direction for anX-velocity detector. Fig. 5(a) shows this

>3 E*(usi, vyi, Ci)y v + 0 process schematically. The velocity reported by _%n and

lv| = k=04=0 . Y -detector pair is given by (9) for a line orientedéto the

i g:EQ( o horizontal and moving with velocitye(,, v,)
Uxi, Uyi, Uk
k=0 i=0 ol P =, + vy/tan § and v;_n =wvy + v, tan 6. (9)

and
Equation (9) illustrates both the aperture problem and the

M N°?
SO B2 (v, vy, C) <@> propensity for two 1-D detectors to provide extremely wrong
k=0 i=0 Uxi measurements as the orientation of the 2-D stimulus ap-

f = arctan M N? (8) proaches © or 9¢° On the other hand, if the stimulus is
ZZEQ(%, vy, C) a vertical or a horizontal line, the correct aperture limited
k=0 i=0 measurement is obtained.

Evidently, the hardware complexity for realizing the full 2-D Tol Bnc(ijertsta;nd thteh |mfpact of a gener_al 2-D| 'mage patch
motion detection filters is too large and completely intractab o ee;olrsb Xe rleq_uen((j:y omain a’?ayszjs S Lnore
in current very large scale integration (VLSI) systems. Usidguminating. A “ve oc_lty_ _etecfcor IS or|er_1te n t. €
two 1-D detectors reduces the complexity @(N?) to O(N), wx-wy plane, but e.xtends infinitely inv,. The inverse s
but there are some penalties. Below, we discuss the hazaterg for theY—vqucny detectpr. Consequently, as sho.wn n
of measuring 2-D motion with two 1-D detectors. We alsg'g' S(t_’)’ the motion of any image patch from a co_ntlnuur_n
propose an approach to reduce the disadvantages. We S%vgnotlon planes maiching the passband of the filter wil

that our two 1-D method only approximates 2-D motiorﬁ’mduce an incorrect response. The only correct response is
&duced by the detector located in the-w, plane, where

detection in special cases. Our system promotes the speenf . .
cases. the motion plane intersects the.-w; plane. Unfortunately,
the latter detector is triggered only if the image patch has

spectral components in this plane. Nonetheless, it is better
to report zero motion rather than the incorrect velocity. Two
1-D motion detection measures the correct 2-D motion if the
passband of the 1-D detectors are restricted to.the, and

Measuring 2-D motion with two 1-D motion detectors isv,-w; planes, and if the stimulus has spectral energy in those
fraught with problems. In special cases, however, the two 1{idanes. This implies that the infinite extent of the passband of
detectors do produce the correct 2-D results. First, we prestm 1-D detectors in the direction orthogonal to motion must be
the problems with the two 1-D approach, and subsequentbyppressed. Furthermore, the image must either already have
we identify the cases where it produces the correct resulépectral components in the.-w, andw,-w, planes, or must
Lastly, we show how our system promotes the special cadesforced to have so. Our system attempts to realize these two
and how it is constructed. constraints.

I1l. M EASURING 2-D MOTION WITH TwO 1-D DETECTORS

A. Overview
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C. Realizing 2-D Motion Estimation with Two 1-D Detectors ot (o, 1)

To restrict the frequency response of the 1-D motion de-
tectors to thew,-w, andwy-w, planes, a smoothing prefilter
is applied in the direction orthogonal to motion. If the pre-
filter has infinite spatial scale, this is identically realized. In
our system, an approximation is obtained with a smoothing
“Gaussian” filter with twice the spatial scale (15 pixels) of
the largest scale motion filter (7 pixels). An approximation of
a Gaussian prefilter is chosen to reduce the high frequency
side-lobes of the smoothing filter. Furthermore, smoothing
at a larger scale than the motion detection and using a
tapered smoothing kernel suppress edge effetsreover, (@)
the receptive field of the 1-D detector is widened in the
smoothing direction. Consequently, the aperture problem is
reduced in our model compared to the two 1-D case without
prefiltering, however, motion blurring across object boundaries
will be more prevalent. The two 1-D images that are produced
are used as inputs for the 1-D detectors.

