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Abstract. Birds, fish, and many other animals travel as a flock, school, or herd. Animals in these groups
must remain in close proximity while avoiding collisions with neighbors and with obstacles. We would like to
reproduce this behavior for groups of simulated creatures traveling fast enough that dynamics plays a significant
role in determining their movement. In this paper, we describe an agorithm for controlling the movements of
creaturesthat travel asagroup and eva uate the performance of the algorithm with three simulated systems: legged
robots, humanlike bicycle riders, and point-mass systems. Both the legged robots and the bicyclists are dynamic
simulations that must control balance, facing direction, and forward speed as well as position within the group.
The simpler point-mass systems are included because they help us to understand the effects of the dynamics on the

performance of the algorithm.
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1. Introduction

To run as agroup, animals must remain in close prox-
imity while avoiding collisionswith other members of
the group and with obstacles in the environment. We
would like to create multi-agent systems that repli-
cate the complexity and variability of natural groups
by using simple communication, cooperation, and co-
ordination strategies. In this paper, we explore the
performance of one such algorithm for group behav-
iors. Thegroupsare made up of dynamically simulated
legged robots, bicycle riders, and point masses. Ex-
amples of the systems we have simulated are shownin
figure 1.

The agorithm for group behaviors computes a de-
sired position for each individual based on thelocation
and velocity of its visible neighbors, the location of
visible obstacles, and a globa desired group veloc-
ity. Each creature's desired position and velocity are
known only to that creature although members of the
group can estimate this information based on their

observations of the creature’s actions. We compare
the performance of this algorithm on the three dy-
namic simulations for a test suite of three problems:
steady-state motion, turning, and avoiding obstacles.
The point-mass system demonstrates the most ro-
bust performance in al tests because the control ex-
erted by the grouping behaviors causes rapid and
predictable changes in position and velocity. These
predictable changes alow the point masses to navi-
gate without collisions even with little advance notice
of large obstacles. Predicting the movement of one-
legged robots is more difficult because their velocity
varies over a running cycle. Furthermore, the control
of velocity is not as exact for the one-legged robots as
it isfor the point masses. For these reasons, grouping
behaviors for the robots must compute less aggressive
changesin desired position and velocity to avoid caus-
ing crashes. When the delay inherent in the control
of velocity is taken into account, however, the one-
legged robots are able to complete without collisions
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Fig. 1. Images of 105 simulated one-legged robots and 5 simulated bicycleriders.

the tests of obstacle avoidance and turning presented
in this paper.

The bicyclists are the least robust of the three
systems because the underlying control system for
steering and balance is unable to execute some of the
changes in velocity and direction requested by the
higher-level algorithm for group behaviors. When the
higher-level algorithm requires better control than is
available, individua bicyclists crash to the ground or
into another member of the group. We reduced the
difficulty of the turning test to allow the bicycliststo
compl ete the tests without collisions.

In contrast to most previous implementations of
algorithms for group behaviors, we are exploring a-
gorithms for groups in which the members have sig-
nificant dynamics. By significant dynamics, we mean
that the motion of each individud is significantly af-
fected by its dynamic properties and that a kinematic
or point-mass simulation would not be an adequate
representation. The dynamic system for an individual
creates inherent limitations on acceleration, velocity,
and turning radius. These limitations restrict what the
low-level control algorithms can do and result in tran-
sient and steady-state errors. For example, changes
in velocity of the one-legged robots may be delayed
by almost a full running cycle because the low-level
control system can influence velocity only during the
stance phase of the cycle. The bicyclists aso experi-
ence adelay because in order to turn to the right they
must first steer to the left and lean right.

Algorithms for higher-level behaviors are needed
for the construction of cooperating robots with robust
and agile movements. When a robot moves quickly

enough that the dynamics of the system plays a sig-
nificant role in the resulting motion, the agorithm
that controls the higher-level behaviors must include
explicit modds of both the underlying dynamics and
the limitations of the low-level contral. It is our hope
that by exploring the performance of this algorithm
on dynamically simulated creatures, we can gain an
understanding of principlesthat will carry over to the
control of groups of physical robots performing useful
tasks.

Algorithms for higher-level behaviors are aso
needed for the construction of virtual actors that can
move and interact with a dynamic environment ro-
bustly and redligtically. A dynamic simulation in con-
cert with acontrol systemwill provide natural -looking
motion for such low-level behaviors as walking, run-
ning, bicycling, and climbing. Higher-level behaviors
such as obstacle avoidance, grouping, and rough ter-
rain locomotion would alow the actor to interact with
the user and with a complex and unpredictable envi-
ronment.

2. Background

Herding, flocking, and schooling behaviorsof animals
have been studied extensively over the past century,
and this research has stimulated attempts to create
robots and simulated crestures with similar skills. Bi-
ologists have found that groupings in animas are
created through an attraction that modul atesthe desire
of each member to join the group with the desire to
maintain a sufficient distance from nearby creatures
(Shaw, 1970). Asan exampl e of thisattraction, Cullen,
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Shaw, and Baldwin (1965) report that the density of
fish is approximately equa in al planes of a schoal,
asif each fish had a sphere around itshead with which
it wished to contact the spheres of other fish. Biolo-
gists have found that herding benefits group members
by limiting the average number of encounters with
predators (data summarized in VVeherencamp (1987)).
Group behaviors aso alow animals to hunt more
powerful animals than those they could overpower as
individuals. The success of behaviors such asthesein
biological systems argues the merit of exploring their
use in robotic systems. An understanding of these
behaviors is essential for redistic creatures in virtua
environments.

