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Abstract—This work deals with the problem of planning
collision-free motions for multiple communicating vehicks that
operate in the same, partially-observable environment in eal-
time. A challenging aspect of this problem is how to utilize
communication so that vehicles do not reach states from whic
collisions cannot be avoided due to second-order motion cen
straints. This paper initially shows how it is possible to povide
theoretical safety guarantees with a priority-based coordhation
scheme. Safety means avoiding collisions with obstacles dan
between vehicles. This notion is also extended to include ¢h
retainment of a communication network when the vehicles

operate as a networked team. The paper then progresses to

extend this safety framework into a fully distributed commu-
nication protocol for real-time planning. The proposed alg-
rithm integrates sampling-based motion planners with mesage-
passing protocols for distributed constraint optimization. Each
vehicle uses the motion planner to generate candidate fehate
trajectories and the message-passing protocol for selent a safe
and compatible trajectory. The existence of such trajectaes is
guaranteed by the overall approach. The theoretical result have
been also experimentally confirmed with a distributed simuétor
built on a cluster of processors and using applications suclas
coordinated exploration. Furthermore, the experiments slow that
the distributed protocol has better scalability properties when
compared against the priority-based scheme.

|I. INTRODUCTION

Autonomous vehicles have long been the focus of roboti
research. The progress in wireless networking allows te ¢
sider groups of vehicles that operate in the same environmg
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Fig. 1.  Vehicles form a communication network while they mown
the left, there is one connected component while on the righicles have
moved and multiple components have been created. Plarmisgéh dynamic
networks with centralized approaches has been studiedréoiofider systems
[3], [4]. This paper extends these ideas by consideringrebooder dynamics
(we guarantee avoidance of Inevitable Collision States) dascribing a
decentralized solution using only local information.

study how inter-vehicle communication [1], [2] can be aztd
in this context to achieve safe motion coordination.

We are interested in a solution with the following char-
acteristics: (i) A general and abstract algorithm that i$ no
limited to specific system dynamics or to specific types of

rkspaces and obstacles. (ii) A scalable, distributedtiss

Hat respects physical limitations in sensing and communi-

Ation and avoids centralized computation. (iii) A reahei

and use _comrr)unlcaucr)]n tz coo]rcdlnate tEe'r met;]c_ml' Mohre;ﬂgorithm, as typically vehicles do not have global knowged
over, it gives rise to the idea of networks of vehicles thajs ey workspace. This means that sensing, planning and

jointly solve a task while retaining connectivity. Usingcsu

of such systems involves multiple research challenges.

provide guarantees for collision-avoidance and the retaint
of a communication network if desired by the team.

In this paper, the focus is on motion planning and coordi- _
nation challenges. Given procedures for updating a vebiclé\. Related Literature

map, state and goal, the objective is to design feasible,Decentralized Planning - Formation Control: Multiple

collision-free trajectories for multiple vehicles opénat in

techniques exist for decentralized motion planning [5]. In

the same, partially-known environment (see Fig. 1). In paformation control agents move while maintaining preassityn
ticular, we deal with the safety concerns that arise due ¢o thelative positions, which can be achieved with potentilefi
kinodynamic motion constraints (e.g., bounded velocitd ampproaches [6], [7], [8], leader-follower approaches [2])]

acceleration, smooth steering) that real vehicles exhibé
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or local control laws [11]. Decentralized, navigation ftions
[12], [13] provide a feedback solution and can be used for
vehicles with independent goals. Most of these methodssfocu
on providing elegant stability proofs. Despite their elecs, it

Konstantinos I. Tsianos and Lydia E. Kavraki are with the €omjg (ifficult to apply them in general state spaces (e.g. cempl
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Part of the material presented in this paper has appeareindnferences
publications: “A Decentralized Planner that GuaranteesSafety of Commu-
nicating Vehicles with Complex Dynamics that Replan OrliaelROS 2007
and “A Distributed Protocol for Safe Real-Time Planning aimnunicating
Vehicles with Second-Order Dynamics” at ROBOCOMM 2007.

obstacle and robot shapes and dynamics) [14].
Sampling-based Kinodynamic Planning: This paper in-
vestigates an alternative which is less dependent on the sys
tem’s dynamics or the obstacle types. It utilizes sampling-
based [15], [16], kinodynamic planning [17] popularizedaby



gorithms such a&RT [18], [19], [20]. Instead of constructing B. Contribution
control laws given representations of the state spacedbsta  Thjs paper describes an integration of sampling-based kin-
such algorithms execute a search in the state space, whicid§namic planners [14], [19] with message-passing prdsoco
mostly a computational rather than an analytical challengg1], [42] to distributedly control the motion of multipleom-
Their drawback is that they have weaker completeness prgganicating vehicles in simulation. It is an extension of or
erties. Optimality guarantees are also abandoned in faborg, safe, real-time sampling-based planning [20] to the case
practical performance and generality. of multiple networked vehicles with limited communication
Replanning: The original sampling-based planners wergeange. It provides with theoretical safety guarantees imse
offline methods and assumed known workspaces. Plannisigavoiding inevitable collision or loss of connectivityags.
with partial-observability requires interleaving semgiplan- Compared to alternative approaches for decentralizecdhjpign
ning and execution, where a planner is called frequently afidl], [12], it can be applied on different environments and
has finite time to replan a trajectory. Replanning from sdratsystems with various dynamics. In contrast to existing work
is possible [21] but recent methods use information frown planning for dynamic networks, where coordination is
previous planning cycles to speed up the performance a#ntralized [3], the approach aims to distribute comporati
replanning [22], [23], [24], [25]. There are also methodatth The starting point for the method is to identify the suffidien
use a roadmap to replan online [26], [27]. information exchanged between the vehicles so as to plan saf

Replanning for Systems with DynamicsWhen replanning trajeqtories. These sgfficient condition; dictate the pseypl
with a sampling-based planner for a system with secondrordédorithms. Each vehicle uses a sampling-based planngr [20
dynamics, safety issues arise: a collision-free but daptan 0 generate feasible trajectories that allow the existefisafe
may lead a vehicle to a state from which collisions cann@fternatives to other vehicles. For coordinating the sielpof
be avoided due to the dynamics (Inevitable Collision Statégmpatible trajectories between vehicles, we initiallggemt
(1 CS) [28], [29], [30], [20]). This problem is particularly & pnonty-basgd scheme. This allows us .to prpwde a proof
acute when multiple second-order vehicles operate in cld§@t the vehicles always have safe trajectories to follow.
proximity in the same environment. Similarly, a partial pla The priority scheme is then replaced by an asynchronous,
could also lead to states from which network connectivitly wimessage-passing protocol [41], [42], which provides theesa
be inevitably lost. A framework that deals witlCS and real- theoretical safety guarantees. Among the safe solutiods an
time planning for a single vehicle has been recently dewedopdiven the available time, the asynchronous protocol ot
in the sampling-based planning literature [28], [20]. a joint payoff function. _ _

