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MULTI-A GENT MODEL PREDICTIVE CONTROL FOR
TRANSPORTATION NETWORKS:

SERIAL VERSUSPARALLEL SCHEMES
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� Delft Centerfor SystemsandControl,
Delft Universityof Technology, Delft, TheNetherlands
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Abstract:We considerthecontrolof large-scaletransportationnetworks,like roadtraf�c
networks, power distribution networks, waterdistribution networks, etc. For control of
thesenetworks,we proposea multi-agentcontrol schemein which eachagentemploys
ModelPredictiveControl.In orderto obtaincoordinationandto improvedecisionmaking
agentscommunicatewith eachother. Wecomparetwo Lagrangian-basedcommunication
anddecisionmakingschemes.Oneschemeis basedon serialiterationsbetweenagents,
while theotheris basedonparalleliterations.Theschemesareexplainedtheoreticallyand
assessedexperimentallyby meansof simulationson a particulartype of transportation
network, viz., a power distribution network. Theserialschemeshows to have preferable
propertiescomparedto the parallel schemein terms of solution speedand quality.
Copyright c
 2006IFAC
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1. INTRODUCTION

Transportationnetworks, like road traf�c networks,
power distribution networks, water distribution net-
works, gas networks, etc. are usually large in size,
consistof multiple subnetworks,have many actuators
and sensors,and thereforeshow complex dynamics.
Thesetransportationnetworkscanbeconsideredat a
genericlevel, at which commodityis broughtinto the
network at sources,�o ws over links to sinks,and is
in�uenced in its way of �o wing by elementsinside
thenetwork. Thesimilaritiesbetweenseveraltypesof
transportationnetworks arethe motivation for study-
ing thesenetworksin a genericway. Resultsobtained
for generictransportationnetworks can thenbe spe-
cializedand�ne-tunedfor speci�c domains.

Typical control goals for transportationnetworks
involve avoiding congestionof links, maximizing

1 Correspondingauthor, e-mail:r.r.negenborn@tudelft.nl

throughput,minimizing costsof control actions,etc.
In thedaily operationof transportationnetworks,net-
work operatorshave to adjusttheactuatorsin thenet-
work to meetthesecontrol objectives.Control from
a single point by a single,centralized,control agent
is often not possibledue to technicalor commercial
issues.Technicalissuesarisefrom, e.g.,communica-
tion delaysandtoo high computationalrequirements.
Somecommercialissuesare, e.g., unavailability of
informationfrom onenetwork operatorto another, re-
strictedcontrolaccess,andcostsof sensors.Also, ro-
bustnessandreliability of thenetwork cannotbeguar-
anteedwhenthesinglecontrolagentbreaksdown.

For thesereasons,large-scaletransportationnetworks
haveto beoperatedusingamulti-agent,or distributed,
control approach(Siljak, 1991).In suchan approach
theoverallnetwork is consideredasconsistingof mul-
tiple smallersubnetworks.Eachof thesubnetworksis
controlledby an agentwith only limited information



gatheringandprocessingskills andmoreover limited
actioncapabilities.

To determinewhich actionsto take, we proposethe
useof multi-agentModel Predictive Control (MPC).
In a single-agentsetting,MPC has shown success-
ful applicationin the processindustry over the last
decades(Maciejowski, 2002;Morari andLee,1999),
andis now gaining increasingattentionin �elds like
power networks (Hineset al., 2005),roadtraf�c net-
works(Hegyi et al., 2005),andrailway networks(De
Schutteret al., 2002).Two main advantagesof MPC
are its explicit way of integratingconstraintsand its
easyway of integratingforecasts.E.g.,for transporta-
tion networks MPC providesa convenientway to in-
clude capacitylimits on links, maximumson queue
lengths,measurementsfrom upstreamsensors,and
pro�les of demands.

In ourmulti-agentsettingweassumethatthenetwork
has been divided into subnetworks, and that each
subnetwork hasbeenassignedan agent.Eachof the
agentsusesMPC to determineits actions.Eachagent
performsthefollowing steps:

(1) Make a measurementof the currentstateof the
subnetwork, and interpret information received
from otheragents.

(2) Solve an optimizationproblemthat �nds over a
certainhorizontheactionsthat resultin thebest
subnetwork behavior accordingto aspeci�edob-
jective.This typically involvescommunication.

(3) Implementthefoundactionsuntil thenext step.
(4) Move on to thenext decisionstep.

