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This article describes a self-organizing neural network architecture that
transforms optic flow and eye position information into representations
of heading, scene depth, and moving object locations. These representations are used to navigate reactively in simulations involving obstacle
avoidance and pursuit of a moving target. The network's weights are
trained during an action-perception cycle in which self-generated eye
and body movements produce optic flow information, thus allowing the
network to tune itself without requiring explicit knowledge of sensor
geometry. The confounding effect of eye movement during translation is
suppressed by learning the relationship between eye movement outflow
commands and the optic flow signals that they induce. The remaining optic flow field is due to only observer translation and independent motion
of objects in the scene. A self-organizing feature map categorizes normalized translational flow patterns, thereby creating a map of cells that
code heading directions. Heading information is then recombined with
translational flow patterns in two different ways to form maps of scene
depth and moving object locations. Most of the learning processes take
place concurrently and evolve through unsupervised learning. Mapping
the learned heading representations onto heading labels or motor commands requires additional structure. Simulations of the network verify
its performance using both noise-free and noisy optic flow information.

1 Introduction: Optic Flow, Heading, and Visual Navigation
As we move through the world, we experienceflowing patterns of light
on our retinas, Scientistshave studied the ability of humans to use this
optic flow for a variety of tasks,including determination of heading (e.g"
Crowell & Banks,1993;Van den Berg, 1992,1993;Warren& Hannon, 1988,
1990;Warren & Kurtz, 1992),observer velocity (e.g., Monen & Brenner,
1994),three-dimensionalstructure (e.g.,Cornilleau-Peres& Droulez, 1993;
Hildreth, Grzywacz,Adelson,& Inada, 1990;Treue,Andersen,Ando, & Hildreth, 1995),the locationsand speedsof self-movingobjects(e.g.,Brenner,
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1991), and distances to objects (e.g., Prazdn~ 1980; Simpson, 1988, 1993).
With the exception of determining observer velocity (Monen & Brenner,
1994), humans have proved to be very proficient in using optic flow to
perform these tasks.
This article describes a neural network that uses optic flow information and eye position to determine the heading of a moving observer. This
heading network is embedded in a larger architecture that includes neural
networks for determining distances to visible objects and the locations of
moving objects. The resulting representations of heading, scene depth, and
moving object locations are then used to navigate reactively around visible
obstacles and to pursue moving targets. The aim of this project is to use insights from biology to design a robust system that can be used for navigation
in autonomous mobile vehicles. To this end, the system is designed as an
interconnected collection of self-organizing neural networks. The primary
advantage of this approach is that it removes the need to hand-calibrate visual navigation systems for mobile robots. The network will automatically
adjust to a camera system's focal length, pixel layout, sensor size, and tracking speed without writing new software or performing carefully controlled
calibrations. This competence also renders the system tolerant to error in
sensor responses and changes in sensor and motor properties due to wear.
A central problem addressed by the current architecture is the determination of the heading direction of a moving observer from the optic flow field.
Gibson (1950)remarked that the optical flow pattern experienced by an observer moving along a straight line through a static environment contains a
singularity he termed the focus of expansion (FOE). Gibson further hypothesized that the visual system might use the global pattern of radial outflow
originating from the singularity to determine the translational heading of
the observer. However, psychophysical experiments rejected this hypothesis
because the flow pattern on the retina is radically altered by eye movements
(Regan & Beverly, 1982). H the observer's eyes rotate during translational
movement, the resulting flow pattern is a superposition of two vector fields
such that the FOE no longer necessarily coincides with heading direction.
The current architecture learns to cancel the effects of eye rotations so that
a moving robot can maintain an accurate sense of heading while visually
searching a scene or visually tracking objects.
The issue of whether humans use extraretinal signals from eye rotations
to derotate the flow field has been hotly debated in the experimental literature, since it raises difficult methodological questions concerning the nature
of the motion, its range of speeds, and the types of environmental cues that
are available (Banks, Ehrlich, Backus, & Crowell, 1996; Regan & Beverly,
1982; Rieger & Toet, 1985; Royden, 1994; Royden, Banks, & Crowell, 1992;
Royden, Crowell, & Banks, 1994; van den Berg, 1993; Warren, 1995; Warren
& Hannon, 1988,1990;Warren, Li, Ehrlich, Crowell, & Banks, 1996). Warren
(1996) has summarized much of the relevant literature by noting that extraretinal information is especially important in determining heading from
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impoverished visual environments, but lessso in naturalistic sceneswith
a rich, discontinuous three-dimensionalstructure. Our model indicatesthe
types of self-tuning mechanismsthat are able to make effective use of extraretinal information.
SinceGibsonwrote, vision researchershave proposed a wide variety of
methods to extractego motion from optical flow information.
Thedifferentialinvariantsmethod(Koenderink & van Doom, 1975;Waxman & Ullman, 1985)solves for the motion of planar surfaces.A rigidly
moving planar surfaceis a specialcasethat givesrise to flow fields in which
the flow vectors vary as a quadratic function of image position. Waxman
and Ullman (1985),for example,first subdivided the flow field into patches
that are approximatelyplanar.The three-dimensionalstructurewas thenrecoveredin closedform from the parametersof the second-orderflow field.
An advantageof this techniqueis that the motion in eachpatch is computed
independently,so sceneswith multiple moving objectscan be better interpreted. One drawbackis that it requiresdenseoptic flow fields to compute
derivatives. Systemsthat use differential invariants are also vulnerable to
error in the flow field (Hatsopoulos & Warren, 1991).Optic flow error is
essentiallyunavoidable due to the aperture problem (e.g.,Perrone,1992).
According to the local differential motion method (Cutting, 1986;Hildreth, 1992;Longuet-Higgins & Prazdny,1981;Rieger& Lawton, 1985),if
two points have the sameimage location but are at different depths, then
the vector differencebetweenthe two flow vectors is oriented toward the
FOE.This techniquerelies on locating adjacentimage featuresseparatedin
depth so that their flow vectordifferenceis oriented approximatelytoward
the FOE. It fails to operate when approachinga wall with no depth variation, and as with the differential invariant techniques,it does not work well
on sparseor noisy flow fields.
Heegerand Jepson(1990)proposeda solution to the heading calculation
problem that usesleast-square
minimization.Their technique,termed the subspacealgorithm,is robust and comparatively insensitive to noise. It has the
advantageof not requiring proprioceptiveinformation from eyemusclesto
cancelthe effectsof eye rotations, but it doesnot learn its operating param-

eters.
Severalresearchershave recentlyposited neuralnetworkmodelsfor determining optic flow. Becauseof the parallel processingcapabilitiesembodied
in these networks, neural network solutions tend to be more tolerant of
noise in the flow field. Hatsopoulos and Warren (1991)describea neural
network motivated by neurophysiologicalresults from the middle temporal (MT)and medial superiortemporal (MST)areasin primate visual cortex.
Although the model is tolerant to both speed and directional noise in the
flow field, the authors point out that it has two major shortcomings:(1)unlike humans, the model's accuracydegradesdrastically in the presenceof
eyerotations,and (2)the modelrelies on supervisedlearning(i.e.,it requires
an externalteachingsignal that would not be availableto a developing ani-
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mal). Perrone (1992) incorporated both translational and rotational detector
cells in a model that offers an approximate solution to heading detection
during eye rotations. Lappe and Rauschecker (1993) describe a neural network based on the algorithm of Heeger and Jepson (1990), but this network
requires tracking fixation eye movements to determine heading and operates only within a hemisphere of heading directions. The Heeger and Jepson
algorithm is forced to operate within a hemisphere of headings because it
cannot distinguish between motions separated by 180degrees. It relies on
locating a minimal inner product between sets of heading weights and incoming flow vectors. The minimum occurs for weights that are orthogonal
to the flow vectors. However, if a heading is reversed, the flow vectors will
reverse, yet remain orthogonal to the weight vector. The Heeger and Jepson
algorithm cannot distinguish opposite motions, making it difficult to use on
robots with full translational capabilities. The current system can operate
over the full sphere of heading directions.
In addition to determining heading, the current architecture represents
the locations of visible obstacles for the purpose of navigating around them.
The machine vision community has published hundreds of articles about
recovering three-dimensional structure from image motion. In general, the
focus of this effort has been to build scene representations that reflect ground
truth as accurately as possible. Over the years, a multiplicity of algorithms
have emerged that attempt to deal with the inherent ambiguity in the task
(e.g., sparse data and the aperture problem). Since the goal has been to
reproduce scene geometry as accurately as possible, algorithmic simplicity
and self-tuning have not been emphasized. Rather, most techniques assume
that all relevant camera parameters are available. In fact, camera calibration
is itself an active research topic. Most camera calibration techniques rely on
imaging features at known locations (Holt & Netravali, 1991). Other techniques have been designed to use arbitrary scenesbut require known movements (Dron, 1993),and more recently, a few techniques have attempted calibration without specific objects or movements (Luong & Faugeras, 1992).
Despite the impressive amount of depth-from-motion research, it is still
unclear whether identically reproducing the three-dimensional structure
of the world is either feasible or necessary for autonomous robot navigation. The complexity, fragility, and computational load of most of these
algorithms have not produced the desired results in mobile robotics. Only
recently have researchers begun to concern themselves with how to solve visual navigation problems using simple, biologically plausible calculations
embedded in self-tuning systems. Although some initial work has been
done on very simple problems (Heikkonnen & Oja, 1993), the current system stands apart by using simple self-tuning calculations to learn representations of heading, scene structure, and moving object locations in the
presence of eye rotations. The architecture uses parallelism to capitalize on
the redundancy in the flow field in order to achieve noise tolerance. No
claim is made that this system will provide complete and accurate results
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Figure 1: Viewer-centered coordinate frame and perspective projection.

