
Better Group Behaviors using Rule-Based
Roadmaps

O. Burchan Bayazit, Jyh-Ming Lien, and Nancy M. Amato

Texas A&M Univ ersity, College Station TX 77843,USA

Abstract. While techniques exist for simulating group behaviors, these meth-
ods usually only provide simplistic navigation and planning capabilities. In this
work, we explore the bene¯ts of integrating roadmap-based path planning meth-
ods with °o cking techniques. We show how group behaviors such as exploring can
be facilitated by using dynamic roadmaps (e.g., modifying edge weights) as an
implicit means of communication between °o ck members. Extending ideas from
cognitiv e modeling, we embed behavior rules in individual °o ck members and in
the roadmap. These behavior rules enable the °o ck members to modify their ac-
tions based on their current location and state. We propose new techniques for
three distinct group behaviors: homing, exploring (covering and goal searching)
and passing through narrow areas.Animations of these behaviors can be viewed at
http://parasol.tamu.edu/dsmft .

1 In tro duction

Coordinating the movement of a group of robots plays an important role
in robotics. Although techniques to achieve coordinated movements have
attracted the attention of many researchers, most research has focused on
techniques for modeling individual behavior of °ock members inspired by
Reynolds' boids [13]. Boids exhibit so-calledemergent behavior in which char-
acters only react to immediate events. Although initially developed for com-
puter animation, this strategy hasbeenusedto control °ocks of robots. Usu-
ally, the °ock shows homogeneousbehavior. Yu and Terzopoulos extended
Reynolds' °ocking systemto create more realistic, self-animating characters.
They usebiomechanical modeling with a behavioral ¯nite state machine, the
intention generator [18], and proposethe idea of cognitive modeling [5], which
controls how characters gather knowledge and how they act. They develop
the cognitive modeling language, CML, which easesan animator's task of
specifying character behaviors and also enablesheterogeneousbehaviors to
be included in °ock members. Nevertheless,the abilit y to generateanima-
tions in complex environments is poor even if more elaborate behaviors are
encoded in the CML. For example, in Figure 1(a), an alien (center) is trying
to escape from a predator hiding in one of the rooms. Without memory, she
cannot remember which room contains the predator she just encountered.
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Fig. 1. (a) A character with emergent behaviors has di±cult y navigating in sym-
metric environments. (b) A roadmap. (c) Basic °o cking dynamics with obstacle
avoidance.

Although, they can be coupled with simple methods for guiding global
°ock movement [14], existing methods have di±cult y if complex navigation
is required, such as in cities, through crowded rooms, or over rough terrain.
In contrast, path planning algorithms developed in the robotics communit y
are capableof navigation in complex environments [7]. In particular we note
the roadmap-basedmethods which construct, usually during preprocessing,a
network of representativ e feasiblepaths in the environment. While roadmap
methods can e±ciently support complex navigation, they have generally not
beencustomizedto support coordinated group behavior.

In this work, we explore the bene¯ts of integrating roadmap-basedpath
planning techniqueswith °ocking techniques.We extend ideasfrom cognitive
modeling [5], and embed behavior rules in individual °ock members and in
the nodes and edgesof the roadmap. We ¯nd that the global information
provided by our rule-based roadmapsimproves the behavior of autonomous
characters and enablesmore sophisticated group behaviors than are possible
using traditional °ocking methods. Key features of our approach include:

² The roadmap provides a convenient abstract representation of global en-
vironmental information.

² Dynamic roadmaps(e.g., modi¯able node and edgeweights) enablecom-
munication betweenagents.

² Associating rules with roadmap components enableslocal customization
of behaviors.

We illustrate our approach by proposing new techniques for four behav-
iors: homing, covering, goal searching, and traversing narrow passages.Our
techniquescan be applied to an entire °ock, to individual °ock members, or
to an external agent that may in°uence the °ock (e.g., a sheepdog) [2].