The power spectrum of the image must exist in dhew;,
and wy,—w, planes for the two 1-D detectors to measure
2-D motion, albeit aperture limited. For wideband images,
such as points, lines or abrupt edges, the power spectrum
already exists in these planes. In these cases, other than the
aperture limitations, the two 1-D detectors produce the correct
2-D results if the detectors are limited to theg—w; and (b)
wy—wy planes. For a narrow-band image, such as a sinusoi@gl 6. (a) 2-D motion detection with two 1-D filters isolated to the-w
gratings and plaids, there are no spectral components aimlw,-w: planes produce correct results. (b) The oriented filters are organized
these planes. Here, our 2-by-1-D detectors would produce ipghews—w: andw,—w; planes for wideband wide-range velocity detection.
results, while the version without prefiltering would produce
incorrect results. Our system, however, goes one step furth@fmalization was required to remove the speed-contrast am-
and p|aces some spectra| components inuthev, andwy_wt blgUIty This is realized by d|V|d|ng the filter response by the
planes. This is performed by the silicon retina front endhagnitude of the spatial contrast falling within its receptive-
which converts all images to binary images of edges. THigld. Unfortunately, ratios can not be easily implemented
sinusoidal p|a|d is thus converted into a square p|a|d, WthhWch linear sum-and-threshold neurons. We eliminate the need
a wideband image. The additional benefit of the silicon retidlr contrast normalization by performing edge detection and
is outlined below. Equation (10) outlines, mathematically, hol@Peling before motion detection. That is, a silicon retina is
the two components of motion can be extracted. Fig. 6 shoWged to image the scene, to compute, in parallel, a 2-D con-
schematically how correct 2-D motion can be extracted witfplution of the image with a band-limited Laplacian operator

G(wyj,04) vx=(ti/xi

" line

-

Vy=0/ 0]

1(Wxvx+Wyvy+Ot)
planc

the two orthogonal sets of 1-D oriented filters and to form a binary image of edges [6], [16]. The binary
image is realized by thresholding the positive lobe of the

Wy (3) % I(wy vy + wyvy + wy) edges ¢ + V.) to the maximum voltage. This process has

wy=0 _ Wi the effects of creating a spatiotemporally robust wideband

— L{weve + wi)b(wy) = vz = o (10a) image of strong edges with identical contrast. Furthermore,

Wo () * I(wave + wyvy + wy) this proce_dure removes the p(_)tential singul_arity ir_l (4) and

(7) for noisy and low contrast images. This is equivalent to

W—?I"(wyvy +wi)b(we) = vy = ﬂ (10b) incorporating a confidence measure, as proposed by éfras
¥ al., when reporting visual-motion measurements [17]. Here
D. Modified Two 1-D Construction we measure the mot_ion of robust edges,_which produce_ _high
confidence results. Fig. 7 shows a block diagram of the silicon
In addition to the modifications mentioned above, thefgtina.
are two further changes required for implementing oriented The second modification is to replace the quadratic nonlin-
spatiotemporal filters with a relatively small number of anasarity with a full-wave rectification. In Sections 11-B and 1I-C,
log neurons, synapses, axons/dendrites, and synaptic ti®e filter response is squared to extract its energy content.
constants. The first modification handles the need for cophis has the additional feature of rectifying the response.
trast normalization. In Section II-A, we argued that contrasfince multiplication is also hard to realize with simple linear

1 . . . _ _sum-and-threshold neural networks, the squaring operation
An oriented line that extends beyond the smoothing window moving in

the direction orthogonal to the 1-D detector will produce and error similar & replaced b_y a . full-wave rectification. In this case, the
(9) unless these edge pixels are suppressed. output of the filter is the square-root of the energy. Full-wave
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Fig. 7. The block diagram of silicon retina. X-Motion Prefilicred Sub-Images
Fig. 8. Spatial presmoothing orthogonal to the direction of motion produces

rectification can be easily implemented with half-wave rectf/® D images.
fied linear neurons. In our system, each 1-D oriented filter

given by B Spatial Prefiltering

Section Il indicates that a smoothing prefilter is required

] to eliminate frequency components in the spatial direction
IRIght(v;, wxo, wio)| orthogonal to the 1-D motion filters (see fig. 8). The scale
= |Right, (vz, wxo, wio)| + |RIGNt (v4, wxe, wio)| (11a) of the prefilter is set to provide a good approximation of
|Left(ve, wxo, wio)| a deltﬁ funchtion in the Ifreqluency hdomailn, v;/hir:e not 0\;]er
. smoothing the image. Clearly, as the scale of the smoothing
= |Lefte (v, wxo, wio)| + Lty (v, wro, wio) (11D) filter increases, multiple independent objects can be combined.
E(v2, Wsos Wio) The measured motion will then be the average motion in
= |Right{vy, wxo, wio)| — |Left(vz, wxo, wio)|.  (11C) the pixel's receptive field. An approximation of a Gaussian

low-pass filter of 15 pixels, half kernet [1, 0.97, 0.9, 0.8,

IV. CONSTRUCTING THE SPATIOTEMPORAL MOTION FILTERS 0.6, 0.35, 0.05, 0'01.]' IS “S‘?d since the motion detector is
constructed of 7x 7 image pixels.