Motion Coordination: The use of sampling-based pIannerBr;-:eessp(;?ps?;euc:agfthégcEa;rgfe?sgrn?:gg:lg te;j Sghﬁjgngzh
on multi-agent problems is limited and it typically folloves communicates asyﬁchronously with other processors. The
centralized approach [3], [4Lentralizedplanning is reliable . | lts confirm the theoretical uaranteés of
[31] but computationally expensive due to the exponental dexp_erlmental resu . 9
pendency on problem dimensionalijecentralizedmethods, collision avoidance and network retainment for secondeprd

such as prioritized schemes [32], plan separately for eatobtr v_eh|cles jointly exploring an un_known worksp_ace. The dis-
. e . . tributed protocol has computational and scaling advarstage
and then coordinate the robots’ interactions. Planningdgeis

of magnitudes faster but can lead to collisions [31], [3]. AnWhen compared against the prioritized scheme [34], [43]

important challenge is how to make decentralized planning [l. PROBLEM SETUP
more reliable, especially when using sampling-based len\n  consider vehicled” = {Vi,...,V,} operating in a world
[33]. In previous work [34], we showed that it is possiblgyith static obstacles. Both obstacles and vehicles arel-rigi
to achieve safety in a decentralized scheme that emplqysdies and there are no restrictions on their shape. Each
priorities even with second-order dynamic constraints.  vehicle is able to sense a local region around it and can
Message-Passing CoordinationAn alternative to priority- communicate with other vehicles within a limited range.
based schemes for decentralized solutions can be foundEich vehicld/; is a dynamic system whose motion is governed
the Al literature. There are many techniques for distriduteby differential equations of the form:
constraint satisfaction [35] and optimization [36] for ites ; .
of cooperating agents, such as factored Markov Decision Tift) = Flwi(t), ua), g(wi(t), &:(t) <0 (1)
Processes [37] and auction mechanisms [38], [39]. This paherex;(t) € X; represents a state, € U, is a control,f, g
per employs message-passing, asynchronous algorithms &g smooth and is time. This paper focuses on systems with
coordination related to loopy belief propagation, a methdsbunds both in velocity and acceleration. The dynamics f th
for distributed optimization in constraint networks [4(41]. systems we experimented with can be found in Section VII.
These message passing algorithms have been successfully a@iven the communication limitations and states
plied to solve distributed inference problems in wirelesmssor {x(¢),...,z,(t)}, the vehicles form dynamic communication
networks [42]. Employing such message-passing algorithiirsks represented by a grapf(t) = {V(¢), E(t)}, where
for coordinating vehicular networks results in better abdity e;; € E(t) as long asV;, V; are within range. The neighbors
than priority-based schemes [43]. of V; in the graphG(t) are denoted a#V;(t).
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Fig. 4. The operation that a single vehicle executes in twoeseoutive

Fig. 2. The overall architecture of a single vehicle. '
planning cycles.

A. High-Level O ti
'gh-L-evel Lperation Two trajectoriesr; (z; (¢;), pi(dt;)) andm;(x;(¢;), p;(dt;))

The vehicles execute tasks which require motion. Whilge compatible trajectories (r; = ;) if the two trajectories
moving, the vehicles must avoid collisions both with obE8aC 4o not cause collisions with workspace obstacles and:
and with other vehicles. Since the workspace is only péytial
observable, the vehicles must update their world model and
state estimate given new sensory information. In pardhely

must compute in real-time trajectories towards their gods . . . . .
' . N - L Compatible trajectories between vehicles may still lead to
achieve this objective, a vehicle’s function is broken down

. . . -an inevitable collision state from which a collision canbet
into a sequence of consecutive operational cycles. Thewsri . . .
avoided in the future due to second-order constraints [28].

\é\elglrclf];s%erca“c?gss’ Er;?v(v:n;eﬁg. +2 ’dta)revgﬁﬁjgtvédégeilﬂgse“statexi(t) is an Inevitable Collision State (ICS) given the
yeles. yew i states{a1 (t), ...,z (t)} if ¥ (2 (t), ps (00)):

the following:
1. Up to timet: a localization and mapping routine updates 3 (dt A j # i) so thatV 7;(z;(t), p;(o0))
the mapM;(t) and estimates future statg(t + dt). statesz™ (dt) and 2™ (dt) are not compatible.
2. Given the map, a godF,(t) is computed forV;.
3. GivenM;(t), G;(t) a planner must compute a platdt)
beforet + dt. Given the map)/;(t) and a state estimate; (¢ + dt), the
4. Attimet + dt the planp(dt) is executed ak;(t + dt). motion planning module of each vehiclé must compute
In this work we focus on step 3, i.e. on how to utilizé?€fore time(t+dt) a planp;(dt') so that given the trajectories
communication so as to provide safety guarantees when mfi-2ll other vehiclesr; (z; (t + dt), p;(dt")) (V] # i):
tiple vehicles operate in close proximity. Each vehicle cane m;(zi(t +dt), p;(dt’)) =< m;(x;(t 4 dt), p;(dt’))
only exchange information with neighboring vehicles given « Statez*(dt') is not ICS.
the communication constraints. We will specify what kind Vehicle V; can only communicate with vehicles in the set
of information has to be exchanged to guarantee collisiow;(¢). A secondary objective for the planner is to refine the
avoidance. In this work, we do not deal with issues relatefliality of the selected trajectory given a measure of path
to uncertainty in sensing and action as well as unreliabjgiality and a goals;(t).
communication.

Ve [max{ti, tj} : min{ti + dt;, t; + dtj}] :
27 () = i (1),

C. Problem Definition

IIl. APPROACHOVERVIEW

B. Motion Planning Notation The proposed approach has two characteristics. Motion

The objective of the motion planner is to compute goordination is achieved in a decoupled manner. This featur
plan p(dt), which is a time sequence of controls(dt) = distinguishes our approach when compared against related
{(ur,dtr), ..., (un,dt,)}, wheredt = 3, dt;. When a plan work on planning for communicating vehicles [3], where the
p(dt) is executed at state(t), a vehicle will follow thetra-  vehicles forming a temporary dynamic network solve a céntra
jectory: w(z(t), p(dt)). A trajectory is feasible, if it respectsized problem. Moreover, the motion planning and coordanati
the constraint functiong andg from Eq. 1. operation of each vehicle are split into two separate steps a

A state along trajectory (z(t), p(dt)) attimet’ € [t : t+dt] shown in Fig. 4:
is denoted as™( ¢’ ). When a vehicle executes a pla(it) 1) Generate Candidate Plans:During the first step, the
from statex(¢) and consecutively executes plat{dt’), then algorithm searches the state space of each vehict®
the resultingtrajectory concatenation will be denoted as: as to generate a set of candidate pl@dy employing

(), p(dt)), p(dt) ). a single-vehicle_planner. . _
2) Select Compatible Plans:During the second step,

If two vehicles V;, V; at time ¢ are not in collision with

neighboring vehicles communicate by exchanging sets
each other or with obstacles, then their correspondingstat P; and evaluating their performance in terms of collision
x;(t), z;(t) arecompatible states z;(¢) =< z,(t).

avoidance and task execution.
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Fig. 3. (left) The robot’s synchronization scheme. (cemted right) A valid plan may still lead to anCS during the next planning cycle.

