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* AI�gsurrogates�gtrained �gon�gCFD-RANS�gsimulations�gpredict �gwind �gfields�gin�gcomplex�gterrain.
* Data-driven�gneural�gnetworks�gcapture�gvertical �gand�ghorizontal �gwind �gspeed�gprofiles.
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Predicting�gonshore�gwind �gfarm�gperformance�gin�gcomplex�gterrain �gremains�gdifficult �gdue�gto�gvariable�gwind �gbehavior,�g
forest�gheterogeneity,�gand�gtopographic�gcomplexity. �gAccurate�gsite�gassessments�gtypically �grequire�gnumerous�gmi-
croscale�gComputational �gFluid �gDynamics�g(CFD)�gsimulations�gacross�ga�gwide�gparameter�gspace,�gbut�gthese�gsimulations�g
are�gcomputationally �gexpensive�gand�gimpractical �gfor�gexhaustive�gsweeps.�gThis�gstudy�ginvestigates�gwhether�gdata-
driven �gsurrogates�gcan�gleverage�gCFD�goutputs�gto�gprovide�gaccurate,�gefficient �gwind �gspeed�gpredictions�gin�gsuch�g
environments.
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�g
We�gtrain �gReynolds-Averaged�gNavier�Stokes�g(RANS)�gsurrogate�gmodels�gusing�gdata-driven�gneural�gnetworks�g

using�gCFD-RANS�gwind �gfields�gover�gforested�gterrain, �ggenerated�gusing�gthe�gOpenFOAM-based�gFIWIND�gtoolchain �g
for�ga�grange�gof�gforest�gheights�gand�gwind �gdirections.�gModel�ginputs�gconsist�gof�gforest�gheight�wind �gdirection�wind �g
speed�gprofile �gtuples�gat�gselected�gterrain �glocations,�gwith �gwind �gspeed�gas�gthe�goutput. �gA�gfeedforward�gconvolutional �g
neural�gnetwork �gis�gtrained �gwith �gmean�gsquared�gerror�gloss,�gincorporating �gresiduals�gfrom �gCFD�gresults,�gand�goptimized �g
using�gL-BFGS�gand�gAdam�galgorithms. �gSurrogate�gpredictions�gare�gbenchmarked�gagainst�gCFD�gsimulations�gproduced�g
with �gthe�gOpenFOAM-based�gFIWIND�gtoolchain.

The�gsurrogates�gare�gconstructed�gusing�gdifferent �gsubsets�gof�gtraining �gdata�gderived�gfrom �gvertical �gand�ghorizontal �g
wind �gspeed�gprofiles.�gResults�gdemonstrate�gstrong�gextrapolation �gcapability: �gvertical �gwind �gspeed�gprofiles�gare�g
reproduced�gwithin �g10%�gerror�gunder�gunseen�gconditions,�gand�ghorizontal �gwind �gfields�gat�ghub�gheight�gare�gpredicted�g
within �g15%�grelative �gerror�gat�ga�g99%�gconfidence�glevel.�gWhile�gperformance�gcould�gbe�gfurther �gimproved �gthrough �g
physics-based�gconstraints�gor�gmore�gadvanced�garchitectures,�gour�gfindings �gindicate�gthat�gpurely �gdata-driven�gRANS-
based�gsurrogates�gare�gstraightforward �gto�gconstruct�gand�goffer�gpromising �ggeneralization�gcapabilities.�gTo�genhance�g
robustness,�gwe�gextended�gthe�gtraining �gdataset�gto�gincorporate�gtwo �gspatial�gresolutions,�gmaking�gthe�gapproach�g
particularly �gwell �gsuited�gas�ga�gfoundation �gfor�gmulti-fidelity �gsurrogates�gin�gdomains�gwith �gvarying �ggoverning�gphysics.

1.�gIntroduction

Understanding�gwind �gbehavior�gover�gcomplex�gterrain �gis�gcrucial �gfor �g
many�gapplications,�gparticularly �gin�gwind �genergy�gdevelopment.�gTopo-
graphic�gfeatures�gstrongly�ginfluence�gwind �gspeed,�gdirection, �gand�gturbu-
lence,�gwhich �gdirectly �gaffect�gthe�gefficiency, �greliability, �gand�gsafety�gof�gwind �g
turbines.�gAccurate�gprediction �gof�gwind �gfields�gtypically �ginvolves�ga�grange�gof�g
approaches,�gincluding �gnumerical �gweather�gprediction �g(NWP),�gstatistical�g
or�gdynamical�gdownscaling,�gcomputational �gfluid �gdynamics�g(CFD),�gma-
chine�glearning, �gand�ghybrid �gmethods.�gThese�gapproaches�gintegrate�gdata�g
from �gweather�gobservations,�gsatellite�gimagery,�gand�gphysical�gflow �gmodels�g
to�gforecast�gwind �gconditions�gat�gvarious�gscales.

Among�gthese,�gCFD�ghas�gbecome�gthe�gbenchmark�gfor �gwind �gresource�gas-
sessment�gin�gcomplex�gterrains,�gas�git �gcan�gcapture�gthe�gmeso-to-microscale�g
effects�gof�gterrain, �gforestation,�gand�gatmospheric�gconditions�gwith �ghigh�gres-
olution �gand�gaccuracy.�gBy�gresolving�glocal�gflow �gdynamics,�gCFD,�gthrough �g
models�gsuch�gas�gReynolds-Averaged�gNavier�Stokes�g(RANS)�gor�gLarge-
Eddy�gSimulation �g(LES),�gprovides�gcritical �ginsights�ginto �gwind �gspeed�gdis-
tributions, �gturbulence�glevels,�gand�gwake�geffects,�gwhich �gare�gessential�gfor �g
optimizing �gwind �gfarm�gdesign�gand�greducing�gproject�grisk.�gAs�ga�gresult,�gCFD-
based�gframeworks�gare�gincreasingly�gcentral�gto�gindustry �gpractice�gin�gboth�g
site-specific�gassessments�gand�gwind �gfarm�gperformance�gevaluations�g[ 1,2].

However,�gthe�gstrength�gof�gCFD�galso�ghighlights �gits�glimitation: �gcompu-
tational �gexpense.�gHigh-fidelity �gCFD�gsimulations�gare�gresource-intensive,�g
even�gwith �gaccess�gto�gmodern�ghigh-performance�gcomputing �g(HPC)�gsys-
tems.�gMoreover,�gthey�gare�ginherently �gdeterministic, �gi.e.�gany�gchange�gin�g
inputs�gsuch�gas�gterrain �gsize,�ggrid �gresolution, �gor�gboundary�gconditions�gre-
quires�ga�gnew�gsimulation. �gExploring �gparameter�gvariability �gor�guncertainty �g
thus�gdemands�grunning �glarge�gensembles�gof�gsimulations,�gwhich �gquickly �g
becomes�gimpractical.

Because�gsite�gassessments�goften�gspan�gareas�gfrom �ghundreds�gof�gme-
ters�gto�gseveral�gkilometers,�gthe�gcomputational �gburden�gis�gprohibitive. �g
In�gpractice,�gthis�gforces�gindustry �gusers�gto�gcompromise,�gresorting�gto�g
reduced-fidelity �gor�gsimplified �gmodels�gto�gsave�gtime �gand�gcost,�gat�gthe�g
expense�gof�gaccuracy.�gConsequently,�gthere�gis�ga�gpressing�gneed�gin�gthe�gwind �g
energy�gsector�gfor �gapproaches�gthat �gdeliver �gCFD-level�gaccuracy�gbut�gwith �g
significantly �greduced�gcomputational �goverhead�g[ 3].

Neural�gnetworks�gand�gsurrogate�gmodeling�gprovide �ga�gpromising �gpath-
way�gto�gaddress�gthis�ggap.�gTrained�gon�gCFD-generated�gdatasets,�gthese�g
models�gcan�glearn�gthe�gunderlying �gflow �gdynamics�gand�greproduce�ghigh-
resolution �gresults�gwith �gorders-of-magnitude�gfaster�ginference�gtimes.�gOnce�g
trained, �gsurrogates�gcan�ggeneralize�gacross�gparameter�gvariations, �genabling�g
rapid �gexploration �gof�gterrain, �gatmospheric,�gand�gdesign�gscenarios�gthat �g
would �gotherwise�grequire�gcostly�gCFD�greruns.�gThis�gcapability �gopens�gthe�g
door�gto�gefficient, �gaccurate,�gand�gscalable�gworkflows �gfor �gwind �gresource�g
and�gsite�gassessment-retaining�gthe�gfidelity �gof�gCFD�gwhile �gmeeting�gthe�g
practical �gdemands�gof�gindustry �gdeployment

Surrogate�gmodels,�galso�greferred�gto�gas�gmeta-models�gor�gemulators,�g
are�gsimplified �gmathematical�grepresentations�gof�gcomplex�gsystems�gthat �g

can�gapproximate�gthe�goutputs�gof�ghigh-fidelity �gmodels�gat�ga�gfraction �gof�g
the�gcomputational �gcost.�gIn�gthe�gcontext�gof�gwind �genergy,�gsurrogate�gmod-
els�ghave�gbeen�gincreasingly�gexplored�gas�galternatives�gto�gfull �gcomputa-
tional �gfluid �gdynamics�g(CFD)�gsimulations�gfor �gpredicting �gwind �gflow �gover�g
complex�gterrain �gand�gwithin �gwind �gfarms.�gBy�gemulating �gCFD�gresults,�g
surrogates�genable�grapid �gevaluation �gof�gmultiple �gwind �gfarm�glayouts,�g
atmospheric�gconditions, �gand�goperating�gscenarios�g[ 4,5].

Despite�gtheir �gpromise,�gexisting�gsurrogate�gapproaches�gstill �gface�gchal-
lenges�grelated�gto�ggeneralizability, �ginterpretability, �gand�grobustness�gto�g
variations �gin�ginput �gparameters.�gThese�gproperties�gare�gessential�gfor �gensur-
ing�gthe�gcredibility �gand�gpractical �gdeployment�gof�gmachine�glearning�g(ML) �g
models�gin�gengineering�gapplications�g[ 6,7]. �gTo�gbe�geffective,�gan�gML-based�g
surrogate�gmust�gnot�gonly �gyield �gaccurate�gpredictions�gbut�galso�gremain�g
reliable �gacross�gdiverse�gconditions�gwithout �goverfitting �gto�gthe�gtraining �g
dataset�g[ 8].

