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Abstract

Building enegy simulationprogramsomputenumericalapproximationsgo physicalphe-
nomenathat can be modeledby a systemof differential algebraicequationsDAE). For a
large classof building enegy analysisproblems,one canprove thatthe DAE systemhasa
unigueoncecontinuouslydifferentiablesolution. Consequentlyif building simulationpro-
gramsarebuilt on modelsthatsatisfythesmoothnesassumptionsequiredto prove existence
of auniqguesmoothsolution,andif their numericalsolversallow controlling the approxima-
tion error, onecanusesuchprogramswith GeneralizedPatternSearctoptimizationalgorithms
thatadaptvely controlthe precisionof the solutionsof the DAE system.Thoseoptimization
algorithmsconstructsequencesf iterateswith stationaryaccumulatiorpointsandhave been
shown to yield a signi cant reductionin computatiorntime comparedo algorithmsthat use

x edprecisioncostfunctionevaluations.

In this paper we statethe requiredsmoothnesassumptionandpresenthetheoremshat
stateexistenceof a uniqguesmoothsolutionof the DAE system.We presenBuildOpt, a de-
tailedthermalanddaylightingbuilding enegy simulationprogram.We discussxampleshat
explain the smoothingtechniquesisedin BuildOpt. We presentumericalexperimentsthat
comparethe computationtime for an annualsimulationwith the smoothingtechniquesap-
plied to differentpartsof the models.The experimentshaw thathigh precisionapproximate
solutionscan only be computedf smoothmodelsare used. This is signi cant becauseo-
day’s building simulationprogramsdo not usesuchsmoothingtechniquesandtheir solvers
frequentlyfail to obtainanumericalsolutionif thesolvertolerancesretight. We alsopresent
how BuildOpt's approximatesolutionscorvergeto a smoothfunctionasthe precisionparam-
eterof the numericalsolveris tightened.
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1 Intr oduction

We presenBuildOpt, a nev multi-zonethermalanddaylightingbuilding enegy simulationpro-

gram. BuildOpt is differentfrom existing building enegy simulationprograms suchasEnegy-

Plus(Crawley etal.,2001), TRNSYS(Klein etal., 1976)andDOE-2 (Winkelmannetal., 1993),
sinceit is built onmodelsthatarede ned by differentialalgebraicequationgDAE system}hatare
onceLipschitz continuouslydifferentiablein the building designparametersandsinceall partial

differentialequationsprdinarydifferentialequationsandalgebraicequationsare solved simulta-
neously The useof smoothmodelsnot only allows proving thatthe DAE systemhasa unique
solutionthatis oncecontinuouslydifferentiablein the building designparameterdyut it is in fact

requiredto achieve convergenceof the DAE solwer if the solver tolerancesretight. Thisis asig-

ni cant obserationbecausdodays building enegy simulationprogramsarebuilt onnon-smooth
models,andtheir solversfrequentlyfail to obtaina numericalsolutionif the solver tolerancesre
tight.

Theuseof aDAE solver, asopposedo ad-hodmplementedolversthatarespreadhroughout
the code(which is commonin mostbuilding enegy simulationprograms)allows controllingthe
precisionof the numericalapproximationgo the solutionof the DAE systemandhenceit allows
obtainingafunctionthatboundgheapproximatiorerrorasafunctionof thesolvertolerance This
is requiredin orderfor the simulationprogramto be usedwith GeneralizedPatternSearch(GPS)
optimizationalgorithmswith adaptve precisioncostfunction evaluations,developedby Polak
andWetter(2003),or by algorithmsthatarebasedn the MasterAlgorithm Model 1.2.36in Polak
(1997). Thoseoptimizationalgorithmsuse coarseprecisionsimulationsfor the early iterations
and progressiely increasethe precisionof the simulations. This signi cantly reducessomputa-
tion time andallows proving thatthe optimizationalgorithmconstructsequencesf iterateswith
stationaryaccumulatiorpoints. To thebestof our knowvledge,BuildOptis the rst building enegy
simulationprogramthatcanbe usedto do building designoptimizationghatprovably corvergeto
astationarypoint.