A. Overview C. Spatial Filters

Two 1-D motion detection can be used to approximate the chosen spatial filters quadrature pairs are discrete ap-
the full 2-D model with a much reduced hardware compyqyimations of first- and second-order derivatives of Gaussian
plexity per pixel. Section II-B outlines the steps for creatingnciions. The first-order derivative provides an odd function,
oriented filters tuned to 1-D motion. Coupled with the preghile the second-order derivative provides an even function.
conditioning of the image, using the silicon retina and thgne space constant of the filter pair is set by the number of
smoothing prefilters, the two 1-D detectors are realized Wiflyo|s ysed. That is, the spatial extent of the filter will be
two 1-D sets of filters tuned to th& and Y directions, ree pixels for the highest frequency filters and seven pixels
respectively. Quadrature pairs of spatial and temporal filtefs; the |owest frequency filters. The sums of the positive and
are required tq construct the oriente_d filters. The Spatil%gative coefficients are-0.5 and—0.5, respectively, for all
and temporal filters are used to realize the separable spgsjes. Taple | shows the coefficients used to implement the
tiotemporal filters that are not velocity selective. Due ifreq scales of the spatial filter pairs. Equation (12) gives the
their independence and separability, the velocity ”Onseledéneral expression for filters in frequency space, wheris
tive spatiotemporal filters are obtained simply by cascadiie numper of coefficients in the half kernel. Equation (13)

the spatial and temporal filters. The individual spatial ar&ves the expression fags(w,). This is also repeated in the
temporal filters have narrow bandwidths, hence a number ofiraction '

these filters are required to cover the expected bandwidth
of the input image. Here, three spatial and three temporal 9m(ws)e =2am, CoS[mwg] + 2a,,—1 cos[(m — 1)w,]

guadrature pairs are used, resulting in 36 velocity nonselective + -+ ag (12a)

filters. Using these velocity nonselective separable filters, 18 (., y =2j(b,, sin[mw,] + b1 sin[(m — 1)w,]

oriented velocity selective honseparable spatiotemporal filters +eee by sinfw]) (12b)
ce by »

are created. These 18 filters are composed of nine pairs tuned
to the same spatiotemporal frequency and speed, but opposite 92(Wa)e =
directions. g2(We)o

— 0.18 cos[2w,]| — 0.32 cos[w,] + 0.5 (13a)
—25(0.17 sin[2w,] 4+ 0.33 sinfw,]). (13b)
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D. Temporal Filters '150'?.“""; oo ey .\}7‘ El
Bandpass filters are chosen to realize the temporal filter 1 10 100 1000 10 10
quadrature pairs. These filters must have nearly identical Temporal Frequency [rads/s]
magnitude responses and delays, but the phase difference must (b)

be = /2. For identical delays, the characteristic equations fefg. 9. The magnitude and phase plots for the even and odd temporal filters
the pair must the same. Zeros at the origin are used to alter i¢iex = 11.11 rads/s from (14). (a) Magnitude responses of the temporal
phase of the filters. Equation (14) gives the general expressiglﬁesrs' (b) Phase response of the temporal filters.
for the odd and even pair. The pole locations govern the
passband location of the filters. Here, the valuexgf is the
dominant pole, while,,,; andé,,2 control the frequency cut-
off of the filters. The cut-off frequencies,,; and 6,,» are

20 and 40 timesy,,, respectively. Fig. 9 shows plots of the
magnitude and phase of (14) with,, = 11.11 rads/s. Three
temporal filters are implemented for each spatial scalg—
33.33, 11.11, and 5.0 rads/s, in each direction

Binary Image

Prefiltering
=/

N ==

Temporal Filtering lgo(t)

Spatial Filtering

g0

EAEAQ)

jwténllénﬂ
m\Wt)o = 7 s A 14a
g ( f) (]CUt + anl)(jwt + 6nll)(jwt + 67712) ( )
(wr)e = —0m2 (140)
Gmi&te = (jwf + anl)(jwt + 6n1,1)(jwt + 6771,2) '

E. Oriented Spatiotemporal Filters Fig. 10. Cascading the spatial and temporal quadrature filter pairs realizes

. . . . the nonseparable oriented filters.
The oriented filters are realized by cascading the spatial

and temporal filters as shown in Fig. 10. The figure shows thee similarly constructed. Equation (15) gives the frequency
implementation of one pair of velocity-tuned filters, tuned tdomain representation of the filter fer, = 11.11, 621 =
opposite directions. The remaining eight pairs per dimensi@f2.2, é;o = 444.4 rads/s and a spatial sampling frequency

|R|ght(vaza W2, wt2)|
2w 821622(0.17 sin[2w,] + 0.33 sin[w,]) = w?822(0.5 — 0.18 cos[2w,] — 0.32 cos[w,])
(Jwr + a2)(jwr + b21)(Jwr + 022) (Jwr + az2)(jwr + b21) (Jwr + 022)
w21 622(0.5 — 0.18 cos[2w,] — 0.32 cos[w,]) = 2jw?22(0.17 sin[2w,] + 0.33 sinfw,])
(Jwr + a2)(jwr + b21)(Jwr + 022) (Jwr + a2)(jwr + b21)(Jwr + 022) ‘

(15)
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time constants and axon/dendrites. The hardware modules
capture the functional and computational aspects of their

biological counterparts. The main features of the system

are: configurable interconnection architecture, programmable
neural elements, modular and expandable architecture, and
spatiotemporal processing. These features make the network
ideal to implement a wide range of network architectures and

applications.