To our knowledge, this is the ¯rst time global maps have been used to
support group behavior. However, Parker's work supports our use of global
information to enable sophisticated group behaviors [12]. In particular, she
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concludedthat global knowledgeshould be usedto provide generalguidance
for the longer-term actionsof an agent, whereaslocal knowledgein°uencesthe
more short-term, reactive actions. Shealso suggestedthat local information
should be used to ground global knowledge in the current situation. This
allows agents to remain focused on the overall goals of their group while
reacting to the dynamics of their current situations

2 Related Work

Reynolds' in°uential °ocking simulation [13] showed that °ocking is a dra-
matic exampleof emergent behavior in which global behavior arisesfrom the
interaction of simple local rules. Each individual member of the °ock (boid),
has a simple rule set stating that it should move with its neighbors. This
concepthas beenusedsuccessfullyby researchers both in computer graphics
and robotics. Tu and Terzopoulos [18] used°ocking behaviors with intention
generatorsto simulate a school of ¯sh. They also demonstrated shepherding
behavior in which a T-Rex herds raptors out of its territory .

A number of related methods for achieving group behaviors havebeenpro-
posed[1,3,4,10,11,17,16,20].An interesting approach by Vaughan et al. [19]
useda robotic external agent to steer a °ock of real geese.

Although there is little research on path planning for °ocks, many meth-
ods have beenproposedfor planning for multiple robots. Thesemethods can
be characterized as centralized or decoupled.Centralized methods consider
all robots as one entit y, while decoupledmethods ¯rst ¯nd a path for each
robot independently and then resolve con°icts. In work from Li et al. [8],
each group of crowds is guided by a leader and the paths of the leadersare
generatedusing a decoupledapproach.

The observation of the behavior of ant colonieshasinspired the ant colony
optimization (ACO) meta-heuristic for discreteoptimization. Dorigo et al. [9]
exploit this ant-lik e behavior to optimize solutions for several NP-Complete
problems. In our work, the °ock's abilit y to explore comesfrom using an
ACO-like approach to adaptively adjust roadmap edgeweights

3 Roadmap Metho ds and Flo cking Systems

A roadmap is a connectivity graph encoding representativ e feasible paths
in the environment. Each node of the graph is a con¯guration of the robot
that satis¯es certain feasibility requirements (e.g., collision-free). The con-
nections betweennodesof the roadmap graph represent feasible(sub)paths.
Several algorithms have beenproposedto automatically generateroadmaps.
Figure 1(b) shows an example of an automatically generatedroadmap. We
call a roadmap adaptive if its edge weights are updated according to new
information gathered by °ock members during simulation.
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Basic °ocking systems [13] model simple group behavior by providing
individual members with simple rules that implement separation (to avoid
collision with nearby neighbors), alignment (to move in the samedirection
as its neighbors) and coherence(to stay closeto neighbors) maneuvers based
on the positions and velocities of the °ockmates inside the sensingrange.
Constraints are satis¯ed by generating forces for each rule and applying an
integrated force to change the state of the °ock member. In the presence
of obstacles, force is also generated to push the °ock member away. This
basicsystemcan be seenin Figure 1(c). More complicated behavior is usually
simulated by adding other forces.As wewill seein Section6, °ocking members
sometimesare trapped in local minima of the potential ¯eld of these forces
(seeFigure 2(a)).

Flocking systemscan be classi¯ed into three categoriesbased on agent
knowledgelevel (Figure 2(b)). In the basic system, an agent can only access
information within its sensingrange.On the other extreme,agents have com-
plete information about the current state of the environment and can plan
their motion. However, it is usually expensive to maintain complete informa-
tion, and, more importantly , realistic simulation should not assumecreatures
always have such information and abilities. Like the basic system, agents in
our roadmap-basedsystem can only accesslocal information. The global in-
formation (roadmap) is only locally available. This meanseach °ock member
can only accessthe environment and update the portion of the roadmap in-
side its sensingrange. The agent's reasoning capabilities enable the agent
to decide its next step basedonly on the local information. In addition, the
agent is able to remember the placesit has visited. With thesesimple mech-
anisms,we are able to simulate complex behaviors that are hard (expensive)
to accomplishusing the basic (complete information) system.
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Fig. 2. (a) This agent will be trapp ed in a local minim um of the path's attractiv e
force. (b)Comparison between agents of di®erent information and behaviors.
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4 Rule-Based Roadmaps

The roadmaps encode global navigation information, but they usually do
not include 'local' information for in°uencing behavior di®erently in di®erent
regions.We proposeproviding such information in the form of behavior rules
which can be stored in the roadmap. When in the region of in°uence of a
roadmap node (or edge),the agent's behavior is governed by the rule, if any,
associated with that node. If no rule is speci¯ed, a default behavior will be
followed. The embedded rules in the roadmap are analogousto the tra±c
signson the streets which control cars.