Parallel�gto�gthis,�gCFD-based�gmethods,�gparticularly �gReynolds-Averaged�g
Navier�Stokes�g(RANS)�gand�gLarge-Eddy�gSimulation �g(LES)�gsolvers,�gre-
main�gthe�gindustry �gstandard�gfor �gmicroscale�gwind �gresource�gassessment�g
and�gwake�gmodeling�gin�gcomplex�gterrains.�gThese�gmethods�gresolve�gkey�g
flow �gphenomena�gsuch�gas�gturbulence,�gforest�geffects,�gand�gterrain-induced �g
speed-up,�gdelivering �ghighly �gaccurate�gresults.�gHowever,�gtheir �guse�gis�g
constrained�gby�gcomputational �gcosts:�geach�gnew�gconfiguration �gof�gterrain, �g
inflow, �gor�gboundary�gcondition �grequires�gan�gindependent�gsimulation, �gof-
ten�gat�ghigh�gresolution �gto�gcapture�gextreme�gevents�gor�glocalized�geffects�g[ 3,
9]. �gConsequently,�gpractical �gworkflows �gare�goften�gforced�gto�gcompromise,�g
using�glimited �gensembles�gor�glower-fidelity �gmodels,�gwhich �gcan�greduce�g
predictive �gaccuracy.

To�govercome�gthese�glimitations, �gmachine�glearning�gframeworks�ghave�g
emerged�gas�gpromising �galternatives�gfor �gwind �gresource�gassessment.�gA�g
growing �gbody�gof�gwork �ghas�gfocused�gon�gphysics-informed�gneural�gnetworks�g
(PINNs)�g[ 10� 12], �gwhich �gincorporate �ggoverning�gequations�ginto �gthe�gtrain-
ing�gprocess�gto�genhance�ggeneralizability �gand�grobustness.�gApplications �gof�g
PINNs�gin�gfluid �gdynamics�ghave�gdemonstrated�gtheir �gability �gto�ginterpolate �g
between�gsparse�gdata�gand�grespect�gphysical�gconstraints�g[ 13� 15]. �gHow-
ever,�gdespite�gthese�gadvantages,�gPINNs�gremain�gdifficult �gto�gtrain �gat�gscale�g
due�gto�gchallenges�gin�goptimization, �gsensitivity �gto�gboundary�gconditions, �g
and�ghigh�gcomputational �goverhead�g[ 16� 18]. �gThese�gissues�gmake�gPINNs�g
less�gsuitable�gwhen�glarge,�ghigh-quality �gdatasets�gare�galready�gavailable.

In�gcontrast,�gdata-driven�gneural�gnetworks�goffer�ga�gsimpler�gyet�ghighly �g
effective�galternative �gin�gsuch�gcontexts�g[ 19]. �gWith �gsufficient �gtraining �gdata,�g
they�gcan�gcapture�gthe�gcomplex�gmappings�gbetween�gterrain, �ginflow �gcon-
ditions, �gand�gresulting �gwind �gfields�gwithout �gembedding�gexplicit �gphysics.�g
Importantly, �glarge�gdatasets�gof�gCFD-generated�gwind �gfields�galready�gex-
ist�gfor �gmany�gpreviously �gstudied�gsites,�gcovering�gvariations �gin�gtopogra-
phy,�gatmospheric�gconditions, �gand�gforest�gstructures.�gThis�gavailability �g
of�ghigh-fidelity, �gdomain-relevant �gtraining �gdata�gmakes�gdata-driven�gsur-
rogates�gparticularly �gattractive �gfor �gwind �genergy�gapplications.�gUnlike �g
PINNs,�gthey�gdo�gnot�grequire�gthe�gcostly�genforcement�gof�ggoverning�gequa-
tions�gduring �gtraining �gand�gcan�gbe�gscaled�gmore�gefficiently �gto�greal-world, �g
three-dimensional�gcomplex�gterrains.
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While �gPINNs�ghave�greceived�gsubstantial�gattention �gin�grecent�gyears,�g
fewer�gstudies�ghave�gsystematically�gexamined�gthe�gpotential �gof�gpurely �g
data-driven�gsurrogates�gtrained �gon�gextensive�gCFD�gdatasets�gfor �gwind �gre-
source�gassessment�gin�gcomplex�gterrains.�gThe�gopportunity �glies�gin�gleverag-
ing�gthe�gabundance�gof�gCFD-generated�gdata,�gespecially�gfrom �gRANS-based�g
simulations,�gto�gtrain �gneural�gnetworks�gthat �gcan�greproduce�gCFD-level�g
accuracy�gat�ga�gfraction �gof�gthe�gcomputational �gcost.�gSuch�gsurrogates�gcould�g
enable�gscalable,�gefficient, �gand�gaccurate�gworkflows �gfor �gwind �genergy�g
site�gassessment,�gbridging �gthe�ggap�gbetween�gthe�gfidelity �gof�gCFD�gand�gthe�g
practicality �grequired�gfor �gindustrial �gdeployment.

In�gthis�gwork, �gwe�gdevelop�gdata-driven�gneural�gnetwork �g(DDNN)�gsurro-
gates�gtrained �gon�gCFD-RANS�gsimulations�gof�ga�gthree-dimensional�gforested�g
terrain. �gThe�gobjectives�gare�gtwofold: �gto�gevaluate�gthe�gaccuracy�gand�grobust-
ness�gof�gthese�gsurrogates,�gand�gto�gexplore�gtheir �gpotential �gas�gscalable�gtools�g
for �gwind �gresource�gassessment�gwhen�ghigh-quality �gCFD�gdata�gare�gavailable.�g
Specifically,�gwe�ginvestigate�gwhether�gneural�gnetworks�gtrained �gon�ga�glim-
ited�gset�gof�gCFD-RANS�gsimulations�gcan�ggeneralize�gto�gunseen�gscenarios,�g
providing �gfast�gand�greliable �gpredictions�gof�gwind �gspeed�gdistributions �g
across�gthe�gdomain.�gBy�gcapturing �gthe�gessential�gfeatures�gof�gcomplex�g
flow �gpatterns,�gDDNN�gsurrogates�goffer�gthe�gpotential �gto�gaccelerate�gsite�g
assessments,�gstreamline�gfeasibility �gstudies,�gand�gultimately �gsupport�gmore�g
efficient �gand�gdata-driven�gwind-farm �gdesign�gworkflows.

To�gthis�gend,�gwe�gpropose�ga�gfeedforward �gconvolutional �gnetwork �g
(FFCN)�gframework �gthat �glearns�gthe�gnonlinear �gmapping�gbetween�ginput �g
features�terrain �gcharacteristics,�gwind �gdirection, �gand�gforest�gheight�
and�gwind �gfield �goutputs.�gThis�gstudy�gfocuses�gon�gboth�gvertical �gand�ghor-
izontal �gwind �gprofiles,�gexamining�gsingle-scale�gand�gmulti-scale�gsurrogate�g
strategies,�gand�gevaluates�gthe�ginfluence�gof�gnetwork �garchitecture, �gtraining �g
data�gresolution, �gand�ginput �gfeature�gselection�gon�gpredictive �gperformance.�g
The�gresults�gprovide �ginsights�ginto �gthe�gfeasibility �gof�gintegrating �gdata-
driven �gmodels�ginto �goperational �gCFD�gworkflows, �gincluding �gtheir �gpoten-
tial �guse�gas�ghigh-quality �ginitial �gguesses�gto�gaccelerate�gconvergence�gin�g
RANS�gor�gLES�gsimulations.

The�gstudy�gis�gorganized�gas�gfollows: �gSection�g2�gintroduces�gthe�gcase�g
study�gsite�gand�gdescribes�gthe�gCFD�gsetup�gused�gto�ggenerate�gtraining �gdata.�g
Section�g3�gdetails�gthe�gDDNN�garchitecture, �gtraining �gprocedure,�gand�gsen-
sitivity �gto�gnetwork �gdesign�gchoices.�gSection�g4�gpresents�gthe�gmodel�geval-
uation, �gcomparing�gsurrogate�gpredictions�gagainst�gCFD�gresults.�gFinally, �g
Section�g5�gdiscusses�gthe�gbroader�gimplications �gof�gthe�gproposed�gapproach,�g
including �gits�grole�gin�gaccelerating�gCFD�gworkflows �gthrough �gfaster�gevalu-
ations,�greduced�greliance�gon�gfull-order �gsimulations,�gand�gpotential �guse�gin�g
generating�ginitial �gconditions �gfor �gCFD�gsolvers.

2.�gProblem�gsetup

In�gthis�gsection,�gwe�gpresent�gthe�gnumerical �gframework �gfor �gsite�gassess-
ment�gover�ga�gcomplex�gforested�gterrain �gin�gBaden�gWürttemburg, �gGermany.�g
The�gregion�ginvestigated�gin�gthis�gstudy�gis�gshown�gin�gFig.�g�g1�gand�gfeatures�g
an�gelevation�grange�gfrom �g0�gto�g800�gm�g(Fig.�g�g1�g-�gleft). �gThe�gforested�garea�g
is�gindicated �gby�gthe�gred-shaded�gregion�g(Fig.�g�g1�g-�gright). �gThis�gnumerical �g
framework, �gincluding �gits�gconfiguration �gand�gCFD�gsimulation �gsetup,�gforms�g
the�gbasis�gfor �ggenerating�gthe�gtraining �gdata�gused�gin�gthe�gneural�gnetwork �g
described�gin�gSection�g3.

This�gsite�gwas�gselected�gas�ga�gcase�gstudy�gfor �gbuilding �gsurrogates�gbecause�g
that �gprevious�gwork �gon�guncertainty �gpropagation�gby�gLakdawala�get�gal.�g
[ 20] �gshowed�gthat �gforest�gheight�gand�gwind �gdirection �gvariability �gstrongly�g
influence�gwind �gspeeds�ghere.�gThis�gindicates�gthat �gterrain �gcomplexity, �g
forest�gcover,�gand�gshifting �gwind �gdirections�gsignificantly �gaffect�gwind �gspeed�g
profiles�gat�ghub�gheights.�gThese�gcharacteristics�gmake�gthe�gsite�ga�gstrong�gtest�g
case�gfor �gusing�gCFD�gsimulations�gas�gtraining �gdata,�gsince�gthe�ginput�output �g
tuples�gcapture�ga�gwide�grange�gof�gvariability �ginduced�gby�gdifferent �gforest�g
heights�gand�gwind �gdirections.