in all situations. In fact, no systemthat relies solely on optic flow canproduce a veridical representationof the world that it canuse for completely
error-free navigation. However, the current system'sperformance on simulations with noisy flow information suggeststhat its parallel, self-tuning,
and computationally efficient calculations are sufficient to provide useful
information for an autonomousrobot.
2 The Optic Flow Field
Optic flow results from the projection of object movement in the threedimensional world onto a two-dimensional image plane. The motion of a
point in three-dimensional space has six degrees of freedom: translational
velocityT = (T x, T y, T z)t and rotation 0 = (Ox, °y, Oz)t.1f the position of an
observer's eye is R = (X, Y, Z)t, then motion may be described by Vobserver=
T + (0 XR).1f the observer is moving through a static environment, a viewercentered coordinate frame may be established in which the observer appears
to be standing still and each point in the environment is moving with the
opposite motion, V = -(T + 0 x R).
Figure 1 shows how a point, P, in three-dimensional space is projected
onto a pointr = (x, y)t = f(X/Z, y/Z)t in the image plane, where f denotes
the focal length of the lens (f = 1 was used in the simulations). Image
velocity is defined as the derivative, with respect to time, of the x and y
components of scene point projections and can be written as follows (Heeger
& Jepson, 1990):
9(x, y) = (vx, vy) = p(x, y)A(x, y)T + B(x, y).o.,

(2.1)
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where p(x, y) = IjZ is the inverse depth of points in the image plane, and
A(x, y) and B(x, y) are matrices that depend only on image position and
focal length, not on any unknowns:
A(x, y) =

-lOx

B(x, y) =

1

-(/+ t)

y

1+r

-1

-x

0

-I

y

The various processingstagesof the current systemcan be thought of as
decomposingthe right side of equation2.1 until we are left with a map
representingthe direction of the vector T, which is the observer'sheading
direction.
In the following description,we will be interestedin the speedand direction of the flow componentsat eachretinal locationsincethesecomponents
form the input to the system.The speed at a retinal position is:

v = 11911
= ~~,

(23)

and the direction is:
if>= alan (~).
3 System Description

Figure 2 showsan overview of the neural network architecture.The following paragraphsdescribethe major componentsof this system.
3.1 Motion Field. The input layer is a population of cells sensitive to
image flow onthe retina. Severalresearchershaveproposedphysiologically
plausible models that yield population encodingof optic flow vectors (e.g.,
Wang, Mathur, & Koch, 1989).A typical approachusesa separatefloret of
cells for eachsampling point on the retina. Eachcell of a floret is tuned to
a preferred direction, ek = [cos(27rkfn),sin(27rkfn)],where k = 1,
n.
Floretsof this form constitutethe first stageof the system,calledthe motion
detectorfield. Motion at the ith retinal location with speedv and direction
c/>
generatesa responseSkiaccordingto the following equation:
Ski =

(

vcos c/>-n2Jrk

)

1 ~ k ~ n, 1 ~ i ~ m.

For robotic applications, it sufficesto representthe flow field with its x and
y components:
Sxj = vcos(c/»

Syi=vsin(c/».

(3.2)

Self-OrganizingNavigationUsingOptic Flow

Motion Field

319

i = index of retinal locations
j = index of eye velocity
vector cells
k = indcx of dircctional tuning
cells at a retinal location
I = index of heading map cells

Figure 2: Overview of the system. Cell activities are represented by uppercase
letters, and the modifiable synaptic weights projecting to these cells are represented by the same letters in lowercase. Each floret of velocity-tuned cells
corresponds to a single retinal location. Simulations reported in this article utilized simplified versions of these florets that contained cells for only the x and
y components of the flow fields. Seetext for details.
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The simulations in this report used a motion detectorfield that consisted
of thesetwo directionally tuned cells at eachof 49 (7 x 7) retinal locations
unlessnoted otherwise.
Although the primary goalof the presentmodelis not to achievedetailed
biological fidelity, it is of someinterest that responsesof many directionally
tuned cells in the cortical motion processingstream-for example, cells
in the MST area of monkeys (Orban, Lagae, Raiguel, Xiao, & Maes, 1995;
Tanaka& Saito,1989)-increase with speed.
3.2 Eye Velocity Vector. The eye velocity vector consistsof two pairs
of opponent cells that representpitch velocity (01.02) and yaw velocity
(03. 04) of the eye when it is rotating in its orbit. For positive rotations
aboutthe x-axis,01 is linearly relatedto the rotationalspeedand 02 is zero.
For negative rotations, 01 is zero and 02 is linearly related to rotational
speed.03 and 04 code rotations about the y-axis in a similar manner.The
eye velocity vectoractivities project through adaptive inhibitory weights to
the translationfield asdescribedbelow.This inhibitory input learnsto cancel
the portion of the flow field correspondingto eye rotations. It is expected
that the systemcould easily be expanded to cancelrotational flow due to
other sources,such as head or wheel rotations, as long as the appropriate
velocity vectorsareavailable.Only eye rotationsareincluded in the current
implementation for the sake of simplicity. The eye velocity vector in the
current systemis most naturally interpreted as either an efferencecopy of
eye velocity commands or a proprioceptive representationof eye velocity.
In a mobile robot with an activevision system,this vectorwould correspond
to motor velocity commandsor velocity feedbackfrom eye position sensors
or both. In biological modelsof eyeand arm movementcontrol, processing
stagesexist that cangeneratean efferencecopy of commandedmovement
speedand direction (Bullock & Grossberg,1988;Grossberg& Kuperstein,
1989).
In most situations, people fixate on a point as they move. This behavior generatesa mixed optic flow signal resulting from the simultaneous
translationof the body and rotation of the eyes.Unlessthe point of fixation
coincideswith the direction of heading,the FOE that resultswhen fixating
during egomotiondoes not correspondto the direction of body translation.
The current system uses an estimate of eye rotational velocity to negate
internally the rotation part of the signal from the flow field. There are at
leasttwo other approachesto solving the heading problem during eye rotations. A lessaccurateapproachis to sample a large part of the flow field
and subtract off any component that is common at all depths. This, however,hasthe advantageof not requiring explicit knowledge of eye rotations
(perrone,1992).Another approach,exemplified by the Heegerand Jepson
(1990)algorithm, uses more sophisticatedheading calculations that work
in the presenceof rotational components,again without requiring explicit
knowledge of eyerotations.Thesemorecomplexalgorithms could be used
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in place of the heading calculationsperformed by the current model while
maintaining the current depth and independentmotion algorithms.
3.3 TranslationField. As shown in Figure 2, each cell OJin theeyevelocity vector has a set of inhibitory weights Wjkithat project to each directionally
tuned cell k in the floret at every position i in the translation field. Each translation field cell also receives excitatory input from the corresponding cell
in the motion detector field. After learning (see section 4), the net result of
these inputs is a field of cells that represents only the component of the flow
field that is due to translational motion. That is, the translation field activity
contains only the p(x, y)A(x, y)T component of equation 21.
A variant of the vector associative map (YAM) neural architecture (Gaudiano & Grossberg, 1991) is used to adjust the weights projecting from the
eye velocity vector in such a way as to cancel out the portion of flow corresponding to voluntary rotations of the eyes as registered at the eye velocity vector. The VAM allows both error-based learning and performance
to take place simultaneously. This property has enabled YAMs to control
self-adapting mobile robots autonomously (Gaudiano, Zalama, & LopezCoronado, 1996; Zalama, Gaudiano, & Lopez-Coronado,l995). Using such
a VAM, the activity of a cell in the translation field is formed by subtracting
the inhibitory input from the eye velocity vector cells (corresponding to the
rotational component of the flow field) from the excitatory input projecting
from the motion detector field,
Wki = Ski -L