Thechallengein implementingsucha schemecomes
from step2, sincetheotherstepsaretrivial oncestep
2 is solved.The actionsthat an agenttakesin�uence
boththeevolutionof its own subnetwork, andtheevo-
lution of thesubnetworksconnectedto its subnetwork.
Sincetheagentsin a multi-agentsettingusuallyhave
no global overview and can only accessa relatively
smallnumberof sensorsandactuators,predictingthe
evolution of a subnetwork over a horizon involves
evenmoreuncertaintythanwhenasingleagentis em-
ployed. Communicationcan reducethis uncertainty,
since it allows agentsto inform one anotherabout
their plans (Camponogara et al., 2002; Dunbarand
Murray, 2002).Theagentscanthentake into account
theseplansand anticipateany undesirablesituation.
Moreover, throughcommunicationagentscanobtain
agreementon takingactionsthatgivebothlocally and
overall goodperformance.

We discusstwo schemesfor obtainingagreementbe-
tweenagents:the �rst involving serial iterationsbe-
tweenagents,thesecondinvolving paralleliterations.
To make a well-foundedchoicefor eithera serialor
a parallel scheme,it is important to comparethese
schemes.To theauthors'bestknowledge,suchacom-
parisonhasnotbeenmadebeforein thecontext of ob-
taining agreementbetweenagents.Although the par-
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Fig. 1. Eachsubnetwork modelhasa setof variables.
Internetwork variablesform interconnectingcon-
straintsbetweenvariablesof two subnetwork.

allel schemeis morefrequentlyusedin literature,in
our experimentstheserialapproachshows preferable
propertiesin termsof solutionspeedandquality. The
restof this paperis organizedasfollows. In Section2
we formalizethe setupof the transportationnetwork
and the control problem. In Section3 we give the
underlyingprincipleof theschemeswe consider, and
presentthe implementationof the two schemes.In
Section4weexperimentallyassesstheperformanceof
bothschemesonaparticulartransportationnetwork.

2. CONTROL SETTING

2.1 GenericTransportationNetworkModel

We considera transportationnetwork partitionedinto
n subnetworks, eachcontrolled by a control agent
that hasa modelof its subnetwork. Subnetworks are
physically connectedto eachother. The interconnec-
tions aremodeledusingso-calledinternetworkvari-
ables. A variableof the modelof subnetwork i is an
internetwork variable with respectto the model of
subnetwork j if it correspondsto a variable in the
modelof thatsubnetwork j . We distinguishtwo types
of internetworkvariables:internetwork inputvariables
and internetwork output variables.On one side, the
model of subnetwork i containsan internetwork in-
put variablewj i

in;k that representsthe input causedby
subnetwork j on the stateof subnetwork i at time
stepk. On the otherhand,the modelof subnetwork
j containsan internetwork outputvariablewij

out;k that
representsthein�uence thatsubnetwork j hasonsub-
network i . Sincetheinternetwork input to subnetwork
i from j mustbeequalto theinternetwork outputfrom
subnetwork j to i , the interconnectingconstraintsfor
subnetwork i are:

wj i
in;k = wij

out;k ; wj i
out;k = wij

in;k ;

for all j 2 N i , where N i = f j 1; : : : ; j m i g is the
set of indexes of the m i subnetworks connectedto
subnetwork i , asillustratedin Fig. 1.

Wemodelthedynamicsof subnetwork i by adiscrete-
timedifferenceequation:

x i
k+1 = f i (x i

k ; ui
k ; di

k ; wi
in;k ) (1)



wj i
out;k = C j i [(x i

k )T (ui
k )T (di

k )T ]T ; (2)

for all j 2 N i , whereat timestepk, for subnetwork i ,
x i

k arethedynamicstates,ui
k aretheinputs,di

k arethe

local disturbances,wi
in;k = [(wj 1 i

in;k )T � � � (w
j m i i
in;k )T ]T

aretheinternetwork inputvariables,andwj i
out;k arethe

internetwork outputvariables.The function f i repre-
sentsthedynamicstatetransitions,andthematrixC j i

is of appropriatedimensionsand contains0 entries
on eachrow, exceptfor a single1 correspondingto a
variablethat is an internetwork outputof subnetwork
i with respectto subnetwork j . Thoseelementsof
[(x i

k )T (ui
k )T (di

k )T ]T that arenot alsointernetwork
outputvariablearecalledlocal variableszi

k of agenti ,
Theremainingvariables,i.e.,wj i

in;k andwj i
out;k together,

arecalledinternetworkvariableswj i
k of agenti .