For the plan generation step, sampling-based, kinodynarfigorithm 1 SAMPLING-BASED PLANNER
planners are particularly appropriate to search the stmees Tree < Retain valid subset df'ree from previous cycle
and produce multiple candidate valid plaf®s that are at while (time < PlanningBudget) do
least collision-free with the workspace obstacles. Sactiv  {
outlines the sampling-based kinodynamic planner thatglesin  Select a state(t') on the existingl'ree
vehicle can use to replan and avdi@S. Select valid plarp(dt’) given statexr(t)
Two plans of different vehicles are acceptable solutions if Forward propagate trajectory(z(t'), p(dt’)
the corresponding trajectories are compatible and they bmus  if (7 is not collision-free with obstacles)then
selected appropriately through coordination in the secep. Rejectr
Section V describes how such coordination can be achieveclse
by employing a priority-based scheme. It also shows how Add 7 to T'ree
safety is guaranteed assuming the preassigned prioritieés &
no communication limitations. These assumptions will lierla
waived. In particular, in Section VI, the exchanged pl&hsire
viewed as actions in a discrete action space. Then the pnoblpre-specified “contingency” plaf(-) out of a stater, thenx
of distributedly selecting compatible trajectories is ueed is safe. In other words, stateis safeiff:
to a distributed constraint optimization problem, for whic 3 y(o0) s.t. w(z,y(c0)) is collision free (2
message-passing algorithms without priorities exist,[f42].

In our experiments, the contingency plan we use for car-
like vehicles is a breaking maneuver that brings the car
to a complete stop as fast as possible. The duration of a

In order to generate candidate plans (step 1 of the overadintingency plan depends on the vehicle’s velocity at state
approach), a motion planner is employed that focuses @rand its acceleration bound. Since the planner is required to
planning paths for a single vehicle. return a plan only for the periott,, : t,+1), only the states

The single vehicle approach incrementally expands a tra®ng the tree that occur at timg,_; have to be checked
data structure in the vehicle’s state-time space and regafe whether they are safe or not. The planner implements the
paths given a partially-known workspace and kinodynamiollowing invariant for all plansp(t,, : t,,11) along the tree:
constraints [20]. There are two elements of the approach
relevant to the multi-robot problem: (i) The planner’s agérn

is broken into consecutive replanning cycles. (ii) Within ghis means that for all plang(t, : t..1) there is a con-

cycle, the planner avoidsCS. catenation with contingency plans that leads to collidiee-
During cycle(t,—1 : t,), the planner uses an updated modefajectories. With this method, a vehicle can operate in a

of the world up to timet,,_; and an estimate of the statepartially-known workspace with static obstacles and caicav

z(t,) at the beginning of the next planning cycle. Given @ollisions at all times [20].

goal, the planner computes a new plan (must be computed

beforet,,) that will be executed during the consecutive cycleY. SAFE DECENTRALIZED REPLANNING WITH PRIORITIES

(tn,tnt1). This is achieved by expanding a tree data structureye now move on to the case of multiple vehicles operating
(T'ree) in the vehicle’s state-time space using a samplingy the same environment. This section initially assumes-veh
based approach [20], [18], [21], [44]. From the expandeges that have unlimited communication range and preassign
tree, a valid planp(t, : t,41) that results in the trajectory priorities. Both of these assumptions will be waived later.
m(x(tn), p(tn : tni1)) is selected. We will start from a simple extension of the single-vehicle

It is not sufficient forr(z(t,),p(t, : tn4+1)) to be just algorithm to a coordinated approach. As Fig. 1 shows, com-
collision-free, since it may lead to ahCS [28], as Fig. 3 munication links between vehicles define a graph, where the
(right) demonstrates. It is computationally intractalidew- vehicles are nodes and two vehicles share an edge if the two
ever, to check if a state is trulyCS or not: all possible plans vehicles can exchange messages. In the case of unlimited
out of that state have to be examined to determine if theredsmmunication range, this graph is complete. Suppose every
an escape plan. It is sufficient, however, to take a conseevatvehicle has a unique global priority. We define the A€t to
approach: if the vehicle can avoid collisions by executing represent the neighbors of vehidlé on the communication

IV. SAFE REPLANNING FOR ASINGLE VEHICLE

w( w(x(tn), p(tn : tht1)), v(c0) ) is collision-free.
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of V4 is safe. (b) The planner df> will not produce the lower trajectory because it collideshwthe current contingency dfy. The top plan is again safe.

graph with higher priorities thaly and the setV' to be the c. Itleads to state™ (¢,11) that is safe according to Eq. 3
set with lower priorities. Then the simple prioritized sote for every choice of plang;(¢,+1 : t,+2) that the other
executed on each vehiclé during a single planning cycle vehicles may make during the next planning cycle.

(tn : tny1) employs the following steps: If the Invariant holds then the algorithm will produce safe
1) Compute a set of candidate plafsof duration (¢, : trajectories. Points a. and b. imply that there is no caliisi
t,+1) with the single-vehicle algorithm. during the current cyclét,, : t,,4+1), either with static geom-
2) Receive the selected pla®¥ from neighbors inN".  etry or between vehicles. Point c. implies that all vehiclés
3) Select plarp(t, : t,+1) € P that does not collide with the next cycle(t,,1 : t,+2) have contingency plans which

plans inP" and best serves the goal of vehidle can be followed regardless of the other vehicles’ choices.
4) Transmit the plamp to all neighborsN'. Consequently, the prioritized algorithm in the beginninfg o
This simple extension, however, fails to produce safe triis section can be altered so that step 3 is:
jectories for multiple reasons: 3) Select plarp(t,, : tn4+1) € P that satisfies the Invariant
« If a cycle is completed before all higher priority plans given the setP”. If no such plan exists or time is
are received, no plap can be safely selected. running out, execute contingeneyt, : t,41), which
« Even if p € P and P" are available on time, it may is precomputed from the previous planning cycle and
happen that no plap is collision-free with all plans in collision-free due to the Invariant.
P" due to the decentralized nature of the approach. Consequently, now we need to answer the questiohi:
« Suppose is collision-free with seP”. It may still lead to produce and select plang(t, : t,.1) that satisfy the
to | CS given P" due to the dynamics. Invariant To guarantee the Invariant it is sufficient for any