The�ginput �gspace�gfor �gthe�gCFD�gsimulations�gincludes:�g(1)�gthe�gter-
rain �gtopography�gand�gits�gspatial�ggrid; �g(2)�ga�gparameter�gspace�gof�gforest�g
heights�gand�gwind �gdirections;�g(3)�gthe�gunderlying �gphysical�gmodel,�gnamely�g

the�gReynolds�gAveraged�gNavier�Stokes�g(RANS)�gequations,�gwhich �ggov-
ern�gthe�gflow �gdynamics.�gThe�gcorresponding�gCFD�goutput �gconsists�gof�g
high-resolution �gwind �gvelocity �gfields�gwith �gresolution �gthat �gserve�gas�gthe�g
ground-truth �greference�gdata�gfor �gtraining �gthe�gneural�gnetwork. �gThe�ggoal�g
of�gthis�gsection�gis�gto�gdescribe�gthe�gCFD�gmodeling�gprocess�gand�gestablish�gthe�g
resulting �ginput�output �gdataset�gas�ga�gfoundation �gfor �gdata-driven�gsurrogate�g
modeling.

Generating�ginput�output�gpairs�gfor�gtraining�gdata

The�gterrain �gis�gdiscretized�gusing�ga�gfixed�gmesh�gresolution �gof�g60�gm�gin�g
the�ginner �gdomain�gand�gis�goverlaid �gwith �ga�gforest�gcanopy�gmodel�gcharacter-
ized�gby�ga�gconstant�gleaf�garea�gindex.�gTo�ggenerate�gvaried�gtraining �gdata,�gwe�g
set�gup�gmultiple �gsimulation �gcases�g� �gthe�ginput �gdata�gconsists�gof�gthe�gspatial�g
coordinates,�gfive�gdistinct �gforest�gheights�granging�gfrom �g5�gto�g25�gm,�geach�g
paired�gwith �g36�gwind �gdirections�gspanning�g0◦�gto�g355◦,�gresulting �gin�ga�gtotal �g
of�g180�gCFD�gsimulation �gcases.�gThough�gthe�gprecise�gparameters�gemployed�g
in�gthe�gCFD�gsimulations�gare�gnot�gdiscussed�gin�gdetail �ghere,�git �gshould�gbe�g
emphasized�gthat �gall �gremained�gfixed�gacross�gruns,�gaside�gfrom �gvariations �g
in�ginlet �gwind �gdirection �gand�gforest�gheight.�gThe�goutput �gdata�gconsists�gof�g
wind �gspeed,�grepresented�gas�gthe�gmagnitude�gof�gwind �gspeeds�gin�gx,y�gand�gz�g
directions.

The�gunderlying �gphysics�gof�gwind �gflow �gis�gdescribed�gby�gthe�gtime-
averaged�gReynolds-Averaged�gNavier�Stokes�g(RANS)�gequations,�gcoupled�g
with �gthe�g𝑘 * 𝜖�gturbulence�gclosure�gmodel�g[ 21,22]. �gForest�gcanopy�geffects�g
are�gincorporated �gfollowing �gthe�gapproach�gof�gSanz�g[ 23] �gwho�gprovides�gde-
tailed �gparameterizations�gand�gcoefficients�gfor �gthe�g𝑘 * 𝜖�gmodel�gin�gforested�g
environments.�gBuilding �gon�gthe�gsource�gand�gsink�gterm�gformulations �gfor �g
the�gturbulent �gkinetic �genergy�gand�gthe�gdissipation�grate�gproposed�gby�gGreen�g
[ 24], �gLiu�get�gal.�g[ 25] �gand�gSanz�g[ 23] �gderived�gmodified �gcoefficients�gfor �g
modeling�gflow �gthrough �gforested�gterrain. �gAlthough �ga�gspatially �gvariable�g
leaf�garea�gindex�g(LAI) �gcan�gbe�gused�gto�greflect�gheterogeneous�gforest�gdensity,�g
a�gconstant�gLAI�gvalue�gof�g0.07�gis�gused�gthroughout �gthis�gstudy�gfor �gsimplicity.

The�gFraunhofer�gIWES�gWind�gSimulation �gEnvironment �g(FIWIND)�gis�g
used�gin�gthis�gstudy�gto�gsolve�gthe�gRANS�gequations,�gincorporating �gthe�gforest�g
canopy�gmodel�gwithin �gthe�g𝑘 * 𝜖�gturbulence�gclosure�gmodel.�gOriginally �g
introduced �gby�gChang�get�gal.�g[ 1], �gFIWIND�ghas�gsince�gbeen�gvalidated �gin�g
various�gstudies�g[ 2,20,26]. �gDeveloped�gby�gFraunhofer�gIWES,�gthe�gtool �g
provides�gan�gintegrated�gpre-�gand�gpost-processing�ginterface�gfor �gflexi-
ble�gconfiguration �gof�gsite-specific�gsetups,�gincluding �gdomain�gdefinition, �g
mesh�ggeneration,�ginput �gparameter�gspecification,�gboundary�gcondition �g
assignment,�gand�gprecursor�gsimulations.�gIts�gCFD�gkernel�gis�gbased�gon�gOpen-
FOAM�gand�gsupports�gNavier�Stokes,�gRANS�gand�gLarge�gEddy�gSimulation �g
(LES)�gmodeling�gapproaches.�gThe�gCFD�gsetups�gfor �ga�grange�gof�gcomplex�g
sites,�gincluding �gthe�gone�ganalyzed�gin�gthis�gstudy,�ghas�gbeen�gextensively�g
investigated�gand�gvalidated �gwithin �gthe�gSUnDAY�gproject�g[ 27].

The�gfull �gCFD�gsimulation �gworkflow �gis�gdepicted�gin�gFig.�g�g2.�gOnce�gthe�g
simulations�gare�gcompleted,�gthe�gresults�gare�gpost-processed�gusing�ga�gdedi-
cated�ginterface�gtailored �gfor �gwind �gresource�gevaluation.

The�gsimulation �goutputs�ginclude�gfull �g3D�gflow �gfields�gfor �gwind �gspeed�g
and�gpressure.�gFrom�gthese,�gspecific�gpoints�gof�ginterest�gcan�gbe�gselected�gto�g
extract�gvertical �gwind �gspeed�gprofiles�gabove�gground�glevel�gor�ghorizontal �g
cross-sections�gat�ghub�gheight.�gFig.�g�g3�gshows�gvertical �gwind �gspeed�gprofiles�gat�g
a�gselected�gpoint �gof�ginterest�gfor �gfour �grepresentative�gwind �gdirections�g(45◦,�g
135◦,�g225◦,�gand�g315◦)�gacross�gthe�gfive�gforest�gheight�gconfigurations. �gThe�g
profiles�gindicate �ghow�gvariations �gin�gforest�gheight�gsignificantly �ginfluence�g
wind �gspeed�gfrom �g5�gto�g150�gm�gabove�gground.

Similarly, �gFig.�g�g4�gpresents�ghorizontal �gcross-sections�gof�gwind �gspeeds�g
at�ga�gspecified�ghub�gheight�g(100�gm)�gfor �gfour �gwind �gdirection �gconfigura-
tions�g(with �gforest�gheight�gfixed�gat�g15�gm�gand�gdirections�gat�g45◦,�g135◦,�g
225◦,�gand�g315◦).�gThe�gfigures�ghighlight �ghow�gthe�ginteraction �gbetween�g
wind �gdirection �gand�gforest�gheight�gleads�gto�gcomplex�gspatial�gwind �gspeed�g
distributions.

These�gvertical �gprofiles�gand�ghorizontal �gslices�gserve�gas�ginput �gdata�gfor �g
the�gdata-driven�gneural�gnetwork �gdescribed�gin�gSection�g3.�gThe�goutput �g
profiles�gare�gsorted�gagainst�ginput �gconfigurations �gand�gsystematically�gsplit �g
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Fig.�g1.�gLeft:�gElevation�gmap�gfor�ga�gsite�gin�gBaden�gWürttemberg.�gRight:�gForest�gcover�gmarked�gin�gred.�g�g(For�ginterpretation �gof�gthe�greferences�gto�gcolor�gin�gthis�gfigure�g
legend,�gthe�greader�gis�greferred�gto�gthe�gweb�gversion�gof�gthis�garticle.)

Fig.�g2.�gDeterministic �gCFD�gworkflow �gto�gstudy�gthe�gimpact�gof�gforest�gheight�gimpact�gon�gwind �gspeeds�gover�gcomplex�gterrain.

Fig.�g3.�gVertical �gwind �gspeed�gprofiles�gat�ga�gselected�gsite�glocation �gfor�gvarious�gforest�gheights�gand�gwind �gdirections�g(45◦,�g135◦,�g225◦,�gand�g315◦�gfrom �gleft �gto�gright).

Fig.�g4.�gHorizontal �gwind �gspeed�gprofiles�gat�ghub�gheight�g100�gm�gfor�ga�gfixed�gforest�gheight�g15�gm�gand�gwind �gdirections�g(45◦,�g135◦,�g225◦,�gand�g315◦�gfrom �gleft �gto�gright).
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into �gtraining-testing �gdatabases�gfor �glearning�gthe�gAI-based�gsurrogates.�gOur�g
goal�gis�gto�guse�ga�gsubset�gof�gthese�gCFD-generated�gwind �gspeed�gfields�gto�gtrain �g
a�gneural�gnetwork �gcapable�gof�gapproximating �gthe�gRANS-CFD�gsolution. �g
This�gapproach�genables�gfaster�gpredictions�gwhile �gretaining �ghigh-fidelity �g
behavior,�gpaving�gthe�gway�gfor �gmore�gefficient �gsite�gassessments.

3.�gData-driven�gneural�gnetwork�gfor�gRANS-based�gsurrogate�gmodels

The�gobjective�ghere�gis�gto�guse�gfor �ga�gRANS-based�gCFD�gsimulations�g
to�gtrain �gan�gAI�gsurrogate�gmodel�gcapable�gof�gapproximating �gwind �gflow �g
behavior�gin�gcomplex�gterrain. �gThe�gforward-feed�gconvolution �gneural�gnet-
work �g(FFCNN)�garchitecture �gintroduced �ghere�gcan�gbe�gemployed�gfor �gpurely �g
data-driven�gmodeling�g[ 19,28], �gphysics-informed�glearning,�gor�ghybrid �g
approaches�gthat �gincorporate �gpartial �gphysical�gknowledge�ginto �gthe�glearn-
ing�gprocess�g[ 5,12]. �gOwing�gto�gtheir �gflexibility �gin�gcapturing �gcomplex,�g
nonlinear �grelationship, �gneural�gnetworks�gare�gparticularly �gwell-suited �gas�g
surrogate�gmodels�gin�gCFD�gapplications,�gwhere�gtraditional �gnumerical �g
simulations�gare�goften�gcomputationally �gintensive.