The system, shown in part in Fig. 12, is constructed from
three types of modules (chips): 1) neurons; 2) synapses; and
3) synaptic time constants and axon/dendrites. The neurons
have a piecewise linear rate coded transfer function with pro-
‘ grammable (8 bit) threshold and minimum output at threshold.
50 33 16 0 16 33 Ts0 The synapses are implemented as a programmable resistance

®¢ [1/mm] whose values are variable (8 bit) over a logarithmic range
between 5 kR and 10 M2. The time constant, realized with
a load-compensated transconductance amplifier, is selectable
between 0.5 ms and 1 s with a 5-bit resolution (a bypass mode
of 10 mnt L. This filter is realized using»(w,) and g»(w;). is also available). The axon/dendrites are implemented with an
Fig. 11 shows a plot of the power spectrum of the filter ianalog cross-point switch matrix. The neural computer has a
(15). From the plot, and noting th&r corresponds to 10 total of 1024 neurons, distributed over 64 neuron modules,
mm~1, a theoretical velocity tuning of-8.8 mm/s is obtained. with 96 synaptic inputs per neuron, a total of 98 304 synapses,
Similar plots provide the preferred velocity for all 18 filters peB192 time constants and 589824 cross point switches. Up
dimension. Note that the same tuning speed is obtained butan3072 parallel buffered analog inputs/outputs and a neuron
opposite direction for Left and Right filters (from Fig. 10)output analog multiplexer are available. A graphical user
A mosaic of nine such filters is formed per direction penterface software, which runs on the host computer, allows the
dimension, to cover a maximum spatiotemporal bandwidth vger to symbolically and physically configure the network and
w, = 666.67 rads/s andv, = 5 mm~!. The upper limit of the display its behavior [19]. Once a particular network has been
temporal bandwidth is controlled ki, ., while the maximum loaded, the neural network runs independently of the digital
spatial frequency is limited by the spatial sampling rate of tHest and operates in a fully analog, parallel, and continuous-
silicon retina in (15), shown at the bottom of the previous pagéne fashion.

O

[Hz}

Fig. 11. The power spectrum of the velocity-tuned filter in (15).

V. HARDWARE |IMPLEMENTATION . . .
C. Neural Implementation of Spatiotemporal Filters
A. Overview The output of the silicon rgtina is pre_sented to the neural
A | | | " q i computer to implement the oriented spatiotemporal filters. The
\ genera-purpose analog neura’ computer and a sticgp, layer of processing, realized with converging synaptic
retina are used to realize the two 1-D visual-motion detec“%%nnections compresses one 2-D image into wo 1-D images

tpr:xel.hT?de_ S'“Ctot?] reftmalpelrforms 49 A'I? ledg;: detf_ctlon a?dthrough the Gaussian spatial prefiltering. The first and second
resholding at the focal plane in parallel and continuous UMgx i atives of Gaussian functions are chosen to implement the
Itis implemented in a 2¢m n-well CMOS process with a pixel

. ; o odd and even spatial filters, respectively. Synaptic weights are
plth:/laf 100dﬂm tm EOZISXK%M Y. fThe re/tmg IS scanned"altused for the kernels’ coefficients. Three parallel channels with
~ £ and outputs- inary rames’s in a row parafie varying spatial scales are implemented for each dimension.
manner. A demultiplexer board is used to present ax15

15 subi o th | ter virtually | el \githin each channel, the spatial filters are subsequently fed to
subimage o the neural computer virtually n parafiel anfl o getg of parallel temporal filters, which also have varying
continuous time due the high frame rate and 1-ms respon

: - . . . poral tuning. Hence, six nonoriented pairs of spatiotem-
ithrrlﬁeogz)r;)erospl)lrliiaotg ;?:g:;'oﬁh?Oljeg?est%\?c'ﬂagﬁr'nsazgsog}h;d’poral filters are realized for each scale. Six quadrature pairs

; ; ! of oriented filters are realized by summing and differencing
and 1x _7 plxel§. Two 1-D ”?0“0” detection neural network§he nonoriented pairs. The quadrature pairs are rectified and
are realized using the 1-D images. combined to produce the velocity-tuned spatiotemporal filters.
Lastly, the responses of the filters tuned to opposite motion are
sharpened with cross inhibition. This step is used to further re-
The neural computer is intended for fast prototyping afuce the response of the null direction filter, resulting in lower
neural-network-based applications. It offers the flexibility oliasing effects. Without this cross inhibition, the null direction
programmability, combined with the real-time performance @ésponds slightly, but simultaneously, to opposite motion due
a custom parallel hardware system [18]. It is modeled afttr the discrete nature of the spatial filters. This is evident in
the biological nervous system, i.e., the cerebral cortex, atitt Fig. 11, where spectral energy in the opposite quadrants
consists of electronic analogs of neurons, synapses, synapfithe preferred motion is visible. Notice, however, that the