The definition of a safe state from Eq. 2 is inadequate #elected plan at step 3 of the algorithm to satisfy:
the multi-vehicle case, where the safety of a single velicleCondition 1: As in the single-vehicle case, the concatena-
state depends on the states and plans of other vehicles. tills of planp;(dt) with a contingency plany;(cc) must be

extend the definition of safety as follows: collision-free:
Safe State - Multi-vehicle case: Consider vehicles , _ . llision-f

Vi,...,V, that have states;(t),...,z,(t) and all vehicles ™ (m(z(tn), p(tn : tns1)), 7(00) ) is collision-free.  (4)
Vj.j # i execute plang;(dt). Then stater;(t) is safe iff condition 2: The concatenation of plam (dt) with a contin-

3 7i(00),7;(o0) so that: gency plany;(cc) must be compatible with the contingency

mi(xs(t),vi(00)) is collision free AV j #i: plans; (o) of other vehicles:
mi(2i(t), vi(00)) = (i (5 (t), pj (dh)), ~;(o0) ) (3) Vi # i m( miwi(tn), pi(dt)), vi(00))
Note that the trajectory; (x; (), vi(co)) should be compatible =< mj(x;(tn), 7 (c0)) (5)

with the concatenation of other vehicles’ plans and conti
gencies. Given this new definition of a safe state, we set
objective for the coordination algorithm we described iearl
To guarantee safety, it is sufficient to satisfy the folloguin

®ondition 3: The concatenation of plam (dt) with a contin-
agncy plany; (co) must be compatible with the concatenations
of plansp;(dt) of other vehicles with their contingency plans

Invariant: For each replanning cyclét, : t,41) every (o
vehicle V; selects a plam; (¢, : t,+1) which when executed Vj#di:  m( mi(xi(tn),pi(dt)),vi(00))
atstatemi(tn): | = 5y (), 3 (1)), 3 (00)) ©)
a. The resulting trajectoryr;(z;(tn), pi(tn : tny1)) IS
collision-free. Theorem: Assume the Invariant is satisfied during planning
b. During the current cyclét, : t,.1), it is compatible cycle (tn—1 : t,) for all vehicles. Then if each vehicl¥;
with all other vehiclesy;j # i : selects a plamp;(t, : t,+1) that satisfies Eq. 4, 5 and 6 or

selects an available contingency plan, then the Invariait w
i (@i (tn), piltn : tny1)) =< m(2;(tn), pj(tn : tni1))- also hold during the next planning cydlg, : ti1).



Proof: We will have to show that the three points offlgorithm 2 PRIORITY-BASED SCHEME forV;
the Invariant are satisfied during the next planning cycfer all j € N do
(tn : tns1). There are two cases. Either the algorithm managesExchangey;(oo) andy;(oo) with V;
to produce and select a plan(t,, : t,+1) that satisfies Eq. 4,
5 and 6 or selects a contingency plan. We will treat these tyé. Pl anni ng: Satisfy conditions 1,2)
cases separately: HN « N" (high priority neighbor set)
1) Assume such plap;(t, : t,+1) has been found. Becausel ree « Retain valid subset df'ree from previous cycle
the plan satisfies Eq. 4 and Eq. 6, points a. and b. of the Mmhile (time < PlanningBudget) N HN # () do
variant are satisfied, respectively. Point c. is more covapdid. {
The statex(t, 1) that the vehicle will reach after executing Select plarp(dt) and stater(t) along the existing'ree
pi(t, : tny1) Must have the property that it is safe according Propagate trajectory (xz(t), p(dt)
to Eq. 3. The application of the contingency planat state
2(tn11) Will result in a collision-free path according to Eq. 4, (Cond. 1. Avoid ICS with obstacl es)
so one of the two specifications of Eq. 3 is satisfied. Stateif m(z(t),p(dt)) is in collision with obstacles OR
z(t,.1) has to be safe, however, for any choice of plans 7(m(x(t), p(dt),v(oc0) is in collision with obstacleshen
pj(tnt1 : tas2) that the other vehicles will make during the — Rejectr(z(t), p(dt))
next planning cycle. There are again two possible cases for
the nature of plans another vehidle can follow during cycle  (Cond. 2: Conpatibility w th ~;(c0))

(tnt1 : tnta): for all j € N and whiler is not rejectecdo
a. Assume vehicl®; computes a plap; (t,11 : tns2) that it (7(z(t),p(dt)) # m;(x;(tn),7;(c0)) ) then
satisfies the conditions. Then due to Eqg. 5, this plan is Rejectr

compatible with the contingency & during that cycle:
if m(z(t),p(dt)) is not rejectedhen

| mi(@™ (tnt), 7i(00)) = Add 7 (z(t). pldt)) to the Tree
T T (2™ (bny1), ittt taga)), 75(00) )
b. Assume vehicld’; resorts to a contingency during cycle I (message arrived frome HN) then
(tas1 : tws2). DUe to Eq. 6, however, the contingency ~ ReCeive plamj(t, : #,11) and contingencyy;(oc)
of V; is by construction compatible with the contingenci( Remove;j from HN
of V;:

i (2™ (tnr1), 7i(00)) = 7 (2™ (tng1), 75 (00)) (B. Coordination: Satisfy req. 3)

In any case, Eq. 3 is satisfied for stafé (,,, 1), which means pzf/ —7i(o0) (sa/fe from previous round)

that the third point of the Invariant is also satisfied for trext £ < S?t of E"ampi(t@ t 1) from Tree

planning cycle. for all p] E P 2nd while (time < PlanningCycle) do
2) Assume that vehicld; has to resort to a contingency. o all j E/N do L

The inductive hypothesis is that the Invariant holds during . R/e_JeCtpi if Eq. 6 does/ not hold fOF’i’pw%

the current cycle, so the staigt,,) is safe according to Eq. !t pi 1S not rejected angy; better tharp; then

3 for every choice of plans of other vehicles. From Eq. 3 the Pi — Pi

points a. and b. of the Invariant trivially hold for the trefery , .

that follows the contingency plan. In order to show that tho" &ll 7 € N* do ,

statex(t,.,1) reached after the application of the contingency 17@nsmit planp? and contingency;(cc) to V;
plan~;(t, : t,+1) is safe according to Eg. 3 we can follow

exactly the same reasoning as above. From Eq. 4 the trajector

mi(x(tnt1),7i(00)) will be collision-free and will also be
compatible given any choice the other vehicles will make d
to Eq. 5 and 60

LHoéans have already been computed by e&ghduring the

previous step. This information can be communicated at
the beginning of each cycle. After exchanging contingency
A. Priority-based Algorithm plans, the sampling-based, kinodynamic planner is invoked

We describe here how we can algorithmically satisfy thié generates a tree data strgc_ture of feasible Fraject_cbries
specified conditions within a prioritized scheme. The dthan  the state-space that are collision-free and avoi@S with
in pseudo-code is given in Algorithm 2. Fig. 5 provides aﬁb;tacle_s (Eq.4?.The pIannercor.15|ders.aIsom coIpshIothen
illustration of how a vehicle 1) uses information from its trajectories that intersect the contingencies of otheiclesto
neighbors(V7, V3) to respect conditions 2 and 3. satisfy Eq. 5.

