Participatory decisionmaking in resewroir planning

R. Soncini-Sessa, A. Castelletti , E. Weber

Dipartimentodi Elettronicae InformazionePolitecnicodi Milano
P.zaL. daVinci, 32,1-20133Milano, Italy
(soncini@elet.polimi.it)

Abstract: Thetechnologiesandmethoddor integratedplanningand managemendf waterresourcesystems
have maturedconsiderablyverthe pastdecadesHowever, relatively few of themhave beenactuallyandregu-
larly appliedin realworld decisionaprocessesWe feelthisis essentiallydueto a generalack of engagement
of staleholdersanddecisionmakersat every stageof the decisionalprocess.Innovative methodologiesand
toolsto improve participationarepresentedyith focuson waterreserwir systems.

1 INTRODUCTION

It is very probablethatthe centurywe have just en-
teredwill be rememberedas the “century of wa-
ter”, sincewaterwill beby farthescarcestesource,
the availability of which will constrainthe econ-
omy of nations. In the last fty yearswater de-
mandin theworld hastrebledandis still increasing
sharplyevery yearasaresultof populationgrowth,
increasein householdincome, and irrigation de-
velopment. Approximatively 70% of surfacewa-
ter and groundwvateris claimed by irrigated agri-
culture, to produce40% of worldwide food needs
(Brown [2001]). Eventhoughdemandor wateris
increasingarearethe countriesin whichits avail-
ability remainsconstant;more frequently the ex-
ploitationis well beyondthereneaval rateof there-
source.Degradingwaterquality furtherreduceghe
availability of freshwatersuitablefor domesticand
agricultureuseandincreaseghe costof treatment
andreuseof water Drivenby thesechallengesthe
lastyearshave seenawide andgrowing interestto-
wardsthe developmentof tools andtechniquedor
integratedplanningand managementf thesesys-
tems(seefor exampleSFWMG [1987]; Simonavic
and Savic [1989]; Loucks [1990]). While in the
1960's the planningwas basedon the assumption
thatwaterwasanin nite resourceandthemaincon-
cernwasits allocationanddistribution, now theap-
proachmustbe orientedto sustainabilityand must
bemoreholistic.

Nonethelessechnologyaloneis not enough|f the
projectsthatit suggestactuallyremainunrealized:
in facttheaccomplishmenis quite oftenpolitically
thwartedby thedisagreementf all thestaleholders

that are excludedby the bene ts or that fear dam-
age from the proposedactions. To overcomethis
risk it is essentiato assessn detail the likely im-
pactsof a projectnot only on thoseobjectves for
which it hasbeenconcevedanddesignedbut also
on all the sectorghatit mayin uence. The human
rolein thedecisionaprocessnustbesupportedand
valuedby exploiting the power of modelsto deter
minetheeffectsof alternatie projectswith low cost
andlow impactcomputerbasedexperiments. The
selectedtourseof actionshouldemegeoutof ade-
bate,thatinvolvesthe participationof all the stale-
holders. To reachthis goal a formalized planning
procedurewas required,a procedurethat guaran-
teesto determinea solutionthatis equitable,ef -
cientandsustainablethe so called Environmental
ImpactAssessmen(EIA) proceduremegedasthe
mostappropriate.Indeedin the lastdecadesnary
countrieshave enactedegal frameworks for EIA,
by specifyingrules, methodologiesand guidelines
for its applicationin differentplanningsituations.

Waterresourcesystemsve will referto in this pa-
perarestoragesystemscomposedf multipurpose
reserwirs or regulated natural lake, catchments,
channels rivers, streams,water users,etc., all of
theminterconnectetdy thedownstreamo w of wa-
ter. Watersupplyfor agricultureandpower genera-
tion are usually consideredhe two main purposes
of such systems;however the water collected by
thesefacilities may sene several otherscope such
as navigation, recreation, ood protection,down-
streamriver quality conseration, etc. Henceary
decisiontaken on thesesystemsdirectly or indi-
rectly involvesawide rangeof staleholders.
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2 EIA PROCEDURE

TheEIA procedurecanbeformalizedfor thesesys-
temsasthe ve-stageprocessutlinedin Figurel.
Theschemalravsaconceptuamapof phaseso be
followedby thesystemanalyst(SA). Morein detail,
given a structuralcon guration of the system(ex-
isting or proposedirndon the basisof the stratgjic
goalspursued,the SA should elaborateand com-
parealternatve planningproposalswith the follow-
ing procedure:

1. Indicator speci cation the stratgic goals
aretranslatednto operationaktriteriaandthe
latter into physical and economicalindica-
tors, which can be then quantitatvely com-
puted. For examplethe indicatorsmay eval-
uatethe performancesn supplyingwaterto
civil, agricultural and industrial users, the
complianceto river quality standards,and
ood control targets. Sincethe operational
criteriare ect concernsand priorities of the
staleholdersthey shouldbede ned by inter-
actingwith them.

