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Johdanto

Rakennuksen vaippa, joka sisdltda seinat, ikkunat ja ovet, katon sekd lattian on nahty
perinteisesti staattiseksi rakennuksen ulkokuoreksi, joka ei muutu ympdristdn tai kayttdjien
vaatimuksien mukaan. Kuitenkin dynaamisia rakennusvaipparatkaisuja on jo olemassa ja niita
on myos sovellettu erilaisissa kohteissa. Tassd hankkeessa keskitytdaan erityisesti aktiivisiin
varjostusratkaisuihin (esim. kaihtimet ja markiisit), sdhkoisiin ikkuna-avaajiin, aurinkoaktiivisiin
julkisivuihin ja sdhkokromaattisiin lasituksiin. Rakennusvaipan dynaamisuus mahdollistaa sen
dlykkdan ohjaamisen. Suomessa ndma ratkaisut ovat talla hetkelld harvinaisia ja koostettua
tietoa ratkaisujen mahdollisuuksista Suomen ilmasto-olosuhteissa on vdhan tarjolla. Monet
ratkaisut ovat luonteeltaan sellaisia, joissa &alykkaalla ulkovaipan ohjaamisella toivotaan
saastoja lammityksen- tai viilennyksen energiakulutukseen tai parannusta sisdilma- ja
valaistusolosuhteisiin. Energiatehokkuusvaatimuksien kasvaessa on tarve etsid uusia keinoja
tehostaa energiankayttod ja dynaamiset rakennusvaipparatkaisut voisivat olla tallainen keino.
Vaipparatkaisuilla voidaan myos hallita sisdolosuhteita nykyista paremmin ja esim. mahdollistaa
tehokas paivanvalon kaytto.

Tdssa hankkeessa luotiin  katsaus kadytdssa oleviin sekd mahdollisiin  dynaamisiin
vaipparatkaisuihin ja alan toimijoihin sekd tehtiin simulointeja erilaisilla dynaamisilla
vaipparatkaisuilla. Lisaksi hankkeen puitteissa on valmistunut kaksi aiheeseen liittyvaa
opinnaytetyota:

e Kandidaatin tutkielma Adaptiiviset julkisivuratkaisut tarkasteli rakennusten
suorituskyvyn parantamista adaptiivisten julkisivuratkaisujen avulla. Tyén tavoitteena
oli selvittda adaptiivisten julkisivujen maaritelma ja ominaispiirteet seka
kromogeenisten lasituksien soveltuvuus Helsingin ilmastoon. Tyd rajattiin yleisimpiin
julkisivuissa kaytettaviin teknologioihin, jotka kykenevat muuttamaan julkisivujen
ominaisuuksia adaptiivisesti. Tyo toteutettiin kirjallisuustutkimuksena.

e Diplomityd, jonka teemana oli Applying Machine Learning to Develop Black-box Control
Model of Active Double-Skin Facade. Siind kehitettiin itseoppivaa ohjausalgoritmia
kaksoisjulkisivuratkaisuun, joka sisaltaa salekaihtimet ja tuloilmaikkunan.

Hankkeessa kartoitettiin myds Suomessa dynaamisten julkisivujen alueella toimivia tahoja.
Suomessa on kaksi alaan liittyvaa yhdistysta eli tdssa tapauksessa yritysten etujarjestod. Ne
pyrkivat viemdan eteenpdin alan kehitysta laajassa mittakaavassa edustaen samalla tietysti
jasenyrityksidaan:

e Aurinkosuojaus ry on perustettu vuonna 1980 ja se toimii nimensd mukaisesti
aurinkotuojauksen toimialalla. Tahan kuuluvat markiisit ja kaihtimet, mutta mukana on
myo6s niiden ohjaamiseen keskittyneita yrityksid. Aurinkosuojaus ry:std hankkeessa
haastateltiin toiminnanjohtaja Petri Rokkasta.

o Tasolasiyhdistys ry:n tarkoituksena on toimia lasialalla ja niita lahella toimivien
yritysten toimialajarjestona. Jasenistd kostuu padaosin perinteisia ikkunalaseja
valmistavista ja asentavista yrityksista. Tasolasiyhdistyksesta hankkeessa haastateltiin
toiminnanjohtajaa Jenni Heikkilaa.
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Dynaamisen rakennusvaipan teknologiota

Seuraavassa esitellaan lyhyesti erilaiset dynaamiset ulkovaipan ratkaisut ja arvioidaan niiden
kdyttopotentiaalia Suomen olosuhteissa. Dynaamisen ulkovaipan tarkoituksena on hallita
rakennukseen padsevaa lamposateilyd ja paivanvaloa. Lampimana vuodenaikana liikaa
lamposateilyd halutaan valttaa ja ndin sdastaa rakennuksen viilennyskustannuksissa. Kylmana
vuodenaikana taas auringosta tuleva lampd on hyddyksi ja sen avulla toivotaan voitavan laskea
rakennuksen lammityskustannuksia. Tama tietysti edellyttda sitd, ettd varsinainen
lammitysjarjestelma kykenee reagoimaan ulkopuolelta tulevaan lamp6on riittdvan nopeasti.

Paivanvalon osalta tavoitteena on usein maksimoida rakennukseen tulevan péaivanvalon maara
mutta toisaalta eliminoida paivanvalon aiheuttama haikaisy. Joskus nama vaatimukset ovat
keskenaan ristiriitaisia. Myos paivanvalon osalta valaistuksen energiansaasto riippuu siita, voiko
valaistusjarjestelma reagoida paivanvalon vaihteluihin valaistustehoa muuttamalla.

Perinteisid ratkaisuja paivanvalon ja lamposateilyn hallintaan ovat markiisit, rullaverhot,
salekaihtimet.

Kaihtimet

Puhuttaessa kaihtimista on aluksi tdsmennettdva kaihtimen tyyppi ja sijainti ulkovaipassa.
Perinteinen salekaihdin on yleensd Suomessa sijoitettu ulomman ja sisemman ikkunaelementin
valiin. Tassa paikassa kaihdin on tehokas estdamaan auringon aiheuttamaa haikdisyd, mutta
lamposateilyn osalta teho jaa osin vajaaksi. Tama siksi, ettd lampdosateily on jo paassyt sisalle
rakennukseen ulomman ikkunan lapi. Tassakin tapauksessa suojaus auringon lammolta on viela
tehokasta verrattuna tilanteeseen ilman kaihtimia. Joka tapauksessa perinteinenkin kaihdin
estda tehokkaasti lampdosateilyn kohdistumisen vain yhdelle alueelle ja sen lammittava vaikutus
tuntuu tasaisemmin koko tilassa. Perinteiset kaihtimet ovat harvoin automaattisesti ohjattavia.

Kaihtimet voidaan sijoittaa myds kokonaan ikkunan sisdpuolelle. Tallaisia ratkaisuja on
toteutettu usein esimerkiksi julkisissa tiloissa, joissa ikkunoiden korkeus on suuri. Tall6in
kaihtimet ovat usein pystysuuntaisia lamellikaihtimia. Ndiden tehtdvanda on usein paitsi
paivanvalon hallinta my6s ndkdsuojana toimiminen. Naitdkdaan kaihtimia ei yleensd ohjata
automaattisesti.

Kuva 1. Lamellikaihtimia (kuva: Artickaihdin)
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Screen-kaihtimet

Screen-kaihdin oikeastaan perinteisen salekaihtimen ja markiisin yhdistelma, jossa yhdistyvat
niiden hyvat puolet. Screen-kaihdin on osin lapinakyva hieman rullaverhoa muistuttava tuote,
joka voidaan asentaa seka ikkunoiden sisa- ettd ulkopuolelle. Ohjaukseen liitetdan yleensa
automatiikka samoilla periaatteilla kuin markiisienkin tapauksessa. Ohjaus voi siis tapahtua
kellon tai auringonsateilyn tai yleensd molempien avustamana. Ohjauksessa on mahdollista
kayttaa erilaisia ennakoivia ohjaustapoja.

Aurinkosuojauksen rintamalla ja etenkin uusissa kohteissa screenkaihdin on vallitseva tapa
toteuttaa  aurinkosuojaus.  Mikali  kaihtimien asennus otetaan huomioon jo
suunnitteluvaiheessa, on niiden integroiminen ikkunarakenteisiin mahdollista.

Kuva 2. Screenkaihtimia (kuvat Sunsystems ja Kaihdinpukkila)

Markiisit

Markiisi on ikkunan ulkopuolinen yleensd kankaasta valmistettu katos. Markiisi voidaan
rakentaa joko ikkunoissa tyypillisend sivumarkiisina, jolloin se on tuettu myds alareunastaan tai
liukumarkiisina, joka soveltuu parhaiten korkeisiin ikkunoihin. Lippamarkiisia kdytetdan lahinna
vain terassien aurinkosuojauksessa.

Kuva 3. Ikkunamarkiisiratkaisuja (kuvat: Markiisipalvelu, Tamar)

Markiisien ohjaus voi olla manuaalista tai automaattista. Dynaamisesta ulkovaipasta
puhuttaessa ohjaus toteutetaan automaattisesti. Ohjaus voi perustua kelloon, auringon sateilyn
maaradan tai tuulen voimakuuteen tai kuten usein on tapana, ndihin kaikkiin. Automaattisessa
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ohjauksessa markiisit avataan ikkunoiden eteen, kun auringon sateily on riittdvan voimakasta ja
ne suljetaan, kun sateilytaso on taas riittdvan matala. Tuulen voimakuuden mukaan
ohjautuvuus on mukana ldhinnad estaméassa markiisin rikkoontumista.

Parhaimmillaan markiisi on varsin tehokas suoja auringon sateilya vastaan. Lisaksi markiisi on
hyvin suunniteltuna tyylikkdan nakoéinen myds modernissa rakentamisessa. Markiisit ovat
kuitenkin uusissa kohteissa antaneet tilaa uudemmille ratkaisuille, kuten edelld mainitut screen-
kaihtimet.

Aurinkoaktiiviset julkisivut

Dynaamisiin ulkovaippoihin voidaan lukea myds aurinkoaktiiviset julkisivut. Tallaisia ovat
esimerkiksi julkisivut, joihin on integroitu aurinkosahkdpaneeleita. Timankaltaisia asennuksia
on Suomessa tehty jo muutamia. Hyvana puolena on se, ettd aurinkopaneeli toimii samalla
julkisivupinnoitteena eika erillisia, katolle asennettavia paneeleita valttamatta tarvita. Paneelit
antavat rakennukselle parhaassa tapauksessa myos persoonallisen ulkondaon. Julkisivuun
asennettavat aurinkopaneelit on tietysti huomioitava jo rakennusta suunniteltaessa, silld niiden
suuntaaminen jalkikdteen on mahdotonta. Myos erilaiset varjostukset on huomioitava tavallista
kattoasennusta tarkemmin.

Aurinkoaktiivisena julkisivuna voidaan pitda myos erilaisia viherratkaisuja, joissa kasvillisuuden
avulla pienennetdan auringon aiheuttamaa lampdkuormitusta.

Julkisivujen rakenteisiin on mahdollista liittdd myos sopivia faasimuutosmateriaaleja kuten
parafiinivahaa. Pehmentyessaan se sitoo auringon lamp06a ja vastaavasti luovuttaa sen hitaasti
taas kovettuessaan tasaten nadin tehokkaasti sisatilojen lampédtilan vaihtelua.

Kromogeeniset lasitukset

Kromogeeniset lasitukset pyrkivdt minimoimaan rakennuksien kokonaisenergiankulutusta
saatamalla termo-optisia ominaisuuksiaan tummenemalla tai kirkastumalla. Kromogeeniset
lasitukset perustuvat kromogeenisiin materiaaleihin, joiden termo-optisia ominaisuuksia
voidaan sdadelld ulkoisen arsykkeen, kuten sdhkdkentan, avulla. Kromogeeniset lasitukset
voidaan jakaa teknologioiden mukaan elektrokromiseen lasitukseen, nestekidelasitukseen,
suspensiohiukkaslasitukseen ja termokromiseen lasitukseen.

Kromogeenisia lasituksia voidaan kadyttaa ikkunoissa, kattolasituksessa ja ovissa. Ulkolasituksen
lisdksi  sitd  kaytetddan  sisatiloissa  tarjoamaan  yksityisyydensuojaa  esimerkiksi
neuvotteluhuoneisiin. Ulkoisia lasituksia voidaan ohjata sddolosuhteet ja auringonsateily
huomioiden ja sisatilojen lasituksia kytkimilla tai vaikkapa puheohjauksella.

Kuten on arvattavissakin, kromogeenisten lasituksien teknologia on varsin monimutkaista
verrattuna tavallisiin ikkunalaseihin. Ne ovat kuitenkin maailman laajuisesti kasvussa olevaa
liilketoimintaa. Alkuinvestoinnin hintaa naissa lasituksissa voi kompensoida niiden ohjaamisen
helppous ja ainakin periaatteessa huoltovapaa toiminta.

Suomessa on jo joitain kromogeenisella tekniikalla toteutettuja lasituksia, joskin niiden merkitys
on enemmankin ndakdésuojana toimiminen kuin varsinainen julkisivun lammaonhallinta.
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3.2

Sahkolammitteiset lasit

Tietyissa tapauksissa sahkolammitteisten lasien kdytto on perusteltua, vaikka rakennus muuten
olisikin lammitetty kaukoldammolla tai esimerkiksi lampépumpuilla. Tallainen tilanne on
esimerkiksi silloin, kun korkeassa aulatilassa on lattiasta kattoon asti ulottuvat ikkunat. Talloin
kylmaan vuodenaikaan ikkunoiden ylapaasta virtaa kylmaa ilmaa lasin pintaa pitkin ja tdma
aiheuttaa tilassa vedon tunteen. Perinteisesti ongelma on ratkaistu asettamalla ikkunan alle
lattiaan [ampiman ilman puhaltimet. Mikali lasi kuitenkin lammitetaan, niin valtytaan vedolta ja
lisaksi siivousta hankaloittavia ilmanvaihtoaukkoja lattiassa ei tarvita.

Sahkolammitteisen lasin vaikutus rakennuksen energialuokitukseen on tietysti negatiivinen
etenkin sellaisissa kohteissa, joissa lammitys tapahtuu esim. kaukoldammolla tai
lampopumpuilla. Kuitenkin yleenséa tilojen, joissa sdahkélammitteiset lasit ovat tarpeen, on
rakennuksissa varsin vahan ja lopullinen merkitys rakennuksen energialuokkaan on varsin pieni.

Dynaaminen ulkovaippa rakentamisessa

Suunnittelun merkitys aurinkosuojauksessa ja paivanvalon hyodyntamisessa
Hankkeessa tehtyjen haastattelujen tuloksena voidaan sanoa, ettd aurinkosuojaukseen on
nykymaailmassa kiinnitettdva entista enemman huomiota ja onneksi niin enenevassa maarin
tehdaankin. Aurinkosuojaus voi rakennushankkeissa helposti tulla suunniteltavaksi liian
myohdisessa vaiheessa, jolloin paadytdaan lopulta paalle liimattuihin ratkaisuihin. Hyvalla ja
ennakoivalla suunnittelulla aurinkosuojaus ja muutkin dynaamisen ulkovaipan ratkaisut
saataisiin integroitua mukavasti rakenteisiin.

Hyvalla suunnittelulla on mahdollista myods tehostaa paivanvalon kaytt6d osana tilojen
valaistusta. Valaistusjarjestelmat on jo pitkdn aikaa ollut mahdollista varustaa automatiikalla,
joka saataa keinovalon maaraa sen mukaan, paljonko tilaan saadaan luonnonvaloa. Mikali
aurinkosuojaus ja sen ohjaus on toteutettu asianmukaisesti, voidaan paivdanvalon osuutta
valaistuksessa lisatda. Tama tietysti mahdollistaa energiansaastéon mutta ennen kaikkea
luonnonvalon riittdvd ma&ard parantaa rakennuksen sisdolosuhteita ja tekee niista
miellyttavammat.

Paivanvalon kayttd osana valaistusta vaatii sekin suunnittelua. Suunnitelmissa on mahdollista
hyodyntda valaistussimulointeja. Niiden laatiminen on entistd helpompaa, koska rakennusten
suunnitelmat ja mallinnukset ovat joka tapauksessa olemassa sdhkoisessa, simulointiohjelmien
ymmartdmassa muodossa. Siitd huolimatta paivdanvalon simuloinnit saattavat usein jaada
tekemattad kustannussyista.

Dynaamiset ulkovaipan ratkaisut Suomessa

Suomalaisia tai Suomessa toimivia yrityksia l0ytyy myods dynaamisten julkisivujen alueelta.
Esimerkiksi moottoroituja kaihtimia ohjaavia laitteistoja tarjoavat useat kotiautomaatiota
tarjoavat yritykset, kaihtimia ja markiiseja valmistavia yrityksid on myoés muutamia.

Varsinaisesti ikkunoihin integroitavia ratkaisuja kuten sihkokromaattisia laseja tai on/off -
tyyppisia laseja kdytetdan Suomessa varsin vahan. Neuvotteluhuoneissa ja vastaavissa
sisatiloissa ok/off -laseja on kaytodssa ja niille [6ytyy myos toimittaja Suomesta. Ulkoikkunoissa
tummuvien lasien kysynta ja sitd mukaa myds kaytté on vahaista.
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3.3

Aurinkopaneelien integrointi ikkunoihin on mahdollista, mutta sitd kaytetdan varsin vahan.
Paneeli kuitenkin vdahentda ikkunan lapindkyvyyttd ja se koetaan usein huonoksi asiaksi.
Aurinkopaneelit ovat enemmankin osa muuta julkisivua, mikali niitd halutaan asentaa
pystyasentoon.

Rakennusten dlyindikaattori -Smart Readiness Indicator (SRI)
Dynaaminen ulkovaippa on tullut nakyville my6s energiatehokuusdirektiivin (EPBD)
maarittelemassa rakennusten alyindikaattorissa (SRI)

Rakennusten alyindikaattorilla arvioidaan rakennusten dlyvalmiuksia yhtenevan menetelman
avulla energiatehokkuuden, rakennuksen kayttdjan sekd energian kysyntdjouston
nakokulmasta. Alyindikaattorista on sdddetty rakennusten energiatehokkuusdirektiivin (EPBD)
artiklassa 8. Arvion kohteena ovat ennen kaikkea rakennuksen talotekniset jarjestelmat ja
indikaattorin avulla voidaan arvioida niiden tasoa energiatehokkuuden, rakennuksen kayttdjan
seka energian kysyntdjouston nakokulmasta.

Kuva 3. Rakennusten dlyindikaattorin (SRI) arviointimatriisi. Eréidné arvioitavana aihealueena
on dynaaminen ulkovaippa

Alyindikaattorin laskennassa kdydaan lapi rakennuksen tekniset jarjestelmét yksi kerrallaan ja
niiden toiminnallisuuksien perusteella annetaan vyksittaiselle jarjestelmalle arvosana.
Yksittdisten jarjestelmien arviosta muodostetaan lopullinen alyindikaattorin arvosana.
Joidenkin jarjestelmien kohdalla on mahdollista kayttda myos kansallisia painotuksia.

Yhtenad arvioitavana kohtana dlyindikaattorin arvona laskettaessa on dynaaminen
rakennusvaippa (dynamic envelope). Siitd arvioidaan kolmea tekijaa:

Ikkunoiden aurinkosuojaus. Parhaan arvosanan saa, mikali aurinkosuojaus toimii ennakoivasti
esim. sdaennusteisiin pohjautuen. Myo6s aurinkosuojaus yhdistettyna valaistuksen ja
ilmanvaihdon ohjaukseen on arvioinnissa arvostettu toteutustapa. Moottoroitu ohjaus, joka
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perustuu mittaustietoihin auringon sateilysta, on enemmankin perustason teknologiaa — joskin
se on tietysti pisteiltadan parempi kuin pelkkd manuaalinen ohjaus

Avattavien ikkunoiden ohjaus. Tassd parhaan arvion saa jarjestelmd, jossa ikkunoiden
avautuminen on keskitetysti ohjattu sekda mahdollistaa yotuuletuksen. Ikkunoiden ohjauksen on
myo0s oltava kytkettyna [ammitys- ja viilennysjarjestelmien ohjaukseen.

Jarjestelmdn toiminnan raportointi. Mikali automaattisten ikkunoiden avautumisesta,
virhetoiminnoista sekd olosuhteiden historiatiedoista on mahdollista saada raportit, on tasta
kohdasta jaossa parhaat pisteet. Pelkka vikatilanteiden raportointi on enemmankin
tavanomaista teknologiaa.

Alyindikaattori kasittdd menetelméni koko EU-alueen. Siksi menetelmassd on myds osioita,
joiden merkitys on Suomen olosuhteissa (toistaiseksi) vahdinen. Esimerkki tillaisesta ovat
mainitut automaattisesti avautuvat ikkunat. Sellaisia ei Suomessa juurikaan kayteta, mutta
joissain Euroopan maissa ne ovat yleisia.

Imaston muutos voi kuitenkin tuoda myods Suomen oloihin merkittdvaa lisatarvetta
rakennusten viilennysratkaisuille. Siksi on hyva, ettd asioita mietitddn jo hieman ennakkoon
kartoittaen Suomessa toimivia ratkaisuja.

Simulointituloksia

Hankkeen simuloinnit tehtiin Aalto-yliopiston LVI-laboratoriossa IDA-ICE -simulointiohjelmalla.
Simulointien kohteena olivat uudehko 2012 rakennettu seka vanhempi 1960-luvulta peraisin
oleva asuinkerrostalo sekd uusi ja vanhempi toimistorakennus. Simuloinneissa huomioitiin
dynaamisen ulkovaipan passiivisia menetelmid (manuaaliset kaihtimet, aurinkosuojaikkunat)
seka aktiivisia ratkaisuja kuten automaattisesti saatyvat kaihtimet, automaattisesti avautuvat
ikkunat ja markiisit seka elektrokromaattiset ikkunat. Simuloinneissa kiinnitettiin huomiota
rakennuksen energiankulutukseen seka sisdaolosuhteisiin.

Simulointien tuloksista voidaan tehda joitain johtopaatoksia, joita on esitetty seuraavassa.

Kerrostalo

Kerrostaloissa passiivisten ja aktiivisten ratkaisuvaihtoehtojen valilld ei ole suuria eroja
energiankdytdssa. Prosentuaaliset sdastot jaahdytyksen sahkon kulutuksessa ovat suuret
(vanhassa kerrostalossa parhaalla ratkaisulla 67 % ja uudehkossa 83 %), mutta absoluuttisesti
pienet (vanhassa 1,4 kWh/m? ja uudehkossa 1,9 kWh/m?). Uudessa kerrostalossa
lammonkulutus hieman kasvaa johtuen aurinkosateilyn lammitysvaikutuksen vahentymisesta
talviaikaan ja toisaalta vaikutus jaahdytystarpeeseen on vahdinen johtuen perustilanteen
laadukkaista ikkunoista. Uudessa kerrostalossa jaahdytystarve havida Ilahes kokonaan
sahkoiselld ikkuna-avauksella.

Jos jadhdytysta ei olisi kdytettdvissa uudessa kerrostalossa, ovat sahkolla avattavat ikkunat
sisalampotilan hallinnan kannalta selkeasti tehokkaampi ratkaisu verrattuna muihin passiivisiin
ja aktiivisiin varjostusratkaisuihin. Ikkunoiden avauksella saadaan raikasta ilmaa sisatiloihin,
mutta tdhdan menetelmaan liittyy haasteita koskien ulkoilman laatua ja melua. Maarayksien
mukaan olosuhdesimuloinneissa ikkuna-avauksia ei tdaman takia voida hyddyntaa.
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IImastonmuutoksen myota sisdilman kuumenemisen riski kasvaa ja jaahdytystarve lisdantyy.
Siten kesdajan huoneilman [ampatilan hallinnan merkitys korostuu tulevaisuudessa.

Simuloinneissa verrattiin my6s olosuhteita asunnoissa ja erityisesti havainnoitiin eroja
aktiivisten ja passiivisten aurinkosuojausmenetelmien valilla. Vanhassa asuinkerrostalossa eroa
aktiivisten ja passiivisten menetelmien valilld ei juurikaan l6ydetty. Sen sijaan uuden talon
tapauksessa aktiiviset menetelmat olivat hieman tehokkaampia.

Asuinrakennuksessa erilaisilla dynaamisen vaipan ratkaisuilla ei ollut merkittavaa vaikutusta
lammitysenergian kulutukseen. Vanhan rakennuksen tapauksessa ikkunoiden vaihtaminen
hieman pudotti lammityksen tarvetta, mutta uudessa rakennuksessa se taas nousi johtuen
aurinkosuojaikkunan huonommasta lammonlapaisysta.

Toimistorakennus

Vanhassa toimistorakennuksessa energiatehokkaimpia ratkaisuja ovat aurinkosuojatut ikkunat
(kaihtimilla tai ilman) ja séhkokromaattiset ikkunat sdaston ollessa n. 5% sahkdssa ja 6,5-9,2 %
lammossa. Naiden ratkaisujen avulla vahennetdan seka lammitys- (parempi ikkunan U-arvo)
ettd jadhdytystarvetta (aurinkosuojaus). Muilla ratkaisuilla vdhennetadn jaahdytystarvetta,
mutta lammitystarve lisdantyy johtuen aurinkosateilyn lammitysvaikutuksen vahentymisesta
talviaikaan.

Uudessa toimistorakennuksessa ikkunan laatu on lahtotilanteessa sen verran hyva, etta
sdastoja ei samalla tavalla saada kuin vanhassa toimistorakennuksessa. Energiatehokkaimmaksi
ratkaisuksi osoittautui avattava ikkuna sen sddstdessa 6 % sdhkoenergiaa siten, ettd
lammitystarve pysyi ennallaan. Jadahdytysenergiassa sdastetddan myds aurinkosuojatuilla
ikkunoilla (kaihtimilla tai ilman) ja sahkokromaattiset ikkunoilla, mutta naissa lammaonkulutus
kasvoi  verrattuna  lahtotilanteeseen  johtuen  aurinkosateilyn  lampovaikutuksen
vahentymisestd. Saastot sahkodssad olivat n. 3 % aurinkosuojatuilla ja sdahkdkromaattisilla
ikkunoilla.

Kaikilla vaihtoehdoilla voidaan parantaa sisdilman lampétilatasoa. Tehokkaimmat ratkaisut
vanhassa toimistorakennuksessa ovat aurinkosuojatut ikkunat (kaihtimilla tai ilman),
sahkokromaattiset ikkunat ja ulkoiset automaattiset kaihtimet. Naiden lisdksi uudessa
toimistossa tehokkaimmaksi ratkaisuksi osoittautui avattavat ikkunat.

Johtopaatokset

Julkisivujen tekniikka sahkoistyy. Viela jokin aika sitten auringon haikdisya pyrittiin estdamaan
vain kasin saddettavilla salekaihtimilla. Ne ovat tietysti kdypaa tekniikka vield tandaankin, mutta
rinnalle ovat tulleet jo sdhkoisesti ohjattavat ja automaattiset ratkaisut kuten screen-kaihtimet,
joissain tapaukissa markiisien sahkodinen ohjaus tai jopa tummuvien lasin kaytté. Tummuvat
lasit voivat joissain tapauksissa lisdta myds yksityisyyden suojaa. My0s varsinaiset rakennusten
julkisivut voidaan valjastaa tuottamaan sahkoda aurinkopaneelien avulla.



Raportti 11(11)
Dynaamiset rakennusvaipparatkaisut
Suomen ilmasto-olosuhteissa

Sahkoiset ratkaisut tarjoavat automaattisella saadolla parempia ja mukavampia sisdolosuhteita,
joiden hallinta perustuu my6s ennakoivaan ohjaukseen. Julkisivuelementtien automaattinen
ohjaus tekee niiden kdytdsta myds mukavampaa ja ennen kaikkea jokapaivaista toimintaa.

lImaston lampeneminen johtaa siihen, ettd my®s Suomessa erilaiset aurinkosuojaukseen
liittyvat teknologiat on otettava huomioon jo rakennuksia tai niiden korjauksia suunniteltaessa.
Nain sisdolosuhteet saadaan pidettyd mukavina myos tulevaisuudessa ja valtytdadn myos
mahdolliselta lisdjadhdytyksen mukanaan tuomilta investointi- ja energiakustannuksilta.
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Rakennuksen energiatehokkuuteen vaikuttaa erityisesti rakennuksen ja ympariston
rajapintana toimiva rakennuksen julkisivu, jonka kautta lammoén ja massavirran
siirtymistd tapahtuu. Tassd kandidaatintyéssd tarkastellaan rakennusten
suorituskyvyn parantamista adaptiivisten julkisivuratkaisujen avulla, joista
tarkemman tarkastelun alle on valittu kromogeeniset lasitukset, silld perinteisissa
staattisissa julkisivuissa ldpindkyvat elementit ovat tyypillisesti suurin
potentiaalinen kehityksen kohde energian sddstimiselle. Kandidaatintyon
tavoitteena on selvittda adaptiivisten julkisivujen maaritelmd ja ominaispiirteet
seka kromogeenisten lasituksien soveltuvuus Helsingin ilmastoon. Ty0 on rajattu
yleisimpiin julkisivuissa kdytettaviin teknologioihin, jotka kykeneviat muuttamaan
julkisivujen ominaisuuksia adaptiivisesti. Ty0 toteutetaan kirjallisuustutkimuksena
ja sen aineiston etsimisessa on hyodynnetty muun muassa Web of Science- seka
Scopus-tietokantaa ja Google Patents-hakupalvelua.

Adaptiivisella julkisivulla tarkoitetaan mukautuvaa, monipuolisista jarjestelmista
muodostuvaa rakennuksen vaippaa, joka pyrkii parantamaan rakennuksen
suorituskykyd muuttamalla ajan myotd ominaisuuksiaan, toimintojaan tai
kayttaytymistddn sdddelldkseen rakennukseen pddsevdd luonnonvalon maarag,
lampo6a ja massavirtaa. Adaptiiviset julkisivut voidaan jakaa neljaan eri luokkaan;
aurinkoaktiivisiin julkisivuihin, dynaamisiin varjostimiin, aktiivisesti tuulettuviin
julkisivuihin seka kromogeenisiin julkisivuihin.

Kromogeeniset lasitukset pyrkivit minimoimaan rakennuksien kokonais-
energiankulutusta sdatamalld termo-optisia ominaisuuksiaan tummenemalla tai
kirkastumalla. Kromogeeniset lasitukset perustuvat kromogeenisiin materiaaleihin,
joiden termo-optisia ominaisuuksia voidaan saddelld ulkoisen drsykkeen, kuten
sahkokentdn, avulla. Kromogeenisista lasituksista tarkastelun kohteena olivat
elektrokrominen  lasitus,  nestekidelasitus, = suspensiohiukkaslasitus ja
termokrominen lasitus.
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Markkinoilla olevien kromogeenisten lasitusten suorituskykyja ja Helsingin
ilmaston optimaalisia ominaisuuksia vertaillessa todettiin, ettd suspensiohiukkas-
lasitus soveltuu Helsingin ilmastoon parhaiten sen termo-optisten ominaisuuksien,
kylmyyden sietokyvyn ja vdhdisen virran-kulutuksen ansiosta. Suspensio-
hiukkaslasituksen suorituskyvyssa on kuitenkin vield parantamisen varaa, varsinkin
auringon sateilyn kokonaislapaisevyyden moduloinnissa.

Lasitusten optimaalisia termo-optisia ominaisuuksia tarkasteltiin ainoastaan
Helsingin ilmastossa, mikd poikkeaa paljon muusta Suomesta. Olisi siis hyvd, jos
optimaalisia ominaisuuksia simuloitaisiin myds muissa Suomen ilmastoissa.
Adaptoitumisvaleja tarkastellessa huomattiin, ettd mita lyhyempi adaptoitumisvali
oli, sita enemman saastettiin energiaa. Tarkastelussa oli kuitenkin ainoastaan
paivittdin adaptoituvat lasitukset, joten suorituskyvyn optimointia voitaisiin tutkia
lyhyemmilla adaptoitumisvaleilla.

Avainsanat: adaptiiviset julkisivut, dlykkaat rakennusvaipat, kromogeeniset lasitukset,

alyikkunat, rakennuksen energiatehokkuus
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Lyhenteet

EC Electrochromic (Elektrokrominen)

PDLC Polymer-dispersed liquid crystal (Polymeerilla hajautettu nestekide)
PSLC Polymer-stabilized liquid crystal (Polymeerilla stabiloitu nestekide)
SPD Suspended Particle Device (Suspensiohiukkaslasitus)

TC Thermochromic (Termokrominen)

Muuttujat

No Nestekiteiden tavallinen taitekerroin [-]

Ne Nestekiteiden epdtavallinen taitekerroin [-]
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Vsat Saturaatiojannite [V]
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1 Johdanto

Maailman vakiluku ylittda vuonna 2020 arviolta yli 7,8 miljardin ihmisen rajan, mika
tulee kasvamaan samassa tahdissa pysyttdessda 8,6 miljardiin ihmiseen vuoteen
2030 mennessa [1]. Vakiluvun kasvaessa energiantarve lisddntyy, jolloin myos
kasvihuonepadstot lisddntyvat. Samalla kun maailman energiantarve ja ympariston
paadstdjen madra kasvaa, Euroopan unioni tavoittelee vuoteen 1990 verrattuna 40 %
pienempia kasvihuonepdastoja ja 30 % energiansddstoa vuoteen 2030 mennessa.
Jotta energiaa voidaan sadastdd, taytyy tiedostaa mihin sitd kuluu. Talla hetkelld
puolet Euroopan unionin energiatuotannosta kuluu pelkdstddn rakennusten
lammittdmiseen ja viilentdmiseen. [2] Euroopan unionin kunnianhimoisen
tavoitteiden saavuttamiseksi on siis rakennusten energiatehokkuutta parannettava
merkittavasti.

Rakennusten energiatehokkuutta voidaan parantaa minimoimalla niiden energian
kokonaiskulutusta, jonka suurimpia tekijoita ovat lammitys, viilennys seka valaistus.
Rakennuksen energian kokonaiskulutukseen vaikuttaa erityisesti rakennuksen ja
ympadriston rajapintana toimiva rakennuksen julkisivu (facade), jonka lammon ja
massavirran siirtymistd tapahtuu. [3] Nykypdivdna julkisivut ovat paddasiassa
staattisia jarjestelmid, eli ne eivit kykene mukautumaan muuttuviin
ympdristoolosuhteisiin tai kdyttdjien tarpeisiin [4], [5]. Kylmissad ilmastoissa
julkisivuihin valitaan yleensd materiaaleja, jotka eristavat lamp6a mahdollisimman
hyvin vahentden lammityskustannuksia talvisin. Tama voi kuitenkin olla ongelma
kesdisin, jolloin helteilld rakennusten sisdilma voi saavuttaa sietamattoman
kuumuuden ilman energiaa kuluttavaa ilmastointia. Staattisten julkisivujen
energiansdaastot ovat myos hyvin rajalliset ja siksi tarvitaankin adaptiivisia
julkisivuja (adaptive fagades), silla ne mahdollistavat sisdtilan mukavuuden
maksimoinnin vahentamalla samalla rakennuksien energiankulutusta [3].
Adaptiivisia julkisivuja voidaan ajatella ympariston valvojina [6]: ne moduloivat
lampo6a ja massavirtaa aktiivisesti tai passiivisesti muuttamalla palautuvasti termo-
optisia ominaisuuksiaan tai operointiaan. Adaptiiviset julkisivut kykenevat
mukautumaan muuttuviin sisa- ja ulkotilan ymparistdolosuhteisiin, kuten auringon
sdteilyyn, ilman lampétilaan, tuulen nopeuteen ja suuntaan seka sisdisiin kuormiin,
joita ovat esimerkiksi sisdlla olevien ihmisten maara. [3]



Tyon tavoitteena on selvittdd adaptiivisten julkisivujen madritelma ja
ominaispiirteet sekd kromogeenisten lasituksien soveltuvuus Helsingin ilmastoon.
Naihin tavoitteisiin padstain vastaamalla seuraaviin tutkimuskysymyksiin:

e Mita tarkoittaa adaptiivinen julkisivu?

e Mitd erilaisia adaptiivisia julkisivuratkaisuja on olemassa?

e Miten kromogeeniset lasitukset toimivat?

e Kuinka suorituskykyisia kromogeeniset lasitukset ovat?

e Soveltuvatko kromogeeniset lasitukset Helsingin ilmastoon?

Ty6 toteutetaan Kkirjallisuustutkimuksena ja sen aineiston etsimisessd on
hyddynnetty muun muassa Web of Science- seka Scopus-tietokantaa ja Google
Patents-hakupalvelua. Tyon padpaino kohdistuu kromogeenisiin lasituksiin, silla
perinteisissa staattisissa julkisivuissa lapindkyvat elementit ovat tyypillisesti suurin
potentiaalinen kehityksen kohde energian sadstamiselle [3]. Perinteisten lasituksien
lapi siirtyy runsaasti energiaa, jota pyritddn kompensoimaan sekd lammitykselld
ettd ilmastoinnilla. Tdmad ei ole energiatehokasta. Ongelman voisi ratkaista
pienemmilld ikkunoilla, mutta se ei ole viihtyvyyden kannalta jarkevaa. [7]
Kromogeeniset lasitukset ovat suhteellisen helppoja asentaa jdlkikdteen, jonka
ansiosta my0s vanhojen rakennusten energiatehokkuutta voidaan parantaa ilman
suurempia rakenteellisia muutoksia. Kromogeenisten lasitusten markkina-arvo on
my0s eksponentiaalisesti kasvava: Kromogeenisten lasitusten maailman-
markkinoiden arvioitiin olevan 4,03 miljardia dollaria vuonna 2019 ja niiden
vuotuinen kasvuvauhti (Compound Annual Growth Rate) odotetaan olevan 14,7 %
vuosina 2019-2027 saavuttaen 12,0 miljardia dollaria vuoteen 2027 mennessa [8].

Ty6 on rajattu yleisimpiin julkisivuissa kaytettaviin teknologioihin, jotka kykenevat
muuttamaan julkisivujen ominaisuuksia adaptiivisesti. Ty0ssd ei huomioida
laitteiden ohjausta, niiden hintakustannuksia eikd valmistusprosessia, vaan
keskitytdadn esittdmddn julkisivuratkaisuja yleiselld tasolla paneutuen lopussa
syvallisemmin kromogeenisiin lasituksiin ja niiden suorituskykyihin.

Luvussa 2 esitelldidn adaptiivisten julkisivujen madaritelma, ominaispiireet ja
erilaisia adaptiivisia julkisivuratkaisuja. Luvussa 3 syvennytddn tarkemmin
kromogeenisten lasitusten rakenteisiin, toimintaan ja suorituskykyyn, jonka jalkeen
luvussa 4 on yhteenveto ja luvussa 5 ldhdeluettelo.