To satisfy the second condition, each vehitlemust be  The third condition specifies that when a vehicle makes a
aware of the contingency plans of other vehiclgsat state decision it must inform the other vehicles so that pairs of
x(t,) during planning cyclgt,—; : t,). These contingency plans satisfy Eq. 6. This exchange of information follows



anymore. In the previous setup, where all the vehicles commu
p—c1 nicate one with another, the vehicle with the lowest prjonias
/MM."-1 o b to wait for all the other vehicles to pick their plan beforedin

o o °° make a decision. When vehicles have limited communication,
however, the chain of dependence tends to be shorter. For

MAX VELOCITY MAX VELOCITY
- -«

STor example, the Directed Acyclic Graph (DAG) in Fig. 6 (left),
RS p y ph (DAG) in Fig. 6 (left)

P1+C1+P2+C2 < COMM RANGE

represents the partial ordering defined by the prioritiethef
dynamic vehicular network displayed in Fig. 1(left). The GA
structure allows for the plan selection step to be executed i
Fig. 6. (left) For the dynamic network in Fig. 1 the above DABws the parallel on many vehicles even with a prioritized scheme. Fo

transmission of selected plapsby high priority vehicles to lower priority ; ; ; ;
vehicles - low number denote high priority. (right) Two veles that enter each example, vehicles 2, 1, 3 and 0 can immediately select their

other's comm range at maximum velocity, cannot collide iéefinishing their  Plan Withqm haVir?g to wait for any Unit.Of higher priority.
plans they execute their contingency plans. The decision making procedures for vehicles 4 and 8 depend

on different units and can potentially take place in patalle

At the same time, there are the following two complications
the vehicles’ priorities. Vehicld/; with the highest priority tg consider:

computes a solution plap;(t, : t,+1) from the motion 1
planner and the accompanying contingency plan that can be
executed at state™ (¢,,11). V; transmits its solution to lower

priorities vehicles, which must now come up with a plan

that respects Eqg. 6 givelr;’s choice. Every vehicle waits _ ) ] o
to receive the choices of all vehicles with higher priogtie! NiS paragraph deals with the first complication and the

before selecting its own plan. If a plan that respects Eq. 6Rlowing paragraph will address the second one. In the
available from the tree data structure computed by the motig€neral case, collisions will occur between vehicles when

planner, then it is selected and transmitted to the loweripyi communication is Iimited. The problem is that two vehicles
vehicles. If no such plan is found, the available contingen£hat do not communicate can approach one another during one

plan is selected and transmitted. If time is running outiakde "ePlanning cycle and collide before they have an opporgunit
PlanningCycle in Algorithm 1) and not all higher priority ©© compare their plans and exchange contingencies.

vehicles have sent their plans, then a contingency plandimag Nevertheless, the Invariant can still be guaranteed by #mpo
selected. ing limits on the maximum velocity of the vehicles. For the

Note that the prioritized scheme imposes a total orddR!lowing discussion, assume a simple communication model

ing over all the vehicles. When the communication graﬁﬁhiCh is also the one employed in the experimental section

is complete this results in the lowest priority vehicle ha2f this work. The model specifies that two vehiclés and

ing to wait for all the previous vehicles to select plang/s €& communicate as long as statgsandz; bring each

The high priority vehicle has to transmit its selection garlVehicle inside the communication range of the other. This
enough (variablePlanning Budget in Algorithm 1) so that simple model ignores the effects of obstacles and defines the

the sequence of selected plans reaches all vehicles withffnmunication region of a vehicle as a disk centered at the
the planning cycle along a chain of prioritieblote that vehicle. If all vehl_cles_ have the same communication range
even if thePlanningBudget is not sufficiently long so that ¢ then the following is true:
all vehicles communicate, the vehicles still do not collide
The vehicles will end up selecting contingency plans, which
correspond to stopping maneuvers and they will stop safelyhere the operation|-,-|| computes the distance between
This work, however, has addressed the undesired effectt@b states after projecting them in the Euclidean space (i.e
vehicles stopping due to often selection of contingencyglig ignoring orientation, velocities and other state paransgte
proposing a fully distributed approach, described in $@cti  For this simple radial communication model, Fig. 6 (right)
VI, that guarantees the satisfaction of the three conditioshows the extreme case to take into account so as to satisfy th
without priorities. Invariant: two vehicles are just outside their communnati
range and they move with maximum velocity towards one
another. This implies that, in the worst case, they will keep
In this section we will waive the assumption that the vehgetting closer with maximum velocity for an entire cycle
cles have unlimited communication, so that dynamic netaworkefore being able to communicate. When they communicate,
are formed and dissolved as the vehicles move towards thibiere are two possible outcomes. If they manage to find
goals, as in Fig. 1. One advantage and two complications arcompatible plans, they can execute them safely. Otherwise,
in this case for the proposed methodology. they must execute contingency plans. In order for the laveri
The advantage is that the flow of information resultingp be satisfiable, the resulting contingency plans musteat |
from the priority-based algorithm is not necessarily a shato a collision, which means that the vehicles have enough

) Is the Invariant still satisfied or do collisions occur
between vehicles because of limited communication?
2) Is it possible to retain a communication network as the

vehicles move?

