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Abstract:We considerthe control of large-scaldgransportatiometworks, like roadtraf ¢
networks, power distribution networks, water distribution networks, etc. For control of
thesenetworks, we proposea multi-agentcontrol schemean which eachagentemploys
ModelPredictive Control.In orderto obtaincoordinatiorandto improve decisionmaking
agentcommunicatevith eachother We compargwo Lagrangian-basecommunication
anddecisionmakingschemesOneschemds basedon serialiterationsbetweenagents,
while theotheris basedn paralleliterations. Theschemesreexplainedtheoreticallyand
assessee@xperimentallyby meansof simulationson a particulartype of transportation
network, viz., a power distribution network. The serialschemeshaws to have preferable
propertiescomparedto the parallel schemein terms of solution speedand quality.
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1. INTRODUCTION

Transportationnetworks, like road trafc  networks,

power distribution networks, water distribution net-

works, gas networks, etc. are usually large in size,
consistof multiple subnetwrks, have mary actuators
and sensorsand thereforeshav complex dynamics.
Thesetransportatiometworks canbe consideredat a

genericlevel, at which commodityis broughtinto the

network at sources,o ws over links to sinks,andis

in uenced in its way of o wing by elementsinside
thenetwork. Thesimilaritiesbetweerseseraltypesof

transportatiometworks are the motivation for study-

ing thesenetworksin a genericway. Resultsobtained
for generictransportatiometworks canthenbe spe-
cializedand ne-tunedfor speci c domains.

Typical control goals for transportationnetworks
involve avoiding congestionof links, maximizing
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throughput,minimizing costsof control actions,etc.
In the daily operationof transportatiometworks, net-
work operatordhave to adjustthe actuatorsn the net-
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 computationatequirements.
Some commercialissuesare, e.g., unavailability of
informationfrom onenetwork operatorto anotheyre-
strictedcontrolaccessandcostsof sensorsAlso, ro-
bustnessandreliability of thenetwork cannotbeguar
anteedvhenthe singlecontrolagentbreaksdown.

For thesereasonslarge-scaldgransportatiometworks
have to beoperatedisingamulti-agentor distributed,
control approach(Siljak, 1991).In suchan approach
theoverallnetwork is considerecsconsistingof mul-
tiple smallersubnetwarks. Eachof the subnetverksis
controlledby an agentwith only limited information



gatheringandprocessingskills and moreaover limited
actioncapabilities.

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

In our multi-agentsettingwe assumehatthe network
has been divided into subnetworks, and that each
subnetvork hasbeenassignedan agent.Eachof the
agentausesMPC to determindts actions.Eachagent
performsthefollowing steps:

(1) Make a measuremenf the currentstateof the
subnetverk, and interpretinformation receved
from otheragents.

(2) Solve anoptimizationproblemthat nds over a
certainhorizonthe actionsthatresultin the best
subnetverk behavior accordingo aspeci edob-
jective. Thistypically involvescommunication.

(3) Implementthefoundactionsuntil the next step.

(4) Move onto thenext decisionstep.

The challengein implementingsucha schemecomes
from step2, sincethe otherstepsaretrivial oncestep
2 is solved. The actionsthat an agenttakesin uence

boththeevolution of its own subnetwark, andthe evo-

lution of thesubnetwrksconnectedo its subnetvork.

Sincethe agentsn a multi-agentsettingusuallyhave

no global overview and canonly accessa relatively

smallnumberof sensorsaandactuatorspredictingthe

evolution of a subnetverk over a horizon involves
evenmoreuncertaintythanwhenasingleagentis em-
ployed. Communicationcan reducethis uncertainty
sinceit allows agentsto inform one anotherabout
their plans (Camponogra et al., 2002; Dunbarand
Murray, 2002).The agentscanthentake into account
theseplansand anticipateary undesirablesituation.
Moreover, throughcommunicatioragentscan obtain
agreemenbn takingactionsthatgive bothlocally and
overall goodperformance.

We discusswo schemedor obtainingagreemenbe-
tweenagents:ithe rst involving serialiterationsbe-
tweenagentsthe secondnvolving paralleliterations.
To make a well-foundedchoicefor eithera serial or

a parallel schemei|t is importantto comparethese
schemesTo theauthors'bestknowvledge,suchacom-
parisonhasnotbeenmadebeforein the context of ob-
taining agreemenbetweenagents Although the par
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Fig. 1. Eachsubnetwork modelhasa setof variables.
Internetvork variableorm interconnectingon-
straintsbetweernvariablesof two subnetverk.

allel schemes morefrequentlyusedin literature,in

our experimentsthe serialapproactshaws preferable
propertiesn termsof solutionspeedandquality. The

restof this paperis organizedasfollows. In Section2

we formalize the setupof the transportatiometwork

and the control problem. In Section3 we give the
underlyingprinciple of the schemesve considerand
presentthe implementationof the two schemesln

Sectiond we experimentallyassestheperformancef

bothscheme®n a particulartransportatiometwork.