2 Adaptiiviset julkisivuratkaisut

Vuosina 2014-2018 toimineen Eurooppalaisen COST-toimen (European Cooperation
in Science & Technology Action) TU1403:n, toiselta nimeltddn Adaptive Fagcades
Network, tavoitteena oli yhtendistda adaptiivisiin julkisivuihin liittyvaa tietoa,
asiantuntemusta, resursseja seka taitoa ja luoda siten uusia ideoita ja konsepteja
perusteellisella ja tuotekehityksen tasolla [9]. TU1403:n madadritelmdan mukaan
adaptiivinen julkisivu on rakennuksen vaippa, joka koostuu monipuolisista ja
"erittdin” mukautuvista jarjestelmistd. Jarjestelmdt tavoittelevat rakennusten
yleisen suorituskyvyn parantamista muuttamalla ajan my6td ominaisuuksiaan,
toimintojaan tai kdyttdytymistddn vastatakseen muuttuviin reunaehtoihin ja
suorituskykyvaatimuksiin. [10] Reunaehtojen muutokset voivat johtua
lyhytaikaisista sddn vaihteluista, vuorokausisykleistd seka kausivaihteluista.
Adaptiivisilla julkisivuilla voidaan parantaa kayttdjien hyvinvointia ja ilmanlaatua
(Indoor Environmental Quality) seka vahentaa rakennuksien energiankulutusta ja
niihin kohdistuvia ymparistéhaittoja. [5]

Adaptiivisilla julkisivuilla voi olla termisid, solaarisia seka visuaalisia ominaisuuksia,
jotka muuttuvat ajan myo6td joko passiivisesti tai aktiivisen ohjauksen myo6ta. [5]
Adaptiivisten julkisivujen toiminta voidaan jakaa kolmeen osaan: ympériston
mittaukseen, mittauksesta saadun tiedon kasittelyyn ja timan pohjalta suoritettuun
fyysiseen toimintaan, kuten liikkeeseen tai materiaalin ominaisuuden muutokseen,
vastatakseen sisdisten tai ulkoisten olosuhteiden muutoksiin [10].

Adaptiiviset julkisivut ovat merkittavia yhden tai useamman seuraavien
teknologisten ominaisuuksien ansiosta:
e aurinkoenergian absorbointi ja varastointi
luonnollisen ilmanvaihdon ohjaaminen
auringon sateilyn maaran saately
rakennuksen sisétilan viihtyvyyden parantaminen ja hallinta
rakennuksen vaipan mukautuvien jarjestelmien yllapito [6].

Attia ym. haastattelivat vuonna 2020 maailmanlaajuisesti 27:43 eri adaptiivisten
julkisivujen asiantuntijaa, minkd tuloksena he padatyivat kategorisoimaan
lupaavimmat adaptiiviset julkisivuratkaisut neljaan eri luokkaan (kuva 1):
aurinkoaktiivisiin julkisivuihin (solar active facades), dynaamisiin varjostimiin
(dynamic shadings), aktiivisesti tuulettuviin julkisivuihin (active ventilative facades)
seka kromogeenisiin julkisivuihin (chromogenic fagades) [5]. Esittelen seuraavaksi
kolme ensimmadistd luokkaa hyvin yleiselld tasolla, jonka jidlkeen seuraavassa
luvussa syvennytddn perusteellisemmin kromogeenisiin lasituksiin.



Kuva 1: Adaptiivisten julkisivujen teknologiat jaoteltuna neljiin eri luokkaan (mukaillen

[5D.

2.1 Aurinkoaktiiviset julkisivut

Aurinkoaktiiviset julkisivut hyddyntdvat auringonenergiaa muun muassa
lammonsaatelyssd sekd energiantuotannossa. Aurinkoaktiivisiin julkisivuihin
kuuluvat kaksikuoriset julkisivut (double skin facades), viherkatot ja -seinat (green
roofs and facades), rakennuksiin integroidut aurinkokennot (building integrated
photovoltaics) ja faasimuutosmateriaalit (phase change materials). [5]

Kaksikuorisilla julkisivuilla tarkoitetaan yhden tai useamman tason lasitettuja
julkisivuja, jotka ovat erotettu toisistaan ilmaraoilla (kuva 2a). Tasojen valisissa
onteloissa kdytetdadn tyypillisesti dynaamisia varjostimia sekd luonnollista tai
mekaanista tuuletusta. Kaksikuorisilla julkisivuilla mahdollistetaan tdysin lasitettu
julkisivu, joka parantaa rakennuksen ilmastointia, vihentdd melusaasteita ja
haikaisyd, lisda luonnollisen valon madrdad sekd parantaa rakennuksen
lampoviihtyvyytta ja energiatehokkuutta. [11]



Kuva 2: (a) Kaksikuorisen julkisivun ja (b) suljetun ontelojulkisivun rakenteet (mukaillen

[12]).

Viherkatoilla ja -seinilld tarkoitetaan kasvualustoilla vuorattuja kattoja ja seinid,
joissa kasvaa viherkasvillisuutta. Viherkatot ja -seindt parantavat ilmanlaatua
sitomalla kasvihuonekaasuja ja ilmansaasteita, estdvit happosateiden syntyd,
parantavat kaupunkiympdristojen vedenlaatua, vahentdvat melusaasteita, lisddvat
kaupunkiympadristéjen biodiversiteettia ja vahentdviat kaupunkisaarekeilmi6ita.
Ymparistolle positiivisten ominaisuuksien lisdksi viherkatot ja -seindt vahentavat
rakennuksien energiankulutusta, parantavat lammoneristysta, laskevat kattojen ja
seinien lampdotiloja seka suojelevat rakennuksia ulkoisilta haitoilta, kuten auringon
sateilyltd ja happosateelta. [13]

Rakennuksiin integroidut aurinkokennot ovat aurinkokennoja, jotka integroidaan
rakennuksien kattoihin tai julkisivuihin korvaamaan perinteisia rakennus-
materiaaleja, kuten tiilid [14]. Aurinkokennoilla voidaan tuottaa sdhkoenergiaa
muuttamalla auringon sdteily tasavirtaiseksi sdhkoksi aurinkokennojen
puolijohteissa ilmenevdan valosdhkéisen ilmion avulla [15]. Rakennuksiin
integroiduissa aurinkokennojarjestelmissd ulkoilma kiertdd jarjestelman lapi
absorboiden aurinkokennojen ldmpd6a, mika parantaa niiden suorituskykya ja
pidentad kayttoikda. Joissakin jarjestelmissa lammennytta ilmaa hyddynnetdan
rakennuksien sisdilman lammityksessd, mika puolestaan vihentda lammityskuluja
talvisin. [14]

Faasimuutosmateriaalit ovat materiaaleja, jotka kykenevit varastoimaan
faasimuutoksessa muodostuvan ldammoén latenttilimpona. Tiettyjen materiaalien
kiintedn ja nesteen valisissd faasimuutoksissa (sulamisessa ja jdhmettymisessa)
voidaan varastoida runsas madrda lampodenergiaa. Kun ldmpoéa siirretdadn



faasimuutosmateriaaleihin, niiden lampétila pysyy samana koko faasimuutoksen
ajan. Tatda lampotilaa kutsutaan faasimuutoslampotilaksi. Rakennuksissa
kaytettdvien faasimuutosmateriaalien korkea lampdohitaus (thermo inertia) ja hyva
lampderistys voivat vahentda rakennuksien energiankulutusta absorboimalla
rakennuksien ldmpodsaantoa ja vahentamadllda ldmpovirtausta. Faasimuutos-
materiaalit vahentdvat rakennuksien lampoévirtausta absorboimalla osan lammosta
paivisin sulaessa ja vapauttamalla varastoituneen lammon 6isin jahmettyessa. [16]

2.2 Dynaamiset varjostimet

Dynaamiset varjostimet ovat liikkkuvista osista koostuva luokka, johon sisdltyy muun
muassa ikkunaluukut, rullaverhot, silekaihtimet sekd silekaihtimilla varustetut
luonnollisesti tuulettuvat suljetut ontelojulkisivut (natural ventilated closed cavity
facades). Dynaamiset varjostimet sddtelevat sisdlle padsevaa auringon sateilyn maa-
raa ja ne voivat olla motorisoituja tai manuaalisesti ohjautuvia. Dynaamiset varjos-
timet voivat tarjota auringon sateilyn saatelyn lisdksi lammoneristystd, kesdaikaista
lampoviihtyvyyttd, fyysista suojaa, yksityisyyttd, hdaikdisysuojaa seka viilennyskus-
tannuksien pienentdmistd. [5] Luonnollisesti tuulettuvat suljetut ontelojulkisivut
eroavat luonnollisesti tuulettuvista kaksikuorisista julkisivuista siten, ettd niiden
ontelot ovat suljettuja (kuva 2b). Onteloiden ja sisdilman valillda on kuiva ilmankierto,
mika estda nesteen kondensoitumisen onteloiden sisdlla. Suljetun rakenteensa ansi-
osta suljetut ontelojulkisivut tarvitsevat kaksikuorisiin julkisivuihin verrattuna sel-
vasti vihemman pesemistd ja yllapitoa. [17]

2.3  Aktiivisesti tuulettuvat julkisivut

Aktiivisesti tuulettuviin julkisivuihin kuuluvat aktiivisesti tuulettuvat suljetut
ontelojulkisivut (active ventilated closed cavity fagades) sekda automaattisesti
operoitavat ikkunat (automated operable windows). Aktiivisesti tuulettuvat
julkisivut keskittyvat ilmanvaihtoon; aktiivisesti tuulettuvat suljetut ontelojulkisivut
keskittyvat sadtelemdan ontelon sisaista ilmavirtaa ja automaattisesti operoitavat
ikkunat ohjaavat rakennukseen pdasevad ilmaa. [5] Aktiivista tuuletusta
hyddynnetddn myods muissa adaptiivisten julkisivujen teknologioissa, kuten
aiemmin mainituissa kaksikuorisissa julkisivuissa seka rakennuksiin integroiduissa
aurinkokennoissa.



3 Kromogeeniset julkisivut

Kromogeenisilld julkisivuilla (chromogenic facades) tarkoitetaan lasituksiin
integroituneita kromisia materiaaleja (chromic materials) hyddyntavia
teknologioita, joista yleisimpid ovat elektrokrominen lasitus (electrochromic
glazing), nestekidelasitus (liquid crystal glazing), suspensiohiukkaslasitus
(suspended particle glazing) ja termokrominen lasitus (thermochromic glazing).
Kromiset materiaalit ovat materiaaleja, joiden termo-optisia ominaisuuksia voidaan
muokata ulkoisen drsykkeen avulla. Kromogeenisia lasituksia (chromogenic glazing)
kutsutaan myos muun muassa adaptiivisiksi lasituksiksi (adaptive glazing),
dlykkaiksi lasituksiksi (smart glazing) seka dynaamisiksi lasituksiksi (dynamic

glazing).

Kromogeeniset lasitukset pyrkivit minimoimaan rakennuksien kokonais-
energiankulutusta moduloimalla dynaamisesti termo-optisia ominaisuuksiaan
tummenemalla tai kirkastumalla, jotta ne voivat mukautua ulkoisiin ympariston
muutoksiin ja sisdisiin kuormiin, kuten ihmisten madairdan, valaistukseen ja
laitteiden kayttoon. Kromogeeniset lasitukset voidaan jakaa passiivisiin ja aktiivisiin
teknologioihin: passiiviset teknologiat aktivoituvat itselaukaisevan (self-trigger)
adaptiivisen mekanismin seurauksena ja aktiiviset aktivoituvat ulkoisen arsykkeen,
kuten sdahkokentdn, seurauksena. [3] Aiemmin mainituista teknologioista
termokrominen lasitus on passiivinen ja aktiivisia ovat elektrokrominen lasitus,
nestekidelasitus sekad suspensiohiukkaslasitus.

Luvuissa 3.1-3.4 kasitellddn kromogeenisten teknologioiden toimintaperiaatteita,
rakenteita sekd materiaaleja ja luvussa 3.5 vertaillaan markkinoilla olevien
kromogeenisten lasitusten suorituskykyja ja soveltuvuutta Helsingin ilmastoon.

3.1 Elektrokrominen lasitus

Elektrokromisen lasituksen toiminta perustuu elektrokromisiin materiaaleihin,
jotka muuttuvat jannitteen avulla palautuvasti lapindkyvastd tummaksi muuttaen
lasituksen ndkyvdn valon ja ldhi-infrapunan optista lapdisevyytta [18]-[22].
Lasituksen tummuutta muuttamalla voidaan siis sdatdaa rakennuksen sisdlle
padsevadn ndkyvan valon ja lampdéenergian maaraa, mika mahdollistaa miellyttavan
luonnollisen valaistuksen ja huoneenlammon. Tama sdastda sahkoa rakennuksen
viilennyksessa seka keinotekoisen valaistuksen kadytdssa.

Elektrokrominen laite koostuu yleisesti keskelld olevista elektrokromisesta kalvosta
ja ioneja varastoivasta kalvosta, niiden vililla olevasta elektrolyytista sekd niita
ympadaroivistd lapindkyvistd johtimista (kuva 3) [18], [19], [22]. Laite on
kiinnittyneena joko yhdelle pinnalle tai laminoituna kahden pinnan viliin [18], [22].
Pintana kaytetdan luonnollisesti lasia, mutta muovisia pintoja voidaan myd6s kayttaa,



kuten polyetyleenitereftalaattia (PET) tai polykarbonaattia (PC) [18], [21].

Kuva 3: Elektrokromisen laitteen yleinen rakenne ja toimintaperiaate (mukaillen [23]).

Elektrokromiset kalvot ovat sekoitettuja johtimia, eli ne ldpdisevat seka elektroneja
ettd ioneja [18], [21], [22], ja niiden materiaalina kdytetddn yleisesti epdorgaanisia
metallioksideja, kuten eniten tutkittua volframitrioksidia WOs. Elektrokromisissa
kalvoissa voidaan kadyttdd myds muita metallioksideja, kuten volframiin (W),
molybdeeniin (Mo), titaaniin (Ti), niobiumiin (Nb), iridiumiin (Ir) tai nikkeliin (Ni)
perustuvia oksideja. [18], [21], [22] Orgaanisia materiaaleja on my6s mahdollista
kayttdd, mutta niiden ongelmana on huono kestavyys [19], [22], jonka takia niita ei
usein kdytetd rakennuksissa. loneja varastoiva kalvo on myos sekoitettu johdin ja se
voi toimia joko pelkdstddn ionivarastona tai silld voi olla my6s elektrokromisia
ominaisuuksia. Kalvojen vilille saadaan paras yhteensopivuus, jos ioneja
varastoivalla  kalvolla on  vastakkaisia elektrokromisia  ominaisuuksia
elektrokromisen kalvon kanssa. [22]

Elektrokromisia materiaaleja on kahdenlaisia; katodisia ja anodisia. Katodiset
materiaalit tummuvat ioneja vastaanottaessa ja anodiset puolestaan luovuttaessaan
ioneja. [18], [20], [22] Metallioksideista anodisia materiaaleja ovat esimerkiksi
volframioksidit, molybdeenioksidit, titaanioksidit, niobiumoksidit ja katodisia
materiaaleja ovat iridiumoksidit seka nikkelioksidit. Vanadiinioksidit omaavat seka
anodisia ettd katodisia ominaisuuksia. Elektrokromisessa kalvossa kdytetddn
anodisia materiaaleja ja ioneja varastoivassa kalvossa katodisia, jolloin molemmat
tummenevat sekd vaalenevat samanaikaisesti sahkdkentadn ldasna ollessa. Kahden
elektrokromisen kalvon kdyttdminen on yleistad ja kannattavaa, sillda se mahdollistaa
monipuolisia varitysintensiteetteja ja voi antaa tummennukselle luonnollisen vérin
[19], [21].



Kalvojen vililla oleva elektrolyytti on puhdas ionijohdin, eli se padstaa lavitseen
ioneja, muttei elektroneja [18], [21], [22]. Jos elektroneja padsisi kalvon lapi,
laitteessa syntyisi oikosulku, jolloin elektrokromisen kalvon tummennusta ei
tapahtuisi tai tummennus vaalenisi ajan my6td, mika johtuu ionien "vuotamisesta”
takaisin ioneja varastoivalle kalvolle. Elektrolyytti voi olla kiintedd, nestemdista tai
geelid. Se koostuu yleensa yhdesta tai useammasta nestemaisesta liuottimesta seka
yhdestd tai useammasta suolasta. Elektrokromisissa laitteissa voidaan kayttda
nestemadisia, keraamisia, polymeerisid ja kiinteitd epaorgaanisia elektrolyytteja,
joista polymeeriset elektrolyytit ovat raatdloity erityisesti elektrokemiallisille
laitteille, kuten litiumakuille seka elektrokromisille laitteille. Elektrokromisissa
laitteissa yleisimpia polymeerisia elektrolyytteja ovat boronaattiesterit, natrium-
polystyreenisulfonaatti,  polyakryylinitriili,  polyesterit,  poly(2-etoksietyyli-
metakrylaatti), polyetyleeniglykoli, polyetyleenioksidi, polyetyylimetakrylaatti,
polymetyylimetakrylaatti, polyvinyylialkoholi, polyvinyylideenifluoridi, poly-
vinyylikloridi, = polyvinyylisulfonit ja vesiohenteinen polyuretaani. [19]
Elektrolyyttiin voidaan lisata lapindkyvissa johtimissa kdytettyja nanopartikkeleita,
kuten SnO2, joka estdd lahi-infrapunan ldpdisevyyttd, mutta sallii ndkyvan valon
lapaisyn elektrolyytin lapi, mika on hyddyllistd varsinkin kuumassa ilmastossa [21].

Lapindkyvien johtimien tehtdvd on tasoittaa kalvojen wvililld tapahtuvien
ionivirtausten synnyttidmia sahkoévarauksia [22]. Ne ovat puhtaita elektronijohtimia,
joille on ominaista erinomainen sahkénjohtavuus seka optinen lapindkyvyys [21].
Pienissa laitteissa sdhkod voidaan kohdistaa suoraan johtimiin, mutta isommissa
laitteissa, kuten ikkunoissa, tarvitaan virtakiskoa, eli metallista kehystd, joka jakaa
virran tasaisesti johtimiin mahdollistaen tasaisen ja nopean tummennuksen seka
vaalennuksen [18], [21], [22]. Johtimissa voidaan kdyttada puolijohdepohjaisia,
metallipohjaisia, hiilipohjaisia ja nanolankaan pohjautuvia kalvoja tai niiden
sekoituksia. Puolijohdepohjaiset kalvot ovat raskaasti seostettuja (muutamien
atomiprosenttien luokkaa) ja levedn energiaraon omaavia oksidikalvoja, joita
kdytetddn yleisimmin elektrokromisissa laitteissa. Seostaminen (doping) tarkoittaa
tassa yhteydessd epdpuhtauksien (metallien) lisadmistd oksidikalvoon, mika
parantaa kalvon sahkoénjohtavuutta. Nditd ovat esimerkiksi:
e Indiumoksidi, jota on seostettu tinalla (In203:Sn), sinkilld (In203:Zn) tai
niobiumilla (In203:Nb).
e Tinaoksidi, jota on seostettu fluorilla (SnO2:F), antimonilla (Sn02:Sb),
tantaalilla (Sn02:Ta) tai volframilla (Sn02:W).
o Sinkkioksidi, jota on seostettu alumiinilla (ZnO:Al), galliumilla (Zn0:Ga),
indiumilla (ZnO:In), tinalla (ZnO:Si), boorilla (ZnO:B), fluorilla (ZnO:F),
niobiumilla (ZnO:Nb) tai skandiumilla (Zn0:Sc). [18], [21]

Elektrokromista lasitusta voidaan ajatella akkuna, jonka varaustila ilmenee sen
optisissa ominaisuuksissa [19], [22]. Kun ldpindkyviin johtimiin tuodaan
tasavirtaista sahkod, syntyy johtimien vilille sihkokenttd. Tamdn seurauksena
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ioneja varastoivasta kalvosta siirtyy ioneja elektrolyytin lapi (pienid ioneja, yleensa
vety- (H*) tai litiumioneja (Li*) [18], [21], [22]) elektrokromiseen kalvoon, jolloin
kalvon optiset ominaisuudet muuttuvat tummentaen lasituksen ja siten estden
luonnonvalon sekd lampdenergian siirtymisen lasituksen lapi (kuva 3). [18], [20]-
[22] Tummeneminen tapahtuu yleensa sekunneissa, mutta isommissa laitteissa,
kuten ikkunoissa, tummenemisessa voi kestdd useampi minuutti [18], [19]. Laite
voidaan palauttaa takaisin lapindkyvaksi kddntamalla virran suuntaa, tai joissakin
tapauksissa oikosululla, jolloin ionit palaavat takaisin ioneja varastoivaan kalvoon
[22].

Elektrokrominen laite kykenee sailyttamaan "muistinsa” pitkadn avoimessa piirissa.
Toisin sanoen laitteen optiset ominaisuudet sailyvat, vaikka virta ei enda kulje
laitteessa. Taman ansiosta laite tarvitsee sdahkod ainoastaan, kun sen optisia
ominaisuuksia halutaan muuttaa ja tummennus voidaan keskeyttdd missa tahansa
vaiheessa adripdiden valilla mahdollistaen kalvolle lineaarisia tummuusasteita.
Elektrolyytti eivat kuitenkaan ole tdydellisid ja ne vuotavat siksi hieman ioneja,
minka takia tilan yllapitoon kuluu hieman sahko6a. Vahaisen sahkon kayton takia (2,5
W/m? tilan muutokseen ja 0,4 W/m? tilan ylldpitoon [23]) elektrokromiset laitteet
ovat energiatehokkaita. [18], [21], [22]

Elektrokromiset lasituksen kuluvat samalla tavalla kuin akut; niiden varaustaso
huononee hiljalleen lataus-purkaus-syklien seurauksena, jolloin niiden tummuus-
intensiteetti karsii. Volframioksidiin (WOs3) perustuvan elektrokromisen lasituksen
tummuusintensiteetti karsii elektrokromiseen kalvoon loukkuun jadneiden
litiumionien (Li*) seurauksena. Tatd ongelmaa on pyritty korjaamaan
galvanostaattisella hoidolla, jolloin lasituksen suorituskyky on saatu palautumaan
ennalleen (kuva 4). Vasemmanpuoleisessa kuvaajassa on kuvattu kalvon
lapindkyvyyttd 550 nm aallonpituudella syklien aikana, jonka 400. syklin
suorituskyky on huonontunut huomattavasti alkuperdiseen verrattuna.
Huonontunut suorituskyky saatiin palautettua ionien vapauttamisella. Kuvan
oikeanpuoleisessa kuvaajassa on esitelty sama tilanne koko nadkyvan valon
spektrilld, jossa on huomioitu ainoastaan alkuperdinen lapindkyvyys, 1. sykli, 400.
sykli seka ionien vapauttamisen jalkeinen sykli. [24]
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Kuva 4: Vasemmassa kuvaajassa ndkyy kalvon lapindkyvyys 550 nm aallonpituudella
syklien aikana. Oikealla kuvataan samaa tilannetta koko nakyvan valon spektrilla
(mukaillen [24]).

3.2 Nestekidelasitus

Nestekiteitd kdytetddn tunnetusti LCD-ndyt6issd, mutta niiden potentiaali on to-
dettu my06s adaptiivisissa lasituksissa. Nestekidelasitus perustuu nestekiteiden ja
polymeerimatriisien muodostamiin komposiittimateriaaleihin, joissa valo hajautuu
riippuen nestekidemolekyylien asennosta suhteessa polymeerimatriisiin [25], [26].
Lasitus toimii vaihtovirralla ja se saadaan ldpindkyvaksi suljetussa piirissa (ON-tila)
ja tummaksi avoimessa piirissa (OFF-tila) [25], [26]. Tyypillisia lasituksia ovat PDLC
(polymer-dispersed liquid crystal) ja PSLC (polymer-stabilized liquid crystal) [27].

Nestekidelasitus muodostuu nestekide-polymeeri-komposiitikalvosta ja sitd ympa-
roivista lapindkyvista johtimista, joiden materiaalina kdytetdan yleensa tinalla seos-
tettua indiumoksidia (In203:Sn) (kuva 5) [25], [26], [28]-[30]. Indiumoksidille vaih-
toehtona on tutkittu hopeananolankaa, joka on halvempaa ja mahdollistaa 15 V pie-
nemman kayttojdnnitteen sekd suuremman kontrastin [31]. Kalvo ja johtimet ovat
luonnollisesti laminoituneena kahden lasipinnan valiin [25]-[28], [30]. PDLC-kal-
vossa nestekiteet ovat jakautuneet tasaisesti huokoiseen polymeerimatriisiin muu-
taman mikronin (1 mikroni = 1000 nm) kokoisiksi pisaroiksi [25], [26]. PSLC-kal-
vossa polymeerin osuus suhteessa nestekiteisiin on huomattavasti pienempi kuin
PDLC-kalvossa (5 % vs. 30 %), ja ne muodostavat matriisin sijaan saikeisen poly-
meeriverkoston [26], [32].
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Kuva 5: Nestekidelasituksen toimintaperiaate (mukaillen [23]).

PDLC-kalvon polymeerimatriisi voidaan korvata lasilla, jolloin puhutaan GDLC-kal-
vosta (glass-dispersed liquid crystal). Lasi eliminoi auringon UV-sateilysta aiheutu-
van polymeerin keltaisuuden ja se on polymeeria kirkkaampaa lapindkyvassa ti-
lassa. GDLC-kalvo on myds kestavampi, mahdollistaa 10 kertaa lyhyemman vasteen
ja tarvitsee 85 % pienemman kayttdjannitteen verrattuna samankaltaiseen PDLC-
kalvoon. Ongelmia kuitenkin esiintyy sen valmistuksessa, jossa xerogeelin muodos-
tamisessa kalvo saattaa halkeilla kapillaari-ilmion takia. Tama on pyritty estamaan
korvaamalla haihtuva liuos nestekiteilla. [28]

Nestekiteiden materiaalien selvittimisessa on ollut ongelmia, silla vastaan on tullut
padasiassa tuotenimid, kuten NOA65 [26], HNG30400 [33] ja SLC1717 [27], joiden
kemiallisista rakenteista ei ole 16ytdnyt tietoa. Vastaan on tullut myés muutama ke-
miallisen yhdisteen nimi, kuten 4-pentyylifenyylipropyylibentsoaatti ja 4-n-pentyy-
libifenyyli [28]. PDLC-kalvoissa kaytettdvat nestekidemolekyylit ovat yleensa ne-
maattisia molekyyleja [26]-[28], [31]-[33], joilla on ympardivaa polymeeria pie-
nempi moolimassa [25].

Nestekidelasituksessa kdytetdan yleensa positiivisesti dielektrisid nestekiteitd, jotka
kokevat dipolimomentin molekyyliakselin mukaisesti. Tall6in sdhkokentédn lasna ol-
lessa nestekidemolekyylit uudelleenorientoituvat sahkokentan mukaisesti. Negatii-
visesti dielektrisissd nestekiteissa dipolimomentti ilmenee puolestaan kohtisuo-
rassa suhteessa molekyyliakseliin, jolloin nestekidemolekyylit uudelleenorientoitu-
vat kohtisuorasti suhteessa sahkokenttadn. [34] Negatiivisesti dielektrisia nesteki-
teitd kdytetddn kddnteisissa nestekidelasituksissa, jotka ovat lapindkyvia OFF-tilassa
jatummia ON-tilassa [32], [33]. Kdanteiset nestekidelasitukset ovat normaalisti suo-
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tavampia, silld lasitusta pidetddn ennemmin lapindkyvana kuin tummana, jolloin 1a-
pindkyvyyden yllapitdmiseen ei kulu sahkoa ja lasitus pysyy lapinakyvana, vaikka
tulisi sahkokatkos [34].

Nestekiteet ovat kahtaistaitteisia eli ne omaavat kaksi eri taitekerrointa: tavallisen
(ordinary refractive index) no ja epatavallisen (extraordinary refractive index) ne [26].
Nestekidelasituksessa valon hajautuminen johtuu nestekidepisaroiden ja niitd ym-
paroivan matriisin valisista valon taitekertoimista ja niiden eroavaisuudesta. [lman
ulkoista sahkokenttdd, nestekidepisaroiden molekyylit ovat epdjarjestyksessa, joh-
tuen nestekidemolekyylien ankkuroitumisesta polymeerimatriisiin, jolloin ne ha-
jaannuttavat tulevaa valoa eri suuntiin. Talloin lasitus nayttda tummalta tai maito-
maisen samealta. Kun kalvoon kohdistetaan vaihtovirrasta syntyva ulkoinen sahko-
kenttd, nestekidemolekyylit uudelleenorientoituvat homeotrooppisesti sahkoéken-
tdn mukaisesti, jolloin niiden tavallinen taitekerroin no vastaa matriisin taiteker-
rointa nm. Talléin valo paasee lasituksen lapi tehden siitd lapindkyvan (kuva 5). [25],
[26], [28], [31] Nestekidepisaroiden koko maarittelee niiden kyvyn hajaannuttaa tu-
levaa valoa. Jos pisaroiden sdde on tulevan valon aallonpituutta pienempi, valo paa-
see kulkeutumaan ldpi ilman minkdanlaista hajaantumista [25]. Jotta lasitus olisi te-
hokas, kalvon tummuuden ja lapindkyvyyden vililla taytyy olla mahdollisimman
suuri kontrasti. Paras kontrasti saadaan, kun nestekiteiden kaksoistaitteisuus (bi-
refringence) on suuri (An = ne - no) ja nestekidemolekyylin tavallinen taitekerroin on
lahelld matriisin taitekerrointa (no = nm). [26]

Lasituksen huonona puolena on suuri sahkénkulutus (5,00-10,00 W/m? tilan muu-
tokseen seka tilan ylldpitamiseen [23]), mika johtuu korkeasta kdyttojannitteesta ja
lapinakyvyyden yllapitamisesta [35]. PDLC-kalvon kdyttojannite on korkeampi kuin
PSLC-kalvon johtuen sen suuremmasta polymeeripitoisuudesta (kuvat 6 ja 7). Ku-
vissa kynnysjdnnitteelld tarkoitetaan jannitettd, joka tarvitaan muuttamaan kalvon
lapinakyvyytta 10 %. Saturaatiojannitteelld tarkoitetaan puolestaan jannitettd, joka
tarvitaan yllapitdmaan lapinakyvyys 90 %:ssa (18). Epdilin kuvan 5 saturaatio- ja
kynnysarvojen olevan artikkelissa merkitty vaarinpain, joten otin yhteyttd yhteen
artikkelin tekijoistd, professori Yongho Seoon, varmistaakseni asian. Epdilykseni
osoittautui todeksi, joten korjasin kyseisen virheen suomentaessani kuvaa. PDLC-
kalvossa polymeerimatriisi ankkuroi voimakkaammin nestekidemolekyylej3, jolloin
ne tarvitsevat suuremman jannitteen uudelleenorientoitumiseen. PSLC-kalvoissa
ankkurointi on heikompaa, jolloin my6s tarvittava jannite on pienempi. [33]
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Kuva 6: PDLC-kalvon kynnysjannite (V) ja saturaatiojannite (Vs.) suhteessa
nestekiteiden médadraan (mukaillen [26]).

Kuva 7: PSLC-kalvon a) kynnysjannite ja b) saturaatiojannite suhteessa polymeerin
mdaaraan (mukaillen [30]).

Toisaalta PSLC-kalvon valon hajaantuminen on heikompaa kuin PDLC-kalvossa, jol-
loin sen kontrasti karsii. PSLC-kalvon vahdinen polymeeripitoisuus tekee kalvosta
myo0s mekaanisesti heikon ja se ei siksi sovellu yhta hyvin lasituksiin. Tahdn on ke-
hitelty materiaali, jossa yhdistetddan PDLC- ja PSLC-kalvojen ominaisuudet muodos-
tamalla PD&SChLC-kalvo. Muodostettu kalvo tarvitsee 50 % vihemman jannitetta
verrattuna PDLC-kalvoon ja se omaa hyvan mekaanisen kestavyyden. [27]
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3.3 Suspensiohiukkaslasitus

Suspensiohiukkaslasitus perustuu dipolarisiin hiukkasiin, jotka leijuvat vapaasti
nesteessa tai geelissa ja aiheuttavat lasituksen tummenemisen heijastamalla tai ab-
sorboimalla tulevaa valoa. Korkeajannitteisen vaihtovirran lasna ollessa, hiukkaset
orientoituvat sahkokentdn mukaisesti, jolloin valo pdasee kalvon lapi tehden lasituk-
sesta ldpindkyvan. Kuten nestekidelasitus, suspensiohiukkaslasitus on tumma avoi-
messa piirissa (OFF-tilassa) ja lapindkyva suljetussa piirissa (ON-tilassa). Suspen-
siohiukkaslasituksen ideana ei kuitenkaan ole valon hajauttaminen, vaan sen esta-
minen. [36], [37]

Suspensiohiukkaslasitus muodostuu yleisesti optisesti aktiivisesta kalvosta ja sita
ympadroivista lapinakyvista johtimista, joiden materiaalina kdytetaan tinalla seostet-
tua indiumoksidia (In203:Sn). Nama ovat laminoituneena kahden substraatin viliin,
joiden materiaaleina kidytetddn yleensa joko lasia tai muovia, kuten polyetylee-
nitereftalaattia (PET) (kuva 8). [36]-[39]

Optisesti aktiivinen kalvo koostuu yleisesti polymeerimatriisista, joka ymparoi hiuk-
kasia sisdltavia heterogeenisia suspensionestepisaroita [36]-[40]. Jos kalvo taytet-
tdisiin kokonaan suspensionestelld polymeerimatriisin sijaan, nesteestd johtuva
hydrostaattinen paine voisi saada aikaan kalvoon pullistumia ja aiheuttaa siten vuo-
toriskin [37], [40]-[42]. Polymeerimatriisissa suspensioneste on jakautunut kalvolle
tasaisesti pieniksi pisaroiksi (patentissa "US 6,416,827 B1” sanotaan pisaroiden ole-
van halkaisijaltaan alle 2 mikronia [42]), mika eliminoi sekad hydrostaattisen paineen
ettd vuotoriskin, mutta myos kalvon toistuvan aktivoitumisen seurauksena aiheutu-
van hiukkasten agglomeroitumisen eli toisiinsa takertumisen [37], [40]-[42].

Kuva 8: Suspensiohiukkaslasituksen yleinen rakenne ja toimintaperiaate (mukaillen [23]).
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Hiukkaset (particles) ovat muodoltaan sauvamaisia tai pyoreita ja ne ovat yleisesti
kolloidien kokoisia, eli niiden suurin ulottuvuus on mikronin (1000 nm) tai vahem-
man [37], [39]-[41]. Niiden koko olisi kuitenkin suotavaa olla alle puolet sinisen va-
lon aallonpituudesta, eli alle 200 nm, pitddkseen valon hajautumisen mahdollisim-
man alhaisena [36], [37], [39], [40]. Hiukkaset voivat koostua orgaanisista tai epa-
orgaanisista materiaaleista ja ne voivat absorboida tai heijastaa osittain tai koko-
naan nakyvan valon spektria [37], [40]-[42]. Hiukkasten materiaalina kdytetdan
yleisesti polyhalideja, tarkemmin ottaen polyjodideja, joista tunnetuin on herafatiitti
(heraphatite) [36].

Suspensioneste (liquid suspending media) on optisesti aktiivisen kalvon vdliaine,
jossa liukenemattomat hiukkaset leijuvat. Suspensioneste koostuu yhdesta tai use-
ammasta vedettomastd, sahkoisesti resistiivisestd nesteestd ja siina olisi suotavaa
olla vahintdaan yksi polymeerinen stabilointiaine (polymeric stabilizer), joka estaa
hiukkasten agglomeroitumisen ja pitda hiukkaset suspensiossa eli samassa faasissa
nesteen kanssa. Ndiden valiaineiden avulla hiukkaset saadaan painovoiman tasapai-
notilaan (gravitational equilibrium). [37], [40]-[42] Véliaineen taittokertoimen tay-
tyy vastata mahdollisimman tarkasti ymparéivdan polymeerimatriisin taittokertoi-
men kanssa valttdadkseen valon hajautumiselta [42].

Suspensionesteessa kdytetddn yleisesti moolimassaltaan suuria yhdisteita tai suur-
ten ja keskisuurten sekoituksia. Eri moolimassaisia yhdisteita sekoittamalla voidaan
muodostaa sopiva viskositeetti suspensionesteelle, mika parantaa kalvon valmistuk-
sessa olevan emulsion stabiilisuutta, joka puolestaan parantaa kalvon ominaisuuk-
sia ja suorituskykya. [37], [40]-[42] Mitd suurempi viskositeetti suspensionesteelld
on, sitd hitaampi on kalvon vasteaika [38]. Suspensionesteina kdytetdan muun mu-
assa tri-isodekyylitrimellitaattia (triisodecyl trimellitate), dimetyylifluorisuberaattia
(dimethyl perfluorosuberate) ja trietyylitrimellitaattia (triethyl trimellitate) [41],
[42].