Early progressin the simulation of group behaviors
was made by Reynolds (1987). Actorsin his system
are hirdlike objects similar to the point masses used
in particle systems except that each bird also has an
orientation. The birds maintain proper position and
orientation within the flock by baancing their desire
to avoid collisions with neighbors, to match the ve-
locity of nearby neighbors, and to move towards the
center of the flock. Each bird uses only information
about nearby neighbors. This localization of informa
tion simulates one aspect of perception and reaction
in biologica systems and helps to balance the three
flocking tendencies. Reynolds's work demonstrates
that redlistic-looking animations of group formations
can be created by applying ssimple rules to determine
the behaviors of the individualsin the flock.

Y eung and Bekey (1987) proposed a decentralized
approachtothenavigation problemfor multipleagents.
Their simulation system first constructs a global plan
without taking into account moving obstacles. When
acollision isimminent, the system locally replans us-
ing interrobot communication to resolve the conflict.
Because of the two levels of planning, this solution
requires the communication overhead associated with
group behaviors only when a pair of robots perceive
an impending collision.

Sugiharaand Suzuki (1990) demonstrated that mul-
tiple robots can form stable formations in simulation
when each robot executes an identical agorithm for
position determination within the group. Each robot
can perceive the relative positions of dl other robots
and has the ability to move one grid position during
each unit of time. By adjusting the position of each
robot relative to either the most distant or the closest
neighbor, aregular geometric shape such asacirclecan

beformed by therobotsin thesimulation. By carefully
constructing the algorithm that each robot uses in de-
termining intragroup position, formationswill emerge
without a priori knowledge about the total number of
robots. Designation of leaders allows the simple rules
of the group to create leader-follower agorithms and
to demonstrate the division of aformationinto smaller
groups.

Wang (1991) investigated the asymptotic stability
of multiple simulated robotsin formation. Each robot
in the model is simulated as a point mass and per-
ceives other robots in the region contained in a cone
extending from the center of the robot and heading in
the direction of travel. Formationsare represented asa
set of offsetsfrom a predefined reference robot. In this
way, a formation can be directly defined as a set of
positions for each robot relative to the leader, closest
neighbor, or set of closest neighbors. Wang proved
that the error in desired position relative to actua po-
sition diminishes to zero for each independent robot
inthe formation and therefore the desired formationis
asymptoticaly stable.

Takeuchi, Unuma, and Amakawa (1992) imple-
mented path planning in ssimulated multi-agent sys-
tems where the attraction between agentsis dependent
on properties of the agents. The simulated agents are
Newtonian particles where forces are applied to the
agents based on the vector sum of attractions to other
observabl e agents. This method was used to formulate
a path for a butterfly among flowers, to describe the
paths of schoolingfish when approached by apredator,
and to generate the paths of humans avoiding a car.

Arkin explored the question of communication in
a group of interacting mobile robots in the laboratory
using schema-based reactive control ((Arkin, 1992),
(Arkin and Hobbs, 1992)). Example schemas are
move-to-goal, move-ahead, and avoi d-static-obstacle.
Each behavior computes avel ocity vector that is com-
bined with the velocity vectors from the other behav-
iors. The combined velocity vector is used to control
therobot. Arkin demonstrated that multiplerobots can
effectively complete group tasks such as foraging and
can retrievelarge quantities of goal itemswith littleor
no explicit communication. The algorithm for group
behaviors described in this paper is similar to Arkin's
approach in that it is an example of an agorithm in
whichthereisno explicitleader and all communication
isthrough observations of the environment.
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Fig. 2. One creatureis visible to another if it is one of the n closest
creatures (n is 6 for this example). The black circles represent the
set of visible creatures, NV, and the white those that cannot be seen
by A.

Mataric explored emergent behavior and group dy-
namics in a group of 20 whedled vehicles in the
laboratory. These robots, like Arkin's, do not explic-
itly communicate state or goals and the system has no
leaders. Thiswork demonstrated that combinations of
such simple behaviors as aggregation and dispersion
can produce such complex relationships as flocking
in physica robotsin the laboratory ((Mataric, 1992a),
(Mataric, 1992b)). The robots utilize the knowledge
that they areall identical when executing behaviors, but
an extension to these results found that heterogeneous
agents do not perform significantly better than homo-
geneous ones (Mataric, 1993). In these experiments,
a hierarchy is created in which an ordering between
the agents determines which agent will move first in
completing such tasks as grouping and dispersing.

Parker (1993) investigated the advantages and dis-
advantages of using local and global knowledge when
designing control laws for cooperative agent teams.
Simulated wheeled robots were used to explore the
tradeoffs in tasks where the robots are commanded
to move in formation. She found that knowledge of
global goas and global state contributes to improved
performance but at the cost of increased interagent
communication. Behaviora analysisis an aternative
to communicating globa knowledge when the actions
of the agents are recognizable. The experiments indi-
cate that global knowledge should be used to control
longer-term actions whereas local knowledge is best
used to control short-term actions that fit within the
context of globa goals. Inthisway, local information
grounds the globa knowledge in the current robot
state.