This�gsection�gpresents�ga�gbasic�gFFCNN�garchitecture �gfor �gdata-driven�g
learning�gof�gRANS�gsolutions,�gusing�ginput�output �gpairs�ggenerated�gfrom �g
the�gCFD�gsetup�gdescribed�gin�gSection�g2.�gThe�ginputs�ginclude�gspatial�gcolloca-
tion �gpoints�gwithin �gthe�gdomain�gand�gon�gits�gboundary,�gwind �gdirection, �gand�g
forest�gheight.�gEach�ginput �gcombination �gcorresponds�gto�gan�goutput �gwind �g
speed�gfield. �gThe�ggoal�gis�gto�glearn�gthe�gunderlying �gfunctional �grelationship �g
between�ginputs�gand�goutputs�gdirectly �gfrom �gdata,�gwithout �gexplicit �gknowl-
edge�gof�gthe�ggoverning�gphysical�gequations.�gIn�gprinciple, �gadditional �ginput �g
features�gcould�gbe�gincorporated �gto�gimprove �gthe�gAI�gsurrogate,�gsuch�gas�g
terrain �gcharacteristics,�gthermal �gstratification �gparameters,�ghub�gheight�gor�g
leaf�garea�gintensity.

A�gmultilayer �gFFCNN�gconsists�gof�gseveral�gkey�gcomponents:�gan�ginput �g
layer,�gone�gor�gmore�ghidden�glayers�gconsisting�gof�ginterconnected�gneurons,�g
and�gan�goutput �glayer.�gThe�gnetwork �gapproximates�gthe�gdesired�gmap-
ping�gby�gapplying �gsuccessive�gtransformations�gthrough �gthese�glayers.�gIn�g
each�ghidden�glayer,�gthe�gtransformation �gis�gdefined�gby�ga�gweighted�glinear �g
combination �gof�ginputs,�gfollowed �gby�ga�gnonlinear �gactivation �gfunction.

Formally, �glet�g𝑤𝑙
𝑗𝑘�gdenote�gthe�gweight �gconnecting�gthe�g𝑘th�gneuron�gin�g

the�g(𝑙 * 1 )th �glayer�gto�gthe�g𝑗th�gneuron�gin�gthe�g𝑙th�glayer,�gand�g𝑏𝑙𝑗 �gbe�gthe�g
corresponding�gbias�gterm.�gThe�goutput �g̃𝑢𝑙𝑗 �gof�gneuron�g𝑗�gin�glayer�g𝑙�gis�ggiven�g
by:

𝑢̃𝑙𝑗 = 𝜎

(

∑

𝑘
𝑤𝑙

𝑗𝑘𝑢̃
𝑙*1
𝑘 + 𝑏𝑙𝑗

)

= 𝜎
(

𝑧𝑙𝑗
)

,

where�g𝜎.⋅/�gis�gthe�gactivation �gfunction, �gand�g𝑧𝑙𝑗 �gis�gthe�gpre-activation �ginput �g
to�gneuron�g𝑗.

Each�gneuron�gis�gthus�gfully �gconnected�gto�gneurons�gin�gadjacent�glayers,�g
forming �gwhat �gis�gknown �gas�ga�gfully �gconnected�gor�ga�gdense�gneural�gnetwork. �g
Commonly�gused�gactivation �gfunctions�ginclude�gthe�gsigmoid�g𝜎.𝑢/ = 1

1+𝑒* 𝑢 ,�g
hyperbolic �gtangent�g(tanh) �gand�grectified �glinear �gunit �g(ReLU).�gThe�gchoice�g
of�gactivation �gfunction �gsignificantly �ginfluences�gmodel�gperformance,�gcon-
vergence�gbehavior,�gand�gthe�gability �gto�gmitigate �gissues�glike �gvanishing�g
or�gexploding�ggradients�g[ 29]. �gHowever,�gin�gour�gcase�gstudies,�gthis�geffect�g
appears�gless�gpronounced,�gas�gReLU�gperforms�gcomparably�gwell �gto�gother�g
activation �gfunctions.

Fig.�g�g5�gshows�ga�grepresentative�gFFCNN�gconfiguration �gwith �ga�g2-node�g
input �glayer,�gtwo �ghidden�glayers�gwith �g4�gand�g3�gneurons�grespectively,�g
and�ga�gsingle-node�goutput �glayer.�gIn�gthe�gcontext�gof�gour�gapplication, �gthe�g
two �ginputs�gcould�grepresent�gforest�gheight�gand�gwind �gdirection, �gwhile �g
the�goutput �gcorresponds�gto�ga�gpredicted�gwind �gspeed�gat�ga�ggiven�glocation �g
(e.g.�ghub�gheight�gat�ga�gspatial�gpoint �gof�ginterest).�gThis�garchitecture �gcan�gbe�g
extended�gfor �gmore�gcomplex�gtasks,�gincluding �ghigh-dimensional �ginput�
output �gmappings,�gfor. �ge.g�gspatial�gpoints,�gforest�gheight,�gwind �gdirection �g
for �ginput �gand�gspatially �gvarying �gwind �gprofiles�gor�gflow �gfields.

The�gnetwork �gparameters�g(weights�gand�gbiases)�gare�goptimized �gby�g
minimizing �ga�gloss�gfunction �gthat �gquantifies�gthe�gdiscrepancy�gbetween�g

predictions�gand�gground�gtruth. �gTraining �gis�gperformed�gusing�gthe�gback-
propagation�galgorithm, �gwhich �giteratively �gupdates�gthe�gnetwork's �gparam-
eters,�gi.e.�gthe�gweights�gand�gbiases,�gbased�gon�ggradient�ginformation. �gThis�g
optimization �gprocess�grequires�gthe�gdefinition �gof�ga�gloss�gfunction, �ga�gscalar�g
quantity �gthat �gquantifies�gthe�gprediction �gerror �gover�gthe�gtraining �gdataset.�g
For�gregression�gtasks,�ga�gcommon�gchoice�gis�gthe�gmean�gsquared�gerror �g(MSE):�g

data
(

𝜃 | .𝐱,𝐮</
)

=
1
𝑁

𝑁
∑

𝑖

‖

‖

𝑢̃.𝑥𝑖/ * 𝑢<.𝑥𝑖/, ‖‖
2
2 (1)

where�g̃𝑢.𝑥𝑖/�gis�gthe�gpredicted�goutput �gat�ginput �g𝑥𝑖,�g𝑢<.𝑥𝑖/�gis�gthe�gcorrespond-
ing�gtarget�gvalue,�gand�g𝑁�gis�gthe�gnumber�gof�gtraining �gsamples.

The�gtraining �gprocedure�gis�gformulated �gas�gan�goptimization �gproblem:�g

𝜃< = argmin𝜃data
(

𝜃 | .𝐱,𝐮</
)

, (2)

where�g𝜃�gdenoted�gall �gtrainable �gparameters�gof�gthe�gnetwork, �gand�g.𝐱,𝐮</
represents�gthe�gfull �gtraining �gdataset.�gOptimization �galgorithms �gsuch�gas�g
stochastic�ggradient�gdescent�g(SGD),�gAdam,�gor�gquasi-Newton�gmethods�g
like �gL-BFGS�gare�gused�gto�gsolve�gthis�gproblem�gefficiently �g[ 30,31]. �gTrain-
ing�gcontinues�guntil �gthe�gmodel�greaches�ga�gparameter�gconfiguration �gthat �g
achieves�gsatisfactory�gperformance,�gtypically �gvalidated �gon�gan�gindepen-
dent�gdataset.

The�gresulting �gtrained �gmodel�gcan�gbe�gexpressed�gas:

𝑈 .𝐱,𝐮<; 𝜃/,

where�g𝐱�gare�gthe�ginput �gfeatures,�g𝐮<�gthe�gknown �goutputs,�gand�g𝜃�gthe�glearned�g
network �gparameters.�gIn�gthis�gpurely �gdata-driven�gformulation, �gthe�gmodel�g
infers�gthe�gfunctional �grelationship �gsolely�gfrom �gthe�gavailable�gdata,�gwithout �g
incorporating �gphysical�gconstraints�gor�ggoverning�gequations.

To�gensure�gspatial�grelevance�gin�gphysical�gsystems�gsuch�gas�gthe�gCFD�g
simulations,�gthe�gtraining �gare�goften�gevaluated�gat�gdiscrete�gspatial�glocations�g
known �gas�gcollocation �gpoints,�gwhich �gmay�gbe�gstructured�g(e.g.�ggrid �gbased)�g
or�gunstructured. �gIn�gdata-driven�gneural�gnetworks�gthese�gpoints�gserve�gas�g
anchors�gwhere�gthe�gloss�gfunction �gis�gcomputed.�gThe�gdata�gloss,�gdefined�g
over�gcollocation �gpoints,�gis�ggiven�gby�gEq.�g�g(1).�gMinimizing �gthis�gloss�gen-
ables�gthe�gnetwork �gto�glearn�ga�gfunction �gthat �gaccurately�ginterpolates�gor�g
generalizes�gfrom �gthe�gtraining �gdata.

From�ga�gnumerical �gstandpoint,�gtraining �gwas�gperformed�gon�gan�gNVIDIA�g
H100�gGPU�gusing�gmini-batch �gstochastic�ggradient�gdescent�gin�gcombination �g
with �gthe�gAdam�gand�gL-BFGS�goptimizers.�gFor�gthe�gdataset�gsizes�gconsid-
ered�g(see�gSection�g4),�ga�gtypical �gtraining �grun�gwith �g5�15 �ghidden�glayers�g
required�gseveral�ghours�gof�gwall-clock �gtime �gto�glearn�gthe�gspatial�gwind �gspeed�g
profiles�gacross�ghorizontal �gslices.�gIn�gcomparison,�geach�gunderlying �gCFD�g
simulation �grequired�gseveral�gCPU-hours�gper�gflow �gconfiguration. �gThe�gsur-
rogate�gmodel�gtherefore�goffers�ga�gsubstantial�greduction �gin�gcomputational �g
effort, �gand�gonce�gtrained, �git �gprovides�greal-time �gpredictions,�genabling�g
efficient �gexploration �gof�glarge�gdesign�gspaces�gand�glong-term �gwind �gresource�g
scenarios

4.�gResults

Multiple �gnetworks�gwere�gtrained �gfollowing �gthe�gFFCNN�garchitecture �g
outlined �gin�gSection�g3.�gEach�gnetwork �gwas�gtrained �gon�gdifferent �gsubsets�g
of�gthe�gdata�gdefined�gin�gSection�g2�gto�glearn�gthe�gvertical �gand�ghorizontal �g
wind �gspeed�gprofiles.�gThe�ginput �gtuple�g[wind �gdirection, �gforest�gheight,�g.𝑥, 𝑦/
collocation �gpoints] �gmaps�gthe�gCFD�ggenerated�gwind �gspeed�gto�gtheir �gcorre-
sponding�gsurrogate�gpredictions�gfor �geach�gtraining �gsubset.�gThe�gcomplete�g
dataset�gconsists�gof�gpre-computed�gCFD�gresults�gfor �g36�gwind �gdirections�gand�g
five�gforest�gcanopy�gheights.�gResults�gfrom �gvarious�gRANS-based�gsurrogate�g
models�gfor �gvertical �gand�ghorizontal �gwind �gspeeds�gprofiles�gare�gpresented,�g
along�gwith �gquantitative �gerror �gestimates�gthat �genable�ga�gsensitivity �ganalysis�g
across�gthe�gtraining �gsubsets.�gThe�gfirst �gtwo �gsurrogates�gwere�gtrained �gfor �g
the�gvertical �gwind �gspeed�gprofiles,�gwhile �gthe�gremaining �gmodels�gfocused�g
on�gspatially �gvarying �ghorizontal �gwind �gspeeds�gat�ga�ghub�gheight�gof�g100�gm.
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Fig.�g5.�gA�gsimple�gfeed�gforward �gconvolution �gneural�gnetwork �gconfigured�gwith �g2-node�ginput �glayer,�g2�ghidden�glayers�g(with �g4�gand�g3�gnodes�gper�glayer)�gand�ga�gsingle�gnode�g
output �glayer.