2. CONTROL SETTING
2.1 GenericTransportationNetworkModel

We considera transportatiometwork partitionedinto

n subnetveorks, each controlled by a control agent
that hasa modelof its subnetvork. Subnetverks are
physically connectedo eachother The interconnec-
tions are modeledusing so-calledinternetworkvari-

ables A variableof the modelof subnetwork i is an

internetwork variable with respectto the model of

subnetverk j if it correspondgo a variablein the

modelof thatsubnetvork j . We distinguishtwo types
of internetvork variablesinternetvork inputvariables
and internetwork output variables.On one side, the

model of subnetvork i containsan internetwork in-

putvariablew! ., thatrepresentshe input causecby

subnetverk j on the stateof subnetvork i at time

stepk. On the other hand,the model of subnetvark

j containsaninternetvork outputvariablew? ., that
representshein uence thatsubnetverk j hason sub-
network i. Sincetheinternetwork inputto subnetvork

i fromj mustbeequalto theinternetwork outputfrom

subnetvork j to i, the interconnectingonstraintfor

subnetvorki are:

— ji
=W Woutk -

for all j
set of indexes of the m; subnetwrks connectedio
subnetvork i, asillustratedin Fig. 1.

We modelthedynamicsof subnetwarki by adiscrete-
time differenceequation:

Xior = F1(X Ul A Wiy ()



W = CI)T (U)T ()T (@)
forallj 2 Nj, whereattime stepk, for subnetvorki,
X| arethedynamicstatesy; aretheinputs,d, arethe
local disturbancesw!., = [(Witi)T vxﬂ,'nmkii)T]T
aretheinternetvork inputvariablesandwy, ., arethe

internetwork outputvariables The functionf ' repre-
sentsthedynamicstatetransitionsandthematrix C!'!

is of appropriatedimensionsand containsO entries
on eachrow, exceptfor asingle1 correspondindo a
variablethatis aninternetwork outputof subnetverk
i with respectto subnetwork j. Those elementsof
[(x)T (u)T (di)T]" thatarenot alsointernetwork
outputvariablearecalledlocal vanableszk of agent,

Theremainingvariablesj.e.,w, ., andw! outk together

arecalledinternetworkvariablesw)' of agent.

2.2 DistributedContmwol Problem

All agentshave to determineinputsul, to their actua-

tors that give the bestlocal and overall performance.

In MPC, the agentsdo this by determiningover a
horizon of N stepsoptimal inputs accordingto an
objective function J} (2.), wherethe symbol ~ over
a variable indicatesvariablesover the horizon, e.g.,

[(Z)T 0 (Zhen )17 We formulatethe
overall controlproblemas:
X .
min J2(#) 3
2w 2w i=1

subjectto:
Wy, =Wl fori=1L::;n andj 2Ny (4)
who=wl, fori=1:::; ;n; andj 2 Ni; (5)

outk  TOri =
andthe dynamicsof the s_u_bnetvmrks (1)-(2) overthe
horizon,wherew] = [(w}'')T (w7,

The overall control problem(3) is not separablento

subproblemsusing only local variablesz{< and in-

ternetvork variablesw) of one agenti alone due
to the interconnectingconstraints(4)—(5). Using an
augmentedLagrangianformulation of the problem
(BertsekasndTsitsiklis, 1997),weremove theequal-
ity constraintdby addingfor eachconstraintan addi-
tional costtermto the objective functionof eachagent
basedon Lagrangianmultipliers (Boyd and Vanden-
berghe,2004),anda quadratiderminvolving the dif-

ferencebetweeninternetwork input andinternetvork

outputvariablesbetweentwo subnetverks. Through
iterationsof solving anoptimizationproblemanddo-

ing a Lagrangianmultiplier update,a solutionto the
original problemmaybefound.Denotingby subscript
sjk a variable at iteration s of decisionstepk, the
following stepsaremade:

|
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(6)

subjectto the dynamicsof the subnetverks (1)
(2) overthehorizon.
(2) Computenew Lagranglannulnpllers

~ji ~]
s+1 J L+ C( in; s+1 ik ou:s+ljk) (7)
~|5J;+1 ~g + C(W:Jn s+1jk WJ outs+1 jk) (8)
(3) Moveontothenextiterations+ 1 andrepeathe
cycle. Stopwhenthe Lagrangianmultipliers do
not changearymore.