3. Group Behaviors

The algorithm for group behaviors described in this
paper was evaluated on three simulated systems. a

global desired position
(weighted average), X

.
o

desired position with
respect to this creature o

Fig. 3. The locations of the visible creatures are used to compute a
global desired position for the individual under consideration. The
agorithm computes a desired position with respect to each visible
robot, z 4(;), by finding the point on the line between theindividual
and the visible creature that is a constant distance D away from
the visible creature. These desired positions are averaged with a
weighting equal to 1/ df where d; is the distance between the two
creatures.

one-legged robot, arigid-body modd of a human rid-
ing a bicycle, and a point-mass system. |n most trials
the groups of point-mass systems and of legged robots
each contained 105 individuas; thegroup of bicyclists
contained 18 individuas.

The agorithm for group behaviors has two parts: a
perception mode to determine the creatures and ob-
stacles visible to each individud in the group and a
placement algorithm to determine the desired position
for each individua given the locations and velocities
of the visible creatures and obstacles. The low-level
control algorithmsfor each creature usethe desired po-
sition to compute a desired velocity and then attempt
to achieve that velocity.

Each individua in agroup can perceive therelative
locations and velocities of the set of visible creatures,
N (figure 2). Thisinformation is used to compute a
desired position, (x4(;), y4(s)), relaiveto each of these
creatures. Thispositionis ad|51ance D away from the
visible creature on the line between the two creatures
(figure 3):

:yi_yAx )
;i — LA

y

where (z;, y; ) isthe current position of creature ¢, and
(za,ya) isthe current position of cresture A. When
z; = x4, the two creatures are on a line parald to
the y axis and the slope of the lineis assumed to be a
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Direction of Travel

Obstacle

Desired position relative to
the obstacle

Desired position for creature A is
O = 3Doff meters from desired
position relative to the obstacle

Fig. 4. The desired position for creature A takes into account both
the obstacle and the neighbors that will move sideways as they
approach the obstacle. First, the algorithm calculates a desired
position that will prevent the creature from hitting the obstacle.
Then the algorithm creates a rectangular region between creature A
and the obstacle, calculates the number of visible neighbors within
that region, and multiplies the desired separation distance, D, ¢,
by the number of creatures. In the figure, creatures 1, 2, and 3
are members of » and are contained within the shaded rectangular
region, so D, ¢ ¢ is multiplied by three and that amount is added to
the desired position with respect to the obstacle.

large, but not infinite, number. The desired separation
distance, D, specifies that (r4x), yai)) 1S D meters
away from creature ::

D= \/l’d(i)2+yczl(i)~ ¥

Usingequations1and 2, wecan solvefor (z 4y, Ya(i) )

D

T4y = ——(%)2 N 1.

Ya(i) Iscomputedinasimilar fashion. After computing
the desired position relative to each creaturein V, the
set of desired positions is weighted by the actua dis-
tance between each pair of creatures, d;, and averaged
to compute a global desired position:

S senten - )20
Tg=xa+ eN . (4)

1
2
iEN

sgn(p) returns-1 when p is negative and 1 otherwise.
The desired y position, y,, is computed similarly.

Inadditionto avoiding collisionswith other individ-
uals in the group, the creatures must avoid obstacles.
The effect of an obstacle on a creature’ s behavior in-
creases as it nears the obstacle, and an offset to the | eft
or right of the obstacle is added to the average of the
desired positionsrelative to neighbors:

3)

Ydope = Yobs & % — Y4 (5)
obs

where y.55 is the y position of the obstacle, Dgs is
the desired separation distance from the obstacle, and
deps IS the actua distance between the creature and
the obstacle. In addition, the agorithm for grouping
behaviors alows space between the creature and the
obstacle for the creature’'s neighbors by calculating
the number of visible neighbors between the creature
and the obstacle and multiplying this number by an
additional separation distance, D,;, to produce an
additiona offset to the desired position for avoiding
the obstacle (figure 4).

After the individual passes the center of the ob-
stacle, the average of the desired positions relative to
neighbors includes a term for a position towards the
center of theobstacle. Thisterm servesto bringthetwo
groups on either side of the obstacle together. Within
a short distance, the two groups perceive and react to
creatures from the other group, merge into one, and
return to steady state.

Although the group behaviors are identica for the
three systems up to this point in the agorithm, the
systems use the information about desired position in
different ways. The one-legged robots and the bicy-
clists adjust speed and facing direction in an attempt
to diminate the error in position. In contrast, the error
in desired position for the point masses is reduced by
applying a force to the point mass. These differences
are described in detail in the following sections.

4. Simulating Groups

A simulation of a group of creatures consists of the
equations of motion and a state vector for each crea-
ture, control agorithms for running or bicycling, a
graphical image for viewing the motion of the group,
and an interface that alows the user to control the
parameters of the simulation. For the group of robots,
each simulation includes the equations of motion for
arigid-body model of a one-legged robot and control
algorithms that allow the robot to run at a variety of
speeds and flight durations. For the group of bicyclists,
each simulation includes the equations of motion for
arigid-body mode of the bicycle and humanlike rider
and the control algorithms for steering and propelling
the bike forward.

The equations of motion for the robot and the bicy-
clist were formulated using a commercialy available
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Fig. 5. The reference angles for the degrees of freedom of the
one-legged robot. The controlled degrees of freedom are the three
degrees of freedom at the hip and the length of the leg.

package (Rosenthal and Sherman, 1986). The equa
tions of motion for theindividualsin the group do not
take into account the physicad effects of collisions be-
tween two members of the group, athough collisions
are detected and a count of collisionsis recorded for
use in anayzing the data. There were no collisions
in the tests described in this paper. The details of the
robot, the bicyclerider, and the point-mass models are
described below.