Vi andV; communicate iff:||z;, z;|| < C-

B. Limited Communication



time to break and come to a complete stop before collidingetworks literature as they appear in multiple problemden t
Consequently, the following has to be true: field [46]. There are also many established protocols for the

« Sufficient Communication Condition 1: the distance a computation of spanning trees [47]. In this work, a distrél
vehicle covers when it moves at maximum velocity foplgorithm for the computation of’(¢) is employed in the
one planning cycle and then applies a contingency pl&§9inning of every planning cycle. Note that it is sufficiemt

until it comes to a complete stop, must be less than h&pmpute an approximate spanning tree, one that also contain
of the communication rang€, .. loops. The inclusion of unnecessary edges does not effect

This is a conservative condition as the case described abHQ/% network's connecitivity, it only makes the network less
is the worst case scenario. However, it guarantees that @amm . .

vehicles have enough time to communicate and once th %pwen the approximate spanning tred'(t) N
communicate, they have enough time to come to a complée (t)}, the planning algorithm must then guarantee
stop by employing their contingency plans. For some réalist hat the vehicles do not choose trajectories that will break
parameters for car-like vehicles (communication rang€ni0 the communication linke;; € Er(t) anng_f(_ ). To ach|eve.
breaking deacceleration 10m/2, planning cycle tec) the this objective we have to update the definition of compatible

allowable maximum velocity is sufficiently high (approxS&tes- _

80 K'm/h or 50 mph). Compatible States:Two statesr;(t), x;(t) for vehiclesV;,
The proposed coordination framework does not depend §p 8¢ compatibled;(t) < z;()] it

the radial communication model described above. It can alsol) neitherV; or V; is in collision with obstacles at states

accommodate more complex communication constraints as Z:(t) andx;(t) respectively,
|ong as the fo||owing condition is satisfied: 2) V; and V do not collide one with the other at states

() andx]( ),

« Sufficient Communication Condition 2: Given two .
3) and||a:1,xj|| < C, if ej; € Ep(t).

statesz; andz;, there must be a deterministic function

fo: X x X —[0,1] Similarly, the definitions of a compatible trajectory andaof
that can compute whether or not vehiclésand V; can safe state have to be updated given the above definition of
communicate from states; and ;. compatible states.

b Consequently, the necessary changes in Algorithm 2 so as

Given this definition, line-of-sight constraints can als® ! o .
9 éoapr)]rowde network connectivity are the following:

accommodated as long as unexplored space is treated a
obstacle. Alternatively, the proposed framework can zeili * In the bggin.ning (_)f the planning cycle,_ compute which
techniques that build radio signal strength maps [45] as a COmmunications links have to be maintained between
preprocessing step, to define which pairs of states insige th  vehicles by distributedly computing an approximate span-
environment allow the vehicles to communicate. In this way, NNY treeT'(t) [46]. N _

realistic communication challenges, such as multi-pafieces ~ * Add an extra check for conditions 2 and 3 given the
can also be taken into account. The above condition, however Updated definition of a compatible state.

implies that the communication properties of an environimen Given the above changes and since the vehicles move, the

are stationary and do not change over time. communication graph changes over time (Fig. 10 (right)).
o o Consequently, the spanning tree recomputed in every cycle
C. Retaining Connectivity also changes over time. This allows the network to achieve

Given the existence of a functioff., it is possible to different topology if necessary. Note that for an edge to be
maintain a communication network as the vehicles move ensidonsidered as a valid communication link, it must be attaima
the environment. Assume the vehicles form a communicati@tring a planning cycle, given the dynamic motion constgain
graph as in Fig. 1(left) and the objective is to retain corne€or example, if two vehicles are moving away one from the
tivity. One way to guarantee connectivity is to require thaather with high velocity, this might be a communication link
each vehicleV maintains at each replanning cycle all théhat cannot be maintained due to the dynamic constraints, an
communication links with higher priority neighbofé”. This has to be excluded from the spanning tieg).
may not be efficient, however, as it may force the vehicles
to come close one to another. This solution also forces the
vehicular network to retain similar or more strongly corteelc
topology throughout its operation. As mentioned before, the priority-based methodology ex-

It is sufficient, however, to only retain the communicatiohibits a major drawback. In the worst case and depending on
links along a spanning tree of the original communicatiaiie connectivity of the network, the vehicle with the lowest
graphG(t) = {V (¢), E(t)}. A spanning tree of the gragh(t) priority has to wait for every other vehicle to select a plan
is the graphl'(t) = {V(t), Ex(t)}, whereEp(T) C E(t) so before taking its own decision. This implies that vehiclegw
thatT'(¢) is connected and there are no loops (assurdifyy low priorities often do not receive the choices of their kgh
is connected). Distributed algorithms for computing appro priority neighbors within the duration of the planning aycl
mate spanning trees have been studied extensively in wéreland they have to resort to contingency plans. The proposed

VI. SAFE DISTRIBUTED REPLANNING
FORVEHICULAR NETWORKS



A;={a;; ,a55,¢ f, = [63 149 21] i i .
e A;ﬁ: o ‘: 03 fom D2 17 112 1] In order to adapt this formulation in our framework, each

S Ag=fas e esss )} fa= D184 97 212 1] vehicle can be viewed as a node in a coordination graph CG.
~. Two nodes share an edge in the graph if the corresponding ve-

~ A1 322 A3 &

. an 51 103 - ¢ hicles can communicate or if they can potentially collidaeT

; i L fz=en|ie 32 a3 s discrete set of actions of the max-plus algorithm corredgon

. 3 ! alz s 3 1 to the set of candidate plarf3,. The atomic payoffsf;(p;),

o ! a1 23 23 6 wherep; € P; can be computed by evaluating how close each
trajectory takes vehiclé/; to its goal G;. In the evaluation

of the pairwise payoffs we must also express whether two
trajectories are compatible or not:

fi(pi(dt), p;(dt)) = —oco if

Fig. 7. A simple coordination graph, the action sétg, A2, A3, the atomic (o (t 4+ dt (dt (i (t+ dt (dt 8
and pairwise payoffsf, f2, f3, f12, fo3 and the global utility functior mi(wi(t+ di), pi(dt)) 7 mj(; (E + di), p; (dt)) ®)

ay;| 45 -oo -co

f 3 ~
1 fa~o_ _-7 ay|-0 36 72

7
az| 62 110 -0 5
2
2

u(a1,22,33) =f1 +f, +f3 +f1o +f23

where p; € P; and p; € P;. If the two plansp; and

p; are compatible then the pairwise payoff can be assigned
safety conditions, however, do not depend on the priodtize. positive value that depends on other properties that have
scheme. They allow the implementation of message-passiogbe optimized. Consequently, it is necessary before the
protocols for distributed constraint optimization. Theoco coordination step of neighboring vehicles to exchange the

dination problem can be modeled with coordination grapkets of candidate plans so as to compute the pairwise payoff
[37] and can be solved with distributed message passifighctions.

algorithms based obelief propagatiorf40], such as thenax-  The pairwise payoffs can be computed in a distributed
plus algorithm [41]. In this section, we describe an approachay that balances the burden among vehicles. Each vehicle
that employs these abstractions. computes one row for every pairwise payoff matrix that it

