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Abstract

Some recent work with autonomous robots has
focused on using optical ow for \direct" control of speed and rotation in obstacle avoidance
and other simple behaviors. This work has been
inspired by work with insects showing similar
mechanisms. To extend these behaviors, three
methods of maze navigation are investigated in
a simulated robot modeled after a real one. A
motor-based method places biases in the obstacle avoidance control law used previously. A
perception-based method uses optical ow to detect possibilities for action (e.g., to turn left or
right). Both of these require that the agent have
a list of biases in order to navigate. The third
method, called the Salience Centroid Method, is
based on a theory of the role of the hippocampus in rat navigation. This method trades o
the memory of the rst two for more advanced
perceptual processing and allows the most exible behavior.

1 Introduction

In the last few years, a number of researchers have explored the use of optical ow for directly controlling a
robot's behavior (Coombs & Roberts, 1993; Duchon &
Warren, 1994; Sobey, 1994; Santos-Victor et al., 1995;
Coombs et al., 1995). This research has concentrated
on methods for obstacle avoidance without modeling
the world (Aloimonos, 1992) and has even produced
robots which can dock (Santos-Victor & Sandini, 1994)
and play \tag" (Duchon et al., 1995). These implementations on a robot platform have been inspired by
theories of how bees navigate through the world (e.g.,
Srinivasan, 1992). The crossover between these two
elds indicates that it is possible to speak in general
terms of an agent. Results in both elds apply to any

agent, be it biological or arti cial, that can detect optical ow and act upon it.
This paper begins two extensions to the insect-based,
on-line steering work cited above. The rst is to develop methods using optical ow for goal-directed behaviors, still without using the information in optical
ow for creating a 3-D model of the environment. The
second purpose is to take inspiration from another animal literature, namely cognitive mapping in rats. As a
rst pass at these higher-level behaviors we use a simulated agent which is modeled after the real robot and
\control laws" presented previously (Duchon & Warren, 1994; Duchon et al., 1995).
Three strategies for maze navigation are explored.
The \motor-based strategy" is similar to the kinesthetic response chains of the early rat-in-a-maze literature whereby \the act of running a maze seemed to be
more a series of concatenated re ex movements released
by kinesthetic cues" (Munn, 1950, p.186). This conclusion was dismissed with further experimentation (e.g.,
Dashiell, 1930) and the simulation also quickly shows
the limitations of this strategy. The \perception-based
strategy" takes more advantage of the information in
optical ow and allows the agent to make choices and
learn a route-based representation of the environment.
Although much more exible, this strategy too has its
faults. Finally, we explore the use of optical ow in a
modi cation of O'Keefe's (1989, 1991) model of hippocampal function. This method alone also has its
problems which are addressed in the conclusion.

2 The Simulated Environment
2.1 The environment and the agent
The maze environment (Figure 1) has many possibilities for action including cul-de-sacs, and T-, L-, and
U-junctions. The agent is an observation point with a

eld of view (FOV) of 0 ? 330, and although a point,
a triangle is drawn around it for display purposes. For
obstacle avoidance and for the rst two strategies described below, the agent has 48 samples from a FOV
of 120 . The agent has access only to the optical ow
\seen" at the intersection of each sampled line of sight
and the nearest maze wall.

2.2 Calculation of the optical ow
The instantaneous optical ow from translation only is
used. No rotational components are added (a condition
our robot approximates (Duchon & Warren, 1994) since
it moves in a piecewise linear manner). As such, the
optical ow can be calculated analytically. Because the
simulations take place in a maze without other agents,
the optical ow value (here, angular velocity in the horizontal dimension only) for a given line of sight is simply
_ = jhj sin
(1)
d

where _ is the angular velocity, h is the velocity of the
agent (here, the agent always moves along the optical
axis), is the angle of the sample with respect to h, and
d is the distance between the observation point and the
sampled point on the wall. In this manner, the observer
can obtain a speed-scaled distance between itself and
the sampled points in the environment. Another piece
of information provided by optical ow is the time-tocontact, known as  (Lee, 1976). For small values of ,
  = _ . In the maze, a low  value signals that there
is a wall in front of the agent. If  is below a threshold,
the agent will turn 180 (the \tau-re ex").