Numericalexperimentswith EnegyPlusandanalysisof its sourcecoderevealedthatit does
not seempossibleto prove that EnegyPluscomputesan approximatesolutionthat convergesto
a smoothfunction as the solver tolerancesare tightened. In fact, in numericalexperimentsin
whichwe modeleda building's heatingandcoolingloadanddaylightingcontrol,therewereabout
ten solvers that controlledsubsystem®f the simulationmodel (suchasthe heatconductionin
the solids, the variabletime-stepintegration of the room air temperatur@andthe initialization of
the statevariables). We were not able to analyzehow the approximationerrorsof the different
solverswere propagatedrom onemodelto another andfrom onetime stepto the next, andthe
codebecamaunstableaswe increasedhesolvertolerancesin WetterandWright (2003a) Wetter
and Polak (2003) and (Wetter and Wright, 2003b),it is shavn that a building's annualenegy
consumptioncomputedby EnegyPlusis discontinuousn the building designparametersand
that the discontinuitiesare in somecaseson the order of 2% of the costfunction value. This
causedn somenumericalexperimentsthe optimizationalgorithmsto jam. In orderto have a
building enegy simulationprogramthatcanbeusedto performbuilding designoptimizationghat
provably nd astationarypoint of the costfunction,we developedBuildOpt.



Onemayaskwhy we developedour own simulationprogramratherthanhaving usedthe IDA-
ICE program(Bjorselletal., 1999;SahlinandBring, 1991),which is anequation-basebuilding
enegy analysisprogramthat hasa large library of simulationmodels. IDA-ICE generate$rom
equation-baserhodelsa DAE systemwhich it solvessimultaneouslyDiscussionsvith its devel-
opershavedthatIDA-ICE mightindeedbe a promisingtool for usewith our optimizationalgo-
rithms. However, without extensize numericalexperimentsandcodeanalysisjt is not possibleto
concludethatIDA-ICE satis esourrequirementskFurthermorein caseof badperformancef our
optimizationalgorithms,it would have beenhardif notimpossibleto detectwhy our algorithms
did not work asexpected. Therefore for theinitial experimentsof our optimizationalgorithms,
we preferredto developour own code.

Thepaperiis structuredasfollows. First, we presentheoptimizationproblemandtheassump-
tionsthatthesimulationprogramneedgo satisfyin orderto beusedwith our GPSalgorithmswith
adaptve precisioncostfunctionevaluations Next, we characteriz&uildOpt's physicalmodel,ex-
plain someof the modelsthatareimplementedn BuildOpt, andexplain someof the smoothing
techniqueghat are usedin implementingthe models. Then,we presentnumericalexperiments
thatcomparehow the smoothingtechniquesffect the corvergenceof the DAE solver andverify
thatthe numericalapproximationgorvemge to a smoothfunctionasprecisionis increased.

2 Nomenclature

2.1 Conventions
1. Vectorsarealwayscolumnvectors,andtheir elementsaredenotecby superscripts.
2. Elementof asetor asequencaredenotedy subscripts.

3. f() denotesafunctionwhere( ) standsfor the undesignatedariables. f(x) denoteshe
valueof f(') for theagumentx. f: A! B indicateshatthedomainof f( ) isin thespace
A, andthattheimageof f( ) isin thespaceB.

4. We saythatafunction f: R"! R is once(Lipschitz) continuouslydifferentiableif f() is
de nedonR", andif f() hasa (Lipschitz)continuousderivative onR".

5. Forees2 Ry, bye es,wemeanthatO< € € foralli= f1;::;qg.



2.2 Symbols

dimensionof the precisionparameteof the numericalsolvers
time
independenparametem the optimizationproblem
2A ais anelementof A
B AisasubsebfB
setof realnumbers

, equalby de nition
kxk L, normof x2 R", de nedaskxk, &M (x)2

3 Propertiesof Optimization Problem

3.1 Optimization Problem

We areinterestedn solvingbox-constrainegroblemsof theform

min f(x); 1)
whereX, x2R"jll X u;i2f1:::;ng istheconstrainset,with ¥ Ii<u ¥ for
alli2f1;:::;ng.

