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Abstract

Building energy simulationprogramscomputenumericalapproximationsto physicalphe-
nomenathat can be modeledby a systemof differentialalgebraicequations(DAE). For a
large classof building energy analysisproblems,onecanprove that the DAE systemhasa
uniqueoncecontinuouslydifferentiablesolution. Consequently, if building simulationpro-
gramsarebuilt onmodelsthatsatisfythesmoothnessassumptionsrequiredto proveexistence
of a uniquesmoothsolution,andif their numericalsolversallow controlling theapproxima-
tionerror, onecanusesuchprogramswith GeneralizedPatternSearchoptimizationalgorithms
thatadaptively control theprecisionof thesolutionsof theDAE system.Thoseoptimization
algorithmsconstructsequencesof iterateswith stationaryaccumulationpointsandhavebeen
shown to yield a signi�cant reductionin computationtime comparedto algorithmsthat use
�x edprecisioncostfunctionevaluations.

In this paper, westatetherequiredsmoothnessassumptionsandpresentthetheoremsthat
stateexistenceof a uniquesmoothsolutionof theDAE system.We presentBuildOpt, a de-
tailedthermalanddaylightingbuilding energy simulationprogram.Wediscussexamplesthat
explain thesmoothingtechniquesusedin BuildOpt. We presentnumericalexperimentsthat
comparethe computationtime for an annualsimulationwith the smoothingtechniquesap-
plied to differentpartsof themodels.Theexperimentsshow thathigh precisionapproximate
solutionscanonly be computedif smoothmodelsareused. This is signi�cant becauseto-
day's building simulationprogramsdo not usesuchsmoothingtechniquesandtheir solvers
frequentlyfail to obtainanumericalsolutionif thesolvertolerancesaretight. Wealsopresent
how BuildOpt'sapproximatesolutionsconvergeto asmoothfunctionastheprecisionparam-
eterof thenumericalsolver is tightened.
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1 Intr oduction

We presentBuildOpt, a new multi-zonethermalanddaylightingbuilding energy simulationpro-
gram. BuildOpt is differentfrom existing building energy simulationprograms,suchasEnergy-
Plus(Crawley et al., 2001),TRNSYS(Klein et al., 1976)andDOE-2(Winkelmannet al., 1993),
sinceit is built onmodelsthatarede�nedby differentialalgebraicequations(DAE system)thatare
onceLipschitzcontinuouslydifferentiablein thebuilding designparameters,andsinceall partial
differentialequations,ordinarydifferentialequationsandalgebraicequationsaresolvedsimulta-
neously. The useof smoothmodelsnot only allows proving that the DAE systemhasa unique
solutionthatis oncecontinuouslydifferentiablein thebuilding designparameters,but it is in fact
requiredto achieve convergenceof theDAE solver if thesolver tolerancesaretight. This is asig-
ni�cant observationbecausetoday'sbuilding energy simulationprogramsarebuilt onnon-smooth
models,andtheir solversfrequentlyfail to obtaina numericalsolutionif thesolver tolerancesare
tight.

Theuseof aDAE solver, asopposedto ad-hocimplementedsolversthatarespreadthroughout
thecode(which is commonin mostbuilding energy simulationprograms),allows controllingthe
precisionof thenumericalapproximationsto thesolutionof theDAE systemandhenceit allows
obtainingafunctionthatboundstheapproximationerrorasafunctionof thesolver tolerance.This
is requiredin orderfor thesimulationprogramto beusedwith GeneralizedPatternSearch(GPS)
optimizationalgorithmswith adaptive precisioncost function evaluations,developedby Polak
andWetter(2003),or by algorithmsthatarebasedontheMasterAlgorithm Model1.2.36in Polak
(1997). Thoseoptimizationalgorithmsusecoarseprecisionsimulationsfor the early iterations
andprogressively increasethe precisionof the simulations.This signi�cantly reducescomputa-
tion timeandallows proving thattheoptimizationalgorithmconstructssequencesof iterateswith
stationaryaccumulationpoints.To thebestof ourknowledge,BuildOptis the�rst building energy
simulationprogramthatcanbeusedto dobuilding designoptimizationsthatprovablyconvergeto
astationarypoint.