Rules may be as simple as \Go To Next Node in Your Path" or as
complex as \W ait For The Others, Select a Leader, Follo w The
Leader." Rules are assignedto nodesautomatically in our implementation.
For example,narrow passagebehaviors (rules) are assignedto nodeson path
segments that have small clearance.This processcan be done manually as
well, enabling customization.

4.1 System Ov erview

The general components of our system are one or more Agent s and an
Envir onment . Environment-aware Agent behavior is speci¯ed in Rule s.

System Comp onents Each Agent is a °ock member, and it has several
attributes associated with it, such asposition , goal , role , and path . These
are stored in variables called AgentVars. When an Agent reachesa node, it
starts executing that node's rule script. Theserules might be executedonly
once, or at each time step that the Agent is in the region of in°uence of
that node. Agent s may also have dynamic (temporary) variables which are
instantiated when rules are executed.

The Envir onment stores global information about the environment in
the roadmap which is sharedby all Agent s. The roadmap nodesstore Node
attributes, such as node position and edges and functions to assistnaviga-
tion (e.g., returning the minimum weight edgeleaving the node) in NodeVars.
The NodeVars and functions are shared by all Agent s running the Node 's
script (when they are within the Node 's in°uence area). A Node may also
have dynamic NodeVars instantiated by the Node 's script.

Rule s describe Agent behavior. They are associated with regionsof the
Envir onment and are stored in roadmap Node s. They can contain vari-
ables,assignments, control statements and loops.Trigger s are special rules
which are invoked to initialize and ¯nalize variables governing behaviors.
For example, in the narrow passagebehavior, the ¯rst Agent to reach the
passageis selectedas the leader by the Trigger for that narrow passage.
Trigger s may be run only once, the ¯rst time an Agent reachesthe asso-
ciated Node , or they may run continuously until all Agent s have left the
region.
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System Con trol Structure Our system is a single program. There is a
main loop in the program which, at each time step,assignsAgent s to Node s,
runs any necessaryTrigger s, and then calls individual agent rule scripts.
Since all the executions are sequential, the system is thread-safe, i.e., an
Agent 's rule script won't be executedwhile another Agent 's rule script is
running. For parallel or distributed implementation, synchronization issues
have to be considered.

Rule scripts are stored with roadmap nodes,and are executedby Agent s
that areassignedto thosenodesby the control loop (i.e., that are in the sphere
of in°uence of those nodes). The structure of a rule script is as follows:

Definition of NodeVars
Definition of AgentVars
Definition of Trigger s
Rule s....

In our scripting language,the prede¯ned variable agent refers to the Agent
running the script. All Agent s have agent.position and agent.goal at-
tributes providing their current position and goalposition, and an agent.role
attribute de¯ning their current role, which is boid by default. The Agent at-
tribute agent.path hasfunctions such ascurrentPosition,nextPosition,
index, push, pop, etc. The prede¯ned variable node in the script represents
the Node with which that script is associated. Each edgebelongsto an edge
structure madeup of start, end and weight values.Agent s can accessthe
roadmap (or Envir onment ) information through the prede¯ned node vari-
able or by calling functions which return information available in the node
or edge structures, e.g., node.edge(i) which returns the i th edge.

5 Roadmap-Based Group Behavior

In this section,weshow how roadmap-basedtechniquescanbeusedto achieve
di®erent behaviors. We considerseveral behaviors: homing, exploring (cover-
ing and goal searching) and traversing narrow passages. The ¯rst two behav-
iors in°uence where the °ock goes { reaching a pre-de¯ned goal (homing),
attempting to cover (visit) all reachable areasof the environment (covering)
or search for a goal whose location is not known. The narrow passagebe-
havior in°uenceshow the °ock members position themselvesrelative to each
other when they move through the passage.