B. General Purpose Analog Neural Computer
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Fig. 12. The block diagram of the neural-network computer.
contour lines are sparser in the null quadrants, implying small Binary Edge Image from Silicon Retina
responses at low speed. This is also observed in the measured
data as shown by Fig. 17. Fig. 13 shows a schematic of the
. . . . . Smoothed Image
neural circuitry used to implement the velocity-tuned filters.
The pixel is composed of ¥ 7 and 7x 1 1-D detectors Spatial T It 5

with 15 x 7 and 7 x 15 receptive fields, respectively. Since  weights as I =T N ETT
the outputs of the spatial and temporal filters can be negative,
and the neurons do not output negative values, they are offset
to rest at half of full scale. The total number of neurons used
to implement this pixel (nine oriented filters per direction per
dimension) is 360, the number of synapses (including offsets)
is 2900 and the number of time-constants is 144. The time-
constants range from 0.75 to 200 ms. Once the networks have
been programmed into the VLSI chips of the neural computer,
the system operates in full parallel and continuous-time analog
mode. This system realizes a silicon model for biological Temporal Filters
visual-motion measurement, starting from the retina to the
visual cortex. g(t),

Spatial Filters

VI. EXPERIMENTAL RESULTS

Since the networks for the two dimensions are identical
(except for expected variations among the circuits and chips),
detailed results will be presented for only one of the dimension. 0.5=1 0.5
The outputs of the neurons can be sampled at 1 MHz by an Fuli-wave
on-chip analog multiplexer and a high speed A/D card. The Rectification
neuron chips have provisions that allow only selected chips to

be sampled. Hence, the sampling period of each neuron ranges |Right Motionl |Left Moﬁ0n|
from 16 us (only one chip is selected) to 1024 (all chips
are selected). Fig. 13. Neural networks for velocity tuning are realized using synaptic

The responses of the three quadrature pairs of spatial filtwgights as the coefficients of the spatial filters and synaptic time-constants for
. . .., the temporal filters. The neurons have half-wave rectified transfer functions.
as a point (white spot on a black background) moves with a
constant on-retina& -velocity of 1 cm/s (100 pixels/s) acrossthat are used to measure the focal-plane speed of the stimulus.
their receptive fields are shown in Fig. 14. The silicon retindhe z-axis represents time; however, it can also represent
also contains photodiodes at the borders of the imaging arispace for the point moving at constant speed. As expected, the
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Fig. 14. The top traces show the responses of the three even spatial filters for a point moving at 1 cm/s (100 pixels/s). The bottom traces show the
responses of odd filters. The spatial scale decreases from left to right.
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Fig. 15. The outputs of the odd nonorientation selective filters (P} )g.(t) and (bottom)g,(=)ge(t) are shown. The temporal scale increases from
let to right. Constructive and destructive interference produce directional selectivity.

filters with wider spatial support are broader than their higharill result in destructive interference, while differencing them
frequency counterparts. Since all three filters are implementedl result in constructive interference. Therefore, the right
on the same image patch and are centered at the same locatiostjon signal will vanish, while the left signal will survive.
all filters respond simultaneously. If the point was moving in the opposite direction, the even
Fig. 15 shows the output of pairs of nonoriented spatioterspatial filters will produce the same output, but the sign
poral filters for the same point. The traces are sampled ait the odd spatial filters will be inverted. Hence, the top
the output of the temporal filters. The top row shows theaces of Fig. 15 will be unchanged, while the bottom traces
outputs of the highest frequency even spatial filters throughill be inverted. Consequently, the sum of the signals, i.e.,
the three odd temporal filters, i.@.(z)g,(t), resulting in odd right motion, will now survive, while the difference, i.e., left
nonoriented spatiotemporal filters. The bottom row shows theotion, will vanish. In this way, the direction selectivity of
outputs of the highest frequency odd spatial filters through thee filters is obtained. The speed selectivity is governed by the
three even temporal filters, i.eg,(x)g.(¢), also resulting in spatiotemporal frequency tuning of the filters.
odd nonoriented spatiotemporal filters. The temporal frequencyFig. 16 shows the outputs of the left and right motion
tuning of these filters decrease from left to right. The sum amlgtectors for the moving point. The figure shows the rectified
difference of the nonoriented filters create the velocity-tuneditputs of the velocity selective spatiotemporal filters. Because
filters. the point is moving to the left at 1 cm/s (100 pixels/s), all
Fig. 15 also provides interesting insight into how the motiothhe right motion detectors are relatively silent. In contrast,
detection procedure is obtained with these filters. Notice thhie left motion detectors are active. A filter’'s response to the
for a particular quadrature pair of temporal filters, the outpuisotion is given by the windowed average of its signal. The
are similar, but 180 out of phase. Hence, summing the signalsost computer calculates the average of the outputs of the
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are shown for a point moving at 1 cm/s (100 pixels/s) to the left.