Numericalexperimentswith EnergyPlusandanalysisof its sourcecoderevealedthat it does
not seempossibleto prove thatEnergyPluscomputesan approximatesolutionthat convergesto
a smoothfunction as the solver tolerancesare tightened. In fact, in numericalexperimentsin
whichwemodeledabuilding's heatingandcoolingloadanddaylightingcontrol,therewereabout
ten solvers that controlledsubsystemsof the simulationmodel (suchas the heatconductionin
thesolids,thevariabletime-stepintegrationof theroomair temperatureandthe initialization of
the statevariables).We werenot ableto analyzehow the approximationerrorsof the different
solverswerepropagatedfrom onemodelto another, andfrom onetime stepto thenext, andthe
codebecameunstableasweincreasedthesolver tolerances.In WetterandWright (2003a),Wetter
and Polak (2003) and (WetterandWright, 2003b),it is shown that a building's annualenergy
consumptioncomputedby EnergyPlusis discontinuousin the building designparameters,and
that the discontinuitiesare in somecaseson the order of 2% of the cost function value. This
causedin somenumericalexperimentsthe optimizationalgorithmsto jam. In order to have a
building energy simulationprogramthatcanbeusedto performbuilding designoptimizationsthat
provably �nd astationarypointof thecostfunction,wedevelopedBuildOpt.
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Onemayaskwhy wedevelopedourown simulationprogramratherthanhaving usedtheIDA-
ICE program(Björsellet al., 1999;SahlinandBring, 1991),which is anequation-basedbuilding
energy analysisprogramthat hasa large library of simulationmodels. IDA-ICE generatesfrom
equation-basedmodelsa DAE systemwhich it solvessimultaneously. Discussionswith its devel-
opershowed that IDA-ICE might indeedbea promisingtool for usewith our optimizationalgo-
rithms.However, withoutextensive numericalexperimentsandcodeanalysis,it is not possibleto
concludethatIDA-ICE satis�esourrequirements.Furthermore,in caseof badperformanceof our
optimizationalgorithms,it would have beenhardif not impossibleto detectwhy our algorithms
did not work asexpected.Therefore,for the initial experimentsof our optimizationalgorithms,
wepreferredto developourown code.

Thepaperis structuredasfollows. First,wepresenttheoptimizationproblemandtheassump-
tionsthatthesimulationprogramneedsto satisfyin orderto beusedwith ourGPSalgorithmswith
adaptiveprecisioncostfunctionevaluations.Next, wecharacterizeBuildOpt'sphysicalmodel,ex-
plain someof themodelsthatareimplementedin BuildOpt, andexplain someof thesmoothing
techniquesthat areusedin implementingthe models. Then,we presentnumericalexperiments
thatcomparehow thesmoothingtechniquesaffect theconvergenceof theDAE solver andverify
thatthenumericalapproximationsconvergeto asmoothfunctionasprecisionis increased.

2 Nomenclature

2.1 Conventions

1. Vectorsarealwayscolumnvectors,andtheirelementsaredenotedby superscripts.

2. Elementsof asetor asequencearedenotedby subscripts.

3. f (�) denotesa function where(�) standsfor the undesignatedvariables. f (x) denotesthe
valueof f (�) for theargumentx. f : A ! B indicatesthatthedomainof f (�) is in thespace
A, andthattheimageof f (�) is in thespaceB.

4. We saythata function f : Rn ! R is once(Lipschitz)continuouslydifferentiableif f (�) is
de�ned onRn, andif f (�) hasa (Lipschitz)continuousderivative on Rn.

5. For e;eS 2 Rq
+ , by e� eS, we meanthat0 < ei � ei

S, for all i = f 1; ::: ;qg.
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2.2 Symbols

q dimensionof theprecisionparameterof thenumericalsolvers
t time
x independentparameterin theoptimizationproblem
a 2 A a is anelementof A
A � B A is asubsetof B
R setof realnumbers
Rq

+ f x 2 Rq j xi > 0; i 2 f 1; : : : ;qgg
, equalby de�nition

kxk L2 normof x 2 Rn, de�ned askxk ,
�
å n

i= 1(xi )2
� 1=2

3 Propertiesof Optimization Problem

3.1 Optimization Problem

Weareinterestedin solvingbox-constrainedproblemsof theform

min
x2X

f (x); (1)

whereX ,
�

x 2 Rn j l i � xi � ui ; i 2 f 1; : : : ;ng
	

is theconstraintset,with � ¥ � l i < ui � ¥ for
all i 2 f 1; : : : ;ng.