2.3 Obstacle Avoidance
For obstacle avoidance, we used the Balance (or Centering) Strategy which has proven useful in robot implementations (Duchon & Warren, 1994; Coombs et al.,
1995; Santos-Victor et al., 1995). With the Balance
Strategy, the agent moves so as to equate the average
magnitude of ow detected on each side of the optical axis (which is tied to the heading direction both in
simulation and in our robot). At each time step in the
simulation, the instantaneous optical ow values are
obtained for each sample. The average for each side
( _L , _R ) is calculated and the agent rotates an angle r
as given by
(2)
rbal = k( _L ? _R )
where k is a scaling constant. With rbal > 0 indicating
clockwise rotation, more ow on the left causes the
agent to turn to the right.
The essential idea behind this strategy is that of motion parallax: when the agent is translating, closer ob-

jects will give rise to greater motion across the retina
than farther objects. It also takes advantage of perspective in that closer objects will also take up more of
the eld of view, biasing the average towards their associated ow. In the end, the agent turns away from the
side of greater ow, but only such that it does not turn
into an obstacle on the other side. When the agent is in
a hallway, it will tend to move down the center. Obstacle avoidance using the Balance Strategy has proven to
be very robust with robots, but the question remains
as to how to integrate this behavior with more goaldirected actions. Below, we explore a few possibilities.

3 A Motor-based Method

It is possible to induce other forms of behavior by placing biases in the Balance Strategy:
rbias( ) = k[(1 + ) _L ? (1 ? ) _R ]
(3)
Since r > 0 indicates a right turn, a positive bias
( > 0) makes the agent hug the right wall. With a constant bias, this control law will lead to wall-following,
which can be used to map an environment (Mataric,
1992). With a variable bias however, say of a given
sequence, the agent can navigate through the maze to
a pre-determined location. We implemented this latter
strategy.
Let's posit a given sequence of biases (from some previous experience) which we know will lead the agent to
the goal location, given that it always starts at the
same start location (home). The agent will need to
both make turns and be able to pass by openings that
are undesired. To pass an opening on the left, it can
use a small positive bias (to the right) that is enough
to keep it from going into the left opening. To make
a turn into an opening, a stronger bias is applied. For
example, the sequence of biases used in Figure 1 is : ?
=

fpassright, turnleft, passright, turnright,
g where turnleft = -0.3, turn-

cul-de-sac, stop

= 0.3, passleft = 0.15, passright = -0.15,
and cul-de-sac = 0.0.
Since the agent only has access to the sequence of
biases, it must have a way of determining whether or
not it has actually made the turn or passed by the
opening. This is done by keeping a moving average of
the last few r values, denoted by , an \e erence copy"
of its movement. If it is not currently in a turn but the
pointer in the sequence indicates the next action is a
turn, then jj moving above a threshold, t , indicates
it has entered the opening. When jj again falls below
t , it has completed the turn. Similarly, passage by
an opening can be detected as  rises above and falls
below another threshold, p , characteristic of a slight
turn into an opening and a straightening in the next

right

passage. A cul-de-sac can be detected by a low  value
which will also trigger the tau-re ex. Each time the
agent completes a turn, pass or cul-de-sac, a pointer
moves to the next bias in the list.

Figure 1: Path of the agent using the motor-based method
and the sequence in the text. The agent starts in the lower
left cul-de-sac. The dots indicate the agent's location every 20 time steps. Notice that it does not travel down the
middle of the passageways, but rather hugs the walls depending on the bias . For example, the rst dot is in the
middle of the passage, but the agent moves a bit to the left
in order to pass by the opening on the right. It \dips" into
the passage only slightly, the recovery from which signals
that it has passed the opening so it moves to the next bias
in the list.

There are a number of problems with this method of
navigation. First and foremost, the agent must know
the sequence beforehand and how this comes about is
undetermined. Second, on the motor side there is a
process that indicates it has completed a turn or passed
by an opening, but there is nothing on the perceptual
side by which the agent can \see" that it has a choice.
To address these two issues we implemented a more
perception-based method for navigating the maze.