°jWjki,

(3.3)

and the learning equation for the weights projecting from the eye velocity
vector is:
dW'ki

-L

= al WkiOj,

(3.4)

dt

where al is a learning-rateparameterranging from 0.9 for noise-freeconditions to 0.01 for noisy conditions. Beforelearning, the weights are set equal
to zero.
The eye rotation cancellationmap learns bestwhen the incoming flow is
purely rotational. If desired,this can be guaranteedby gating learning off
if translational motion commands(e.g., limb movementor wheel rotation)
are active. During purely rotational movementsof the eye, the learning
law of equation 3.4 adjusts the weights so that the inhibitory input from
the eye velocity vector exactlycancelsthe excitatory input from the motion
detectorfield. When the two inputs are equal, Wki in equation 3.4goesto
zero, and learning stops. At this point the systemis tuned such that the
rotational componentof the flow field is effectively "filtered out" by eye
velocity vector projectionsat the translationfield.
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During movementswith both a translationaland rotational component,
only the rotational componentis reliably correlated with the presynaptic
activity of the eye velocity vector cells. The translational flow component
will vary depending on heading direction and will not be strongly correlated with eye velocity vector activity. This translational componentthus
amountsto a form of noise in the learning process.A slower learning rate
can be used to "average out" the noisy translational component, as well
as other forms of noise, such as noisy sensorinformation. The ability to
learn correctparametersin the face of sensornoise or translationalmotion
is demonstratedin the simulationsof section4.
3.4 Normalization Field. The next stageof cellsin the systemperforms
a normalization operation on the outputs of the translation field. This is
done becausethe magnitude of the flow vectors at the translation field
containsinformation pertinent to observerspeedand objectdistancesonly,
not observerheadingdirection. In otherwords, we are not interestedin the
magnitude of the p(x, y)A(x, y)T term from equation2.1. Only the direction
of vector T is needed. Normalization removesthe unpredictable changes
in flow vector magnitudes due to varying objectdistancesand translation
speeds.The normalization calculationis:
Nki =

[Wki]+
J~aw:j~
'

(3.5)

where [ ]+ denotes a rectification function such that [x]+ = x for x > 0,
[x]+ = 0 otherwise. AlINki are set to zero for retinal locations where the total
flow signal is zero. Although not implemented in the simulations, it may
be useful to have a threshold for eliminating small but nonzero activities
in the normalization map because optic flow detectors operating on a real
image will be noisy. These locations typically include points with no visible
objects, very distant objects, or points near the FOE for a given heading. If
we assume that the detectors are more accurate at detecting the direction of
large-flow signals than small-flow signals, then setting the threshold slightly
higher would allow the network to base its heading decision on larger, more
reliable signals.
3.5 Heading Map. The next stage of cells is a self-organizing feature map
(SOFM) that encodes heading. Cells in the heading map receive weighted
excitatory input projections from the normalized flow field. Heading can be
determined by classifying the pattern across these inputs. Kohonen (1982)
described a learning algorithm, based on earlier work of von der Malsburg
(1973) and Grossberg (1976), that can be used to self-organize a topographical map whose cells classify input patterns. In our application, neighboring
cells in the map code similar heading directions. During learning, neighbor-
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hood interactionscauseadjacentcells in the heading map to code similar
headings.The interactionsalso ensure that the map uses all of its cells to
encodeheadings.Otherwise,a singlecell might learnlargeweights early on
and continue to monopolizelearning even though its match with the input
pattern is poor. In addition, the neighborhood interactionscauseheading
map cellsto distribute themselvesautomatically accordingto the frequency
statisticsof sampledheadings.Greaterdiscrimination amongthe morecommon headingsis possiblebecausetheseheadingsattracta higher densityof
map cells.
The heading map consistsof a group of cells with activities H1 that perform a maximum inner product classification(Grossberg,1976;Kohonen,
1982)using weights hkil projecting from cells with activities Nki in the normalized flow field. For eachpresentationof a normalized flow pattern, one
cell in the heading map will receivethe largest total input. Early in development, this maximally excited cell and its N nearestneighbors are setto
activity level1/(N + 1), and all other map cell activities are set to zero.
Weights projecting to eachof the active cells are adjusted toward the flow
pattern. Initially, large neighborhoodshelp the map cells, which begin with
small, random weights chosenfrom a uniform distribution between0 and
0.1,to "unfold" properly and therebycoverthe entire range of experienced
headings. Over time, the neighborhood size N shrinks to zero so that flow
patterns arecategorizedmoreprecisely.The following equationswere simulated:

Hi = L Nkihkil
ki

Hmax = cell with maximum activity Hi

1

.

HI = N':j:""l for Hmaxand N neighbors
HI = 0 otherwise
dhkil

dt

= a2(Nki -hkil)HI.

where Hi is the input to the Ith heading map cell, and CX2
is a learning rate
parameter that starts at 0.1 and shrinks with a linear decayrate to 0.001
over 2000learning trials. The neighborhood N starts as a 15 x 15 square
centered at the maximally active cell. The width of this squareshrinks by
oneafter every 100headingsamplesuntil theneighborhoodconsistsof only
the maximally active map cell.
After training, a cell in the heading map will respondmaximally to flow
generatedby a particular heading. However, most headings will fall between those encoded by cells in the heading map. During performance,
winner-take-all competition amongthe heading cells is relaxedso that several candidate heading cells survive the competition based on the size of
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their totalinput. Allowing distributed activationacrossheadingcellscreates
an interpolated output. For example, if an input heading falls halfway betweenheadingsencodedby two cells, then eachof those cellswill probably
survive the competition and contribute approximately half of their information to the rest of the network. Activity in the surviving heading cells
is also normalized so that the heading representationis a weighted average of active heading cells. Heading cell activity is thus calculated during
performanceasfollows:
Hi = L::Nkihkil
ki

Hi* = 0 if

Hi < (max[~]
m

-r)

Hi* = Hi otherwise
H/=

H**
L::
/

~*m

,

(3.8)

m

where r is a threshold parameterdetermining how many cellssurvive the
competition. For the simulations, r was setto maxm[~J/15. In words, the
heading map cell activities HI are a contrast-enhancedversion of their total
inputs Hi. Other methods, such as the softmax of Bridle (1989),could be
used to provide the same functionality as this thresholding process.Note
that the sizes of the total inputs to the map cells determine the "neighborhood" during performance,whereas the active neighborhood during
training is determinedbasedon proximity to the maximally activecell. This
was done becauseit provided the best map unfolding during training and
noise toleranceduring performance.Sincethe trained map is topographically organized,however, the maximally active cells during performance
will still typically be neighboring cellsin the map.
As describedthus far, the heading map can only discriminate between
headings,not identifyheading in terms of absolute azimuth and elevation
angles.This is sufficient for the proper formation of the depth and independent motion maps in the system.However, testing the network's ability to
determine heading accuratelyand using the heading estimateto perform
navigationrequirethatretinotopic labelsbe attachedto eachcell in the heading map. A simple technique for assigninga retinotopic label to a heading
cell with activity HI is to find the index i of the smallestweight dli projecting from that cell to the retinotopically organized depth map. The smallest
weight will be locatednearthe FOE on the retina,which is equivalentto the
retinotopic heading. Alternatively, the following technique could be used
to assignheadinglabels in a mobile robot:
1. Move toward a visual cue, such as a point of light, at eye level and
adjustthe wheels until the image of the light is stationary on the optic
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sensor.When the imageis stationary,the navigatoris heading directly
toward the point of light in body-centeredcoordinates.
2. As the robot approachesthe light, rotate the eye sothat the light image
falls on many different regionsof the optic sensor.Sincethe navigator
is headingtoward the light inbody-centeredcoordinates,the projected
point of light should still be motionlesseven though it is projectedto a
different retinal location. However, the retinotopic heading will have
changed.The floor and other objectsin the scenewill create a flow
pattern that excitesa different cell in the heading map.
3. For eacheye position, map the maximally excited heading cell to the
current retinotopic location of the imaged point of light.
In the heading map simulations, heading labels were supplied by systematically sampling heading directions and labeling each cell with the
heading that maximally excited it The headingestimateis calculatedusing
the following equation:
HMAP= L H/<I>/.