Kuten aiemmin mainittu, polymeerinen stabilointiaine auttaa pitdmaan hiukkaset
erilladn. Polymeerisena stabilointiaineena voidaan kayttaa yhdisteitd, jotka liukene-
vat suspensionesteeseen ja muodostavat sidoksia hiukkasten kanssa. Tadllainen yh-
diste on esimerkiksi kiinted nitroselluloosa, joka suspensionesteeseen liuenneena
antaa hiukkasille tasaisen pinnoitteen. Polymeerisia stabilointiaineita voi olla yksi
tai useampi. Useampi stabilointiaine muodostaa polymeerisen stabilointijarjestel-
man, jossa ensimmainen stabilointiaine muodostaa sidoksia hiukkasten kanssa ja
yksi tai useampi stabilointiaine muodostaa sidoksia ensimmaisen stabilointiaineen
kanssa hajauttaen hiukkasia erilleen ja antaen hiukkasille steerista suojausta (steric
protection). [37], [40]-[42]
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Hiukkaset ajelehtivat satunnaisesti ympdriinsa suspensionesteessd jannitteen
poissa ollessa (OFF-tilassa) Brownin liikkeen seurauksena. Tall6in hiukkaset absor-
boivat tai heijastavat saapuvaa valoa, jolloin lasitus ndyttada tummalta. Syotettaessa
johtimiin vaihtovirtaista jannitettd (ON-tilassa) saadaan suspensiohiukkaskalvolle
aikaan sahkokenttd. Sdhkokentdn vaikutus saa hiukkaset orientoitumaan ja jarjes-
taytymaan sahkokentdn mukaisesti padstden valoa kalvon lapi, jolloin lasitus nayt-
taa lapindkyvalta. [36]-[40], [43] Jannitteen suuruutta muuttamalla voidaan sdataa
lasituksen tummuusintensiteettid. Lasituksen jannite on oltava vaihtovirrassa, silla
tasavirta kuluttaisi kalvoa ajan myo6ta. [36]

Suspensiohiukkaslasitus tarvitsee tilanmuutokseen 5,00 W/m? ja tilan yllapitami-
seen 0,55 W/m?2, mika tekee siitd energiatehokkaamman kuin PDLC-lasitus, mutta
se kuluttaa tilanmuutokseen kaksi kertaa enemman energiaa kuin elektrokrominen
lasitus [23]. Suspensiohiukkaslasituksen ongelmana on muun muassa taipumus
imed kosteutta, joka nakyy ajan myota varikehyksena (kuva 9). Kyseista ongelmaa
on pyritty estdimdan teippaamalla lasituksen reunaa, mutta varjdytynyt kehys on
mahdollista tulla my6s lammon vaikutuksesta. [37]

Kuva 9: Suspensiohiukkaslasituksen ymparistolle altistaminen neljaksi vuodeksi on
aiheuttanut kalvolle varjaytyneen kehyksen, joka on merkattu punaisella nuolella kuvassa
(c). Kyseista lasitusta ei ole teipattu reunoista (mukaillen [43]).
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3.4 Termokrominen lasitus

Termokrominen lasitus on passiivisesti toimiva laite, joka perustuu termokromisiin
materiaaleihin. Termokromisilla materiaaleilla on ominaista muuttaa vdritystaan
palautuvasti lampotilan muutoksen seurauksena, mika johtuu yleisesti materiaalin
faasimuutoksesta tai kemiallisesta reaktiosta [44]. Termokromiset materiaalit ovat
tyypillisesti ldpindkyvida matalissa ldmpdétiloissa ja tummenevat ldampdétilan
ylittdessd materiaalille ominaisen “kriittisen” lampdétilan tc [7], [44], [45].
Termokromisen lasituksen tarkoituksena on estaa liiallisen aurinkoenergian paasya
kalvon lapi muuttamatta merkittavasti ndkyvan valon ldapdisevyytta. Toisin sanoen,
termokrominen lasitus sdatelee auringon lampoésdteilyd muuttamalla laitteen
lapdisevyytta ja heijastuskykya lahi-infrapuna-alueella.

Itsesdatelyn takia termokrominen lasitus ei tarvitse toimiakseen sahkdéa, ulkoisia
johdotuksia tai ylipadtdnsa minkaanlaista integraatiota rakennuksen kanssa [44],
mika tekee lasituksen rakenteesta yksinkertaisen. Taman takia sitd ei voi myoskaan
ohjata kdyttdjan toimesta. Termokrominen lasitus koostuu yleisesti joko
termokromisella materiaalilla pinnoitetusta substraatista tai kahden substraatin
vdliin laminoituneesta termokromisesta kalvosta [46]. Ja kuten aiemmissakin
laitteissa, ndmad substraatit ovat yleisesti joko lasia tai muovia. Talld hetkelld
lupaavin teknillinen ratkaisu on sisallyttdd termokromisia materiaaleja suoraan
polyvinyylibutyraalista (PVB) valmistettuun muovikalvoon [23]. Taméan rakenteen
lisdksi termokromisen lasituksen kanssa voidaan yhdistdd muitakin rakenteita,
kuten esimerkiksi kuvassa 10 olevan matalaemissiiviselld (Low-e) pinnoitteella
vuoratun lasin, joka muodostaa argonilla (Ar) tdytetyn ilmaraon termokromisen
lasituksen kanssa. Ndma lisarakenteet parantavat laitteen lampdsuorituskykya.

Kuva 10: Termokromisen lasituksen toimintaperiaate ja yleinen rakenne. Termokromisen
kalvon lisdksi lasituksessa on argonilla taytetty ilmarako sekd matalaemissiiviselld (Low-e)
pinnoitteella vuorattu lasi (mukaillen [23]).
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Termokromisiin materiaaleihin kuuluu polymeereja, pienid orgaanisia molekyylej3,
metalliligandikomplekseja  seka Kkiinteitd  epdorgaanisia aineita. Useat
konjugoituneet polymeerit, kuten polyasetyleenit (polyacetylenes), polysilaanit
(polysilanes) ja polytiofeenit (polythiophenes) muuttuvat ldmmetessdadn
vdritykseltdaan rakenteellisen muutoksen seurauksena. Konjugoituneet polymeerit
ovat matalassa ldmpdétilassa tasaisia ja hyvin jarjestdytyneitd kerrostumia, mutta
lampotilan noustessa yksittdiset polymeeriketjut kiertyvat, jolloin polymeerin
aallonpituuksien absorptio muuttuu. Esimerkiksi polytiofeenit ovat purppuran
varisia huoneenlammassa ja ne muuttuvat keltaisiksi lampotilan noustessa. [44]

Orgaanisista molekyyleistd muun muassa biantrylideenit (bianthrylidenes), Schiffin
emadkset (Schiff bases), spirooksatsiinit (spirooxazines) ja spiropyraanit
(spiropyrans) omaavat termokromisia ominaisuuksia. Esimerkiksi bis-spiropyraanit
muuttuvat lapindkyvastd punaiseksi 60 °C ja punaisesta siniseksi 70 °C. Orgaanisia
molekyyleja voidaan Kkayttdd termokromisissa lasituksissa muodostamalla
ohutkalvoja polymeerimatriisien kanssa. [44]

Termokromiset metalliligandikompleksit ovat molekyylejd, jotka muodostuvat
keskelld olevasta metalli-ionista seka siihen kiinnittyneistad ligandeista, jotka ovat
yksittdisid ioneja tai molekyylejd. Kyseisissda komplekseissa metalli-ionina toimii
joko koboltti-, kupari-, rauta- tai nikkeli-ioni. Matalissa lampétiloissa metalli-ionia
koordinoi  polydentaattiligandit ja  korkeissa  lampdtiloissa  anioniset
monodentaattiligandit (kuva 11) [44]. Polydentaattiligandeilla tarkoitetaan
ligandeja, jotka muodostavat keskelld olevan metalli-ionin kanssa useita
koordinaatiosidoksia (eli sidoselektronipareja) ja monodentaattiligandeilla
tarkoitetaan ligandeja, jotka muodostavat metalli-ionin kanssa ainoastaan yhden
koordinaatiosidoksen. Toisin sanoen, ldmpotilan noustessa metalli-ionin ligandit
vaihtuvat yksinkertaisempia koordinaatiosidoksia omaaviin ligandeihin, jolloin
kompleksin geometrinen rakenne muuttuu johtaen tyypillisesti intensiivisempaan
vdritykseen [44]. Termokromiset metalliligandikomplekseissa erikoisuutena on
niiden lineaarinen tummeneminen eli ne tummenevat asteittain lampdotilan
noustessa.  Termokromisia  metalliligandikomplekseja  voidaan  kayttaa
termokromisissa lasituksissa muodostamalla ohutkalvoja polymeerimatriisien
kanssa, joissa polymeerit voivat olla metalliligandikompleksien kanssa osallisena
ligandien vaihdossa. [44]
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Kuva 11: Ni2*-kompleksien ligandinvaihtotermokromismi trimetylolipropaani- (C¢H1403)
ja klooriligandien (Cl-) kanssa (mukaillen [44]).

Termokromiselle lasitukselle soveltuvia Kkiinteitd epdorgaanisia aineita ovat
useimmat alemman oksidin niobium-, rauta-, titaani- ja vanadiinioksidit. Ne
omaavat ensimmadisen kertaluvun faasimuutoksen eli niillda on tarkka "kriittinen”
lampdtila tc. [44] Toisaalta, vanadiinidioksidiin (VO2) pohjautuvien materiaalien on
sanottu olevan ainoita epdorgaanisia materiaaleja, jotka soveltuvat termokromisiin
lasituksiin [7]. Vanadiinidioksidi on Kkiinteistd epdorgaanisista aineista eniten
tutkittu [44] ja termokromisista materiaaleista lupaavin [47] sekd eniten kdytetty
[48] yhdiste. Sen etuna on muun muassa nopea vaste ympadriston lampdétilan
muutoksille [48]. Vanadiinidioksidi kokee faasimuutoksen noin 68 °C asteessa, jossa
sen kiderakenne muuttuu palautuvasti monokliinisestd faasista tetragonaaliseen
rutiilifaasiin [44], [45], [47], [48]. Kiderakenteen palautumismekanismista on
kiistelty vuosikymmenid ja sitd ei vield tdysin ymmarretd. Vanadiinidioksidi
kayttaytyy monokliinisessd faasissa kuin puolijohde, jolloin se ldpaisee
infrapunasateilya. Rutiilifaasissa vanadiinidioksidilla kayttaytyy puolestaan kuin
metalli, jolloin se heijastaa infrapunasateilya. [47], [49]

Vanadiinidioksidin huonoina puolina ovat sen liian korkea "kriittinen” lampdétila tc
[7], [47], [49] matala ndkyvan valon ldapdisevyys Tvis sekd matala auringon sateilyn
kokonaislapaisevyyden modulointialue eli Ag-arvo [7], [47]-[49]. Termokromisen
lasituksen tc olisi suotavaa olla ldhelld huoneenlampdd, jotta lasitus aktivoituisi
valittomasti lampotilan noustessa yli huoneenlammon, jolloin se estdisi liiallisen
auringon sdateilystd johtuvan ldmpoOenergian pddsyn rakennukseen [44].
Termokromista lasitusta voidaan siis ajatella eteisvahtimestarina: Jos tupa on
"tdynna” lampod, enempaa ei saa padastaa sisaan. Mutta jos lampo6a on liian vahan,
niin lisdlampo on kylla tervetullutta. Vanadiinidioksidi on ndiden ongelmien lisdksi
my0s termodynaamisesti epdstabiili, silla vanadiinidioksidi muuttuu ilman
vaikutuksen alaisena divanadiinipentoksidiksi (V20s) [7], [47]. Tdma voidaan estaa
pinnoittamalla kalvo alumiinioksidilla (Al203) [47] tai alumiininitridilla (AIN) [7].
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Vanadiinidioksidin faasimuutokseen tarvittavaa lampotilaa tc voidaan sdidelld
seostamisella: lisddmalld akseptoreita (acceptor), kuten alumiini- (Al3*), kromi-
(Cr3*), rauta- (Fe3*), gallium- (Ga3*) tai germaniumioneja (Ge3*) saadaan T
nousemaan ja puolestaan lisdidmalla donoreita (donor), kuten molybdeeni- (Mo®*),
niobium- (Nb>+), rutenium- (Ru#+), tantaali- (Ta%*) tai volframi-ioneja (W¢*) saadaan
Tc laskemaan [48]. Volframi-ioneilla seostaminen on télla hetkelld yleisin vaihtoehto
[45], [49]. Vain 2 m-% volframia riittdd pudottamaan vanadiinidioksidin tc:n noin
68 °C:sta noin 25 °C:een [44], [45], [49]. Kultananohiukkasilla (AuNPs) voidaan
myo0s potentiaalisesti pienentdd termokromisten materiaalien kriittista lampotilaa
[44].

Vanadiinidioksidin huono ldpindkyvyys johtuu ndkyvdn valon absorptiosta, joka
puolestaan johtuu vanadiinidioksidin kapeasta energiaraosta (narrow band gap) [7],
[47], [48]. Lapindkyvyyttd voitaisiin parantaa kalvoa ohentamalla, mutta silloin
my0s Ag-arvo Kkarsisi. Yksi ratkaisu lapindkyvyyden parantamiselle on lisata
heijastuksenestokalvoja (antireflection layers), joista titaanidioksidi (TiO2) on
todettu varsin toimivaksi. [7], [47] Kayttamalla useampaa titaanidioksidikalvoa Tvis
saavutti arvon 0,84. Toinen ratkaisu on pinnoittaa vanadiinidioksidi esimerkiksi
piidioksidilla (SiO2) tai zirkoniumdioksidilla (ZrOz2). Piidioksidipinnoitteella kalvon
Tvis parani 0,33:sta 0,75:een 700 nm aallonpituudella. [45] Alumiini-pii-pinnoitteella
voidaan puolestaan parantaa sekd ndkyvan valon lapdisevyyttd ettd auringon
sdteilyn kokonaisldpdisevyyden modulointialuetta [48]. Kolmas ratkaisu
lapindkyvyyden parantamiseksi on leventda energiarakoa fluoraamalla [7], [45],
[47] tai seostamalla vanadiinidioksidia magnesiumilla (Mg) [7], [47], [48], sinkilld
(Zn) [47] tai terbiumilla (Tb) [7]. Esimerkiksi magnesiumilla seostaessa 7,2 m-%:a
Tvis parani 0,39:std 0,51:een [7]. Vanadiinidioksidia voidaan seostaa myos
piidioksidi-nanohiukkasilla, jotka parantavat ldapindkyvyyden lisdksi auringon
sateilyn kokonaisldpdisevyyden modulointialuetta [48]. Lapindkyvyyttda voidaan
parantaa viela entisestdadn yhdistamalla seostamisen kanssa
heijastuksenestokalvoja [7], [47].

Paras suorituskyky saadaan kuitenkin pallon muotoisilla vanadiinidioksidi-
nanopartikkeleilla, jolloin Tvis on noin 0,80 ja Ag-arvo yli 0,20 [7], [47].
Vanadiinidioksidi-nanopartikkelit ovat myo0s pinnoitetta halutumpia, silld ne
voidaan sekoittaa katevasti ohutkalvoihin [48]. Nanohiukkasten suorituskykya ei
yllattavasti voi parantaa magnesiumilla seostamalla, vaan se jopa huonontaa sita,
kuten kuvassa 12 nakyy.
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Kuva 12: Vanadiinidioksidiin perustuvien termokromisten materiaalien arvioidut
suorituskykyrajat monokliinisessa faasissa (mukaillen [7]).

Lupaavin tulevaisuuden termokrominen tekniikka on sisillyttdd plasmonisia
nanohiukkasia polymeeriin, joka palautuvassa lampoélaajentumisessa siirtdisi
hiukkasia erilleen muuttaen nanohiukkasten eri aallonpituuksien absorbointikykya
[44].

3.5 Suorituskyky ja teknologinen valmiusaste

Jokaista kromogeenista lasitusta voidaan kuvailla kyvylla sdddelld ndkyvan valon
lapdisevyyttd sekd auringon sadteilyn kokonaisldpdisevyyttd riippumatta niiden
aktivoitumismekanismista [3]. Tyon ldhteissa kdytetddn ndkyvan valon
lapdisevyyden arvona Tvis:d, toiselta nimeltdan V(L)T:ta (Visible (Light)
Transmittance), ja auringon sateilyn kokonaislapdisevyydessd kaytetddn arvona
joko g-arvoa, Tsoi:a (Solar Transmittance) tai SHGC:ta (Solar Heat Gain Coefficient),
jotka tarkoittavat periaatteessa samaa asiaa. Ty0ssd on kdytetty lasitusten
suorituskykyjen arvoina Tvis:a sekd g-arvoa, jotka esitetddn joko desimaaleissa
(0,00-1,00) tai prosenteissa (0-100 %). 0,00 (0 %) tarkoittaa lapdisematonta
lasitusta ja 1,00 (100 %) tarkoittaa tdysin ldpdisevaa lasitusta. Lasituksien
suorituskyvyssa kadytetaan lisaksi lammonlapdisykerrointa eli U-arvoa, joka kertoo
lasituksen ldpdisevan lampovuon pinta-alaa kohti yhden asteen lampdétilaerolla
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(W/(m?-K)): Miti korkeampi U-arvo, sitd suurempi hukkalimpo ja miti pienempi U-
arvo, sitd pienempi hukkaldmp6. Korkeammat U-arvot viittaavat tyypillisesti
matalaan g-arvoon seka korkeaan Tvis/g-arvon suhteeseen ja matalammat U-arvot
viittaavat puolestaan korkeampiin Tvis:een ja g-arvoon [3].

Casini selvitti vuonna 2015 Kkirjallisuustutkimuksessaan [23] keskeisten
markkinoilla olevien kromogeenisten lasitusten termo-optiset sekd sahkoiset
ominaisuudet. Casini valitsi markkinoilla olevien kromogeenisten lasitusten
parhaimmat ominaisuudet ja esitti ne vertailutaulukossaan. Tyohoén on poimittu
Casinin esittamasta vertailutaulukosta oleellisimmat ominaisuudet, jotka nakyvat
taulukossa 1: EC viittaa elektrokromiseen lasitukseen, PDLC viittaa nestekide-
lasitukseen, SPD viittaa suspensiohiukkaslasitukseen ja TC viittaa termokromiseen
lasitukseen. Laskin taulukkoon lisdksi taulukon arvojen avulla sateilyn
valotehokkuuden Ke, ndkyvdn valon modulointialueen ATvis ja auringon sateilyn
kokonaislapaisevyyden modulointialueen Ag-arvo. Naista lisda seuraavaksi.

Taulukko 1: Keskeisten markkinoilla olevien kromogeenisten lasitusten vertailutaulukko
(mukaillen [23]).

Ominaisuudet Aktiiviset Passiiviset
EC PDLC SPD TC
Termo-optiset ominaisuudet
Nékyvan valon 0,01-0,60 0,50-0,75 0,005-0,65 0,05-0,60

lapaisevyys, Tvis
(tumma-kirkas)

Nakyvan valon 0,59 0,25 0,645 0,55
modulointialue, ATvis
Auringon sateilyn 0,06-0,46 0,55-0,69 0,06-0,57 0,12-0,37

kokonaisldpdisykerroin,

g-arvo (tumma-Kkirkas)

Auringon sateilyn 0,40 0,14 0,51 0,25
kokonaislidpdisevyyden

modulointialue, Ag-arvo

Sateilyn valotehokkuus, 0,17-1,30 0,91-1,09 0,08-1,14 0,42-1,62
Ke=Tvis/g-arvo

(tumma-kirkas)

Kayttolampotila -20-+70°C -20-+70°C -40-+120°C -20-+160 °C
(alaraja-yldraja)
Sdhkoiset ominaisuudet

Kayttojannite 12V DC 65-110 V AC 65-110 V AC —

Tilanmuutokseen 2,5 W/m? 5,0-10,0 W/m? 5,0 W/m? —

tarvittava teho

Tilan yllapitoon 0,4 W/m? 5,0-10,0 W/m?2 0,55 W/m? —

tarvittava teho

Kytkentdnopeus Tyypillisesti Akillinen Tyypillisesti Muutama
3-5min >90 % (0,015s) 1-3s minuutti

toimintasateesta
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Kromogeenisten lasitusten suorituskykya voidaan vertailla lasitusten ndkyvan valon
lapdisevyyden ja auringon sateilyn kokonaisldpdisevyyden modulointialueiden
(ATvis ja Ag-arvo) avulla [3]. Modulointialueella tarkoitetaan tdssa yhteydessa
lapdisevyyden vaihteluvilid; mitd suurempi vaihteluvali, sitd paremmin lasitus
kykenee mukautumaan muuttuviin ilmaston olosuhteisiin. Taulukon 1 termo-
optisia ominaisuuksia vertaamalla huomataan suspensiohiukkaslasituksella olevan
suurimmat ATvis ja Ag-arvot ja nestekidelasituksella pienimmat ATvis ja Ag-arvot.
Elektrokromisen lasituksen ATvis ja Ag-arvo ovat hieman suspensiohiukkas-
lasitusta huonompia. Termokromisen lasituksen ATvis on my6s ldhella
suspensiohiukkaslasitusta, mutta sen Ag-arvo on selkeasti huonompi.

Sateilyn valotehokkuus Ke kertoo lasituksen ldpdisevdn sateilyn ndkyvan valon
madran verrattuna auringon sateilyn kokonaismaaraan; jos K. on 0,10-0,58, sateily
on padsaantoisesti infrapunaa; jos Ke on 1,365, sdteilyssa on saman verran seka
nakyvaa valoa ettd infrapunaa; jos Ke on 2,41, sdteily on pelkdstdan nakyvaa valoa
[3]. Taulukosta 1 ndhdain kaikkien aktiivisten kromogeenisten lasitusten
painottuvan suodattamaan ennemmin ndkyvda valoa kuin infrapunaa.
Termokrominen lasitus suodattaa myos tummana ennemmin nakyvaa valoa kuin
infrapunaa, mutta kirkkaana se suodattaa ennemmin infrapunaa ndkyvan valon
sijaan.

Kayttolampotiloja vertaamalla havaitaan suspensiohiukkaslasituksen kestdvan
eniten kylmyytta ja termokromisen lasituksen eniten lampo6a. Jotta kromogeeninen
lasitus olisi luotettava, taytyy sen pystyd toimimaan myos vallitsevan ilmaston
aadriolosuhteissa. Suomen alin ldmpétila -51,5 °C mitattiin tammikuussa vuonna
1999 Kittilan Pokassa ja korkein lampétila +37,2 °C Liperin Joensuun lentoasemalla
heindkuussa vuonna 2010 [50]. Taulukkoa 1 katsomalla jokaisen kromogeenisen
lasituksen kayttolampdétila soveltuu Suomen kuumimpiin ldmpétiloihin, mutta
yksikddn lasitus ei kykene toimimaan Suomen kylmimmissa lampdétiloissa (kuva
13). Toisaalta Suomen kylmimmat lampdotilat ovat aina Pohjois-Suomessa,
enimmakseen Lapissa [51], mika ei vastaa Helsingin ilmastoa. Helsingissa lampdtila
voi laskea alle -30 °C, mutta se ei ole vuodesta 1966 lahtien koskaan alittanut -40 °C
[52]. Taman perusteella kromogeenisista lasituksista ainoastaan
suspensiohiukkaslasitus soveltuisi Helsingin ilmastoon.
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Kuva 13: Suomen kylmin lampétila vuosina 1961-2019 (mukaillen [52]).

Sahkoisida ominaisuuksia vertaamalla huomataan, etti nestekidelasitus kuluttaa
kromogeenisista lasituksista eniten ja elektrokrominen lasitus vahiten sdhkoa;
termokrominen lasitus ei kuluta passiivisuutensa takia lainkaan sdhkoa.
Nestekidelasitus tarvitsee tilanmuutokseen vahintddn kaksi kertaa enemman tehoa
ja tilan yllapitimiseen vahintdan 12,5 kertaa enemmadn tehoa verrattuna
elektrokromiseen lasitukseen. Suspensiohiukkaslasitus tarvitsee tilanmuutokseen
kaksi kertaa enemman tehoa kuin elektrokrominen lasitus, mutta sen tilan yllapito
on miltei samaa luokkaa. Nestekidelasitus on markkinoilla olevista kromogeenisista
lasituksista nopein valittomalla (0,01 s) kytkentdnopeudella ja elektrokrominen
hitain 3-5 minuutin kytkentdanopeudella. Jokainen lasitus kykenee siis
adaptoitumaan noin viiden minuutin aikaikkunassa.

Kromogeenisen lasituksen optimaalinen suorituskyky riippuu lasituksen
adaptoitumisen aikavalistd ja kyvystd moduloida termo-optisia ominaisuuksia.
Lasituksen optimaaliset termo-optiset ominaisuudet riippuvat puolestaan
ilmastosta sekd julkisivun suuntauksesta. Favoino ym. selvittivit vuonna 2015
adaptiiviselle lasitukselle optimaaliset parametrit kdadnteiselld simuloinnilla [3].
Heidan tapaustutkimuksessaan simuloitiin optimaalisia malleja Helsingin, Lontoon
sekd Rooman ilmastoissa. Kuvassa 14 ndkyy eri lasitusten vuosittainen
primadrienergiankulutus eri pddilmansuunnissa. Referenssilla (R) tarkoitetaan
staattista lasitettua julkisivua, joka tdyttdd viranomaisten asettamat
minimivaatimukset. Vuosittaisella optimoinnilla (Y) tarkoitetaan adaptiivista
lasitettua julkisivua, joka optimoidaan vuosittain minimoimaan
primdarienergiankulutuksen ja se vastaa markkinoiden parasta staattista lasitettua
julkisivua Helsingin ilmastossa. Kuukausittaisella adaptoitumisella (K) tarkoitetaan
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adaptiivista lasitettua julkisivua, joka adaptoituu kuukausittain ja paivittdisella
adaptoitumisella (P) tarkoitetaan adaptiivista lasitettua julkisivua, joka adaptoituu
pdivittdin. Kuten kuvasta 13 ndkyy, tutkimuksen tuloksien mukaan suurimmat
primddrienergian sdastot tulevat paivittdin adaptoituvien kromogeenisten
lasituksien kaytostd, jolloin primadrienergian sadstot ovat referenssiin verrattuna
15-19 %. Taulukon 1 jokainen lasitus kykenee pdivittdiseen adaptoitumiseen.

Kuva 14: [deaalisen adaptiivisen lasituksen eri padilmansuuntiin ja reaktioaikaan liittyva
spesifinen primdarienergiakayttd Helsingin ilmastossa (R=referenssi, V=vuosittain
optimoitu, K=kuukausittainen adaptoituminen, P=pdivittdinen adaptoituminen).
Prosenttiosuudet osoittavat energiansaastot verrattuna Referenssi-julkisivuun (mukaillen

[3D).

Jotta paivittdin adaptoituvien kromogeenisten lasitusten termo-optisten
ominaisuuksien yleisimmadt arvot ja intervallit saataisiin selville, Favoino ym.
toteuttivat etelddan suuntautuneille pdivittdin adaptoituville lasitetuille julkisivuille
taajuusanalyysin eri termo-optisille ominaisuuksille vuoden ajalta, jonka tulokset
nakyvat kuvassa 15. Taajuusanalyysiin valittiin etelddn suunnattu julkisivu sen
suurimman primddrienergian sdaston takia (kuva 14). Taajuusanalyysissa
tarkastellaan limmonlépaisykerrointa (U-arvo) valilld 0,2-5,14 W/(m?-K), siteilyn
valotehokkuutta (Ke=Tvis/g-arvo) valilld 0,00-2,41, ndkyvan valon ldpdisevyytta
(Tvis) valilla 0,01-0,84 ja auringon sateilyn kokonaislapaisykerrointa (g-arvo) valilla
0,01-0,98. Favoino ym. valitsivat tarkasteluvalit kaksinkertaisten ikkunoiden termo-
optisten ominaisuuksien pohjalta niiden suurimman vaihteluvilin takia [3].
Taajuusanalyysissa ctf tarkoittaa kumuloitunutta aikataajuutta (cumulated time
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frequency), joka voi vaihdella 0 %:sta 100 %:iin ja se osoittaa adaptiivisten
ominaisuuksien arvojen ajallisen osuuden vuoden aikana. Taajuusanalyysissa ny
tarkoittaa suorituskyvyn taajuutta (performance frequency), joka voi vaihdella 0
%:sta 100 %:iin ja se madrittdd adaptiivisten ominaisuuksien arvojen
energiansaaston verrattuna staattiseen vuosittain optimoituun ratkaisuun vuoden
aikana. [3] ctf-kuvaajien kaltevuus osoittaa analysoitavan ominaisuuden arvon
suurempaa esiintymistiheyttd, ja ny-kuvaajien piikit osoittavat sadstetyn energian
prosenttiosuuden. Katkonaiset pystyviivat edustavat analysoitavan ominaisuuden
arvoja vuosittain optimoidussa tapauksessa. [3] Kuvan 15 mukaan paivittdin
adaptoituvilla lasituksilla suurimmat energiansdastot saadaan Rooman ja Lontoon
ilmastoissa, mutta niilla on myos energiansaastopotentiaalia Helsingin ilmastossa.

Kuva 15: Taajuusanalyysi etelddn suuntautuneille ideaalisille adaptiivisten lasituksien
ominaisuuksille Helsingin, Rooman ja Lontoon ilmastoissa: (a) U-arvo, (b) Ke= Tyis / g-
arvo, (c) Tvis ja (d) g-arvo (mukaillen [3]).

Lammonlapaisykertoimen taajuusanalyysid tarkastelemalla (kuva 15a) nahdaan,
ettd Helsingin ilmastossa U-arvo on 90 % ajasta alimmassa mahdollisessa arvossaan
(0,2 W/(m?K)) ja energiansiistd on g-arvoa muuttaessa olematon. Nima viittaavat
siihen, ettd U-arvon adaptiivisella muuttumisella ei ole merkittavia hyotyja Helsingin
ilmastossa, kunhan se on vain mahdollisimman pieni. Casini esitti
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kirjallisuustutkimuksessaan ainoastaan markkinoilla olevien elektrokromisten
lasitusten ja termokromisten lasituksien U-arvot, joten niita ei ole lisatty taulukkoon
1. Markkinoilla olevista elektrokromisista lasituksista alin U-arvo on 1,10 ja
termokromisista lasituksista alin on 1,36 [23], jotka ovat liian korkeita Helsingin
ilmastoon.

Sateilyn valotehokkuuden taajuusanalyysid (kuva 15b) tarkastelemalla nahdaan,
ettd Helsingin ilmastossa suurimmat energiasdastot saadaan Ke:n ollessa noin 0,20
ja 1,00, jolloin energiansadstot ovat 5 % ja 2 % luokkaa. ctf-kuvaajaa katsomalla
havaitaan, ettd K. on valilla 0,00-0,25 yli puolet ajasta. Nama viittaavat siihen, etta
Helsingissa optimaalisen kromogeenisten lasitusten spektrinen selektiivisyys
painottuu auringon sateilyn infrapuna-alueelle. Toisaalta energiaa sddstetdan 1,7 %
Ke:n ollessa 2,41, joten optimaalisimmat arvot ovat koko tarkasteluvalilla eli 0,00-
2,41. Valotehokkuuden kannalta taulukon 1 elektrokrominen lasitus ja
suspensiohiukkaslasitus soveltuisivat parhaiten Helsingin ilmastoon, mutta niiden
Ke:n modulaatio ole lahellakdan optimaalista vaihteluvalia.

Nakyvan valon ldpdisevyyden taajuusanalyysid (kuva 15c) tarkastelemalla ndhdaan,
ettd Helsingin ilmastossa suurin energiansdadsto saadaan Tvis:n ollessa 0,10, jolloin
energiaa sdastyy noin 5,0 %. Eniten energiansaist6a saadaan Tvis:n ollessa 0,00-0,60
valilla, jossa se on noin 95 % ajasta. Tastd voidaan paatelld, ettd Helsingin ilmaston
optimaalisimmat Tvissn arvot liikkuvat 0,00-0,60 valissd. Taulukon 1 mukaan
markkinoilla  olevista = kromogeenisista  lasituksista  kaikkien  paitsi
nestekidelasituksen Tvis soveltuu kyseiselle vaihteluvalille, mutta niistd paras on
kuitenkin suspensiohiukkaslasitus matalimmalla ndkyvdn valon ldpdisevyydella
(0,005).

Auringon siteilyn kokonaisldpdisykertoimen taajuusanalyysida (kuva 15d)
tarkastelemalla ndhdadn, ettd Helsingin ilmastossa suurimmat energiansaistot
saadaan g-arvon ollessa 0,10 ja 0,84, jolloin energiansaast6 on noin 2,5 % ja 5,0 %
luokkaa. Eniten energiansddstéa saadaan g-arvon ollessa 0,00-0,40 valilla seka
ylittdessa 0,70. g-arvo on noin 60 % ajasta yli 0,70, joka viittaa siihen, ettd Helsingin
ilmastossa  optimaalinen = kromogeeninen lasitus pyrkii hyddyntdmaan
mahdollisimman paljon auringon sateilyn lampdenergiaa lammityskauden aikana.
Jos g-arvo saataisiin yli 0,84 maksimin, energiaa voitaisiin todenndkoéisesti sadstaa
enemman. Taajuusanalyysistd voidaan paatelld, ettd g-arvon optimaalisimmat arvot
Helsingin ilmastossa ovat koko tarkasteluvalilla (0,00-0,84). Energiansaaston
kannalta tarkeimmadat arvot ovat kuitenkin yli 0,70, jota yksikdin taulukon 1
kromogeeninen lasitus ei kykene saavuttamaan. Markkinoilla olevista
kromogeenisistd lasituksista elektrokromisen lasituksen ja suspensiohiukkas-
lasituksen g-arvot soveltuvat parhaiten Helsingin ilmastoon, silld ne pystyvat
moduloimaan auringon kokonaissateilya parhaiten valilla 0,00-0,40.
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Taulukon 1 ja kuvan 15 perusteella nestekidelasitus soveltuu Helsingin ilmastoon
huonoiten ja se soveltuukin tilla hetkelld ennemmin yksityisyyden lisiamiseen kuin
ympdristoon adaptoitumiseen. Elektrokromisen lasituksen termo-optinen
suorituskyky on ldhelld suspensiohiukkaslasitusta, mutta se ei kestd Helsingin
ilmaston kylmimpid lampétiloja, kuten ei myodskdan termokrominen lasitus.
Termokrominen lasitus on passiivisuutensa ansiosta energiatehokkain, mutta sen
auringon sateilyn kokonaisenergian modulaatioalue on noin puolet kapeampi
suspensiohiukkaslasitukseen ja elektrokromiseen lasitukseen verrattuna. Ndiden
perusteella voidaan todeta suspensiohiukkaslasituksen soveltuvan parhaiten
Helsingin ilmastoon sen termo-optisten ominaisuuksien, kylmyyden sietokyvyn ja
vahdisen virrankulutuksen ansiosta. Suspensiohiukkaslasituksen suorituskyvyssa
on kuitenkin vield parantamisen varaa, silld Ke:n ja g-arvon modulointialueet eivit
ole riittavan suuria. Favoinon ym. mukaan kromogeenisten lasituksien Ke:n
modulointialue voitaisiin saada suuremmaksi, jos lasitukset kykenisiviat sddtamaan
samanaikaisesti sekd nadkyvidn valon ettd infrapunan spektria [3]. Tama ei
kuitenkaan ole vield markkinoilla olevilla kromogeenisilla lasituksilla mahdollista.
Nakyvan valon ja infrapunan ldpaisevyytta voitaisiin sdddella erikseen yhdistamalla
lasitukseen kaksi kromogeenista kalvoa, joista toinen toimisi nakyvan valon alueella
ja toinen infrapunan alueella [3]. Tutkijat ovat myos kehitelleet tinalla seostetuista
indiumoksidi-nanokiteistd  (In203:Sn) ja niobiumoksidimatriisista  (NbOx)
muodostetun komposiittimateriaalin, joka kykenee selektiivisesti estimadn lahi-
infrapunasateilya ja ndkyvaa valoa jannitettd sadtamalla (kuva 16): Nanokiteet ja
NbOx-lasimatriisi ovat lapinakyvia 4,0 V:ssa. Pienentdmalld jannitettd 2,3 V:iin
nanokiteet estavat lahi-infrapunasateilya ja pienentamalla jannitetta 1,5 V:iin NbOx-
lasimatriisi estaa tdman lisdksi nakyvaa valoa [53].

Kuva 16: Indiumoksidi-nanokiteistd (In203:Sn; ITO) ja niobiumoksidimatriisista (NbOx)
muodostetun komposiittimateriaalin toimintaperiaate (mukaillen [54]).
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4 Yhteenveto

Tassda kandidaatintydssa tarkasteltiin rakennusten suorituskyvyn parantamista
adaptiivisten julkisivuratkaisujen avulla, joista tarkemman tarkastelun alle valittiin
kromogeeniset lasitukset. Taman kandidaatintyon tavoitteena oli selvittaa
adaptiivisten julkisivujen madadritelma ja ominaispiirteet sekd kromogeenisten
lasituksien soveltuvuus Helsingin ilmastoon.

Adaptiivisella julkisivulla tarkoitetaan mukautuvaa rakennuksen vaippaa, joka
muodostuu monipuolisista jarjestelmistd. Jdrjestelmat pyrkivit parantamaan
rakennuksen suorituskykyd muuttamalla ajan my6td ominaisuuksiaan, toimintojaan
tai kdyttdytymistddn, jotta ne voivat sdddelld rakennukseen padsevaa luonnonvalon
madrad, lampoa ja massavirtaa. Adaptiiviset julkisivut voidaan jakaa neljdan eri
luokkaan; aurinkoaktiivisiin julkisivuihin, dynaamisiin varjostimiin, aktiivisesti
tuulettuviin julkisivuihin sekd kromogeenisiin julkisivuihin.

Kromogeeniset lasitukset pyrkivit minimoimaan rakennuksien kokonais-
energiankulutusta sdatdmalld termo-optisia ominaisuuksiaan tummenemalla tai
kirkastumalla. Kromogeeniset lasitukset perustuvat kromogeenisiin materiaaleihin,
joiden termo-optisia ominaisuuksia voidaan sdaddelld ulkoisen arsykkeen, kuten
sahkokentdn, avulla. Kromogeenisten lasitusten tavoitteena on mukautua ulkoisiin
ympdriston muutoksiin sekd sisdisiin kuormiin, kuten ihmisten maardan,
valaistukseen ja laitteiden kaytt6on. Kromogeenisista lasituksista tarkastelun
kohteena olivat elektrokrominen lasitus, nestekidelasitus, suspensiohiukkaslasitus
ja termokrominen lasitus.

Markkinoilla olevien kromogeenisten lasitusten suorituskykyja ja Helsingin
ilmaston optimaalisia ominaisuuksia vertaillessa todettiin, ettd suspensiohiukkas-
lasitus soveltuu Helsingin ilmastoon parhaiten sen termo-optisten ominaisuuksien,
kylmyyden sietokyvyn ja vahdisen virran-kulutuksen ansiosta. Suspensio-
hiukkaslasituksen suorituskyvyssa on kuitenkin vield parantamisen varaa, varsinkin
auringon sateilyn kokonaisldapaisevyyden moduloinnissa.

Favoinon ym. julkaiseman datan perusteella ei ollut mahdollista selvittda tarkkoja
Helsingin ilmastolle optimaalisia termo-optisten ominaisuuksien arvoja, silld ne
olivat esitetty ainoastaan kuvaajissa eikd numeroina, minka takia lasitusten
soveltuvuudesta ei kyetty tekemddn tasmallisida johtopaatoksia. Lasitusten
optimaalisia termo-optisia ominaisuuksia tarkasteltiin ainoastaan Helsingin
ilmastossa, mika poikkeaa paljon muusta Suomesta. Olisi siis hyvd, jos optimaalisia
ominaisuuksia simuloitaisiin my6s muissa Suomen ilmastoissa.
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Favoinon ym. tuloksista ndhtiin, ettd mitd lyhyempi adaptoitumisvali oli, sita
enemman sadstettiin energiaa, mutta heiddn tutkimuksessaan otettiin huomioon
ainoastaan padivittdin adaptoituvat lasitukset. Voisiko energiaa sdaastad enemman, jos
lasitukset adaptoituisivat vaikka tunneittain tai jopa kerran viidessda minuutissa?
Tama olisi ainakin nykyisilla markkinoilla olevilla kromogeenisilla lasituksilla
mahdollista, joten suorituskyvyn optimointia voitaisiin tutkia lyhyemmilla
adaptoitumisvaleilla.
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Abstract

The efficient energy performance of an active double-skin facade (DSF) has raised
more attention to study and apply for developing the building control strategies and
systems. Although DSFs can be actively operated in dynamic modes with controllable
components such as shading slat angle, airflow path, and airflow rate, no autonomous
control model has been deployed to utilize their maximum potential for building
energy efficiency.