Fig.�g6.�gLeft:�gDifferent �gnetwork �garchitectures�gused�gto�gtrain �gRANS-surrogates.�g
Right:�gSelection�gof�gthe�goptimal �gnetwork �garchitecture �gbased�gon�gmean�gsquared�g
error.

4.1.�gRANS-AI�gsurrogate�gfor�gvertical�gwind�gspeed�gprofiles

The�gtraining �gdata�gset�gconsisted�gof�gvertical �gwind �gspeed�gprofiles�gde-
rived �gfrom �gCFD�gsimulations�gat�gfour �gpoints�gof�ginterest�gwithin �gthe�gdomain.�g
As�gshown�gin�gFig.�g�g3�g(Section�g2),�gvertical �gprofiles�gwere�gcreated�gfor �g36�g
wind �gstates�gacross�gforest�gcanopy�gheights�gof�g5,�g10,�g15,�g20,�gand�g25�gm,�g
yielding �ga�gtotal �gof�g180�gunique�gsimulation �gcases.�gTwo�gseparate�gnetworks�g
are�gtrained: �gone�gexcluding�gdata�gcorresponding�gto�ga�gforest�gheight�gof�g
15�gm,�gand�gthe�gother�gexcluding�gdata�gfor �ga�gforest�gheight�gof�g25�gm.

Several�gsurrogate�gnetworks�gwere�gtrained �gfor �gboth�gdatasets�gusing�gdif-
ferent�gnetwork �garchitectures�gusing�gvaried�garchitectural �gconfigurations �g
differing �gin�glayer�gdepth,�gneuron�gcount�gand�gactivation �gfunctions�g(Fig.�g�g6,�g
left). �gThe�goptimal �gconfiguration �gwas�gdetermined�gbased�gon�gthe�gminimum �g
mean�gsquared�gerror �g(MSE)�gachieved�gon�gthe�gvalidation �gdatasets.�gThe�g
selected�garchitecture, �greferred�gto�gas�g̀̀Arch�g1'', �gconsists�gof�gnine�ghidden�g
layers�gwith �g50�gneurons�gper�glayer�gand�gutilizes �gthe�ghyperbolic �gtangent�g
activation �gfunction �g(𝜎 = tanh).�gThis�gconfiguration �gachieved�gthe�glowest�g
MSE�gacross�gboth�gvalidation �gsets�gand�gwas�gsubsequently�gadopted�gfor �gthe�g
RANS�gsurrogate�ganalyses�gfor �gthe�gvertical �gwind �gspeed�gestimates.

To�gevaluate�gmodel�gperformance�gfor �gits�ginterpolation �gcapability, �gthe�g
trained �gnetwork �gwas�gvalidated �gagainst�gCFD-generated�gprofiles�gfor �gthe�g
held-out�gtest�gcase�gwith �ga�gforest�gheight�gof�g15�gm.�gAs�gshown�gin�gFig.�g�g7,�g
the�gnetwork �gpredictions�gclosely�greproduce�gthe�gCFD�greference�gprofiles,�g
with �gtypical �gdeviations�gon�gthe�gorder�gof�g𝑂.10*1 /.�gThe�gmodel�gcompares�g
well �gagainst�gconventional �ginterpolation �gtechniques�g(linear, �gquadratic,�g
and�gcubic),�gparticularly �gin�gcapturing �gthe�gnonlinear �gvertical �gvariations �g
in�gwind �gspeed.�gHowever,�gdiscrepancies�gemerge�gin�gregions�gcharacterized�g
by�glimited �gvariability �gin�gthe�gtraining �gdata�g� �gmost�gnotably �gat�ghigher�g
elevation�gwhere�gwind �gspeed�gvariations �gare�gweak.�gAt�gthese�gheights,�g

surrogate�gexhibits�gthe�gtendency�gto�gover-smooth�gthe�gresponse,�gimplying �g
a�glearned�gbias�gtoward �gcontinuity �gin�gthe�gunderlying �gfunction. �gThis�gbehav-
ior �glikely �greflects�gthe�gcombined�ginfluence�gof�ghigh�gdimensional�glearning�g
constraints�gand�gmild �goverfitting, �gunderscoring�gthe�gimportance�gof�gdata�g
diversity �gand�grepresentativeness�gin�gsurrogate�gmodel�gtraining.

In�gcontrast�gto�gthe�g15�gm�gvalidation �gcase,�gFig.�g�g8�gpresents�gthe�gDDNN�g
predictions�gfor �gthe�gtest�gscenario�gwith �ga�gforest�gheight�gof�g25�gm,�gused�gto�g
assess�gthe�gmodel's�gextrapolation �gcapability. �gThe�gDDNN�gprovides�grea-
sonably�gaccurate�gestimates�grelative �gto�gstandard�gextrapolation �gmethods,�g
confirming �gits�geffectiveness�gas�ga�gsurrogate�gfor �gvertical �gwind �gspeed�gpre-
diction �gin�gpreviously �gunseen�gconditions. �gHowever,�gconsistent�gwith �gthe�g
15�gm�gvalidation �gresults,�gsigns�gof�gmild �goverfitting �gpersist,�gas�gthe�gsurro-
gate�gexhibits�gslightly �gover-smoothed�gresponses�gin�gregions�gcharacterized�g
by�glow �gvariability �gin�gthe�gtraining �gdata.

The�glearning�gof�gthe�gvertical �gwind �gspeed�gprofiles�gprovides�ga�gfounda-
tion �gfor �gextending�gthe�gapproach�gto�ghorizontal �gwind �gfields.�gIn�gthe�gfollow-
ing�ganalysis,�gthe�gsurrogate�gmodels�gare�gtrained �gon�gan�gexpanded�gdataset�g
with �gadditional �gspatial(collocation) �gpoints,�gcapturing �ggreater�gvariability �g
in�gthe�ginput�output �grelationships�gand�genabling�gthe�gprediction �gof�gmore�g
complex�ghorizontal �gwind �gpatterns.�gThis�gprogression�gdemonstrates�gthe�g
scalability �gand�ggeneralizability �gof�gthe�gDDNN�gframework �gfor �gwind �gprofile �g
modeling�gacross�gmultiple �gdimensions.

4.2.�gRANS-AI�gsurrogate�gfor�ghorizontal�gwind�gspeed�gsections�gat�ghub�gheight

This�gsection�gpresents�gthe�gresults�gof�gdata-driven�gsurrogates�gto�gpredict �g
horizontal �gwind �gspeed�gfields�gat�ghub�gheight�g(100�gm),�gbased�gon�gCFD-RANS�g
simulations.�gThree�gdifferent �gdata�gpartitioning �gstrategies�gwere�gused�gto�g
train �gthe�gsurrogates:

1. An�g80�20 �gsystematic�gsplit �gby�gwind �gdirection �gand�gforest�gheight,�g
where�gall �gspatial�gpoints�gcorresponding�gto�ga�gspecific�gwind �gdirec-
tion �gand�gforest�gheight�gare�gentirely �gassigned�gto�geither�gthe�gtraining �g
or�gtesting�gset.�gThis�gsetup�gis�gdetailed�gin�gSection�g4.2.1.

2. An�g80�20 �grandom�gsplit �gby�gspatial�gpoints�gfor �geach�gwind �gdirection �g
and�gforest�gheight,�gwith �gall �gcombinations�gincluded �gin�gboth�gsets.�g
Results�gfor �gthis�gconfiguration �gare�gpresented�gin�gSection�g4.2.2.

3. The�gdomain�gis�gsplit �ginto �gcoarse,�gand�gfine-scale�gwindows �gto�gtrain �g
networks�gon�gmultiple �gresolutions.�gMore�gdetails�gon�gthis�gis�gdis-
cussed�gin�gSection�g4.2.3.

This�gfirst �gtwo �gstrategies�gaim�gto�gassess�gthe�gsurrogate's�gability �gto�ghandle�g
fill �gin�gthe�gdata�ggaps,�geither�gfor �gunseen�gcombinations�gof�ginput �gparameters�g
or�gincomplete/missing �gdata.�gThe�gquestion�gwe�ginvestigate�gis�gwhether�gthe�g
surrogate�gis�gsensitive�gto�gthe�gsystematic/random �gsplit �gfor �gthe�gtraining �g
dataset?�gSections�g4.2.1 and 4.2.2�gcorrespond�gto�gthis�gassessment.�gThe�g
third �gstrategy�ginvestigates�gthe�gsurrogates�gability �gto�ghandle�gtraining �gdata�g
on�gmultiple �gscales,�gsimilar �gto�ga�gsubgrid-approach�gthat �gis�gcommonly�gused�g
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Fig.�g7.�gDDNN�gestimates�gof�gvertical �gwind �gspeed�gprofiles�g(denoted�gby�gMLP)�gat�gtree�gheight�g15�gm�gfor�gwind �gdirections�g45◦,�g135◦,�g225◦,�gand�g315◦,�gcompared�gagainst�g
CFD�gresults�gand�gstandard�ginterpolated �gprofiles�g(linear, �gquadratic,�gcubic)�gand�gordinary �gleast�gsquares�gregression.

Fig.�g8.�gDDNN�gestimates�gof�gvertical �gwind �gspeed�gprofiles�g(denoted�gby�gMLP)�gat�gtree�gheight�g25�gm�gfor�gwind �gdirections�g45◦,�g135◦,�g225◦,�gand�g315◦,�gcompared�gagainst�g
CFD�gresults�gand�gstandard�gextrapolated�gprofiles�g(linear, �gquadratic,�gcubic)�gand�gordinary �gleast�gsquares�gregression.

in�gCFD,�gwhere�gfine-scale�gsimulations�gare�gonly �gperformed�gon�gselected�g
windows �gin�ga�glarger�gdomain.