4 A Perception-based Method
Given the rectilinear nature of the maze, in which all
walls come together at right angles, the agent could
\see" that there is an opening on the left or right by
detecting a large drop in _ from a given sample in the
periphery to the next, more central, sample. An opening straight ahead is given by the central  value. If
 is low enough, then a wall must be in front of the
agent, if high enough, an opening. The agent must simply choose which among the possibilities (go straight
at a cross-junction; turn or pass left or right at a Tjunction) it will take and apply the appropriate bias

in Equation 3. In the motor-based method, the current bias in the list was applied constantly. With this
method, the bias is applied only when at least two possibilities are available (a choice point) and only for a
limited period (otherwise, the bias is zero). The latter
condition is applicable because the agent will typically
detect the opening at a xed point in time before it
must turn. Thus there is no need for an e erence copy
with this method.
The basic task for the agent is given that it starts
in a cul-de-sac (home), it will move through the maze
until it reaches another cul-de-sac, at which point it
returns home (Figure 2). On the way out, at each
choice point the agent makes a random choice among
the possibilities and records the choice in a list. If, say,
there is an opening to the right only, and a wall is in
front of the agent, then there is only one way to go and
no need to make or record a choice. Again, the list
consists of a series of biases (?). For the return trip,
the agent simply goes backwards through the list. At
each choice point, the agent applies the negative of the
current bias in the list and moves the pointer back one.

Figure 2: Perception-based maze behavior. The agent again
starts in the lower left corner. It stays in the middle of the
passage because there is no bias until it reaches a choice
point halfway up the left side. There is a slight de ection
at the rst passage despite the passright bias. At the
frame shown, it has made its way to the cul-de-sac at the
middle left side and begun the trip home (doubled-up dots).
It can consistently nd its way back from any cul-de-sac.

There are a number of disadvantages to this method
as well. First, as noted above, this method depends on
the regularity of the maze. For instance, to determine
if there is an opening, at least a 35% change in _ is
required in one of the peripheral samples given a 120
FOV. There is some exibility in these values (in the
percent change and the FOV), but not much. It also

depends on the size of the passageways and doorways
and there is no contingency for entering a room.
Second, it is a route-based navigation system which
means it is very \fragile" (O'Keefe & Nadel, 1978).
The exact route taken on the way out must be used on
the way back; no shortcuts can be taken. Moreover, if
the agent is heading home and gets transported somewhere else in the maze, its list of biases is useless. A
solution to this problem would be to make a connectivity graph of the possibilities at each junction and
the choice made. The entire maze could then be represented in this way and standard AI techniques could
be used to determine, say, the sequence of biases (a
policy) to be applied at each choice point in order to
get home from any location in the maze.
Third, a representation in terms of a list (or graph)
is unsatisfying. It implies a symbolic memory mechanism, which behavior-based robotics is trying to avoid
(however, see Mataric, 1992). Ideally, there would be
a perception-based method, with minimum memory,
which would use \higher-order invariants" in the environment for more exible navigation.

5 The Salience Centroid Method
In many of the studies of maze-learning in rats, placed
above the maze are a number of cues which can be
seen at all times, termed \extra-maze cues" (Munn,
1950, p. 192). Most of these studies have shown that
if the extra-maze cues are rotated a certain angle after
the rat has learned where the goal is, the rat will now
behave as if the goal location had also rotated by the
same angle. That is, it is behaving with respect to a
frame of reference de ned by the extra-maze cues. This
is apparent not only behaviorally, but also physiologically. It is now well known (O'Keefe & Nadel, 1978)
that certain cells (\place cells") in the hippocampus
are active only when a rat is in a certain location in
its environment (the \place eld"). The place eld of a
cell also rotates with the cues (Muller & Kubie, 1987).
O'Keefe (1989) proposed that the hippocampal formation performs matrix transformations in a Cartesian
mapping system. In his model, a current matrix C contains the egocentric (x; y) coordinates of every object
(as obtained by converting the distance and bearing
of each object). Going to a goal requires multiplying the inverse of the current matrix by the goal matrix G to get the transform, or movement, required:
C?1  G = T. O'Keefe proposed how various mechanisms in the hippocampal formation could carry out
these operations, such that given C (from vision) and
G (from previous experience), the hippocampus could
generate the correct movement T to move the rat to
the goal.