(3.9)

/

where 4I[ is the preferred heading of the lth heading map cell, and H[ is
determined using equation3.8. This labeling procedurewas done only so
the accuracyof the self-organizing map could be compared against other
reportedmodels.In the navigation simulations, all navigation took placein
a retinotopic coordinate systemso the heading labels were applied using
the smallestweight technique.
Becausethe systembasesits heading estimateon a flow field where only
the rotational componentdue to self-generatedeye movementshasbeenremoved, it hasan advantageover many otherheading estimationalgorithms
during curvilinear motion. This canbe seenin the following example.Imagine that the navigator is following the circumferenceof a circle. Algorithms
designed to ignore rotational componentsof the flow field without using
extraretinal information cannot distinguish whether the rotational component of the flow field is due to eye movementor the curvilinear body movement. Therefore,during curvilinear motion, these algorithms will ignore
the rotational componentof the motion and always report that the navigator is heading straight forward. In this case,however, "straight forward"
is defined in a coordinate systemthat is rotating as the navigator proceeds
around the circle.In other words, the heading estimation algorithm will be
unable to distinguish if it is indeed heading straight or in a circle. In contrast, the current architecturewill recognizethat the rotational part of the
optic flow due to the curvilinear motion is not associatedwith an internally
generatedeye motion.This unremoved rotational flow componentwill bias
the heading estimatein the direction of the curve, so that the navigator will
be aware that it is constantlydrifting away from "true forward motion."
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3.6 Depth Map. In addition to providing heading information, optic
flow can be used to determine the distance to the object at each retinal
location (if one is present)in a scene.For visual navigation, it suffices to
form a distancemeasurethat is scaled by the speed of the observer-for
example,an inversetime-to-collision measurepllTII for eachretinal location,
where p is the inverse depth, or proximity, of an object,as in equation 2.1,
and IITII is the translation speed of the observer.The generalproblem of
determining scenedepth from a sequenceof imagesisa difficult one, largely
due to the unknown rotational componentof the flow field and the unknown
heading direction. Solutionshave beenproposed (e.g.,Koenderink & van
Doorn, 1987;Longuet-Higgins, 1981;Prazdny, 1980;Waxman & Ullman,
1985;Waxman& Wohn, 1988;seeSimpson, 1993,for a review), but these
solutionstypically require rathercomplexcalculations.In contrast,oncethe
rotational componentof the flow field is removed and heading direction is
known, as in the current network, calculating the time to collision at each
retinal position is relatively straightforward (seealso Perrone, 1992). By
removing the rotational flow component from equation 2.1,the optic flow
generatedby translational motion alone reducesto:
VTx= p/iT/I( -f~

+ xT~)

VTy= p/iT/I(-fT~

+ yT~),

(3.10)

where VTxand VTyare the x and y components of the translational flow field, f
is the focal length of the imaging system, (T~, T~, T~)are the components of a
unit vector that defines the direction of translation, and (x, y) specifies retinal
location. From equation 3.10, one can derive the relationship between the
magnitude of the flow vector at a retinal location, VT , and time to collision:
VT = p/iT/lJ(-fT~

+ XT~)2+ (-fTy

+ yT~)2.

(3.11)

Note that for a specificheading (T~, Ty, T~)and motion sampling position
(x, y) on the retina,the squareroot term in equation3.11is a constant,which
we can rename kTxy.In the current simulations, which involve only two
directional cellsat eachretinal location of the translation field, the function
g that determinesthe magnitude of the translational flow velocity at the ith
retinal locationis:
g(Wj) = J~-:;:~

= VT.

(3.12)

In order to produce a depth measurethat is invariant acrossall headings
and retinal locations, kTxymust be removed from the flow speedmeasure
VT.This is accomplishedin the systemby logarithmically compressingthe
flow speedrepresentedat the translation field before passing it to the cell
representingthe correspondingretinal location in the depth map, then subtracting off an averagevalue of this compressedflow speed.Specifically,
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the retinotopically organized depth map cell activities are governed by the
following equation:
Di = log[g(Wj)] -LHldli.
I

where dli is the weight projecting from the Ith heading map cell to the ith
depth map cell. Taland Schwartz(1994)have demonstratedthat a logarithmic relationshipbetweenneuronfiring rate and input activity is a property
of integrate-and-fireneurons.This suggeststhat the logarithmic processing
in equation3.13could alsobe implemented in a biological system.
Using a VAM learning mechanism,the weight dli learns to representthe
averageof the compressedflow velocity signal at the ith retinal location
when heading in the direction coded by the lth heading map cell. The learning equationgoverning the weights dli is:

~ = a3DjHi.
dt

where CX3
is a learning-rateparameterthat was set equalto CX2
for the simulations.
Training the network accordingtoequations3.13and 3.14during random
movementsleadsto depth map cell activities that eachcodesthe following
depth measurefor objectsat the correspondingretinal location:
Dj = logvT -llogvTI
= log(PIITllkTxy) -llog(PIITllkTxy)1
= (log pll TI + logkTxy) -1(logpIiTII)
= (logpliTIl

+ logkTxy) = (llogpllTIlI

+ logkTxyl
+ logkTxy)

= logpliTIl -llogpIlTIlI.
where the term IlogpllTll1 is a constantdetermined by the environmental
experienceof the network during learning. Forcorrectoperation,the system
should be trained in an environment that consistsof objectsin the same
depth range as the environment it will encounterduring performance so
that an appropriatevalue of this constantis learned. A large, positive cell
activity in the depth mapcorrespondsto a shorttime to collision;theselarge
cell activities identify the retinal locationsof nearbyobstaclesfor useby the
navigation module. This depth measurehas severaladvantages.First, it is
easily learned and calculated in the network using the VAM mechanism
alreadydescribed.Second,it is invariant with respectto retinal position. In
particular, the samevalue of the depth measurecorrespondsto the same
time to collision regardlessof the retinal location, even though objects at
the same depth generate different velocity signals at different places on
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Figure 3: Speedmeasureproduced by equation 3.17asa function of translational
flow angle and number of cells in the floret. The speed measure is scaled so that
the maximum output for each collection of cells is 1.0. More cells reduce the
angular dependence of this flow speed measure.

the retina. Third, logarithmic processingleads to a depth measure that is
compressedsuchthat nearbyobjectsgarnera larger percentageof the cell's
dynamic range.This allows the depth mapto representproximity of nearby
objectsmore accuratelythan distant objects,which is a useful property for
avoiding collisions.Finally,becausethe depth mapencodesan inversetimeto-collision measure pliTII,a large signal means a short time to collision.
Therefore,the most salient signalsin the depth map are those that present
the most danger.
A larger number of directional cells at eachretinal location (aswould be
expectedin motion processingpathwaysin vivo) enablesa morebiologically
plausible function g than the one defined by equation3.13to determine the
magnitude of translational flow velocity:
g(Wj) = L[Wki]+.

