


Themanagementof theKaribaschemehasbeentra-
ditionally basedon a rule curve, which relatesthe
releasefrom the reservoir to the actualamountof
waterstoredat a given periodof time. This curve
givesa prior of the desiredstoragevolumefor ev-
ery monthof theyear. Accordingto suchcurve,the
storageshouldgraduallydrop down betweenJuly
andJanuary, to providesufficientstoragefor thean-
nualflood, which is expectedto fill thereservoir in
thefollowing months.

The optimal control policy should have two per-
formancecriteria: minimization of the maximum
valueof monthly energy deficit; andminimization
of themaximumvalueof thetotal monthlyrelease.
Note the complexity of the problemasboth crite-
ria areconflictive: reducingmonthlyenergy deficit
requireshigher releases,whereasminimization of
total monthlyreleasesrequirelower releases.

Theapproachweshallshow in thenext sectionwas
proposed(seeRı́osInsuaetal.[1995])asanattempt
to answerthequestionof whetherthemethodsand
methodologyofferedby DecisionAnalysisareca-
pable to captureand adequatelyaddresssuch as-
pectsof reservoir systemsoperation,likeconflicting
multiple objectives,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 coherentsupport to deci-
sionmakingthrougharationalframework thatfacil-
itatesthesolutionof complex problemsthroughan
iterative cycle, calledtheDecisionAnalysisCycle,
basedon: 1) problem structuring, identifying de-
cisions,alternatives,statesof nature,consequences
and its relations,2) belief modelling, the decision
maker beliefsareencodedin a probabilisticmodel,
3) preference modelling, thedecisionmaker prefer-
encesareencodedin anutility model,4) maximiza-
tion of expected utility, themaximumexpectedutil-
ity alternativesareidentified,and5) sensitivity anal-
ysis, studyingtheeffectsof differentmodelassump-
tionsandassessmentstoverify theirconsistenceand
detectwhethernew structureor furtherrefinementis
needed.

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

Our methodology, to deal with multiobjective
stochasticproblemsfor monthlyplanningreservoir
systemmanagement(seeRı́os Insuaet al.[1997]),

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

Key issuesof this methodologyare: 1) the defini-
tion of flexible waterreleasepolicies;2) theuseof
Bayesianforecastingmodelsfor predicting future
inflows; 3) a careful modelling of decisionmaker
preferences,which includea termreflectingdevia-
tion from a pre-definedreference trajectory aswe
shall explain in moredetail below; 4) development
of heuristicsto providepoliciesfor approximatethe
maximizationof expectedutility; and5) thorough
checkingof the policies throughsensitivity analy-
sis,to provideadditionalmodellinginsights.

3.1 The Methodology

Theaim of thecontrolpolicy is to determineat ev-
ery discretemomentof time (for instanceoncea
month)controls�
	���
������������
	���� , thatis, volumesof
waterto be released,where

�
is the planninghori-

zon and � is the current time. Usually there can
bedistinguishedseveralkindsof releasesassociated
with variousoperationalpurposes,e.g. for hydro-
powergeneration,irrigation,floodcontrol,spill, �����
sothat � 	���� � 
	 ��� �	 �������������	 � , where�
�	 denotesthe
volumeof waterreleasedfor purpose! at time � .
Informationabouttheinflow processis givenin the
form of a predictive density " ��#$	���
 ��������� #$	����&% '(	 �
determinedbasedon analysis of historical data
records.Thepredictivedensityspecifiesa forecast-
ing modelfor inflows # , given the history ' 	 until
time � . A preferencemodel ) , showing the con-
sequences* � �+� # � associatedwith releasing� when
theinflowsare # , is givento allow theevaluationof
consequences(impacts)of releases� . The storage
at time � will be denoted, 	 . An evaluationof the
final stateof the reservoir is given througha func-
tion - . Then,at a time � , thereservoir management
planningproblemfor