5.1 Homing Beha vior

Homing behavior is usually simulated by adding an attractiv e force toward
the goal [6]. However, this method may easily be trapped in a local minimum
even in a simple environment. A method commonly usedin computer games
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requiring motion of a group of objects is a grid-basedA¤ search [15]. In this
approach, the environment is discretizedto small grid cellsand the search for
the °ock's path is basedon expanding toward the most promising neighbor
of already visited positions. Although A¤ search ¯nds shortest paths and it
is usually fairly fast, it does have drawbacks. Of particular note here is the
necessity of ¯nding a completely new path for each new goal which reduces
e±ciency and increasesthe computation time for complex environments.

In contrast, roadmap-basedpath planning methods work on a global scale
and once the roadmap is generated, ¯nding new paths is fast and e±cient.
In our approach, we usemaprm [21] to ¯nd a path for the °ock. One of the
advantagesof maprm is that the paths we ¯nd tend to have large clearances
from obstacles.Once a path is found, individual °ock members follow the
path. The path is partitioned into a set of subpaths (identi¯ed by subgoals)
based on the individual °ock member's sensor range. Each member keeps
track of subgoalsand as soon as a subgoal comeswithin sensoryrange the
next subgoalbecomesthe steering direction for the global goal.

With other interacting forcesfrom neighboring °ock members and obsta-
cles,steering toward the subgoalhas the lowest priorit y, so individual mem-
bers still move together while moving toward goal. This results in a °ocking
toward the goal and avoids getting trapped in local minima. The homing
behavior is shown in Algorithm 5.1. The script to implement this algorithm
in our system is Script 5.1.

Algorithm 5.1 Homing

1: if (goal is in view range) then
2: set goal as target.
3: else if (target is in view range) then
4: set next subgoal as the target.
5: end if
6: steer toward the target.

Script 5.1 Homing

agent.goal = agent.path.next();

//don't run again at
//this node

stop;

(a) (b)

Fig. 3. Homing Behavior: (a) algorithm, (b) script to implement algorithm.

5.2 Exploring Beha vior

There are several variants of exploring. For example, °ocks may have good
a priori data about the environment and they may be looking for objects
whoselocations are unknown, or the environment may be unknown and the
objectiveof the exploring behavior is to gather information about the environ-
ment. For our work, we assumethe environment is known. We consider two
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(a) (b) (c)

Fig. 4. Covering behavior. Unexplored regions are shaded. (a) Initial con¯guration
of °o ck. (b) Normal °o cking system. (c) Roadmap-basedmethod.

di®erent exploring behaviors: (i) covering the environment, and (ii) searching
for a goal and moving toward the goal once it is found. To achieve these
behaviors, we usea roadmap with adaptive edgeweights. Each agent moves
independently in the roadmap.At each roadmapnode, they choosean edgeto
follow basedon the weights of the incident edges.The weights represent how
relevant the edgeis to the current task, either covering the environment or
searching for and reaching the goal. This is similar to ant colony optimization
(ACO) where the ants deposit pheromonesto indicate routes.

Covering Beha vior The objective in this behavior is for somemember of
the °ock to have visited every location in the environment. We assumethat
we start with a roadmap covering all relevant portions of the environment,
and our goal is to have some°ock member visit every edgeand vertex of the
roadmap. We implement this behavior using a roadmap graph with adaptive
edge weights. Initially , all edgeshave the same weight. As they traverse a
roadmap edge they increaseits weight { this is similar to ant pheromones
which increaseas more ants follow the samepath. Sinceour goal is to cover
the environment, individual °ock membersare biasedtoward relatively unex-
plored areasof the roadmap, i.e., to roadmapedgesthat havesmaller weights.
That is, they select low weight edgesto follow with somehigher probabilit y.
The covering behavior is shown in Algorithm 5.2and the corresponding script
is Script 5.2. The ¯rst two lines of Script 5.2 de¯ne local variables.The third
line calls a function of the prede¯ned node variable which returns, with some
probabilit y, the minimum weight outgoing edge.Then, the next goal is set to
that edge'ssecondendpoint and the edgeweight is increased.