-ttt T
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--9---18mms T T
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Fig. 17. Plots show the tuning curves fdf-velocity selective filters as a function on on-chip speed (1 mm/40 pixels/s). (a) 7-pixel detectors.
(b) 5-pixel detectors. (c) 3-pixel detectors.

motion neurons after each data collection cycle. The averageHigh contrast vertical and horizontal white lines on black
is computed using all the samples above a threshold (typicatlgckground, moving at various speeds, are used to measure
10 mV). The length of the cycle is set by the user, and the tuning curves of the two 1-D filter sets. The silicon retina,
bounded by the time required to read all the motion detectdrewever, can produce a binary image for edge contrasts as
once and the time to fill the memory of the host. Hencédow as 10% [6]. The set of tuning curves for tévelocity

the implicit representation of the velocity (the distributiordetectors is shown in Fig. 17. Similar curves are obtained
of detector outputs) is available in continuous time, whilor Y-velocity detectors. In the figure, the responses have
the explicit report (time average and centroid determinatiobgen normalized. The variations in the responses are due to
depends on the data collection cycle time. Typically, 2 s efriations in the analog components of the neural computer.
data is collected before the explicit computation is done. Some aliasing is noticeable in the tuning curves when there
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Fig. 18. A comparison of the theoretical and measured tuning speeds shévgs 19. The centroid of the detector outputs gives the explicit velocity of
that the dynamics of the silicon retina (dotted line) must be considered the point. Correct motion i, = 8.66 mm/s (86.6 pixels/s) and, = 5

order to improve agreement for large speeds. mm/s (50 pixels/s).
is a minor peak in the opposite direction. This results from 20
the discrete properties of the spatial filters, as can also be 15 3

observed in the theoretical plot in Fig. 11. The additional
fact that the minor peaks in the null direction occur at low
speeds is also consistent with theory. Cross inhibition among
oppositely tuned detectors keeps these aliasing effects small
compared to the responses in the preferred direction. One

1.0 3

05F 3

Measure Speed [cm/s]
o
o

could employ shunting inhibition to completely suppress these 5% :l,d;im ¥
effects, however, this was not done here. Similar curves are 10 —o— it 3
obtained for the filters tuned t& motion. 1541 —Xopeed

The theoretical tuning velocities, as indicated by (15) and Ut ot
Fig. 11, are compared to the measured values for both dimen- 2.0 FHHHHH-HHH R

40 30 -20 10 00 10 20 30 40

sions in Fig. 18. The filters tuned to low speed have good Stimulus Speed e

agreement with the theoretical value, however, as the tuning
speed increases, so does the discrepancies. The meastiged0. The comparison of the measured and actual velocity shows that
values are consistently lower than the theoretical values. TﬂL%r‘g:tsrg’suifvcaﬁ’éo‘z’ggsf; ‘f;’%‘é essptgggts‘? at small speeds, but saturates and
can be explained by the observation that the theoretical tuning
speed is obtained by the ratio of the temporal and spatial
tunings of the motion filters«,/w,). The temporal tuning Because we do not haeepriori knowledge of the direction of
is set by the poles of (14). The silicon retina has a respons®tion in real situations, the centroid of all the responses are
time which is comparable to the smallest time constant gonsidered. Fig. 19 shows the distribution of activities for both
the filters, i.e.,6;12 = 0.75 ms andr,,, = 1 ms (the time X andY motion filters for a stimulus consisting of a bright
constantr,,. is due to the slow tuning off response time ofpot on a dark background moving at 1 cm/s &t ®0the hor-
a photoreceptor when a dark image arrives and is a vearpntal. Applying (5) yields,,,, = 8.1 mm/s (81 pixels/s) and
weak function of the previous pixel brightness. The turning,., = 5.00 mm/s (50 pixels/s), compared Q. = 8.66 mm/s
on response time is at least an order of magnitude smaller 486.6 pixels/s) andy,. = 5 mm/s (50 pixels/s). With more
decreases as intensity increases). Hence, an additional pitters, the accuracy can be further improved. The effects of
at 1 krad/s is required in the spatiotemporal filters. This hagsving too few filters can be seen in Fig. 20. At low speeds,
the effect of reducing the temporal tuning of the higher speedl 18 filters contribute toward the computation of the explicit
filters, asé,,o approaches,,, while not affecting the slower velocity. Hence, the measured value is fairly accurate. As the
speed filters. In Fig. 18, the dotted line, label@@..:recteqy, NUMber of responsive filters decrease with increasing speed,
shows the corrected theoretical speed tuning if the dynamibe accuracy of the measured velocity also decreases. The
of the silicon retina is taken into account. Better agreememieasured response saturates and eventually drops to zero as
is obtained. Other variations can be explained by mismatchtee speed is increased further. At first glance, one would
in the circuit components. All subsequent measured expliekpect the speed at which the measurement saturates to be
velocity computations use the measured tuning velocity tife tuning velocity of the fastest filter. Since our filters are
each oriented spatiotemporal filter. realized with real circuit components, mismatches and the
The explicit velocity of the stimulus is given by the centroidliscrete properties of the spatial filters allow a small response
of the distribution of the responses of the two 1-D detector® persist, especially in the null direction where aliasing is
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Fig. 21. The measured velocity components for a point moving at constant gl

speed of 7.5 mm/s (75 pixels/s) at various angles highlights the increasing (a)
errors of the explicit motion detection method for larger speeds.

