


Themanagemerdf theKaribascheménasbeertra-
ditionally basedon a rule curve, which relatesthe
releasefrom the reseroir to the actualamountof
water storedat a given period of time. This curve
givesa prior of the desiredstoragevolumefor ev-
ery monthof theyear Accordingto suchcurve, the
storageshouldgraduallydrop down betweenJuly
andJanuaryto provide sufiicientstoragefor thean-
nualflood, whichis expectedto fill the reserwir in
thefollowing months.

The optimal control policy should have two per
formancecriteria: minimization of the maximum
value of monthly enegy deficit; and minimization
of the maximumvalueof the total monthlyrelease.
Note the complexity of the problemas both crite-
ria are conflictive: reducingmonthly enegy deficit
requireshigher releaseswhereasminimization of
total monthlyreleasesequirelower releases.

Theapproactwe shallshav in the next sectionwas
proposedseeRiosInsuaetal.[1995])asanattempt
to answerthe questionof whetherthe methodsand
methodologyoffered by DecisionAnalysisare ca-
pableto captureand adequatelyaddresssuch as-
pectsof reseroir system®perationlik e conflicting
multiple objectves,dynamicsanduncertainty

Decision theory see French et al.[2000] for an
introduction, is implementedfrom an engineering
point of view, with the aid of Decision Analysis
(Clemen[1997]),giving coherentsupportto deci-
sionmakingthrougharationalframework thatfacil-
itatesthe solutionof complex problemsthroughan
iterative cycle, calledthe DecisionAnalysisCycle,
basedon: 1) problem structuring, identifying de-
cisions,alternatves, statesof nature,consequences
andits relations,?2) belief modelling, the decision
malker beliefsareencodedn a probabilisticmodel,
3) preference modelling, the decisionmaker prefer
encesareencodedn anutility model,4) maximiza-
tion of expected utility, the maximumexpectedutil-
ity alternatvesareidentified,and5) sensitivity anal-
ysis, studyingtheeffectsof differentmodelassump-
tionsandassessments verify theirconsistencand
detectwhethemew structureor furtherrefinements
needed.

3 APPLYING DECISION ANALYSIS TO
DEVELOP OPERATING POLICIES
FOR THE LAKE KARIBA SCHEME

Our methodology to deal with multiobjective
stochastigproblemsfor monthly planningreserwoir
systemmanagemen(seeRios Insuaet al.[1997]),

differssignificantlyfrom traditionalmethodologies,
which adopta stationaryview of the world, since
it allows to take explicitly into consideratiora dy-
namiccharacteof theinflow processes.

Key issuesof this methodologyare: 1) the defini-

tion of flexible waterreleasepolicies; 2) the useof

Bayesianforecastingmodelsfor predicting future
inflows; 3) a careful modelling of decisionmaker

preferenceswhich includea termreflectingdevia-

tion from a pre-definedreference trajectory aswe

shall explain in moredetail belov; 4) development
of heuristicgto provide policiesfor approximatehe

maximizationof expectedutility; and5) thorough
checkingof the policies throughsensitvity analy-
sis,to provide additionalmodellinginsights.

3.1 TheMethodology

Theaim of the control policy is to determineat ev-
ery discretemomentof time (for instanceonce a
month)controlsu;41, - . . , u¢+k, thatis, volumesof
waterto be releasedwherek is the planninghori-
zon andt is the currenttime. Usually there can
bedistinguishedseveralkindsof releasesssociated
with variousoperationalpurposese.g. for hydro-
power generationirrigation, flood control,spill, . . .
sothatu; = (uf,u?,...,ul), whereu! denoteghe
volumeof waterreleasedor purposd attimet.