4.1. Onelegged Robot

The locomotion agorithm for the one-legged robot
controls flight duration, body attitude, and forward
and sideways velocity. Flight duration is controlled by
extending the telescoping leg during stance to make
up for losses in the system:

lg =lig+ i (6)

wherel, isthedesired length of theleg, /s isthelength
of the leg at touchdown, and I;, isthe desired thrust.
Body attitude (pitch, roll, and yaw) is controlled by
exerting atorque between the body and the leg during
stance:

79 = kg(04 — 0) — ky0 7)

where 6 is the pitch, roll, or yaw angle, r» is the
hip torque for the corresponding axis, k4 is the pro-
portional gain, k; is the derivative gain, 64 is the
desired angle, and g istheroll, pitch or yaw velocity.
The forward and sideways velocities are controlled

Table 1. The distance from the center of mass of each link to the
distal and proximal jointsin = for the canonical configuration of the
robot (the distancein z and y is zero for this model).

COM to COM to
Link Proximal (m) Distal (m)
Body 0.0
Upper Leg 0.095 -0.095

Lower Leg 0.221

Table 2. Parameters of the rigid-body model of a one-legged robot.
The moment of inertiais computed about the center of mass of each
link.

Mass Moment of Inertia
Link  (kg) (z,y, z kgm?)
Body 231 0.9 0.9 0.602
UpperLeg 14 0018463 0017297 0.001441
Lower Leg 0.64 0.0197 0.0197 0.000176

by the position of the foot with respect to the hip at
touchdown:

1 . . .
Tpp = 51551‘ + ki(2 — 24) (8)

where z ¢, is the position of the foot with respect to
the hip in the = direction, ¢, is the expected time of
stance, « isthe velocity, k; isthe gain for the control
of velocity and 2, isthe desired velocity. The velocity
inthe y directionis controlled with a similar equation.
Equation 8 impliesthat for aconstant vel ocity, the foot
is positioned in the center of the distance that the body
is expected to travel while the foot is on the ground.
To increase the speed, the foot is positioned closer to
the hip. To decrease the speed, the foot is positioned
farther from the hip. The details of the locomotion
control algorithmis given in Raibert (1986). The ref-
erence angles of the model are shownin figure 5. The
parameters of therobot are givenintables1 and 2.

The algorithm for group behaviors results in a de-
sired position for each individua in the group. The
individual would be in the perfect position according
to the goals of the algorithm if it could move to that
position instantaneously. Because none of the three
systems can change velocity instantaneoudly, the de-
sired position is used to calculate a desired velocity,
thereby introducing a delay into the system. Running
creatures have the additiona constraint that they can-
not change velocity during flight, and the control uses
amode of this delay to improve the performance of
the agorithm.
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Fig. 6. The dynamics of the system can cause delays in response
times. Thetop graph showstheresponse of the simulated one-legged
robot to a step changein desired velocity. The bottom graph shows
the response of the bicyclist to alinear ramp in desired facing direc-
tion. Solid lines show the actual velocity/facing direction; dashed
lines show the desired. When the desired velocity of the one-legged
robot changes at the end of the flight phase, the actual velocity
does not change until the next stance phase. Similarly, the bicyclist
requires approximately 0.5 s to respond significantly to the change
in desired facing direction.

In the one-legged robots, a change in velocity is
effected by repositioningtheleg duringflightin prepa
ration for the next touchdown. During the subsequent
stance phase, the velocity approaches the new desired
velocity and then remains constant during the next
flight phase. The response to a step change in desired
velocity isillustrated in figure 6. To compensate for
the delay in the control of the velocity, the predicted
error at the end of the next locomotion step is used to
compute the desired velocity. The predicted position
at theend of the next step is

v, =+ &ty +1y) (9)

where x isthe current position, @ isthe velocity, ¢, is
the duration of the stance phase, and ¢ isthe duration
of the flight phase. The desired position at the end of
the next step is predicted in asimilar fashion:

Tgp = Tq+ i‘a(ts —I-tf) (20)

where 2, is the desired » position computed by the
algorithm for group behaviors and 2, is the average
velocity of the members of the group that are visible
to thisindividual. The average velocity of the visible

creatures is used to approximate the desired position
of the individua on the next step because the future
positions of the neighbors will influence the new de-
sired position. The predicted error in position at the
end of the next stepis

eE=1Tg —Tp.

(11)

We model a change in velocity as a linear ramp
from the current velocity to the new velocity during
stance and a constant velocity during the subsequent
flight phase. The control system uses the error in
desired position to compute a velocity, 4, that will
make the position of the robot at the end of the next
flight phase match the desired position:

T+ x4

i‘(ts—l—tf)—l—ez 7 ts—l—l"dtf. (12)
Solving for 4:
[
x _x—i—— 13
=it (13)

Thus, the change in velocny required to match the
desired position is 7— and the change in velocity

required to match the global desired velocity, &4, is
&4, — . We caculate the new desired velocity to be
the sum of the current velocity and the average of the
two changes in velocity calculated above:

) - 1/. - e
rd =T | Xy — - ).
’ 2\ 5ty
A similar model would be required for any creature

with a baligtic flight phase during which speed and
facing direction cannot be atered.