In his second model (O'Keefe, 1991), coordinates are
no longer egocentric, but make use of a \centroid-slope"
construction. Once the bearing and distance of all the
objects are obtained, the centroid is simply the average
of the vectors from the rat to each object. The centroid
is invariant to rotation, thus gives a radial distance for
the rat's location. The slope (for two objects) is simply
the ratio of the di erence of the y- to the x-coordinates,
also in an egocentric frame. The slope is invariant with
respect to translation, and speci es the rat's orientation. The distance from the centroid and the angle
from the slope are both invariant as long as the same
objects can be seen. Movements are calculated with respect to these values, and not to egocentric coordinates
as in the rst model. However, one problem with this
method is that the symmetry on the two sides of the
\slope" means there is always an ambiguity in the rat's
location. Another issue is the computational expense
of averaging the slope of all pairs of cues.
The method below is proposed for three reasons.
First, it resolves the symmetry problem and scales linearly with the number of cues. Second, it exploits the
information in optical ow (as O'Keefe (1991) actually
suggests). And third, this method, like the previous
two, integrates goal-directed movements with obstacle
avoidance.
Three assumptions are required for the method to
work. The rst is that all the extra-maze cues must be
within view simultaneously for the agent to \ x" its position. This \omnipresence" of the cues is assumed by
most current computational models of the hippocampus since nearly all physiological studies have recorded
place cell activity in an environment where all the cues
could be seen1 . The second assumption is that at least
one of the extra-maze cues must be perceptually distinguishable from the others. The third assumption is
that the agent has some sense of its rate of motion,
if only proportionally. Reasons for these assumptions
will become apparent and methods for removing the
rst one will be discussed below.
To comply with these assumptions, the environment
and the agent must be slightly modi ed. The environment is now equipped with four \extra-maze cues"
which can be seen from anywhere in the maze. Each
cue is assigned a random number as its \salience." The
agent now has a second set of optical ow samples, different from those described above which are still used
1 Once the rat is placed in an environment, place cell activity is
maintained even as cues are taken away (O'Keefe & Speakman,
1987) or the lights are turned out (Quirk et al., 1990). This
ability to use dead-reckoning to maintain place cell properties is
mediated mostly by vestibular information modi ed by optical
ow (Sharp et al., 1995). No dead-reckoning is used in any of
the methods presented here.

for obstacle avoidance. This second set can be thought
of as another set of horizontal motion detectors, but
now in a plane above the rat. Thus, they only detect the extra-maze cues. Forty-eight samples are taken
from a 330 FOV.

5.1 Salience Centroid Algorithm

One ow value _ at an edge of each extra-maze cue
is detected (an edge is detected simply by a large difference between two adjacent samples). The (speedscaled) distance to each cue is d = sin(j j)= _ . For the
purposes of computation only, we convert these (d; )
values to egocentric (x; y) coordinates (the y axis being
the optical axis of the agent). The coordinates of the
\centroid" (c) then, is simply the average of the (x; y)
coordinates of the four cues: (x; y). A directed vector
(as opposed to just a slope) is required for an unambiguous coordinate system of the environment. Therefore, the original x and y values of each extra-maze cue
are multiplied by the \salience" of the cue and a new
average obtained. At least one of the cues must have
a di erent salience than the others for the \salience
centroid" (s) to be di erent from c.
Given s and c, the salience vector s can be found (see
Figure 3A). Through a couple of coordinate transforms,
the location of the observer with respect to s can be
calculated, now back in polar coordinates: (rO ; O ).
We should note that crucial to this calculation is , the
bearing of c with respect to the agent's heading (h), as
well as !, the agent's heading (h) with respect to (s).
A little more vector algebra (Figure 3B) will determine
the bearing , with respect to the current heading, of
a known location in the environment (rG; G ).
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where a is an appropriately scaled constant. Other
optic variables, like  , could be used, but the sum takes
into account the whole eld of view in an appropriate
and general way (Figure 4).
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( ) of the goal point (if there is one). However, the
agent need not turn instantly towards the goal. Instead, a certain percentage, perc=0.2, of is used.
A few other factors need to be considered as well.
The rst is that if the goal is on the other side of a
wall from the agent, the agent should not beat its head
against the wall, as it were. This can be avoided by
taking the total sum of optical ow that the agent sees
(), and reducing the bias accordingly:
=  perc  (1 ?  )
(4)
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Figure 3: Vectors used in the calculations for the Salience
Centroid Method. See text.