The constantc is a positive scalar (see Section 3

for more details). The Lagrangianmultipliers Tig

and~! canbeinitialized arbitrarily. Undercorvexity

assumptionsntheobjective functionsandconstraints
it canbe provedthatwhenthe Lagrangiarmultipliers

do notchangearymorefrom oneiterationto the next,

a local minimum of the original problem has been
found (BertsekasandTsitsiklis, 1997).

Althoughthe new formulationdoesnot have theinter-
connectingconstraintsexplicitly, dueto the quadratic
termsin (6) the overall problemis still not separa-
ble. The schemesve discussnext transformthe non-
separablgrobleminto a sequencef separablgrob-
lemsof theform:
min J;(z) + (W) ©)
2 W j2N;
subjecto thedynamicsf thesubnetwork (1)—(2)over
the horizon, wherethe additionalcostterm J), (w..')
dealswith theinternetvork variables.

3. SERIAL VERSUSPARALLEL SCHEME

Thetwo schemeshatwe introducehave thefollowing
intuitive motivation. Sincethe evolution of a subnet-
work is in uenced by neighboringsubnetwerks, the
actionsthatanagentcomputesarebestwith respecto
thepredictednternetvork inputvariablesw,. for all
j 2 Nj.Toreduceheuncertaintyin thepredlcnonsof
theinternetwork inputvariablesagent hasto cometo
anagreementvith theagentg 2 N; onthevaluesof
their internetvork outputvariablesw;, ., . The agents
obtain agreementhrough iterationsthat inform the
agentsabouthow the other agentsprefertheir inter
network inputsto be. To obtainagreementanagent
doesnot only computeoptimal local variablesfor its
own subnetverk, but alsooptimalinternetvork input
vanablesw’In «- Moreover, the otheragents] 2 N;
computeboth their optimal local variablesand op-
timal internetwork output varlableswgutk Through
exchangeof theseoptimalinternetvork variables the
valuesof the internetwork outputandinput variables
have to corverge to eachother and a setof actions
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Fig. 2. Considereccommunicationrschemesetween
two agents. Arrows indicate information ex-
change.Dotted lines are actions being imple-
mented.Horizontallines are optimizationprob-
lemsbeingsolved.a) Serial;b) Parallel.

thatis (perhapdocally) optimal for all agentshasto
befound.

We considertwo schemedhat implementthe above
ideas,seeFig. 2, but that differ in the timesat which
the agentssolve their problems:they either do this
afterserialiterationsor afterparalleliterations.

3.1 Seriallmplementation

The serial implementationis the result of using a
Blodk Coordinate Descent(Bertsekasand Tsitsiklis,
1997;Royo, 2001)for dealingwith the non-separable
guadraticterm of (6). The approachminimizesthe
guadratidermdirectly, in aserialway. Oneagenitafter
anotheminimizesits local andinternetvork variables
while the othervariablesare x ed.

Given the information wy,o,, = WZ,,;, computed
at the currentiteration s for eachagentj 2 N;
that has solved its problem befoe agenti in the
currentiterations, andgiventhepreviousinformation
Woek = Wy, Of thelastiterations 1 for theother
agentsagent solvesproblem(9) usingthefollowing
additionalobjective function:

R T I
Juw)= (T Tk

n outk n
i # . # 5
+ & 10 Winpre 01 Wi
ij i
2 0l Wout,pra/;k 10 WJoutk

The serial implementationconsistsof the following
steps At decisionstepk, iterations:

(1) Fori = 1;:::;n, oneagentafter another
(a) Agenti determines.,, ;,;W.,, ;, by solv-
ing (9).
(b) Agenti senddoagent 2 N; thecomputed
valuesw,, ;.
(2) After all agenthave solvedtheirproblemsatone
iteration,they updatetheir Lagrangianmultipli-
ersusing(7)—(8).
(3) Eachagentmovesto the next iterations + 1,
andthe cycle startsover, unlessthe Lagrangian
multipliersdo notchangeanymore.