Goal Searching Beha vior Although the individual °ock members have
accessto environmental information through the roadmap (at least locally),
they don't know the location of the goal. If an individual reachesa location
where the goal is within sensorrange, its location is communicated to the
other members, perhaps indirectly , and they then attempt to reach the goal
aswell. We implemented this behavior using adaptive roadmap edgeweights.
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Algorithm 5.2 Covering the Env.

1: if (reach target t) then
2: Push t onto agent's stack
3: if (no outgoing edge) then
4: t = topmost stack node with un-

visited edge
5: else
6: select edgee and increasewt(e)
7: t = endpoint( e)
8: end if
9: end if

10: steer toward the target

Script 5.2 Covering the Env.

AgentVar Node nextNode;
AgentVar Edge edge;

edge= node.probMinEdge();
nextNode = edge.end;
agent.goal = nextNode.position;
edge.weight = edge.weight+1;

(a) (b)

Fig. 5. Covering Behavior: (a) algorithm, (b) script to implement algorithm.

(a) (b) (c) (d) (e)

Fig. 6. 10 °o ck members are searching an unknown goal. (a) °o ck is facing a split
point, (b) since two branches have same edge weight, °o ck splits into two groups,
(c) members on the lower (and upper right) part encountered dead end, and weight
of edgesleading to dead end will decrease,(d) some members ¯nd goal, weight of
edgesleading to the goal will increase, (e) rest of members reach the goal.

As an agent traversesa path in the roadmap, it remembers the route it has
taken. Then, when it reaches a goal, it increasesthe weight of the edges
on the route it took. If the individual reaches a roadmap node without any
outgoing connections(i.e., with only one edge)or a node already contained
in the current path (i.e., a cycle), the weight of the edgesit followed will be
decreased.The algorithm for this approach is summarized in Algorithm 5.3.

This algorithm can be implemented using two di®erent rule sets.The ¯rst
rule set is for all roadmap nodesexcept the (hidden) goal, it adds the visited
nodesto the Agent 's path. The secondrule set will only be executedif the
agent reaches the goal, and the task of this set is to increasethe weight of
edgesthis agent used to get there. Script 5.3.I. implements the ¯rst set of
rules. The ¯rst two lines de¯ne local variables.The third line calls a function
of the prede¯ned node variable which returns, with some probabilit y, the
maximum weight outgoing edge. Then, the next goal is set to that edge's
secondendpoint and this information is added to path so that the promising
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Algorithm 5.3 Goal Searching

1: if (goal found) then
2: increaseweight of edgesto goal.
3: end if
4: if (reach target t) then
5: Push t onto agent's stack
6: if (no outgoing edge) then
7: t = topmost stack node with

unvisited edge. Decrease edge
weights leading to t

8: else
9: select edgee and increasewt(e)

10: t = endpoint( e).
11: end if
12: end if
13: steer toward target t .

Script 5.3.I Goal Searching

AgentV ar Node nextNode;
AgentV ar Edge edge;
Trigger checkDeadEnd;
edge= node.probMaxEdge();
nextNode = edge.end;
agent.goal = nextNode.position;
agent.addPath(nextNo de.position);

(b)

Script 5.3.I I Hidden Goal

// Update the passededges
agent.path.increaseEdgeWeights();
stop;

(a) (c)

Fig. 7. Goal Searching: (a) algorithm, scripts for (b) searching, and (c) goal nodes.

edgescan be updated if the Agent reachesthe goal. The Trigger function
checkDeadEnd will run oncefor every node and would check the path so far
to seeif there is a deadend, and if sodecreasethe weight of edgesand remove
them from the path. Script 5.3.II, which only residesin the node closest to
the goal, will increasethe weight of the edgeson the path Agent took to
the goal.

5.3 Narro w Passage Beha vior

Sometimesthe °ock's behavior should depend on the surrounding environ-
ment. For example,di®erent group formations may be usedin relatively open
areasthan are usedwhen passingthrough narrow regions.