(3.16)

k

When there are a small number of directionally tuned cells at eachretinallocation, this measuredepends on the direction of the flow vector at
eachtranslational flow speed.Larger numbers of directionally tuned cells
eliminate this dependence(seeFigure 3).
3.7 Independent Motion Map. When one is sitting still, it is a common
experienceto have one's attention drawn to a moving object. This is not
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surprising sincethe isolated motion signaluniquely identifies the locationof
the object.During locomotion,however,largeoptic flow signalsfill the entire
retina, yet independently moving objectsmay still retain their perceptual
saliency.For example,the optic flow velocities in peripheral vision can be
quite large when one is driving down a street,yet the location of a moving
vehicle is still salientbecausethe optic flow signal it createsdiffers from the
pattern of flow generatedby surrounding stationaryobjects.
The independent motion map in Figure 2 is formed by a VAM mechanism, similar to the one used for estimating depth, that detectsindependently moving objects.Whereasthe depth VAM comparesthe magnitude
of a flow signal to a learnedaverage,the motion VAM comparesthe direction of flow with an expectedpattern of flow. The net input to a cell in the
independent motion map is:
lki = Nki -LH/m/ki,
/

where Nkiis the excitationfrom the correspondingcell in the normalization
field and the mlkiare adaptiveweights tuned to representthe expectedflow
field when headingin the directionrepresentedby heading map cell output
HloThe cell outputs Mki in the independentmotion map arecalculatedfrom
this input asfollows:

(3.18)

where
A = max (~lki)

-0.1

This is a dynamic threshold based on the maximum disturbance in the independentmotion map that hasthe effectof maintaining only the activities
of pixel locations with approximately the same level of activity. Activity
in the independent motion map is the vector difference betweenthe current normalized flow vector and the expectednormalized flow vector.The
length of this vector is reflectedin the total activity of the florets at a given
pixel location of the independent motion map. A flow vector that differs
by 180 degreeswill have maximal activity, while a flow vector that differs only slightly will have very little activation. If there is any noise in the
system, it will unavoidably appear as activity in the map. The threshold,
A, is introduced as a simple way to "clean up" the independent motion
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map. Its chosenvalue can be flexible depending on the needsof the navigator. We expectthat, as designed,the independent motion map would be
most useful with a fairly high threshold. In this way, the robot's attention
would be drawn only to pixel locationswith significant deviation from the
expectedflow direction. Of course, this means that the robot might miss
slowly moving objectsor objectsthat match its heading.However, without
somethreshold there will be continuous low-level activity acrossthe entire
map that might be distracting.
The weights mlkjareadjustedas follows:
dmlki

dt

= (X4IkiH/,

(3.20)

where C¥4
is a learning-rate parameterthat was set equal to C¥z
for the simulations. This learning law leadsto weights mikithat representthe average
directional flow pattern seenat retinal location i when moving in the heading directioncodedby HI. After training, if the pattern of flow receivedfrom
the normalization field correspondsto the expectedpattern for heading HI,
then weighted inhibition from HI will cancelthe input from the normalization field, and all activity in the independentmotion map will be quenched.
However, independentlymoving objectswill likely generateflow directions
that differ from the directionsexpectedfor the perceivedheading and retinallocations. A nonzero output Mki indicatesthat an independently moving
objectis locatedat the retinal locationindexed by i sincethe flow in direction
k at this retinal location is significantly largerthan the expectedflow for the
current heading as encodedby the weights miki.The larger the value of A,
the larger the angular difference betweenthe normalized flow signal and
the expectedflow signal must be before it producesa positive activation in
the independentmotion map.
It is possiblefor an objectto avoid detectionby the independent motion
map if that objectis moving toward the observersuchthatthe flow causedby
its motion is exactlyaligned with the translationalflow field. Such an object
would still be avoided by the current systemsincethe fasterflow would be
registeredasa shortertime to collision in the depth map, allowing the robot
to navigatearound the objectbeforeit getstoo close.Also, noise in the flow
field can lead to false positives at the independentmotion map. However,
thesefalsepositives will typically last for only a few time stepsand can be
largely eliminated by averagingover time.
Although learning in the weights projecting to the heading,depth, and
independent motion maps occurs concurrentl~ correct values of the independent motion map and depth map weights depend on the heading
directions coded by cells in the heading map. Theseweights thus do not
stabilize until shortly after the weights projecting to the heading map have

stabilized.
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3.8 Navigation Module. Together,the heading,depth, and independent
motion mapsprovide a representationof the visual world thatcan beusedto
navigatearound obstaclestoward stationary or moving targets.Goal-based
navigation in the presenceof obstaclesis carried out in the simulations
reported here using a very simple approach-avoidancealgorithm. We do
not posethis algorithm asa new or creative solution for navigation; rather,
we use it simply to show that the maps built up by the systemare robust
enoughto allow successfulnavigation in the presenceof large amounts of
sensornoise evenwith a relatively "stupid" navigation algorithm.
For simplicity, the navigator was limited to fixed-speedmotion on the
ground plane (IITII = 1),thus requiring the generationof only an azimuthal
translationcommand,Tx. Navigation toward a target involves keeping the
output of the heading map HMAP,defined in equation 3.9, equal to the
direction of the goal G in retinal coordinates.If the target and heading do
not match, then a nonzero difference vector generatesmotor commands
that adjust the navigator's translationT x toward the target,
Tx(t + 1) = Tx(t) + e(G -HMAP),

where Eis a gain factor set to 0.02.Translationalcommandswere limited to
-45° < Tx < 45°.
Obstaclesare ignored until onebecomesa threat by registering a short
time to collision as indicated by cell activity in the depth map, defined
by equation 3.13, greater than a threshold value ,8. A value of,8 = 3.5
was used in the simulations reported here. The centerof mass Cxof these
suprathreshold cells in the depth map is calculated,and the heading is
alteredto move away from this centeraccordingto the following algorithm:
if (HMAP > Cx) then T x(t + 1) = T x(t) + !I
if (HMAP < Cx) then T x(t + 1) = T x(t) -!I,