For�gall �gscenarios,�gthe�gFFCNN�garchitecture �gfeatured�gan�ginput �glayer�gac-
cepting�ga�gfeature�gvector�gcomprising�gspatial�gcoordinates,�gwind �gdirection, �g
and�gforest�gheight.

Similar �gto�g4.1,�gseveral�gsurrogates�gwere�gtrained �gfor �gboth�gtraining �g
data�gusing�gdifferent �gnetwork �garchitectures�gbased�gon�gvaried�glayer-node�g
configurations �gand�gactivation �gfunctions,�gas�gshown�gin�gFig.�g�g9.�gThe�goptimal �g
network �gconfiguration �gin�gboth�gcases�gwas�gselected�gbased�gon�gthe�gmean�g
squared�gerror, �gshown�gin�gFig.�g�g10.

Although �gL-BFGS�gis�gwidely �grecognized�gas�ga�grobust�gsecond-order�g
optimizer, �git �gexhibited �gsubstantially �glonger�gper-epoch�gtraining �gtimes�gin�g
our�gexperiments.�gAdditionally, �gsince�gL-BFGS�grequires�gthe�gfull �gdataset�gto�g
compute�ggradients�gat�geach�giteration, �gmodels�gwith �gfive�gand�gseven�glayers�g

exceeded�gmemory�glimits, �grendering�git �gunsuitable�gfor �gdeeper�garchitec-
tures,�gat�gleast�gfor �gthe�ghuge�gtraining �gdataset�gconsidered�gin�gSections�g4.2.1
and 4.2.2.�gHowever,�gin�gthe�gtraining �gsome�gof�gsurrogates�gin�gSection�g4.2.3�g
where�gtraining �gdatasets�gare�gnot�gso�glarge,�gwe�ghave�gused�gthe�gLBFGS�g
optimizer.

Among�gthe�gtested�gconfigurations, �gModel�gArchitecture �g3�gprovided �g
the�gbest�gbalance�gbetween�gtraining �gtime �gand�gmean�gsquared�gerror �g(MSE)�g
reduction. �gThe�gnetwork �gcomprised�gfive�ghidden�glayers�gwith �g[128, �g64,�g
128,�g64,�g128] �gneurons�gand�gtanh�gactivation �gfunction. �gThe�goutput �glayer�g
contained�ga�gsingle�gneuron�gpredicting �gthe�gwind �gspeed.�gTraining �gwas�g
performed�gusing�gthe�gMSE�gloss�gfunction �gand�goptimized �gwith �ga�gAdam�g
optimizer �gwith �ga�glearning�grate�gof�g1•10 *3 .�gModels�gwere�gtrained �gfor �gup�gto�g
1000�gepochs�gwith �gcheckpoints�gevery�g10�gepochs�gto�gmonitor �gconvergence�g
and�gprevent�goverfitting. �gA�gbatch�gsize�gof�g640�gsamples�gwas�gused,�gand�gall �g
computations�gwere�gexecuted�gon�gan�gNVIDIA�gH100�gGPU.

Energy and AI 24 (2026) 100738 

�� 



Z.�gLakdawala�get�gal.

Fig.�g9.�gComparison�gof�gdifferent �gnetwork �gconfigurations �gand�goptimizers�gfor�ghorizontal �gwind �gvelocity.

Fig.�g10.�gComparison�gof�gdifferent �gmodel�garchitectures�gbased�gon�gmean�gsquared�gerror�g(MSE)�gand�gtraining �gtime�gfor�gtraining �gthe�gFFCNN�gnetwork.

Fig.�g11.�gCFD�gsimulation �gresults�g(left) �gcompared�gagainst�gpredicted�gestimates�g(middle) �galong�gwith �grelative �gerrors�g(right). �gSurrogate�gestimates�gfor�gforest�gheight�g=
15�gm,�gwind �gdirection �g=�g195◦.

4.2.1.�gAI�gsurrogate�gas�gan�ginterpolator�gbetween�gdifferent�gwind�gdirections�gand�g
forest�gheights

This�gsetup�ghere�gaims�gto�gassess�gthe�gsurrogate's�gability �gto�ginterpo-
late�gbetween�gunseen�gcombinations�gof�ginput �gparameters.�gFor�gresults�g
discussed�gin�gSections�g4.2.1 and 4.2.2,�gthe�gtraining �gdataset�gcomprised�g
of�gapproximately �g3.2�gmillion �gvalues,�gconsisting�gof�gcollocation �gpoints�g
distributed �gacross�gthe�ghorizontal �gdomain,�gforest�gheights,�gand�gwind �gdi-
rections.�gThe�gtest�gdataset�gcontained�garound�g80,000�gsamples,�gi.e.�groughly �g
20%�gof�gthe�gtraining �gsize.�gThis�gtrain�test �gsplit �gwas�gconsistently�gapplied�g
across�gall �gvariations �gto�gensure�gmodel�gperformance�gwas�gevaluated�gon�ga�g
diverse�gand�gsufficiently �glarge�gtest�gset.

The�gtraining �gand�gtesting�gdatasets�gare�gformed�gby�gsplitting �gthe�gCFD-
simulated�gwind �gfields�gbased�gon�gwind �gdirection �gand�gforest�gcanopy�gheight.�g
The�gtraining �gset�gexcluded�gthe�gprofiles�gcorresponding�gto�ga�gforest�gheight�g
of�g15�gm�gand�gwind �gdirections�gof�g45◦,�g135◦,�g225◦,�gand�g315◦,�gwhile �g
the�gremaining �gcases�gwere�gused�gfor �gtraining �gthe�gsurrogate.�gEach�gdata�g
sample�gcontains�gwind �gspeed�gvalues�gat�gall �gspatial�gcollocation �gpoints�gfor �g
a�gparticular �gwind �gdirection �gand�gforest�gheight.

Figs.�g�g11 and 12�gillustrate �gthe�gsurrogate�gmodel's�gpredictive �gperfor-
mance�gon�gtwo �gtest�gcases�gthat �gwere�gexcluded�gfrom �gthe�gtraining �gset.�gFor�g
the�gtwo �grepresentative�gconfigurations �gwith �gdifferent �gforest�gheight�gand�g
wind �gdirections,�gthe�gpredicted�gwind �gspeeds�gare�gsmoother�gthan�gthe�gones�g
computed�gusing�gthe�gCFD�gsetup.�gNonetheless,�gthe�gnetwork �gseems�gto�ghave�g
learned�ga�gpattern�gas�gthe�goverall �gflow �gdynamics�gis�grecovered.�gThe�grelative �g
errors�gshown�gin�gFig.�g�g13�gsuggest�gthat �gthe�ghighest�gerrors�gare�gtypically �goc-
curring �gin�gregions�gwith �gsteep�gvelocity �ggradients.�gThe�gsurrogate�gexhibits�g
weaker�gperformance�gat�gthese�glocations,�gwith �ga�gmaximum �gdeviation �gof�g
about�g25%.

The�gempirical �gdistribution �gof�grelative �gerrors�gfor �gthe�gtwo �gcases�ghas�gan�g
almost�gzero�gmean�g(* 0.010�gand�g* 0.005�grespectively)�gand�gstandard�gdevi-
ations�gof�g0.0563�gand�g0.0547.�gOverall,�gthe�gnetwork �gestimates�glie�gwithin �g
a�g15%�gerror �gmargin�gfor �g,3 �gstandard�gdeviations.�gSome�gerrors�gin�gthe�g
15%�25% �grange�galso�goccur,�gbut�gwith �ga�gvery�glow �gprobability. �gNotably, �g
the�gnetwork �gtends�gto�gresult�gweaker�gestimates�gin�gregions�gpreviously �g
identified �gas�ghaving�ghigher�gwind �gspeed�gvariability �gdue�gto�gvarying �gforest�g
heights,�gas�greported�gin�g[ 20] �g-�gthough�gthis�gobservation�gstill �grequires�g
validation.
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Fig.�g12.�gCFD�gsimulation �gresults�g(left) �gcompared�gagainst�gpredicted�gestimates�g(middle) �galong�gwith �grelative �gerrors�g(right). �gSurrogate�gestimates�gfor�gforest�gheight�g=
25�gm,�gwind �gdirection �g=�g175◦.

Fig.�g13.�gEmpirical �gdistribution �g(histogram) �gof�grelative �gerrors�gfor�gthe�gtwo �gconfigurations.

4.2.2.�gAI�gsurrogate�gfor�ginfill �gat�gspatial�glocations�gwithin�ga�ggiven�gscenario
In�gthis�gsection,�gthe�gdata�gused�gto�gtrain �gthe�gnetwork �gis�gdistributed �g

differently �gfrom �gthat �gdiscussed�gearlier�gin�gSection�g4.2.1.�gThe�gsurrogate�g
model�ghere�gis�gtrained �gusing�ga�g80%�20% �grandom�gsplit �gapplied�gacross�g
spatial�gcollocation �gpoints�gfor �geach�gforest�gheight-wind �gdirection �gcase,�gas�g
shown�gin�gFig.�g�g14.�gThe�gfigure �gshows�ghow�gthe�gspatial�gpoints�gare�grandomly �g
divided �gbetween�gthe�gtraining �gand�gtesting�gdatasets�gfor �gthe�gspecific�ghori-
zontal�gcross�gsection�gat�g100�gm�ghub�gheight�gfor �ga�gwind �gdirection �g225◦�gand�g
a�gforest�gheight�g20�gm.

This�gsetup�gis�gused�gto�gevaluate�gthe�gsurrogate�gmodel's�gability �gto�g
perform �ga�gspatial�ginfill, �gi.e.�gto�gaccurately�gpredict �gwind �gspeed�gvalues�g
at�gunseen�gspatial�glocations�gwithin �ga�ggiven�gscenario�g(i.e.�ga�gfixed�gcom-
bination �gof�gwind �gdirection �gand�gforest�gheight). �gBy�gholding �gthe�gscenario�g
parameters�gconstant,�gthe�gsurrogate�gis�gtested�gfor �gits�gcapacity�gto�ggen-
eralize�gover�gthe�gspatial�gdomain.�gSuch�gan�gapproach�gmimics�gpractical �g
use�gcases�gwhere�gmeasurements�gof�gsimulations�gare�gavailable�gonly �gat�ga�g
specific�gset�gof�glocations�gand�greliable �gestimates�gare�gneeded�gat�gfiner �gspatial�g
resolutions.