1.0 T i t—t i 1 i T i ™7
| —— Vx(comect 2D) = Smm/s 4
- e Vx(aperture effect) L
already present. Consequently, the computed centroid is lower 0.84 --+-- Vx(theoretic 251D) 1
than expected. Using the plot as a calibrating curve, higher [ © Vx(measured 2xID, no prefiler) ]
speeds can still be estimated, provided that the stimulus is 7 T o Valmessued 261D, preflen 1
limited to the monotonic part of the curve. E Tr g o 1
To investigate the behavior of the pixel for 2-D motion, 3 oot
a bright point moving at 7.5 mm/s (75 pixels/s) at various LR T
angles is presented to the system. This point is representative ::' 1
of a variety of stimuli since the silicon retina creates a binary 0.2-7" o -+
image of edges for the neural computer. Hence, all images seen H . ]
by the motion detection filters are either binary points, lines or 004 ]
bars. The explicit velocity reported by the pixel is plotted in N T T
Fig. 21. The actual velocity of the point is plotted as the solid 00 200 400 600 800
line. The speed of 7.5 mm/s is chosen to show the deviation Angle [}
of the measured motion from the ideal as the speed increases. ®)

The plot shows that the measured motion is more accurate for )

I loci d db . f50 Fig. 22. The plot shows the effects of the aperture and two 1-D motion
sma er. velocity components produce y motio - to detection problems for a long line oriented at various angles, moving at
the horizontal. At the 90and @, the measurement diverges,, = 5 mm/s (50 pixels/s). Spatial presmoothing helps to measure the
more noticeable from the ideal. The measured dynamic raﬁg@'e accurate, but aperture-limited 2-D velocity. (a) Motion estimation for a

. . . . . 6 ng-oriented line. (b) Motion estimation for a long-oriented line.
of the pixel for 2-D motion of a point is then given by Figs. 2
and 21.
Last, the effect of the aperture problem on the pixel is . . :
. . o P P . P Smoothing prefilters are removed from the pixel. The recorded
investigated. To simplify matters, a long bright line on a

dark background, oriented at various angles to the horizontg\?“on is plotted in Fig. 2.2' .AS expected, tlﬁécompongnt
moving a constant velocity of 5 mm/s in th&-direction IS’ correct and aperture limited at small angles, while the

is presented to the pixel. The correct 2-D motion for thig-component inpreases with orientation angle. As the line
stimulus is(v,, v,) = (5 mm/s, 0). With the aperture IOrc)bh,_}mapproaches vertical, thle detector starts to saturate and return
taken into account, a 2-D normal vector is obtained, whidf 2€ro- When the prefilters are used, the largeomponent
varies with the orientation of the line. The components of thRITor is virtually eliminated. At small angles<@(), the X
vector are plotted in Fig. 22. As expected, tRecomponent COMponent approaches zero because of the aperture problem
is maximum at 90 and vanishes at°0 The Y-component a@nd the tapered smoothing filter that reduces edge effects.
peaks at 45 but is zero at both 90and 0. If a two Edge effects exist because the finite size smoothing window
1-D detector is used, the-velocity is correct until the causes a moving edge to be seen in the 1-D image when
orientation of the line approaches thé&, Gat which point the line enters or leaves the receptive field of the receptor.
the X-velocity vanishes according to the aperture problenthe small filter coefficients at the edges reduce this effect.
The Y-component, however, displays a rapid increase as thége effects produce the only measurabliemotion for a
orientation of the line approaches °90This error is due line with small orientation angle. Above 20the 1-D X-

to the point sampling property of the 1-D motion deteomnotion detector receives a strong signal and produces the
tor orthogonal to the direction of motion, as explained inorrect measurement’-motion detection for small angles
Section 1lI-B. To demonstrate that this effect is measurable, tlee also influenced by aperture and edge effects to produce
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a small velocity measurement. Motion due to edge effects stimulus direction, speed and orientatiod, Neurophysiol.yol. 49, no.
depends on the tangent of the orientation angle; the mea- > Pp- 1127-1147, 1983.