This thesis aims to apply Machine Learning (ML) to train predictive models for
developing a black-box control model that estimates the deliverable operational modes
of DSF for the desired energy performance parameters under the related environmental
conditions. An autonomous control system of DSF to be developed based on applied
ML algorithms as an advanced building control strategy is challenging to carry out
for the first time. Data acquisition (DAQ) is also to be planned for future works.

The steady-state and dynamic simulations of a specific configuration of DSF were
set up in EnergyPlus™” and used as training data processed in Python® scripts.
The simulations conducted thermal and visual performance against the possible
variations of realistic boundary conditions and operational modes of DSF. After data
analysis and identifying the ML problems, ANN, RF/ET, XGB predictive models
were to learn for visual metric, airflow mode, and thermal metric in different airflow
modes. Eventually, the black-box models were compared and selected according to
several defined criteria of reliability. The DSF controller was designed by combining
the selected models to control DSF operational modes and predict corresponding
visual and thermal metrics. Python-programmed ML software libraries used are
Scikit-learn, Keras based Tensorflow backend, and XGBoost.

In conclusion, the ML black-box models probably suffer from overfitting and
instability due to noises in the real world. The proposed solution to reduce variance is
to enlarge training data and retrain the black-box models by online transfer learning.
Otherwise, it is still highly recommended to proceed with the reinforcement learning
approach or hybrid models promising to overcome the limitations of the black-box
models.

Keywords double-skin facade, machine learning, black-box models, artificial neural
network, decision tree ensembles, XGBoost
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1 Introduction

Building envelops techniques have been remarkably advancing all the time since
the first glazing facades were adopted to replace buildings’ enclosing walls in the
late 19" century [1]. The trend of using glazing facades increases with aesthetic
purposes obviously while building envelope techniques with glazing facades of amazing
and admirable state-of-the-art architectures are incredibly developing with today
technology for energy efficiency and human comfort in this 21%¢ century. Indeed,
the demand for passive solar energy-saving techniques and natural ventilation in
buildings arose with the significance of energy consumption counted for up to forty
percent by buildings back to the 20th century [2]. Being one of the most advanced
glazing facades, the double-skin facade (DSF) has become an increasing architectural
and important building-energy-integrated element in office buildings over the last 30
years.

Among dynamic transparent building envelope technologies, DSFs have been
popularly utilized for efficient ventilation, occupant comfort, fire protection, acoustic
insulation, good lighting while reducing building energy consumption and improving
indoor air quality. The unique architecture of DSF benefits in many use cases, for
example: (1) the air cavity with the width ranging from 0.2m to more than 2m
separating the inner and external glazing facades of DSF and acting as a buffer
space for controlled ventilation and solar protection, (2) the external facade made
of heat-strengthened and/or laminated safety glass protecting against weather and
noise, (3) cold air circulated between two glazing facades of a mechanically ventilated
DSF in summer and hot air ventilated in winter to minimize the demand for extra
cooling and heating energy loads, (4) a closed DSF increasing thermal insulation for
the building to prevent the heat loss in winter season or cold climates but a ventilated
DSF reducing the heat gain and the cooling demand in summer or hot climates [3].

However, a common issue of glazing facades is concerned with the thermal problem
as passing high level of direct solar radiation entering the internal spaces, and thereby
regions in hot climate particularly are facing significant high costs for their cooling
energy consumption rate [2]. This problem can be significantly improved with efficient
solar control and shading strategies for DSF. Besides, the source and destination
of the cavity airflow should be optimized depending on many factors such as the
climate, the location, the HVAC strategy, the occupational hours of the building,
and the use case. Although DSFs can be actively operated in dynamic modes with
controllable components such as shading slat angle, airflow path, and airflow rate,
no autonomous control model has been deployed to utilize their maximum potential
for energy efficiency of the building system.

1.1 Motivations

The topic was first introduced to the author when working as a research assistant
in a part of the ongoing research project REINVENT (REsponsive, INtegrated and
VENTilated Windows) which has been funded by the Research Council of Norway.
The representatives of this research group are Prof. Francesco Goia from NTNU
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University and Prof. Heikki Thasalo from Aalto University in cooperation between
these two international academic institutes for the subject of prototyping a new
autonomous control valve of DSF. The thesis comes as another critical part of the
project that is based on the previous research outcome of M.Sc Gaurav Chaudhary’s
Master thesis “Decoupling the thermal and visual performance in glazing systems: a
novel methodology for the numerical investigation of the case of double-skin facade
systems.” - Politecnico di Torino, Italy, June 2019 [4]. Gaurav presented his research
results on how the thermal and visual performance of DSF changes with boundary
conditions and operational modes. The energy performance of an active DSF has
been analyzed and applied to develop building control strategies and systems. It is
meaningful to find a protocol of the control algorithm that applies to the autonomous
control system of DSF for optimization of overall building energy performance.
DSFs with integrated shading devices can be operated in various modes with their
controllable components such as the shading slat angles, the airflow path, and the
airflow rate in the air cavity. M.Sc Gaurav Chaudhary provided the approaches
to understand how adjustments in different control components of a DSF affect
its overall performance and how useful to control the DSF components in dynamic
modes to utilize their maximum potential for building energy efficiency. The proposed
control model can be applied to enhance the flexibility of DSF since operational
modes can be automatically adjusted against variations of boundary conditions to
maintain the required amount of thermal and visual gain.

The idea for this thesis work is to proceed with the implementation of real-time
control strategies for autonomously operational modes of DSF such as the airflow
path, the airflow rate, and the tilt angle of shading blinds according to data readings
from the embedded sensors such as solar radiation, ambient indoor and outdoor
temperature, or solar direction to DSF to gain the optimized thermal and visual
performance. The outcome would be worth being applied for improving energy
performance efficiency in building envelope systems with DSFs which are recognized
as "an integrated element of the building energy concept"” [5]. Such a control model
could be possibly designed with the support of Machine Learning (ML) algorithms
and made use for the further progression of the REINVENT research project in
the practice of modeling a new control system of DSF which serves for the research
purpose. However, it is greatly challenging and takes lots of dedicated work to design
and apply an experimental plan for acquiring a sufficient quantity of realistic historical
data for training the reliable ML models. Unfortunately, due to the severe influence
of the COVID-19 pandemic, the research group couldn’t access Torino University
Laboratory where the experimental setup of the DSF is located in Italy, in the other
words, no experiments could be carried out for the time being. Therefore, the thesis
plan eventually came to be changed to work alternatively with simulation data only
for studying the candidate ML models in preparation for the future applications and
development of the research.

Despite the foreseen limitations, this thesis keeps aiming to exploit Gaurav’s sim-
ulations and his findings for training Machine Learning (ML) models that predict the
deliverable operational modes of DSF for the desired energy performance parameters
under the known relevant environmental conditions. Although the control model was
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designed with simulation data having not counted for the thermal inertial effect of
variations in operational modes of DSF due to limitations of EneryPlus®) building
energy simulation tool as well as the time limit of the thesis, it could still serve to
understand and preparing considerable approaches for collecting and training the
historical data. Since developing an autonomous control system of a DSF with the
application of ML as a building control strategy is challenging to carry out for the
first time, a data acquisition (DAQ) plan for training ML models is also counted in
this thesis author’s efforts.

1.2 Research questions and objectives

This thesis focuses on giving the answers to the following two main research questions:

1. "How can ML be applied to design the black-box control model of an active
DSF?" The question is also related to the concerns about the sufficient size of
the training dataset to be collected.

2. "What is reliability of the learned model of the DSF controller?” This is targeted
at the final outcome that the research group would like to figure out.

In order to find the solutions, the following objectives were determined for this thesis
work:

1. Prepare and analyse correlations of the simulation datasets for training the
ML models.

2. Define ML problems through which features and models will be chosen for
training

3. Design and implement the pipeline of training the models including data
processing, model tuning, visualization and evaluation of the results.

4. Define evaluation criteria for selection and application of the learned models.
5. Design the workflow of the DSF controller using the selected models.

6. Suppose possible methodologies for future development and applications of the
designed control model.

1.3 Overview of research methodology

The thesis started with a literature review that was done by searching the electronic
documents and resources from the internet, especially the Google Scholar search tool.
Moreover, the Aalto library facilitates access to a database of selective good sources.
The main keywords used for searching the relevant journals are, for example, "double
skin facade", "Machine Learning”, "smart building”, "building energy modeling and
control solutions', and "black-boxr models". Besides, the empirical implementation of
this thesis was conducted in two main phases. In the first phase, the steady-state
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simulation data was ready at hand from Gaurav’s thesis results for preparative data
analysis and training the simplified ML models. In the later phase, the new big-size
datasets of dynamic simulations were collected with the support from the research
group using the building energy simulation software EnergyPlus® as also used
for steady-state simulations. Dynamic simulations were reproduced with realistic
boundary conditions of 4 different weather patterns in Cairo, Oslo, Rome, and Prague
that vary hourly over a year. To design the controller for the operational modes of
DSF with both steady-state and dynamic simulation data, the implementation steps
of ML model training processes are summarized as follows.

e Step 1: Data preparation including data cleaning, correlation analysis, data
visualization and data processing for training.

e Step 2: Define ML problems (regression or classification) with feature selection
and possible hypothesis suggestions.

e Step 3: Model selection composed of spot checking, tuning and evaluating the
good candidate models. The cross validation was used to compare the quality
of prediction of the different models.

e Step 4: Design the control components for DSF operational modes with the
selected models

In the practice of the project, for the purpose to make use of the trained models by
the specific embedded controller of DSF such as Raspberry Pi (RPi) in the future
experimental processes, data processing, and model training is executed in Python
programming. The specific software library Scikit-learn was used to handle ML
training tasks for medium-sized sets of simulations. The learned models are saved and
later used by the RPi controller with ease and convenience. For dynamic simulation
dataset in large size, the models were set up to be trained on multiple CPUs (central
processing units) or GPUs (graphic processing units) on Aalto high-performance
computing cluster named Triton, in which ANN models were trained with Keras -
the library supported by Tensorflow backend for Deep Learning.

1.4 Structure of thesis report

The documentation of this thesis is organized as follows. Chapter 2 describes the
research background of DSF in which an analytical review was concentrated on the
effect of variations in boundary conditions and operational modes on the thermal
and visual performance of DSF. Chapter 3 is a literature review on ML approaches
for building energy modeling and control solutions. Chapter 4 presents the research
methodology and materials for empirical implementation of this thesis including
the design requirements for DSF controller, the preparation of simulation dataset,
the data analysis for the ML problems to be solved, and the set-up for training
processes. Chapter 5 demonstrates the implementation results and analyses the
reliability of predictions as well as limitations of the application. Chapter 6 provides
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suggestions for improving the model performance, the possible applications, and the
future works of the project. Finally, conclusions on the achievements of this thesis
are summarized in Chapter 7. All the Python scripts developed for the work are
gathered in appendices.

2 Double Skin Facade

The research background of this thesis is studied primarily referring to M.Sc Gaurav
Chaudhary’s Master thesis report [4], especially to the simulation and the analysis
of DSF thermal and visual performance against variations of boundary conditions
and operational modes.

2.1 What is an active DSF?

Double-skin windows are quite popular and familiar in European buildings. Rather
than general benefits such as noise reduction or fire projection, DSFs are preferable for
supporting with heating/cooling and daylighting effectiveness that has a considerable
impact on HVAC system. The clear definitions of DSF can be found in many technical
and academic documents. The following are the favorite quotes for a good overview
of DSF as an active envelope construction:

e DSF is “a hybrid system made of an external glazed skin and the actual building
facade, which constitutes the inner skin. The two layers are separated by an
air cavity which has fixed or controllable inlets and outlets and may or may not
incorporate fized or controllable shading devices.” [6]

o “In this kind of facade, the air cavity situated between the skins is naturally
or mechanically ventilated. The air cavity ventilation strategy may vary with
the time. Devices and systems are generally integrated in order to improve the
indoor climate with active or passive techniques. Most of the time such systems
are managed in semi-automatic way via control systems.” [4]

e "Mechanically ventilated facades are usually strongly integrated with the HVAC
system of the building (where the airflow is an imposed quantity set by the
HVAC plant). In a naturally ventilated facade, the driving force for natural
ventilation is either thermal buoyancy or wind pressure, or both. Therefore, the
airflow is in this latter case not easy to control nor to predict, as it continuously
changes depending on the weather conditions." [5]

To utilize the effectiveness, DSFs can be designed as active facades that are inte-
grated with the HVAC system of the building and equipped with ventilating fans,
solar/thermal sensors, and shading devices. The air cavity of active DSFs should
be mechanically ventilated or fans-supported. The direction and the velocity of the
cavity airflow can be actively controlled by the fans. Figure 1 illustrates the possible
airflow paths in the cavity and classification of DSF. The cavity airflow can be
directed to control the amount of heat transfer between indoors and outdoors. The
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reduction in heating loads can be achieved by using heat trapped in the air cavity,
e.g. creating a barrier for heat loss (static air buffer mode) or supplying the trapped
warmer air in the cavity into the indoor space (supply air mode or internal air curtain
mode). The savings of cooling loads can be done by, for example, supplying fresh
air from outdoors on cool days (supply air mode), or extracting the heat due to
solar gain from the interior space on hot days (exhaust air mode), or cooling off
the inner skin in external air curtain mode. Besides, the cavity airflow rate can be
also adjusted to control the amount of heat gain/loss. Whereas, shading devices are
mainly used to regulate the amount of visible light transmission with adjustable tilt
angles of the shading blinds. Being placed inside the cavity, shading devices also
help with protection and heat extraction during the cooling period. The shading
devices and the cavity airflow are two components that can be theoretically controlled
individually to control the thermal and visual gain independently. [4]

Figure 1: Possible airflow paths in DSFs (adapted from [5])

2.2 Thermal and visual performance of DSF

Figure 2 illustrates the thermal and visual performance of DSF that was quantified
with thermal metric and visual metric. The thermal metric indicates the total heat
gain/loss through the DSF. The visual metric gives the luminous flux into the indoor
space through the interface of the DSF. The metrics can be normalized over the area
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of the facade, which gives a unit of thermal metric as W/m? and a unit of visual
metric as Lm/m?. [4]

Thermal Metric = CZsol,SVV + Qsol,LW + Qconv + Qair + Qvent (1)

Visual Metric = KQso1sw (2)

where,
® (so1,sw = Directly Transmitted shortwave radiation

® (Qsoizww = Re-emitted longwave radiation from heat absorbed in glass

® (Q.ony = Convective heat exchange between glass and zone air

e (). = Convective heat gain to the zone air due to the gap airflow

® (Qyent = Extra energy to compensate for heating/cooling energy spent by HVAC
e Luminous Efficacy, K = 105 Im/W

Figure 2: Heat flow schematic representation for DSF (reused from [4])

As can be seen from Equation 2, the visual metric depends only on the amount
of visible light that is a fraction of solar radiation transmitted directly into the
zone through the DSF. The sources of solar radiation include sky diffuse and direct
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incident solar radiation that changes depending on the location where the DSF has
situated as well as the climate conditions over the year. The amount of directly
transmitted visible light through the DSF can be merely controlled by adjusting the
different tilt angles of shading blinds and not affected by other control actions of the
airflow path or the airspeed in the cavity. Meanwhile, Equation 7 confirms that the
thermal metric depends on not only directly transmitted shortwave radiation but
also other processes, i.e. invisible light transmission, convection due to temperature
difference between glasses and zone air, or the gap airflow in the cavity as well
as ventilation control activities by HVAC. Therefore, to control thermal metrics,
combinations of all operational modes including different states of the blind angle,
the airflow path, and the airflow speed in the cavity take different effects together
with changes in temperature and solar radiation. For an intuitive example, when the
outdoor temperature is higher than the indoor temperature, the thermal metric can
be increased by setting the DSF in supply air mode in which the amount of heat
gain is adjusted by the required amount of the cavity airspeed controlled by fans.
The thermal metric is noted for 5 different airflow paths as follows [4].

e Static Air Buffer: There is no airflow in the closed cavity (airspeed = 0), no
air exchange between the cavity and the zone (Quent = 0, Quir = 0)

Thermal Metric = Qsol,SW + Qsol,LW + Qconv (3)

e Supply Air: Q... is spent to bring the temperature of the amount of air
entering the zone to the zone temperature, the same amount of air is then
removed by HVAC system to maintain air balance.

Thermal Metric = Qsol,SW + Qsol,LW + Qconv + Qair + Qvent (4)

e Exhaust Air: The cavity air does not interact with inside air (Qui = 0), Quent
compensates the heat transfer for bringing the temperature of the amount of
air escaping the zone to the outdoor temperature, the same amount of air is
then added by HVAC system to maintain air balance.

Thermal Metric = C2sol,SW + Qsol,LW + Qconv + Qvent (5)

e Internal Air Curtain: The cavity is ventilated by indoor air with no connec-
tion to the outdoor air (Quen: = 0)

Thermal Metric = Qsorsw + Qsol,tw + Qconv + Qair (6)

e External Air Curtain: The cavity is ventilated by outdoor air with no
connection to the indoor air (Quir = 0, Quent = 0)

Thermal Metric = Qsol,SW + Qsol,LW + QCODV (7)

Figure 3 describes how the thermal and visual performance range of DSF changes
with varying boundary conditions, i.e. temperature difference (between indoors and
outdoors) and outside incident solar radiation on the facade. The visual metric
increases with a larger amount of solar radiation. Meanwhile, the thermal performance
range decreases when the temperature difference goes down to zero.
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Figure 3: DSF performance range changes with varying boundary conditions (reused

from [4])

The different effects of the different operational modes on DSF performance are
visualized for illustration in Figure 4 with changes of the slat angle, the airflow path
in the cavity, and the airflow speed respectively. Decreasing slat angles of shading
blinds increasing both visual metric and thermal metric, except zero slat angle blocks
visual gain completely. While the airflow paths do not give an effect on the visual
metric, switching between the different airflow modes has a significant impact on the
thermal range that is flexibly changing with large amplitude in exhaust and supply
air modes but more narrow and less freedom in other modes. Airflow speed does also
not affect Visual metric but the increasing airflow speed widens the Thermal range
on both sides of zero. [4]

Figure 4: DSF performance is affected by changing a) slat angle of shading blinds,
b) cavity airflow path, ¢) cavity airflow speed (collected from [4])

2.3 Advanced control strategies for DSF

From the analytical review of DSF performance, some methodology can be proposed
for the advanced control strategies for DSF. A control scheme can be designed utilizing
the knowledge learned for DSF thermal and visual performance. At the building
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management system (BMS) level, an optimization process can be implemented for
the optimal thermal and visual gains through the DSF based on the changes in
environmental conditions that can be probably forecast. In turn, locally at the
on-board real-time control level, the operational state of the DSF can be changed
for the predicted thermal and visual metrics according to its senses to the ambient
environment at the time of command from BMS. [4]. The system optimization and
the local control process can be combined and addressed with the Model Predictive
Control (MPC) approach [9] that requires lots of efforts and great work. However,
MPC is unable to be implemented in this study due to unavailable data to proceed,
and the work will have a broader scope to achieve than this thesis was required.
Indeed, this work has concentrated on the implementation of an active controller of
the DSF (see also requirements of DSF controller design in Section 4.1).

In comparison with other control algorithms designed by simulation tools like
EnergyPlus, IDA ICE, or Matlab with a large degree of computational complexity and
time consumption, implementing an onboard real-time DSF controller would require
to use of a reduced order mathematical model of DSF energy performance so that it
feasibly saves computational time and resources considering the minimum transition
time between operational modes. The most favorable and powerful method known in
many similar cases is Artificial Neural Network (ANN). The ANN-based numerical
model can be adopted with simplicity to estimate the set of operation modes from the
selected values of thermal and visual gain at given boundary conditions. To improve
the prediction efficiency of the ANN model, a sufficiently large amount of samples (e.g.
simulations) is required to relatively cover the whole domain of boundary conditions
and operational mode combinations. Figure 5 demonstrates a possible approach
suggested to apply ANN for the DSF control model in [4]. The structure, working
principles, and more discussion in the practice of ANN are represented in Section 3.1.

However, depending on what kind of ML problems, the stochastic nature of ML
algorithms, the characteristics of features, or statistic correlation between variables of
interest, one ML algorithm may be able to perform better than the others on the same
problem in practice. Learning a black-box model as ANN does, other outperforming
ML algorithms that are known in much smart building (SB) applications are also
worth being taken into account (Chapter 3). The training data set is essential to be
able to resolve the minimum requirements of the data size and the sufficient diversity
of the feature space. A too-large dataset implies a sign of massive consumption
or waste of computing time and resources possibly resulting in impossibilities for
the qualified outcome. Therefore, there is a prior need for careful data analysis
and manual data pre-processing (Section 4.3) that helps to define the proper ML
problems and evaluate the predictive modeling methods that can be employed for
simplifying the tasks and the learning processes with the fast execution time and the
satisfactory results. The target of this thesis is better to investigate an applicable
ML approach to train the simplest models but still powerful for real-time processing.
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Step 1: From the parametric runs we have data under following headings

deltaT Solar Radiation Blinds Blinds angle Airflow speed Airflow Thermal metrics Visual metrics
[°c] [W/m2] state [degree] [m3/s] state [W/m2] [Lm/m2]

Step 2: The output data can be structured in following manner such th;
therearedinputsand4outputs P oo m oo e e e m e e e mmmm—m o m -
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Step 4: This mathematical model, J,can be used to predict 4 outputs, i.e. operation modes of DSF for any given input set.

f(de\taT. Solar radiation, Thermal gain, Visual gain) = (Blind state, Blinds angle, Airflow Speed, Airflow state)

Figure 5: Workflow for predicting controls of DSF using ANN models (sourced from

[4])

3 Applied Machine Learning for Building Energy
Control Solutions

3.1 Building energy modeling and smart control applica-
tions

Predictive models as the representation of a system or a process such as building
energy transfer have been analyzed and categorized as (1) physics-based/white-box
models (interpretation of a physical structure with computational complexity), (2)
data-driven /black-box models (no transparency of the physical relations between
inputs and outputs), and (3) hybrid/gray-box models (combining both white- and
black-box models) [8] [9]. An example of a white-box model is representing the
building as a thermal resistance-capacitance (RC) network of connected nodes [9].
White-box models require less training data but computational complexity for prac-
tical implementation [9] such as in the case of real-time DSF control application. In
contrast, black-box models are scalable numerical models using data-driven tech-
niques that "propose modeling and forecasting frameworks based on data analysis
schemes" [8], but lack of physical significance and possibly induce significant errors
when operating outside the covering range of training data [9]. Among ML algo-
rithms, ANN is commonly applied for black-box models that are developed based on
empirical behaviors of the process and statistical methods for input-output relation
without incorporation of prior physical knowledge. As a medium of white- and
black-box models, gray-box modeling incorporates the physical processes with a
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simplified system model and applies data-driven techniques to calculate the model
parameters, which results in reducing model complexity and computational cost
while still maintaining the physical significance of the parameters, and relatively well
performance outside the training dataset. [9]

Among the aforementioned building energy modeling approaches, data-driven
techniques applying recently achieved ML algorithms with simplicity and flexibility
was considered most appropriate for bringing buildings in smart environments that
rely on sensor networks collecting large quantities of energy-concerned data for
efficient building energy management solutions [8]. ML is also applied for speedup
of the parametric building energy simulations as studied in [10]. Many similar
works are using neural networks in predicting the behavior of facades in a more
reliable way than traditional methods such as Fourier theoretical model, for example,
the prediction of thermal transmittance of windows, heat transfer coefficients, and
moist porous materials [7]. In the research article "modeling the thermal behavior
of a building facade using deep learning’, a thermal model of a building facade was
successfully trained with deep learning for pretty good accuracy, using feed-forward
time-delay neural networks (TDNN) that is a high-potential method for forecasting
time series and other time-dependent problems [7]. For another example of ML
application related to building energy management, M.Sc Joel Sarasti also applied
ANN for compiling a numerical model of room thermal dynamics that approximates
the room temperature that responses to the input heating power supplied [9]. There
is a variety of smart building control applications using ML algorithms, for example,
neural networks and reinforcement learning applied to control air heating, lighting,
ventilation, and water heating in the smart home environment, or support vector
machine (SVM) algorithm used to classify daily living activities based on the data
from the different sensors in healthcare-focused smart home systems. [11].

Data-driven algorithms using ML were analyzed for the limitations of (1) relying
on large quantities of data that must be representative of the different operating
conditions of the building, and (2) only capturing specific patterns that lack generality.
The mentioned problems can be addressed through more advanced or different ML
techniques with unsupervised, reinforcement and transfer learning (1), and optimizing
input data, using time-related parameters for example instead of physical variables

(2). [8]

3.2 Machine learning approaches
3.2.1 Background

A simple and compact definition of ML is "the training of a model from data that
generalizes a decision against a performance measure' - Jason Brownlee [12]. ML
models are generally developed through a training process continuously on the input
training data until the desired level of accuracy is reached [11]. ML is usually
recalled and related in terms of "stochastic modeling" [13], "predictive modeling" [14],
"data-driven techniques" or "black-box models" [8]. Generally, ML rely heavily on
statistical algorithms [13] to apply for compiling numerical models [9]. Numerically
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modeling of building energy performance have been using data-driven techniques that
utilize ML algorithms to train black-box or gray-box models [8] [9] with advantages
and limitations as contrasted previously in Section 3.1. Noteworthily, the concepts
of white-, black- and gray-box models specified in ML may differ in use cases in
comparison to the definitions of the model types named the same but related to the
interpretability of underlying physical relations. ML models were categorized in [15]
as follows:

e White-box is "a model whose inner logic, workings and programming steps are
transparent and therefore it’s decision making process is interpretable” [15]. For
example, linear and monotonic models such as simple linear regression, decision
trees, and Bayesian Networks are easy to explain as white-box models and
more suitable for applications of e.g. medicine and finance with transparency
in predictions required.

e Black-box is "a more accurate ML model whose inner workings are not known
and are hard to interpret” [15] so that only the expected inputs and the cor-
responding outputs of this model could be seen. The example of black-box
models are Artificial Neural Networks (ANN), Support Vector Machine (SVM),
and ensemble methods such as Boosting and Random Forests that are often
non-linear and non-monotonic models that fail to allow full understanding of
their inner workings.

e Gray-box is an ensemble of black- and white-box models to exploit the
benefits of both: black-box model’s accuracy and the white-box model’s intrinsic
interpretability. The black-box model is firstly trained with a labeled dataset,
and then the most confident predictions on an unlabeled dataset are collected
to enlarge the dataset that is subsequently used for training the white-box
model.

The sub-fields of ML that have been significantly developed over the past decades are
namely Supervised learning , Unsupervised learning, Semi-supervised learning, Deep
learning and Reinforcement learning with numerous applications in smart buildings
(SB) were overall reviewed in [11]:

e Supervised learning (SL) is a traditional sub-field of ML that is extensively
used to solve different problems in smart buildings due to its ability to generalize
a learning model representation with the relations between the input, output,
and system parameters [11]. The main goal of solving an SL problem is to
learn from the labeled training dataset a mapping function from the input
variables to the target. Based on the data variable type of the output, an SL
problem can be categorized as regression for the real-valued target variable
or classification for identifying the output variable of discrete values that can
be labels or categories. [16]. SL is also selected as an application-focused
approach of this study to apply in the empirical implementation. Regressive
and categorical problems can be addressed with several common ML algorithms
(Section 3.2.2) but different loss functions and metrics to measure performance
and evaluate predictive skills (Section 3.2.3).
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e Unsupervised learning (USL) of a model is applied when the labels (known
outputs) for input data are unknown. Various USL algorithms including ones
based on SL algorithms such as k-Means are used for clustering problems to
classify the data by analyzing and grouping the input samples into clusters of
similarity. Information extraction from the data by clustering exposes hidden
correlations and allows to organize data by similarity. Other common USL
problems are dimensionality reduction such as feature extraction using principle
component analysis (PCA), and association rule learning. USL is probably a
good solution to clustering problems of unlabeled data but might not learn any
useful knowledge in the selected set of attributes. [11]

e Semi-supervised learning (SSL) is, as the name proposed, a combination
of SL and USL when input data composed of labeled and unlabeled samples.
SSL can address regression and classification problems while inheriting the
strengths and mitigating the weaknesses of both SL and USL. Common SSL
applications are, for example, label propagation using Gaussian Random Fields
and Harmonic Functions [17], heuristic approaches, semi-supervised SVM,
graph-based methods, self-training, and mixture models [11]

e Deep learning (DL) is a rapidly growing sub-field of ML that also covers
areas of SL, USL, and SSL, and well-known with commonly used algorithms
such as Artificial Neural Network (ANN), Convolutional Neural Network (CNN),
and Recurrent Neural Network (RNN) that define a DL architecture of many
hidden layers between input and output layers comprising multiple linear and
non-linear transformations. Particularly, ANN algorithms such as Multi-layer
Perceptron (MLP) or Radial Basis Function Network (RBFN) take advantages
of less statistical training required and capability to detect complex nonlinear
relationships but impose limitations of black-box nature, heavy computational
burden, susceptibility to overfitting, the challenge in training with no local
optima, complexity to interpret network workings, and exposure to data drift
Generally, DL has gained successes in diverse applications of big data analytics,
namely natural language processing, image identification, network security,
medical diagnosis, and stock market trading trend prediction. DL is also
promising to replace manual feature selection with efficient USL or SSL feature
learning, and hierarchical feature extraction algorithms. [11]

e Reinforcement learning (RL) is a learning approach that takes care of
optimization problems to control a system. A RL system so-called agent that
repeatedly observes the environment (), performs an action (a), and receives
a reward (r) aims to maximize the future reward by continuously updating a
control policy to select the actions from environmental feedback learned [17].
With no prior knowledge and a massive amount of training data, RL algorithms
suffer the drawback of the high computational cost since all states need to be
visited and checked to find the optimal solution. The well-known approaches
of RL are Q-learning, Bruteforce, Monte Carlo methods, Temporal difference
methods, and Value function. [11]
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QOwerfitting is a common problem of ML techniques that requires evaluation on training,
validation and testing data samples independently, and such constraint is often limited
by manual data pre-processing [8], reqularization [19], and ensemble techniques [18].
Overfitting is concerned with the model complexity that can be explained via the
concept of bias-variance trade-off [16]. Bias is the difference in the model prediction
and the actual value while variance is the difference in the predictions on the train
and test data. Overfitting is the scenario that happens with high variance but low
bias on the training data. To avoid overfitting, l; parameter regularization (Lasso)
and [, parameter regularization (weight decay) [19] (see examples in Section 3.2.3)
can be applied for regression handling numerical values , and pruning regularization
is applied in cases of classification with Tree-based models [18].

3.2.2 Common ML algorithms

This section represents common ML algorithms usually applied in supervised learning
and supervised deep learning (ANN) that were focused to study and apply in the
empirical implementation of this thesis.

1. Linear Regression (LR) that is either single or multi-linear regression is the
most simple and basic regression algorithm. LR fits a linear model with linear
coefficients using ordinary least squares optimization to minimize the residual
sum of squares between the labeled targets, and the predicted targets. The
other brothers in the LR family are ;; —regularized LR (LASSO), h-regularized
LR (Ridge regression), and Elastic Net Regression (EN) that is LR applied with
both /; and l-norm regularization of the coefficients. Regularization applied
to LR will help sparse coefficients become more robust to collinearity. [18].

2. Logistic Regression (LOG) that is either binary or multi-class classification
is the most simple and basic classification algorithm. Its name implies that
its underlying technique being the same as LR is to train a linear model for
classification, and the term "logistic" means logistic or log function, namely
sigmod function that is used in this method of classification. LR is also known
in the literature as logit regression, maximum-entropy classification or log-linear
classifier. [1§]

3. Linear Discriminant Analysis (LDA) is a classic classifier with a linear
decision boundary by applying Bayes’ rule to fit Gaussian density to each
class, assuming that all classes share the same covariance matrix. LDA can
be used to perform supervised dimension reduction by projecting the input
data to the most discriminative directions maximizing the class separation.
With easy-to-compute closed-form solutions, it has proven to work well with
multiclass in practice without hyperparameters tuning required. [18]

4. Classification and Regression Tree (CART) is a widely used Decision
Tree (DT) algorithm that is a non-parametric supervised learning method
used for classification and regression. DT is well-known as a fundamental ML
approach to build a model of decisions based on simple rules like if-then-else
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from the data features. DT is structured by leaves representing class labels
and branches representing conjunctions of attributes driving to those labels.
The deeper the tree, the more complex the decision rules, and the fitter the
model. Some advantages of DT are: (1) being interpretable and visualizable,
(2) requiring little data preparation, (3) inference cost being logarithmic in
the number of training samples, and (4) favorite for its speed and accuracy
with the ability to handle both numerical and categorical data or multi-output
problems. In contrast, DT imposes the following disadvantages: (1) probable
over-complexity that can be constrained by pruning mechanism, (2) instability
due to small variations in the data possibly generating a completely different
tree but possibly mitigated by applying ensemble method, (3) practical DT
algorithms based on heuristic algorithms such as the greedy algorithm making
locally optimal decisions at each node but may not returning the globally
optimal DT where ensemble method takes advantages again, (4) hard learning
for XOR, parity or multiplexer problems, (5) creating biased trees if some
classes dominate (imbalanced learning). The other DT algorithms such as ID3,
C4.5 and C5.0, Chi-squared, M5, and conditional DTs are also most commonly
used. [11] [18]

. Naive Bayes (NB) a set of supervised learning algorithms for classification
including Gaussian NB, Multinomial NB, Complement NB, Bernoulli NB, and
Categorical NB based on applying Bayes’ theorem. It assumes the conditional
independence between every pair of features given the labeled class. NB can
be used to tackle large-scale classification problems where there might not
be enough memory for the full training set. Despite apparently "naive' i.e.
over-simplified assumptions, NB algorithms are well done in many real-world
applications, famously document classification and spam filtering. [18]

. k Nearest Neighbors (kINN) is an ML algorithm for classification, clustering,
and regression by calculating the similarity of two samples in terms of the metric
distance between these samples in the feature space. The samples being close
to each other are similar and grouped. Different distance calculation methods
such as the Euclidean, absolute, and Minkowski metrics are in common use.

[10]

. Support Vector Machine (SVM) is a non-parametric regression method for
the non-linear classification, regression, and outlier detection. Support vectors
are defined as the closest points to the optimal hyperplane which separates two
classes of training data. The goal is to find a kernel function minimizing the
deviation from the outputs of training data. Alternative kernel functions are
Gaussian, radial basis function (RBF) that are used to calculate the dot product
of two vector variables or arguments in the design input space. The method
of Support Vector Classification (SVC) can be extended to solve regression
problems which are known as Support Vector Regression (SVR). [10]. Popular
applications of SVM can be found for many statistical learning problems such
as face and object recognition, text classification, and handwriting analysis.
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[11]

. Random Forest (RF) belonging to the family of Forest of Randomized Trees

is one of the most popular and powerful ML algorithms for both classification
and regression problems. RF not only applies a simple but very powerful
ensemble method called bootstrap aggregation (bagging) that combines the
predictions of multiple bagged greedy DTs and take average prediction for
improving robustness over a single DT but also adapts such a way that the
resulting predictions from all sub-trees are less correlated by preventing DTs
from being greedy but limited to search through a random sample of features
for selecting the most optimal split-point. The principle of bagging is to
build several estimators independently and then to average their predictions.
Bagging procedure is generally applied to reduce the variance in predictions of
the high-variance algorithms such as CART and thereby efficiently overcome
overfitting. [21] [18]. As a bagging method, RF classifies a new object based
on attributes each tree in the forest (ensemble) gives so that classification is
done by majority voting from the forest or regression is made by averaging
predictions from DTs. RF is extremely flexible and well-known for its ability
to accomplish high accuracy results, even without hyperparameter tuning, and
to handle large data sets with higher dimensionality. The major disadvantage
of RF is its complexity which makes it less intuitive, much harder, and much
time-consuming to be built in comparison with DT. [22]

. Extra Trees (ET) is shortly named for Extremely Randomized Trees. ET

is another efficient bagging ensemble algorithm growing a large number of
unpruned DTs from the training dataset as RF but adding extra randomness
for more robustness. In comparison with RF, ET also randomly sample the
features at each split-point but unlike RF using a greedy algorithm for an
optimal split-point, ET selects a random split-point and fits each DT not from
a bootstrap training sample but on the whole training dataset. There are three
main hyperparameters to tune for ET that are the number of trees used, the
number of features for random selection at each split-point, and the minimum
number of samples in a node to create a new split-point. The randomness in
split-point selection makes DTs in the ET ensemble less correlated and the
increasing number of trees can reduce the variance of the algorithm.[23]

AdaBoost (AB), fully Adaptive Boosting, is a popular boosting ensemble
algorithm in which base estimators are sequentially built and trained using
the weighted training data. Fach estimator attempts to reduce the bias of the
earlier combined one until perfectly fitting the entire training set or the final
estimator is reached. Any ML algorithm can also be boosted to improve the
performance with AB but weak learners prove the best to take the power of
AdaBoost, for example, small DTs have been proven to work with AB best on
binary classification problems. [24] [18]

Gradient Boosting Machine (GBM) that is also known as gradient tree
boosting or stochastic gradient boosting is a powerful boosting ensemble algorithm
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for both classification and regression using gradient boosted DTs. In addition
to the boosting method applied as in AB, each model in the ensemble of
GBM is fit using any arbitrary differentiable loss function and gradient descent
optimization algorithm. “gradient boosting” means minimizing the loss gradient
through training as in ANN. GBM is one of the main algorithms used to win
ML competitions (like Kaggle) on tabular and similar structured datasets. [25]
18

XGBoost (XGB) is short for “Extreme Gradient Boosting” that is a popular
and increasingly dominating ML algorithm based on an ensemble of gradient
boosted DTs [26]. XGB software library is designed for speed and performance
with many support features that are to "push the extreme of the computation
limits of machines to provide a scalable, portable and accurate library" [27]. XGB
optimizes implementation of the gradient boosting algorithm for applied ML
with the main benefits of high computational efficiency and often outperforming.
While the gradient descent in GBM is the first-order optimization algorithm,
XGB as a variant of GBM adds regularization to the objective [29]. Like
GMB, XGB has recently been dominating applied ML and Kaggle competitions
for structured or tabular data. [30]. Although XGB has been proven its
outperformance in many applications in practice, it still has the common
limitation of all Tree-based models being "unable to extrapolate target values
beyond the limits of the training data when making predictions " [28].