The�gnetwork �gestimates�gare�gcompared�gagainst�gthe�gCFD-generated�g
wind �gspeeds�gfor �ga�gforest�gheight�gof�g20�gm�gand�ga�gwind �gdirection �g225◦,�gas�g
shown�gin�gFig.�g�g15.�gOverall,�gthe�gsurrogate�gcaptures�gthe�gunderlying �gwind �g
field �gwell, �gdemonstrating�ggood�gagreement�gwith �gthe�gCFD�gresults�gacross�g
most�gspatial�glocations.

Similar �gto�gthe�gsurrogate�gestimates�gdiscussed�gin�gSection�g4.2.1,�gcertain�g
limitations �gare�gobserved,�gprimarily �gin�gthe�gform �gof�gslight �gover-smoothing�g
in�gregions�gwhere�gthe�gCFD�gsolution �gexhibits�gsharp�ggradients�gor�ghighly �g
localized�geffects,�gsuch�gas�gwake�gzones�gbehind�gforest�gedges�gor�gcomplex�g
terrain �gfeatures.�gThese�gregions�gare�ginherently �gchallenging�gdue�gto�gflow �g
separation�gand�gturbulence,�gmaking�git �gdifficult �gfor �gthe�gsurrogate�gto�g
capture�gfine-scale�gvariations �gaccurately.

Despite�gthese�gchallenges,�gmost�gpredicted�gwind �gspeed�gvalues�glie�g
within �g, 3�gstandard�gdeviations�gof�gthe�gmean�g(zero-centered)�gand�gwithin �g
a�grelative �gerror �grange�gof�gapproximately �g15%�16%, �gindicating �gthat �gthe�g
model�gachieves�greasonably�gaccurate�gestimates�gacross�gthe�gdomain.�gThe�g

regions�gshowing�gerrors�gexceeding�g15%�ghighlight �gareas�gwhere�gadditional �g
model�grefinement�gor�glocalized�gcorrection �gstrategies�gmay�gbe�gbeneficial�g
(see�gFig.�g�g16).

A�gquestion�gwe�gasked�gourselves,�ghowever,�gis�gwhether�gsurrogates�gcan�g
be�gtrained �gacross�gmultiple �gspatial�gscales�using �glocalized�gwindows �gen-
riched�gwith �gadditional �gtraining �gdata�gto�genhance�gtheir �gability �gto�gresolve�g
fine-scale�gdynamics.�gSome�ginitial �gresults�gon�gsurrogates�gconstructed�gfrom �g
multi-resolution �gdatasets�gare�gdiscussed�gin�gthe�gfollowing �gsection.

4.2.3.�gAI�gsurrogate�gfor�gnetworks�gtrained�gon�gmultiple�gscaled�gdataset
This�gsection�ginvestigates�gthe�gconcept�gof�gmulti-scale�gnetwork �gtrain-

ing�gto�genhance�gthe�ggeneralization�gcapability �gof�gsurrogate�gmodels�gfor �g
larger�gspatial�gdomains.�gIn�gsuch�gcases,�gonly �glimited �gsubdomains�gcontain�g
fully �gresolved�gwind �gfields�gobtained�gfrom �gRANS-CFD�gsimulations,�gwhile �g
the�gremainder�gof�gthe�gdomain�gis�grepresented�gby�gcoarser�gwind �gspeed�g
profiles�gdue�gto�gcomputational �gconstraints.�gIn�gthe�gprevious�gcases,�gthe�g
networks�gwere�gtrained �gexclusively�gon�gwind �gspeed�gdata�gwith �ga�g60�gm�g
grid �gresolution, �gi.e.�gthe�gfinest�gscale�gat�gwhich �gRANS-CFD�gsimulations�g
were�gperformed,�gthus�grepresenting�gfully �gresolved�gmodels.�gHere,�gwe�g
extend�gthis�gapproach�gby�gtraining �gnetworks�gusing�gonly �gthe�gfully �gresolved�g
wind �gfields�gavailable�gwithin �gsmaller�gsubdomains,�gaiming �gto�gtransfer�g
the�glearned�grepresentations�gto�gbroader,�gless-resolved�gregions�gof�gthe�g
domain.�gThe�gcentral�gquestion�gwe�gaddress�gis:�gCan�gmulti-scale�gfield �gdata�g
be�geffectively �gcombined�gin�ga�gneural�gnetwork �gto�gyield �gaccurate�gfine-scale�g
predictions�gacross�gthe�gdomain?

Fig.�g�g17�gillustrates �gthe�gsetup�gfor �ga�ghorizontal �gslice�gcorresponding�g
to�gwind �gdirection �g195◦�gand�gforest�gheight�g15�gm.�gThe�gleft �gpanel�gshows�g
the�gcoarse�gwind �gfield �gacross�gthe�gentire�gdomain,�gwhile �ghigh-resolution �g
wind �gfields�gare�gavailable�gonly �gwithin �ga�gfew�glocalized�gwindows. �gTo�g
reconstruct�gfine-scale�gflow �gfields,�gdifferent �gtraining �gstrategies�gare�gem-
ployed�gusing�gvarious�gneural�gnetwork �gconfigurations: �g(1)�ga�gnetwork �g
trained �gexclusively�gon�gcoarse-resolution�gdata�g(Fig.�g�g17,�gleft); �g(2)�gfour �g
independent�gnetworks�gtrained �gon�gboth�gcoarse�gand�gfine-scale�gdata�gwithin �g
localized�gsubdomains;�gand�g(3)�ga�gsingle�gnetwork �gtrained �gon�ga�gcombined�g
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Fig.�g14.�gSpatial�gcollocation �gpoint �gdensity�gfor�ga�ghorizontal �gcross�gsection�gat�ghub�gheight�g100�gm�gfor�gwind �gdirection �g225◦�gand�gforest�gheight�g20�gm.�gLeft:�g80%�gtraining �g
data;�gRight:�g20%�gtesting�gdata.

Fig.�g15.�gLeft:�gCFD�gwind �gspeed�gfield; �gMiddle: �gDDNN�gprediction; �gRight:�gRelative�gerror�g(0�1 �gscale).�g

Fig.�g16.�gEmpirical �gdistribution �g(histogram) �gof�grelative �gerrors�gfor�gsurrogate�gtrained �gon�ga�grandom�g80�20 �gsplit �gof�gtraining �gdata.

dataset�gcomprising�gcoarse-resolution�gdata�gand�ghigh-resolution �gfields�g
from �gselected�gsubdomains�g(Fig.�g�g17).�gIn�gthe�gthird �gapproach,�gthe�gnetwork �g
is�gtrained �gon�ga�gmulti-scale�gdataset�gconsisting�gof�g36,000�gcollocation �g
points�gfrom �gthe�gcoarse�gfield �gand�g200,000�gcollocation �gpoints�gfrom �geach�g
high-resolution �gsubdomain.�gAll �gwind �gdirections�gand�gforest�gheights�gwere�g
included �gin�gthe�gtraining �gdataset.

Given�gthe�grelatively �gsmall�gsize�gof�gthe�gdatasets�gused�gfor �gtraining �gthe�g
independent�gcoarse-scale�gand�gfine-scale�gnetworks,�gthe�gLBFGS�goptimizer �g
was�gemployed.�gHowever,�gwhen�gthe�gcoarse�gand�gfine�gdatasets�gwere�gcom-
bined�gto�gtrain �ga�gsingle�gnetwork �gover�gthe�gentire�gdomain,�gthe�gdata�gvolume�g
increased�gsubstantially, �gleading�gto�gmemory�glimitations �gthat �gcaused�g

LBFGS�gto�gfail. �gIn�gthis�gcase,�gthe�gAdam�goptimizer �gwas�gadopted�ginstead.�g
The�gcorresponding�gmean�gsquared�gerror �g(MSE)�gvalues�gand�gactivation �g
functions�gused�gfor �geach�gmodel�gconfiguration �gare�gsummarized�gin�gFig.�g�g18.

Fig.�g�g19�gshows�gthe�gpredicted�goutputs�gfrom �gthe�gthree�gnetworks.�gAs�g
expected,�gthe�gnetwork �gtrained �gsolely�gon�gcoarse-resolution�gdata�g(left) �g
fails�gto�gcapture�gfine-scale�gfeatures,�gas�gsuch�gdetails�gwere�gnot�gpresent�gin�g
the�gtraining �gdataset.�gThe�gsecond�gcase�g(middle), �ginvolving �gindependently �g
trained �gcoarse�gand�gfine-scale�gnetworks,�gproduces�gaccurate�gestimates�g
within �gthe�glocalized�gwindows �gwhere�gfine-scale�gdata�gwas�gavailable.�g
Notably, �gthe�gmulti-scale�gnetwork �g(right), �gtrained �gon�gboth�gcoarse�gand�g
fine-resolution �gdata,�gdelivers�gimproved �gpredictions�gnot�gonly �gwithin �g
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Fig.�g17.�gLeft�gto�gright: �gTraining �gdata�gcorresponding�gto�glow-resolution �gcoarse�gscale�gdata�gand�ghigh-resolution �gdata�gwithin �gfiner �gsubdomains.

Fig.�g18.�gMSE�gvalues�gfor�gdifferent �gsurrogates�gusing�gArch�g3�gin�gFig.�g�g9.

the�gfine-scale�gregions�gbut�galso�gin�gareas�gwhere�gno�gfine-resolution �gdata�g
was�gused�gduring �gtraining, �gindicating �gbetter�ggeneralization�gacross�gthe�g
domain.

The�grelative �gerror �gprofiles�gcorresponding�gto�gthe�gthree�gnetworks�gare�g
shown�gin�gFig.�g�g20,�gwhich �gdisplays�gthe�ginferred �gpredictions�gon�gfine-
grid �gfrom �geach�gmodel.�gTogether�gwith �gthe�gerror �ghistograms�gin�gFig.�g�g21,�g
these�gresults�gshow�gthat �gthe�gcombined�gmulti-resolution �gnetwork �gnot�g
only �gexhibited �gsmoother�gand�gmore�gstable�gtraining �gbut�galso�gproduced�g
more�gaccurate�gpredictions.�gThe�gerrors�gare�gmore�gtightly �gdistributed �gand�g
centered�garound�ga�gmean�gclose�gto�gzero,�gindicating �greduced�gbias�gand�g
improved �goverall �gperformance.

4.3.�gDiscussion

Based�gon�gthe�gpresented�gresults,�gthe�gperformance�gof�gthe�gRANS�gsurro-
gate�gmodels�gfor �gwind �gspeed�gestimation�gis�gonly �gmarginally �ginfluenced�gby�g
the�gvariability �gin�gthe�gdistribution �gof�ginput�output �gpairs�gwithin �gthe�gtrain-
ing�gdata,�gat�gleast�gfor �gthe�gsingle-scale�gcases.�gInstead,�gpredictive �gaccuracy�g
is�gpredominantly �ggoverned�gby�gthe�gnetwork �garchitecture. �gComparisons�g
across�garchitectures�greveal�gthat �gthe�gnumber�gof�glayers�gand�gneurons�gper�g
layer�gplay�ga�gdecisive�grole,�gwhereas�gthe�gchoice�gof�gactivation �gfunction �g
(ReLU�gor�gtanh)�ghad�gnegligible �gimpact�gon�gmodel�gperformance.