2. Modelidenti cation: the componentgcatch-
ments resenoirs, channelsyaterusersgtc.)
associatedvith a given structuralcon gura-
tion of the water systemare describedby
mathematicaimodels. The choice of these
modelsas well as the degree of detail de-
pendson boththe selectedndicatorsandthe
alternatvesto be evaluated thusthereexists
arecursioramongthis phaseandphasel and
phases.

3. Alternative identi cation: all the feasible
structuraland/or normatie actionsare rst
quanti ed andthencombinedin all possible
way. Eachcombinatiorconstitutes planning
alternatve.

4. Alternative evaluation for eachalternatve
the valuesof the indicatorsare assessety
simulatingthe behaior of thesystem.

5. Alternativecomparisonand negotiation: the
preferencesystemsof the staleholdersare
identi ed. Then,thealternatve proposalsare
comparedhccordingo multi-attributeandne-
gotiationaid techniquesFinally, asensitvity
analysisis performedo checktherobustness
of the ranking with respectto the uncertain
and subjectve elements. All theseactions
helpthedecisionmaker(DM) to selectacom-
promisedecision.

The practical applicationof the above procedure
posestwo fundamentalconcerns: rst, the SA
shouldwidely interactwith all staleholdersduring
the phaseof indicatorspeci cation, modelidenti-
cation and alternatve evaluation; second the in-
formation usedat eachstageshouldbe obtainable
from the previous stagesandmadeavailablefor the
successie. More in detail this information must
be complete sharedjransparenteasilyobtainable,
well structuredand e xible. The problemis fur-
ther complicatedby the non-strictly serial succes-
sion of stagesandby the diffusepresencef recur
sions. Hencethe effective implementationof the
above schemerequiresthe supportof a computer
basedsystem,a Decision SupportSystem,which
providesthe tools to integratesall the phasesn a
uniqueframework, facilitatesparticipation,anden-
suresthatthe informationhasthe abose mentioned
properties.

TheproposedEIA schemads aproceduref general
validity. It hasbeenoriginally introducedfor a de-

limited classof problemsut it maybeappliedto a

broadrangeof planningcontets. Its usefor water
systemplanningposesseveral challengingandsig-

ni cant issues. In this paperwe will analyzefour

of themand proposefor eachone someinnovative

approachWe will concludehepaperby presenting
the architectureof a DSSwhich satis esthe above

mentionedrequirementandimbedsthe innovative

proposals.

3 DYNAMIC AND CONTROL

EIA analysisaswell asthe Multi-Attrib ute Value
Theory(MAVT) (Keeng andRaiffa [1976]), upon
whichit is basedhave beentraditionallydeveloped
andareusuallyadoptedo evaluateprojectson static
systemgor systemghatareassumedo bestaticfor

modellingreasons).Thenthey implicitly consider
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Figure 2: The lake Verbanowater systemand the
two irrigation districts.

decisionsas planning actions that is una tantum
decisionsthatpermanentlymodify the systemcon-
guration. This way of doing doesnot lend itself
to the intrinsically dynamicnatureof water reser
voir systemsTo betterclarify thisissueconsideras
examplethe Verbanowater system(seeFigure 2),
locatedon the italian-swissborder (Soncini-Sessa
et al. [2000]). Its storageis primarily usedto pro-
vide water supply to two wide irrigation districts
andseveralhydropaverplants butit alsoin uences
a plethoraof other socio-economicaand erviron-
mentalfactors(lacustrineandriverinewaterquality,
upstreamand downstreamood control, lacustrine
navigation andtourism,andsoon). Obviously the
volumeof waterstoredin the lake (i.e. the stateof
thesystem)jstime-variant. At eachtimeinstant(i.e.
every morning)the DM mustdecidehow muchwa-
ter hasto bereleasedn the next 24 hours. Clearly
the volume of waterthat can be releaseddepends
on the volume of watercurrentlyavailableinto the
the lake. The releasedecisionin uencesthe lake
storageof the next day and hencein uences the
next releasedecision. Decisionsare thus concate-
natedaftereachotherandrecursve, thatis they are
mangementactions Theseactionscanbe formu-
latedin arationalway by designinga managjement
policy (seede nition in the next paragraph)the
choiceof which canconceptuallybeincludedin the
EIA atthe sameéevel of the otherplanningactions.
Straightforwardly a planningalternatve is consti-
tuted by a triple: structuralactions(i.e., dredging
of thelake outlet),normative actions(i.e., review of

the regulationrangeandimpositionof a minimum
instream o w) and one managemenpolicy. The
identi cation of the alternative in phase3 should
thereforeinclude the "quanti cation”, i.e. the de-
sign,of themanagementoliciestoo.