2.2 DistributedControl Problem

All agentshave to determineinputsui
k to their actua-

tors that give the bestlocal andoverall performance.
In MPC, the agentsdo this by determiningover a
horizon of N stepsoptimal inputs accordingto an
objective function J i

z (~zi
k ), wherethe symbol ~ over

a variable indicatesvariablesover the horizon, e.g.,
~zi

k = [(zi
k )T : : : (zi

k+ N � 1)T ]T . We formulate the
overall controlproblemas:

min
~z1

k ; ~w 1
k ;:::; ~zn

k ; ~w n
k

nX

i =1

�
J i

z (~zi
k )

�
(3)

subjectto:

~wj i
in;k = ~wij

out;k for i = 1; : : : ; n; andj 2 N i (4)

~wij
in;k = ~wj i

out;k for i = 1; : : : ; n; andj 2 N i ; (5)

andthedynamicsof thesubnetworks(1)–(2) over the
horizon,where ~wi

k = [( ~wj 1 i
k )T � � � ( ~w

j m i i
k )T ]T .

The overall control problem(3) is not separableinto
subproblemsusing only local variables ~zi

k and in-
ternetwork variables ~wi

k of one agent i alone due
to the interconnectingconstraints(4)–(5). Using an
augmentedLagrangianformulation of the problem
(BertsekasandTsitsiklis,1997),weremovetheequal-
ity constraintsby addingfor eachconstraintan addi-
tionalcosttermto theobjective functionof eachagent
basedon Lagrangianmultipliers (Boyd andVanden-
berghe,2004),anda quadraticterminvolving thedif-
ferencebetweeninternetwork input andinternetwork
output variablesbetweentwo subnetworks. Through
iterationsof solvinganoptimizationproblemanddo-
ing a Lagrangianmultiplier update,a solutionto the
originalproblemmaybefound.Denotingby subscript
sjk a variable at iteration s of decisionstep k, the
following stepsaremade:

(1) Find ~z1
s+1 jk ; ~w1

s+1 jk ; : : : ; ~zn
s+1 jk ; ~wn

s+1 jk from:

min
~z1

k ; ~w 1
k ;:::; ~zn

k ; ~w n
k

nX

i =1

h
J i

z (~zi
k ) +

X

j 2 N i

�
(~� j i

s )T ( ~wj i
in;k � ~wij

out;k ) +
c
2






 ~wj i

in;k � ~wij
out;k








2
+

(~� ij
s )T ( ~wij

in;k � ~wj i
out;k ) +

c
2






 ~wij

in;k � ~wj i
out;k








2�i
;

(6)

subjectto thedynamicsof thesubnetworks(1)–
(2) over thehorizon.

(2) Computenew Lagrangianmultipliers,

~� j i
s+1 = ~� j i

s + c( ~~wj i
in;s+1 jk � ~wij

out;s+1 jk ) (7)

~� ij
s+1 = ~� ij

s + c( ~wij
in;s+1 jk � ~wj i

out;s+1 jk ): (8)

(3) Moveonto thenext iterations+ 1 andrepeatthe
cycle. Stopwhenthe Lagrangianmultipliers do
not changeanymore.

The constantc is a positive scalar (see Section 3
for more details). The Lagrangianmultipliers ~� j i

s

and~� ij
s canbeinitialized arbitrarily. Underconvexity

assumptionsontheobjectivefunctionsandconstraints
it canbeprovedthatwhentheLagrangianmultipliers
donot changeanymorefrom oneiterationto thenext,
a local minimum of the original problem has been
found(BertsekasandTsitsiklis,1997).

Althoughthenew formulationdoesnothavetheinter-
connectingconstraintsexplicitly, dueto thequadratic
terms in (6) the overall problem is still not separa-
ble. Theschemeswe discussnext transformthenon-
separableprobleminto a sequenceof separableprob-
lemsof theform:

min
~z i

k ; ~w i
k

J i
z (~zi

k ) +
X

j 2 N i

J i
w ( ~wj i

k ); (9)

subjectto thedynamicsof thesubnetwork (1)–(2)over
the horizon,wherethe additionalcost term J i

w ( ~wj i
k )

dealswith theinternetwork variables.