Multi-layer Preceptron (MLP) is a classic approach and most useful type
of ANN that dates back to the years of 1940s. MLP is commonly utilized to
build black-box models for regression and classification problems. MLP has
a hierarchical network structure of multiple layers of neurons including one
or more hidden layers between the input and output layers. The neurons are
only connected with the ones in the next layer on the way of computational
propagation, without interacting with the others in the same layer. Each
neuron (perceptron) is a computational unit that weights input signals coming
from other neurons and uses an activation function to produce an output
signal towards the neurons in the next layer. Two classical and widely used
nonlinear activation functions are the sigmoid (logistic) and hyperbolic tangent
activation functions with limitations of saturation and being not easy to train
on evolved GPU platforms, hence the Rectified Linear Unit (ReL.U) activation
function shows advantages over the others [31]. Among stochastic optimization
methods used in deep neural networks including Stochastic Gradient Descent
(SGD), Adam, or L-BFGS, empirical results have shown that Adam works
well in practice compared favorably to others [32]. The computational process
starts with one training example exposed to the network at a time from the
input layer to the out layer until the whole training data are computed for the
final output is called forward propagation on the network (feedforward neural
network). A reverse process called backpropagation algorithm when the error
between the network output and the expected output is calculated and then
propagated back through the network and the weights are updated to reduce
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the error. One round of updating the network for the entire training dataset
is called an epoch. The process in which the weights are updated from the
errors calculated for each training example is called online learning that is
done fast but also chaotic. Alternatively, batch learning is often more stable by
saving up the errors across all the training examples and updating the network
at the end. The amount updated to weights for a given error is controlled
by learning rate. [33] [18]. Like any other deep neural network (DNN), MLP
suffers from overfitting that can be reduced using an ensemble of DNNs with
different model configurations. However, instead of ensemble learning that
requires the additional computational expense of training and maintaining
multiple models, a single DNN model can be applied regularized by randomly
dropping out nodes during training (dropout) with remarkably computational
cheapness and effectiveness. [34]

3.2.3 Metrics

Statistical metrics used in this study for data processing and representing results
include the mean/average (Equation 8) and the standard deviation (Equation 9) of
the samples, Pearson’s correlation coefficient (Equation 10), and standardization
(Equation 12).

n

mean(y) = 1 Z Vi (8)

ni4

1 n

std(y) = J > (yi — mean)? 9)
n—1i5

Pearson’s correlation coefficient is used for computing pairwise correlation of the

variables of interest given by Equation 10. The "corr" function from Pandas is used

to calculate the correlation (see also Section 4.4.2):

cov(X,Y)

X,Y) = 1
corr(X, Y) std(X) * std(Y) (10)
where cov(X,Y) is the sample covariance:
1 n
cov(X,Y) = =) (X; — mean(X))(Y; — mean(Y)) (11)
n

i=1
The standard score from scikit-learn [18] calculates standardization of a sample as

follows:
yi — mean(y)

std(y)

Performance metrics and scoring for regression include mean square error (MSE) or
negative mean square error (NMSE), mean absolute error (MAE) and coefficient of
determination (R?). For classification, softmaz function and accuracy are used for
evaluating performance and predictive quality. The error in regressive predictions
(residual) used and named "error” coherently in this document is defined as:

Ayi) = (12)

ETTOT = Yestimate — Yactual (13>
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MSE is a metric used for evaluating regression performance as formulated in Equation
14.

n

MSE = i} Z(}Iestimatei - yactuali)2 (14)
i=1
NMSE simply negate MSE (Equation 15) and can be applied as scoring for example
in case of scikit-learn grid search of the tuned hyperparameters of the training model
with cross validation. Since unified scoring application programming interface (APT)
always maximize the score, NMSE should be used instead of MSE that needs to be
minimized for e.g. linear regression so that the scoring API works correctly. [18]

NMSE = —MSE (15)

MAE given by Equation 16 is to calculate the average absolute difference between
the predictions and the actual values.
MAE _ Z?:l | Yestimatei - yactuali ‘ (16)
n
Coefficient of determination (R?) is another metric for accessing the accuracy and
efficiency of the regression models in this study (see Equation 17) [18].

Z?:l <Yactuali - Yestimatei)2
Z?:I(Yactuali - mean(Yactual))2
For classification, the accuracy score metric is used to calculate the frequency at
which predictions match the labels as represented in Equation 18 [18].

R*=1-—

(17)

1 n
accuracy(yactuala Yestimate> - ﬁ Z 1(Yestimatei - y:actuali) (18)
i=1
For multi-class classification, for example using MLP and XGB models, softmax
function is often used to estimate the probabilities that a sample belongs to each
class [18].
exp(yi)
b, exp(y;)
Regression attempts to minimize MSE during training. For example, MLP uses
the Square Error loss function applied with 12-regularization as in Equation 20 [18].

1 «
LOSS(Yestimatea Yactual, W) = 5 ||Yestimate - Yactua1||§ + 5 ||W||§ (20)

softmaz(y)y = (19)

where § [W||3 is an L2-regularization term to penalize complex models, and a > 0 is
a non-negative hyperparameter to control the magnitude of the penalty. Otherwise,
multi-classification often uses Entropy (RF [35]) or Cross-Entropy (MLP [18], XGB
[27]) as loss function to optimize the predictions.

3.2.4 Speedup of learning

Learning can be slow or fast for different ML models depending on the nature of the
statistical algorithms used. Tuning for good hyperparameters and model parameters
is not only to improve the accuracy but also reduce the complexity of the model
that can be trained particularly with different learning rates being able to affect
the training time that however majorly depends on the size of the training dataset.
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To handle a large amount of training data, the best way to accelerate the data
processing and learning process is to use parallel computing with multiprocessing
on multiple CPU cores or GPU computing. Parallel computing requires powerful
processing units of multi-cores, especially Nvidia GPU(s) working with compatible
versions of CUDA for deep learning frameworks like Tensorflow or GPU supported
models such as XGBoost. There are available powerful computing resources such as
computing cluster or cloud computing. On the cloud or the cluster, the application is
run in parallel nodes each of which is allocated adequate CPU(s)/GPU(s), memory,
storage, and network capacity as required for the task. For example, CSC cluster *
offers researchers free access to a high-performance computing platform, or cloud
computing services widely support public or commercial use such as Amazon Web
Services (AWS) 2 or Google Cloud TPU (tensor processing units) .

4 Research methodology and materials

As the overview of research methodology and materials was represented in Section
1.3, the thesis started with reviewing related works to prepare the methods for
implementation. Google Scholar and Aalto library well facilitates the searching tools
for the research work. The main keywords used for searching the relevant journals are,
for example, "double skin facade’, "Machine Learning’, "smart building’, "building
energy modeling and control solutions”, and "black-box models”. For the empirical
implementation of this thesis, firstly the design requirements of the DSF controller
were discussed by the research group and determined as the main objective. Hence,
the specific configuration of DSF was also limited for the objective, and simulation
data was decided to use for model training. The research group support with the
materials of both steady-state and dynamic simulations using the building energy
simulation software EnergyPlus®. Data processing and model training requires
Python programming for the practice of model inference on the specific embedded
(RPi) controller of DSF. Next, data analysis was needed for ML problem statements,
followed by the work of preparation for the training environment and processes
to produce the target predictive models. The specific software library Scikit-learn
was used to handle ML training tasks for medium-sized sets of simulations. For
dynamic simulation dataset in large size, the models were set up to be trained on
multiple CPUs (central processing units) or GPUs (graphic processing units) on
Aalto high-performance computing cluster named Triton, in which ANN models were
trained with Keras - the library supported by Tensorflow backend for Deep Learning.

4.1 Design requirements

The minimum design requirements are illustrated with the concepts of the simplified
black-box control model of DSF in Figure 6. The local controller and the sensors

Thttps://research.csc.fi/csc-s-servers
2https://aws.amazon.com/
3https://cloud.google.com /tpu
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are embedded in the DSF. The local controller is the target device that employs the
ML models. It receives the input signals from the embedded sensors and the central
controller. The central controller can be a room or building level controller that
should determine the optimal thermal metric T_opt and the optimal visual metric
V_opt based on some optimization processes that can be applied with the MPC
approach (see Section 2.3) but out of this thesis scope. The embedded sensors take
the role of collecting boundary conditions, i.e. the indoor (T_in) and outdoor (T_out)
temperature as well as solar radiation (SR) and feed them to the local controller that
itself calculates the temperature difference DeltaT = T out - T_in. The local con-
troller is in turn loaded the trained models to compute the predicted values of thermal
and visual metrics T_pred, V_pred from the inputs DeltaT, SR, T opt, V_opt
and correspondingly return the outputs for operational modes of the DSF, namely
Blinds_ctrl, Airflow_ctrl, and Speed_ctrl that are subsequently translated
by some logic as the real control signals to drive the tilt angle of the built-in shading
blinds, the state of airflow path, and the fan speed that sets the airflow speed respec-
tively. The predicted values T_pred and V_pred should be the best closed values to
T_opt and V_opt in the limit that the boundary conditions DeltaT and SR do allow.
The used ML algorithms can be evaluated for some requirements/specifications in
the practice of real-time processing of the DSF controller.

Figure 6: System control block diagram

4.2 DSF configuration and simulation settings

Figure 7 demonstrates a physical mock-up of DSF that is set up for experiments in
the laboratory of Politecnico di Torino University, Italy. The DSF is instrumented
with a Raspberry Pi 4 (RPi4) microcontroller for controlling the airflow path, the
airflow rate through the fan’s speed, and the activation/position of the shading.
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There is a separate data acquisition (DAQ) system which is based on the National
Instrument (NI) SbRio plus DAC with ModBus and all controlled through a LabView
code. The RPi4 controller has the role to acquire data from the embedded sensors
and to control the state of the facade according to different implementation strategies.
The NI controller has the role to acquire all the data from around 50-60 laboratory
sensors that are not embedded on the facade for recording the physical quantities
giving the performance of the facade, for example, temperature values, heat flux
values, irradiance values, air velocity values, The thermal and visual metrics can be
calculated based on the quantities that are real data registered by the DAQ system
and therefore containing the effect of the history on the performance.

Figure 7: DSF configuration of the scale 1:1 (retrieved from [4])

To study for future applications and experiments, the ML models were trained
with the simulations in both steady-state and dynamic cases that were set up close
to the aforementioned specific configuration of DSF in experimental setup: double
layers of glazing, 200mm gap width of the air cavity, and high reflectivity of blinds.
The simulations were reproduced and collected with support from the research group.
All Python scripts and simulation processes with EnergyPlus®) building energy
simulation tool can be retrieved from Gaurav’s thesis [4]. Noteworthily, insightful
analysis on the simulation speed of EnergyPlus was discussed in [10] that each
energy simulation for a simple five-zone model takes around 150 seconds to complete
on a regular personal computer, and therefore 10° simulations for example require
approximately 1666 CPU hours.

By steady-state simulations, the boundary conditions are kept the same for an
extended period that allows an equilibrium state of dynamic systems, and only
instant effect of changes on thermal and visual gain [4]. The steady-state simulation
data contain the combined sets of the discrete values of the following variables as
the simulation input settings in EnergyPlus. These simple cases help to analyze
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the simplified correlation of the main features and get the intuition to define ML
problems at the first stage.

The temperature difference - DeltaT [°C]: -45, -40, ..., 15, 20

The incident sky diffuse solar radiation rate - SR [W/m?]: 0, 1000, ..., 9000,
10000

The blinds angle - Blinds [degree]: 0, 5, ..., 170, 175

The cavity airflow rate - Speed [m?3/s.m]: 0.0, 0.0028, 0.0056, 0.0111, 0.0222,
0.0444, 0.0889, 0.1778 that simulate the scaled values of the fan rate in real-time
control.

The airflow path that was set by the inlet-outlet direction of the cavity airflow
that is denoted as - Airflow: ’buffer mode’, ’exterior air curtain’, ’extract
mode’, 'interior air curtain’, 'supply mode’.

The dynamic simulation data contain the combined sets of the discrete values of the
controlled operational modes and the continuous values of the boundary conditions
that change hourly over a year. For diversity in boundary conditions, 4 different
weather patterns were combined in Cairo, Oslo, Prague, and Rome. The dynamic
simulations were intended to investigate more features such as different kinds of
incident solar radiation (direct or diffused) and solar position with respect to the
DSF that impacts the solar radiation and energy performance of DSF, as well as
look closer to challenges of the training data size, should be in real time.

The temperature difference - DeltaT [°C]

The incident sky diffuse solar radiation rate - SR_diffuse [W/m?|
The incident direct solar radiation rate - SR_direct [W/m?|

The azimuth angle of the sun - Azimuth [degree]

The altitude angle of the sun - Altitude [degree]

The blinds angle - Blinds [degree]: 0, 10, ..., 80, 90

The cavity airflow rate - Speed [m?3/s.m]: 0.0, 0.0028, 0.0056, 0.0111, 0.0222,
0.0444, 0.0889, 0.1778 that again simulate the scaled values of the fan rate in
real-time control.

The airflow path that was set by the inlet-outlet direction of the cavity airflow
that is denoted as Airflow: ’'Buffer mode’, ’Exterior air curtain’, 'Extract
mode’, 'Interior air curtain’, "Supply mode’.

The observed outputs in both cases are Visual metric and Thermal metric that are
coherently denoted through the documentation as Visual [Lm/m?| and Thermal
[W/m?] respectively.
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4.3 Data analysis and problem definition

In this section, the datasets are analyzed to investigate and identify ML problems
to be learned. This phase takes a critical role in simplifying the ML problems and
selecting the alternative learning models properly, which means a lot to save time and
effort for the effectiveness of our work. The following steps generalize the workflow
through this phase.

1. Data cleaning: The data set was prepared as the first step required for any
ML problem. Data cleaning was done by removing the fault data points,
duplicates and missing values in the data set. The steady-state simulation
data contain the fault values at solar radiation of 1000 that was removed for
model training in the later implementation phase. Faults and outliers could
be detected with aid of data visualization, for example, Figure 10 and other
scatter plots of steady-state data shows the fault values at solar radiation of
1000 that is inconsistent with the rest of the dataset. Meanwhile, the dynamic
data set has a size of 1.3 GB that is about 100 times larger than the size of
the steady-state data set after cleaning up. Data cleaning was redone several
times in every step of the data analyzing phase whenever there was a need to
split the data set into smaller subsets of training data. For instance, feature
extraction for modeling visual metrics possibly requires fewer features than for
the thermal metric, and therefore, duplicates could be removed after deleting
uninterested columns. Meanwhile, it is also helpful to handle the large data
size of the dynamic data set by separating subsets of different airflow modes.
After splitting the datasets into smaller subsets and applying data cleaning,
the number of cases was counted for each cleaned dataset and listed in Table 1.

Table 1: Number of cases of the cleaned datasets

Data Set Name Catesor No. of Instances No. of Attributes
gory steady-state | dynamic | steady-state | dynamic
Airflow path Classification 160,155 8,067,960 ) 8
Visual metric Regression 396 350,555 3 6
Thermal metric, .
Air Buffer Regression 5,544 350,400 5 8
Thermal metric, .
Interior Air Curtain Regression 38,808 2,102,400 6 9
Thermal metric, .
Exterior Air Crurtain Regression 38,494 1,769,520 6 9
Thermal metric, .
Exhaust Air Regression 38,808 2,102,400 6 9
Thermal metric, Regression 38,501 1,743,240 6 9
Supply Air

2. Data description and visualization: The used data sets are described with
statistical summary, Pearson correlation, and visualized for detecting how
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Visual metric and Thermal metric separately change depending on each of
boundary conditions and operational modes. Subsequently, all information
was collected and analyzed for identifying ML problems as well as evaluating
feature importance for each predictive modeling problem.

3. Evaluate features and identify ML problems: It is vital to define the
proper ML problems and evaluate features for each predictive modeling problem
since they suggest the ideas for designing the working control model of DSF.
On the other hand, the main challenge in designing the real-time control model
of DSF is to collect a sufficient amount of data for modeling with ML. Training
processes consume lots of time for doing the duty with datasets of large size.
Started with the author’s modest knowledge and experience in ML applications,
the model training sometimes took place forever but met no end. Meanwhile,
proper feature and model selection can save lots of work. This step reasons
selecting alternative ML models that simplify the ML regression or classification
problems as well as originate the ideas for designing the control workflow of
DSF and the implementation of training predictive models that are presented
in detail in Section 4.4.

4.3.1 Pearson Correlations

The metric used for feature evaluation is the Pearson correlation coefficient of each
pair of variables in the dataset that was calculated and displayed in Figure 8. Overall,
the visual metric mostly depends on the solar irradiance both directly or indirectly,
the blinds angle, and the solar altitude angle (Figure 8.b). With a steady-state
simulation dataset, the model was simplified to learn the relationship of the visual
metric with the (diffuse) solar irradiance and the blinds angle first (Figure 8.a).
Meanwhile, the cavity airflow state and speed contributes almost a zero effect on the
visual performance of DSF. In contrast, the outdoor-indoor temperature difference,
the direction, and the velocity of the airflow in the cavity dominate the thermal
performance of DSF that results from multiple effects.

The scatter plots in Figure 9 visualize the correlations and illustrates clearly the
different main factors that affect the visual metric and the thermal metric. Higher
solar irradiance and wider open blinds angle from 0 to 90 degrees increase the amount
of daylight. Meanwhile, the larger temperature difference and the higher airflow
speed widen the thermal performance range of DSF. Supply air mode or exhaust
air mode reserves a large thermal performance range that is limited in other modes,
noted that airflow modes are encoded as 0 - air buffer mode, 1 - exterior air curtain,
2 - exhaust air mode, 3 - interior air curtain, and 4 - supply air mode. Since the
thermal performance is different depending on the specific airflow mode in which DSF
operates, it is good practice to analyze in reduced size of data for the correlations of
the thermal metric vs the other factors in each single airflow mode.
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Figure 8: Pearson correlations of a) steady-state simulation dataset; b) dynamic
simulation dataset

Figure 9: Scatter matrix plot of steady-state simulation dataset

4.3.2 Steady-state simulation dataset

Considering only the visual-driven factors, the steady-state simulation dataset for
Visual metric was significantly reduced in size after data cleaning of duplicates which
confirms the visual metric is independent of other features like airflow state (see Table
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1). As can be seen from Figure 10, the visual metric reaches its peaks at the higher
rate of solar radiation. There is an abnormal behavior of the steady-state simulation
at solar radiation rate of 1000 W/m? due to a certain reason in the process of data
reproduction but out of concerns. The default values were removed and treated as
checking points for later result evaluation of the learned model.

Figure 10: DSF visual performance (steady-state simulation)

Next, the thermal performance will be observed in different modes. In static air
buffer mode (Figure 11), the airflow speed is set to zero and the thermal behavior
is highly associated with the visual performance, i.e greatly depends on the solar
radiation and the blinds angle as much as the delta temperature.

Figure 11: DSF thermal performance in buffer mode (steady-state simulation)

Similarly, due to isolation between indoor air and outdoor air as in static air
buffer mode, the thermal performance does not much difference since the airflow
speed has a less effect on thermal performance compared with solar radiation and
blinds angle in interior air curtain (Figure 12) and exterior air curtain mode (Figure
13).

On the other hand, the thermal metric behaves different in supply air mode
(Figure 15) and exhaust air mode (Figure 14). Exchanging indoor air and outdoor
air through the cavity of DSF, the thermal behavior now depends primarily on the
delta temperature and the cavity airflow speed in small association with the visual
metric due to less being affected by the solar radiation as well as the blinds angle.



37

Figure 12: DSF thermal performance, Interior air curtain (steady-state simulation)

Figure 13: DSF thermal performance, Exterior air curtain (steady-state simulation)

Figure 14: DSF thermal performance in exhaust mode (steady-state simulation)
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Figure 15: DSF thermal performance in supply mode (steady-state simulation)

4.3.3 Dynamic simulation dataset

With the large distribution of data in dynamic boundary conditions, the dynamic
simulation dataset allows observing more realistic features and complicated relation-
ships to analyze the ML problems. The trained models with the dynamic dataset
were expected to be close to the behavior of real-time data. The following analysis
will use the same approaches as done with the steady-state simulation dataset, i.e
to discover the correlations between the variables standalone with time and their
instant effects on the performance of DSF.

Figure 16: DSF visual performance (dynamic simulation)

Figure 16 exposes more relationships of the visual metric with both direct and
diffuse solar irradiance as well as the azimuth angle and the altitude angle of the sun
observed from DSF. The performance range of the Visual metric is widened with
the larger open-angle of the blinds. Whereas, the visual metric increases with raising
direct solar radiation but reversely with increasing diffuse solar irradiance that is
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distributed with small values compared with direct solar irradiance though. Another
feature on which the visual metric highly depends is the altitude of the sun with
the attention of the blocking range of negative angles, i.e. not seen from DSF at all,
and the peaks perfectly reached about 30 degrees. The visual metric range is also
blocked when the azimuth angle goes below 50 degrees or above 300 degrees and
peaks at about 180 degrees.

Figure 17: DSF thermal performance in buffer mode (dynamic simulation)

The same approach is applied to analyze the dependence of the thermal metric on
the features of interest as in steady-state cases. Figure 17 explores the performance of
thermal metric in air buffer mode set with zero airflow speed. The thermal behavior
is in a similar shape but the decoupling between the thermal driving factors is not as
clear as the visual performance. Figure 18 and Figure 19 again confirm on a larger
scale that the thermal performance is less affected by the airflow speed compared
with solar radiation and blinds angle in interior air curtain mode and exterior air
curtain mode respectively, and isolation between indoor air and outdoor air makes
similarity of these two modes and air buffer mode. In contrast, in supply air mode
(Figure 21) and exhaust air mode (Figure 20), there is exchanging indoor air and
outdoor air through the cavity of DSF. Once again the thermal behavior is expected
to follow the analysis as with steady-state simulation that it now depends primarily
on the delta temperature and the airflow speed that dominate the effects of the solar
radiation, the solar altitude, and the blinds angle.
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Figure 18: DSF thermal performance in interior air curtain mode (dynamic simula-
tion)

Figure 19: DSF thermal performance in exterior air curtain mode (dynamic simula~
tion)
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Figure 20: DSF thermal performance in exhaust mode (dynamic simulation)

Figure 21: DSF thermal performance in supply mode (dynamic simulation)

4.3.4 Definition of ML problems

With observations obtained from the dataset, supervised learning can be applied
to train black-box models. Indeed, the dataset is labeled which means we can
always assign a known output to a set of inputs. Moreover, supervised learning
as well as supervised neural networks are the most popular approach for black-box
models to map the inputs to the output. There are two types of ML problems for
supervised learning or supervised deep learning: regression and classification, which
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are determined based on the data type of the target of prediction. Each type of
ML problem imposes different learning skills and different metrics to evaluate the
learning. Based on the targets of the DSF' controller to be designed, the numerical
and categorical outputs together with their notations are listed as follows:

e Numerical outputs : Thermal metric (Thermal), Visual metric (Visual),
Blinds angle (Blinds), Airflow speed (Speed)

e Categorical output : Airflow path (Airflow)

Since Thermal metric and Visual metric are two main targets of the control problem
and based on physical characteristics as well as correlations analysed earlier, the ML
problems to be solved are defined as follows:

1. Regression for Visual metric: With Visual as the output variable, the
analysis suggests the important features that are SR (Solar radiation) and
Blinds in case of steady-state simulation dataset, or SR_diffuse (diffuse
incident solar radiation), SR_dirrect (direct incident solar radiation), Azimuth
(solar azimuth angle), Altitude (solar altitude angle), and Blinds in case of
dynamic simulation dataset.

2. Classification for Airflow path: Airflow is the categorical output and
it takes as inputs DeltaT, SR, Visual, and Thermal in case of steady-state
simulation dataset, or DeltaT, SR_diffuse, SR_dirrect, Azimuth, Altitude,
Visual, and Thermal in case of dynamic simulation dataset.

3. Regression for Thermal metric in different modes: For each of airflow
modes, Thermal is the output variable and it takes as inputs DeltaT, SR,
Blinds, Speed, and Visual in case of steady-state simulation dataset, or
DeltaT, SR_diffuse, SR_dirrect, Azimuth, Altitude, Blinds, Speed, and
Visual in case of dynamic simulation dataset.

The different categories of the datasets that are split for the corresponding ML
problems above are listed in Table 1. Recalling from Section 3.2.2, different hypothesis
suggestions can be considered to apply for either regression or classification such as
CART or ANN. The possible hypotheses were checked out and used to solve the
defined ML problems during training processes reported in Section 4.4. Thereafter,
several best-learned models were cherry-picked for predicting Visual metric, Airflow
path, and Thermal metric. The candidate models were subsequently compared and
selected according to the evaluation criteria defined in Section 5.4. The finalized
models were manipulated to design the predictors for the target operational modes
of DSF the implementation of which is represented in Section 5.5.

4.4 Predictive modeling
4.4.1 Workflow of training processes

To solve each of the defined ML problems in Section 4.3.4, the implementation steps
of ML model training processes are applied in the following order.
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Step 1: Prepare the training environment. The software environment for
training needs to be prepared with the installation of the required Python packages
and dependencies such as Scikit-learn, Keras, Tensorflow, Cuda with compatible
versions. Python programs were coded using multi-core processing and/or GPU
computing (Section 4.4.3).

Step 2: Prepare Problem. Corresponding to what kind of ML problem to be
solved at a time, this step was to load the different learning skills and evaluation
metrics from the ML packages to be used. The dataset for learning, visualization
tools, and the other relevant skills for data processing (normalization/standardization
scalers or transformers, grid search, and cross-validation tools) were also to be loaded
ready for use.

Step 3: Prepare Data. It was already started with cleaning the dataset for
the specific ML problem that was done during the data analysis phase in Section
4.3. After selecting and separating the features (inputs) and the target (output),
the data was split into a train set and a test set with a ratio of 0.33 for testing.
Subsequently, standardization was needed to apply on both the features and the
target of the training set.

Step 4: Check Algorithms. There are several options with different ML
algorithms to solve the problem of regression or classification. This step was to
run a spot check on the alternative algorithms being applied on the same training
dataset of steady-state simulations with test options and evaluation metrics set up
correspondingly and to compare for the best performance model(s) on a validation
dataset that was also split out with a validation size of 0.33 from the training dataset.
The cross-validation of 10 folds was used to evaluate the prediction quality of the
different models.

Step 5: Improve Performance. The good candidate algorithms that were
cherry-picked from Step 4 were to be improved for optimal performance by tuning
with different parameters using grid search and 5-fold cross-validation skills.

Step 6: Finalize Cherry-picked Models. The best models with corresponding
tuned parameters that result from Step 5 were applied to train the standalone models
on the whole training set. The trained models were saved in readable format for
later deployment. The quality of prediction on the test dataset with these models
was evaluated and analyzed in Section 5.4.

4.4.2 Software libraries

The following are the software libraries or packages in Python that were set up to
use in this work:

e SciPy is a Python-based ecosystem of open source libraries for mathematics,
science, and engineering, being comprised of the core modules relevant to
machine learning such as Pandas for tools and data structures to organize and
analyze data, NumPy for efficiently working with data in arrays, and Matplotlib
allowing charts and plots from data.

e Scikit-learn provides a collection of wrappers of ML algorithms for regression,
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classification, or clustering, as well as tools for related tasks such as model
evaluation, parameter tuning, and data, pre-processing. It is an open source that
is built upon the SciPy ecosystem as "scikit" implying a SciPy plug-in or toolkit,
and usable commercially under the BSD license. The ML wrappers for regression
or classification that were used less or more in this thesis work include Linear
Regressor (LR), Lasso Regressor (LASSO), Elastic Net Regressor (EN), Logistic
Regression (LOG), Linear Discriminant Analysis (LDA), Gaussian Naive Bayes
Classifier (NB), k-Nearest Neighbors Regressor/Classifier (KNN), Classification
and Rregression Trees so-called Decision Tree Regressor /Classifier (CART/DT),
Support Vector Machine Regressor/Classifier (SVM/SVR/SVC), Ada Boosting
Regressor/Classifier (AB), Gradient Boosting Regressor/Classifier (GBM),
Random Forest Regressor/Classifier (RF), Extra Trees Regressor/Classifier
(ET), and Multi-layer Perceptron Regressor/Classifier (MLP). [18]

e Keras is a powerful wrapper library that allows minimalist code snippets for
deep learning. It can run on top of Theano and TensorFlow backends - two
of the top numerical computation platforms in Python that provide the basis
for deep learning research and development. Keras is an open-source that is
released under the permission of the MIT license. In this work, Keras was set
up to use Tensorflow backend.

e Tensorflow is a Python library for fast numerical computing created and
maintained by Google, and released under the Apache 2.0 open source license.
It can run on systems of single or multiple CPU(s)/GPU(s) as well as mobile
devices and large scale distributed systems of hundreds of computers (cluster).

4.4.3 Multi-core processing and GPU computing

To train the ANN model with Keras using Tensorflow backend on a local computer, it
requires to have Nvidia GPU and install CUDA to run on it. CUDA (Compute Unified
Device Architecture) is a parallel computing platform and application programming
interface (API) model created by Nvidia. All software versions must match each
other. However, the training work was divided into multiple tasks with a significant
number of repeated runs per task during training or tuning models, which results in
lots of time consumption applying parallel computing on a single computer though.

Another solution to handle a large amount of dynamic simulation data was to
set up the training work or data processing to run on the Triton cluster. Triton
is the Aalto high-performance computing cluster. With free access for researchers,
the Triton cluster that is integrated into the Aalto environment is similar to the
larger CSC cluster (https://research.csc.fi/csc-s-servers). Being allocated a number
of enough CPUs/GPUs and memory, each run of a training/tuning task could be
performed by parallel computing within 1-2 hours on average. The system of fast
processing units including multi CPU cores and/or GPUs for parallel computing is
powerful to accelerate compute-intensive applications and help a lot to release the
pressure of the work.
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5 Results and analysis

5.1 Visual metric predictive models

It was good to get started with the small-sized dataset of steady-state simulations for
spot-checking and overall evaluation of the different learning algorithms for the same
ML problem. There was no need for multiprocessing or GPU computing in these
cases as well. Model tuning or cross-validation of 10 folds can be executed pretty
fast. The checking models were evaluated with comparable validation errors through
negative mean squared error with the application of standardization on the dataset.

For regression of Visual metric in steady-state simulation cases, the options of
learning skills borrowed from Scikit-learn for model checking are shown in Figure
22. The checking used the default settings of training parameters for each algorithm
except the MLP model that was adjusted with two hidden layers of the size (120,
60) for better comparison. The models best performed in spot-checking for Visual
metric are the models using Tree methods such as ET, RF, GBM, or DT. The three
former models are ensembles of multiple DTs that better improve the performance
in terms of both training speed and scoring. Especially, the MLP model needs to be
evaluated separately for deep learning skills that the checking result was not enough
to conclude since the neural network method requires a sufficiently large data size
to be processed for training. For a closer view, Figure 23 visualize the effectiveness
of Visual metric prediction on the standardized dataset using the ETR model that
owns the best score on checking without limit of maximum tree depth nor pruning
by default settings. It fits the data perfectly so that the predicted visual metric at
missing solar radiation of 1000 W/m? looks pretty much consistent with the rest of
the known data.

Figure 22: Spot checking of different predictive models for Visual metric

It was interesting to apply the ETR model and see how it was fitted for Visual
metric on the dynamic simulation dataset. It was also worth paying attention to the
GBM model or the MLP model. The dynamic data size is large enough for training
the MLP model but with Keras libraries instead of Scikit-learn since it was limited
to train the MLP model from Scikit-learn which offers only forward propagation
algorithm without the support of multi-core processing nor GPU computing. More
luckily, the ETR model or RFR model can utilize multi CPU cores for processing. On
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Figure 23: Visual metric prediction with ETR model (steady-state simulation)

the other hand, XGB could be used instead of the GBM algorithm from Scikit-learn.
XGB is more robust in performance, supports GPU computing, and produces the
trained models of compact size compared with other Tree Ensembles. ANN model and
XGB model proved their advantages on the model size with the growing size of the
training dataset which will be discussed in more details in Section 5.4. Consequently,
ETR, XGB, and ANN were three candidates that were selected for training and
evaluated for the prediction of Visual metric in dynamic simulation cases.

With experiments, the longer training time of the ANN model with increasing
sizes of epochs and batches reduced the loss and raised better scores. The number of
batches was chosen to be as close as to the sample size, resulting in better scores. For
quick tuning hyperparameters with k-fold cross-validation, small batch size and small
epoch size can be used but the final ANN model was trained longer with 10000 epochs
and 300000 batches. The activation 'relu’, the optimizer 'adam’, normalization used
for kernel initialization also proved well performance. The structure of hidden layers
was the noticeable hyperparameter for tuning the ANN model (Figure 24). To avoid
overfitting, regularization with an L2 value of 0.0001 and a dropout ratio of 0.5 was
applied. Besides, Figure 25 and 26 shows tuning the ETR model and the XGB model
respectively with different amounts of the maximum depth of trees and the number
of trees. The XGB model was trained on a GPU with a learning rate set at a high
ratio of 0.3. Training the ETR model was also sped up using multi CPU scores by
setting parameter n_jobs.

Figure 24: Tuning Visual metric ANN model with different sizes of two hidden layers
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Figure 25: Tuning Visual metric ETR model with different sizes and numbers of
trees

Figure 26: Tuning Visual metric XGB model with different sizes and numbers of
trees

Table 2 summarizes the key parameters that were set for training the models of
Visual metric and evaluation of predictive errors on both the train set and the test
set. The ANN model induced higher bias but nearly zero variance. It was taken
into account that the ETR model was not applied regularization by decision tree
pruning. By adjusting ccp_alpha parameter with a small value of one millionth,
lower variance can be induced but also higher bias to the error level of ANN network.
The XGB model was set with L2 regularization of 1 as default.



48

Table 2: Parameter settings of training models for Visual metric

Models ETR XGB ANN
hidden_ layers = (1000,500),
tree_method = 'gpu_ hist’, epochs - 10000,
. . ; . , batch__size = 300000,
n_jobs = 16, predictor = ’gpu_ predictor’, L.2—0.0001
criterion = 'mse’, objective = 'reg:squarederror’, dro_ o'u ¢ 7’0 5
Parameters | max_depth = 25, max_ depth = 10, P e

n__ estimators = 400,

random_state = 7

n__estimators = 300,
learning_rate = 0.3,
random_state = 7

kernel_initializer = 'normal’,
activation = ’relu’,

optimizer = ’adam’,

loss = 'mse’,

metrics = ‘mae’

Train vs Test
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5.2 Airflow path classifying models

The training processes for the Airflow path were done with similar steps as for the
Visual metric. Figure 27 shows a spot check on different models for classification
of Airflow path using steady-state simulation dataset. Once again the Tree models
dominate the other methods. The best one was the RFC model. With the same
reasons that were previously analyzed for training the predictive models of Visual
metric, XGB, and ANN together with RFC were the selected models for training
and improving the estimation of the Airflow path.

Figure 27: Spot checking of different predictive models for Airflow path using steady-
state simulations

Table 3 shows settings for training the models of Airflow path with dynamic
simulation dataset, and compare Table 3 shows settings for training the models of
Airflow path with dynamic simulation dataset and compare the predictive accuracy
on the train set and the test set. Since the whole dynamic dataset is large and
due to the time limit of the work, model tuning was restricted by constructing the
training models with similar structures as used for Visual metric models but setting
the corresponding evaluation metrics for classification problems. The results are
pretty promising. In common sense, the RF model gained the highest accuracy
average of 94.5% on the training set but also the most variance in comparison with
about 86,9% accuracy on the testing set. Otherwise, the XGB model has average
performance with train accuracy of 87,9% and less variance with a test accuracy of
85,5%. Although, being the last in the order, the ANN model won less success in
estimating the supply air mode but inducing almost no variance on the unseen data
with approximately 83.6% accuracy.
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5.3 Thermal metric predictive models

For training models of Thermal metric in each airflow mode, model checking on the
steady-state simulation dataset was run with the same regression models used for
Visual metric (Figure 28). There were more good models for selection in Buffer mode
cases. The MLP neural network of one hidden layer of 100 neurons was checked out
as the most outstanding learning skill over the others whereas Trees still keep good
performance as usual. Otherwise, normal or Lasso linear multi-regression, as well as
k-nearest neighbors, also came out significantly well-done in air buffer mode. In the
other modes, the spot-checking turned out the similar results as checking models
for Visual metric so that the ETR was the most excellent in performance, followed
by RF, DT, MLP, GBM, and KNN. Figure 29 represents how Thermal metric was
fitted on the steady-state simulation dataset with MLP model for Buffer mode and
ETR models for the other modes. The prediction gave a consistent shape of missing
samples at solar radiation of 1000 W /m?.

The dynamic or real data can be expected to treat differently so that the linear
regression algorithms may be too simple to apply. With dynamic data, ANN, ETR,
and XGB were again selected to be improved and compared performance on fitting
Thermal metric in any airflow mode. The models were tuned with a small size of
samples to show working well with the same settings as used for the models of Visual
metric. All training parameters and results are listed in Table 4 for the models
forecasting Thermal metric in 5 different modes. XGB and ANN were trained on
a GPU while ETR was done by parallel working CPUs with the same structures
of trees or neural networks as used for Visual metric predictive modeling. Tuning
the models, especially cost complexity pruning for ET consumed a lot of time, and
therefore the settings that have been found may not optimal yet and no pruning
was applied on ETR eventually. However, the results show the pretty promising
and comparable performance of the learning models. For overall ranking, the ETR
models were best in the estimation of the Thermal metric considering the lowest bias,
followed by the XGB model and the ANN model which were well regularized for
lower variance. For instance, the thermal performance in Buffer mode is estimated
differently by the three models: ETR and XGB has done with an average MAE of
Thermal metric less than 0.4 W/m? on the whole data set, noticed that the test set
weights only 33%, while ANN gives the MAE of Thermal metric of about 0.6 W /m?.
However, the difference between the train and the test MAE of the Thermal metric
estimated by ANN is negligible but most significant with ETR. Comparing also the
performance in other modes, the variance of the XGB model is quite balanced in the
medium between these two models. For ranking the three models, ETR holds the
highest average R? score, followed by XGB and ANN the lowest. Nevertheless, if
applying regularization with DT pruning on ETR, the performance would be brought
down to the level of the XGB or worse. Moreover, the large model size of ETR is a
disadvantage for designing the real-time DSF controller as discussed more general in
Section 5.4.