(14)

4.2. Bicyclist Smulation

The human bicycle rider is modeled by a 15-segment
rigid-body modd connected by rotary joints with 22
controlled degrees of freedom. Some joints, like the
knee, are modeled as a single-axis pin joint; others,
like the wrist and shoulder, are modeled by two- and
three-axis gimbal joints. The volume, mass, center of
mass, moments of inertia, and distance between the
joints are calculated from a polygonal representation
of the human body (figure 7 and table 4). The algo-
rithm used to calculate the properties of the polygonal
model integrates over the set of tetrahedra formed by
the triangular faces of the model and the origin (Lien
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Table 3. Parameters of the rigid-body model of a human. The
moments of inertia are computed about the center of mass of each
link. The densities for the human model are given in Dempster and
Gaughran (1965).

Link Density Mass
(gem?®)  (kg)

Head 1.17 5.89 0.030 0.033 0.023
Torso  1.01 29.27 0.73 0.63 0.32
Pelvis  1.03 16.61 0.23 0.18 0.16

UpperLeg 1.04 8.35 0.15 0.16 0.025
LowerLeg 1.08 4.16 0.055 0.056 0.007
Foot 1.07 134 0.002 0.008 0.007
Upper Arm  1.07 2.79 0.025 0.025 0.0050
Lower Arm 110 121 0.0050 0.0054 0.0012
Hand 1.07 0.551 0.002 0.002 0.001

Moment of Inertia
(1:7 y7 z kgm2)

and Kagjiya, 1984). Density data obtained from the
anatomical literature were used in calculating the dy-
namic properties of the body segments (Dempster and
Gaughran, 1965) (table 3). The degrees of freedom
of the bicycle model are shown in figure 7 and the
parameters of the model are givenin table 4.

The simulated human rider controls the facing di-
rection and speed of the bicycle by applying forces
to the handlebars with the hands and to the pedas
with the feet. Spring and damper systems connect the
hands to the handl ebars, the feet to the pedals, and the
crank to the rear whedl. The connecting springs are
two-sided, and the bicyclist is able to pull up on the
pedals as if the bicycle were equipped with toe-clips
and afixed gear.

The control system adjuststhe vel ocity of the bicy-
cle by moving the bicyclist’slegs to produce a torque
at the crank. The desired torqueat the crank is

1. = k(v —vgq) (15)

where k isagain, v is the magnitude of the velocity,
and vy is the desired velocity. The force that can be
applied by each leg depends on the angle of the crank
because we assume that the legs are most effective
when pushing downwards. When the crank is horizon-
tal, thefront leg can generate apositivetorque and the
rear leg can generate anegativetorque. To compensate
for the crank position, the desired forces for the legs
are scaled by a weighting function between zero and
one that depends on the crank position, &..:

po B a9

If 7. > 0, theforce on the pedal that theleft leg should
produceis

WTe

fi=4 an

where [ is the length of the crank arms. The desired
pedal forcefor therightlegis

(I —w)r
="

If 7. isless than zero, the equations for the left and
right leg are switched. A kinematic model of thelegsis
used to compute hip and kneetorquesthat will produce
the desired pedal forces.

To steer the bicycle, the control system computes
adesired angle for the fork based on the errorsin roll
and yaw:

(18)

Hf = —ka(a — ad) — koo +
ka(B = Ba) + kg (19)

where o, a4, and & are the roll angle, desired roll
angle, and roll velocity, respectively, and 3, 54, and 5
are the yaw angle, desired yaw angle, and yaw veloc-
ity. ko, k&, kg, and kg are gains. Inverse kinematics
isused to compute the shoulder and elbow angles that
would positionthe hands on the handlebarswith afork
angle of ¢;; proportional-derivative servos move the
shoulder and elbow jointstoward those angles.

These control laws leave the motion of several
joints of the bicyclist unspecified. The wrists and the
waist are held at a constant angle with proportional-
derivative controllers. The ankle joints are controlled
to match data recorded from humans (Cavanagh and
Sanderson, 1986).

The desired position that is computed by the algo-
rithmfor group behaviorsisused to compute a desired
velocity for the bicycle:

g = kpe + ky(ig — &) (20)

where 24 isthe desired velocity in the plane, e isthe
error between the current position of the creature and
the desired position, &, is the proportional gain on
position, k, is the proportional gain on velocity, and
&4 is the group’s global desired velocity. In these
experiments, &, and &, were 4 in the obstacle test and
1 and 4 respectively in the turning test. The higher-
level control system for the bicycle does not includea
model of thedelay in the control of velocity and hence
requiresthese empirically determined gains (figure 6).
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Table 4. The distance from the center of mass of each link to the distal and proximal jointsin =, v, and z. A positive distance along the y axis
refersto alocation on the left side of the body; a negative distance refersto theright side. The z axisisvertical and the z axisis positivein the
direction that the model isfacing.

Link COM to Proximal COM to Distal
(l’,y,Z m) (l’,y,Z m)
Torso to neck 0.012 0.0 0.32
Torso to waist 0.012 0.0 -0.22
Torso to shoulder -0.048 +0.164 0.12

Head -0.009 0.0 -0.064

Pelvis  0.023 0.0 0.103
Pelvis to hips 0.005 +0.098 -0.11
Pelvis to bike seat 0.0 0.0 -0.15
UpperLeg  0.024 +0.006 0120 -0.05 +0.019 -0.21
LowerLeg  0.005 +0.019 0165 -0.002 +£0.009 -0.25

Foot -0.046 +0.009 0.048
Upper Arm  -0.0002 +0.056 0120 -0.005 +0.036 -0.17
Lower Arm  -0.025 +0.007 0.090 0.012 +0.014 -0.11