Informationaboutthe inflow processs givenin the
form of a predictive density h(iz41, .- - , itk Dt)
determinedbasedon analysis of historical data
records.The predictive densityspecifiesa forecast-
ing modelfor inflows ¢, giventhe history D, until
time t. A preferencemodel F', shawing the con-
sequences(u, i) associatedvith releasingu when
theinflows arei, is givento allow the evaluationof
consequence@mpacts)of releases;. The storage
attime t will be denoteds;. An evaluationof the
final stateof the reserwir is giventhrougha func-
tion G. Then,atatime ¢, thereseroir management
planning problemfor k periodsaheadconsistsof
finding controlsu;y1, . . . , urrr thatmaximizethe
expectedutility

k
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while takinginto accounthedynamicsof thereser
voir system, constraintsover controls and reser
voir storages. Typical constraintswould include
boundson typesof releaseshoundson maximum
and minimum allowed reseroir storagesandcon-



tinuity conditionsrelating storagesat consecutie
timesgiveninflows, releasesandevaporation:

. E : l
St+1 = St — € + 1 — Uy,
l

wheree; is theevaporated/olumeattime .

Theabove framework, to beappliedfor largereser
voirs such as Kariba or Cahorawhich were con-
sideredin our studies,would requirea 36 month
or longer planninghorizon. This long-term plan-
ning problembecomesomputationalljunmanage-
able, as a long-term stochasticdynamic program-
ming problem hasto be solved, and the evalua-
tion of eachcontrol requiresa high dimensionin-
tegral. Additionally, the uncertaintyaboutthe in-
flow processapidly propagateshroughconsidered
time horizon. Although for problemswith shorter
horizons, stochastigprogrammingprovides appro-
priatecomputationahnd/orapproximatiorschemes
(seeBirge et al.[1997] for a review, and Carlin et
al.[1997] for alternatve approachedasedon for-
ward simulation),an alternatve strategy hasto be
adoptedor ourproblem.A referencetrajectory was
used,which assumesvailability of a “reference”
storagdevel for eachperiod. Then,the problem(1)
canbereformulatedas

/ (F(clupnite1) + 5(ste1, 5501))

h(iz1|Dy)digtr,  (2)

whered(s;41, 57, ) representshe deviation of the
final storages;; from the referencestorages;, ;.
Intuitively speaking,if referencestoragesare de-
fined in sucha way so asto accountfor the dy-
namicaspectf the problem,we would not loose
too muchwith this modified“myopic” approach.

To computethe reference trajectory, we usea de-
terministicversionof the problem(1), with inflows
fixed at their predictive expectedvaluesiz; ;. We
usethe samedynamicsand constrainton storages
and controls,and selectan initial volumesy. The
objective functionto be maximizedis then

F(c(utqj, t45)) — p (St4rt1 — S0)°

j=1
@)

Theoptimalsolutionof (3) providesareferencetra-
jectory (sf41,--- 871 x41)- The(deterministicdy-
namicprogrammingproblem(2) maybesolvedus-
ing discretedynamicprogramming.

3.2 Forecasting methodology

An essentialstepin our approachis the develop-
ment of an inflow forecastingmodel. Numerous
recentmodellingand computationaknhancements
have madeDLMs (DynamicLinear Models) read-
ily availablefor applicationsseeWestetal.[1997].
Bemger et al.[1997] describemary of their advan-
tagesfor hydrologicalmodelling.

The aim of forecastingis to determine,at instant
t, the next k valuesof the inflow (or a transforma-
tion of it), sayy;, from theinstantt + 1 to instant
t + k, giventhe availableinformation D;. For that
we useDLMs which, in their simplestformulation,
havethefollowing structurefor everyinstantof time
t=1,2,3,...:

e Observation equation:
Yt = Fyze + v, v~ N(0,Vp)

wherey, denoteshe obsenred value, which
dependdinearly onthestatevariablesz;, per
turbedby anormalnoise.

e System evolution equation:
2z = Gezpo1 +wy, wy ~ N(0,Wy)

describingheevolution of thestatevariables,
linearly dependentnthevariablesn the pre-
viousstateplusarandomperturbation.

o [nitial information:
29| Do ~ N(mog, Co)

describinghe expert’s prior beliefs.