3. SERIAL VERSUSPARALLEL SCHEME

Thetwo schemesthatweintroducehavethefollowing
intuitive motivation.Sincethe evolution of a subnet-
work is in�uenced by neighboringsubnetworks, the
actionsthatanagentcomputesarebestwith respectto
thepredictedinternetwork inputvariables~wj i

in;k for all
j 2 N i . To reducetheuncertaintyin thepredictionsof
theinternetwork inputvariablesagenti hasto cometo
anagreementwith theagentsj 2 N i on thevaluesof
their internetwork outputvariables~wij

out;k . Theagents
obtain agreementthrough iterationsthat inform the
agentsabouthow the otheragentsprefer their inter-
network inputsto be.To obtainagreement,anagenti
doesnot only computeoptimal local variablesfor its
own subnetwork, but alsooptimal internetwork input
variables ~wj i

in;k . Moreover, the other agentsj 2 N i

computeboth their optimal local variablesand op-
timal internetwork output variables ~wij

out;k . Through
exchangeof theseoptimal internetwork variables,the
valuesof the internetwork outputandinput variables
have to converge to eachother, and a set of actions



time

agent 2
agent 1

agent 2

agent 1

b)

a)

Fig. 2. Consideredcommunicationschemesbetween
two agents. Arrows indicate information ex-
change.Dotted lines are actions being imple-
mented.Horizontal lines areoptimizationprob-
lemsbeingsolved.a)Serial;b) Parallel.

that is (perhapslocally) optimal for all agentshasto
befound.

We considertwo schemesthat implementthe above
ideas,seeFig. 2, but thatdiffer in the timesat which
the agentssolve their problems:they either do this
afterserialiterations,or afterparalleliterations.

3.1 SerialImplementation

The serial implementationis the result of using a
Block Coordinate Descent(Bertsekasand Tsitsiklis,
1997;Royo, 2001)for dealingwith thenon-separable
quadraticterm of (6). The approachminimizes the
quadratictermdirectly, in aserialway. Oneagentafter
anotherminimizesits localandinternetwork variables
while theothervariablesare�x ed.

Given the information ~wij
prev;k = ~wij

s+1 jk computed
at the current iteration s for each agent j 2 N i

that has solved its problem before agent i in the
currentiterations, andgiventhepreviousinformation
~wij

prev;k = ~wij
sjk of thelast iterations � 1 for theother

agents,agenti solvesproblem(9) usingthefollowing
additionalobjective function:

J i
w ( ~wj i

k ) =
h
(~� j i

s )T (� ~� ij
s )T

i
"

~wj i
in;k

~wj i
out;k

#

+
c
2












�
I 0
0 I

� "
~wij

in, prev;k

~wij
out,prev;k

#

�
�
0 I
I 0

� "
~wj i

in;k

~wj i
out;k

# 










2

:

The serial implementationconsistsof the following
steps.At decisionstepk, iterations:

(1) For i = 1; : : : ; n, oneagentafteranother:
(a) Agent i determines~zi

s+1 jk ; ~wj i
s+1 jk by solv-

ing (9).
(b) Agenti sendsto agentj 2 N i thecomputed

values~wj i
s+1 jk .

(2) After all agentshavesolvedtheirproblemsatone
iteration,they updatetheir Lagrangianmultipli-
ersusing(7)–(8).

(3) Eachagentmoves to the next iteration s + 1,
andthe cycle startsover, unlessthe Lagrangian
multipliersdonotchangeanymore.

Thepositive scalarc penalizesthedeviation from the
internetwork variableiteratesthat werecomputedby

theotheragentsbeforeagenti or duringthelastdeci-
sion step.This makesthat the internetwork variables
thatagenti computesat thecurrentiterationwill stay
close to the internetwork variablesof agentj com-
putedearlier if c is chosenlarger. With c increasing,
it becomesmore expensive for an agent to deviate
from the internetwork-variable valuescomputedby
the otheragents.This resultsin a fasterconvergence
of theinternetwork variablesto valuesthatsatisfythe
interconnectingconstraints.However, it maystill take
someiterationsto obtainoptimal valuesfor the local
variables.In particular, a higherc resultsin a higher
numberof iterationsbeforereachingoptimality.

3.2 Parallel Implementation

Theparallelimplementationis theresultof theAuxil-
iary ProblemPrinciple(BatutandRenaud,1992;Kim
andBaldick,1997;Royo, 2001)of approximatingthe
non-separablequadraticterm in the augmentedLa-
grangian(6) with a separableterm. In the parallel
scheme,the agentsdo not wait for eachother, but
insteadperformaseriesof paralleliterationsin which
all agentsarecomputingat thesametime.