3.1 The managementpolicy

It'stime to give a moreformal insightson manage-
mentpolicies. We will make referenceo the Ver-
banocaseto be lessabstract. Known the current
lake storage attimestep , thereleasealecision

is givenby:

(1)

where is a successiongenerallyperiodic of
period , of monotonenon-decreasinfunctionsof
, hamedcontrol laws A managemerpolicy is
a succession of
controllaws. Givena coupleof structuralandnor-
mative actionsa managemenpolicy is synthesized
by solvinganoptimal controlproblem,de ned as:

(2a)

(2b)

(20)
(2d)
(2e)
(2f)
P (29)

whereall thefunctionsareperiodicof period . The
weights  ( ) expresseshe relative im-
portanceof indicators , chosenamongthe
onesidenti ed in phasel, eachoneof whichis the
sum over time of stepcosts . The set
is the set of feasiblecontrols (that may vary with
the storage ); is the conditional
probabilitydistribution of thedisturbance  (e.g.
the in o w to the lake) and is a suitablecri-
terion (i.e a statistic)to lter the disturbancesee
Yakowitz [1982] and Soncini-Sessat al. [1991]).
The structural-normatie actionsare embeddedn
the constraints(2c), (2d) of the control problem.
Thus, given a pair of structural-normatie actions,
several(theoreticallyin nite) differentmanagement
policies can be devised, by varying the weights
. The setof thesepolicies constituteshe Pareto
boundaryof the problem, that is the set of non-
dominatedpolicieswith respecto the management
objecties.



Whenthe water systemis more complex thanthe
Verbanowatersystem(e.g. it hasmorereserwirs),
its stateis a vector , that containsthe statesof
all the dynamicalcomponentswithin the system.
Thenthe managemenpolicy canbe synthesizedby
a problemanalogousto problem(2), where is
substitutedby and isthevectorof all thedeci-
sionsthatmustbe daily assumedn the system.

3.2 A two-level decisionapproach

Theanalysisof thedecisionabrganizatiorof a\Wa-
ter Ageng leadstowardsthe ideaof a multi-level
DSS.In fact, in a Water Agengy, one canusefully
distinguishdifferentlevelsof decisionmaking. An-
thory [1965] considerdhreelevels: strateggic plan-
ning, managementcontrol, andopertional control
(denotedn thefollowing simply asplanning,man-
agementand control)(seeFigure 3). The planning
level hasto do with the stratgjic goalsto be pur-
suedin the systemmanagemenandwith the ways
to achieve them: managemenpoliciesaredesigned
atthislevel. Thepoliciessetup attheplanninglevel
can be expresseckither by closedform rules, re-
sulting from the solutionof off-line optimal control
problems,or by on-line optimal control schemes.
The scopeof the managemenlevel is the utiliza-
tion of theresourcedn aneffectiveway in theshort
andmediumterm, accordingto the directive issued
by the planninglevel andto the particularsituation
the DM is facing(e.g. the out of orderof a power
plant). Thisis thelevel weretheman-machinénter-
actionis moretight andwherecon icts arelikely to
arise. The control level hasto implementthe man-
agementecisionsn thereal time operationand it
is generallyhighly structuredsothat x edrulescan
be applied. Thus, the control level is sened by a
controller while the othertwo levels needtwo sep-
arateDSSs:DSS/MandDSS/PwhereM standdor
managemerdndP for planning.Theplanningmod-
ule DSS/Pdealswith the choiceof the alternatves
andits outputsareplanningdecisionsmanagement
policies,andmodels.All of themconstituteinputs
of themanagemennoduleDSS/M.Theinteraction
amongthe SA, theDM, andthird partieg(stalehold-
ers)takesplacein the DSS/Pat the planninglevel
andin the DSS/M at the managementevel. The
schemeof Figure 1 canbe embeddedn this two-
level structure thusobtainingthe schemen Figure
4,

The two-level structureembodiesan interesting
skill: the planning tools are naturally and unex-
pensvely updated.In the usualplanningapproach,
oncethe planningactionis over, the planningtools
areabandonedthus,whenlater on a new planning

DSS/P [ AN

staleholders
modelsandpolicies I
y
DSS/M [«— DM/users

operationalevel

Figure3: Thetwo-level decisionaprocess.