Weassumethatthecostfunctionis oncecontinuouslydifferentiableandde�ned as

f (x) , F(z(x;1)) ; (2)

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

�z(x;t) = h
�
x;z(x;t);µ

�
; t 2 [0; 1]; (3a)

z(x;0) = z0(x); (3b)

g
�
x;z(x;t);µ

�
= 0; (3c)

whereh: Rn � Rm� Rl ! Rm, z0 : Rn ! Rm andg: Rn � Rm� Rl ! Rl areonceLipschitzcontin-
uouslydifferentiablein all argumentsandequation(3c)has,for all x2 Rn andfor all z(�; �) 2 Rm, a
uniquesolutionµ� (x;z) 2 Rl andthematrixwith partialderivatives¶g(x;z(x;t);µ� (x;z))=¶µ 2 Rl � l

is non-singular. Thenotation�z(x;t) denotesdifferentiationwith respectto time.
Equation(3) is a DAE systemthat describesa building energy simulationmodel after the

spatialdomainsof wall, �oor andceilingconstructionshave beendiscretizedin a �nite numberof
nodalpoints.For example,thecomponentsof thevectorz(�; �) canbetheroomair temperature,the
solidtemperatureatthenodalpoints,andthebuilding energy consumptionfor cooling,heatingand
lighting,andg(�; �; �) canbeasystemof nonlinearequationsthatis usedto describethetemperature
of elementswith negligible thermalcapacity, suchaswindow glass.
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3.2 Existenceof a Unique SmoothSolution of the DAE System

We will now statetheassumptionsthatwe useto establishexistence,uniquenessanddifferentia-
bility of thesolutionz(�;1) of (3).

Assumption3.1 With g: Rn � Rm � Rl ! Rl asin (3c), weassumethat g(�; �; �) is oncecontinu-
ouslydifferentiable, andweassumethat for all x 2 Rn andfor all z(�; �) 2 Rm, equation(3c)hasa
uniquesolutionµ� (x;z) 2 Rl andthatthematrixwith partial derivatives¶g(x;z(x;t);µ� (x;z))=¶µ2
Rl � l is non-singular.

By usingtheImplicit FunctionTheorem(Polak,1997),onecanshow thatAssumption3.1implies
thatthesolutionof (3c), i.e., theµ� (x;z) thatsatis�esg

�
x;z(x;t);µ� (x;z)

�
= 0, is uniqueandonce

continuouslydifferentiablein x andz. Therefore,to establishexistence,uniquenessanddifferen-
tiability of z(�;1), we canreducetheDAE system(3) to anordinarydifferentialequation,which
will allow usto usestandardresultsfrom thetheoryof ordinarydifferentialequations.To do so,
wede�ne for x 2 Rn, for t 2 [0; 1] andfor z(x;t) 2 Rm thefunction

eh(x;z(x;t)) , h
�
x;z(x;t);µ� (x;z)

�
; (4)

andwrite theDAE system(3) in theform

�z(x;t) = eh
�
x;z(x;t)

�
; t 2 [0; 1]; (5a)

z(x;0) = z0(x): (5b)

Wewill usethenotationehx(x;z(x;t)) andehz(x;z(x;t)) for thepartialderivatives(¶=¶x)(eh(x;z(x;t)))
and(¶=¶z)(eh(x;z(x;t))) , respectively. Wewill make thefollowing assumption.

Assumption3.2 With eh: Rn � Rm ! Rm andz0 : Rn ! Rm asin (5), weassumethat

1. theinitial conditionz0(�) is continuouslydifferentiable,

2. there existsa constantK 2 [1; ¥ ) such that for all x0;x002 Rn and for all z0;z002 Rm, the
following relationshold:

keh(x0;z0) � eh(x00;z00)k � K
�
kx0� x00k+ kz0� z00k

�
; (6a)

kehx(x0;z0) � ehx(x00;z00)k � K
�
kx0� x00k+ kz0� z00k

�
; (6b)

and

kehz(x0;z0) � ehz(x00;z00)k � K
�
kx0� x00k+ kz0� z00k

�
: (6c)

Now wecanusethefollowing theorem,which is aspecialcaseof Corollary5.6.9in Polak(1997),
to show that f (�) , F(z(�;1)) is oncecontinuouslydifferentiable.