Given the previous information ~wij
prev;k = ~wij

sjk , and

~wj i
prev;k = ~wj i

sjk of the agentsj 2 N i of the last
iteration s � 1, agenti solvesproblem(9) usingthe
following additionalobjective function term for the
interconnectingconstraints:

J i
w ( ~wj i

k ) =
h
(~� j i

s )T (� ~� ij
s )T

i
"

~wj i
in;k

~wj i
out;k

#

+
c
2












�
I 0
0 I

� "
~wij

in,prev;k

~wij
out,prev;k

#

�
�
0 I
I 0

� "
~wj i

in;k

~wj i
out;k

# 










2

+
b� c

2












"
~wj i

in;k

~wj i
out;k

#

�

"
~wj i

in,prev;k

~wj i
out,prev;k

# 










2

:

Thus,this schemeusesinformationcomputedduring
the last iteration s � 1 only, contrarily to the serial
scheme.

The parallel implementationthenconsistsof the fol-
lowing steps.At decisionstepk, iterations:

(1) For all agentsi 2 f 1; : : : ; ng, at thesame:
(a) Agenti solvestheproblem(9) to determine

~zi
s+1 jk and ~wj i

s+1 jk for all j 2 N i .
(b) Agent i sendsto agentj thecomputedval-

ues ~wj i
s+1 jk for all j 2 N i .

(2) After all agentshave �nished solvingtheir prob-
lem,they updatetheirLagrangianmultipliersus-
ing (7)–(8)andthereceivedinformation.

(3) Eachagentmoves to the next iteration s + 1,
andthe cycle startsover, unlessthe Lagrangian
multipliersdonot changeanymore.

The role of the scalarc is the sameas before.As
additionalparameterthisschemeusesapositivescalar
b. If b = c weobtainthesameadditionalcostfunction
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asin theserialscheme,but now basedon information
from the previous iterationalone.If b > c, then the
termpenalizesthedeviationbetweentheinternetwork
variablesof thecurrentiterationandthe internetwork
variablesof the last iterationof agenti ; it thusgives
the agent less incentive to changeits internetwork
variablesfrom oneiterationto thenext. Whenb � 2c,
and moreover the overall problem is convex, it can
be proved that the iterationsconverge to the overall
minimum (Bertsekasand Tsitsiklis, 1997; Kim and
Baldick,1997).In thefollowing, wesetb = 2c.

4. EXPERIMENTS

We experimentwith the two schemeson a so-called
load-frequencycontrol problemfrom the domainof
powernetworks,whichinvolveskeepingpowergener-
ationequalto powerconsumptionunderconsumption
disturbances.We considera network dividedinto two
subnetworks, eachcontrolledby a control agent,see
Fig. 3. Eachagenthasto keeptheso-calledfrequency
deviation within its subnetwork close to zero under
minimal controlinputaccessingonly local variables.

Each subnetwork i 2 f 1; 2g has as control input
the power generation,ui

k = [� P i
g;k ], and as local

disturbancethe power consumption,di
k = [� P i

d;k ].
The stateof subnetwork i is x i

k = [� � i
k ; � f i

k ]T ,
where� � i

k is theangledeviation and� f i
k is the fre-

quency deviation. To keep� f i
k closeto zero,gener-

ation shouldequalconsumptionand export over the
interconnectingline. Thepowerexportedover theline
from subnetwork i to j is proportionalto � � i � � � j .
Therefore,for subnetwork i , we have internetwork
input variablewj i

in;k = [� � j
k ], andinternetwork output

variablewj i
out;k = [� � i

k ]. The modelof subnetwork i
is a linearizeddiscrete-timestate-spacemodel.This
model is a Euler approximation(with a step-sizeof
� = 1 s) of the continuous-timemodeldescribedin
(Camponogaraetal., 2002),andcanbewrittenas:

x i
k+1 = A i x i

k + B i
1ui

k + B i
2di

k + B i
3wi

in;k

wj i
out;k = C j i [(x i

k )T (ui
k )T (di

k )T ]T ;

togetherwith interconnectingconstraints(4)–(5), where

serialscheme parallelscheme
# � time # � time

c iterat. costs sec. iterat. costs sec.
0.1 21 0.0004 < 1 26 0.0004 < 1
10 150 0.0005 1 467 0.0005 4
50 597 0.0005 5 1793 0.0008 15

100 1079 0.0005 9 3130 0.0013 26
200 1934 0.0006 16 5358 0.0030 45
300 2707 0.0007 23 7250 0.0053 61

Table 1. For serial and parallel schemes,
for varying c, the numberof iterationsre-
quired,additionalcostsof found solution,

andtotal time in secondsrequired.