. . . . ] C. Koch and H. Li, Eds.Vision Chips: Implementing Vision Algorithms
suredY -motion increases slightly with angle. Above©2%he with Analog VLSI Circuits. New York: IEEE Press, 1995.

smoothing prefilter begins to suppress all features in}he (6] R. Etienne-Cummings, J. Van der Spiegel, and P. Mueller, “A focal
direction, causing the measured motion to drop to zero. As a plane visual motion measurement senstE Trans. Circuits Syst. |,

: : _ : vol. 44, pp. 55-66, Jan. 1997.
result, the escalatmg error, observed with the two 1-D mot|or[17] R. Sarpeshkar, J. Kramer, and C. Koch, “Analog VLSI architectures for

detector with no prefilter, is not present. Figs. 21 and 22 show™ motion processing: From fundamentals to system applicatidPmg.
that the two 1-D motion detectors with orthogonal spatial IEEE, vol. 84, July 1996.

presmoothing produces much better results than the strict twgl R- Harrison and C. Koch, “An analog VLSI model of the fly elementary
motion detector,” inAdvances in Neural Information Processing Systems

1-D detectors, has a reduced aperture effect and produces 19 wm. jordan, M. Kearns, and S. Solla, Eds. Cambridge, MA: MIT
reasonable 2-D motion estimates in some cases. For vertical Press, 1998, pp. 880-886.

and horizontal lines, only the aperture-limited measurement i§] A. Yakovieff and A. Moini, “Motion perception using analog VLS.
Analog Integ. Circuits and Signal ProcessingNorwell, MA: Kluwer,

obtained. 1998, vol. 15, no. 2, pp. 183-200.
[10] D. Heeger, E. Simoncelli, and J. Movshon, “Computational models of
cortical visual processing,” ifProc. Nat. Acad. Sci.1996, vol. 92, no.
VIl. CONCLUSION 2, p. 623.
. . . . . [11] D. Heeger, “Model for the extraction of image flowd” Opt. Soc. Amer.,
A two 1-D image motion-estimation pixel based on spa- ~ vol. 4, no. 8, pp. 1455-1471, 1987.
tiotemporal feature extraction has been implemented in VL8] J. Van der Spiegel, D. Blackman, P. Chance, C. Donham, R. Etienne-

hardware using a general-purpose analog-neural computer Cummings, and P. Kinget, “An analog neural computer with modular
- . . . o architecture for real-time dynamic computationtfEE J. Solid-State
and a silicon retina. The neural circuits capitalize on the  ciryits, vol. 27, pp. 82-92, Jan, 1992.

temporal processing capabilities of the neural computer. Thg] D. Hubel and T. Wiesel, “Receptive fields, binocular interaction and
spatiotemporal feature-extraction approach is based on the functional architecture in the cat's visual corted,”Phys.vol. 160, pp.

. . . 106-154, 1962.
1-D cortical motion-detection model proposed by Adelson ar[g4 N. Grzywacz and A. Yuille, “A model for the estimate of local image

Bergen, which was extended to 2-D by Heeger. To reduce  velocity by cells in the cortex,Proc. R. Soc. London Bol. 239, pp.
the complexity of the model and to allow realization with  129-161, 1990.

; _ _ ; E. Simoncelli, “Distributed representation and analysis of visual mo-
simple sum-and-threshold neurons, we further modify the 2 tion,” Ph.D. dissertation, Dept. Elect. Eng., MIT, Cambridge, MA,

model by working with a binary edge image, by placing filters 1993,
only in the w,-«w; and Wy =Wy planes, and by replacing the[16] R. Etienne-Cummings, J. Van der Spiegel, C. Donham, S. Fernando, R.

required quadratic nonlinearity with full-wave rectification. ~ Hathaway, P. Mueller, and D. Blackman, "A general purpose analog
neural computer and a silicon retina for real time target acquisition,

These modifications do not affect the performance of the recognition and tracking,” iProc. CAMP'93,M. Bayoumi, L. Davis,
1-D model, and approximate the 2-D model in some cases. and K. Valavanis, Eds., 1993, pp. 48-58. .
Measured results agree with theoretical expectations. Whifgl S- Uras, F. Girosi, A. Verri, and V. Torre, A computational approach
. . . . . . to motion perception,Biol. Cybern.,vol. 60, pp. 79-97, 1988.
this technique of image motion detection requires to0 MUG{k} p. muelier, J. Van der Spiegel, D. Blackman, C. Donham, and R.
hardware for focal plane implementation, our results show that Etienne-Cummings, “A programmable analog neural computer with
it is realizable when a silicon “brain,” with large numbers of ~ applications to speech recognition,” Rroc. Comput. Info. Sci. Symp.,
" . . .. May 1995. Baltimore, MD: Johns Hopkins Press.
neurqns and synaptlp tlm_e constant, is available. This is VG'{FL)é] C. Donham, “Real time speech recognition using a general purpose ana-
reminiscent of the biological master. log neurocomputer,” Ph.D. dissertation, Dept. of Electrical Engineering,
Univ. Pennsylvania, Philadelphia, PA, 1995.
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