StructuralCon guration
Strateyic Goals

Planning Level ManagementLevel

A 4 B\, c
2.Model
identi cation 1.Indicator
5.Alternative
3.Alternative 4.Alternative | | comparison 6.Daily
identi cation evaluation management
\ \ negotiation \

Best
Monitoring system Forecasting compromise
alternatve

Figure4: Thephase®f thetwo level decisionapro-
cess.

actionis required,the constructionof the planning
tools muststartsagainfrom the scratchwith aloss

of monegy, time and coherence. On the contrary

in the two level DSS the daily useof the DSS/M

implies that the data baseand the systemmodel

areregularly updatedthen,sincethe DSS/Pshares
themwith the DSS/M, the DSS/Pis automatically
updated.

4 SET-VALUED POLICIES

Thede nition of amanagememolicy spavnsfrom
Control Theory, which wasoriginally developedto
control electro-mechanicasystems. In suchsys-
tems,the policy mustallow for controlin absence
of humanintervention,i.e. it mustproducean au-
tomatic control. Examplesof suchpoliciesarethe
autopilotof a jetliner or the speedcontrollerof an
engine. Since control must be automatic,at ev-
ery time stepthe policy mustreturnone and only
onecontroldecision:thereforethe policy mustbea
point-valuedfunction.

On the contrary in the managemenof water sys-
temsthe policy doesnot operatedirectly on dams
and weirs, but proposesa control decisionto the



DM. It will beupto theDM to acceptthe decision
suggestedNotein factthattheoptimality of aman-
agemenpolicy doesnotreferto therealworld com-
plexity, but to asimpli cation of therealworld, that
is to a scenario The scenarioincludesall the ap-
proximationsthat are beyond the usedmodelsand
theselectedbjectives.For instancehe structureof
the downstreamwater distribution network is usu-
ally heavily simpli ed, thecatchmentmodel(which
generateghe reserwir in o ws) is often modelled
as a purely stochasticprocess. Thesesimplifying
assumptionare justi ed, from the SA viewpoint,
sincethey are neededto reducethe optimal con-
trol problemto a solvable formulation, given the
currentmathematicabnd hardwaretools, but they
are perceved as deceving by the DM. Given this
fact, it would be more effective if the policy pro-
posesnot a single decisionvalue , but the set

(safecontrol se) of all the decisionsthat are
equivalent(i.e.,which guaranteén thelongrunthe
sameperformanceof the policy) from the point of
view of managemenbbjectivesandfor the models
adoptedto representhe real world (for detailssee
Au ero etal. [2001a]andAu ero et al. [2001b]).
The useof a set-valuedpolicy would thereforeal-
low the DM to chooseat time a decisionamong
the optimal onesby taking into accountnew facts:
e.g. secondanyobjectives (not includedin the ob-
jective  of problem2a)thatappeato him aspar
ticularly relevantat time or the currentsituation
(e.g. heavy rainfall on the catchmentpower plant
outagesetc.) that hasnot beenconsideredn the
scenaricadoptedn the policy designphase.ln this
way thelevel of con denceof the DM in the policy
is widely improved. A straightforvardconsequence
of theadoptionof set-\aluedpoliciesis thatthecon-
troller wherethepolicy is implementedseephases
in Figure4) mustbe a DecisionSupportSystemit-
self (that'sthereasorbehindtheacrorym DSS/M),
in orderto enablethe DM to evaluateandcompare
the effectsof alternatve choicesof  in

5 SYSTEMS AND PERFORMANCES

We have seenhow a planning alternatve can be
identi ed andhow thedesignof set-aluedmanage-
mentpoliciesplaysacentralrolein thisprocessWe
comenow to the questiongosedby the evaluation
of eachalternatve.