Hand -0.026 0.0 0.085

Frameto bikeseat -0.15 0.0 0.028
Frame to rear wheel -0.42 0.0 -0.36
Frameto fork 0.46 0.0 0.09
Frame to crank 0.022 0.0 -0.36
Fork to front wheel -0.026 0.0 0.085
Fork -0.05 0.0 0.108
ol Shoulder-3D
Shoulde:{ 3D l Neck-1D /\ 5
v &, X
Elbow-1D i )
} Waist-3D
l \X Q z
Waist—i[’) | Wrist—2D
Hip—1D = Wrist—
Wheel-1D Y BN Y
z Knee-1D Z
X
Ankle-1D Y
Y | { Y [T
b—a S X

Fig. 7. The controlled degrees of freedom of the bicycle and human models. The human model has fourteen joints; the degrees of freedom at
each joint are shown in the diagram as are the four degrees of freedom of the bicycle model. The human rider is attached to the bicycle by a
pivot joint between the seat and the pelvis. The polygonal models were purchased from Viewpoint Datalabs.

4.3. Point-massSimulation f=kpe+ky(iy—2) (21)

The point masses have a mass equal to that of the where k,, and &, are gains, e isthe error in position, &

. " is the velocity of the point mass and z,, is the globa
one-legged robots. The desired position computed by desired vel oc%ty. n tFr)mese experimenfsg ky W 3596000

the algorithm for group behaviors is used to compute and k, was 2000. There are no limits on the velocity.
aforcethat is applied to the point mass: The point-mass system differs from the robots and
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One-legged Robots

Point-mass Systems

Bicyclists

Fig. 8. The top two rows of graphs show the group of robots and the point-mass systems at a start state and every 7 s thereafter with a global
desired velocity of 2.0 m/s. The bottom row of graphs showsthe 18 bicyclists at a start state and every 20 s thereafter while they areriding at
7.5 m/s. In each of these graphs the number of visible creatures, », was set equal to the total number of creatures. Each point on the graphs
represents the z and v position of an individual in the group. As a measure of the convergenceto steady state, we computed the ratio of the =
dimension to the y dimension of the bounding box around each group. A circular formation would have aratio of 1. One-legged robots: 0.78,
0.78,0.93,0.97 (for 0, 7, 14, 21 s). Point masses: 0.78, 0.98, 0.99, 0.99 (for 0, 7, 14, 21 5). Bicyclists: 1.33, 1.96, 1.56, 1.27 (for 0, 20, 40, 60 s).

bicyclistsin that only the inertia of the mass prevents
a given point mass from reaching its new desired
location within asingle time-step.

5. Results

We tested the algorithm on three maneuvers. steady-
state movement, turning, and avoiding obstacles. For
steady-state movement, theinitial configuration of the
one-legged robots, the point masses, and the bicyclists
was agrid. The size of the groups of robots and point
masses were the same (105) as were theinitial veloc-
ities of the individuas in the groups (2.0 m/s). The
group of bicyclists differed in that it had fewer mem-
bers (18) and theinitial velocity was higher (7.5 m/s).
In our experiments, we considered systems to have
formed a circle when the ratio of the = dimension to
the y dimension of the bounding box surrounding the
group was between 0.95 and 1.05. Once groupsformed

acircle, there was very little changein the dimensions
of the bounding box and steady state was achieved.
Due to the minimal dynamics present in the point-
mass system, the group of point masses reached steady
state in under 7 s whilethe one-legged robots required
dightly more than 14 sto reach steady state (figure 8).
After 60 s, thegroup of bicyclistsformed an ellipsoidal
shape that was slowly becoming more circular. In this
experiment, the number of visible creatures, n, was
set to equal thetotal number of creatures in the group.
These circular shapes reflect the effects of the group
behavior: each individual desires to be a specified
distance from al visible neighbors. When thissimple
behavior is aggregated over al members of a group,
aregular group formation results that approximates a
circle.

To navigate and accomplish tasks in a complex
environment, creatures must not only be able to form
groups but they must also be able to turn and to avoid
obstacles without collisions between the members of
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Fig. 9. The robots and point masses started in steady state at 2.0 m/s before the global velocity was changed to cause a 45 deg turn to the left.
After 20 s the global desired velocity was turned 90 deg to the right. The bicyclists could not follow this path and required smaller turns. The
bicyclists started in steady state at 7.5 m/s before turning 22.5 deg to the | eft. After 20 sthe global desired velocity was changed to turn 45 deg
to the right. Snapshots of the group formations were taken every 20 s and the path of one individual in the group is traced through the whole

turn.

the group. The second test of the algorithm involved
severa turns. Beginning with a steady-state run, the
global desired velocity was set first to cause aturnto
the left by 45 degrees and then after 20 s to cause a
turn to theright by 90 degrees (figure 9).

Thebicyclistscould not turn as sharply astherobots
and point masses. Asaresult, theleft turnfor thebicy-
clistsinvolved a 10 s period where the global desired
velocity changed gradually followed by a 10 s period
of constant desired velocity. Theright turnwas imple-
mented in asimilar fashion. The desired turning angle
for the bicyclistswas half that of the pointsand robots.
In these tests, al three systems completed the path
without collisions. The desired separation distance,
D, was 5.0 m for the robots and point-mass systems
and 3.5 m for the bicyclists. When D was smaller, the
robots had collisions near the point in time when the
global desired velocity was changed. The number of
visible neighbors, », was set to 30 for the robots and
point-mass systems and to 9 for the bicyclists.