Theorem 3.3 Supposethat F : Rm ! R is oncecontinuouslydifferentiableon boundedsets,that
Assumptions3.1and3.2are satis�edandthat f : Rn ! R is de�nedby f (x) , F(z(x;1)) . Then,
f (�) is oncecontinuouslydifferentiableon boundedsets.
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3.3 Numerical Solutionsof the DAE System

Weassumethatz(x;t) cannotbeevaluatedexactly, but thatit canbeapproximatednumericallyby
functionsz� (e;x;t), wherez� : Rq

+ � Rn � R ! Rm ande2 Rq
+ isavectorthatcontainstheprecision

parametersof theDAE solvers. Hence,we denoteby z� (e;x;t) thenumericalapproximationfor
thesolutionz(x;t) of (3), ascomputedby a simulationprogramwith solver precisionparameters
e. Thus,for e2 Rq

+ andx 2 Rn, we de�ne approximatingcostfunctions f � (e;x) , F(z� (e;x;1))
which are,in general,discontinuousin x dueto adaptive algorithmsin the DAE solver, suchas
variabletime stepintegrationalgorithmsor Newton-basedsolvers.

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

We want to useBuildOpt to evaluatethe cost function in GeneralizedPatternSearch(GPS)al-
gorithmswith adaptive precisioncost function evaluations(PolakandWetter, 2003). For those
algorithms,we needto make the following assumptionson thesolutionz(�;1) andits numerical
approximationsf z� (e; �;1)ge2

� q
+
.

Assumption3.4
1. There existsan error boundfunctionj : Rq

+ ! R+ such that for any boundedsetS � X,
there existsan eS 2 Rq

+ anda scalarKS 2 (0; ¥ ) such that for all x 2 S andfor all e2 Rq
+ ,

with e� eS,
j z� (e;x;1) � z(x;1)j � KS j (e): (7)

Furthermore,
lim

kek! 0
j (e) = 0: (8)

2. Thefunctionz: Rn � R ! R is oncecontinuouslydifferentiable.

Note that we allow the functionsf z� (e; �;1)ge2
� q

+
to be discontinuous.Examplesof error

boundfunctionsj (�) canbefoundin PolakandWetter(2003)andin WetterandPolak(2003).

4 BuildOpt Simulation Program

Many if not all of today's detailedbuilding simulationprogramsarebuilt on modelsthat do not
satisfy Assumptions3.1 and 3.2. Furthermore,the numericalexperimentspresentedin Wetter
andWright (2003a),in WetterandPolak (2003),and in WetterandWright (2003b)show that
approximatingcostfunctionscomputedby EnergyPluscanhavediscontinuitiesontheorderof 2%
of thecostfunctionvalue.In somenumericalexperiments,thiscausedoptimizationalgorithmsto
jam.

To ensurethat the simulationprogramusedin the optimizationsis built on modelsthat are
smoothin the input dataand to ensurethat controlling the approximationerror is possible,we
developedBuildOpt,anew building energy simulationprogram.
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4.1 Models

BuildOpt is built on detailedsimulationmodelsthatconsistof 30;000 lines (1:2 MB) of C/C++
code. We will hereonly give a brief overview of themodelsto give an impressionof themodel
complexity.

The diffuse solar irradiation is computedusing the modelof Perezet al. (1990,1987)and
the radiationtemperatureof a cloudy sky is computedusing the modelof Martin andBerdahl
(1984).To computetheheatconductionin opaquematerials,with possiblycompositelayers,the
Galerkinmethod(Evans,1998;StrangandFix, 1973)is usedfor the spatialdiscretization.The
spatialdiscretizationresultsin systemsof ordinarydifferentialequations.Thesystemsarecoupled
to other constructionsvia long-wave radiative heatexchange,and are coupledto the room air
temperaturesvia convective heattransfer. Theshort-wave radiationthroughmulti-panewindows
is computedusinga modelsimilar to the oneusedin the Window 4 program(Finlaysonet al.,
1993).Thedaylightilluminanceis computedwith amodelbasedonview-factorsthatis similar to
themodelin theDeLight programof Vartiainen(2000).All equationsaresolvedsimultaneously,
asexplainedin Section4.3.