Thestaleholdershaving the sameconcernsindpri-
oritiesaregroupedn onesector to whichis associ-
atedanindex. This oneis afunctionof the alterna-
tive andexpresseshe staleholders'satistctionfor
it. Theindexesarechoserin phasel andusedn the
successie phasego comparethe alternatves. For
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Figure5: More andmorearticulatedwaysof struc-
turing anindex.

a given sectorthe evaluationof the corresponding
index is carriedout in cooperatiorby the SA and
the so-calledsectorexpert This is usuallya tech-
nicianswho is expectedo supportthe staleholders
by translatingheir qualitative judgmentsnto quan-
titative evaluations. Theoreticallythe sectorexpert
coulddirectly settletheindex valuefor eachalterna-
tive on the basisof its expertise(Figure5-a). How-
ever this approachfrequentlyleadsto too subjec-
tive and hardly acceptableavaluations,that might
further becomemprecisewhenfacingwith alarge
numberof alternatves. It would be thenmoreap-
propriateto formalize a procedureto computethe
index valuesautomaticallyFigure5-b). This proce-
dureshouldreproducehe expertskills andbeiden-
ti able throughinterviews.

Thedynamicnatureof awaterreseroir systemim-
plies that its evolution over a given time horizon
may be completelydescribedoy the trajectoriesof
thesystenoutputs(i.e.,resenoir waterstoragesind
releasedecisions). Hencean alternatve modi es
the trajectoriesof its outputs. The processof eval-
uatinganindex canthusbethoughof asatwo step
procesgFigure5-c):

1. thesimulationof the controlledsystemovera
giventime horizon, by usingthe mathemati-
calmodelof thesystem;



2. the computationof the index asa functional
of thetrajectoriesccomputedn the rst step.

However the direct identi cation of an index
throughthe simple obsenation of the systemtra-
jectoriescould againbe a hardtask for the sector
expert. To furthersimplify the problemoneor more
intermediatdndicatorsmay be corvenientlyadded
betweenthe trajectoriesand the index (Figure 5-
d). Theseindicatorsmustmeeta precisecondition:
eachonemustbeexpressedy a separabléunction
of the systemvariables,i.e. it mustbe the tempo-
ral aggregationof instantaneoumdicators(the step
costs in equation(2b)), suchthat the one at
time only dependson valuesof variablesat the
sametime . Noticethatthis conditionimpliesthat
eachstepcostattime cannotbe dependenon the
valueof ary stepcostat previoustimes,i.e. thestep
costscannot be statevariablesof any system.This
conditionseemso be particularlyrestrictive, but it
canalways be met, by suitably enlaging the state
of the systemmodel (e.qg. if the stepcostdepends
uponits valueat a previous time, it cansimply be
includedamongthe statevariablesby addingatran-
sitionfunctionthatexpressegs dynamicgo thethe
model).

More in generalthe indicatorsshouldbe easilyob-
tainablegiven the trajectoriesand should make it
easieffor theexpertto relatethemto index. Thislat-
ter stepis usuallycoveredby thewell known MAVT
throughthede nition of utility functionsandthere-
fore it will not be further discussed.We focusin-
steadon model constructionand indicator de ni-
tion.

Both thesestepsrequirea wide interactionbetween
the SA, the DM and the staleholders,since they
should“feel” the modelsadoptedaswell asthein-
dicatorsselected. Only in this way the decisional
procesdeadsto evaluationsthat will be perceved
as“trustable”: a directinvolvemenof the decision
maler herselfin themodellingprocesds theunique
way to male crediblemodels: thesecanin fact be
built only by peoplewho are familiar with boththe
problem and the institutional settingin which the
problemis to beaddressedLoucksetal. [1985]).

5.1 Modelsand indicators

The componentsof a water reserwir systemare
usuallymodelledby meanf models githersimple
“black-box” or complex physically basedmodels,

thatcanberepresentetly thefollowing equation:

(3a)
(3b)