5.2 Using the Salience Centroid
At any given moment when all the extra-maze cues can
be seen, the agent knows its location and the bearing

Figure 4: Escaping from a \goal-directed blind." The sequence shows the agent (1) entering a \box" because the
goal (square) is on the other side. As it nears the end (2),
 increases, which reduces and so the Balance Strategy
predominates. This allows the agent to turn itself around
(3) and begin going up the wall (4) since being near the wall,
 stays high. Without using , the agent would stay in the
cul-de-sac, continually using the tau-re ex to ip around
and the bias to pull it back in. Once the agent gets to the
corner (5),  becomes low, becomes high, and the agent
begins heading towards the goal again (6).

The bias ( ) here is a function of the direction of the
goal and is given in degrees. In the other two methods,
it was related to an event (turn left or right) and did

not have a speci ed relation to the desired amount of
rotation. Therefore, although this bias may still work
in Equation 3, in these simulations it is added directly
to the values from Equation 2. That is,
rout = rbal +

(5)

Another reason for not using this in Equation 3 is
that it comes from a di erent source: the set of optical ow samples from \above" the maze. In addition,
the previous methods relied on the regular structure of
the environment to achieve their ends. However, this
method makes no assumptions about the shape of the
environment. When walls are far away from the agent
(e.g., at a choice point), will be predominate in the
agent's behavior; but when the walls are close, rbal will
have more of an in uence.
Another factor to be considered is the speed of the
agent, which has two e ects. First, the entire arrangement is scaled to the agent's speed. But no metric values are required, only proportional ones. That is, the
current rO and the goal's rG, could be multiplied by
some speed factor, , which re ects the agent's current
speed proportional to all others2 . So, during normal
cruising,  = 1. The only reason (in these simulations
at least) to go at  < 1 is when nearing a goal that
is next to a wall. Because  reduces the in uence of
the goal on the agent's turning, the agent will not be
able to approach goals near walls. But, by reducing the
agent's speed when it is close to the goal ( = 0:5), 
is also reduced and the agent can reach the goal.
In our implementation, the agent wandered through
the maze until a button was pressed: the current location was logged as (rG; G ) (where r = r  ) and the
agent was transported to a random position and orientation elsewhere in the maze. Thus, the only memory
required was that of the two coordinates of the goal
which came from a place it had already been. All the
other information was captured on-line. The agent had
a 330 FOV for detecting the cues. If not all of them
could be seen, then = 0. The samples used for input to the Balance Strategy, however, only came from
the center 120 . Finally, in our simulations, the goal
itself was invisible: the agent reached it when it was at
an arbitrarily close distance (similar to a Morris (1981)
water maze where the rat must swim to an unseen platform just under the surface of milky water). In more
realistic circumstances, all that is needed is that the
Salience Centroid Method bring the agent to within
view of the goal.
2 This proportion could be detected either proprioceptively
through the joints, or visually, e.g., by the optical ow from the
ground plane.

5.3 Results and discussion
Figure 5 shows an example of the method at work.
Although the agent makes a few wrong turns into goaldirected blinds (a diculty well-known in the rat literature, e.g., Buel, 1935), it does nd its way to goal.

Figure 5: Path of the agent using the Centroid-Salience
Method. The diagonal gray lines in the corners represent
the \extra-maze cues" which can be seen at all times. The
line in the middle represents s and points upwards in the
diagram. After wandering through the maze (not shown),
the agent ended up in the cul-de-sac in the lower left corner (solid square) and was transported to the upper right
(where the dots begin). It made correct decisions until it
reached the small alley in the upper left which was goalwards. However, it left the cul-de-sac by means of the taure ex and continued around to its left. When it reached the
intersection at the middle left it turned to the left slightly,
but because the goal was to the right of the corner, it veered
right, down the cul-de-sac. Coming back from the cul-desac it wound its way around to the goal.