The positive scalarc penalizeghe deviation from the
internetwork variableiteratesthat were computedby

the otheragentseforeagenti or duringthelastdeci-
sion step.This makesthat the internetwork variables
thatagenti computesatthe currentiterationwill stay
closeto the internetwork variablesof agentj com-
putedearlierif ¢ is chosenlarger With c increasing,
it becomesmore expensie for an agentto deviate
from the internetwork-variable values computedby
the otheragents.This resultsin a fastercorvergence
of theinternetvwork variablesto valuesthat satisfythe
interconnectingonstraintsHowever, it may still take
someiterationsto obtainoptimal valuesfor the local
variables.In particular a higherc resultsin a higher
numberof iterationsbeforereachingoptimality.

3.2 Parallel Implementation

The parallelimplementatioris the resultof the Auxil-
iary ProblemPrinciple (BatutandRenaud1992;Kim
andBaldick, 1997;Royo, 2001)of approximatinghe
non-separablguadraticterm in the augmented_a-
grangian(6) with a separableterm. In the parallel
scheme the agentsdo not wait for eachother but
insteadperformaseriesof paralleliterationsin which
all agentsaarecomputingatthe sametime.

. . . . ij _ ij
Given the previous informationwy .., = W, , and

Woion = szjik of the agentsj 2 N; of the last
iterations 1, agenti solvesproblem(9) usingthe
following additional objective function term for the

interconnectingonstraints:

. o #
o h BN Y
Ay = T DT
outk
' i ) ii # 2
+ & 10 Wik 01 Wi
| |
2 0l WcJJut,pre/;k 10 WJoutk
' G # " . # 5
+ b ¢ W.Ji?:k w{ri\,pra/;k
2 WJout;k WJout,pre/;k

Thus,this schemeausesinformationcomputedduring
the lastiterations 1 only, contrarily to the serial
scheme.

The parallelimplementatiorthen consistsof the fol-
lowing steps At decisionstepk, iterations:

(a) Agenti solvesthe problem(9) to determine
zjs+1jk andv\fjs'+lj forallj 2 N;.

(b) Agenti sendsto agentj the computedval-
uesw.., . forallj 2 N;.

(2) After all agentshave nished solvingtheir prob-
lem, they updatetheir Lagrangiarmultipliersus-
ing (7)—(8) andtherecevedinformation.

(3) Eachagentmovesto the next iterations + 1,
andthe cycle startsover, unlessthe Lagrangian

multipliersdo notchangeanymore.

The role of the scalarc is the sameas before. As
additionalparametethis schemeisesapositive scalar
b. If b= cwe obtainthesameadditionalcostfunction
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Fig. 3. lllustration of the physical network and the
variablesof the subnetvark models.

asin the serialschemebut now basedn information
from the previous iterationalone.If b > ¢, thenthe
termpenalizeghedeviation betweertheinternetwork
variablesof the currentiterationandthe internetwork
variablesof the lastiterationof agenti; it thusgives
the agentlessincentive to changeits internetwork
variablesrom oneiterationto thenext. Whenb  2c,
and moreaover the overall problemis cornvex, it can
be proved that the iterationscornverge to the overall
minimum (Bertsekasand Tsitsiklis, 1997; Kim and
Baldick,1997).In thefollowing, we setb = 2c.

4. EXPERIMENTS

We experimentwith the two scheme®n a so-called
load-frequencycontrol problemfrom the domain of
power networks,whichinvolveskeepingoowver gener
ationequalto power consumptiorunderconsumption
disturbancesWe considera network dividedinto two
subnetverks, eachcontrolledby a control agent,see
Fig. 3. Eachagenthasto keeptheso-calledfrequeng
deviation within its subnetwrk closeto zero under
minimal controlinputaccessin@nly local variables.

Each subnetwork i 2 f1;2g hasas control input
the power generationuy, = [ Pg,], andas local
disturbancethe power consumptiondj, = [ Pl,].
The stateof subnetvork i is xi, = [ [; fi]7,
where | is theangledeviationand f| is thefre-
quengy deviation. To keep f| closeto zero,gener
ation should equalconsumptiorand export over the
interconnectindine. Thepower exportedovertheline
from subnetwork i toj is proportionaltto I
Therefore,for subnetwark i, we have internetwork
inputvariablew!, = [ ], andinternetvork output

variablew!,, = [ |]. Themodelof subnetvork i
is a linearizeddiscrete-timestate-spacenodel. This
modelis a Euler approximation(with a step-sizeof

= 1 s) of the continuous-timemodeldescribedn

(Camponograetal., 2002),andcanbewritten as:

A'Xi + Biuj + Bod + Bywiy
CH(xi) T (U™ ()T

togethemwith interconnectingonstraint¢4)—(5), where

i
Xk+1

ji
Wout;k

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 ¢, the numberof iterationsre-

quired, additional costsof found solution,
andtotaltime in secondsequired.