where 15
is a small,positive constantsetto 0.2 in thesesimulations. Thenavigator veers away from the looming obstacleuntil it is no longer a threat.
Once clear, the approachsignal regains dominance,and the navigator resumesprogresstoward the goal.
4 Simulations
4.1 Training the System. An important advantageof this system over
previous ones for heading perceptionin mobile robots is its ability to selforganizethrough an action-perceptioncycle rather than requiring teaching
signals and supervisedlearning. The systemis trained by randomly generating rotational and/ or translational movements,then using the combination of eye velocity information and the flow pattern resulting from the
movementsto tune the parametersin the translation field and the heading
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map. Theselearning processesare detailed in the following paragraphs.
Throughout training and testing, optic flow information was corrupted by
varying amountsof three types of noise:
1. Directional noise. Each flow vector is perturbed by a uniform randomly distributed angle betweenplus or minus the amount of directional noise.
2. Speednoise. Eachflow vector is multiplied by a uniform randomly
distributed number between0 and 2.
3. Aperture noise.Eachflow vectoris perturbed by a uniform randomly
distributed anglebetweenplus or minus the amountof aperturenoise;
then the magnitude of the flow signal is reduced by the cosineof the
angular differencebetweenthe original and perturbed vectors.Aperture noiseattemptsto model the uncertaintyof using local flow detectors to measurethe motion of a luminanceedge. Our useof noise that
is uncorrelatedacrosspixel locationsis only a rough approximation
to the aperture noise that would arise in a real vision system, which
could lead to higher error levels than those seenin the simplified
simulationsreported here.
During training and performance,simulated objectsin the field of view
were placed randomly at distancesbetween1 and 200units from the navigator. The units arerelative to a navigator focal length of 1 and a navigator
speedof 1.
4.2 Translation Field. The weights projecting to the translation field
from the eye velocity cells learn to cancel the rotational optic flow generated by eye movements. The easiest way for this to happen is to generate
random eye motions without any translational movement (imagine an infant scanning around a room before it can crawl). Therefore, learning in the
translation field was carried out before learning began in the higher stages of
the model. Under these circumstances, a fast learning rate may be used, and
the system is completely trained after only 20 to 30 random eye movements.
Figure 4A shows the weights projecting from each eye velocity vector cell to
the floret of cells at one retinal location after training with purely rotational
movements of the eyes. To illustrate more clearly the pattern of weights
projecting from each eye velocity vector cell, 12 directional cells were used
in each floret of the translation field in this simulation.
If necessary, the weights may also be trained in the presence of translational movements. Random translations have an effect similar to noise
on the desired training signal. In an actual implementation, noise may also
result from limitations of sensor arrays such as those due to the aperture
problem (Wallach, 1976; Perrone, 1992), although this problem may be reduced by motion preprocessing stages that convert aperture ambiguities
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Figure 4: Learning at the translation field. (A) Inhibitory weights WI"ki
in equation 3.4projecting from eye velocity signals after training with purely rotational
eye movements. Each of the four curves on the plot indicates the weight values projecting from one of the four eye velocity vector cells to all of the floret
cells at one retinal location. An eye rotation corresponding to the activation of a
single eye velocity vector cell results in a flow pattern that takes a cosine shape
across each floret of cells (see equation 3.1). The cosine shapes of these curves
thus indicate that the weights have successfullylearned to cancel the flow field
components due to eye rotations as reflected at the eye velocity vector. (B)Noise
tolerance while learning eye velocity parameters without noise (left) and with
:i:45degrees of random directional noise (uniformly distributed) added to the
motion detector field input. Percentageerror is measured asthe amount of residual activity at the translation field during a rotational movement divided by the
amount of activity that would occur without rotational nulling.
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into coherentrepresentationsof objectspeed and direction (Chey,Grossberg, & Mingolla, 1996).
A slower learningrate is required for stablelearning with noise.Still, the
systemcanlearn to cancelthe effectsof eye rotations on the flow field in the
presenceof noisewith a relatively small numberof movements,requiring on
the orderof 500randomly generatedeye movementstotune the parameters.
Sucha simulation is summarizedin Figure 4B, which shows how the error
decreasesastraining proceedsin the noiselesscaseand with ~45 degreesof
random (uniformly distributed) directionalnoiseadded to eachcell's input
at the motion detectorfield.
4.3 Heading Map. Like learning at the translationfield, learning at the
heading map is carried out during an action-perceptioncycle. Here, however,the goalis to train the systemto usethe translationalcomponentof the
flow field to determineheadingdirection.This is done by randomly generating translational movementsof the eye (as if it were mounted on a moving
body), then using the resulting translational flow field to self-organize a
map representationof headingdirection.
As noted in section3, the heading map is a variant of a SOFM. During
learning,the cells in the heading map spread out to code different heading
directions.The angular separationof neighboringheadingcellswill depend
on the number of cells in the map and the statistical distribution of heading directionssampled during learning (Kohonen,1982).This provides the
map with the desirablefeature of efficiently allocating its resourcestoward
morecommonly experiencedinput patterns.For example,when the system
is trained on a body that spendsmostof its time moving forward (aswould
be expectedfor most animals), it develops an accuracybias as illustrated
in Figure SA. The heading map on the left is the result of training on a set
of 2000movementswith headingsdistributed uniformly between %45degrees in both azimuth and elevation. The map on the right was trained
on a set of headingsbiased toward small deviations from straight ahead.
The tightly groupedheading cellsin the centerof the map(correspondingto
straight-aheadmovement)allows the mapto codethesedirections more accurately than more peripheral directions.In this regard, Crowell and Banks
(1993)noted that people are more accurateat judging headings with small
eccentricities(forward) than those with large eccentricities(sideways),and
similar degradationof heading detectionas the FOEmoves away from the
foveawas noted by Warrenand Kurtz (1992).When trained with a distribution of headingsas shown in the right side of FigureSA,the systemdevelops
a similar accuracybias.
As noted for learning in the translationfield, it is important for theheading map to be tolerant of noise in the direction and speed of local optic
flow signals. Figure SB shows that the heading map is still able to organize topographically when trained with noisy optic flow information. In
these"aperture noise" simulations,the effectsof the apertureproblem were
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Figure 5: Unfolding of the heading map. (A) Example heading maps with uniform heading sampling (left) and sampling biased toward straight ahead (right).
When the distribution of training samples is biased toward straight ahead, the
distribution of map cells is more concentrated for movements near straight
ahead,resulting in more accurate heading estimates for these movement directions. (B) Heading map after 2000 training steps for three levels of simulated
aperture error in the motion detection field.

simulated by randomly perturbing eachperceivedflow vector by an angle
uniformly distributed between ::1:0,
40, and 90 degreesand then reducing
the magnitude of eachflow vector by a factor equalto the cosineof the perturbed angle minus the actual angle. Two thousand randomly generated
movementswith headingsbetween ::1:45
degreesfor azimuth and elevation
were used to train the network. In all noise simulations, the same level of
noisewas used for both training and testingof the network.
Figure 6A shows heading estimate accuracyunder various kinds and
amounts of noise in the optic flow signal. To allow comparisonswith the
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Figure 6: Heading estimation under various noise conditions. (A) Error in heading judgment plotted as a function of the amount of directional noise, speed
noise, and aperture noise in the flow field for a network trained with headings
between:l:25 degrees.(B)Example of heading error for 0 degreenoise and 40degree aperture noise for a network trained with headings between :1:45degrees
(top). The circles mark the actual heading direction, and the plus signs mark the
estimated heading direction.

simulationsof Hatsopoulosand Warren (1991),training was carried out on
headingsbetween:1:25degreesin azimuth and elevation,and error was averaged over testheadingsbetween :1:20degrees.The directional noise simulations indicate that the network performs with about0.75degreeaverage
error with no directional noise and 3.9 degreesaverageerror with :1:90degreesdirectionalnoise.This is comparableto both human performanceand
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the performancereported in Hatsopoulosand Warren(1991),which showed
averageerrors of approximately0.8 degreefor no noiseand 3.4degreesfor
:1:90degreesnoise. The network's performance under aperture noise (see
bottom of Figure 6A) is similar to the directional noise results. Finally, a
simulation using "speed noise" (an increaseor decreaseof the magnitude
of the flow vector),reported in Figure 6A, shows that speednoise has little
effecton the network's performance,againin keepingwith psychophysical
resultsshowing that speednoisehas little effecton the ability of humans to
determineheading.
Some commentsshould be made regarding these comparisons. First,
the current network achievescomparableresults despite using a learning
schemethat trains from randomly generatedheadingsas compared to the
learning schemeof Hatsopoulos and Warren that requires network-using
optic flows that correspondto known headings. Second,the current network works in the presenceof eye rotations due to the learned removal of
rotational flow componentsat the translation field; the Hatsopoulos and
Warrendoes not work in the presenceof eyerotations. Although the results
reported hereusea slightly larger retina (7 x 7 versus5 x 5) and more cells
for heading detection(49versus 25),the number of input patterns required
to train the network adequatelyis less in the current system than in the
Hatsopoulosand Warren (1991)network (2000versus4000).
Figure 6B shows a graphical representationof heading estimation performance under two different amounts of aperture noise, this time for a
network trained with headingsbetween :1:45degrees.The open circlesdenote an arbitrarily selectedgrid of sample headings.The plus marks plot
the responsesof the heading map.
A possible criticism of these simulations is that the apertureproblem is
not simply uniform random noise but instead is systematicin nature for
objectsthat span many retinal locationsand thus may causeerrors that do
not simply averageout as they appearto in the previous simulations. The
results of a simulation designedto test further the system's ability to deal
with the aperture problem are illustrated in Figure 7. Severalchangesdistinguish this simulation from thosepresentedin Figure 6. First, in previous
simulations, the scenesconsistedof point objectsplaced at random depths
for eachpixel location. A flow signalwas calculatedfor eachpixel location,
and then various types of randomnoise were addedto the flow field. Here,
larger rectangularobjectsreplacethe point objects.A morerealistic aperture
effectis simulated by assuming that the flow detectorscan detect activity
only at luminance boundaries and, due to the aperture effect, can detect
only the componentof flow that is perpendicular to the luminance edge.At
corners,the ambiguity of the aperture effectis removed becauseboth the
horizontal and vertical flow detectors can respond. Second,becausemost
of the field now containsno information, the network was modified so that
no learning takes place at pixels without activity in the translation field.
Third, the retina was increasedto 20 x 20 pixels so that objectswith long,
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Figure 7: Simulation providing a more realistic treatment of the aperture problem. (Top) Example scenewhere aperture noise is correlated to the viewed objects. The objectsare squares of various dimensions placed at random depths
averaging 100units away. It is assumed that the optic flow detectorscan detect
only the component of the flow field that is perpendicular to the luminance
edge. The "x" marks the actual heading and the open circle marks the heading
predicted by the heading map. (Center) Scene with correlated aperture noise
plus %90degrees directional noise. The "x" marks the actual heading direction
and the open circle marks the heading estimated by the heading map. (Bottom)
Plot of average heading map error versus amount of directional noise added in
addition to the systematic aperture noise error induced by shapesin the scene.
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straight edgescould be observed.Fourth, the learning rate and neighborhood shrinking rate were reduced by one-half.Finally, the number of trials
was increasedfrom 2000to 8000.This last change reflectsthe fact that for
anygiven trial, three-fourthsof the pixels are not receivinginformation and
therefore cannot learn. With these new scenes,it simply takes longer for
eachpixel to experienceenoughtraining data.
The top panel of Figure 7 is an exampleof the more realistic scenesand
apertureeffectused to train and testthe network. The centerpanel showsa
typical training scenewith the aperture effectand an additional :i:90degree
directional noise. The bottom panel shows a plot of the average error in
heading estimation as an increasing amount of directional noise is added
in addition to the systematic aperture effect error induced by shapesin
the scene.For zero added directional noise, the averageheading error is
about :i:l.8 degrees,indicating that the network deals very well with the
morerealisticapertureeffect.The averageheading estimation error with an
additional :i:90degreesof aperturenoise increasesto only :i:2.7degrees.
4.4 Depth Map. Figure 8 shows the effectof directional flow noise on
relative depth estimation.The optic flow field used in thesesimulationshad
49 cellsarrangedin a 7 x 7 grid. A random depth was selectedfor objects
at eachof the 49 retinal locations. Then movementswere made toward
those objectsalong 36 randomly chosenheadings between :i:37 degrees
in both azimuth and elevation. Becausethe weights learned for the depth
mapdepend on the nature of the flow field experiencedduring training, it is
important that the flow field usedto train the mapis similar to the flow fields
that will beencounteredafterlearning ceases.Specifically,the training flow
field should contain flow information correspondingto the typical rangeof
objectdepths that will be encounteredduring performance.
The first threepanels of Figure 8 (the top two and the bottom left) compare the depth measurecalculatedby the systemto the actual depth of the
object at each retinal location. (For purposes of comparison, actual depth
was processedaccording to equation 3.15 and scaled to compensatefor
translational speed.)For eachof thesesimulations, noise was presentduring both training and performance.The effectsof noise during training are
quite small relative to the effectsof noise during performance;that is, most
of the error in the plots is attributable to noise during performance rather
than incorrect values of systemparameterslearned during training. The
final plot in Figure 8 (bottom right) shows error versus the amount of directionalnoise.The systemwas trained in the absenceof noise for this plot.
Error was calculatedas the differencebetweenthe actual object depth and
the depthpredicted by the network divided by the actualobjectdepth. This
was multiplied by 100 to obtain the percentageerror, and the result was
averagedover all retinal locationsand 36 different headings.As indicated
in Figure 8, the depth map is unusually robust to noise becausethe optic
flow signalswere perturbed in direction but not magnitude. Recallthat for
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Figure 8: Effect of different levels of directional noise on relative depth estimates. Eachof the 49 cells on the 7 x 7 retina estimates the relative depth of the
object in its receptive field. The first three plots (the top two and the lower left)
show network depth estimates (solid lines) compared to actual relative depths
(dotted lines) for three different levels of directional noise presented during both
training and performance. The final plot shows the average percentage error of
depth estimates as a function of directional noise for a network trained in the
absenceof noise.