To test whether the higher-level agorithm would
allow the groups to navigate a course with obstacles,
we positioned an obstacle in front of each type of
group when its members were moving in steady state.
The values of n and D were the same as the turning
test. The robots and the point masses were alowed to

perceive the obstacle 5 m before they reached it; the
bicyclists detected the obstacle when it was 13 m from
the leading edge of the group. Because the hicyclists
were traveling at 7.5 m/s and the robots were running
at 2 m/s, both groups had approximately the same
length of time in which to react to the obstacle. The
group of point masses was able to avoid the obstacle
and quickly rejoined to form a single group on the far
side of the obstacle (figure 11). Both the robots and
the bicyclists were able to avoid the obstacle but were
dower to rgloin and form asingle group (figure 10).

We used additiona tests of obstacle avoidance to
explore further the performance of the agorithm for
grouping behaviors. The first set of tests contained
three trials which varied the position of the obstacle
so that it was not centered in front of the group of
one-legged robots (figure 12). All three trias were
completed without collisions. To permit the group to
avoid the off-center obstacle without collisions, the
amount of space alowed for each neighbor in therect-
angle between the individual and the obstacle (D, )
had to be doubled (figure 4).

A second set of trids tested the effect of varying
the size of the group. An obstacle was centered in
front of groups of 20, 40, 60, and 80 one-legged robots
(figure 13). In these trids the leading edge of the
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Fig. 10. Five pictures of the robots and the bicyclists as they avoid an obstacle.
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Fig. 11. Thetrajectories of the individual robots, bicyclists, and point masses as the groups avoid an obstacle. The groups were moving left to
right. In the case of the one-legged robots and the point-mass systems, the front edge of the group was positioned 5 m from the obstacle with
an initial velocity of 2 m/s. The front edge of the bicyclists was positioned 13 m from the obstacle with an initial velocity of 7.5 m/s. In each

instance, the radius of the obstaclewas 2.0 m.

robot group was 10 m from the center of the obstacle.
The number of visible neighbors, », and the desired
separation distance, D, were scaled proportionally for
the number of creatures in the group: n = 6, 13, 20,
25and D = 3,4, 4.5, 5mfor groupsof 20, 40, 60, and
80, respectively. The four sizes of robot groups were
able to navigate past the obstacle without collisions.

6. Discussion

Thealgorithmsfor group behaviorsused for thesetrials
weresimilar for thethree systems and most differences
in performance can be attributed to differences in the
underlying dynamics and control. The group of point
masses moved more tightly under changes in mag-
nitude and direction of velocity because of the more
exact control of velocity. The robot group had more
variability and motion within the group, and the sep-
aration distance was made larger to prevent collisions
between members. The control system for the bicy-
clists was not as robust, and the bicyclists were not
able to perform as well on the turning test. In more
difficult teststhan thosereported here, anindividual in

the group of robots or bicyclists sometimeslost itsbal-
ance and fell. A maximum acceleration was enforced
for the bicyclists and the robots to prevent limitations
in the low-level control from causing many of these
fallures. The point-mass systems had no notion of
balance or maximum speed and could not fail in this

way.

6.1. Global and Local Communication

Communication as ameans of coordinationisimplicit
intheglobal desired velocity, #,. Intheturning test, for
example, a synchronous change in direction is caused
by changing this globa desired velocity. Reactions
on alocal scale, however, require local knowledge in
addition to global state information. This knowledge
is obtained by observing the positions and velocities
of the n nearest neighbors. In the obstacle test, for
example, the position of the obstacle is known by al
creatures, but loca information about the positions
of other creatures and a model of their behavior was
required to eliminate collisionswhen the reaction time
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Fig. 12. A group of robots was simulated with three different obstacle placements (centered in front of the group, 5 m to the side, and 10 mto
the side). The robotsare traveling from left to right. The trajectories of theindividuals are traced as the groups avoid the obstacle. Robots at the
outer edges of the more populated sides had to travel farther to avoid both the obstacle and the other robots that were passing on the same side

of the obstacle.

was small. In tests where the group reaction time
was large, both the model of neighbors' behavior and
the visibility of the obstacle throughout the group
were removed and the obstacle was avoided without
collisions.

The group of bicyclistswasthe only system that re-
quired adjusting the gains on position error and global
velocity error, &, and &, . Thebicyclist simul ation used
the same ratio of gains as the robots for the obstacle
avoidance test, but £, was one-fourth as large in the
turning test. By more heavily weighting the bicyclists
reaction to global velocity, the bicyclistswere able to
respond more quickly to changes in globa velocity
while avoiding collisionswith neighbors. With imper-
fect models and imperfect perception, it isdifficult to
determine how to weight global and local information.

6.2. Number of Visible Neighbors

Thevaue of n has significant effects on group perfor-
mance. The number of visible creatures affects both
the genera shape of the group as well as the overal
responsiveness of the group. Because the values of
n used in most of the tests reported here are large
(one-third the size of the group), the averaging of
the desired positions used by the grouping behaviors
results in some neighbors that are closer than D and
some neighborsthat are farther apart. For creaturesin
the interior of the group, the number of neighborsin
all directionsis equal. Creatures on the edge of the
group, however, have neighbors on only one side and
forcesthat bring them closer to their neighborswill be
directed towardsthe center of the group. The net effect
of dl the creatures aong the edge pushing inward is

to compress the center of the group, therefore, larger
values of n result in greater compression of the group
and a smaller separation distance. This effect can be
reduced by weighting the desired position for a par-
ticular neighbor by the inverse of the distance to that
neighbor (asin equation 4) or by increasing the desired
separation distance. Our experiments with the steady-
statetest indicatethat large values of n produce stable,
round configurations more quickly than small values
of n. Because n is high, the edges of the group have
stronger attractions to the center of the group and the
overall configuration settles more quickly. Figure 14
illustratesthe effect of the number of visible creatures
and the separation distance.