3 2 3
| 1 2 | 0
Al =4 KpiKSij 1 58324 Kpi5
2 T% 2 Tpi 3 Tpi
B|2:4 KP‘SB:i;:4 KPiKSij 5,

Tpi 2 Tpi

andCl' = [1000], Kp: = 1125 Kp> =
Ks, = Ks,, = 0:5, Tp: = 25, Tp2 = 20.

120,

Agenti usesthe following local objective functionto
minimize frequeng deviation andcontrolinput:
l’( 1
BE) = d i ( flapa)?+ d b ( Phrep)s
p=0
whereqd ; = 100andd p, = 10areweightfactors.

In the simulationsthe two subnetwrks arein steady-
stateuntil aconsumptiordisturbancef PZ, = 0:5
occursin subnetvork 2. At that time the dynamics
of the two subnetvarks becomehighly dependenbn
one anothey and the agentscannotmake adequate
predictionson the evolution of their own subnetverks
without communication\We considerone agreement
making step betweenthe agents right after the dis-
turbancehastaken place. The agentshave to obtain
agreemenbn the valuesof their internetwork vari-
ablesj.e., 'and 2overthehorizon.Wecompare
the solution quality of the serialand parallelscheme
with a centralizedschemeandmoreo/er examinethe
in uence of thec parameter

The third and sixth columnsof Table 1 showv for

the serialand parallelschemehe differencebetween
the optimal costsof the distributed schemeand the
centralizedscheme .Since the optimization problem
turnsoutto becornvex, theintroducedmnethodsshould
convergeto theoptimalsolution.Thetableshovs that
this is indeedthe case,althoughthe solutionsthat
bothschemesnd have increasinglyhighercoststhan
the centralizedoptimal solutionfor increasingc. The
serialschemeshavs muchslower deviation from the
optimalcostthanthe parallelscheme.

Fig. 4 shaws the cornvergenceof the differencebe-
tweentwo internetvwork variablesin one of theinter-
connectingconstraintsundervarying ¢. We seethat
whenthevalueof cincreaseghedifferencecorverges
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Fig. 4. Comparisorof corvergenceof serialandpar
allel implementatiorfor differentvaluesof c.

to zerofasterfor both the serialandthe parallel ap-
proach.Thisis becausevith higherc theinternetwork
variablesarepushedmoreto attainequalvalues.This
meanghattheinterconnectingonstraintaresatis ed
afterfewer iterationswith higherc.

However, simply having satis ed the interconnecting
constraintsdoesnot imply that the valuescomputed
for the local variablesare optimal undertheseinter-
network variables Even wheninternetwork variables
have beenfound that satisfythe interconnectingcon-
straints,someiterationswill be necessaryo nd the
optimallocal variables.The seconcand fth columns
in Table1 shav the numberof iterationsrequiredto
cometo optimality. We obsene that the serial ap-
proachrequiresfewer iterationsthanthe parallel ap-
proachunderary c. Also in terms of secondsthe
serialapproachoutperformshe parallelapproachas
we seein the fourth andseventhcolumnsin Table 1.
Thesepreferablecharacteristicsf the serialapproach
are due to the fact that the serial approachincludes
informationfrom neighboringagentsdirectly whenit
comesavailable,insteadof from the next iteration.

5. CONCLUSIONSAND FUTURERESEARCH

In this paperwe have considerednulti-agentModel

Predictve Controlfor the controlof large-scaldrans-
portationnetworks, like roadtraf c networks, power

distribution networks, etc. In particulay we have con-
sidereda serial and a parallel schemefor agentsto

obtainagreemenon the evolution of theinternetwork

variables.Basedon a generictransportation-netark

model,we have discussedheseschemesheoretically
andexperimentally

Althoughthe parallelschemés morefrequentlyused
throughoutthe literature,we have not found advan-
tagesthat make this schemen particularbetterthan
the serialschemeln fact, our numericalexperiments
shav thatthe serialschemehasmore preferablefea-
turesin termsof solutionspeedandsolutionquality.

Futureresearctronsistsof extendingthe methodsto
situationsin which the problem of controlling the
transportatiometwork cannotbeformulatedasa con-
vex problem.In particularwe will extendthemethods
to dealwith networks modeledas hybrid systemsin
which both continuousanddiscretedynamicsappear
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