where s the statevariable, is the output,
is the exogenousinput to the component(that is
generallythe outputof othercomponentsand
is a disturbance.All thesemodelsare markovian
models.Oncethe statetransitionfunction and
the outputfunction have beenproperlystruc-
turally identi ed, they canbe easilycalibratedwith
thewell known technique®f Systemldenti cation
Theory (Ljung [1987]). Considerfor instancethe
catchmentit canbedescribedisinga stochasti@au-
toregressve modelsof order where is thestate
of thecatchment, representsheoutow (i.e. the
resenoir in o w) and is adisturbanceahatrep-
resentsrainfall, temperaturegetc.. Both and
arelinearfunctions,whoseparametersalues
might be easilyidenti ed from historicalin o w se-
ries.
However it may occurthatthe physicaland socio-
economicatelationsthatunderlysomeof the com-
ponentsarepoorly known and/orit is comparatiely
expensve to obtainraw datato characterizéhem
better In thesecasest might be dif cult to iden-
tify the two functions and . TheSAis
thusforcedto formulateunrealisticsimpli cations,
the majority of which arebasedon the assumption
thattheprocessearewell known anddeterministic.
But thisassumptioris oftentoo reductve. Consider
againthe Verbanowatersystem.A suitableway to
low the waterdemandf theirrigation districtsis
toreduceheinef ciencies of theirrigation systems.
A lower downstreamwater demandshouldin fact
reducethe water storagerequiredto reacha given
level of supplysatishctionand,asa consequence,
inducesareductionof ood risk onthelake shores.
ThustheDM mightwonderwhetherandwhatlevel
of nancial incentve will encouragehe farmersto
adoptmore wateref cient irrigation systems. In-
tuitively what the DM expectsis that the farmers'
bentto modify their irrigation systemsdependn
thevalueof theincentive. But how canthis bentbe
formalizedin amodelor in aindicatorsothattheef-
fectsof a givenvalueof theincentive on the whole
agriculture productioncan be assessed?Further
morethe uncertaintyof the physicalprocesseshat
in uence waterdemand(e.g. netradiation,canopy
cover) coupleswith a behaioural uncertainty(the
pronenesf farmersto change). How can such
mixture of uncertaintiebe described?
A solution to tackle with thesetwo different un-
certaintiesis to adopt BayesianBelief Networks
(BBNSs) (Jenserj1996],[2001]). BBNs aredirected
graphicalmodelsin which nodesrepresentandom
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Figure6: A BBN dynamicmodelof anirrigation district.

variablesand the lack of arcsbetweentwo nodes
representhe conditionalindependencef the two
variables Giventwo nodes and , onecanregard
anarcfrom to asindicatingthat “causes” .
The modelcanbe identi ed by specifyinga Con-
ditional Probability Table (CPT) at eachnode. A
CPT lists the probability that the child nodetakes
on eachof its different valuesfor eachcombina-
tion of valuesof its parents. BBNs can be effec-
tively usedto modelthosecomponent®f the sys-
temfor which the knowledgeis limited or unstruc-
tured,andthe cause-dect relationshipsarenot ev-
ident, asin the caseof the above example. Thein-
sufcient prognosesnthistypeof processewould
resultin a weak descriptionby simple determinis-
tic or markovian models.Onthe otherhand,for the
componentof systemon which the knowledgeis
high and well structured(e.g. the hydrologicand
hydraulic systems) the Bayesianapproachwould
be cumbersomandredundantwhile the stochastic
descriptionis perfectly suited(think for instanceto
the consenration of massequationrepresentinghe
reseroir dynamics).

To give anideaof how a BBN works considerthe
network of Figure 6, which describesanirrigation
district, suchthe one of the Verbanoexample. Re-
lease solarradiation,air temperaturesoil stateand
biomassattime (dark gray boxes)arethe inputs
of themodel,while the nancial incentive (squared
box) is theplanningvariable;soil stateandbiomass
attime arethemodeloutputg(light grayboxes).
Inputs and planning variablesare called evidence

variables,sincegiven their value the (probabilities
of the) valuesof all otherthe variablesof the net-
work may be inferred through evidence propaga-
tion. Sincesoil stateand biomassappearboth as
input and outputthey arethe statevariablesof the
BBN, andthe BBN can be seenas nothing but a
particularway of writing equatior3. Noticethatthe
BBN in Figure6 containstwo distinct sub-models:
the rst describeghe farmers' behaior, the sec-
ond the plant growth. The farmers,via the sec-
tor expert, are directly involved in identifying the
rst sub-model. They have to identify the items
(parentsnodes)that could in someway in uence
their choiceg(alreadydonein Figure6 andthenex-
pressthe probabilitiesof irrigating their elds and
adoptinga particularirrigation systemconditioned
to theseitems. The CPTsof the other sub-model
maybe lled eitherby interviewsor by usingaclas-
sical compartmentamodel(e.g. CROPSYS,Cald-
well andHansen1993]). The processf lling in
the CPTsis conceptuallyanalogougo the calibra-
tion of a markovian model. It is now apparenthat
BBNs are nothing but a generalizationof marko-
vian models(Smyth[1998]). In conclusionBBNs
appeato betheright instrumento representhere-
lationshipbetweenthe water systemvariablesand
theindicators: whenthe relationshipis of dynami-
cal naturethe equationq3) areusedboth (andthen
is partof the watersystemstate) while if there-
lationshipis non dynamicalonly equation(3b) is
active (since is notexisting). The rst casehap-
penswhenthe farmers'indicatoris the biomassat
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Figure7: A BBN staticmodelof anirrigation dis-
trict.

crop time, the secondwhenit is the supplyde cit
(seeFigureb.1).