We assumehatthe costfunctionis oncecontinuouslydifferentiableandde ned as

fFO9, F(x1); (2)

whereF: R™! R is oncecontinuouslydifferentiableandz(x; 1) 2 R™ is the solutionof a semi-
explicit nonlinearDAE systemwith index one(Brenanetal., 1989)of theform

z2(xt) = hxzxt,u,; t2]0 1], (3a)
2x0) = 2(X); (3b)
gxzxtp = 0 (3¢)

whereh: R" R™ R!'! R™ z:R"! RMandg: R R™ R'! R!areonceLipschitzcontin-
uouslydifferentiablen all agumentsaandequation(3c) has for all x2 R"andforall z( ; ) 2 R™ a
uniquesolutiony (x;z) 2 R' andthematrixwith partialderivativesfg(x; Z(x;t); 1 (x;2))=fu2 R' '
is non-singularThe notationz(x;t) denoteglifferentiationwith respecto time.

Equation(3) is a DAE systemthat describesa building enegy simulationmodel after the
spatialdomainsof wall, oor andceilingconstructiondiave beendiscretizedn a nite numberof
nodalpoints.For example thecomponentsf thevectorz( ; ) canbetheroomairtemperaturethe
solidtemperaturatthenodalpoints,andthebuilding enegy consumptiorior cooling,heatingand
lighting,andq( ; ; ) canbeasystenof nonlinearequationshatis usedto describeéhetemperature
of elementwith nggligible thermalcapacity suchaswindow glass.



3.2 Existenceof a Unique Smooth Solution of the DAE System

We will now statethe assumptionghatwe useto establishexistence uniqguenessnddifferentia-
bility of thesolutionz( ;1) of (3).

Assumption3.1 Withg: R® R™ R!'! R!asin (3c), weassumehatq ; ;) is oncecontinu-
ouslydifferentiable andweassumehatfor all x2 R" andfor all z( ; ) 2 R™, equation(3c) hasa
uniquesolutionu (x;z) 2 R! andthatthematrixwith partial derivativesfig(x; zZ(x;t); i (X;2))=Tu2
R' !is non-singular O

By usingtheImplicit FunctionTheorem(Polak,1997),onecanshav thatAssumptior3.1implies
thatthe solutionof (3c), i.e.,theu (x;2) thatsatis esg x;z(x;t);u (x;2) = 0,is uniqueandonce
continuouslydifferentiablein x andz. Therefore to establishexistence uniqguenessanddifferen-
tiability of z( ;1), we canreducethe DAE system(3) to an ordinarydifferentialequationwhich
will allow usto usestandardesultsfrom thetheoryof ordinarydifferentialequations.To do so,
wede ne for x2 R", fort 2 [0; 1] andfor z(x;t) 2 R™ thefunction

A(x;z(x;t)) , h xz(xt);u (X2 ; (4)

andwrite the DAE system(3) in theform
z2(xt) = B xzxt) ; t2[0; 1]; (5a)
Ax0) = 2o(X): (5b)

Wewill usethenotatiorBy(x; z(x;t)) andf,(x; z(x;t)) for thepartialderivatives(T=1x)( B(x; z(x;t)))
and(1=12)(8(x; z(x;1))) , respectiely. We will make thefollowing assumption.

Assumption3.2 With: R" R™! RMandz: R"! RMasin (5), weassumehat
1. theinitial conditionzy( ) is continuoushdifferentiable

2. ther existsa constantk 2 [1; ¥) sud that for all xX2x%%2 R" andfor all 22°%2 R™, the
following relationshold:

KBOC D) BP9k K k@ »x%+k® 2% ; (6a)
KB, (G D) B (x0k K k@ »x%+ k2 2% ; (6b)
and
KB, (OCD) B,k K k@ x%+ k2 2% : (6¢)
O

Now we canusethefollowing theoremwhichis aspecialcaseof Corollary5.6.9in Polak(1997),
toshavthatf(), F(z ;1)) isoncecontinuoushdifferentiable.