�
periodsaheadconsistsof

finding controls � 	��+
 ����������� 	���� that maximizethe
expectedutility.0/1 �23�4 
 ) � * � ��	�� 3 � # 	�� 3 ����5 - � ,�	����6��
 � 78" �9#$	���
 ���:�;�:� #$	����<% '=	 ��> #$	���
 �:�;� > #$	���� (1)

while takinginto accountthedynamicsof thereser-
voir system,constraintsover controls and reser-
voir storages. Typical constraintswould include
boundson typesof releases,boundson maximum
andminimumallowed reservoir storages,andcon-



tinuity conditionsrelating storagesat consecutive
timesgiveninflows,releasesandevaporation:, 	���
?� , 	�@BAC	 5 #$	�@ 2 � � �	 �
where A�	 is theevaporatedvolumeat time � .
Theaboveframework, to beappliedfor largereser-
voirs such as Kariba or Cahorawhich were con-
sideredin our studies,would requirea 36 month
or longer planninghorizon. This long-termplan-
ning problembecomescomputationallyunmanage-
able, as a long-termstochasticdynamicprogram-
ming problem has to be solved, and the evalua-
tion of eachcontrol requiresa high dimensionin-
tegral. Additionally, the uncertaintyaboutthe in-
flow processrapidly propagatesthroughconsidered
time horizon. Although for problemswith shorter
horizons,stochasticprogrammingprovidesappro-
priatecomputationaland/orapproximationschemes
(seeBirge et al.[1997] for a review, andCarlin et
al.[1997] for alternative approachesbasedon for-
ward simulation),an alternative strategy hasto be
adoptedfor ourproblem.A reference trajectory was
used,which assumesavailability of a “reference”
storagelevel for eachperiod.Then,theproblem(1)
canbereformulatedas. � ) � * � �
	���
D� # 	���
 ��5FE � ,�	���
D�G,�H	���
 ���" ��# 	���
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where E � , 	���
 �J, H	��+
 � representsthedeviation of the
final storage, 	���
 from the referencestorage, H	���
 .
Intuitively speaking,if referencestoragesare de-
fined in such a way so as to accountfor the dy-
namicaspectsof the problem,we would not loose
too muchwith this modified“myopic” approach.

To computethe reference trajectory, we usea de-
terministicversionof theproblem(1), with inflows
fixed at their predictive expectedvalues K L 	�� 3 . We
usethe samedynamicsandconstraintson storages
andcontrols,andselectan initial volume ,�M . The
objective functionto bemaximizedis then�23�4 
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(3)

Theoptimalsolutionof (3) providesareference tra-
jectory ( , H	��+
 ���������J, H	����P��
 ). The(deterministic)dy-
namicprogrammingproblem(2) maybesolvedus-
ing discretedynamicprogramming.

3.2 Forecasting methodology

An essentialstep in our approachis the develop-
ment of an inflow forecastingmodel. Numerous
recentmodellingandcomputationalenhancements
have madeDLMs (DynamicLinear Models)read-
ily availablefor applications,seeWestet al.[1997].
Berger et al.[1997] describemany of their advan-
tagesfor hydrologicalmodelling.

The aim of forecastingis to determine,at instant� , the next
�

valuesof the inflow (or a transforma-
tion of it), say RD	 , from the instant � 5TS to instant� 5 �

, giventheavailableinformation ' 	 . For that
we useDLMs which, in their simplestformulation,
havethefollowingstructurefor everyinstantof time� � S �JU&��VW�������YXZ Observation equation:R 	[� ) 	 \C	 5^] 	 � ] 	�_a`b�9c �Gd 	 �

where RD	 denotesthe observed value,which
dependslinearlyonthestatevariables\C	 , per-
turbedby a normalnoise.Z System evolution equation:\ 	 � -e	 \ 	$f�
 5^g 	J� g 	 _h`F�9c �Jij	 �
describingtheevolutionof thestatevariables,
linearlydependentonthevariablesin thepre-
viousstateplusa randomperturbation.Z Initial information:\ M % ' M _a`b��k Ml�JmnM �
describingtheexpert’sprior beliefs.