52

Figure 28: Model spot-checking for Thermal metric in different modes using steady-
state simulations
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Figure 29: Thermal metric prediction with different airflow modes (steady-state
simulation )
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Table 4: Parameter settings of training models for Thermal metric

Models ETR XGB ANN

hidden_layers = (1000,500),
epochs = 10000,

tree_ method = ’gpu_ hist’, batch_size = 300000,

n_jobs = 24, predictor = ’gpu_ predictor’, L2-0.0001
criterion = 'mse’, objective = 'reg:squarederror’, .
dropout = 0.5,
Parameters | max_depth = 25, max_ depth = 10, e ) ,
. . kernel initializer = 'normal’,
n_ estimators = 400, n__estimators = 300, . 1 '
. activation="relu’,
random_state = 7 learning_ rate = 0.3, ’

optimizer = ’adam’,
loss = 'mse’,
metrics="mae’

random_state = 7

Air Buffer

Interior Air

Exterior Air

Exhaust Air

Supply Air
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5.4 Model Evaluation and Selection

The training results generally showed that RF, ET, or XGB outperformed both
the regression and classification problems. However, the reliability of each learned
model is judged by analyzing the bias-variance trade-off [16] between the train errors
and the test errors. The compromise between bias (systematic error in prediction
from actual values) and variance (systematic error in prediction on the train and
test data) is a criterion to evaluate the model complexity, i.e whether the trained
model is overfitting (high variance), underfitting (high bias), or appropriate fitting.
With appropriate fitting, the model can be considered relatively reliable for use if
the errors have low bias and low variance within an acceptable limit that meets
the specific requirements in the practice of the application. Comparing the learned
models (Table 5) and selecting the final one for designing the DSF controller was
based on the compromise of the criteria defined as follows:

Table 5: Model comparisons

Bias-variance trade-off R? score or accuracy | Model size
ET/RF lower bias but higher variance highest >30 GB
XGB | average balance between bias and variance average ~20 MB
ANN lower variance but higher bias lowest ~2 MB

e Bias-variance trade-off: The level of bias-variance balance between the train
errors and the test errors. The scatter plots of the train and test errors that are
collected into Table 6 interpret comparable bias-variance compromise of XGB,
ETR, and ANN models for Visual metric, and Thermal metric in different
modes. As can be seen, the variance of regression errors is not constant likely
due to the presence of outliers or extreme leverage values that were caught by
the model but not generalized well from training to be applied on the unseen
data. It needs to take into account the confidence range of sample prediction,
e.g. +/- 50 W/m? or W/m?.

e R? score or accuracy: R? score for regression models and accuracy for
classification models are the metrics used to evaluate the predictive quality of
the trained models. In comparison, ETR modeling Visual metric or Thermal
metric gives the highest overall score or RFC for Airflow Path the highest
accuracy, followed by XGB the second and ANN the third, recalled from Table
2, Table 3, and Table 4.

e Model size: The size of the used model affects memory storage and usage,
real-time latency, and inference speed. Moreover, GPU can take full usage of
the RAM of a few GB total, which probably results in running out of memory at
runtime and the program being terminated by the operating system. Whereas,
full CPU usage quickly drains the battery or causes the overheating problems of
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the control device. Although this thesis work has not yet proceeded to deploy
a trained model on a real-time controller, it is useful to have some insight into
how fast the model will be running on the target device in the real world.

ANN model was well regularized for low variance but comparatively, high bias,
leading to lower overall R? score or accuracy which can be improved by, e.g. feeding
more training data to be exposed to the neural network. Moreover, ANN is a light
model to be deployed with small model size and fast inference speed. In contrast,
ETR/RFC holds not only the highest score/accuracy and the lowest bias but also the
highest variance. To make bias and variance more balanced for the ETR model for
Thermal metric or RFC for Airflow Path, regularization can be applied to lower the
variance but also increase the bias. Provided that regularization adds a penalty to
reduce the model complexity, the performance of ETR/RFC will be just as good as
XGB but the model size does not benefit, e.g. 33.57GB of ETR model for Thermal
metric in Exhaust air mode, or 21.68GB of RFC for Airflow path compared with
tens of MB of XGB model or a few MB of ANN model. Although, the model size
of ETR/RFC can be much reduced by using fewer estimators. For example, given
the same max_depth of 25 and allowed a little drop in the predictive score, the ETR
model for Visual metric has the size (about 7 times less than the size of the ETR
models for Thermal metric in any mode except Air buffer mode) of approximately
5,05GB, 3.78GB, 2.52GB, and 1.26GB using the number of trees of 400, 300, 200,
and 100 respectively. Finally, XGB comes out as the average performance model
as allowed with some compromise considering all criteria in terms of bias, variance,
score/accuracy, size, and speed. In fact, XGBoost algorithm takes advantages of
both the DT ensemble method and the SGD algorithm as in ANN, giving the good
reasons to explain its average performance. Therefore, the models learned with
XGBoost were the chosen ones for the purpose to design the DSF control model and
evaluate the outcomes of the design.

Nevertheless, there is no conclusion on which model is the best since each of
them has its own opportunities to be improved for better quality with hyperparam-
eter tuning and/or better regularization that was limited by the time span of this
thesis. The evaluation criteria for model selection will be applied depending on the
circumstances and the applications. More discussion about limitations and available
solutions will be presented in Chapter 6.
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Table 6: Comparison of bias-variance balance between XGB, ETR, and ANN models

Mode vs Model

ETR

XGB

ANN

Visual metric

Thermal metric,
Air Buffer

Thermal metric,
Interior Air

Thermal metric,
Exterior Air

Thermal metric,
Exhaust Air

Thermal metric,
Supply Air
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5.5 Design of DSF control model
5.5.1 Control workflow

Figure 30: The workflow of the control model of DSF

Figure 30 demonstrates the workflow of the designed DSF controller using the
learned models from solving the ML problems defined in Section 4.3.4. The control
model consists three main components that are Blinds Angle Controller, Airflow
Path Controller, and Airflow Speed Controller. The model evaluating criteria were
discussed in details in Section 5.4 for selecting which predictive models to be applied
as the components of the designed DSF controller.

¢ Blinds Angle Controller reads in the inputs for the learned model of Visual
metric which is then manipulated with some simple calculation to output the
Blinds angle (Blinds_ctrl), and return the predicted Visual metric (V_pred)

e Airflow Path Controller takes the inputs for the learned model of Airflow
path, and estimate Airflow path (Airflow_ctrl)

e Airflow Speed Controller requires the inputs for the learned model of
Thermal metric in the specified Airflow mode. Rather than the inputs of
boundary conditions and T_opt, it waits for Airflow_ctrl previously delivered
by Airflow Path Controller as well as Blinds_ctrl and V_pred from Blinds
Angle Controller as the remain inputs. The Airflow speed Speed_ctrl is then
calculated and returned together with predicted Thermal metric T_pred.

5.5.2 Implementation of Blinds Angle Controller

The XGB model for Visual metric was used to operate the Blinds Angle Controller
the workflow of which is illustrated in Figure 31. The inputs are the optimal value
of Visual metric V_opt sent from the central controller, and the measures converted
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Figure 31: The workflow of Blinds Angle Controller

from the DSF embedded sensors of both direct and diffuse solar irradiance, the
azimuth and altitude angle locating the sun’s position with respect to the DSF. The
XGB model is then loaded and ready for prediction. The Blinds angle is another
required input that is internally ranged from 0 to 90 degrees with an interval of 10
degrees that is adjustable with control. The XGB model collects all those inputs
together and does its magic to output the corresponding results of prediction for
Visual metric that is subsequently filtered for the only one with the least absolute
error to V_opt. The corresponding Blinds angle and the selected prediction of Visual
metric will be returned to the mother program as Blinds_ctrl and V_pred. By this
simple "filtering" algorithm, there is a chance for some predictive values of Visual
metric with less accuracy to be replaced with better estimates of other operational
Blinds angles.

5.5.3 Implementation of Airflow Path Controller

The simple workflow of Airflow Path Controller as seen in Figure 32 is to directly use
the XGB classifier for the predicted airflow path Airflow_ctrl, recalled with average
86% predictive accuracy. The predictor reads in the optimal values T_opt, V_opt
of Thermal metric and Visual metric that the central controller demands the DSF
controller to estimate the delivery, and the measures of the direct solar radiation
SR_direct, the diffuse solar radiation SR_diffuse, the azimuth angle Azimuth, and
the altitude angle Altitude that are sensed by the DSF embedded sensors. The XGB
model classifies and returns which Airflow path is approximated to be. Although
there is the probability of the wrong estimation of the Airflow path, the estimate
of the Thermal metric and Visual metric likely falls into the mutual area of values
shared by the different Airflow path modes. Consequently, outputting expected
T_pred is still doable by applying regression in the specific mode with Airflow Speed
Controller in a later phase of the process.
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Figure 32: The workflow of Airflow Path Controller

5.5.4 Implementation of Airflow Speed Controller

Figure 33: The workflow of Airflow Speed Controller

Figure 33 represents the working principles of the designed Airflow Speed Con-
troller with the XGB models for Thermal metric in different modes as the operators.
The predictor receives T_opt from the central controller, the earlier estimates V_pred
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and Blinds_ctrl from the Blinds Angle Controller that is assumed to deliver the
best V_pred as it did, and Airflow_ctrl from the Airflow Path Controller. The
other inputs are readings from the embedded sensors of the direct solar radiation
SR_direct, the diffuse solar radiation SR_diffuse, the azimuth angle Azimuth, and
the altitude angle Altitude. The sensors also collect the indoor and outdoor ambient
temperatures as (T_in) and (T_out)that is preprocessed for the final required input
(DeltaT = T_out - T_in). The specific model is loaded for calculation of T_pred
depending on which airflow path is estimated earlier. If the airflow path is expected as
Buffer air mode, the XGB model for Thermal metric will be activated for prediction
of Thermal metric. T_pred is returned together with a zero airflow speed to be set.
Otherwise, with the airflow path predicted other than Buffer mode, the program
loads the corresponding XGB model for Thermal metric in that specific mode and
applies the same trick with the "filtering" algorithm as done in the Blinds Angle
Controller. The airflow speed is tuned with the different values as wanted. The XGB
model predicts and returns the corresponding values of Thermal metric. The program
proceeds to pick the best one and output the target thermal metric T_pred and the
estimate of airflow speed Speed_ctrl. In practice, the airflow speed is intended to be
controlled at the scaled values between the defined minimum and maximum values
with iteration by e.g. every 10% that can be translated into the power operates the
fan speed.

5.6 Performance of the designed DSF control model with
XGBoost

Figure 34 represents the results of prediction confused with actual categories of
Airflow path, Airflow speed, and Blinds angle using the designed DSF control model.
The Blinds Angle Controller delivered the tilt angles of the blinds close to the actual
ones except returning 47% of the positive angles back to zero since the Blinds Angle
Controller was programmed to set a zero angle for closing the blinds whenever Visual
metric was estimated close to zero. To illustrate, the visual metric blocking ranges
of the azimuth angle or the altitude cause almost no visual gain regardless of blinds
angles. In addition, different blinds angles induce low thermal gain/loss of similar
values as long as the azimuth and altitude angles are within the blocking ranges.
Overall, the majority of prediction matches the actual classes. The air buffer mode
was estimated by the accuracy of 85% to which the zero airflow speed corresponds.
Otherwise, the airflow speed was adjusted depending on the predicted airflow mode
that is different from the actual mode.

Table 7 summarizes the overall regression errors in the prediction of Visual metric
and Thermal metric using the designed DSF control model. There are statistically
about 40,000 samples out of 8 million was estimated with absolute errors more than
100 W/m? for Visual metric, and approximately 4,000/8,000,000 with absolute errors
more than 50 W/m? for Thermal metric. The regression was gained with a high
R? score of more than 0.999 for both Visual metric and Thermal metric. However,
applying the prediction of Visual metric on unseen data raises the probability of
extremely large errors that are unacceptable, leading to unrealistic range out of
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Figure 34: Confusion matrix of predicting Airflow path, Airflow speed, and Blinds
angle by the designed DSF contol model

sample prediction. If the Visual metric errors are produced by the predictive (XGB)
model itself, the estimation of the Thermal metric is subject to the correlated errors
in the prediction of Airflow path, Visual metric, and Blinds angle. For example,
about 5% of the estimates as Buffer mode are actual other modes. The data of other
actual modes that were sorted as Buffer mode are unseen to the predictive (XGB)
model of Thermal metric in air buffer mode, shortly Buffer model. Therefore, the
error by Airflow path prediction was counted together with the estimate errors of
Visual metric and Blinds angle. In the worst case where about 10% of estimates as
Supply/Exhaust air mode is actual Exhaust/Supply air mode, the prediction error of
Thermal metric reaches extremes of +/- 300 W/m? as listed and visualized in Table
8.

The regression errors are diverse on the unseen data, leading to significant
instability or failure of producing reasonable predictions in the visual and thermal
metrics returned by the controller when operating out of the range covered by training
data. In addition to greatly possible overfitting, the cause for the poor performance
of the controller is probably the black-box nature of the trained models without
physical interpretation. However, ML can be improved with experience, which implies
the more data seen by the model during training, the more improvement in model
performance. As a solution, the controller can return a warning to ignore the inputs
that do not allow an available choice of Blinds angle, Airflow path, and Airflow speed
for a good prediction of the visual and thermal metrics within the confidence range
of sample prediction or an acceptable limit of errors. Since the learned ML black-box
models always deliver output in each prediction for any given values of the inputs, it
is necessary to define a limit of acceptance for prediction errors between the input
optimal values (V_opt, T_opt) and the estimated values (V_pred, T_pred). By the
limit, the controller should simply return, for example, "NULL" for V_pred, T_pred
signals, make no change to the current operational modes, and raise a warning to
inform the central controller about V_opt and/or T_opt being unreachable. In that
way, the model is also limited to the operating range of the training data. The
control model can be constantly updated during the operational stage by collecting
the ignored inputs to produce new data to retrain the model parameters. However,
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the learning models were not taught with the labeled dataset to recognize the cases
that V_opt and/or T_opt cannot be reached in the real world, and therefore extra
information would be required to promote the model thinking.

Table 7: Prediction errors of Visual metric and Thermal metric by the designed DSF
control model using XGBoost models

Visual metric Thermal metric

Estimates vs
Actual values

Errors vs
Actual values

Error histogram




64

ary Addng 1enyoy

IV ISneuxy [enjoy

Ay JIOLI9)XTH [en)dy

ATy J0LILjU] [enjdy

Iogng Iy [enjOV

ary Aiddng pejoipaidg

Iy 3sneyxyg pojorpaid

Iy JIOLID)XTH PoldIpaid

Iy JOLIDJU] PoldIpaid

Jepgng IIy pojoIpaid

[epoul [01)U0D JS(] POUSISOP O} SUISTL SOPOW JUSISYIP UL UOIPDITPId DLIIOW [RULISY ], JO SIOLID [ROIJATRUY :Q 9[(R],




65

6 Future development

From the limitations of the black-box model toward gray-box modeling, it is possible
to train hybrid or gray-box models for predicting Visual metric and Thermal metric
instead of black-box models. As reviewed in Section 3.1, being predefined with
simplified physical relations, the (physical) hybrid models can better performance
over the training data and gain more performance stability on unseen data. It is also
doable to train an ML-concerned gray-box model combining different learning models
(e.g. ANN, RF/ET, GMB/XGB) using ensemble method, or to apply online transfer
learning [36] that take advantage of "online learning” using online data stream for
the data drift and growing very large over the time as well as "transfer learning" with
model initialization in the new training or retraining process with the parameters of
the pre-trained model. Another potential and more attractive approach are to apply
RL to design a smart control model and compare for any improvement in model
performance.

Figure 35: Data collection for training real-time models

As demonstrated in Figure 35, the control model can be also applied to collect data
for training the real-time models when used as a part of the process that automatically
updates the DSF state. The operational modes of Airflow path, Airflow speed, and
Blinds angle are set by the DSF controller according to the inputs of T_opt, V_opt
and dynamic boundary conditions required by the controller. Simulation values of
the control inputs can be used to drive the controller whereas the airflow speed
can be translated and stored as fan speed instead. Correspondingly, the real data
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of Thermal metric, Visual metric, and boundary conditions read from the DAQ
controller or the DSF embedded sensors are saved to the workstation together with
the DSF state at each time step until the target is reached within a defined limit of
errors, for example, V_real = V_opt +/- 100 W/m? and T_real = T_opt +/- 50
W/m?2. The target can be constantly updated to repeat the process until enough
data are collected for training. The data collection process is however probably as
slow as the period of up to a year though. Subsequently, the collected data that is
real-time with thermal inertia and time-shift effect of the airflow modes on Thermal
metric involved can be used to train time-series models using e.g. TDNN or XGBoost
algorithm. A similar process can be also applied to RL. The learning agent is the
DSF state updater with the operational modes as actions and boundary conditions as
a learning environment. The agent can be concurrently collecting data and learning
with pre-defined rewards/penalties on each action towards the target. Like DL with
neural networks or other MLL methods, RL can improve with experience. It takes
time whereas the result is possibly expected with unforeseen success or failure unless
undertaking the model till the end of the training process.

Related to model deployment or inference (making predictions on live data), there
are available solutions of today’s hardware and edge computing for ML when inference
speed is a bottleneck on the target device. The continuous development of edge
computing takes place with the explosive growth of IoT devices along with real-time
applications of intensive computation. In Edge computing, computation and data
storage are brought to edge devices or edge nodes, which allows a large amount of
data to be processed and analyzed in real-time close to the data collection source
rather than to be uploaded directly to the cloud or a centralized data processing
system far away. Noteworthy, training or inference on the edge that can be offline has
obvious advantages when using a highly available network with fast response time
and minimal network latency, and cost savings in less data transmission bandwidth.
[37]. As an example of hardware solutions for inference on the edge, benchmarking
Tensorflow models on the new Raspberry Pi 4 (model B) using Google Coral’s
USB Accelerator packing Edge TPU (tensor processing unit) has been proved for
remarkably faster speed than other available platforms [39], in which comparison in
performance of the RPi 4 vs the older versions was also found interesting. However,
continuously using RPi 4 and auxiliary devices like Coral USB Accelerator probably
cause overheating problems over time, the solution to their thermal profiles such as
a passive heat sink or an active cooling fan will need to be taken into account as
well. When there is a need for online training/deploying large ML models, cloud
computing may be considered to take in use instead, for example, Google Cloud
TPU supports also PyTorch, scikit-learn, and XGBoost.
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7 Conclusions

This thesis develops and demonstrates a methodology to apply ML to design a
black-box model of the DSF that is flexible to control the thermal and visual aspects
separately via dynamic operational modes. However, there are many feasible ML
approaches to learn a control model for the DSF for better performance. Anyway, the
work has been relatively fulfilled with the author’s efforts and modest ML background.

A wrap-up to answer the first research question of how to apply ML to design
the black-box control model of an active DSF is: (1) to review related work applying
the most outperforming ML algorithms for black-box models such as ANN and
ensembles of DTs using bagging method (RF/ET) or gradient boosting (XGBoost),
(2) to do data analysis for proper ML problems stated to solve (regression of Visual
metric and Thermal metric, classification of Airflow path), (3) to apply standards
for model training and improving processes such as standardization, transformation,
train-validation-test data split, hyperparameter tuning, regularization, (4) to define
the criteria to evaluate and select the good performing models, (5) to combine the
selected models to design controller components working logically, and (6) to define
the accepted limit of application of the designed DSF controller. This methodology
just provides an approach lacking realistic information on real data to assess for
efficiency and reliability of the model in practical application though. Therefore,
as an answer to the second research question, the reliability of the designed DSF
control model relies on the performance of its component predictive models used.
Each predictive model performance is evaluated according to the criteria including
bias-variance trade-off, R? score for regression or accuracy of classification, and
some user-defined criteria for model inference such as model size in the real world.
These criteria are however to proceed to evaluate the model performance in the
practice of model retraining and future works for training new models with available
real-time data. To evaluate the overall performance of the designed DSF controller
with XGBoost models, the classifier of Airflow modes is most critical as adding
extra errors to other predictive models of thermal metrics. Meanwhile, the regressor
of visual metric brings almost the same accuracy for the predictor of blind angle,
regardless of the airflow mode predicted. The better performance of the predictive
models, the higher quality of the component controllers individually, and the overall
performance of the DSF controller generally. In brief, the DSF controller is as reliable
as the training dataset of the predictive models used. The black-box models are
limited to work fine in their knowledge and experience only.

In general, it is believed that ANN or any other ML black-box model will prob-
ably suffer from high variance in its inferences on new data due to significant and
unavoidable disturbances added and data drift out of the range training data covered
in real-time. Precise prediction of the DSF black-box control model for the thermal
and visual metrics will be extremely challenging even if it can output the right
operational modes but so wrong predicted the thermal and visual gains are unreliable.
The proposed solution that may not fix completely model instability in real-time
but can still improve the performance is to enlarge training data and retrain the
black-box models applying online transfer learning. Finally, it is highly recommended
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to proceed with the RL approach or hybrid models that are promising to overcome
the limitations of black-box models.

In conclusion, the methodology represented to design the DSF black-box control
model prepares an approach to plan DAQ for real data as well as enlarges the
background for other approaches to develop possibly better control models of DSF.
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A Training Visual metric XGB model

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
sklearn.preprocessing import StandardScaler
sklearn.model_selection import train_test_split
sklearn.model_selection import KFold, GridSearchCV

from
from
from
from
from
from
from
from

# fix random seed for reproducibility

seed

sklearn.pipeline import Pipeline

xgboost import XGBRegressor
sklearn.compose import TransformedTargetRegressor

sklearn.metrics

import r2_score,

pickle import dump
import time
start_time = time.time ()

=7

; np.random.seed (seed)

# Load the dataset
source = ’data/high_blinds_on_visual.csv’

data

= pd.read_csv(source,

print (’Dataset:’,data.shape)

5 # Split train & test datasets

mean_absolute_error

float_precision=’high’)

73

features = [’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’]

» label =’Visual’

X = data[features].values
y = datal[label].values
validation_size = 0.33

X_train, X_test, y_train,
test_size=validation_size,

model _fname = ’models/visual_XGB.pkl’

TUNE

=0

TRAIN = O

SAVE

=0

if TUNE:
# Standardize the dataset
scaler_X= StandardScaler ().fit(X_train)

scaledX _train = scaler_X.transform(X_train)

scaledX_test = scaler_X.transform(X_test)

scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))
scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
scaledY = scaler_Y.transform(y.reshape(-1,1))

params = {

’learning_rate’:

[0.3],

y_test = train_test_split(X, vy,
random_state=seed)



53 ’max_depth’: [10], #range (5,30,5)

54 ’n_estimators’: range (50, 450, 50)

55 #’gamma’: range(0,1,2),

56 #’alpha’: [0,0.001,0.01,0.1]7,

57 #’lambda’: [0,0.001,0.01,0.17,

58 }

59 model = xgb.XGBRegressor (tree_method=’gpu_hist’,

60 predictor=’gpu_predictor’,

61 random_state=seed)

62 kfold = KFold(n_splits=3, shuffle=True, random_state=seed)

63 grid_search = GridSearchCV(model, params,

64 scoring=’neg_mean_squared_error’,

65 n_jobs=-1, cv=kfold)

66 grid_result = grid_search.fit(scaledX_train, scaledY_train)
67 # summarize results

68 print ("Best: %f using %s" % (grid_result.best_score_,
69 grid_result.best_params_))

70 means = grid_result.cv_results_[’mean_test_score’]
71 stds = grid_result.cv_results_[’std_test_score’]
72 params = grid_result.cv_results_[’params’]

73 for mean, stdev, param in zip(means, stds, params):
74 print ("%f (%f) with: %r" % (mean, stdev, param))

76 # plot

77 DEPTH = 0 # 1, n_estimators = 100 (defaul)
78 if DEPTH:

79 param=range (5, 30, 5)

80 plt.errorbar (param, means, yerr=stds)
81 plt.title("XGB max_depth vs NMSE")

82 plt.xlabel (’max_depth’)

83 plt.ylabel (’NMSE’)

84 plt.show ()

85 TREES = 0 # 1, max_depth = 10
86 if TREES:

87 param=range (50, 450, 50)

88 plt.errorbar (param, means, yerr=stds)
89 plt.title("XGB n_estimators vs NMSE")
90 plt.xlabel(’n_estimators’)

91 plt.ylabel (’NMSE’)

92 plt.show ()

93

94 if TRAIN:

95 # prepare the model with input scaling

96 pipeline = Pipeline(steps=[(’trans’, StandardScaler()),
97 (’model’, XGBRegressor (tree_method=’gpu_hist’,

98 predictor=’gpu_predictor’,

99 learning_rate=0.3,

100 max_depth=10, n_estimators=300,

101 random_state=seed))])

103 # prepare the model with target scaling
104 model = TransformedTargetRegressor (regressor=pipeline,
105 transformer=StandardScaler ())



108

109

110

# fit model on training data
model .fit(X_train,y_train)
print (model.regressor [’model’].get_xgb_params ())

mae_train = mean_absolute_error (y_train,
model .predict (X_train))

r2_train = model.score(X_train,y_train)

mae_test = mean_absolute_error (y_test,

model .predict (X_test))
r2_test = model.score(X_test,y_test)
mae = mean_absolute_error (y, model.predict (X))
r2 = model.score(X,y)
print (’Train: ’, mae_train, r2_train)
print (’Test: ’, mae_test, r2_test)
print (’0Overall: ’, mae, r2)

if SAVE:
# save the model
dump (model, open(model_fname,’wb’))

> print ("--- Done in %s seconds ---" ¥ (time.time()

start_time))

75



76

B Training Visual metric ETR model

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler

5 from sklearn.model_selection import train_test_split

; from sklearn.model_selection import KFold, GridSearchCV
from sklearn.pipeline import Pipeline

s from sklearn.ensemble import ExtraTreesRegressor

from sklearn.compose import TransformedTargetRegressor
from sklearn.metrics import r2_score, mean_absolute_error
from pickle import dump

import time

start_time = time.time ()

; # fix random seed for reproducibility
seed = 7
; np.random.seed (seed)

# Load the dataset

source = ’data/high_blinds_on_visual.csv’

data = pd.read_csv(source, float_precision=’high’)
print (’Dataset:’,data.shape)

5 # Split train & test datasets

26 features = [’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’]
» label =’Visual’

X = data[features].values
y = datal[label].values
validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split (X, y,
test_size=validation_size, random_state=seed)

model _fname = ’models/visual_ETR.pkl’

; TUNE = 0
37 TRAIN = O

s SAVE = 0

if TUNE:
# Standardize the dataset
scaler_X= StandardScaler ().fit(X_train)

scaledX _train = scaler_X.transform(X_train)

scaledX_test = scaler_X.transform(X_test)

scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))
scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
scaledY = scaler_Y.transform(y.reshape(-1,1))

params = {

’max_depth’: [25], #range(10,45,5),



53 ’n_estimators’: range (50, 550, 50)

54 #’ccp_alpha’: [0,0.000001,0.00001,0.0001]

55 #’min_samples_split’: range(2,12,2)

56 }

57 model = ExtraTreesRegressor(n_jobs=24, random_state=seed)
58 kfold = KFold(n_splits=3, shuffle=True, random_state=seed)
59 grid_search = GridSearchCV(model, params,

60 scoring=’neg_mean_squared_error’,

61 n_jobs=-1, cv=kfold)

62 grid_result = grid_search.fit(scaledX_train,

63 scaledY_train.ravel())

64 # summarize results

65 print ("Best: %f using %s" % (grid_result.best_score_,
66 grid_result.best_params_))

67 means = grid_result.cv_results_[’mean_test_score’]

68 stds = grid_result.cv_results_[’std_test_score’]

69 params = grid_result.cv_results_[’params’]

70 for mean, stdev, param in zip(means, stds, params):
71 print ("%f (%f) with: %r" % (mean, stdev, param))

73 # plot

74 DEPTH = 0 # 1, n_estimators = 100 default

75 if DEPTH:

76 param=range (10, 45, 5)
77 plt.errorbar (param, means, yerr=stds)

78 plt.title ("ETR max_depth vs NMSE")
79 plt.xlabel (’max_depth’)

80 plt.ylabel (’NMSE’)

81 plt.show ()

82 TREES = 0 # 1, max_depth = 25
83 if TREES:

84 param=range (50, 550, 50)

85 plt.errorbar(param, means , yerr=stds)
86 plt.title("ETR n_estimators vs NMSE")
87 plt.xlabel(’n_estimators’)

88 plt.ylabel (’NMSE’)

89 plt.show ()

90

or if TRAIN:

92 # prepare the model with input scaling

93 pipeline = Pipeline(steps=[(’trans’, StandardScaler()),
94 (’model’, ExtraTreesRegressor(n_jobs=24,

95 max_depth=25, ccp_alpha=0.0000001,

96 random_state=seed))])

98 # prepare the model with target scaling
99 model = TransformedTargetRegressor (regressor=pipeline,
100 transformer=StandardScaler ())

102 model .fit(X_train,y_train)

103 print (model.regressor [’model’].get_params ())

104 mae_train = mean_absolute_error (y_train, model.predict(X_train))
105 r2_train = model.score(X_train,y_train)

106 mae_test mean_absolute_error (y_test, model.predict(X_test))



107

108

109

110

111

r2_test = model.score(X_test,y_test)

mae = mean_absolute_error (y, model.predict (X))
r2 = model.score(X,y)

print (’Train: ’, mae_train, r2_train)

print (’Test: ’, mae_test, r2_test)

print (’0Overall: °’, mae, r2)

if SAVE:
# save the model
dump (model, open(model_fname,’wb’))

print ("--- Done in %s seconds ---" % (time.time ()

start_time))

78



C Training Visual metric ANN model

I import numpy as np

2 import pandas as pd

3 import matplotlib.pyplot as plt

i from sklearn.model_selection import train_test_split,

5 from sklearn.model_selection import KFold, GridSearchCV
¢ from sklearn.preprocessing import StandardScaler

7 from keras.wrappers.scikit_learn import KerasRegressor
¢ from keras.models import Sequential

9 from keras.layers import Dense, Dropout

10 from sklearn.metrics import mean_absolute_error, r2_score
11 from keras.callbacks import ModelCheckpoint

12 from keras.utils.vis_utils import plot_model
13 from keras.models import model_from_json

14+ from keras import regularizers

15 from pickle import dump

16 import time

17 start_time = time.time ()

19 def build_model (n_inputs, n_outputs=1, 12=0.0001,

20 layers=(1000,500), init=’normal’):

21 model = Sequential ()

22 model .add (Dense (layers [0], input_dim=n_inputs,

23 kernel_regularizer=regularizers.12(12),

24 kernel _initializer=init, activation=’relu’))

25 model .add (Dropout (0.5))

26 model .add (Dense(layers [1],

27 kernel_regularizer=regularizers.12(12),

28 kernel _initializer=init, activation=’relu’))

20 model.add(Dropout (0.5))

30 model .add (Dense(n_outputs, kernel_initializer=init))
31 model.compile (loss=’mse’, optimizer=’adam’, metrics=[’mae’])
32 return model

34 def save_model (model, struct_fname):
35 # saving model

36 json_model = model.to_json ()

37 json_file = open(struct_fname, ’w’)
38 json_file.write(json_model)

39 json_file.close ()

40 print (’Saved model to disk’)

1> def load_model (struct_fname, weights_fname):

13 # loading model

14 json_file = open(struct_fname, ’r’)

45 model = model_from_json(json_file.read())

16 json_file.close ()

17 model.load_weights (weights_fname)

18 model.compile (loss=’mse’, optimizer=’adam’, metrics=[’mae’])
19 print ("Loaded model from disk")

50 return model
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# fix random seed for reproducibility
seed = 7
np.random. seed (seed)

# Load the dataset

source = ’data/high_blinds_on_visual.csv’
data = pd.read_csv(source, float_precision=’high’)

print (’Dataset:’,data.shape)

2 # Split train & test datasets

30

features = [’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’]

label =’Visual’

5 X = datal[features].values

y = data[label].values

7 validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split(X, vy,
test_size=validation_size, random_state=seed)

model _fname = ’models/visual_ETR.pkl’

TUNE = O
TRAIN = O
SAVE = 0

if TUNE:
# Standardize the dataset

scaler_X= StandardScaler ().fit(X_train)

scaledX_train = scaler_X.transform(X_train)
scaledX_test = scaler_X.transform(X_test)
scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))
scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
scaledY = scaler_Y.transform(y.reshape(-1,1))

model = KerasRegressor (build_fn=build_model, verbose=0)

# grid search epochs, batch size and

optimizer

layers = [(100,50),(200,100) ,(600,300) ,(800,400),

(1000,500) , (1200,600) , (1400,700) ,

#layers = [(1200,600)]

#12 = [0.0001, 0.001, 0.01, 0.1]

12 = [0.0001]

#epochs = [200, 400, 600, 800, 1000]
epochs = [100]

(1600,800) ]

#batches = [1000, 10000, 100000, 300000]

batches = [1000]
n_inputs = [scaledX.shape[1]]

kfold = KFold(n_splits=3, shuffle=True, random_state=seed)

param_grid = dict(n_inputs=n_inputs,
epochs=epochs, batch_size=batches
grid = GridSearchCV(estimator=model,

12=12, layers=layers,
, verbose=[1])
param_grid=param_grid,

scoring=’neg_mean_squared_error’, cv=kfold, n_jobs=-1)

grid_result = grid.fit(scaledX_train,
# summarize results

scaledY_train)



print ("Best: %f using %s" % (grid_result.best_score_,

grid_result.best_params_))

means = grid_result.cv_results_[’mean_test_score’]
stds = grid_result.cv_results_[’std_test_score’]
params = grid_result.cv_results_[’params’]

for mean, stdev, param in zip(means, stds, params):

print ("%f (%f) with: %r" % (mean, stdev, param))

# plot

LAYERS = 1

if LAYERS:
param=range (8)
plt.errorbar (param, means, yerr=stds)
plt.xticks (param,layers,fontsize=8)
plt.title ("ANN hidden layers vs NMSE")
plt.xlabel (’Hidden layers’)
plt.ylabel (’NMSE’)
plt.show ()
# plot

L2 =0

if L2:
param=range (4)
plt.errorbar (param, means, yerr=stds)
plt.xticks (param,12,fontsize=8)
plt.title("ANN 12 regularization vs NMSE")
plt.xlabel (’12’)
plt.ylabel (’NMSE’)
plt.show ()

BATCHES = 0

if BATCHES:
param=batches
plt.errorbar (param, means, yerr=stds)
plt.title ("ANN batch size vs NMSE")
plt.xlabel (’Batch size’)
plt.ylabel (’NMSE’)
plt.show ()

EPOCHS = O

if EPOCHS:
param=epochs
plt.errorbar (param, means, yerr=stds)
plt.title ("ANN epochs vs NMSE")
plt.xlabel (’epochs’)
plt.ylabel (’NMSE’)
plt.show ()

if TRAIN:

# Standardize the dataset
scaler_X= StandardScaler ().fit(X_train)

scaledX_train = scaler_X.transform(X_train)
scaledX_test = scaler_X.transform(X_test)
scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))
scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
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scaledY = scaler_Y.transform(y.reshape(-1,1))

# modelling and save training history
batch_size = 300000

epochs = 10000

n_inputs = scaledX.shape[1]

model = build_model (n_inputs)

# checkpoint
weights_fname=’models/visual.weights.best.hdf5’
checkpoint = ModelCheckpoint (weights_fname, monitor=’mae’,
verbose=0, save_weights_only=True,
save_best_only=True, mode=’min’)
callbacks_list = [checkpoint]
hist = model.fit(scaledX_train, scaledY_train,
validation_split=validation_size,
epochs=epochs, batch_size=batch_size,
callbacks=callbacks_list, verbose=1)

# print the scores

score = model.evaluate(scaledX_test, scaledY_test, verbose=0)

print (’Test score = ’,score)
R2 = r2_score(scaledY, model.predict(scaledX))
print (’0Overall r2_score = ’,R2)

if SAVE:
struct_fname = ’models/visual.struct.json’
save_model (model, struct_fname)
dump (scaler_X, open(’models/visual.scalerX.pkl’,’wb’))
dump (scaler_Y, open(’models/visual.scalerY.pkl’,’wb’))
history_fname = ’models/visual.history.pkl’
dump (hist.history, open(history_fname,’wb’))

print ("--- Done in Y%s seconds ---" Y (time.time() - start_time))
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D Training Airflow path XGB model

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

import itertool

from sklearn.preprocessing import LabelEncoder,

S

from sklearn.model_selection import train_test_split
from xgboost import XGBClassifier
import xgboost as xgb

from sklearn.metrics import accuracy_score,

from pickle import dump, load

import pickle
import time

start_time = time.time ()

print (xgb.__version__)
print (pickle.format_version)
print (xgb.Booster.load_model.__doc__)

def visualize_cm(cm, fname=’no’):

nmnn

StandardScaler

confusion _matrix

Function visualizes a confusion matrix with and without
normalization

plt.rc(’legend’, fontsize=10)
plt.rc(’axes’, labelsize=10)
plt.rc(’xtick’, labelsize=10)
plt.rc(’ytick’, labelsize=10)

fig, axes =

iml = axes[0].imshow(cm, interpolation=’nearest’, cmap=plt.cm.

Blues)

plt.subplots (1, 2,figsize=(10,5))

fig.colorbar (iml, ax=axes[0])

classes = [’buffer mode’,’exterior mode’,

’interior mode’,’supply mode’]

tick_marks

np.arange (len(classes))

axes [0] .set_xticks(tick_marks)

axes [0] .set_xticklabels(classes ,rotation=45)
axes [0] . set_yticks (tick_marks)

axes [0] . set_yticklabels (classes)

thresh = cm.max() / 2.

for i, j in itertools.product(range (cm.shape[0]),

shape [1])):

axes [0] . text(j, i, format(ecm[i, jl, ’d’),

horizontalalignment="center",
verticalalignment="center",
color="white" if cm[i, j] > thresh else

axes [0] . set_xlabel (’predicted label $\hat{y}$’)
axes [0] . set_ylabel (’true label $y$’)

’extract mode’,

range (cm.