a given heading, objectdepth depends on only the magnitude of the optic
flow signal. Therefore,as long asthe heading estimateis reasonably correct
(seeFigures 6 and 7), the depth estimateswill also be correctregardlessof
directionalnoise.
If any speednoise is presentin the flow field, depth estimation will unavoidably degrade.This is evident from Figure 9,which showsthe effectof
aperturenoise on relative depth estimation.Sinceaperturenoise containsa
speedcomponentin addition to the directionalcomponent,depth mapaccuracy degradessignificantly more than with directional noise.Nonetheless,
the depth map still performs well with 40 degreeaperture noise,and later
simulationswill show that the 100%averageerror in depth estimatesunder
90 degreeaperture noise is still adequatefor navigation becausemultiple
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Figure 9: Effect of different levels of aperture noise on relative depth estimates.
Each of the 49 cells on the 7 x 7 retina estimates the relative depth of the object
in its receptive field. The first three plots (the top two and the lower left) show
network depth estimates(solid lines) compared to actual relative depths (dotted
lines) for three different levels of aperture noise presented during both training
and performance. The final plot shows the average percentage error of depth
estimates as a function of aperture noise for a network trained in the absenceof
noise.

snapshotsof the scene,taken as the navigator moves,tend to average out
the unwanted effectsof noise over time. Performancecould be improved
further if predictions about the continuity of surfacesin the field of view
were used to perform neighborhood smoothing operations on the output
of the depth map, but this topic is beyond the scopeof this article. It should
also be noted that the worst depth estimation errors occur for objectsnear
the FOE,where optic flow signalstend to be very small. This is another inherent problem with using optic flow for depth estimation. One technique
that can help alleviate this problem for real-world scenesis to ignore retinallocations with very small depth weights and fill in depth estimatesby
averagingestimatesfrom neighboring cells.
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Figure 10: Independent motion detection with no noise. Each panel shows the
visual field as seen by the network's retinal array. Arrows in the left panels
indicate flow components in the translation field, and arrows in the right panels
indicate flow components at the independent motion map after thresholding.
(A) The navigator is moving straight ahead over a tiled ground plane. The
suspended box is stationary with respect to the ground plane, so no activity
remains in the independent motion map. (B) The navigator is moving straight
ahead over a tiled ground plane. The suspended box is moving to the left. The
flow field at the retinal location that corresponds to the box does not match the
expected field, so activity at that location pops out in the independent motion
field. (C) Here the navigator is moving at 37 degreesto the right while the box
still moves to the left, indicating that independent motion may be detected for
a wide range of navigator headings.
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4.5 Independent Motion Map. Figures 10 and 11 illustrate the performanceof the independentmotion map. The sceneconsistsof a tiled ground
plane, a distant wall, and a box floating above the ground plane between
the observerand the wall. Eachpanelshows the visual field as seenby the
network's retinal array. Objectsin the visual field are indicated by dotted
lines. Arrows in the left panelsindicate flow componentsin the translation
field, and arrows in the right panels indicate flow components at the independentmotion map after thresholding accordingto equations3.18and
3.19.
Figure 10 indicatesperformanceat the independent motion map in the
absenceof noise. In Figure lOA, the navigator moves forward, while the
box remainsstationary.Sinceoptic flow in the sceneis commensuratewith
the flow expectedby the activated heading map cells, all activity in the
independent motion map is quenched.In Figure lOB,the navigator again
moves forward, but this time the box is moving independently to the left.
The flow generatedby the box doesnot fit with the flow patternestablished
by the restof the scene,so it is singled out in the independentmotion map.
Figure 10Cshows an exampleof detectingthe samebox motion while the
navigator moves at 37 degreesto the right instead of straight ahead. One
might note that the direction coded by the active cells in the independent
motion map correspondsonly roughly to the actualmotion direction of the
object with respectto the navigator. This highlights the fact that this map
is primarily useful for identifying the retinal locations of moving objects
rather than their direction of movementrelative to thenavigator.The directional error arisesbecausethe motion network detectsmismatchesbetween
expecteddirection and the incoming flow direction. The differenceof these
two directionswill point approximatelyin the actual direction of the moving object.However, the exactcalculation of direction requiresknowledge
of both the depthof the moving objectand the navigator's speedso that the
componentof optic flow due to object motion may be separatedfrom the
componentdue to self-motion.
Figure 11 illustrates independent motion map performance under various noiseconditions.Figures 11Aand 11Billustrate the performanceof the
independent motion detector in the presenceof :1:40degreeand :1:90degree aperture noise, respectively.Noise was presentduring both training
and performance.The network successfullydetectsthe moving box in both
conditions, but the network erroneously detects motion at several retinal
locations in the :1:90degree condition. The independent motion detector
is the most sensitive part of the network to directional noise since it relies
on the accuracyof optic flow directions at eachretinal location and cannot
averageover the entire retina. Directional noise can be countered to some
degreeby choosinga higher value of the threshold A in equation3.18 but
raising the threshold alsoincreasesthe chancesof missing a moving object.
Figure 11Cshows the performanceof the independent motion map in the
presenceof 100%speednoise.Becauseboth the heading and independent
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Figure 11: Independent motion detection under various noise conditions.
(A) Example of independent motion map performance when the incoming flow
field is randomly perturbed by :1:40degree aperture noise. (B) At :1:90degree
aperture noise, some errant vectors survive the threshold along with the moving box. (C) Performance of the independent motion map in the presence of
100%speed noise. Independent motion detection is essentially unaffected by
perturoations in the magnitude of the flow signals.

motion maps are essentiallyunaffected by perturbations in the magnitude
of optic flow signals,the moving box is easily detectedin the speednoise
condition. Faster-movingobjectsperturb the optic flow signals more than
slower-moving objectsand are thereforeeasierto detect.
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Figure 12: (A) Two example paths taken by the approach-avoidance algorithm,
viewed from above. The circles representtimes when the approach signal was
dominant. The "x" symbols represent times when the avoidance signal was
dominant. The navigator starts at the bottom and attempts to reach the plus
sign while avoiding the blocks. (B)Two example paths taken by the approachavoidance algorithm in the presenceof 90 degree aperture noise. (C) Two example paths taken by the approach-avoidance algorithm in the presence of 100%
speed noise.