Theorem 3.3 Suppose¢hatF: R™! R is oncecontinuouslydifferentiableon boundedsets that
Assumption8.1and3.2 are satis edandthat f: R"! Risde nedby f(x), F(z(x;1)). Then,
f() is oncecontinuoushdifferentiableon boundedsets. 0



3.3 Numerical Solutionsof the DAE System

We assumehatz(x;t) cannotbe evaluatedexactly, but thatit canbeapproximatechumericallyby
functionsz (g;x;t),wherez : R} R" R! RMande2 RY isavectorthatcontaingheprecision
parametersf the DAE solvers. Hence,we denoteby z (e x;t) the numericalapproximatiorfor
the solutionz(x;t) of (3), ascomputedby a simulationprogramwith solver precisionparameters
e. Thus,for e2 R andx 2 R", we de ne approximatingcostfunctionsf (gx), F(z (gx;1))
which are,in general discontinuousn x dueto adaptve algorithmsin the DAE solver, suchas
variabletime stepintegrationalgorithmsor Newton-basedolers.

3.4 Requirementson the Exact Cost Function and on the Approximating Cost
Functions

We wantto useBuildOpt to evaluatethe costfunctionin GeneralizedPatternSearch(GPS)al-
gorithmswith adaptve precisioncostfunction evaluations(Polakand Wetter 2003). For those
algorithms,we needto make the following assumption®n the solutionz( ;1) andits numerical
approximationg z (€ ;1)ge, 9.

Assumption 3.4
1. Thee existsan error boundfunctionj : RS ! R, sud that for any boundedsetS X,
ther existsanes 2 RY anda scalarKs 2 (0; ¥) sud thatfor all x2 Sandfor all e2 RY,

withe eg,
jz(exl) Ax1j Ksj(e): (")
Furthermoe,
lim j (e) = 0 8
Jm i (e) (8)
2. Thefunctionz: R" R! R s oncecontinuouslydifferentiable 0

Note that we allow the functionsfz (e ;1)g,, o to be discontinuous. Examplesof error
boundfunctionsj () canbefoundin PolakandWetter(2003)andin WetterandPolak(2003).

4 BuildOpt Simulation Program

Marny if notall of todays detailedbuilding simulationprogramsare built on modelsthatdo not
satisfy Assumptions3.1 and 3.2. Furthermore the numericalexperimentspresentedn Wetter
and Wright (2003a),in Wetterand Polak (2003), and in Wetterand Wright (2003b)shav that
approximatingcostfunctionscomputedy EnegyPluscanhave discontinuitieson theorderof 2%
of the costfunctionvalue.In somenumericalexperimentsthis causedptimizationalgorithmsto
jam.

To ensurethat the simulationprogramusedin the optimizationsis built on modelsthat are
smoothin the input dataandto ensurethat controlling the approximationerror is possible,we
developedBuildOpt, a new building enegy simulationprogram.



4.1 Models

BuildOptis built on detailedsimulationmodelsthat consistof 30;000 lines (1:2 MB) of C/C++
code. We will hereonly give a brief overvien of the modelsto give animpressionof the model
compleity.

The diffuse solarirradiationis computedusing the model of Perezet al. (1990, 1987)and
the radiationtemperatureof a cloudy sky is computedusing the model of Martin and Berdahl
(1984). To computethe heatconductionin opaquematerialswith possiblycompositdayers,the
Galerkinmethod(Evans,1998; Strangand Fix, 1973)is usedfor the spatialdiscretization.The
spatialdiscretizatiorresultsin system®f ordinarydifferentialequationsThesystemsarecoupled
to other constructionsvia long-weve radiatve heatexchange,and are coupledto the room air
temperaturesia corvective heattransfer The short-wave radiationthroughmulti-panewindows
is computedusinga modelsimilar to the one usedin the Window 4 program(Finlaysonet al.,
1993). Thedaylightilluminanceis computedvith amodelbasedn view-factorsthatis similarto
themodelin the DeLight programof Vartiainen(2000). All equationsaresolved simultaneously
asexplainedin Section4.3.