A naive way to achieve narrow passagetraversalby the °ock is to usethe
homing behavior and to selecttwo nodesas goals,¯rst a node in front of the
entrance to the passageand then a node outside the exit from the passage.
One drawback of this approach is that °ock members may bunch up and
con°ict with each other as they try to move through the passage.

A follow-the-leader strategy may avoid the congestion problems of the
naive strategy. In this strategy, we ¯rst assemble the °ock in front of the nar-
row passage,and then selectthe closestagent to the narrow passageentrance
as the leader. Then, the remaining °ock members are arranged into a queue
that follows the leader.Their position in the queuedependson their distance
to the entrance of the narrow corridor. They can be kept from crowding each
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other by selectingappropriate valuesfor the repulsive force from other °ock
members.

Note that di®erent behaviors canbe achieved by using a di®erent criterion
to select the next °ock member in line 6 of Algorithm 5.4. For example,
instead of selectingthe next closest°ock member to the narrow passage,one
might select the farthest, which would create a `milling around' e®ectat the
entrance to the passage.

Algorithm 5.4 Narrow Passage

1: while (not all °o ck members in gathering area) do
2: set individual members' goal to gathering area
3: end while
4: set leader to NIL
5: while (there are °o ck members outside passage)do
6: select the closest unselectedmember as Current
7: if (Leader is NIL) then
8: set Leader to Current and set Leader's goal to next step in the path
9: else

10: set Current's goal to Previous
11: end if
12: set Previous to Current
13: increaseneighbor avoidance threshold
14: end while

Fig. 8. Narrow PassageBehavior algorithm.

A script for the Narr ow Passage behavior can be found in [2]. Initially ,
all agents are in the same class. After they all have gathered outside the
passage,oneof them is selectedasthe leader and the others becomefollowers;
theseroles are maintained while traversing the passage.There is a Trigger
function that continuously checks if all Agent s have reached the gathering
area. When they are there, the Trigger updates a NodeVarvariable which
keepstrack of the state sothat the follow behavior starts. A secondTrigger
function continuously ¯nds the closestAgent to the passageand updates its
role (the ¯rst time a closestAgent is found, it is the leader, the successive
onesare followers). Then, the Agent s running the script comparethemselves
with the closest,if they are closestthen they either follow their pre-assigned
path (the leader) or follow the previous Agent .
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Table 1. The number of the 40 °o ck members reaching their home within 30
seconds,the initialization time, the averagetime to ¯nd a path, and the total time
spent by all °o ckmates escaping local minima using basic °o cking, grid-based A ¤ ,
and rule-based roadmap behaviors.

Homing b eha vior: Comparison of di®eren t metho ds
Behavior #°o ckmate init ¯nd path lo cal minima
Method reaching the goal time time # escape(s)

Basic 10 N/A N/A N/A N/A
grid-based A* 40 6.02 5.757 2005 1035.43

roadmap-based 40 0.88 0.652 255 22.99
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Fig. 9. Homing behavior: the number of °o ck members reaching (a) goals with
respect to the length of the paths they took, and (b) homes with the evolution of
time. Although the grid-based A ¤ behavior ¯nds shorter paths, the °o ck spends
less time to reach the goals with the roadmap-basedbehavior.

6 Exp erimen tal Results

In this sectionweevaluate our rule-basedroadmaptechniquesfor the homing,
covering, and narrow passagebehaviors described previously. Movies can be
found on our webpage(http://parasol.tam u.edu/dsmft/).

Our experiments are designedto compareour roadmap-basedtechniques
with more traditional approaches for simulating °ocking behavior and to
study the improvements possibleby incorporating global information about
the environment as encoded in a roadmap. To study the e±ciency of our
covering technique, we also compare our roadmap-basedmethod with an
`ideal' variant in which the location of all unvisited nodes and edgesin the
(known) roadmap is known at all times.

All of our experiments were run on a Linux system with Athlon 1.33
processorand 256MB memory.