4.6 Navigation. The simulations shown in Figure 12 demonstratethe
utility of the self-organizingheadingand depth maps for visual navigation.
Figure 12A shows an overheadview of a field of rectangularobstaclesand
the path that the navigator takes to reachthe goal indicated by the plus
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Figure 13: Pursuit behavior viewed from above. The first navigator, designated
by the open circles, is pursuing the navigator designated by the plus symbols.
The "plus" navigator is slightly slower but gets ahead start in its attempt to reach
the goal. The other navigator is faster and attempts to capture the first navigator
before it reachesits goal. The first navigator (open circles) detects the location
of the other navigator using its independent motion map. In both simulations,
the open circle navigator is able to overtake the slower plus navigator before it
reachesits goal.

sign. The task for the navigator is to start at the bottom centerand reachthe
plus sign atthe top of the scenewithout hitting any obstacles.No high-level
path planning was used, only the simple approach-avoidancealgorithm
described in section3. The opencircles mark places along the path where
the navigator was in approachmode, and the "x" symbols mark the places
where the navigatorwas in avoidancemode.
Becausethe componentsof the network are robust to noisy optic flow
fields, the approach-avoidancecalculationbased on the network's output
is also robust to noise.Figure 12Bshows two examplepaths taken by the
navigator in the presenceof 90degreeaperturenoise.The main difference
betweenperformancein 0degreenoiseand 90degreenoiseis that at higher
noiselevels,the navigator occasionallymisjudgesstepsand clips the comers
of obstacles.Also, random depth map errors occasionallycausethe navigator to veer unnecessarily.Figure 12Cshows two example paths taken by
the navigator in the presenceof 100%speednoise. This 100%speed noise
is guaranteedto degradethe performanceof the depth map by at leastthat
amount, and one canseeby the x's that the navigatoris sometimesavoiding
ghosts.However, on averagethe ghosts tend to canceleachother, and the
network extractsusefulinformation aboutthe true locationof the obstacles.
Finally, Figure 13 shows examplesof motion pursuit simulations that
require all elementsof the visual navigation network. Aperture noise of
:f:30degreeswas used in thesesimulations. One navigator,designatedby
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the plus symbol, attemptsto reacha goal indicated by a plus sign at the top
of the picture. A secondnavigator, designatedby the open circle symbol,
is slightly fasterand usesthe first navigator's changinglocation as its goal.
The second navigator uses its independent motion map to determine the
locationof the first navigator.As shownin the two simulationsof Figure 13,
the second navigator is typically successfulin its attempt to overtake the
slower navigator.
5 Concluding Remarks
The network describedin this article was developed primarily as a module for autonomousrobotnavigation. Its featuresinclude self-organization,
fast learning, noisetolerance,operation in the presenceof eye movements,
and reasonablememory and computational demands.This systemrepresentsone of the first self-tuning systemsto attempt seriously to solve the
problem of navigation using optic flow, although the structure and learning principles were inspired by severalpreviouscomputational and neural
models (Hatsopoulos & Warren, 1991;Lappe & Rauschecker,1993,1995;
Perrone,1992).Basedon the good performanceseenin the simplified simulations, it is expectedthat the systemwill also perform adequatelyon real
images. Work is in progressto transfer thesealgorithms to mobile robots.
Efforts spentdevelopinga self-tuning systemreducethe burden of software
rewri testhat would otherwisebe required to accommodaterobot hardware
changes.The current systemcould be expandedby introducing feedback
betweenthe modules.Forexample,independentlymoving objectscould be
detected more accuratelyby creating a feedbackloop that removes pixels
containing suspectedindependently moving objects from the normalization field. Therefore,the next iteration of the heading estimatewill be less
corrupted than the previous, which will improve the performanceof both
the depth and motion maps.
Although this was not the priffiary goal of the current model, many of
its cell types also show similarities to MT and MST cell properties. Cellsin
MT are sensitiveto the orientation and velocity of visual stimuli (Rodman
& Albright, 1987),asare cells in the motion detection,translation,and normalization fields in the model. Many cells in MST respond maximally to
radially expanding patterns and patterns that include expansionand full
field translation, suggestinga role in heading detection and/or depthestimation (Lagae,Maes,Raiguel,Xiao, & Orban, 1994);cells in the heading
map are similarly tuned. MST receives strong fiber projections from MT
(e.g., Maunsell & Van Essen,1983;Ungerlieder & Desimone, 1986),as do
heading map cells in the normalization field. Cells in MT and MST have
complex properties, however, that are by no means completely explained
by the current model or other models of heading direction (Lagae et al.,
1994;Graziano,Andersen,& Snowden,1994).
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To the extent that the present model doescapture brain heuristics, the
use of eye velocity information to nullify the rotational componentof the
flow field suggeststhat MST cells may changetheir flow field sensitivities
in the presenceof eyemovements.Bradley,Maxwell, Andersen,Banks,and
Shenoy(1996)have presentedevidenceconsistentwith this hypothesis by
showing that during an active pursuit eyemovement,expansioncells shift
their preferred focus of expansionin a direction that would compensate
for the eye rotation. This shift does not occurduring a simulated rotation,
suggestingthat it is due to extraretinalinformation.
Finall~ it must be noted that optic flow alone can be only an imperfect
indication of object motions and distances.For example,no optic flow is
available for objectscenteredat the FOE,and thus the distanceof theseobjectscannotbe determinedusing optic flow until theybecomecloseenough
to subtend a significant portion of the retina away from the FOE. An independentlymoving objectthat is heading directly down the line of sight
through the FOE will generateflow vectors that are directionally consistent
with the flow vectors causedby the translational motion of the navigator,
and such an objectwill thus not be identified as moving by the independent
motion map. However, such an objectwould correctly register a shorter
time to collision in the depth map, thus allowing the navigator to move
around it even though it was not identified as independently moving. An
independently moving object that covers a large portion of the retina will
generatefalse heading estimates.This is evidencedin humans by the mistaken perception that their stationary car is rolling becausethe truck next
to them is moving slowly in the opposite direction. Despite these shortcomings,optic flow is a rich and usually reliablesourceof information that
should not be dismissed simply becauseit is difficult to measureand provides misleading or no information in certaincircumstances.Thepurposeof
our architectureis to extractasmuch information from optic flow aspossible
using a self-tuning network with relatively uncomplicated computational
elements.Our approachdistinguishesitself from previous work by providing a unified treatmentof heading, depth, and independent objectmotion
within a single architecture.In addition, our approachdealswith the effects
of self-generatedeyemotions thoroughly and effectivelyand hasthe unique
advantageof self-organization.We have shown, using simplified simulations, that our network is able to provide sufficiently robust information to
approachtargets while avoiding obstacles,even if those targets are moving. This does not mean that our system,or any other systemthat attempts
to processoptic flow alone for that matter, is sufficient to allow error-free
navigation in all real-world situations. Robustnavigation requires the integration of many information sources,and our network has beendesigned
to offer one pieceof the puzzle by contributing useful heading, range, and
independent motion estimatesthat a robot may use to aid in tasks suchas
moving objectpursuit and obstacleavoidance.
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