In the formalization of coordination graphs, we assume ws involved in, in a cyclic order. Then each vehicle transmit
haven agents, and each agenthas to select an actiom; this row to its neighbors. In the computation gf if i < j
out of a finite action set4;. Generally the goal is to find theni computes rows-;,r,... andj computes in reverse
the optimal action vecta* = (af, ..., a;,) that maximizes a r,,,;, "maz—1,. - ., Uuntil the whole array is completed. In this
global utility functionu(a). The utility has a structure capturedway, a vehicle that has many neighbors is not overwhelmed
by a coordination grapb’'G = (V, E). On every node o€G  and its computational overhead is outsourced to neighbitins w
we define a functiory;(a;) called atomic payoff An atomic a smaller number of payoff matrices to compute.
payoff describes how well each action serves the goal of tp/le . lqorith
agent corresponding to that node. On the edgesf CG we essage-Passing Algorithm
definepairwise payofffunctions f;;(a;, a;) that indicate how ~ We describe here how the new message-passing approach
good for the team are pairs of actions of interacting agerfi@n satisfy the safety conditions in a distributed way. The
(see Fig. 7 for an example). The global utility is assumed ggorithm is provided in pseudo-code in Algorithm 3.
depend only on the unary and pairwise payoff functions asAs in the priority-based algorithm, each vehidie must

follows: be aware of the contingency plans of neighboring vehigles
at statex(t + dt). This information is communicated at the
u(@) = Z filas) + Z Fijlai, a;) beglnnlng of each _cycle betw_ee_n neighbors and the sampling-
Z e, B(CG) based, kinodynamic planner is invoked to constructfiree.

Next, the set of candidate plaf’ is constructed from¥'ree.
Max-plus is a distributed message passing algorithm thagr each plan in this set, the corresponding contingency
attempts to compute an optimal action vector using onlyllocg attached to it and the unary payoff(p;) is evaluated.
computations and communication for every agent. While thghen, neighboring vehicles exchange their candidate @ads
algorithm is running, each agenthooses a neighboring agentompute pairwise payoffs. Instead of using the simple form
j onCG, collects and adds all incoming messages from othgf compatibility as in Eq. 8, however, we must use Eq. 6,
agents in its neighborhood, and sends a new messagthtd \which takes into account the concatenation with contingenc
is computed by the following formula: plans. Given the definition of unary and pairwise payoffs
the asynchronous message-passing protocol is initiated an
mij(a;) = max{fi(a:) + fijai a5) + Z _m’”} ™) the ver{icles start exchanggngpmess%gpes. When the algorithm
REN (@), runs out of time, each vehicle transmits to its neighborg the
At any time during the execution, the agents can computefipal action selections. Max-plus is incomplete, so if two
marginal function g;(a;) = fi(a;) + ZkeN(i) my;. Maximiz- neighboring vehicles have selected incompatible trajexto
ing g; provides the best possible actiaf) for agent: with then one of the two vehicles switches to the contingency.plan
respect to messages from other agen{s,...,a!) is an This is a very fast adjustment step, which guarantees tleat th
approximation to the optimat. third condition is always satisfied. In the experimentsisact



Algorithm 3 SAFE AND DISTRIBUTED REPLANNING

Identify set of neighborsv;

(Exchange conti ngenci es)
forall j € N; do
Send contingency; (co) to V;
Receive contingency,(co) from V;

(Pl anni ng: satisfies conditions 1, 2)
Tree «— Retain valid subset df'ree from previous cycle
while (time < PlanningBudget) do
{
Select a state:(¢') on the existingl'ree
Select valid plamp(dt’)
Propagate trajectory(x(t), p(dt’)
if ((w(w(z(t),p(dt"),v(c0)))) is notcollision-free) then
Rejectn
else
for all j € N; and whilewr not rejecteddo
it (m(x(t), pldt’)) # m;(z;(tn), 7;(20)) ) then
Rejectn

}

(Eval uat e and exchange candi dat e pl ans)
P; «— plans of durationdt from T'ree
for all p; € P; do
{
Attach contingency plar;(co) to p;(dt)
Evaluate unary payoff;(p;) for p; € P; givenG;
}
forall j € N; do
{
Send setP; to V;
Receive se®; from V;
(Take Cond. 3 into account)
for all p; € P; do
for all p; € P; do
if () (i (i(tn), pi(dt)), 7i(00)) =
i (75((tn), pj(dt)), v (c0)) then
Compute payofff;;(p;,p;) given the goalss;, G,
else
fij(pi,p;) = —o0

}

( Coor di nati on)
Enter into asynchronous message-passing to optimize:
w(p) = 32 filpi) + e, epca) fii (Pi i)
Stop protocol before time + dt
Select plarp; that maximizedu(p)
for all j € N; do

if (p; incompatible withp;) then

Select contingency; as the next action

Y
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Fig. 8. Two snapshots of 16 vehicles exploring the labyriativironment,
while retaining a vehicular network.

we show that max-plus has to resort to the contingency plan
less often than the more traditional priority-based scleeme
The secondary goal is to find among the safe solutions
one that maximizes the global utility, within the allocated
amount of time. Because the algorithm does not monotowicall
increase the global utility, it must periodically computend
keep track of the action vector that produced the maximum
value. However, no single agent has all the available inferm
tion to computeu. In order to achieve an efficient, distributed
computation of the utility we use a minimum spanning tree
of CG. We use again distributed protocols for computing
minimum spanning trees on graphs using local information
such as the distance between agents [46]. Given the minimum
spanning tree structure, an arbitrary vehicle acting asoa ro
of the tree initiates the process:
Down passThe root transmits a signal to compuie Each
node passes the signal down the tree.

Up passEach node:
1) Collects partial payoff values and actions from children

2) Maximizes marginal; and chooses best actian.
3) Adds its contribution to the global payadif

4) Sends new partial payoff and actions to its parent.
Down pass The root adds up all partial payoffs so as to

compute and maximize. The optimal value of.* and actions
a* are transmitted down the tree.

This computation is fast since the utility computation mes-
sages can be interleaved with normal max-plus messages
[41].

VIl. EXPERIMENTAL RESULTS

Setup: We tested our algorithm on a distributed simulator that
we developed and ran on an XD1 Cray cluster. The planner for
each vehicle is running on a different processor and operate
under time limitations imposed by a server that simulates
ground truth. All data exchange is done via simple send and
receive messages using sockets.

The simulated vehicular networks have been tested in three
different environmentsRoomsand Randomare seen in Fig.

Car-Like
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Fig. 10. The state update equations for the car-like vehieled scenes
“rooms” and “random”.

PARSENS D
Il
o o”n




40L
H..