A i =

2

4
1 � 2�

�
� K P i K Sij

2� TP i
1 � �

1
TP i

3

5 B i
1 =

2

4
0

�
K P i

TP i

3

5

B i
2 =

2

4
0

� �
K P i

TP i

3

5 B i
3 =

2

4
0

�
K P i K Sij

2� TP i

3

5 ;

and C j i = [1 0 0 0], K P 1 = 1125, K P 2 = 120,
K S12 = K S21 = 0:5, TP 1 = 25, TP 2 = 20.

Agent i usesthefollowing local objective functionto
minimizefrequency deviationandcontrolinput:

J i
z (~zi

k ) =
N � 1X

p=0

qi
� f (� f i

k+ p+1 )2 + qi
� Pg

(� P i
g;k + p)2;

whereqi
� f = 100andqi

� Pg
= 10areweightfactors.

In thesimulationsthetwo subnetworksarein steady-
state,until aconsumptiondisturbanceof � P 2

d;k = 0:5
occursin subnetwork 2. At that time the dynamics
of the two subnetworks becomehighly dependenton
one another, and the agentscannotmake adequate
predictionson theevolutionof theirown subnetworks
without communication.We consideroneagreement
making stepbetweenthe agents,right after the dis-
turbancehastaken place.The agentshave to obtain
agreementon the valuesof their internetwork vari-
ables,i.e.,� � 1 and� � 2 overthehorizon.Wecompare
the solutionquality of the serialandparallelscheme
with a centralizedscheme,andmoreover examinethe
in�uence of thec parameter.

The third and sixth columns of Table 1 show for
theserialandparallelschemethedifferencebetween
the optimal costsof the distributed schemeand the
centralizedscheme.Since the optimizationproblem
turnsout to beconvex, theintroducedmethodsshould
convergeto theoptimalsolution.Thetableshows that
this is indeed the case,although the solutions that
bothschemes�nd have increasinglyhighercoststhan
thecentralizedoptimal solutionfor increasingc. The
serialschemeshows muchslower deviation from the
optimalcostthantheparallelscheme.

Fig. 4 shows the convergenceof the differencebe-
tweentwo internetwork variablesin oneof the inter-
connectingconstraintsundervarying c. We seethat
whenthevalueof c increases,thedifferenceconverges
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to zero fasterfor both the serialand the parallelap-
proach.This is becausewith higherc theinternetwork
variablesarepushedmoreto attainequalvalues.This
meansthattheinterconnectingconstraintsaresatis�ed
afterfewer iterationswith higherc.

However, simply having satis�ed the interconnecting
constraintsdoesnot imply that the valuescomputed
for the local variablesareoptimal undertheseinter-
network variables.Even wheninternetwork variables
have beenfound thatsatisfythe interconnectingcon-
straints,someiterationswill be necessaryto �nd the
optimal local variables.Thesecondand�fth columns
in Table1 show the numberof iterationsrequiredto
come to optimality. We observe that the serial ap-
proachrequiresfewer iterationsthanthe parallelap-
proachunder any c. Also in terms of seconds,the
serialapproachoutperformstheparallelapproach,as
we seein the fourth andseventhcolumnsin Table1.
Thesepreferablecharacteristicsof theserialapproach
are due to the fact that the serial approachincludes
informationfrom neighboringagentsdirectly whenit
comesavailable,insteadof from thenext iteration.

5. CONCLUSIONSAND FUTURERESEARCH

In this paperwe have consideredmulti-agentModel
Predictive Controlfor thecontrolof large-scaletrans-
portationnetworks, like roadtraf�c networks, power
distribution networks,etc.In particular, we have con-
sidereda serial and a parallel schemefor agentsto
obtainagreementon theevolutionof theinternetwork
variables.Basedon a generictransportation-network
model,wehavediscussedtheseschemestheoretically
andexperimentally.

Althoughtheparallelschemeis morefrequentlyused
throughoutthe literature,we have not found advan-
tagesthat make this schemein particularbetterthan
theserialscheme.In fact,our numericalexperiments
show that the serialschemehasmorepreferablefea-
turesin termsof solutionspeedandsolutionquality.

Futureresearchconsistsof extendingthe methodsto
situationsin which the problem of controlling the
transportationnetwork cannotbeformulatedasacon-
vex problem.In particularwewill extendthemethods
to dealwith networks modeledashybrid systemsin
whichbothcontinuousanddiscretedynamicsappear.
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