4.2 SmoothingTechniques

BuildOpt differs from otherbuilding simulationprogramsin that it usesvarioussmoothingtech-
niquesto make all modelequationsaswell asthe tablelook-ups(usedin Perez'model),hourly
schedulesof internalheatgainsandweatherdataonceLipschitzcontinuouslydifferentiablein the
statevariables,in the modelparametersandin time. Smoothingis requiredto satisfyAssump-
tion 3.2,it signi�cantly reducesthecomputationtime andit is requiredto achieve convergenceof
theDAE solver if thesolver toleranceis tight.

Thebuilding blocksusedto formulateonceLipschitzcontinuouslydifferentiablemodelsare
asfollows. For s2 R andfor somed > 0, wede�ned aonceLipschitzcontinuouslydifferentiable
approximationfor theHeavisidefunctionas

eH(s;d) ,

8
><

>:

0; for s< � d;
1
2

�
sin

� s
d

p
2

�
+ 1

�
; for � d � s< d;

1; for d � s:

(9)

Weparametrized(9) by d > 0 to beableto take thescalingof s into account.Equation(9) is used
to de�ne a onceLipschitzcontinuouslydifferentiableapproximationfor themaxfunctionas

gmax(a;b;d) , a+ (b� a) eH(b� a;d): (10)

This function is then,for example,usedto smoothentheconvective heattransfercoef�cient be-
tweena wall surfaceandthe room air aswe will now explain. A commonlyusedequationfor
the convective heattransfercoef�cient dueto naturalconvectionbetweena wall surfaceat tem-
peratureT andthe room air, which we assumefor this explanationto have zerotemperature,is
h(T) = 1:310jTj1=3. Hence,the convective heattransferper unit areais q(T) = 1:310jTj1=3 T,
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which hasa derivative that fails to beLipschitzcontinuousnearzero.Consequently, we usedfor
theconvective heattransfercoef�cient theonceLipschitzcontinuouslydifferentiableapproxima-
tion eh(T) = 1:310 gmax(1; jTj1=3;0:1).

To interpolatetheweatherdatafor time instantsthatdo not coincidewith time stampsin the
weatherdata�le, weusedcubicsplines.To interpolatevaluesof internalloadsfor people,lighting
andelectricequipment,which arespeci�ed by hourly schedules,we usedthesmoothHeaviside
function(9) with d = 1=2 hour.

Thus,BuildOpt's simulationmodelsarewrittenin suchawaythatthefunctionsh: Rn � Rm�
Rl ! Rm, z0 : Rn ! Rm andg: Rn � Rm � Rl ! Rl , de�ned in (3), areimplementedso that the
Assumptions3.1 and3.2 aresatis�ed. We do not believe that thereis any otherbuilding energy
simulationprogramthatis built on modelsthatareasdetailedasthemodelsin BuildOptandthat
satis�esAssumptions3.1and3.2.

4.3 Solving the Equations

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

To solve theDAE system(3), theDASPK solver requiresthesimulationmodelto bewritten
in theresidualform

G(t; v(x;t); �v(x;t)) =
�

�z(x;t) � h(x; z(x;t); µ� (x;z))
g(x; z(x;t); µ� (x;z))

�
= 0; (11)

wherev(x;t) , (z(x;t);µ� (x;z))T 2 Rm+ l is the vectorof differentialvariablesz(x;t) andof al-
gebraicvariablesµ� (x;z), which arethe solutionof (3c). Given initial valuesof the differential
variablesz(x;0), DASPK computesconsistentinitial conditions�z(x;0) andµ� (x;z(x;0)) , or con-
versely, given �v(x;0), it computesconsistentvaluesfor v(x;0) (seeBrown et al. (1998)).1 At
eachtime stept 2 [0; 1], DASPK passesto BuildOpt a bt > t, a bv(x;bt) anda b�v(x;bt), whereb�v(x;bt)
is approximatedby backward differences2 andBuildOpt returnsto DASPK the residualvector

G
�
bt; bv(x;bt); b�v(x;bt)

�
2 Rm+ l . This processis repeatediteratively until all convergencetestsin

DASPK aresatis�ed. Our simulationmodelis too big to obtainan analyticalexpressionfor the
iterationmatricesGv(�; �; �) andG �v(�; �; �) usedby DASPK. Hence,we con�guredDASPK sothat
it approximatestheiterationmatricesusing�nite differences.Thelinearsystemof equationsthat
arisesin theNewton iterationsis solvedusinga directmethod.We notethatmoreef�cient solu-
tion strategiescouldbeimplementedin ourcode,but wehavenotyetpursuedsuchimprovements.
For example,the linearsystemcouldbesolvedusinga sparsematrix solver or Krylov iterations.