H.
u,
L

Fig. 9. Snapshots from an experiment in scene “labyrinttth\@ vehicles, communication range at 25% of the scene widthsgnsing range at 15%.

Cond1 Cond1 & Cond2 Cond1 & Cond3 All Conditionss
Nr Vehicles | 157 failure (sec) | success %| 1° failure (sec)| success %| 1°7 failure(sec)| success %| 1°¢ failure(sec) | success %
2 287.10 10% 293.25 37.37T% 113.10 0% N/A 100%
4 21.00 0% 141.07 12.00% 21.53 0% N/A 100%
8 3.67 0% 24.16 0% 431 0% N/A 100%
16 3.00 0% 23.10 0% 3.00 0% N/A 100%
TABLE |

PROBABILITY THAT NETWORKS OF CAR-LIKE VEHICLES SUCCEED TO EXPLORE WHEN DIFFERENT SAFETY CONDIONS ARE MET.

900 = 1200,

10. The first represents a structured environment with r

. i ] G .Handnﬂ .Random
and corridors, while the second is an unstructured envé ;. W 1000 .
ment. Labyrinth (Fig. 8) is a difficult scene that contais e [ ey &00 [ Juasyint

500

multiple narrow passages. Two types of vehicles have £
tested, car-like robots, for which the dynamic equatiores «w
shown in Fig. 10, and differential drive robots with boung» -
acceleration. The car-like robots obey velocity boungg|:<
3.5m/s, and acceleration bounda: < 0.8m?/s as well a.
steering boundsls| < 1deg/m, |t| < 4deg/s. Vehicles have _ . _

L. . L . .Fig. 12. Scalability results for three scenes: Random, Rodmbyrinth.
limited sensing and communication ranges. For contin@sNCi| et pp robots, Right: Car-Like robot

deacceleration maneuvers were used. The framework allows

for plugging in other types of dynamics and contingencies.

We present here results from an application that combinesnnectivity occurs. The problem is so constrained for ipigit
many of the constraints we are interested in testing oughicles, that often collisions cannot be avoided alredicyes
algorithm. The vehicles have to solve a coordinated explthe 2nd replanning loop. The results are averaged out)of
ration task while retaining a network and avoiding colligo runs and are shown in columns labeledure. If either one
They are initially located at the bottom left corner of thef the two conditions is absent, the vehicles will collide.
environment, close one to another, but at collision-fre¢est When all conditions are enabled, then as expected, them is n
forming a network with a single component. During eactailure. The columns labelesuccessmeasure the percentage
replanning cycle a simulated model builder and a task plannsf successful exploration of the whole space without doltis.
transmit to the vehicles the updated map and set of goals. The we see, for small teams &f or 4 vehicles, there were
goals correspond to frontiers of the unexplored space amd some cases where the vehicles completed the task without
assigned greedily so that large frontiers which are close d@e or both of the conditions. This is to be expected since the
vehicles are being considered first. Experiments with up2to 3hances of an encounter are lower for such small teams.
vehicles have been conducted. Contingency Plans:One important advantage of the max-plus

We compare the max-plus algorithm against a simpler pricgorithm is that it avoids the use of priorities in coordioa.
itized scheme described in more detail in [34]. In that saliemin priority-based schemes, lower priority vehicles arerlyve
the vehicles have unique global priorities. The planniepss constrained by the choices of higher priority agents. This
the same as here. For the plan selection, each vehicle esceinay lead to frequent selection of contingency plans. We have
the choices of higher priority vehicles and then tries toad® experimented in scendsabyrinth and Roomsfor networks
its own plan so that it is compatible with higher prioritywith 16 and 32 vehicles. Table Il presents the number of
neighbors. If no such plan exists, the vehicle chooses ttimes contingencies were selected using the simple pgedit
contingency plan. Finally, each vehicle transmits itsci@@& scheme and max-plus. F@2 vehicles, max-plus chooses
to its lower priority neighbors. contingency plans considerably fewer times. Additionale
Feasibility: Table | exhibits the importance of the safetyesults from the prioritized scheme have higher variation
conditions in decoupled replanning. We measure the time fietween different scenes and team sizes, while max-plus is
seconds), that the vehicles can move without colliding witimuch more consistent.
each other when Cond. 2 and/or 3 (those necessary for satmlability: The scalability properties of the algorithm are
multi-vehicle planning) are relaxed. The numbers reportgulesented in Fig. 12, which provides the average running
show the time at which the first collision or loss of networkimes (10 runs per case) to complete exploration in the three
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Fig. 11. Average activity profile during a cycle (left) andpdaedence on (from second to forthYCLE DURATI ON, PLAN_TI ME, and maximum
communication range.

scenes for car-like and DD vehicles. Increasing teams siz@mmunication network. The algorithm has been implemented
from 2 to 16 results in 5 to 6 times faster exploration. Thisn a distributed simulator and the results on vehicles with
is a very encouraging result given that the simulated systemcceleration constraints confirm the safety propertieshef t
are very constrained, both due to network and kinodynamapproach in a workspace exploration application. A compar-
constraints. Moreover, there is no significant variatiorthia ison over priority-based schemes shows that the distbute
performance of the algorithm when applied to systems witirotocol offers improved scalability.

different dynamics. There are many possible ways to extend this work. The
Performance and Parameter DependenceFig. 11(left) proposed method allows for plugging in other types of dy-
shows the average activity profile of a vehicle during eacramic constraints and can also be integrated with highet-le
cycle. The algorithm utilizes most of the replanning cyale iapproaches for distributed task assignment and distdbute
useful computations but the payoff computation takes upstate estimation. Furthermore, the presented results these
non-trivial amount of time. In the selection step, max-ploes achieved in simulation and it would be interesting to see how
not let the processor idle, and in most cases is able to find the proposed algorithm behaves on real systems. Two impor-
optimal or near optimal solution. The latter is confirmed btant points that have to be addressed in order for the approac
the second figure where we see the probability of executitybe implemented on real vehicles are the effects of sensing
contingency plans as a function of the portion of the plagnirand action uncertainty as well as of limited communication
cycle allocated to the motion plannePL(AN- TI ME). This reliability in the robustness of the technique. Finally,ilehhe
probability is very low (.7 — 1.5%). Moreover, there is an distributed message-passing protocol has been shownl® sca
optimum value at around5%. For smallPLAN- TI ME, the well up to teams of 32 simulated vehicles, there are certain
planner has little time to produce enough plans, while faoncerns that arise about the scalability of the approach to
larger ones max-plus has not enough time to make a selectémen bigger teams. For example, computing the spannieg-tre
and the contingency is selected for safety reasons. Theé thif the communication graph might be a bottleneck for large
figure shows that increasing the duration of the plannindecyoehicular networks.

can result in performance deterioration. The last figurevsho
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