"black")
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axes [0] .set_title(’Without normalization’)

cm = cm.astype(’float’) / cm.sum(axis=1)[:, np.newaxis]
im2 = axes[1].imshow(cm, interpolation=’nearest’, cmap=plt.cm.
Blues)

fig.colorbar (im2, ax=axes[1])

axes[1].set_xticks(tick_marks)

axes [1].set_xticklabels(classes ,rotation=45)
axes [1] .set_yticks (tick_marks)

axes [1] .set_yticklabels (classes)

thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[0]), range(cm.
shape [1])):
axes [1].text(j, i, format(ecm[i, jl, ’>.2f’),
horizontalalignment="center",
verticalalignment="center",
color="white" if cm[i, j] > thresh else "black")

axes [1] .set_xlabel (’predicted label $\hat{yl}$’)
axes [1] . set_ylabel (’true label $y$’)
axes[1].set_title(’Normalized’)

axes [0] .set_ylim(-0.5,4.5)
axes [1] .set_ylim(-0.5,4.5)

plt.tight_layout ()
if not fname == ’no’:

plt.savefig(fname)
plt.show ()
percents = np.array ([])
for i in range(5):

percents = np.append(percents ,round(cm[i][i]*100,1))

return percents

# fix random seed for reproducibility
seed = 7

; np.random.seed (seed)

# Load the dataset

source = ’data/high_blinds_on_thermal.csv’

data = pd.read_csv(source, float_precision=’high’)
print (’Dataset:’,data.shape)

> features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,

>SR_direct’, ’Visual’, ’Thermal’]
label = ’Airflow_path’
X = data[features].values
y = datal[label].values

# Split train & test datasets

validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split (X, vy,
test_size=validation_size, random_state=seed)
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TRAIN = O
SAVE = 0
if TRAIN:

# encode class values as integers
encoder = LabelEncoder ().fit(y_train)

encodedY = encoder.transform(y)
encodedY_train = encoder.transform(y_train)
encodedY_test = encoder.transform(y_test)

# Standardize the dataset
scaler = StandardScaler () .fit(X_train)

scaledX_train = scaler.transform(X_train)
scaledX_test = scaler.transform(X_test)
scaledX = scaler.transform(X)

# fit model on training data

model = XGBClassifier (tree_method=’gpu_hist’,
predictor=’gpu_predictor’,
learning_rate=0.3,
max_depth=10,
n_estimators=300,
objective=’multi:softprob’,
random_state=seed)

model .fit(scaledX_train, encodedY_train)

print (model)

# save the model

if SAVE:
#dump (model , open( ’airflow/airflow_XGB.pkl’
model .save_model (’airflow/airflow_XGB.model’)
# save the scaler
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‘wb’ )

dump (scaler, open( ’airflow/airflow_scaler_ XGB.pkl’ , ’wb’ ))

# save the encoder

dump (encoder, open( ’airflow/airflow_encoder_XGB.pkl’ , ’wb’ ))

print ("--- Done in %s seconds ---" % (time.time ()

- start_time))



E Training Airflow path RF model

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler, LabelEncoder
from sklearn.model_selection import train_test_split

#from cuml import RandomForestClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.pipeline import Pipeline

from sklearn.metrics import accuracy_score, precision_score,

confusion_matrix
import itertools
from pickle import dump, load
import time
start_time = time.time ()

def visualize_cm(cm, fname=’no’):
mnn
Function visualizes a confusion matrix with
normalization
nmmnn
plt.rc(’legend’, fontsize=10)
plt.rc(’axes’, labelsize=10)
plt.rc(’xtick’, labelsize=10)
plt.rc(’ytick’, labelsize=10)

and without

fig, axes = plt.subplots(l, 2,figsize=(10,5))

iml = axes[0].imshow(cm, interpolation=’nearest’, cmap=plt.cm.
Blues)

fig.colorbar (iml, ax=axes[0])

classes = [’buffer mode’,’exterior mode’,’extract mode’,

’interior mode’,’supply mode’]
tick_marks = np.arange(len(classes))
axes [0] .set_xticks(tick_marks)
axes [0] .set_xticklabels (classes ,rotation=45)
axes [0] .set_yticks (tick_marks)
axes [0] . set_yticklabels (classes)

thresh = cm.max() / 2.

for i, j in itertools.product(range(cm.shape[0]), range(cm.

shape [1])):
axes [0].text(j, i, format(cm[i, jl, ’d’)
horizontalalignment="center",
verticalalignment="center",

>

color="white" if cm[i, j] > thresh else "black")

axes [0] . set_xlabel (’predicted label $\hat{yl}$’)

axes [0] .set_ylabel (’true label $y$’)
axes [0] .set_title(’Without normalization?’)

cm = cm.astype(’float’) / cm.sum(axis=1) [:,

np.newaxis]
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im2 = axes[1].imshow(cm, interpolation=’nearest’, cmap=plt.cm.

Blues)
fig.colorbar (im2, ax=axes[1])

axes [1].set_xticks(tick_marks)
axes[1].set_xticklabels(classes,rotation=45)
axes [1] . set_yticks (tick_marks)

axes [1] .set_yticklabels (classes)

thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[0]), range(cm.
shape [1])):
axes [1] . text(j, i, format(cm[i, jl, ’.2f’),
horizontalalignment="center",
verticalalignment="center",
color="white" if cm[i, j] > thresh else "black")

axes [1] . set_xlabel (’predicted label $\hat{y}$’)
axes [1] .set_ylabel (’true label $y$’)
axes [1].set_title(’Normalized’)

axes [0] .set_ylim(-0.5,4.5)
axes [1] .set_ylim(-0.5,4.5)

plt.tight_layout ()
if not fname == ’no’:

plt.savefig(fname)
plt.show ()
percents = np.array ([])
for i in range(5):

percents = np.append(percents,round(cm[i][i]*100,1))

return percents

# fix random seed for reproducibility
seed = 7

np.random. seed (seed)

# Load the dataset

5 source = ’data/high_blinds_on_thermal.csv’
; data = pd.read_csv(source, float_precision=’high’)

print (’Dataset:’,data.shape)

, features = [’DeltaT’, ’Azimuth’, ’Altitude’, SR _diffuse’,

>SR_direct’, ’Visual’, ’Thermal’]
label = ’Airflow_path’
X = data[features].values

>y = data[label].values

# Split train & test datasets

validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split(X, y,
test_size=validation_size, random_state=seed)

TRAIN = 0
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101 SAVE = 0
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if TRAIN:

# encode class values as integers
encoder = LabelEncoder () .fit(y_train)

encodedY = encoder.transform(y)
encodedY_train = encoder.transform(y_train)
encodedY_test = encoder.transform(y_test)

# Standardize the dataset
scaler = StandardScaler () .fit(X_train)

scaledX_train = scaler.transform(X_train)
scaledX_test = scaler.transform(X_test)
scaledX = scaler.transform(X)

# modelling with CPUs

model = RandomForestClassifier(criterion=’entropy’,
max_depth=25, ccp_alpha=0.0001, n_jobs=16)

model .fit(scaledX_train, encodedY_train.ravel())

print (model.get_params ())

if SAVE:
# save the model
dump (model, open(’models/airflow_RFC.pkl’, ’wb’))
# save the scaler

38

dump (scaler, open(’models/airflow_scaler_ RFC.pkl’, ’wb’))
# save the encoder
dump (encoder, open(’models/airflow_encoder_ RFC.pkl’, ’wb’))

print ("--- Done in %s seconds ---" Y (time.time() - start_time))
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s def

Training Airflow path ANN model

rt numpy as np

rt pandas as pd

rt matplotlib.pyplot as plt
sklearn.model_selection import train_test_split

sklearn.preprocessing import LabelEncoder , StandardScaler

keras.utils import np_utils

keras .models import Sequential
keras.layers import Dense, Dropout
keras import regularizers
keras.callbacks import ModelCheckpoint

sklearn.metrics import accuracy_score, confusion_matrix

rt itertools
keras .models import model_from_json
pickle import dump, load

rt time

t_time = time.time ()

visualize_cm(cm, fname=’no’):
nmnn

Function visualizes a confusion matrix with and without
normalization

plt.rc(’legend’, fontsize=10)
plt.rc(’axes’, labelsize=10)
plt.rc(’xtick’, labelsize=10)
plt.rc(’ytick’, labelsize=10)

fig, axes = plt.subplots(l, 2,figsize=(10,5))

iml = axes[0].imshow(cm, interpolation=’nearest’, cmap=plt.cm.

Blues)

fig.colorbar (iml, ax=axes[0])

classes = [’buffer mode’,’exterior mode’,’extract mode’,

’interior mode’,’supply mode’]
tick_marks = np.arange(len(classes))
axes [0] .set_xticks(tick_marks)
axes [0] .set_xticklabels (classes ,rotation=45)
axes [0] . set_yticks (tick_marks)
axes [0] .set_yticklabels(classes)

thresh = cm.max() / 2.

for i, j in itertools.product(range(cm.shape[0]), range(cm.
shape [1])):

axes [0] .text (j, i, format(cm[i, jI, ’d’),
horizontalalignment="center",
verticalalignment="center",
color="white" if cm[i, j] > thresh else

axes [0] .set_xlabel (’predicted label $\hat{y}$’)
axes [0] . set_ylabel (’true label $y$’)
axes [0] .set_title(’Without normalization’)

"black")
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cm = cm.astype(’float’) / cm.sum(axis=1)[:, np.newaxis]
im2 = axes[1].imshow(cm, interpolation=’nearest’, cmap=plt.cm.
Blues)

fig.colorbar (im2, ax=axes[1])

axes[1].set_xticks(tick_marks)
axes[1].set_xticklabels(classes,rotation=45)
axes [1] .set_yticks (tick_marks)

axes [1] .set_yticklabels (classes)

thresh = cm.max() / 2.

for i, j in itertools.product(range(cm.shape[0]), range(cm.

shape [1])):
axes [1].text(j, i, format(ecm[i, jl, ’>.2f’),
horizontalalignment="center",
verticalalignment="center",
color="white" if cm[i, j] > thresh else

axes [1] .set_xlabel (’predicted label $\hat{y}$’)
axes [1] .set_ylabel (’true label $y$’)
axes[1] .set_title(’Normalized’)

axes [0] .set_ylim(-0.5,4.5)
axes [1] .set_ylim(-0.5,4.5)

plt.tight_layout ()

if not fmame == ’no’:
plt.savefig(fname)

plt.show ()

percents = np.array ([])

for i in range(5):

"black")

percents = np.append(percents ,round(cm[i][i]*100,1))

return percents

; def build_model (n_inputs,n_outputs=1):

init = ’normal’
model = Sequential ()

model.add (Dense (1000, kernel_regularizer=regularizers.12(0.0001),

input_dim=n_inputs, kernel_initializer=init,
’relu’))
model .add (Dropout (0.5))

activation=

model .add (Dense (500, kernel_regularizer=regularizers.12(0.0001),

kernel_initializer=init, activation=’relu’))
model .add (Dropout (0.5))
model .add (Dense(n_outputs, activation=’softmax’))
model.compile (loss=’categorical_crossentropy’,
optimizer=’adam’, metrics=[’acc’])
return model

def save_model (model, struct_fname):
# saving model
json_model = model.to_json ()
json_file = open(struct_fname, ’w’)



101 json_file.write(json_model)

102 json_file.close ()

103 print (’Saved model to disk’)

104

105 def load_model (struct_fname, weights_fname):
106 # loading model

107 json_file = open(struct_fname, ’r’)

108 model = model_from_json(json_file.read())
109 json_file.close ()

110 model.load_weights (weights_fname)

111 model.compile (loss=’categorical_crossentropy’
112 optimizer=’adam’, metrics=[’acc’])

113 print ("Loaded model from disk")

114 return model

-

116 # fix random seed for reproducibility
117 seed = 7
115 np.random. seed (seed)

120 # Load the dataset

121 source = ’data/high_blinds_on_thermal.csv’

122 data = pd.read_csv(source, float_precision=’high’)
123 print (’Dataset:’,data.shape)

125 TRAIN = 0

126 SAVE = 0

127 if TRAIN:

128 # Split train & test datasets

129 features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,

130 ’>SR_direct’, ’Visual’, ’Thermal’]
131 label = ’Airflow_path’

132 X = data[features].values

133y = datal[label].values

134 # encode class values as integers

135 encoder = LabelEncoder () .fit(y)

136 encodedY = encoder.transform(y)

137 # convert integers to dummy variables (i.e. one hot encoded)
138 dummy_y = np_utils.to_categorical (encodedY)

139

140 # Split train & test datasets

141 validation_size = 0.33

142 X_train, X_test, y_train, y_test = train_test_split (X, dummy_y,
143 test_size=validation_size, random_state=seed)

145 # Standardize the dataset

146 scaler = StandardScaler ().fit(X_train)

147 scaledX_train = scaler.transform(X_train)
148 scaledX_test = scaler.transform(X_test)
149 scaledX = scaler.transform(X)

150

151 # modelling and save training history

152 n_inputs = scaledX_train.shape[1]

153 n_outputs = y_train.shape[1]
154 model = build_model (n_inputs,n_outputs)
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# checkpoint
weights_fname=’models/airflow.weights.best.hdf5’
checkpoint = ModelCheckpoint (weights_fname, monitor=’acc’,
verbose=0, save_best_only=True, mode=’max’)
callbacks_list = [checkpoint]
history = model.fit(scaledX_train, y_train,
validation_split=validation_size,
epochs=1000, batch_size=500000,
callbacks=callbacks_list, verbose=1)

# print the scores

scores = model.evaluate(scaledX_test, y_test, verbose=0)

print (’Test score: ’, model.metrics_names[1], scores[1])

if SAVE:
# save model
dump (history.history, open(’models/airflow.history.pkl’,’wb’))
dump (scaler, open(’models/airflow.scaler.pkl’,’wb’))
dump (encoder, open(’models/airflow.encoder.pkl’,’wb’))
save_model (model, ’models/airflow.struct. json’)

print ("--- Done in %s seconds ---" % (time.time() - start_time))
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G Training Thermal metric XGB models

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split
from sklearn.model_selection import KFold, GridSearchCV
from sklearn.preprocessing import StandardScaler

from sklearn.pipeline import Pipeline

from xgboost import XGBRegressor

from sklearn.compose import TransformedTargetRegressor
from sklearn.metrics import mean_absolute_error, r2_score
from pickle import dump, load

import time

start_time = time.time ()

# fix random seed for reproducibility
seed = 7

» np.random.seed (seed)

# Airflow mode:
#’Buffer mode’
#’Supply mode’
#’Extract mode’
#’Interior air curtain’
#’Exterior air curtain’

5 MODE = ’Buffer mode’

NAME MODE . split () [0]

' model_name = ’models/’+NAME+’ _XGB.pkl’

# Load the dataset

source =’data/high_blinds_on_thermal.csv’
data = pd.read_csv(source)

data = data.loc[data[’Airflow_path’]==MODE]
print (data.shape)

# Split train & test datasets

if MODE == ’Buffer mode’:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,
>SR_direct’, ’Blinds’, ’Visual’]
else:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,
’SR_direct’, ’Blinds’, ’Speed’, ’Visual’]
label = ’Thermal’
X = data[features].values
y = datal[label].values

5 validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split (X, vy,
test_size=validation_size, random_state=seed)

TUNE = 0
TRAIN = 0
SAVE = 0
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54 if TUNE:

55 # Standardize the dataset

56 scaler_X= StandardScaler ().fit(X_train)

57 scaledX_train = scaler_X.transform(X_train)

58 scaledX_test = scaler_X.transform(X_test)

59 scaledX = scaler_X.transform(X)

60 scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))

61 scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
62 scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
63 scaledY = scaler_Y.transform(y.reshape(-1,1))

65 params = {

66 >learning_rate’: [0.3],

67 max_depth’: [10], #range(5,30,5)

68 ’n_estimators’: range (50, 450, 50)

69 #’gamma’: range(0,1,2),

70 #’alpha’: [0,0.001,0.01,0.1]7,

71 #’lambda’: [0,0.001,0.01,0.1],

72 }

73 model = xgb.XGBRegressor (tree_method=’gpu_hist’,
74 predictor=’gpu_predictor’, random_state=seed)
75 kfold = KFold(n_splits=3, shuffle=True, random_state=seed)

76 grid_search = GridSearchCV(model, params,

77 scoring=’neg_mean_squared_error’, n_jobs=-1, cv=kfold)
78 grid_result = grid_search.fit(scaledX_train, scaledY_train)
79 # summarize results

80 print ("Best: %f using %s" % (grid_result.best_score_,

81 grid_result.best_params_))

82 means = grid_result.cv_results_[’mean_test_score’]

83 stds = grid_result.cv_results_[’std_test_score’]

84 params = grid_result.cv_results_[’params’]

85 for mean, stdev, param in zip(means, stds, params):

86 print ("%f (%f) with: %r" % (mean, stdev, param))

87

88 # plot

89 DEPTH = 0 # 1, n_estimators = 100 default

90 if DEPTH:

91 param=range (5, 30, 5)

92 plt.errorbar (param, means, yerr=stds)
93 plt.title("XGB max_depth vs NMSE")

94 plt.xlabel (’max_depth’)

95 plt.ylabel (’NMSE’)

96 plt.show ()

97 TREES = 0 # 1, max_depth = 10

98 if TREES:

99 param=range (50, 450, 50)

100 plt.errorbar (param, means, yerr=stds)
101 plt.title("XGB n_estimators vs NMSE")

102 plt.xlabel(’n_estimators’)
103 plt.ylabel (’NMSE’)
104 plt.show ()

106 1f TRAIN:
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# prepare the model with input scaling
pipeline = Pipeline(steps=[(’trans’, StandardScaler()),
(’model’, XGBRegressor (tree_method=’gpu_hist’,
predictor=’gpu_predictor’,
learning_rate=0.3, max_depth=10,
n_estimators=300, random_state=seed))])

# prepare the model with target scaling
model = TransformedTargetRegressor (regressor=pipeline,
transformer=StandardScaler ())

# fit model on training data
model .fit(X_train,y_train)
print (model.regressor [’model’].get_xgb_params ())

mae_train = mean_absolute_error (y_train, model.predict(X_train))
r2_train = model.score(X_train,y_train)

mae_test = mean_absolute_error(y_test, model.predict(X_test))
r2_test = model.score(X_test,y_test)

mae = mean_absolute_error (y, model.predict (X))

r2 = model.score(X,y)

print (’Train: ’, mae_train, r2_train)

print (’Test: ’, mae_test, r2_test)

print (’0Overall: °’, mae, r2)

if SAVE:
# save the model
dump (model, open(model_name,’wb’))

print ("--- Done in %s seconds ---" Y (time.time() - start_time))



H Training Thermal metric ETR models

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split,
from sklearn.model_selection import KFold, GridSearchCV
from sklearn.preprocessing import StandardScaler

from sklearn.pipeline import Pipeline

from sklearn.ensemble import ExtraTreesRegressor

from sklearn.compose import TransformedTargetRegressor
from sklearn.metrics import mean_absolute_error, r2_score
from pickle import dump, load

import time

start_time = time.time ()

# fix random seed for reproducibility
seed = 7

» np.random.seed (seed)

# Airflow mode:
#’Buffer mode’
#’Supply mode’
#’Extract mode’
#’Interior air curtain’
#’Exterior air curtain’

5 MODE = ’Buffer mode’

NAME MODE . split () [0]

' model_name = ’models/’+NAME+’ _ETR.pkl’

# Load the dataset

source =’data/high_blinds_on_thermal.csv’
data = pd.read_csv(source)

data = data.loc[data[’Airflow_path’]==MODE]
print (data.shape)

# Split train & test datasets

if MODE == ’Buffer mode’:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,
>SR_direct’, ’Blinds’, ’Visual’]
else:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,
’SR_direct’, ’Blinds’, ’Speed’, ’Visual’]
label = ’Thermal’
X = data[features].values
y = datal[label].values

5 validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split (X, vy,
test_size=validation_size, random_state=seed)

TUNE = 0
TRAIN = 0
SAVE = 0
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53 if TUNE:

54 # Standardize the dataset

55 scaler_X= StandardScaler ().fit(X_train)

56 scaledX_train = scaler_X.transform(X_train)

57 scaledX_test = scaler_X.transform(X_test)

58 scaledX = scaler_X.transform(X)

59 scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))

60 scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
61 scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))

62 scaledY = scaler_Y.transform(y.reshape(-1,1))
63

64 params = {

65 ’max_depth’: [25], #range(10,45,5),

66 ’n_estimators’: range (50, 550, 50)
67 #’ccp_alpha’: [0,0.000001,0.00001,0.0001]
68 #’min_samples_split’: range(2,12,2)

69 }

70 model = ExtraTreesRegressor(n_jobs=24, random_state=seed)

71 kfold = KFold(n_splits=3, shuffle=True, random_state=seed)

72 grid_search = GridSearchCV(model, params,

73 scoring=’neg_mean_squared_error’,

74 n_jobs=-1, cv=kfold)

75 grid_result = grid_search.fit(scaledX_train, scaledY_train.ravel

(OD)
76 # summarize results
77 print ("Best: %f using %s" % (grid_result.best_score_,
78 grid_result.best_params_))

79 means = grid_result.cv_results_[’mean_test_score’]

80 stds = grid_result.cv_results_[’std_test_score’]

81 params = grid_result.cv_results_[’params’]

82 for mean, stdev, param in zip(means, stds, params):
83 print ("%f (%f) with: %r" % (mean, stdev, param))

84

85 # plot

86 DEPTH = 0 # 1, n_estimators = 100 default

87 if DEPTH:

90

91

92

93

94

96

param=range (10, 45, 5)

plt.errorbar(param, means , yerr=stds)
plt.title ("ETR max_depth vs NMSE")
plt.xlabel (’max_depth’)
plt.ylabel (’NMSE’)
plt.show ()
DEPTH = O

TREES = 0 #1, max_depth = 25

if TREES:

param=range (50, 550, 50)

plt.errorbar (param, means, yerr=stds)
plt.title("ETR n_estimators vs NMSE")
plt.xlabel(’n_estimators’)
plt.ylabel (’NMSE’)
plt.show ()

if TRAIN:

# prepare the model with input scaling
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pipeline = Pipeline(steps=[(’trans’, StandardScaler()),
(’model’, ExtraTreesRegressor(n_jobs=24,
max_depth=25, ccp_alpha =1e-6, random_state=seed))])

# prepare the model with target scaling
model = TransformedTargetRegressor (regressor=pipeline,
transformer=StandardScaler ())

# fit model on training data

model.fit(X_train,y_train)

print (model.regressor [’model’].get_params ())

mae_train = mean_absolute_error (y_train, model.predict(X_train))
r2_train model .score(X_train,y_train)

mae_test mean_absolute_error (y_test, model.predict(X_test))
r2_test = model.score(X_test,y_test)

mae = mean_absolute_error (y, model.predict (X))
r2 = model.score(X,y)

print (’Train: ’, mae_train, r2_train)

print (’Test: ’, mae_test, r2_test)

print (’0Overall: °’, mae, r2)

if SAVE:

# save the model
dump (model, open(model_name,’wb’))

131 print ("--- Done in %s seconds ---" Y (time.time() - start_time))



I Training Thermal metric ANN models

1 # Load libraries

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

51

52

from
from
from
from
from
from
from
from
from
from

sklearn.model_selection import train_test_split,
sklearn.model_selection import KFold, GridSearchCV
sklearn.preprocessing import StandardScaler
keras.models import Sequential

keras.layers import Dense, Dropout

sklearn.metrics import mean_absolute_error, r2_score
keras.callbacks import ModelCheckpoint

keras .models import model_from_json

keras import regularizers

pickle import dump, load

import time
start_time = time.time ()

; def build_model(n_inputs, n_outputs=1, 12=0.0001,

layers=(1000,500), init=’normal’):

model = Sequential ()
model .add (Dense (layers [0], input_dim=n_inputs,

kernel_regularizer=regularizers.12(12),
kernel_initializer=init, activation=’relu’))

model .add (Dropout (0.5))
model . add (Dense(layers [1],

kernel _regularizer=regularizers.12(12),
kernel _initializer=init, activation=’relu’))

model .add (Dropout (0.5))

model .add (Dense(n_outputs, kernel_initializer=init))
model.compile (loss=’mse’, optimizer=’adam’, metrics=[’mae’])
return model

def save_model (model, struct_fname):
# saving model
json_model = model.to_json ()
json_file = open(struct_fname, ’w’)
json_file.write(json_model)
json_file.close ()
print (’Saved model to disk’)

def load_model(struct_fname, weights_fname):
# loading model
json_file = open(struct_fname, ’r’)
model = model_from_json(json_file.read())
json_file.close ()
model.load_weights (weights_fname)
model.compile (loss=’mse’, optimizer=’adam’, metrics=[’mae’])
print ("Loaded model from disk")
return model

# fix random seed for reproducibility

seed

=7
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np.random.seed (seed)

# Airflow mode:
#’Buffer mode’

#’Supply mode’
#’Extract mode’
#’Interior air curtain’
#’Exterior air curtain’
MODE = ’Buffer mode’

> NAME = MODE.split () [0]

struct_fname = ’models/’+NAME+’.struct.json’

5 weights_fname = ’models/’+NAME+’.weights.best.hdf5’

history_fname = ’models/’+NAME+’.history.pkl’

7 scalerX = ’models/’+NAME+’.scalerX.pkl’
s scalerY = ’models/’+NAME+’.scalerY.pkl”’

# Load the dataset

source =’data/high_blinds_on_thermal.csv’
data = pd.read_csv(source)

data = data.loc[data[’Airflow_path’]==MODE]
print (data.shape)

# Split train & test datasets

if MODE == ’Buffer mode’:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,
’SR_direct’, ’Blinds’, ’Visual’]
else:
features = [’DeltaT’, ’Azimuth’, ’Altitude’, ’SR_diffuse’,

’SR_direct’, ’Blinds’, ’Speed’, ’Visual’]
label = ’Thermal’
X = datal[features].values
y data[label].values

s validation_size = 0.33

X_train, X_test, y_train, y_test = train_test_split (X, vy,
test_size=validation_size, random_state=seed)

TUNE = 0

TRAIN = O
> SAVE = 0

if TUNE:

# Standardize the dataset
scaler_X= StandardScaler () .fit(X_train)

scaledX_train = scaler_X.transform(X_train)

scaledX_test = scaler_X.transform(X_test)

scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))
scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))

scaledY = scaler_Y.transform(y.reshape(-1,1))

model = KerasRegressor (build_fn=build_model, verbose=0)
# grid search epochs, batch size and optimizer
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layers = [(100,50) ,(200,100) ,(600,300) ,(800,400),
(1000,500) ,(1200,600) ,(1400,700) ,(1600,800)1]

#layers = [(1200,600)]

#12 = [0.0001, 0.001, 0.01, 0.1]

12 = [0.0001]

#epochs = [200, 400, 600, 800, 1000]

epochs = [100]

#batches = [1000, 10000, 100000, 300000]

batches = [1000]

n_inputs = [scaledX.shape[1]]

kfold = KFold(n_splits=3, shuffle=True, random_state=seed)

param_grid = dict(n_inputs=n_inputs, 12=12,
layers=layers, epochs=epochs,
batch_size=batches, verbose=[1])

grid = GridSearchCV(estimator=model, param_grid=param_grid,
scoring=’neg_mean_squared_error’, cv=kfold, n_jobs=-1)
grid_result = grid.fit(scaledX_train, scaledY_train)

# summarize results
print ("Best: %f using %s" % (grid_result.best_score_,
grid_result.best_params_))

means = grid_result.cv_results_[’mean_test_score’]
stds = grid_result.cv_results_[’std_test_score’]
params = grid_result.cv_results_[’params’]

for mean, stdev, param in zip(means, stds, params):
print ("%f (%f) with: %r" % (mean, stdev, param))

# plot

LAYERS = 1

if LAYERS:
param=range (8)
plt.errorbar (param, means, yerr=stds)
plt.xticks (param,layers,fontsize=8)
plt.title ("ANN hidden layers vs NMSE")
plt.xlabel (’Hidden layers’)
plt.ylabel (’NMSE’)
plt.show ()
# plot

L2 = 0

if L2:
param=range (4)
plt.errorbar (param, means, yerr=stds)
plt.xticks (param,12,fontsize=8)
plt.title("ANN 12 regularization vs NMSE")
plt.xlabel (’12°)
plt.ylabel (’NMSE’)
plt.show ()

BATCHES = O

if BATCHES:
param=batches
plt.errorbar (param, means, yerr=stds)
plt.title ("ANN batch size vs NMSE")
plt.xlabel (’Batch size’)
plt.ylabel (’NMSE’)
plt.show ()

101



161
162
163
164
165
166
167
168

169

102

EPOCHS = 0

if EPOCHS:
param=epochs
plt.errorbar (param, means, yerr=stds)
plt.title("ANN epochs vs NMSE")
plt.xlabel (’epochs’)
plt.ylabel (’NMSE’)
plt.show ()

if TRAIN:

# Standardize the dataset
scaler_X= StandardScaler () .fit(X_train)

scaledX_train = scaler_X.transform(X_train)
scaledX_test = scaler_X.transform(X_test)
scaledX = scaler_X.transform(X)

scaler_Y= StandardScaler () .fit(y_train.reshape(-1,1))

scaledY_train = scaler_Y.transform(y_train.reshape(-1,1))
scaledY_test = scaler_Y.transform(y_test.reshape(-1,1))
scaledY = scaler_Y.transform(y.reshape(-1,1))

# modelling and save training history
batch_size = 300000

epochs = 10000

n_inputs = scaledX.shape[1]

model = build_model (n_inputs)

# checkpoint

checkpoint = ModelCheckpoint (weights_fname, monitor=’mae’,
verbose=0, save_best_only=True, mode=’max’)

callbacks_list = [checkpoint]

hist = model.fit(scaledX_train, scaledY_train,

validation_split=validation_size,
epochs=epochs, batch_size=batch_size,
callbacks=callbacks_list, verbose=1)

# print the scores

y_pred = scaler_Y.inverse_transform(model.predict(scaledX_train))
mae_train = mean_absolute_error(y_train, y_pred)

r2_train = r2_score(y_train, y_pred)

print (’Train: ’, mae_train, r2_train)

y_pred = scaler_Y.inverse_transform(model.predict(scaledX_test))
mae_test = mean_absolute_error(y_test, y_pred)

r2_test = r2_score(y_test, y_pred)

print (’Test: ’, mae_test, r2_test)

y_pred = scaler_Y.inverse_transform(model.predict(scaledX))

mae = mean_absolute_error(y, y_pred)

r2 = r2_score(y, y_pred)

print (’0Overall: °’, mae, r2)

# save model

if SAVE:
save_model (model, struct_fname)
dump (scaler_X, open(scalerX,’wb’))
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dump (scaler_Y, open(scalerY,’wb’))
dump (hist.history, open(history_fname,’wb’))

print ("--- Done in %s seconds

YA

(time.time ()

start_time))
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50

J Outputting from Blinds Angle Controller

import os

from multiproces
import numpy as
import pandas as
from pickle impo
import time
start_time = tim

sing import Process, Queue
np

pd

rt load

e.time ()

n_proc = int(os.getenv (’SLURM_CPUS_PER_TASK’,1))

print (’Using %d

# function to estimate blinds angle and visual metric for single

data point
def predict_blin

SR_direct, V_

if V_opt < 0.1
Blinds_pred

V_pred = 0
else:

blinds = np.

inputs = np.

inputs [:,0]
inputs [:,1]
inputs [:,2]
inputs [:,3]
inputs [:,4]
Visual_pred
Visual_opt =
Visual_opt[:
Visual_err =
index_min =
Blinds_pred
V_pred = Vis

processors’ % n_proc)

ds_angle (model, Azimuth, Altitude,

opt):

=0

array (range (0,100,10))

zeros ((len(blinds) ,5))

= Azimuth

= Altitude

= SR_diffuse

= SR_direct

= blinds

= model.predict (inputs)
np.zeros (Visual_pred. shape)
,1=V_opt

SR_diffuse,

np.subtract (Visual_opt,Visual_pred)
np.argmin(np.absolute(Visual_err))

= blinds[index_min]
ual_pred[index_min]

return Blinds_pred, V_pred

# function for e
def func_proc(q,
n = X.shape [0]
Blinds_pred =
Visual_pred =
for i in range
if 1%1000==

print (i)
blinds_pred,
X[i,

Blinds_pred[
Visual_pred[

ach process
model, X):

np.zeros ((n,1))
np.empty ((n,1))
(n):

104

visual_pred = predict_blinds_angle (model, X[i,O0],

11, Xxf[i,2], Xx[i,3], X[i,4])
i] = blinds_pred
i] = visual_pred

q.put ([Blinds_pred,Visual_pred])

g 1f __name ==

# Load model
model = load (o

__main__’:

pen(’models/visual_XGB.pkl~’,

’rb’))
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print (’Loaded model successfully’)

# Load the dataset

source = ’data/high_blinds_on_visual.csv’
data = pd.read_csv(source)

print (data.shape)

# predict Visual_pred_base

105

X = data[[’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’

1] .values
Visual_pred_base = model.predict (X)
data[’Visual_pred_base’]=Visual_pred_base

# predict blinds + visual

X = datal[[’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Visual’

1] .values

n = X.shape [0]

k = int(n/n_proc)
# define processes
q = [1]

p = (1

f

or i in range(n_proc):
q.append (Queue ())
for i in range(n_proc-1):
i_start = ixk
i_end = (i+1)*k
p.append (Process (target=func_proc,
args=(q[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)=x*k
p-append (Process (target=func_proc,
args=(qln_proc-1] ,model ,X[i_start:,:]1)))
for i in range(mn_proc):
plil.start ()
Blinds_pred = np.zeros((n,1))
Visual_pred = np.zeros((n,1))
for i in range(n_proc-1):
blinds, visual = ql[i].get ()
i_start = ixk
i_end = (i+1)*k
Blinds_pred[i_start:i_end]
Visual _pred[i_start:i_end]
plil. join )
blinds, visual = qln_proc-1].get ()
i_start = (n_proc-1)xk
Blinds_pred[i_start:] blinds
Visual _pred[i_start:] = visual
pln_proc-1].join ()
data[’Blinds_pred_XGB’]=Blinds_pred
data[’Visual_pred_XGB’]=Visual_pred

blinds
visual

# Save results
data.to_csv(’data/V_pred.Blinds_ctrl.csv’, index=False)

print ("--- Done in %s seconds ---" % (time.time() - start_time))
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K Outputting from Airflow Speed Controller

import os

import numba

from numba import prange, cuda

import numpy as np

import pandas as pd

from pickle import load

import time

start_time = time.time ()

print (’Using %d processors’ % int(os.getenv(’SLURM_CPUS_PER_TASK’
»10))

@cuda. jit
def get_blinds_visual(X,A,B,V):
i=cuda.grid (1)
if i < X.shape[O0]:
if 1%100000==0:
print (i)
for a in A:
if round(X[i,0])==round(al[0]) and round(X[i,1])==round(all])
and round(X[i,2])==round(a[2]) and round(X[i,3])==round(al[3])
and round(X[i,4])==round(al4]) and round(X[i,5])==round(al[5])

B[i] = al[6]
Vil al7]

# Load dataset

source=’data/V_pred.Blinds_ctrl.csv’

data = pd.read_csv(source)

print (data.shape)

A = data[[’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’,’
Visual’,

’Blinds_pred_XGB’,’Visual_pred_XGB’]].values

source=’data/Airflow_ctrl.csv’ # collected from training airflow
path XGB model

df = pd.read_csv(source)

print (df . shape)

X=df [[’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,’Blinds’,’
Visual’]].values

blinds = np.zeros ((df.shape[0],1))

5 visual = np.zeros ((df.shape[0],1))

B_device = cuda.to_device(blinds)
V_device = cuda.to_device(visual)
X _device = cuda.to_device (X)
A _device = cuda.to_device(A)

threadsperblock = 32
blockspergrid = (X.shape[0] + (threadsperblock - 1)) //
threadsperblock
get_blinds_visual[blockspergrid, threadsperblock](X_device,A_device
B_device,V_device)
blinds = B_device.copy_to_host ()
visual = V_device.copy_to_host ()
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16 df [’Blinds_pred_XGB’]=blinds

a7 df [’Visual_pred_XGB’]=visual

48

49 # Save results

50 df .to_csv(’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’, index=False)
51

2 print ("--- Done in %s seconds ---" % (time.time() - start_time))

Listing 1: Collecting V_ pred Blinds_ ctrl Airflow ctrl

w
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import numpy as np

import pandas as pd

from pickle import load

import matplotlib.pyplot as plt

from sklearn.metrics import mean_absolute_error, r2_score
from multiprocessing import Process, Queue

import os

import time

start_time = time.time ()

n_

proc

= int (os.getenv (’SLURM_CPUS_PER_TASK’,1))

print (’Using %d processors’ % n_proc)

def predict_airflow_speed(model, inputs):

T_pr
T_pr
Spee
retu

ed = model.predict(inputs.reshape(1,-1))
ed = T_pred[0]

d_pred = 0

rn Speed_pred,T_pred

def func_proc(q, model, X):

if

n =
Spee
Ther
for
if

SPp

X.shape [0]
d_pred = np.zeros((n,1))
mal_pred = np.zeros((n,1))
i in range(mn):
i%100000==0:
print (i)
eed_pred,thermal_pred = predict_airflow_speed(model, X[i,:])

Speed_pred[i]l=speed_pred
Thermal _pred[i]l=thermal_pred
q.put ([Speed_pred,Thermal_pred])

__name__ == ’_ _main__"’:

# Lo
mode
prin
sour
data
data
prin

# Se

>

de

T Q # N B

or
q.
for
i_
il _

ad model and dataset

1 = load(open(’models/Buffer_ XGB.pkl’,’rb’))
t(’Loaded model’)

ce =’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’

= pd.read_csv(source)

= data.loc[data[’Airflow_pred_XGB’]==’Buffer mode’]
t(’Loaded dataset: ’,data.shape)

t up processes

data[[’DeltaT’,’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,
’Blinds_pred_XGB’,’Visual_pred_XGB’]].values

X.shape [0]

int(n/n_proc)

fine processes

(]

(]

i in range(n_proc):

append (Queue ())

i in range(n_proc-1):

start = ixk

end = (i+1)*k



p.append (Process (target=func_proc,
args=(q[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)=*k
p-append (Process (target=func_proc,
args=(qln_proc-1] ,model ,X[i_start:,:]1)))
for i in range(n_proc):
plil.start )

Speed_pred = np.zeros((n,1))

Thermal_pred = np.zeros((n,1))

for i in range(n_proc-1):
speed, thermal = q[i].get ()

i_start = ixk
i_end = (i+1)*k
Speed_pred[i_start:i_end] = speed

Thermal_pred[i_start:i_end] = thermal

plil.join )
speed, thermal = g[n_proc-1].get ()
i_start = (n_proc-1)=*k
Speed_pred[i_start:] = speed
Thermal_pred[i_start:] = thermal
pln_proc-1].join()
data[’Speed_pred_XGB’]=Speed_pred
data[’Thermal _pred_XGB’]=Thermal_pred

# save results
data.to_csv(’data/result_buffer.csv’,index=False)

83 print ("--- Done in %s seconds ---" % (time.time() - start_time))

Listing 2: Outputting Speed_ ctrl and T pred in Buffer mode
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import numpy as np

import pandas as pd

from pickle import load

import matplotlib.pyplot as plt

5 from sklearn.metrics import mean_absolute_error, r2_score
s from multiprocessing import Process, Queue

import os

import time

start_time = time.time ()

n_proc = int(os.getenv (’SLURM_CPUS_PER_TASK’,1))
print (’Using %d processors’ % n_proc)

5 def predict_airflow_speed(model, inputs):

speeds = [0.088888889, 0.044444444000000013,
0.022222222000000003, 0.011111111000000002, 0.005555556,
0.002777778]

X = np.zeros((len(speeds),8))

for i in range(6):
X[:,il=inputs[il]

X[:,-2]=speeds

X[:,-1]= dinputs[-2]

T_opt = inputs[-1]

Thermal_pred = model.predict (X)

Thermal_opt = np.zeros(Thermal_pred.shape)