1Wesaythatinitial conditionsv(x;0) and �v(x;0) areconsistentif G(0;v(x;0); �v(x;0)) = 0.
2E.g., if the Implicit Euler methodis used,thenb�v(x;bt) is replacedby (v(x;bt) � v(x;bt � d))=d, whered 2 � is the

integrationtime step.
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Furthermore,we currentlycheckonly in thecomputationallymostexpensive modelsif the input
dataarethesameasin thelastmodelevaluation,in whichcaseno modelevaluationis required.3

4.4 Model Validation

In Wetteretal. (2004),thethermalsimulationmodelis validatedusingtheANSI/ASHRAEStan-
dardtestprocedure140-2001(ASHRAE,2001),andthedaylightingsimulationis validatedusing
benchmarktestsfrom Laforgue(1997)andFontoynontet al. (1999),which wereproducedin the
Task21 of theInternationalEnergy Agency (IEA) SolarHeating& CoolingProgram.Theresults
of BuildOptshow goodagreementwith theresultsof theothervalidatedprograms.

5 Numerical Experiments

Wewill now describehow thesmoothingtechniquesaffect theconvergenceof theDASPKsolver
andconsequentlyreducethe computationtime. For the numericalexperiments,we did compu-
tationsof the annualsourceenergy consumptionfor heating,cooling and lighting of an of�ce
building in Houston,TX. We simulatedthreerepresentative spaces:a north anda southfacing
roomanda hallway betweentherooms.Thesimulationmodelis describedin WetterandWright
(2003b). In Tab. 1 we show for differentprecisionparameterse thenormalizednumberof eval-
uationsof theresidualfunctionG(�; �; �), de�ned in (11), in anannualsimulation.For BuildOpt,
thenumberof residualevaluationsis proportionalto thecomputationtime. A normalizedcompu-
tation time of 1:0 correspondsto 33:4 minuteson one2:2 GHz AMD processorusingtheLinux
2:4:18� 3 kernel.The�rst threecolumnsin Tab. 1 arede�ned asfollows: In thecolumnlabeled
“model equations”,“smooth” meansthat the smoothingof the modelequationsis enabled(i.e.,
all modelequations,but notnecessarilythehourlyschedules,areonceLipschitzcontinuouslydif-
ferentiablein thestateandin time), and“non-smooth”meansthat thesmoothingis disabled.In
thecolumnlabeled“internal loads”,“smooth”meansthatinternalloadsdueto people,lights,and
electricequipment,whichareall speci�edby hourlyschedules,areinterpolatedusingthefunction
eH(�;d), asde�ned in (9), with d = 1=2 hour, “linear” meansthat we usedlinear interpolation,
wherethe changefrom one value to the next occursover onehour, and “step” meansthat the
hourly schedulesareimplementedasstepfunctions. In thecolumnlabeled“weatherdata”,“cu-
bic” meansthatwe usedcubicsplinesto interpolatetheweatherdata,and“linear” meansthatwe
usedlinear interpolation.For all combinationsof thesesmoothingtechniques,we did � ve annual
simulationswith solver tolerancesettingse2 f 10� mg5

m= 1.
We observed that we were only able to computehigh precisionapproximationswhen we

usedsmoothmodels,which will hardly surpriseany numericalanalyst. The reasonis that the
DASPK solver usesTaylor expansionsto approximatesolutionsof nonlinearequationsand to
replacederivativesby �nite differenceapproximations,which is commonto any Newton-based
solver. However, if theequationsbeingsolved arenot differentiable,thentheTaylor expansions

3WhenDASPK approximatestheelementsof theiterationmatricesGv(�; �; �) andG�v(�; �; �), many modelsarerepet-
itively evaluatedwith nochangein inputdata.
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Smoothing Solver tolerancee
Modelequations Internalloads Weatherdata 10� 1 10� 2 10� 3 10� 4 10� 5