4.2 Smoothing Techniques

BuildOpt differs from otherbuilding simulationprogramsn thatit usesvarioussmoothingtech-
niguesto male all modelequationsaswell asthe tablelook-ups(usedin Perez'model),hourly
schedulesf internalheatgainsandweatherataonceLipschitzcontinuouslyifferentiablein the
statevariables,in the modelparameterandin time. Smoothingis requiredto satisfy Assump-
tion 3.2, it signi cantly reduceghe computatiortime andit is requiredto achieve corvergenceof
the DAE solwerif thesolver tolerancss tight.

The building blocksusedto formulateonceLipschitz continuouslydifferentiablemodelsare
asfollows. For s2 R andfor somed > 0, we de ned aonceLipschitzcontinuouslydifferentiable
approximatiorfor the Heaviside functionas

8
20 fors< d;

A(sd), | 3 sin$8 +1; for d s<d 9
"1 ford s

We parametrize@9) by d > 0 to beableto take the scalingof s into account.Equation(9) is used
to de ne aonceLipschitzcontinuouslydifferentiableapproximatiorfor the maxfunctionas

maxa;b;d), a+ (b a)A(b a;d): (10)

This functionis then,for example,usedto smootherthe convective heattransfercoefcient be-
tweena wall surfaceandthe room air aswe will now explain. A commonlyusedequationfor
the corvective heattransfercoefcient dueto naturalconvectionbetweena wall surfaceat tem-
peratureT andthe room air, which we assumédor this explanationto have zerotemperatureis
h(T) = 1:310Tj**3. Hence,the corvective heattransferper unit areais q(T) = 1:310jTj T,



which hasa deriative thatfails to be Lipschitz continuousnearzero. Consequent|ywe usedfor
the convective heattransfercoefcient the oncelLipschitzcontinuoushdifferentiableapproxima-
tion B(T) = 1:310max(1; jTj*3;0:1).

To interpolatethe weatherdatafor time instantsthatdo not coincidewith time stampsn the
weathedata le, weusedcubicsplines.To interpolatevaluesof internalloadsfor peopleJighting
andelectricequipmentwhich are speci ed by hourly schedulesye usedthe smoothHeaviside
function(9) with d = 1=2 hour.

Thus,BuildOpt's simulationmodelsarewrittenin suchaway thatthefunctionsh: R" R™
R'l R™z:R"! RMandg: R" R™ R'! R/, denedin (3), areimplementedsothatthe
Assumptions3.1 and3.2 aresatis ed. We do not believe thatthereis ary otherbuilding enegy
simulationprogramthatis built on modelsthatareasdetailedasthe modelsin BuildOptandthat
satis esAssumptions3.1and3.2.

4.3 Solvingthe Equations

BuildOpt's modelsare linked with the DAE solver DASPK (Brenanet al., 1989; Brown et al.,
1994). The DASPK solver usesa variabletime-step,variable order Backward-Differentiation
Formula.

To solve the DAE system(3), the DASPK solver requiresthe simulationmodelto be written
in theresidualform

z(x;t)  h(x z(x;t); 1 (% 2))

GE VO vxh) = ax z(x;t); 1 (X2)

=0 (11)

wherev(x;t) , (zZ(xt);u (x2)T 2 R™! is the vectorof differential variablesz(x;t) andof al-
gebraicvariablesp (x;2), which arethe solutionof (3c). Giveninitial valuesof the differential
variablesz(x; 0), DASPK computesonsistentnitial conditionsz(x;0) andpu (x;z(x;0)), or con-
versely given v(x;0), it computesconsistentvaluesfor v(x;0) (seeBrown et al. (1998))! At
eachtime stept 2 [0; 1], DASPK passego BuildOptab> t, atax;p) andabl(x;), whereb(x;b)
is approximatedoy backward difference$ and BuildOpt returnsto DASPK the residualvector
G bixb:0(xb 2 R™!. This processis repeatedteratively until all corvergencetestsin

DASPK aresatis ed. Our simulationmodelis too big to obtainan analyticalexpressionfor the
iterationmatricesG,( ; ; ) andG,( ; ; ) usedby DASPK.Hence we con gured DASPK sothat
it approximatesheiterationmatricesusing nite differencesThelinearsystemof equationghat
arisesin the Newton iterationsis solved usinga directmethod.We notethatmoreef cient solu-
tion strat@iescouldbeimplementedn ourcode,but we have notyet pursuedsuchimprovements.
For example,the linear systemcould be solved usinga sparsematrix solver or Krylov iterations.