Theerrorsequences] 	 and g 	 areindependent,and
mutually independent.Moreover, they areindepen-
dentof �o\ M % ' M � .
A basicadvantageof DLMs is thatthey allow mod-
elling featuresusual in hydrological time series
like trendandseasonalpatterns,andpermit the in-
corporationof covariates,such as rainfall for in-
flows,basedon thesuperposition principle (Westet
al.[1997]). The superposition principle statesthat
linear combinationsof independentDLMs provide
aDLM. As aconsequence,weuseamodelbuilding
strategy basedonblocks(dependingon theforecast
horizon),representingtrends,seasonalpatterns,dy-
namicregression(if covariatesareavailable),and,
if required,anautoregressive termto improveshort
termforecasting.



3.3 Preference modelling

A preferencemodel is required to evaluate the
consequencesof a decision. This estimation is
not straightforward becausesometimesthe conse-
quenceshavenoobviousmeasurementscale.More-
over, in our context we shall have to facemultiple
attributesand uncertainties. A multiattribute util-
ity function permitscomparisonbetweencomplex
alternativesthroughthe maximumexpectedutility
principle.

We fit single-attribute utility functionscomparing
lotterieslikepWq � S @ q �* > rts qbuOv c � S6w
This lottery representsa casein which we obtain *
with probabilityof

q
and > with � S @ q � . If wemake* �yx H and > �zx H , where x H and x H arethe best

andtheworstresultsfor theattributemodeled,using
the equivalent probability method andnormalizing
theutilities to � �9x H � �Tc and � ��x H � � S , thereis a
quantity x 3 , suchthat � ��x 3 � � q 3 , for c^{ q 3 {S . This methodis usedto determinethepreference
relationshipR inp � S @ q � qx H x H rj| p Sx�} r
All theelementsexcept

q
arefixedandR represents

the relationsbetweenboth lotteries. The decision
maker shouldprovide his opinionsabout

q
until R

representsindifference( _ ). In this case,we obtain
that � ��x } � � q

.

In our reservoir problem, we have found that a
flexible classof utility functions is composedof
concave-convex functions. The specific version
used,for increasingfunctions,is~ } 
 @^�P} 
 ACxl����@ * } 
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Oncewe have enoughutility values( � ��x 3 � � q 3 ),
obtainedas showed above, we estimatethe shape
parameters,~ } 
 � ~ } � � � } 
 � � } � ��* } 
 ��* } � , to fix the util-
ity function.

For amultiattributeproblem,weuseaweightedad-
ditiveutility function.E.g.,if therearetwo typesof
releasesand � objectives,) � � 
 ��� � � # � ����
6�l
D� � 
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To obtainthe ��
 ��������� � � weights,wefollow asimi-
lar approach,i.eweaskthedecisionmakeruntil, for
a specificattribute x�} , sheis indifferencebetween
thefollowing lotteriesp � S @�� � ��9x 
 H ���:�;� x
} H ���:�;� x
� H � ��x H
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Thenweobtainthat ��}��B� .

3.4 Optimization

Having the forecastingmodel(describedin section
3.2),thepreferencemodel(describedin section3.3)
andthe reference trajectory, we will look for con-
trols to maximizetheexpectedutility, for example,
for eachmonth. For simplicity, the optimization
procedureusedis describedassumingthatwe have
only two typesof releases� 
�	 , � � 	 . Theproblemto
besolvedis, therefore:

max � � � 
 ��� � � � . ) � � 
 ��� � � # � " ��# � � # (5)

s.t. c(� � 
��Fkj
c(� � � �Fk �
where � � ��
I��� � � is the expectedutility associated
with controls ��
I��� � and k 
�� k � are the upper
boundsfor thereleasesrespectively.