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 0.521 * *
non-smooth step linear 0.010 0.110 * * *

Table 1: Normalizednumberof calls to G(�; �; �) in an annualsimulationwith different solver
tolerancesanddifferentsmoothing. Anasterisk“*” meansthat theDAEsolverfailed to converge
in 25 timesteps,in which casethesimulationstopped.

areinaccurateor even completelywrong,which cancausethe Newton searchdirectionto point
away from thesolutionof theequation.However, in practicewe observe thatbuilding simulation
programsarebuilt on non-smoothmodelsandcontainNewton-basedsolversthat frequentlyfail
to �nd a solution if the solver tolerancesaretight. This is what we alsoobserved in BuildOpt
whenwe disabledthe smoothingtechniques.Furthermore,whenthe solver tolerancewastight,
BuildOpt's computationtime increasedby a factorof two whenwechangedfrom cubicsplinesto
linearinterpolationof theweatherdata.Thisis interestingbecausemany if notall of today'sbuild-
ing simulationprogramsuselinear interpolationratherthancubicsplines.Thus,we believe that
theconvergencepropertiesof today's building energy simulationprogramscouldbesigni�cantly
improvedif they werebuilt onsmoothmodelsandif they usedweatherdatainterpolationsthatare
smoothin time. Numericalsolversthatdetectstateevents,suchasa changein modelequations
for somedomainof themodelinputdata,arelikely to bemorerobustthanDASPK if non-smooth
modelsareused,but thedetectionof stateeventsis computationallyexpensive andhenceit may
bebetterto preventstateeventswherepossible.

Wewill now show how theapproximatenumericalsolutionsconvergeto asmoothfunctionas
thetoleranceof theDASPKsolver is tightened.

Let z� (e;x;1) 2 R denotethenumericalapproximationof theannualsourceenergy consump-
tion for heating,cooling andlighting of the of�ce building usedin the above numericalexperi-
ments,computedby BuildOpt with solver tolerancee2 R+ . Here,x 2 R denotesthenormalized
setpointfor theshadingdevice of thesouthfacingwindow. Let d(e;x) denotetherelative change
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Figure 1: Relativechange of theannualsource energy consumptiond(e;x), de�ned in (12), for
different precisionparameters e. For bettervisibility of the data series,the supportpointsare
connectedby lines.The�gure is reproducedfromWetterandPolak (2004).

in thesourceenergy consumption,de�ned as

d(e;x) ,
z� (e;x;1) � z� (10� 5;0:048;1)

z� (10� 5;0:048;1)
: (12)

In (12), the argument0:048 correspondsto the normalizedshadingcontrol setpointthat yields
lowestannualsourceenergy consumption.In Fig. 1, weplot d(e;x) for differentvaluesof eandx.
The�gure shows how z� (e; �;1) convergesto asmoothfunctionase! 0. Thedifferencebetween
d(10� 4; �) andd(10� 5; �) is almostinvisible.

6 Conclusion

Building energy simulationprogramscanbewritten so that they computeapproximatesolutions
to a DAE systemthat converge to a smoothfunction as the solver toleranceis tightened. This
is requiredif the simulationprogramis usedwith GPSalgorithmswith adaptive precisioncost
functionevaluationswhich provably constructsequencesof iterateswith stationaryaccumulation
points.

To obtainconvergenceof theDAE solver at tight solver tolerance,andto reducethecomputa-
tion time,it is essentialthatmodelequations,thehourlyschedulesandtheweatherdataaresmooth
in thestatevariablesandin time. This observation is signi�cant becausetoday's building energy
simulationprogramsarebuilt onnon-smoothmodelsandtheirsolversareknown to frequentlyfail
to convergeto asolutionif thesolver tolerancesaretight.

12



7 Acknowledgments

This researchwassupportedby theAssistantSecretaryfor Energy Ef�ciency andRenewableEn-
ergy, Of�ce of theBuilding TechnologiesProgramof theU.S.Departmentof Energy, underCon-
tractNo. DE-AC03-76SF00098.

References

ASHRAE(2001).ANSI/ASHRAEStandard140-2001,Standardmethodof testfor theevaluation
of building energy analysiscomputerprograms.
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