1We saythatinitial conditionsv(x;0) andv(x;0) areconsistentf G(0;v(x; 0);v(x;0)) = 0.
2E.g.,if the Implicit Euler methodis used,thenl(x;b) is replacedby (V(x;) v(x;p d))=d, whered2 isthe
integrationtime step.



Furthermorewe currentlycheckonly in the computationallynostexpensve modelsif theinput
dataarethe sameasin thelastmodelevaluation,in which caseno modelevaluationis required®

4.4 Model Validation

In Wetteretal. (2004),thethermalsimulationmodelis validatedusingthe ANSI/ASHRAE Stan-
dardtestprocedurel40-2001(ASHRAE, 2001),andthe daylightingsimulationis validatedusing
benchmarkestsfrom Laforgue (1997)andFontoynontet al. (1999),which wereproducedn the
Task?21 of thelnternationaEnegy Ageng (IEA) SolarHeating& CoolingProgram.Theresults
of BuildOptshav goodagreemenivith theresultsof the othervalidatedprograms.

5 Numerical Experiments

We will now describehow the smoothingtechniquesiffect the convergenceof the DASPK solver
and consequentlyeducethe computatiortime. For the numericalexperimentswe did compu-
tationsof the annualsourceenegy consumptionfor heating,cooling and lighting of an of ce
building in Houston, TX. We simulatedthreerepresentate spaces:a north anda southfacing
roomanda hallway betweertherooms. The simulationmodelis describedn WetterandWright
(2003b). In Tah 1 we shaw for differentprecisionparameterg the normalizednumberof eval-
uationsof theresidualfunctionG( ; ; ), de nedin (11), in anannualsimulation. For BuildOpt,
the numberof residualevaluationss proportionalto the computatiortime. A normalizedcompu-
tationtime of 1.0 corresponds$o 33:4 minuteson one2:2 GHz AMD processousingthe Linux
2:4:18 3 kernel. The rst threecolumnsin Tah 1 arede ned asfollows: In the columnlabeled
“model equations”,"smooth” meansthat the smoothingof the modelequationds enabled(i.e.,
all modelequationsbut notnecessarilghe hourly schedulesareonceLipschitzcontinuouslydif-
ferentiablein the stateandin time), and“non-smooth’meanghat the smoothingis disabled.In
the columnlabeled‘internal loads”,“smooth” meanghatinternalloadsdueto people Jlights,and
electricequipmentwhichareall speci edby hourly schedulesareinterpolatedusingthefunction
B( ;d), asde ned in (9), with d = 1=2 hour, “linear” meansthat we usedlinear interpolation,
wherethe changefrom one value to the next occursover one hour, and “step” meansthat the
hourly schedulesareimplementedas stepfunctions. In the columnlabeled‘weatherdata”, “cu-
bic” meanghatwe usedcubicsplinesto interpolatetheweatherdata,and“linear” meanghatwe
usedlinearinterpolation.For all combinationf thesesmoothingtechniqueswe did ve annual
simulationswith solver tolerancesettingse 2 f 10 Mg3_ .

We obsered that we were only able to computehigh precisionapproximationsvhen we
usedsmoothmodels,which will hardly surpriseary numericalanalyst. The reasonis that the
DASPK solver usesTaylor expansionsto approximatesolutionsof nonlinearequationsand to
replacederiatives by nite differenceapproximationswhich is commonto ary Newton-based
solver. However, if the equationdeingsolved arenot differentiable thenthe Taylor expansions

3WhenDASPK approximateshe elementf theiterationmatricesGy( ; ; ) andGy( ; ; ), mary modelsarerepet-
itively evaluatedwith no changen inputdata.