6 COMPARISON AND NEGOTIATION

Onceall the alternatvesgeneratedave beeneval-
uatedthe SA canproceedo performtheir compar
ison (phaseb). Themostcommonapproachege.qg.
Saaty[1980]) determingthe bestcompomisealter-
native in two steps: rst the stalkeholdersof each
sectorexpresstheir preferencemamongthe sectors
by meanof weights thenthe DM expressesiis/her
preferenceamongthe staleholders.In a way that
dependon the adoptedapproachthesesystemsf
preferencesre meiged into one, thus obtaininga
vector of weights,one for eachindex. By means
of thisvectorthe setof alternatvesmaybeordered,
ranking them from the mostto the leastdesirable.
To adoptone of theseapproached is mandatory
thatthereexistsoneDM only, to whomthe political
power of specifyingthe socialrelevanceof the dif-
ferentsectorsis given,i.e. to whomthe resolution
of thecon ict amongthe staleholderds delegated.

Oftenthisis notthe case asit is notin the caseof

the Verbanosystem:sincethe systemis a transna-
tional one,thereareat leasttwo DMs, the govern-
mentsof Italy andof Switzerland. In this casethe
bestcompomisealternativeis the result of a ne-
gotiation processhetweenthe two DMs. To sup-
ply the negotiationthe setof alternatveshasto be
skimmedby identifying a setof compomisealter-

natives eachonepreferredoy agroupof stalkehold-
ersandpossiblyrefusedby others.Obviouslywhen
thereis only onecompromisealternatie, it hasno

opponents:thereforeit is alsothe bestalternatve
andthe DMs have nothingto decide. On the con-
trary, it is theDMs' taskto determinehe bestcom-
promise To accomplishthistaskthey have to know,

notonly which arethe alternatvesof interestto the

Figure8: Thealternatve comparison.

staleholdersj.e. thesetof thecompomisealterna-
tives but alsofor eachalternatve who arethe sup-
portersandwho the opponents.

This information can be producedby establishing
a ngyotiation processamongthe staleholders that
aims at identifying alternaties the consensusof
which is aslarge as possible. Consensusioesnot
imply completeagreemenbf the supporters,but
meansthat each supporterfeels reasonablycom-
fortable and acceptsthe alternatve as a feasible
compromisewith othersupporters A procedureo
identify thesealternatves canbe derived from the
so called Pareto Race (Korhonen[1988]; Korho-
nenand Wallenius[1988]). In its original version
it is a proceduradevisedto help onesingleDM to
searchfor the bestcompromisepoint on a Pareto
boundarywithout determiningthe whole boundary
in advance. We do not have sufcient spaceand
time to describethe modi ed Pareto Raceproce-
dure (seeSoncini Sesseet al. [forthcoming]). We
may only sketchthe procedureby sayingthat the
SA invites one staleholderto indicatethe alterna-
tive (s)heprefersamongall the alternatves. Then
the SA shaws a diagram(Figure 6) of the utilities
producedby the alternatve in eachsectorandin-
vitesthestaleholderghatfeel unsatis edto specify
thereasonThesetof alternatvesis thenexploredto
nd outanew alternatve thatimprovesthe utilities
of theunsatis edstaleholdersyithoutloweringtoo
muchthe utilities of the favorableones. If suchan
alternatve doesexist the procedurds iteratively re-
peateduntil it doesnotexist, thenthe currentalter
nativeis acompromiselternatve. By repeatinghe
procedurdor eachoneof thestaleholderghe setof
thecompomisealternativess nally determined.



7 DSSARCHITECTURE

We have alreadyseerthatthecomplexandrecursie
natureof thedecisionalprocessequireacomputer
basedsupportsystem(DSS).In orderto complete
the picture, we will shortly describethe main fea-
turesof its architecturemakingreferenceo a pro-
totype,namedTwol e (Soncini-Sessatal. [1999]),
thatimbedsmary (notyetall) of theideaspresented
in this paper