Fig.�g�g22�gillustrates �gthe�gconvergence�gof�gthe�gloss�gfunction �gfor �gthe�g
tanh�gactivation �gacross�gall �gbenchmarks.�gFor�gvertical �gwind �gprofiles,�gcon-
vergence�greached�gapproximately �g.10*1 /,�gwhile �gfor �ghorizontal �gslices,�g
this�glevel�gwas�gattained�gonly �gby�gthe�gsingle-scale�gnetworks.�gThe�ghybrid-
scale�gapproach�gperformed�gslightly �gbetter�gbut�gdid �gnot�gachieve�g.10*2 /
in�gany�gcase.�gThis�glimited �gconvergence�gsuggests�gthat �gfurther �gimprove-
ments�gcould�gbe�grealized�gby�genriching �gthe�ginput �gfeature�gspace�gand/or �g
embedding�gphysical�gconstraints�ginto �gthe�gloss�gformulation.

The�gright �gpanel�gof�gFig.�g�g22�gcompares�gthe�gconvergence�gbehavior�gof�g
networks�gtrained �gindependently �gon�gfine-scale,�gcoarse-scale,�gand�gcom-
bined�gmulti-scale�gdata.�gThe�gmulti-scale�gmodel�gemployed�gthe�gAdam�g
optimizer, �gwhile �gthe�gsingle-scale�gnetworks�gused�gLBFGS.�gThis�gdistinction �g
notably �gaffected�gtraining �gdynamics�gand�gconvergence,�gunderscoring�gthat �g
optimizer �gselection�gconstitutes�ga�gcritical �gdesign�gfactor�grather�gthan�ga�g
mere�gimplementation �gdetail.

In�gterms�gof�gpredictive �gperformance,�gthe�gsingle-scale�gsurrogates�g
achieved�gwind �gspeed�gestimates�gwithin �g15%�grelative �gerror �gat�ga�g99%�g
confidence�glevel,�gdemonstrating�gstrong�greliability �gfor �gpractical �gappli-
cations.�gThe�gmulti-scale�gmodel�gexhibited �ga�ghigher�gerror �gmargin�gof�g25%�g
but�goffers�ggreater�gflexibility. �gNotably, �gthe�gcurrent �gloss�gfunction �gdoes�gnot�g
incorporate �gphysical�gconstraints;�gintegrating �gsuch�gterms�gmay�gbe�gcrucial �g

for �gimproving �gmodel�grobustness.�gMoreover,�gthe�gpresent�gsurrogates�g
were�gtrained �gusing�gonly �gwind �gdirection �gand�gforest�gheight,�gwithout �g
accounting�gfor �gterrain �gcharacteristics�g(e.g.,�gslope,�gsurface�groughness)�g
or�gthermal �gstratification �gparameters.�gThis�gomission�glikely �glimits �gtheir �g
adaptability �gto�gcomplex�gor�gsteep�gterrains.�gFuture�gwork �gshould�gtherefore�g
focus�gon�grefining �gthe�gnetwork �garchitecture, �ginvestigating �ghybrid �gor�g
adaptive�gactivation �gfunctions,�gand�genriching �gthe�ginput �gfeature�gspace�g
with �gphysically �gmeaningful �gvariables�gto�genhance�ggeneralization�gunder�g
diverse�gflow �gconditions.

5.�gConclusion

This�gstudy�gdemonstrated�gthe�gfeasibility �gof�gusing�gsimple�gfeedforward �g
neural�gnetworks�gas�gdata-driven�gsurrogates�gto�gapproximate�gReynolds-
Averaged�gNavier�Stokes�g(RANS)�gsolutions�gfor �gwind �gresource�gassessment�g
in�gforested�gand�gcomplex�gterrain. �gNumerical �gRANS�gsolutions�ggener-
ated�gwith �gthe�gOpenFOAM-based�gFIWind�gtoolchain �gfor �gvarying �gforest�g
heights�gand�gwind �gdirections�gserved�gas�gthe�gtraining �gdata�gfor �gsurrogate�g
development.

The�gsurrogates�gtrained �gon�gvertical �gwind �gprofiles�gaccurately�grepro-
duced�gunseen�gcombinations�gof�gforest�gheight�gand�gwind �gdirection, �gmain-
taining �gerrors�gwithin �g.10*1 /,�gthereby�gconfirming �gtheir �gstrong�gextrapo-
lation �gcapability. �gA�gsystematic�gsensitivity �gstudy�grevealed�gthat �gnetwork �g
depth�gand�gwidth �gpredominantly �ggoverned�gmodel�gaccuracy,�gwhile �gthe�g
choice�gof�gactivation �gfunction �g(tanh�gor�gReLU)�ghad�gnegligible �ginfluence.

For�ghorizontal �gwind �gspeed�gpredictions,�gsurrogates�gtrained �gon�gdif-
ferent�gdata-splitting �gstrategies�gexhibited �gcomparable�gperformance,�gsug-
gesting�gthat �ginput�output �gdiversity �gwithin �gthe�gtraining �gdata�gplays�ga�g
greater�grole�gthan�gthe�gprecise�gchoice�gof�gdistribution. �gThe�gextension�gto�g
multi-scale�gtraining �gdemonstrated�gthat �gcombining �gcoarse-�gand�gfine-
resolution �gdata�gimproved �gboth�gaccuracy�gand�ggeneralization�gacross�gthe�g
domain.�gWhile �gcoarse�gnetworks�glacked�glocal�gdetail �gand�gfine-scale�gnet-
works�goverfitted �glocalized�gregions,�gthe�gcombined�gmulti-scale�gsurrogate�g
provided �gbalanced�gperformance,�gmaintaining �grelative �gerrors�gwithin �g
15%�gat�ga�g99%�gconfidence�glevel.�gThese�gresults�ghighlight �gthe�gpotential �g
of�gintegrating �gmulti-resolution �gdatasets,�gpotentially �gspanning�gmulti-
fidelity �gRANS�gand�gLES�gsimulations,�gto�gconstruct�grobust,�gdomain-wide �g
surrogates�gfor �genvironmental �gflow �gmodeling.

Despite�gtheir �gpromising �gaccuracy�gand�gefficiency, �gthe�gcurrent �gsur-
rogates�gtend�gto�gover-smooth�gregions�gof�gstrong�gwake�geffects�gand�glocal�g
flow �gseparation.�gReformulating �gthe�gproblem�gas�ga�gsuper-resolution�gtask�g
may�ghelp�grecover�gfiner-scale�gflow �gstructures.�gFurthermore,�gthe�gexisting�g
loss�gfunction �glacks�gphysical�gconstraints;�gembedding�gsuch�gterms�gcould�g
enhance�gmodel�gadaptability, �gparticularly �gunder�gextreme�gor�gpreviously �g
unseen�gconditions. �gHowever,�gsince�gthe�gtraining �gdata�gin�gthis�gstudy�g
originated �gfrom �ga�gsingle�gphysical�gmodel�g(RANS),�gthe�gabsence�gof�gexplicit �g
physical�gregularization �gdid �gnot�glead�gto�ginstability. �gFor�gfuture �gmulti-scale�g
or�gmulti-fidelity �gframeworks�gthat �gintegrate�gdatasets�gfrom �gdifferent �gphys-
ical�gregimes�g(e.g.,�gRANS�gand�gLES),�gincorporating �gphysics-informed�gloss�g
formulations �gwill �gbe�gcrucial �gto�gensure�gconsistency�gand�ggeneralization.

The�gpresent�gsurrogates�gwere�gtrained �gusing�gonly �gwind �gdirection �g
and�gforest�gheight�gas�ginputs.�gExpanding�gthe�gfeature�gspace�gto�ginclude�g
terrain �gcharacteristics�g(e.g.,�gslope,�gsurface�groughness)�gand�gthermal �gstrat-
ification �gparameters�gis�gexpected�gto�genhance�gadaptability �gto�gcomplex�g
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Fig.�g19.�gPredicted�goutputs�gfrom �gnetworks�gtrained �gindependently�gon�gcoarse-resolution,�gfine-resolution, �gand�ghybrid �gmulti-resolution �gdatasets.

Fig.�g20.�gRelative�gerrors�gcorresponding�gto�gnetworks�gtrained �gindependently�gon�gcoarse-resolution,�gfine-resolution, �gand�ghybrid �gmulti-resolution �gdatasets.

Fig.�g21.�gRelative�gerror�gdistributions �gfor�g(1)�gthe�gsingle-scale�gnetwork �gtrained �gon�gcoarse-scale�gdata�g(left), �g(2)�gthree�gfine-scale�gand�gone�gcoarse-scale�gnetworks�gtrained �g
independently�g(middle), �gand�g(3)�gthe�gmulti-scale�gnetwork �gtrained �gon�gboth�gcoarse-�gand�gfine-scale�gdata�g(right).

Fig.�g22.�gMean�gSquared�gErrors�gvs.�gEpoch�gfor�gthe�gtrained �gnetwork �gusing�gthe�gtanh�gactivation �gfunction.

topographies.�gThe�gconducted�gerror �ganalysis�gprovides�gconfidence�gin�g
extending�gthis�gapproach�gwith �gadditional �ginput �gfeatures�gwhile �gretaining �g
the�gsimplicity �gof�gthe�gfeedforward �gneural�gnetwork �garchitecture.

From�ga�gpractical �gstandpoint,�gAI-based�gRANS�gsurrogates�gshow�gstrong�g
potential �gto�greduce�gcomputational �gcosts�gin�gwind �gresource�gassessment.�g
Their�gintegration �ginto �gCFD�gworkflows, �gas�gproviders�gof�ghigh-quality �g
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initial �gguesses,�gcould�gsignificantly �gaccelerate�gconvergence�gof�gRANS�g
or�gLES�gsolvers.�gFuture�gwork �gwill �gfocus�gon�gquantifying �gthis�gaccelera-
tion �gand�gextending�gsurrogate�gcapabilities�gto�gvariable�ghub�gheights�gand�g
site�gconfigurations. �gUltimately, �gsuch�gsurrogates�gcould�genable�greal-time, �g
high-resolution, �gand�gsite-specific�gwind �gmodeling,�gstreamlining �gwind-
farm�gdesign�gworkflows �gand�gsupporting�gdata-driven�gdecision-making�gat�g
scale.
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