One unfortunate e ect of the C-S Method is shown
in Figure 6 Top where the agent starts o with the goal
to its left, so it makes a left turn. This however leads
it in an endless loop since it will always end up back in
this same position. Other forms of information, like the
perception-based method above, would be required to
detect this kind of circumstance and change the agent's
behavior: all that is required is a full turnabout anywhere on the path; moving in the clockwise direction
will allow the agent to reach the goal. Another way
to avoid this situation is to add noise to the system
(Figure 6 Bottom), such that on average it would go to
the left, but would occasionally go to the right at the
crucial intersection and reach the goal.

gle between the heading and the salience vector. Cells
in the hippocampus proper are also sensitive to the direction of motion through the place eld (McNaughton
et al., 1983) and might be related to modulaton by
, the angle of the heading with respect to the centroid. Or, they could be related to , the direction of
the goal. Recent evidence supports this idea. Markus
et al. (1995) demonstrated that changes in task, i.e.,
changes in goal locations, resulted in changes in the
directional selectivity of hippocampal place cells.

6 Conclusion

Figure 6: Top: The agent is caught in a loop (a local minimum) while trying to reach the goal. Bottom: With small
Gaussian noise added to the observed ow values, the agent,
by chance, makes a right turn at the intersection and can
reach the goal.

5.4 Physiological Correlates
O'Keefe (1989, 1991) details much of the hippocampal
physiology necessary to carry out the operations which
we have proposed (which are in fact similar to his, but
are based explicitly on optical ow). In brief, the theta
rhythm in the hippocampus can be used to convert between polar and Cartesian coordinates (see O'Keefe &
Recce (1993) for other use of the theta rhythm and
a recent re-working of O'Keefe's model). The place
cells themselves would represent (rO ; O ). Hippocampal place cells are sensitive to speed, either being modulated or tuned by speed (Wiener et al., 1989; Mizumori
et al., 1990), and become nearly silent when the rat is
not moving which may re ect the in uence of . Some
cells in the postsubiculum are sensitive to head direction (Taube et al., 1990) and might represent !, the an-

We have described a progression of methods an agent
could use to navigate a maze. The most direct method
was to place a bias in the control law for obstacle
avoidance, but this required giving the agent a predetermined list of biases. The second method depended
on the agent being able to detect openings, make a
choice among them, record the choice (as a bias), and
backtrack through the list of choices in order to return
home. As mentioned above, this method could be used
to create a connectivity graph of the environment. The
nal method we described required a nearly continuous
perception of the agent's place within the environment
by means of which it could nd the heading direction
of another (goal) location. So, although it needed more
on-line processing (a separate system to determine the
agent's relative location), memory was reduced to two
numbers which could easily be considered as a kind of
set-point for an error reduction system.
One might suspect that a memory system would also
be required for the landmarks to be recognized, but this
is not necessarily true. All that is needed is that the
objects have the same \salience" (\quality" in O'Keefe,
1989) which is consistent across viewpoints. We have
left \salience" essentially unde ned for it could be any
number of perceptual properties, or, more likely, a conglomerate of all of them. One intriguing idea is that a
particular environment could be characterized by the
length of the salience vector|a single value for which
there is little chance of close matches among di erent
environments.
One of the assumptions for the Salience Centroid
Method was that all the cues be available at all times.
This is true of most current models (e.g., O'Keefe
(1991), Bachelder & Waxman (1994), Shapiro & Hetherington (1993); but see Touretzky et al. (1994), Worden (1992)). One of the properties of the hippocampus
which is prominent in most models of its function is
its autoassociativity. This is basic to many models of
memory and allows for a \whole" memory to be recreated from a part. We have begun to look at using the
autoassociative BSB-model (Brain-State-in-a-Box, see

e.g., Anderson, 1995, pp. 493-628) as a model of the
hippocampus and hope to incorporate this work into
our simulations. Such a model would allow the agent
to determine the salience vector by only seeing a few of
the objects. Once given this capability, it would not be
dicult to \string along" a series of salience vectors,
or create an extended one, which connected a number
of distinct environments.
Moreover, the BSB network would be part of the
perceptual process, which, if motor commands are also
included, would create a single integrated system for
both perception, action, and representations of the environment. That is, the agent's actual perception of the
environment would change as a function of learning in
the BSB, which would change its behavior, which would
change what it learned, etc. This would be an example
of what Gibson called learning through di erentiation
(Gibson, 1966, p. 270). A number of criticisms of
the ecological approach refer to the problems it has in
explaining knowledge of things that are not currently
perceivable. The autoassociative networks we have begun to work with indicate a way for that which can be
perceived to specify for the agent that which cannot be
seen. Once such a system is developed in simulation
we will bring these methods back to the robots with
which our work began.
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