6.1 Homing Beha vior

For the homing behavior, our rule-based roadmap technique, described in
Section5.1, is comparedwith a basic°ocking behavior using a potential ¯eld
and a grid-basedA¤ search behavior.
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The 420£ 420 environment is populated with 301 randomly placed ob-
stacles(of six types) (seeFigure 9(a)). At any given time there is one goal,
and when all °ock members reach it, a new goal is randomly generated;this
processcontinues until eight goals have been generatedand reached. There
are 40 °ock members which are initially placed according to a Gaussiandis-
tribution around the center of the environment. The simulation is updated
every 100 ms.

For the grid-basedA¤ behavior, a bitmap of the environment of 914£ 914
cells is constructed; the length of a side of each square cell is equal to the
diameter of a °ock member. Cells are classi¯ed as free cells and collision
cells. Paths are found in this bitmap using A¤ search. For the rule-based
roadmapbehavior, the roadmap is built using the maprm method to generate
400 roadmap nodes and we attempt to connect each node to its 4 nearest
neighbors.

In our experiments we ¯rst tried to evaluate the e®ectof the global infor-
mation. In order to do that, we ¯rst compareddi®erent methods to seehow
many °ock members can reach a given goal with predetermined time (See
Table 1, secondcolumn). It is clear from Table 1, without global informa-
tion, that only 25% of the °ock members reach the goal and most of them
are trapped in local minima. On the other hand, when global navigation in-
formation is utilized, either with the grid-basedA¤ method or our rule-based
roadmap method, all °ock members reach the goal. Based on these results,
we further evaluated the grid-based A¤ and the roadmap-basedmethod. In
Table1, columns3{6, weshow the time spent searching for paths, the number
of local minima encountered along all paths, and the total time spent escap-
ing from local minima. This o®erssome insight into the methods studied,
as can be seenmore clearly in Figure 9. Although the °ock takes a shorter
path with the grid-based A¤ search than with the roadmap-basedmethod
(Figure 9(b)), the °ock reachesthe ¯nal goal faster with the roadmap-based
method (Figure 9(c)). As A¤ search is known to be fast and always ¯nds
shortest paths, this example illustrates that our roadmap-basedmethod in-
deedis a competitor for grid-basedA¤ methods { while the paths found are
a bit longer, they are found faster.

6.2 Covering Beha vior

We next consider the covering behavior. This behavior is tested on the en-
vironment shown in Figure 4, which requires °ock members to passthrough
narrow passagesto accessundiscoveredareas.In this experiment, wecompare
basic °ocking behavior, rule-basedroadmap behavior, and an ideal variant
of the roadmap-basedbehavior which has dynamic knowledge of the undis-
covered regions.The former comparisonenablesus to establish the value of
the global information stored in the roadmap, while the latter comparison
enablesus to determine how far our methods are from achieving optimal
performance.
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Fig. 10. Exploring behavior: (a) Covering: the percentage of the environmental
covered in terms of time, (b) Goal Searching: the number of °o ck members reaching
the goal area in terms of time.

Fig. 11. Passingthrough a narrow passageusing the Follo w the Leader behav-
ior (Algorithm 5.4).

Fig. 12. Passing through a narrow passageusing the naive strategy { homing to
the exit node of the passage.

The environment (80 £ 100) is populated with 16 obstacles(6 types of
obstacles)and in total 24% of the environment is occupied by obstacles.50
°ock members are simulated and states are updated every 100ms.A bitmap
is built to record discovered/undiscovered information. A bitmap cell is dis-
covered when it is inside the sensoryrange of any °ock member. We set the
radius of the sensorycircle at 5m. For the roadmap, 120 nodesare sampled
and connectionsare attempted to each node's 4 nearestneighbors.

The roadmap-basedcovering behavior is asdescribed previously. The ba-
sic behavior usesonly local information, and is essentially a random walk
through the environment. It shows that the lack of global knowledgeresults
in someareasnever being discovered, especially those nearly surrounded by
obstacles.The ideal behavior with complete knowledge of the undiscovered
locations usesthe roadmap to ¯nd paths from a °ockmate's current position
to the closest unexplored spot. Although such knowledge is generally not
available, this variant indicates how fast an environment can be covered in
the best case.
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As seenin Figure 10(a), the ideal behavior rapidly covered all of the free
environment in the ¯rst 30 seconds.The rule-basedroadmap behavior, using
indirect communication (adaptive edgeweights) takes about three times as
long (90 seconds),to reach a similar coverage.Nevertheless,like the ideal be-
havior, the rule-basedroadmap behavior found most reachable areas,while
the basic °ocking behavior had di±cult y covering more than 89% of the free
environment. However, it is interesting to note that the basic °ocking behav-
ior found more undiscovered areasthan the rule-basedroadmap approach in
the ¯rst 40 seconds;this is due to the °ockmates' with basic behavior which
tend to bouncearound and discover 'easy' areasvery quickly.