A traditional DSSgivesaccesdo datafrom anun-
structureddatabasewe think it is more appropri-
atethat the databasarchitectures tailoredto ob-
tain independencdetweendata, modelsand pro-
cessingalgorithms. For that reasonthe database
of TwolLe has beenpartitionedin three different
modules:the domainbasethat containsthe struc-
tural knowledgeregardingdataandtime series;ithe
modelbasethat containsthe descriptionof math-
ematicalmodels, both descriptve (simulationand
forecastmodels)and prescriptve (decisionalmod-
els,i.e. multi-objective optimal control problems);
the experimentabasethatstoresthe formulationof
modelidenti cation and/orpolicy designproblems
as well astheir results. In other words data are
storedfollowing a hierarchicalapproachand ma-
nipulatedaccordingo anobject-orientegharadigm.
Datain the domainand modelbasesare classi ed
into basicandcompoundobjects. Building a basic
objectdomain,e.g.acatchmenbr areserwir, is the
rst modelling step,whereraw dataare organized
by hypothesizinga modellingstructureandits pur-
posesthena setof basicobjectscanbe groupedto
constituteacompoundbject,asawatersystenora
distribution network. Onthe sameobject,eitherba-
sic or compounddifferentmodelscanbe built: the
purposeof the modelbaseis in factto promotethe
modelsubstitutionandinterconnectionThe DSS/P
andDSS/Musea commondomainbaseandmodel
baseto performtheir tasks.Finally, the experiment
metaphorhasbeenadoptedo representhe SA ac-
tivity: an experimentstartsby choosingthe nec-
essaryingredients(dataand/ormodels);continues
by formulatinga modelidenti cation problemor a
multi-objective optimal control problemor a simu-
lation; and endsby solving the posedproblemand
storing the results. To computethe problemsolu-
tion, atool (eitheranidenti er or anoptimizeror a
simulator)is applied,which canbe picked up from
atool box. TwolLe providesa setof standardden-
ti cation tools, a wide choiceof policy designop-
timizersand a bunch of simulators. The latter in-
cludesdeterministic,markovian and Monte Carlo
simulatorswhile the optimizersarebasedn differ-
entalgorithmssuchasstochastiacynamicprogram-

Figure 9: The TwolLe GUI: calibration of an
ARMA.

ming (Bertsekaq1995]), neuro-dynamigrogram-
ming (Bertsekasand Tsitsiklis [1996]; De Rigo
et al. [2001]) or Q-learning (Watkins and Dayan
[1992]); Castellettiet al. [2001]). All thesealgo-
rithms have beenconcevedto dealwith setvalued
policies.

TheDSScontrolunit allowsthecommunicatiorbe-
tweenthe two levels of the DSS and the domain,
model and experimentbases. In the presentver
sion of TwolLe, by meansof the DSS/R the SA
caneditdata,design calibrateandvalidatemodels,
produceoptimal distribution policies (network op-
timization) andoptimal releasepolicies(watersys-
tem optimization),andevaluatethe performanceof
alternatvesby meansof simulation.In otherwords
it supportsall theactiities requiredto completethe
phase®-4in boxA of Figure4. In thefutureit will

alsosupportphasesl and2 in box B. The DSS/M
(box C) canpresentlydealwith forecastingpy us-
ing real-timedatafrom atelemeterinqnetwork, and
computethedaily releasedecision.

Finally Twole hasa friendly userinterface (GUI)
to help the SA in datapreparationand algorithm
choice. The GUI is inspired by the toolbox and
folders metaphoi(seeFigure7): the SA canbrowse
the folder structureas a normal le managerand
choosetool to performits tasksontheitemsstored
in afolder. Thefolder structureis recursve: attop
the level items are meta-domairobjects;eachone
openson realdomainobjectsand,in turn, eachdo-
main containsits modelsand, for eachmodel, the
experimentghatweremadeon or with it.



8 CONCLUSION

In thispapemwe havebrie y review themainphases
of the well known EIA procedure,pointing out

some challengingand signi cant concernsposed
by its applicationto planning and managingwa-

ter resenoir systems. For eachone of theseis-

sueswe have proposedand analyzedsomeinno-

vative solutions. In doing so we have stressedhe

key role playedby a wider involvementof stale-

holdersand DMs at every stageof decisionalpro-

cessand suggestedhow this involvementcould be

technically pursued. Finally we have described
somestructurafeaturesof TwolLe,atwo level DSS,

which imbedssomeof (not yet all) the ideaspre-

sented. TwolLe has beensuccessfullyapplied to

the planningof Verbanowater systemin Northern
Italy (Betti et al. [2001]) andis currently adopted
in the recently startedEU project MERIT (Man-

agemenEnvironmentalResourcesisingintegrated
Techniquespimedat exploring the applicability of

BBNs asanintegratedmanagemertbol.
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