Two problemsarisewith theobjectivefunctionto be
maximized(5) dueto it cannotbeexpressed,in gen-
eral,in explicit form. First,difficultieswith function
evaluation.To dealwith them,we useMonte Carlo
integration approximation.Second,numericaldiffi-
cultieswith maximizationof theobjectivefunction.
To dealwith them,theNelder-Mead algorithm was
used,asit requiresonly evaluationof theobjective
functionandis ratherrobustin low dimensionprob-
lems.SeePalomo[2000]for moredetailsin theso-
lution of theseproblems.

3.5 BayRes

The implementationof the methodologydescribed
in previous sections is far from being simple.
Its successin solving the Kariba and Cahora
Bassareservoir managementproblem(Rı́os Insua
et al.[1997]) and (Rı́os Insuaet al.[1995]) hasled
to the developmentof BayRes,a decisionsupport
systemthatcombineselementsof theapproachpre-
sentedhereinto oneconsistentframework to facili-
tateits application.Silver[1991]suggeststhataDe-
cisionSupportSystem(DSS)is a computersystem



that tries to affect how peoplemake decisions.We
prefer to call DSS to a computersystemthat sup-
portsthedecisionmakingprocess,helpingdecision
makers to explore the implications of their judg-
mentsin order to make decisionsbasedon under-
standingof underlyingassumptions,availableinfor-
mationandconsequencesof plausibledecisions.

BayReshasbeencreatedasa decisionsupportsys-
tem for reservoir operations,supportingall phases
of the decisionanalysisprocess. It includes,em-
beddedin a user-friendly windowsbasedinterface:Z amoduleto loadhistoricalandnew datafrom

theirsources,typically atext file, into thesys-
tem,Z a moduleto build a forecastingmodel,mak-
ing easierthe constructionof the model,say
for example,specificationof the DLM pro-
cessor dataanalysis,Z amoduleto build apreferencemodel,includ-
ing thecomputationof a reference trajectory,Z anoptimizerandZ severalsensitivity analysistools.

Thefeaturesof theapplicationandits operation(see
Palomo[2000]andVallejo[2000]for acompletede-
scriptionof the implementation)aredescribedand
controlledthroughseveralwindows. Fromthemain
menuyoucanlaunchoneof thethreedifferentmod-
ulesdependingon thestageyou arein theprocess:
loadingdata,building theforecastingmodel,build-
ing thepreferencemodelor usingsensitivity analy-
sis. As this is not a sequentialprocess,eachmod-
ule canbe launchedat a time with no orderprede-
fined except,of course,that optimizing andsensi-
tivity toolsrequirea previousmodelto work on it.

The preferencemodel hasthe following steps: 1)
Introducingthenumberof attributesandtheir char-
acteristicsmaximumvalue,minimumvalue, ����� , 2)
obtain somevaluesof the utility function through
lotteriesfor eachattribute,3)fit thedifferentutilities
function to a concave-convex or convex-concave
family dependingon the monotonicityproperties,
4) obtain the weightsof eachutility function into
the generaladditive multiattribute utility function,
5) constructionof thegeneraladditivemultiattribute
utility function.

Figure1 shows an exampleof the utility functions
family usedin the preferencemodelfor increasing
preference(seetheexpressionin (4)).

As a result of the optimization module, BayRes
shows differentchartsfor the control policy in the
next

�
periods. In our example, theseconsistof

monthly releasesthrough spillgatesand turbines,
energy producedeachmonth and total amountof
waterreleasedeachmonth.

Figure 1: Exampleof concave-convex 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 forecastingmoduleallowsfor interven-
tions, illustratinga principleof management by ex-
ception: a setof modelsis routinely usedfor pro-
cessinginformation,makinginferencesandpredic-
tions,andmakingdecisions,unlessexceptionalcir-
cumstancesarise. Exampleswould includea sud-
denrainfall, a big releasefrom an upstreamreser-
voir, or the detectionof a wet period. In such
cases,thesystemis opento external(user-initiated
anduser-performed)interventions,typically by in-
clusion of additional subjective information. As