6.3 Goal Searching Beha vior

In this experiment, the rule-basedroadmap behavior is comparedwith simple
°ocking behavior that hasonly local information about the environment and
no knowledgeof the goal position and with an ideal variant of the roadmap-
basedbehavior that has a priori knowledgeof the position of the goal. The
environment is the sameas in the covering experiment (SeeFigure 4).

We are interested in the number of °ock members that reach the goal and
how fast they get there. As mentioned before, the behavior with complete
knowledge is used to establish a best case(lower bound) for the simulation
e±ciency, and the basic behavior using only local information is used to
illustrate the importance of global knowledge.

The results of someexperiments are shown in Figure 10(b). Flocks using
the basic behavior did not discover any goals within 35 seconds,and hence
this behavior is not shown in the plot. Overall, the roadmap-basedbehavior
is competitiv e with the ideal roadmap-basedbehavior { only taking 5 seconds
longer than the method in which the position of the goal is known a priori .
In addition, it is surprising to note that two of the °ock members in the
roadmap-basedmethod reach the goal earlier than any of their °ockmates
in the ideal roadmap-basedbehavior. While we expect the roadmap-based
method to continue to perform well in morecomplexenvironments, weexpect
its e±ciency relative to the ideal method to decline somewhat.

6.4 Narro w Passage Beha vior

The narrow passageenvironment in Figures11 and 12 contains 50 °ock mem-
bers and two mountain-lik e obstacles.Agents are asked to reach the goal on
the other side of environment. The only way to reach their destination is to
passthrough the narrow passagebetweenthesetwo obstacles.As before, the
roadmap is generatedusing MAPRM [21] which attempts to generatehigh
clearancenodeson the medial axis of the freespace.To demonstrateour rules
in Section 5.3, we consider two experiments.

In the ¯rst experiment, a node is automatically assignedthe narrow pas-
sagerule described in Section5.3 if its clearanceis below somethreshold. All
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other nodes are assignedhoming rules as described in Section 5.1 with the
goal set as a node outside the exit of the narrow passage.The homing rule
script alsosetsagent.role = boid , so that all Agent s are boids when they
gather outside the entrance to the narrow passage.Snapshotsof the agent
movement are shown in Figure 11. Note how the agents maintain clearance
from each other as they move through the passage.The amount of clearance
is adjusted by modifying the repulsive force betweenagents, which can be set
in the rule scripts stored in narrow passagenodes.

In the secondexperiment, homing rules are assignedto all nodes, with
the goal of the homing rules set to the node at the exit of the narrow passage.
This is the naive narrow passagebehavior mentioned in Section5.3, which is
essentially a homing behavior. Snapshotsof the agent movement are shown
in Figure 12. Note how the agents clump together and interfere with each
other as they move through the passage.

7 Conclusion

In this paper, we have shown that complex group behaviors can be gen-
erated if someglobal environmental information is available in a roadmap.
The information the roadmap contains, such as topological information and
adaptive edgeweights, enablesthe °ock to achieve behaviors that cannot be
modeled with local information alone. Moreover, since in many casesglobal
knowledge involves high communication costs between individuals, indirect
communication though dynamic updates of the roadmap's edgeweights pro-
vides a lessexpensive meansof obtaining global information. The behavior
rules embeddedin our roadmapsand agents enablethe agents to modify their
actions basedon their current location and state. For example, the °ock can
moveasan unorderedgroup in open regionsand in a follow-the-leaderfashion
through narrow passages.Our simulation results for the three typesof behav-
iors studied show that the performanceof the rule-basedroadmap behaviors
is very closeto ideal behaviors that have complete knowledge.
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