Theerrorsequences; andw; areindependentand
mutuallyindependentMoreover, they areindepen-
dentof (zg|Dy).

A basicadwantageof DLMs is thatthey allow mod-
elling featuresusual in hydrological time series
like trendandseasonapatternsandpermitthe in-
corporationof covariates,such as rainfall for in-
flows, basedn the superposition principle (Westet
al.[1997]). The superposition principle statesthat
linear combinationsof independenDLMs provide
aDLM. As aconsequencaye useamodelbuilding
stratgy basedn blocks(dependingntheforecast
horizon),representingrends seasongpatternsdy-
namicregression(if covariatesare available), and,
if required,anautorgressve termto improve short
termforecasting.



3.3 Preference modelling

A preferencemodel is required to evaluate the
consequencesf a decision. This estimationis

not straightforvard becausesometimeghe conse-
gquence$avenoobviousmeasuremerscale.More-
over, in our context we shall have to facemultiple
attributes and uncertainties. A multiattribute util-

ity function permitscomparisonbetweencomplec

alternatvesthroughthe maximumexpectedutility

principle.

We fit single-attritute utility functions comparing
lotterieslike

(‘é‘ (1 (‘f”) Va € [0,1]

This lottery represents casein which we obtainc
with probabilityof a andd with (1—«). If wemake
¢ = z* andd = z,, wherez* andz, arethebest
andtheworstresultsfor theattributemodeledusing
the equivalent probability method and normalizing
the utilities to u(z.) = 0 andu(z.) = 1, thereisa
quantityz;, suchthatu(z;) = a;, for 0 < a; <
1. This methodis usedto determinethe preference
relationshipR in

LS

All theelementsexcepta arefixedandR represents
the relationsbetweenboth lotteries. The decision
maker shouldprovide his opinionsabouta until R
representindifference(~). In this casewe obtain
thatu(z;) = a.

In our reserwir problem, we have found that a
flexible classof utility functionsis composedof
concae-corvex functions. The specific version
used for increasingunctions,is

a;1 — biexp(—cipx), for x < g
ajo + bipexp(cipx), for x > xo
bi1,bia,cin and cip > 0 (4)

Oncewe have enoughutility values(u(z;) = «;),
obtainedas shoved above, we estimatethe shape
parametersq;, a2, bi1, bi2, ¢i1, ¢i2, to fix the util-
ity function.

For amultiattribute problem we usea weightedad-
ditive utility function. E.g.,if therearetwo typesof
releaseandn objecties,

F(Ul,’u,g,i) = )\1f1(’LL1,U2,i) + -
+ /\nfn(ulau%i)

Toobtainthe\q, ... , A, weights,wefollow asimi-
lar approachi.e we askthedecisionmakeruntil, for
a specificattribute z;, sheis indifferencebetween
thefollowing lotteries

( 1-p) p ) N
(T1ks ooy iy ooy Tyw)  (ZF, 0,28, T))
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Thenwe obtainthat\; = p.
3.4 Optimization

Having the forecastingmodel(describedn section
3.2),thepreferencenodel(describedn section3.3)
andthe reference trajectory, we will look for con-
trols to maximizethe expectedutility, for example,
for eachmonth. For simplicity, the optimization
procedureusedis describedassuminghatwe have
only two typesof releasesu;, uz;. The problemto
besolvedis, therefore:

max lI’(U,l,u/z) = /F(Ul,UZ,l)h(l)dl (5)

s.t.0 S’Lbl S ma
0 <uz <mao

where ¥ (uy,us) is the expectedutility associated
with controlsu;, us andmy, mo arethe upper
boundsfor thereleasesespectiely.

Two problemsarisewith theobjective functionto be
maximized(5) dueto it cannotbeexpressedin gen-
eral,in explicit form. First, difficultieswith function
evaluation.To dealwith them,we useMonte Carlo
integration approximation.Secondnumericaldiffi-
cultieswith maximizationof the objective function.
To dealwith them,the Nelder-Mead algorithm was
used,asit requiresonly evaluationof the objective
functionandis ratherrobustin low dimensionprob-
lems. SeePalomo[2000}for moredetailsin the so-
lution of theseproblems.