In addition to affecting the shape of the group, n
affects the responsiveness of the group. Low values of
n isolate a creature's perception to alocal region and
increases the effect of a nearby neighbor. Therefore,
lower values of n result in higher-level control that is
more responsive to local state and will allow the sys-
tem to react more quickly to small obstacles. But low
values of n can result in erratic and unstable behavior
as local disturbances transfer undamped through the
group. Obstacle avoidance experiments with the one-
legged robotsindicatethat asmall valueof n, 5, results
in asafer passing distancefor those robotsclose to the
obstacle but greater lateral movement by al members
of the group.

Higher values of n reduce local reactions but cause
the motion of distant neighbors to affect the desired
position of an individual. Perception of distant neigh-
bors can provide an early warning for such upcoming
changes in the local environment as an approaching
but not yet visible obstacle. In our trias, response to
alarge obstacle was more fluid and resulted in fewer
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Fig. 13. Three groups of robots were simulated with a central obstacle location. The robots are traveling from left to right. The trgjectories
of theindividuals are traced as the groups avoid the obstacle. The groups have 20, 40, 60, and 80 members, respectively. In each graph, the
leading edge of the robotsis placed 10 m from the center of the obstacle. The value of » has been scaled in proportion to the size of the group:
n =6, 13, 20, and 25 respectively. The desired separation distance has been scaled to maintain a consistent average separation distance between
robots: D =3,4,4.5,5m.

n=6 D=2.5 n=30 D=2.5 n=105 D=3.5

Fig. 14. The first graph shows the initial configuration of robots for three experiments. The other three graphs show the configurations of the
group after 80 s of simulation with each graph representing a different choice for the number of visible robots (r) and the desired separation
distance (D). When the robots were able to perceive a greater number of robots (), the actual separation distance to the closest neighbors (d)
was reduced even though the desired separation distance (D) to all visible robotsincreased. The actual average separation distance between an
individual and the set of neighborsin N was 2.36, 2.76, 4.78 m for the three trials. The average minimum separation distance between pairs of
creatureswas 1.98, 1.11, 0.95m.

collisionswhen n was large. On the other hand, colli- the obstacle test, the desired position relative to the
sionsmay result if changes that occur only in thelocal obstacle had to be moved inward after the creature
environment are ignored because of the stability of the was safely past the obstacle to ensure that the two
more distant environment. groups dways rejoined to form a single group. In

Smaller valuesof n may prevent abreakaway group more complex environments with many obstacles, the
of sufficient size from joining another group because decision to remain as separate groups or to join will
no individuals in the other group are visible to those be more difficult. By increasing the complexity of the

in the breskaway group. For the value of »n used in perception a gorithm, creatures should have the ability
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to distinguish nearby groupsfrom more distant groups
that can beignored.

6.3. Limitationsof the Grouping Behaviors

The algorithm for group behaviors that we imple-
mented has several limitations. In some situations, the
averaging of desired positions moved two individuas
closer to collision, and there is no reflexive reaction
to an impending collision beyond the averaging of
desired positions. We found that reflexive reactions
can create discontinuitiesin the calculation of the de-
sired position that cause the dynamic simulations to
become unstable. However, infrequent reflexive re-
actions may avert some collisions and provide more
realistic-looking motion while maintaining the stabil-
ity of the creature.

A second limitation is that our perceptua model
assumes more compl ete and accurate information than
that produced by sensors on physical robots. We ex-
perimented with other perceptual models by adding
occlusion and reducing the visibility of creatures be-
hind an individua as opposed to those in front. When
the set of visible creatures changes because of the ad-
dition of a previously occluded individual, the desired
position and velocity may change significantly, caus-
ing arippleeffect throughout the group and increasing
the probability that an individua will lose its balance.

Although the robots and the bicyclists are dynamic
simulations, many factors are missing in the ssmula
tion that would be present in a physical system. The
simulated motors do not have a maximum torque or
limited bandwidth, the joint and perceptual sensors do
not have noise or delay, and the environment used
for testing the agorithm for group behaviors does not
contain uneven or dippery terrain. The parameters for
the one-legged robot are similar to those of robotsthat
have been built (Raibert, 1986), but the parameters for
the bicyclist match those for ahuman and are superior
to the materials available for robot construction.

We have not explored the question of how the al-
gorithm will perform on a heterogeneous population.
Currently, each individual has the same dynamic prop-
erties and control system. We plan, however, to vary
the parameters for each individua to study the effect
of a similar but nonhomogeneous population on the
performance of the algorithm.

Heterogeneous groups that mix types of simulated
creatures could be studied by experimenting with low-
speed, legged robots and higher-speed bicyclists in
the same environment. When tests such as obstacle
avoidance and turning are performed on homogeneous
groups, the reaction of each individua is matched
by those of other members of the group because
each member has the same fundamental limitations
in low-level control. To work well, agorithms for
nonhomogeneous groups must model these low-level
limitations in order to predict more accurately the
motion of members of the group.
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