10



Smoothing Solvertolerancee
Modelequations Internalloads Weatherdata| 10 1 102 10° 104 10°
smooth smooth cubic 0.011 0.080 0.169 0.497 1
smooth linear cubic 0.011 0.078 0.170 0.503 1.048
smooth step cubic 0.012 0.091 = * *
smooth smooth linear 0.005 0.056 0.299 0.879 2.012
smooth linear linear 0.006 0.054 0.300 0.889 2.044
smooth step linear 0.007 0.069 0.454 * *
non-smooth smooth cubic 0.011 0.078 0.233 * *
non-smooth linear cubic 0.011 0.078 0.238 * *
non-smooth step cubic 0.012 0.093 * * *
non-smooth smooth linear 0.009 0.093 0.511 * *
non-smooth linear linear 0.009 0.093 0521 * *
non-smooth step linear 0.010 0.110 = * *

Table1: Normalizednumberof callsto G( ; ; ) in an annualsimulationwith different solver
tolerancesanddifferentsmoothing An asterisk*” meanghatthe DAE solverfailed to corvemge
in 25timestepsjn which casethe simulationstopped.

areinaccurateor even completelywrong, which cancausethe Newton searchdirectionto point
away from the solutionof the equation.However, in practicewe obsenre thatbuilding simulation
programsare built on non-smoothmodelsand containNewton-basedsolversthat frequentlyfail
to nd asolutionif the solver tolerancesaretight. This is what we alsoobsered in BuildOpt
whenwe disabledthe smoothingtechniques.Furthermorewhenthe solver tolerancewastight,
BuildOpt's computatiortime increasedy afactorof two whenwe changedrom cubicsplinesto
linearinterpolationof theweathedata. Thisis interestingoecausenary if notall of today’s build-
ing simulationprogramsuselinearinterpolationratherthancubic splines. Thus,we believe that
the convergencepropertiesof todays building enegy simulationprogramscould be signi cantly
improvedif they werebuilt onsmoothmodelsandif they usedweathedatainterpolationghatare
smoothin time. Numericalsolersthat detectstateevents,suchasa changein modelequations
for somedomainof themodelinput data,arelikely to be morerobustthanDASPK if non-smooth
modelsareused,but the detectionof stateeventsis computationallyexpensve andhenceit may
bebetterto preventstateeventswherepossible.

Wewill now shav how theapproximatenumericalsolutionsconverge to a smoothfunctionas
thetoleranceof the DASPK solwer is tightened.

Letz (ex;1) 2 R denotethe numericalapproximatiorof theannualsourceenegy consump-
tion for heating,cooling andlighting of the of ce building usedin the above numericalexperi-
ments,computedby BuildOptwith solver tolerancee2 R, . Here,x 2 R denoteshe normalized
setpointfor the shadingdevice of the southfacingwindow. Let d(e;x) denotetherelatve change

11
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Figure 1. Relativechang of the annualsource enegy consumptiord(e; x), de nedin (12), for
different precisionparametes e. For bettervisibility of the data series,the supportpoints are
connectedy lines. The gureis reproducediromWetterand Polak (2004).

in thesourceenegy consumptionge ned as

z (gx1) z (10 %0:0481)

d(ex) , z (10 5;0:048 1)

(12)

In (12), the agument0:048 correspondgo the normalizedshadingcontrol setpointthat yields
lowestannualsourceenegy consumptionlin Fig. 1, we plot d(e; x) for differentvaluesof e andx.
The gure shavshow z (e ;1) corvergesto asmoothfunctionase! 0. Thedifferencebetween
d(10 4; ) andd(10 °; ) is almostinvisible.

6 Conclusion

Building enegy simulationprogramscanbe written so thatthey computeapproximatesolutions
to a DAE systemthat corverge to a smoothfunction asthe solver toleranceis tightened. This
is requiredif the simulationprogramis usedwith GPSalgorithmswith adaptve precisioncost
functionevaluationswhich provably constructsequencesf iterateswith stationaryaccumulation
points.

To obtaincornvergenceof the DAE solver attight solver toleranceandto reducethe computa-
tiontime, it is essentiathatmodelequationsthehourly scheduleandtheweatheidataaresmooth
in the statevariablesandin time. This obserationis signi cant becauseodays building enegy
simulationprogramsarebuilt on non-smoothmodelsandtheir solversareknown to frequentlyfail
to corvergeto asolutionif thesolver tolerancesretight.
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