3.5 BayRes

The implementatiorof the methodologydescribed
in previous sectionsis far from being simple.
Its successin solving the Kariba and Cahora
Bassareseroir managemenproblem (Rios Insua
et al.[1997]) and (Rios Insuaet al.[1995]) hasled
to the developmentof BayRes,a decisionsupport
systemthatcombineslement®f theapproachpre-
sentechereinto oneconsistenframework to facili-
tateits application.Silver[1991]suggestshataDe-
cision SupportSystem(DSS)is a computersystem



thattriesto affect how peoplemake decisions.We
preferto call DSSto a computersystemthat sup-
portsthe decisionmakingprocesshelpingdecision
makers to explore the implications of their judg-
mentsin orderto make decisionsbasedon under
standingof underlyingassumptionsavailableinfor-
mationandconsequencesf plausibledecisions.

BayReshasbeencreatedasa decisionsupportsys-

tem for reserwir operations supportingall phases

of the decisionanalysisprocess. It includes,em-
beddedn a userfriendly windows basednterface:

e amoduleto loadhistoricalandnew datafrom
theirsourcestypically atext file, into thesys-
tem,

e amoduleto build a forecastingnodel, mak-
ing easierthe constructionof the model,say
for example, specificationof the DLM pro-
cessor dataanalysis,

e amoduleto build apreferencenodel,includ-
ing the computatiorof areference trajectory,

e anoptimizerand

e severalsensitvity analysistools.

Thefeaturesof theapplicationandits operation(see
Palomo[2000]andVallejo[2000]for acompletede-

scriptionof the implementation)are describedand
controlledthroughseveralwindows. Fromthemain

menuyou canlaunchoneof thethreedifferentmod-

ulesdependingon the stageyou arein the process:
loadingdata,building the forecastingnodel,build-

ing the preferencenodelor usingsensitvity analy-
sis. As this is not a sequentiabrocessgachmod-

ule canbelaunchedat a time with no orderprede-
fined except, of course,that optimizing and sensi-
tivity toolsrequirea previousmodelto work onit.

The preferencemodel hasthe following steps: 1)

Introducingthe numberof attributesandtheir char

acteristicanaximumvalue,minimumvalue,. . . , 2)

obtain somevaluesof the utility function through
lotteriesfor eachattribute,3) fit thedifferentutilities

function to a concae-corvex or corvex-concae
family dependingon the monotonicity properties,
4) obtain the weightsof eachutility function into

the generaladditive multiattribute utility function,
5) constructiorof thegenerahdditive multiattribute
utility function.

Figure 1 showns an exampleof the utility functions
family usedin the preferencemodelfor increasing
preferencéseethe expressionn (4)).

As a result of the optimization module, BayRes
shaws differentchartsfor the control policy in the
next k periods. In our example, theseconsistof
monthly releasesthrough spillgatesand turbines,
enegy producedeachmonth and total amountof
waterreleasedachmonth.

Figure 1. Exampleof concae-corvex increasing
utility functionbuilt with BayRes.

Figure 2: Exampleof the control policy obtained
aftertheoptimizationprocess.

BayResprovides capabilitiesto modify the sug-
gestedcontrol policy asexternalinput arrives. For
example its forecastingnoduleallowsfor interven-
tions, illustrating a principle of management by ex-
ception: a setof modelsis routinely usedfor pro-
cessingnformation,makinginferencesandpredic-
tions,andmakingdecisionsunlessexceptionalcir-
cumstancesrise. Exampleswould include a sud-
denrainfall, a big releasefrom an upstreanreser
voir, or the detectionof a wet period. In such
casesthe systemis opento external (userinitiated
and userperformed)interventions,typically by in-
clusion of additional subjectve information. As