Thermal_opt[:,]=T_opt

Thermal_err = np.subtract(Thermal_opt,Thermal_pred)

index_min = np.argmin(np.absolute(Thermal_err))

Speed_pred = speeds[index_min]

T_pred = Thermal_pred[index_min]

return Speed_pred,T_pred

def func_proc(q, model, X):
n = X.shape[0]
Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n):
if 1%100000==0:
print (i)
speed_pred,thermal_pred = predict_airflow_speed(model, X[i,:])
Speed_pred[i]l=speed_pred
Thermal _pred[i]=thermal_pred
q.put ([Speed_pred,Thermal _pred])

if _ _name__ == ’_ main__’:
# Load model
model = load(open(’models/Interior_XGB.pkl’,’rb’))
print (’Loaded model’)

source = ’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’
data = pd.read_csv(source)
data = data.loc[data[’Airflow_pred_XGB’]==’Interior air curtain’]

print (’Loaded dataset: ’,data.shape)
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+H#

Set up processes
= data[[’DeltaT’,’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,
’Blinds_pred_XGB’,’Visual_pred_XGB’,’Thermal’]].values
X.shape [0]
int (n/n_proc)
define processes
(]
(]

or i in range(n_proc):

q.append (Queue ())
for i in range(n_proc-1):

i_start = ixk

i_end = (i+1)*k

p-append (Process (target=func_proc,

args=(ql[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)x*k
p-append (Process (target=func_proc,
args=(q[n_proc-1] ,model ,X[i_start:,:1)))

for i in range(mn_proc):
plil.start ()

>

H'T Q # KB
]

Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n_proc-1):
speed, thermal = q[i].get ()
i_start = ixk
i_end = (i+1)*k
Speed_pred[i_start:i_end] = speed
Thermal _pred[i_start:i_end] = thermal
plil. join )
speed, thermal = ql[n_proc-1].get ()
i_start = (n_proc-1)x*k
Speed_pred[i_start:] = speed
Thermal _pred[i_start:] = thermal
pln_proc-1].join ()
data[’Speed_pred_XGB’]=Speed_pred
data[’Thermal_pred_XGB’]=Thermal_pred

# save results
data.to_csv(’data/result_interior.csv’,index=False)

94 print ("--- Done in %s seconds ---" ¥ (time.time() - start_time))

Listing 3: Outputting Speed_ ctrl and T _pred in Interior air curtain mode
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import numpy as np

import pandas as pd

from pickle import load

import matplotlib.pyplot as plt

5 from sklearn.metrics import mean_absolute_error, r2_score
s from multiprocessing import Process, Queue

import os

import time

start_time = time.time ()

n_proc = int(os.getenv (’SLURM_CPUS_PER_TASK’,1))
print (’Using %d processors’ % n_proc)

5 def predict_airflow_speed(model, inputs):

speeds = [0.088888889, 0.044444444000000013,
0.022222222000000003, 0.011111111000000002, 0.005555556,
0.002777778]

X = np.zeros((len(speeds),8))

for i in range(6):
X[:,il=inputs[il]

X[:,-2]=speeds

X[:,-1]= dinputs[-2]

T_opt = inputs[-1]

Thermal_pred = model.predict (X)

Thermal_opt = np.zeros(Thermal_pred.shape)

Thermal_opt[:,]=T_opt

Thermal_err = np.subtract(Thermal_opt,Thermal_pred)

index_min = np.argmin(np.absolute(Thermal_err))

Speed_pred = speeds[index_min]

T_pred = Thermal_pred[index_min]

return Speed_pred,T_pred

def func_proc(q, model, X):
n = X.shape[0]
Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n):
if 1%100000==0:
print (i)
speed_pred,thermal_pred = predict_airflow_speed(model, X[i,:])
Speed_pred[i]l=speed_pred
Thermal _pred[i]=thermal_pred
q.put ([Speed_pred,Thermal _pred])

if _ _name__ == ’_ main__’:
# Load model
model = load(open(’models/Exterior_XGB.pkl’,’rb’))
print (’Loaded model’)

source =’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’
data = pd.read_csv(source)
data = data.loc[data[’Airflow_pred_XGB’]==’Exterior air curtain’]

print (’Loaded dataset: ’,data.shape)
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Set up processes
= data[[’DeltaT’,’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,
’Blinds_pred_XGB’,’Visual_pred_XGB’,’Thermal’]].values
X.shape [0]
int (n/n_proc)
define processes
(]
(]

or i in range(n_proc):

q.append (Queue ())
for i in range(n_proc-1):

i_start = ixk

i_end = (i+1)*k

p-append (Process (target=func_proc,

args=(ql[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)x*k
p-append (Process (target=func_proc,
args=(q[n_proc-1] ,model ,X[i_start:,:1)))

for i in range(mn_proc):
plil.start ()

>

H'T Q # KB
]

Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n_proc-1):
speed, thermal = q[i].get ()
i_start = ixk
i_end = (i+1)*k
Speed_pred[i_start:i_end] = speed
Thermal _pred[i_start:i_end] = thermal
plil. join )
speed, thermal = ql[n_proc-1].get ()
i_start = (n_proc-1)x*k
Speed_pred[i_start:] = speed
Thermal _pred[i_start:] = thermal
pln_proc-1].join ()
data[’Speed_pred_XGB’]=Speed_pred
data[’Thermal_pred_XGB’]=Thermal_pred

# save results
data.to_csv(’data/result_exterior.csv’,index=False)

94 print ("--- Done in %s seconds ---" ¥ (time.time() - start_time))

Listing 4: Outputting Speed_ ctrl and T pred in Exterior air curtain mode
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import numpy as np

import pandas as pd

from pickle import load

import matplotlib.pyplot as plt

5 from sklearn.metrics import mean_absolute_error, r2_score
s from multiprocessing import Process, Queue

import os

import time

start_time = time.time ()

n_proc = int(os.getenv (’SLURM_CPUS_PER_TASK’,1))
print (’Using %d processors’ % n_proc)

5 def predict_airflow_speed(model, inputs):

speeds = [0.088888889, 0.044444444000000013,
0.022222222000000003, 0.011111111000000002, 0.005555556,
0.002777778]

X = np.zeros((len(speeds),8))

for i in range(6):
X[:,il=inputs[il]

X[:,-2]=speeds

X[:,-1]= dinputs[-2]

T_opt = inputs[-1]

Thermal_pred = model.predict (X)

Thermal_opt = np.zeros(Thermal_pred.shape)

Thermal_opt[:,]=T_opt

Thermal_err = np.subtract(Thermal_opt,Thermal_pred)

index_min = np.argmin(np.absolute(Thermal_err))

Speed_pred = speeds[index_min]

T_pred = Thermal_pred[index_min]

return Speed_pred,T_pred

def func_proc(q, model, X):
n = X.shape[0]
Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n):
if 1%100000==0:
print (i)
speed_pred,thermal_pred = predict_airflow_speed(model, X[i,:])
Speed_pred[i]l=speed_pred
Thermal _pred[i]=thermal_pred
q.put ([Speed_pred,Thermal _pred])

if _ _name__ == ’_ main__’:
# Load model
model = load(open(’models/Extract_XGB.pkl’,’rb’))
print (’Loaded model’)
source =’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’
data = pd.read_csv(source)
data = data.loc[datal[’Airflow_pred_XGB’]==’Extract mode’]
print (’Loaded dataset: ’,data.shape)
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+H#

Set up processes
= data[[’DeltaT’,’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,
’Blinds_pred_XGB’,’Visual_pred_XGB’,’Thermal’]].values
X.shape [0]
int (n/n_proc)
define processes
(]
(]

or i in range(n_proc):

q.append (Queue ())
for i in range(n_proc-1):

i_start = ixk

i_end = (i+1)*k

p-append (Process (target=func_proc,

args=(ql[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)x*k
p-append (Process (target=func_proc,
args=(q[n_proc-1] ,model ,X[i_start:,:1)))

for i in range(mn_proc):
plil.start ()

>

H'T Q # KB
]

Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n_proc-1):
speed, thermal = q[i].get ()
i_start = ixk
i_end = (i+1)*k
Speed_pred[i_start:i_end] = speed
Thermal _pred[i_start:i_end] = thermal
plil. join )
speed, thermal = ql[n_proc-1].get ()
i_start = (n_proc-1)x*k
Speed_pred[i_start:] = speed
Thermal _pred[i_start:] = thermal
pln_proc-1].join ()
data[’Speed_pred_XGB’]=Speed_pred
data[’Thermal_pred_XGB’]=Thermal_pred

# save results
data.to_csv(’data/result_exhaust.csv’,index=False)

94 print ("--- Done in %s seconds ---" ¥ (time.time() - start_time))

Listing 5: Outputting Speed_ ctrl and T_ pred in Exhaust mode
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import numpy as np

import pandas as pd

from pickle import load

import matplotlib.pyplot as plt

5 from sklearn.metrics import mean_absolute_error, r2_score
s from multiprocessing import Process, Queue

import os

import time

start_time = time.time ()

n_proc = int(os.getenv (’SLURM_CPUS_PER_TASK’,1))
print (’Using %d processors’ % n_proc)

5 def predict_airflow_speed(model, inputs):

speeds = [0.088888889, 0.044444444000000013,
0.022222222000000003, 0.011111111000000002, 0.005555556,
0.002777778]

X = np.zeros((len(speeds),8))

for i in range(6):
X[:,il=inputs[il]

X[:,-2]=speeds

X[:,-1]= dinputs[-2]

T_opt = inputs[-1]

Thermal_pred = model.predict (X)

Thermal_opt = np.zeros(Thermal_pred.shape)

Thermal_opt[:,]=T_opt

Thermal_err = np.subtract(Thermal_opt,Thermal_pred)

index_min = np.argmin(np.absolute(Thermal_err))

Speed_pred = speeds[index_min]

T_pred = Thermal_pred[index_min]

return Speed_pred,T_pred

def func_proc(q, model, X):
n = X.shape[0]
Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n):
if 1%100000==0:
print (i)
speed_pred,thermal_pred = predict_airflow_speed(model, X[i,:])
Speed_pred[i]l=speed_pred
Thermal _pred[i]=thermal_pred
q.put ([Speed_pred,Thermal _pred])

if _ _name__ == ’_ main__’:
# Load model
model = load(open(’models/Supply_XGB.pkl’,’rb’))
print (’Loaded model’)
source =’data/V_pred.Blinds_ctrl.Airflow_ctrl.csv’
data = pd.read_csv(source)
data = data.loc[datal[’Airflow_pred_XGB’]==’Supply mode’]
print (’Loaded dataset: ’,data.shape)
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Set up processes
= data[[’DeltaT’,’Azimuth’,’Altitude’,’SR_diffuse’,’SR_direct’,
’Blinds_pred_XGB’,’Visual_pred_XGB’,’Thermal’]].values
X.shape [0]
int (n/n_proc)
define processes
(]
(]

or i in range(n_proc):

q.append (Queue ())
for i in range(n_proc-1):

i_start = ixk

i_end = (i+1)*k

p-append (Process (target=func_proc,

args=(ql[i] ,model ,X[i_start:i_end,:]1)))
i_start = (n_proc-1)x*k
p-append (Process (target=func_proc,
args=(q[n_proc-1] ,model ,X[i_start:,:1)))

for i in range(mn_proc):
plil.start ()

>

H'T Q # KB
]

Speed_pred = np.zeros((n,1))
Thermal_pred = np.zeros((n,1))
for i in range(n_proc-1):
speed, thermal = q[i].get ()
i_start = ixk
i_end = (i+1)*k
Speed_pred[i_start:i_end] = speed
Thermal _pred[i_start:i_end] = thermal
plil. join )
speed, thermal = ql[n_proc-1].get ()
i_start = (n_proc-1)x*k
Speed_pred[i_start:] = speed
Thermal _pred[i_start:] = thermal
pln_proc-1].join ()
data[’Speed_pred_XGB’]=Speed_pred
data[’Thermal_pred_XGB’]=Thermal_pred

# save results
data.to_csv(’data/result_supply.csv’,index=False)

94 print ("--- Done in %s seconds ---" ¥ (time.time() - start_time))

Listing 6: Outputting Speed_ ctrl and T pred in Supply mode
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Overview of the study

Old and new buildings Main Goals
Envelope solutions v'To see the effects of each solution on
» Apartment cooling and heating energy

* Window properties

IEEE——) consumption.

v'To see the effects of each solution on
the indoor air temperature




Methods

Simulation tool Climatic data
IDAICE 4.8 Weather data: TRY (2020)

The simulation period: one year
Time resolution of the results: 1 hour.
Whole building simulation




Building properties

radiator, 65 W/m?

New building Old building

Year of construction after 2012 1960s, 1950s
Heated net floor area (m?) 1943.5
U-value of external wall (W/m’K) 0.17 0.6
U-value of external window (W/m’K) 1 2.5
Air tightness of building envelope (q50) (m3/h,m2) 4 6

District heating, District heating,
Heating system 70/40°C water 70/40°C water

radiator, 100 W/m?

Ventilation system

Constant air volume
(CAV) mechanical
supply (17°C) and
exhaust ventilation

system, Heat
recovery efficiency:
0.65

mechanical exhaust
ventilation

total air exchange rate of the building:
0.52 ACH.

Split cooling unit

SCOP: 3, Living rooms, Cooling capacity
of the units: 45 W/m?




Simulation Cases of the old apartment building, IBES Project

Wall construction Window properties Setpoint
. Air . .
Cases Average | Window Leakage U value Heating | Cooling
U value | to wall 50 Window Type 2 Tsol g-value External shading Integrated shading Window opening setpoint | setpoint
(W/m’K) ratio (%)| &, (W/m’K) °c | °C
(m”/h,m")
The manually controlled blinds
Clear double between the outer panes are
Case 2 0.6 19 % 6 . . 2.5 0.7 0.76 | window indentation 5cm | used when some one is in the None 21 24
glazing window room according to the
occupancy profile.
Double glazing
Passive argon filled solar . . .
. Case 3 0.6 19 % 6 . 1 0.16 0.19 | window indentation Scm None None 21 24
Solutions protection
windows
Double glazing The manually controlled blinds
argon filled solar between the outer panes are
Case4| 0.6 19 % 6 . 1 0.16 0.19 |Window indentation 5cm | used when some one is in the None 21 24
prgtectlon room according to the
windows occupancy profile.




Simulation Cases of the old apartment building, IBES Project

Wall construction Window properties Setpoint
Average | Wind Air Heating | Cooli
Cases £ maow Leakage . U value . . . . ea 1pg 00 1?1g
U value | to wall Window Type N Tsol g-value External shading Integrated shading Window opening setpoint | setpoint
2 i (O q50 (W/ m K) o 0
(W/m°K) | ratio (%) 3 5 C C
(m’/h,m")
The electrically controlled
blinds between the outer panes
Clear double . . . d when the intensity of
Case5 0.6 19 % 6 ) ) 2.5 0.7 0.76 | Window indentation Scm | & tooe oo HE THEASIY © None 21 24
glazing window inside solar radiation on the
windows from May to Sep
exceeds 100 W/m? .
10% of the window area of the
largest window of each room
Clear double . . . hen the outside ai
Case6| 0.6 19 % 6 S 2.5 0.7 0.76 | Window indentation 5cm None OPENS WHET HIE OUISICE &I 1 5 24
glazing window temperature is between 12 °C
and 22°C and the zone air
temperature exceeds 23 °C.
Automated The e?lectrlcally coytrolled
Soluti awnings on the windows
olutions without a balcony open when
Clear double the wind speed is less than 8
Case 7 0.6 19 % 6 . . 2.5 0.7 0.76 m/s and outdoor air None None 21 24
glazing window temperature exceeds 15 °C
meanwhile the outside solar
radiation on vertical surface
exceeds 100 W/m®
Electrochromic, When the outdoor
Trivle IGU with solar radiation on the vertical surface
Tripie W1 . . .
Case8| 0.6 19 % 6 P exceeds 450 W/m’ the darkest state of| Window indentation Scm None None 21 24
LowE #6 the glazing is on.
0.97 10.29-0.01/0.31-0.05




The following cases are simulated in the new apartment building with and without the active cooling system:
* Base case

e C(Casc4
* Automated solutions (Case 5, Case 6, Case 7, Case 8)




Simulation Cases of the new apartment building, IBES Project

Wall construction Window properties Setpoint
A . Air . .
Cases verage | Window Leakage . U value ‘ ' ‘ ' Heatlpg Coohpg
U value | to wall 50 Window Type 12 Tsol g-value External shading Integrated shading Window opening setpoint | setpoint
(W/m?K) ratio (%)| s, (W/m'K) °C °C
(m’/h,m")
The electrically controlled
Triple glazing _ _ . blinds between the f)uter panes
Case5| 017 | 15% 4 |argon filled lowE| 1 0.3 035 | Wmdow indentation (e None 21 | 24
) 30cm inside solar radiation on the
window windows from May to Sep
exceeds 100 W/m? .
10% of the window area of the
Triple glazing ' . ' largest window of eagh room
Case 6| 017 15 % 4 argon filled lowE 1 0.3 0.35 Window indentation None opens WheI.l the outside alor 71 24
) 30cm temperature is between 12 °C
window and 22°C and the zone air
temperature exceeds 23 °C.
Automated The electrically controlled
. awnings on the windows
Solutions without a balcony open when
Triple glazing the wind speed is less than 8
Case7| 0.17 15% 4 argon filled lowE 1 0.3 0.35 m/s and outdoor air None None 21 24
window temperature exceeds 15 °C
meanwhile the outside solar
radiation on vertical surface
exceeds 100 W/m”
Electrochromic, When the outdoor
. . solar radiation on the vertical surface . . .
Case8| 0.17 15 % 4 Triple IGU with exceeds 450 W/m” the darkest state of Window indentation None None 21 24
LowE #6 the glazing is on. 30cm
0.97 0.29-0.01 (0.31-0.05




Results of the cases with
the active cooling system




Break down of Energy Consumption, old apartment building

Old Apartment Building, Annual energy consumption break down, kWh/m?

Base case Passive and Manual solutions Automated solutions
1 2 3 4 5 6 7 8
Systems . . . . .
No solar Manual |Solar protection|Manual blinds + Solar| Electrical |Electrical openable . . Electrochromic
. . . . . . . Electrical awnings .
protection blinds windows protection windows blinds windows windows
District heating
Space heating + AHU 136.1 136.7 131.7 131.9 138.1 136.5 136.3 130.6
DWH 42.4 42.4 42.4 42.4 42.4 42.4 42.4 42.4
Total 178.5 179.1 174.1 174.3 180.5 178.9 178.7 173.0
Electricity
Space cooling electricity 2.1 1.8 0.8 0.7 1.1 0.8 1.5 0.8
HVAC aux 2.3 2.3 2.3 2.3 2.3 2.3 2.3 2.3
Lighting 7.6 7.6 7.6 7.6 7.6 7.6 7.6 7.6
Equipment 21.0 21.0 21.0 21.0 21.0 21.0 21.0 21.0
Total 33.0 32.7 31.7 31.6 32.0 31.7 32.4 31.7

The percentage of effect of each solution on district heating and space cooling electricity in comparison to Case 1, The old apartment building

Systems Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
District Space Heating + AHU 0.4 % -32% -3.1% 1.5 % 0.3 % 0.1 % -4.0 %
Space Cooling Electricity -14.3 % -61.9 % -66.7 % -47.6 % -61.9 % -28.6 % -61.9 %

10




Break down of Energy Consumption, new apartment building

New Apartment Building, Annual energy consumption break down, KWh/m2

Base case Passive and Manual solutions Automated solutions
1 2 3 4 5 6 7 8
Systems No solar Manual |Solar protection|Manual blinds + Solar|  Electrical |Electrical openable . . Electrochromic
protection blinds windows protection windows blinds windows Electrical awnings windows
District heating
Space heating + AHU 349 35.0 36.1 36.1 35.0 35.1 349 35.7
DWH 42.4 42.4 42.4 42.4 42.4 42.4 42.4 42.4
Total 77.3 77.4 78.5 78.5 77.4 77.5 77.3 78.1
Electricity
Space cooling electricity 2.3 2.1 1.6 1.5 1.9 0.4 2.0 1.8
HVAC aux 5.8 5.8 5.8 5.8 5.8 5.8 5.8 5.8
Lighting 7.6 7.6 7.6 7.6 7.6 7.6 7.6 7.6
Equipment 21.0 21.0 21.0 21.0 21.0 21.0 21.0 21.0
Total 36.7 36.5 36.0 35.9 36.3 34.8 36.4 36.2

The percentage of effect of each solution on district heating and space cooling electricity in comparison to Case 1, The new apartment building

Systems Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
District Space Heating + AHU 0.3% 3.4 % 3.4 % 0.3 % 0.6 % 0.0 % 2.3 %
Space Cooling Electricity -8.7 % -30.4 % -34.8 % -17.4 % -82.6 % -13.0 % 21.7 %
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Indoor Air Temperature Results

The coldest and warmest bedrooms of the building are
defined based on the degree hour above 24 °C. Bedroom
no.2 of apartment D is the warmest and bedroom no.2 of the

apartment E is the coldest.

The annual duration curves in the coldest and warmest

bedrooms of the building are analyzed.

The indoor air temperature in the coldest and warmest
bedrooms of the building in the typical days of each season,

are studied.

>

v’ Apartment D’s bedroom is located on the south
side of the building and has two windows on its

south and east walls.

v Apartment E’s bedroom is located on the north
side of the building and has a window on its

west wall.
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Indoor Air Temperature Results

The results of
middle floor in
the coldest and

warmest

bedrooms are
analyzed,

since the
number of
middle floors
1s 3 and the

temperature 1s
higher.

Old apartment building New apartment building

13



Indoor air temperatures, Passive solutions: (1. Base case, 2.Manual blinds, 3.SP windows, 4. manual blinds and SP windows)

Degree hours
above 24 °C

Degree hours

Case 1

2320

Case 2

2196

Case 3

1617

Case 4

1550

above 24 °C
Casel| 952
Case2 | 862
Case3| 602
Case4 | 562

Degree hours
above 24 °C

Degree hours
above 24 °C

Case 1

1642

Case 1

793

Case 2

1472

Case 2

681

Case 3

577

Case 3

269

Case 4

542

Case 4

251
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Indoor air temperatures, Automated solutions: (. El. blinds, 6.El. openings, 7.El awnings, 8 Electrochromic windows)

Degree hours Degree hours
above 24 °C above 24 °C
Casel | 2320 Casel!| 952
Case5 | 1889 Case5| 703
Case 6 278 Case 6| 145
Case7 | 2034 Case7| 785
Case8 | 1694 Case 8| 630
Degree hours Degree hours
above 24 °C above 24 °C
Casel | 1642 Casel| 793
Case 5 815 Case 5| 415
Case 6 581 Case 6| 297
Case7 | 1056 Case7| 510
Case 8 610 Case 8| 280
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Typical days In each season

The average temperature of December, January, February,
and March (winter) is calculated and compared to the daily
average temperature of each day in these months, the closest
number to it, is selected as the typical day in the winter
Which is Feb 12.

* The same calculation is done in April and may and the
typical day in the spring is May 17.
* The same calculation is done in June, July, and August and

the typical day in the Summer is July 22.

 The same calculation is done in September, October, and

November and the typical day in the autumn is Nov 21.
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Base case

17

Buipjing uswiarede maN Buipjing uawitede p|O



Case 2, Manual blinds

18

buip|ing 1uswiaede maN bulpjing 1uswiaede p|O



Case 3, Solar protection windows

19

Buipjing 1uswiaede maN bulpjing 1uswiaede p|O



Case 4, Manual blinds + Solar protection windows

o
N

Buipjing Juswiiede maN buipjing 1uswiaede p|O



Case 5, Electrically controlled blinds

-~

2

Buip|ing Juswiaede maN buiping uswiaede p|O



Case 6, Electrically controlled openings
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bulp|ing 1uswlrede maN buipjing yuswiaede p|O



Case 7, Electrically controlled Awning
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bulp|ing 1uawirede maN buipjing yuswiaede p|O



Case 8, Electrochromic windows
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Results of the cases
without the active cooling
system




Indoor air temperatures, New apartment without the active cooling system:

Degree hours, Warmest bedroom

Degree hours, Coldest bedroom

Cases above | above

24 °C | 27 °C

Case 1 base case 14994 | 3938

Case 4 |SP+ Man.blinds| 10198 | 1636

Case 5 El. Blinds 12705 | 2568
Case 6 El. Opening 625 0

Case 7 El. Awnings | 13553 | 2770

Case g | Electochromic |, o0 5335

windows

Cases above | above

24 °C | 27 °C

Case 1 base case 12674 | 3159

Case4 |SP+ Man.blinds | 8100 | 1205

Case 5 El. Blinds 10557 | 2061
Case 6 El. Opening 224 0

Case 7 El. Awnings 11300 | 2208

Case 8 Electrochromic 9680 | 1775

windows
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Conclusions

» Considering the effects of each solution on district heat consumption of spaces and ventilation:

v

v

In the old building: The lowest district heat consumption is for cases with electrochromic windows and solar protection windows
with about 3% to 4% decrease (about 5 kWh/m?) because of the window low U value in comparison to the base case’s original poorly

insulated windows. Other solutions have no noticeable effect on district heat consumption with less than 0.5%.

In the new building: Cases with electrochromic windows and solar protection windows have an increase of about 3% (about 1.5
kWh/m?) in district heat consumption because of the reduction in solar gains in winter. Other solutions have no noticeable effect on

district heat consumption with less than 0.5%.

» Considering the effects of each solution on electricity consumption of space cooling:

v

In the old building: The lowest electricity consumption of space cooling is for cases with electrochromic windows and solar
protection windows, and electrically controlled openable windows with 62% decrease. However, the absolute value of this decrease is
small (1.4 kWh/m?). The electrically controlled blinds, electrically controlled awnings and manual blinds are the next effective ones
with about 48%, 28.6%, and 14.3% decrease, respectively.

In the new building: The electrically controlled openable window is the case with the lowest electricity consumption of space cooling
with 83% decrease. However, the absolute value of this decrease is small (1.9 kWh/m?). Solar protection and electrochromic windows
are the next effective ones with 30% and 20% decrease, respectively. Electrically controlled blinds, electrically controlled awnings, and

manual blinds are the cases with the highest electricity consumption of space cooling.



Conclusions
* Considering the indoor air temperature conditions in the studied bedrooms:

In the old building:

Range of degree hours above 24°C in the warmest bedroom with:
- The passive solutions: 542-1472Kh
- The automated solutions: 581-1056Kh

The order of three best solutions with the lowest degree hours:
1. Man. blinds +SP windows (542Kh)
2. SP windows (577Kh)
3. EL. openable windows (581Kh)

The highest degree hours are got with man. blinds (1472Kh).

In the new building with the active cooling system:

Range of degree hours above 24°C in the warmest bedroom with:
- The passive solutions: 1550-2196Kh
- The automated solutions: 278-2034Kh

The order of three best solutions with the lowest degree hours:
1. EL. openable windows (278Kh)
2. Man. blinds +SP windows (1550Kh)
3. SP windows (1617Kh)

The highest degree hours are got with man. blinds (2196Kh)




Conclusions

In the new building without the active cooling system:

Range of degree hours above 24°C in the warmest bedroom with:
- Man. blinds +SP windows : 10198Kh
- The automated solutions: 625-13553Kh

The order of three best solutions with the lowest degree hours:
1. EL. openable windows (625Kh)
2. Man. blinds +SP windows (10198Kh)
3. Electrochromic windows(11604Kh)

Degree hours above 27°C in the warmest bedroom with EL. openable windows is 0.

Comparing the results of the new apartment building with and without the active cooling system:

- The degree hours above 24°C in the warmest bedroom are significantly higher in the cases without the active cooling
system.

-  The amounts of decrease of the degree hours above 24°C in comparison to Base case, in the cases without the active
cooling, are more than in the cases with the active cooling by 3-8 %.
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Conclusions

* Comparing old and new apartment building:

v" Considering the indoor air temperature of warmest bedrooms’ duration curves, In the old building, the air temperature is
21°C most of the year and then it goes up to 26-27°C.While in the new building, it is 21°C in just about 500 hours of the
year and then it goes up to 25°C.

v The degree hours above 24°C in the bedrooms of the new apartment is higher than the old building’s in all the cases except
the one with the electrically controlled openings.

v" The middle floor is significantly warmer than the top floor in both old and new buildings.
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Overview of the study

Old and new buildings Main Goals
Envelope solutions v'To see the effects of each solution on
» Office cooling, heating, and lighting energy

* Window properties

EE— consumption.

v'To see the effects of each solution on
the indoor air temperature




Methods

Simulation tool Example building
- IDAICEA4.3 Finnish example building which has been used to show
* The simulation period: one year cost optimality of building regulations for European
commission.

Time resolution of the results: 1 hour.
Whole building simulation

Climatic data

Weather data: TRY (2020), Helsinki-Vantaa




Plan of the buildings

Top floor

v'6 floors
v'Heated net floor area; 5744 m?
v'Occupied hours: 7-18 weekdays

v'Window to wall ratio : 50%
v'Total Number of occupants: 307

v’ Average occupancy density: 1 per 20 m?

Meeting room

Base and middle floor



Orientation and surrounding of the buildings

v~ 8 similar buildings on each side of the building
v Distance between the buildings: 20 m

v’ The fagade with largest windows faces South.




Example buildings, Building properties

Building Properties

envelope properties

Window properties

Air
Orientation| Shading building U value (W/m2K Leakage | U value ST | Tvis alue External |Integrated Window
value (W/m'K) ds0 (W/mZK) vis | gval shading shading |opening
(m’/h,m’)
External wall 0.29
Old Total of § same Roof 0.23 6 21 | 058 074 068
building buildings on north, window
Base floor 0.37 : )
South east, south and indentation | None None
New west side of the External wall 0.17 5cm
buildin example buildin Roof 0.09 2 1 0.3 | 0.61 | 0.35
g P & Base floor 0.16




Example buildings, System properties

System properties

Setpoint Main ventilation Basic ventilation
Heating Cooling Mechanical cooling system District heating system 06-19 in weekdays . Daylight control
setpoint °C | setpoint °C (one hour before occupied hours) (unoccupied hours)

CAV
Office rooms 1.5 I/sm’
Meeting rooms 4 I/ sm’

Ideal space cooling, Space heating, 70/40 °C |Other rooms 1.5 1/sm>

Cooling in main AHU, supply air water radiators Night flush ventilaiton between 22-06 in weekdays (Sunday night to None

Old building temperature 16 °C (efficiency 0.8), Friday Morning) Apr_Sep, available when outdoor temperature

COP:2.5 Substation efficiency  |exceeds 12 °C, exhaust air temperature exceeds 23 °C, and the

(available between 06-19 in weekdays) |0.97 oudoor temperature is at least 2 °C bellow exhaust air temperature.
Heat recovery of 0.6 with defrost protection 4 °C (Minimum exhaust
air temperature after heat recovery)
SFP:2.5
VAV , |Lighting OFF (if

21 25 Office rooms 0.22 Ism” (if CO2 < 600ppm)-2 I/sm” (if CO2 > CAV, 0.15 Vsm daylight level at
pp All rooms

900ppm) workspace >
Meeting rooms 0.22 Ism’ (if CO2 < 600ppm)- 4 Usm® (if CO2 > 7001x)

Ideal space cooling, Space heating, 45/35 °C 900ppm) L.ightin.g fully ON

Cooling in main AHU, supply air water ra diator; CAV (if daylight level at

New building temperature 16 °C (efficiency 0.9), Other rooms 2 /sm’” workspace < 5001:)

COP:3
(available between 06-19 in weekdays)

Substation efficiency
0.97

Night flush ventilaiton between 22-06 in weekdays (Sunday night to
Friday Morning) Apr_Sep, available when outdoor temperature
exceeds 12 °C, exhaust air temperature exceeds 23 °C, and the
oudoor temperature is at least 2 °C bellow exhaust air temperature.
Heat recovery of 0.8 with defrost protection 1 °C (Minimum exhaust
air temperature after heat recovery)

SFP:1.8




Occupancy, lighting, and equipment profiles

Meeting room
Office room

Internal heat gains level:
« Lighting: 9.9 W/m?
* Equipment: 12 W/m?

Open office




Simulation cases

" Weather
Cases Description file
Base Case |Old-Base The reference case.
New-Base
. ) Old-West Orientation is changed 90-.
Orientation
New-West
. . Old-No site shading There is no building shading around the example building.
Site shading ; :
New-No site shading
Old-Manual blind Manual blinds between the outer windowpanes according to the occupancy schedule during whole year,
New-Manual blind all the windows except the atrium windows.
Passive Old-S.P windows Solar protection windows, U value: 1 W/mzK, g-value: 0.19, ST: 0.16
solutions  [New-S.P windows
Old-Manual blind & S.P. windows |Combination of manual blind and solar protection windows.
New-Manual blind & S.P. windows
Old-Auto blind Blinds between the outer window panes are in used when the intensity of inside solar radiation exceeds
New-Auto blind 100 W/m” for all the windows except the atrium windows. TRY 2020
Old-Auto External blind External blinds are in used when the intensity of inside solar radiation exceeds 100 W/m® for all the
New-Auto External blind windows except the atrium windows.
0ld-Openable windows 10% of the largest window of each external wall of each room (cross ventilation) opens when the outside
air temperature is between 12 °C and 22°C and the zone air temperature between 23 °C and 25°C. Not in
New-Openable windows the atrium.
Automated _ . . . ' ' _
solutions ‘ Electrically openable awning, Awnings on the windows without a balcony open when the wind speed is
Old-Auto awning less than 8 m/s and outdoor air temperature exceeds 15 °C meanwhile the outside solar radiation on the
vertical surface exceeds 100 W/m®. All the windows except the large atrium windows, small windows of
New-Auto awning the atrium at the street level have the awnings. Depth and height of the awning is equal to the 30% of the
window height.
Old-Electrochromic windows Electrochromic windows, U value: 0.97 W/mzK, when the outdoor solar radiation on the vertical surface
.. exceeds 450 W/m” the darkest state of the glazing is on ST: 0.29-0.01, g-value: 0.31-0.05, Tvis: 0.61. All
New-Electrochromic windows the windows




Break down of Energy Consumption, Old office building

Total annual Energy consumption, Old office building (KkWh/m?, a)

Old- Old -Manual Old-
System Old-Base  Old-West .Old_ . Manual O.l d-S.P. Blind&S.P. Old_. Old-Autg Old—ppenable Old -Auto Electrochromic
Nositeshading . windows . AutoBlind external blind  windows awning .
blind windows windows
Space heating 50.8 54.5 46.7 53.6 42.2 43.5 54.1 55.7 51.0 51.0 40.7
District AHU heating 47.0 47.3 46.6 47.3 47.5 47.5 47.4 47.5 47.0 47.0 47.5
heating DHW 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0
Total 104.8 108.8 100.4 108.0 96.7 98.1 108.5 110.2 105.0 105.0 95.1
Difference total (%) 3.8% -4.3 % 3.0 % -7.8 % -6.5 % 3.5% 5.1% 0.2 % 0.2 % -9.2 %
Difterence (space+AHU) (%) 4.0 % -4.6 % 32 % -8.3 % -6.9 % 3.7 % 5.5% 0.2 % 0.2 % -9.9 %
Space cooling 2.5 2.4 3.6 1.5 0.1 0.1 0.7 0.5 1.1 0.8 0.1
AHU cooling 2.1 2.1 2.1 2.1 2.0 2.0 2.1 2.1 2.1 2.1 2.0
Electricity HVAC aux 23.9 23.8 24.1 23.6 22.8 22.6 23.4 23.2 23.2 233 22.9
Lighting 18.6 18.6 18.6 18.6 18.6 18.6 18.6 18.6 18.6 18.6 18.6
Equipment 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6
Total 69.7 69.5 71.0 68.4 66.1 65.9 67.4 67.0 67.5 67.3 66.2
Difference total (%) -0.3 % 1.9 % -1.9 % -5.1 % -5.4 % -3.3 % -3.9 % -3.1 % -3.4 % -5.0 %
Difterence (space+AHU) (%) -1.9 % 24.7 % -22.0% | -53.6 % -54.4 % -38.8 % -43.6 % -31.4 % -38.1 % -53.9 %

Solar protection windows (tot. elec. -5.1%, tot. heating -7.8%)

e Electrochromic windows(tot. elec. -5%, tot. heating -9.2%)
Lowest district heating (Higher window U-value in comparison with the existing poorly insulated windows in old building)

First 3 lowest electricity consumption (low solar gains cause cooling of ventilation to be almost enough, and space cooling electricity to be nearly zero)

Solar protection windows with manual blinds (tot. elec. -5.4%, tot. heating -6.5%)
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Break down of Energy Consumption, New office building

Total annual Energy consumption, New office building (kWh/m?, a)
New- New -Manual New- New-
System New-Base New-West N v Manual NG.:W_S'P' Blind&S.P. New—' New—Aut'o Openable New —Auto Electrochromic
Nositeshading . windows . AutoBlind external blind . awning .

blind windows windows windows
Space heating 14.6 15.6 13.3 15.3 16.4 16.8 15.1 154 14.6 14.6 15.3
District AHU heating 7.5 7.6 7.4 7.6 7.7 7.7 7.6 7.6 7.6 7.5 7.6
heating DHW 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0 7.0
Total 29.2 30.2 27.8 30.0 31.0 31.5 29.7 30.0 29.2 29.2 30.0

Difterence total (%) 3.7 % -4.8 % 2.7 % 6.4 % 8.0 % 2.0 % 3.0 % 0.1 % 0.0 % 2.9%

Diftference (space+AHU) (%) 4.8 % -6.3 % 3.6 % 8.5 % 10.6 % 2.7 % 3.9% 0.2 % 0.0 % 3.8%
Space cooling 33 2.9 4.0 2.6 1.6 1.4 2.3 2.0 1.0 2.1 1.8
AHU cooling 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.6 0.8 0.8
.. HVAC aux 5.8 5.8 5.8 5.8 5.8 5.7 5.8 5.8 5.3 5.8 5.8

Electricity o

Lighting 16.2 16.9 15.9 17.4 16.2 17.4 17.0 17.1 16.2 16.6 16.2

Equipment 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6 22.6

Total 48.7 49.0 49.0 49.2 47.0 47.9 48.5 48.3 45.8 47.9 47.1

Difference total (%) 0.7 % 0.7 % 1.1 % -3.5% -1.6 % -0.4 % -0.8 % -6.0 % -1.6 % -3.2 %
Difference (space+AHU) (%) -8.8 % 16.0 % -16.8% | -41.6% -46.6 % -24.3 % -32.0 % -59.0 % -28.9 % -37.7 %

Openable windows (tot. elec. -6%, tot. heating +0.1%)

Solar protection windows (tot. elec. -3.5%, tot. heating +6.4%)

Electrochromic windows (tot. elec. -3.2%, tot. heating +2.9%)
Openable window is the best solution with the lowest electricity consumption and no change in district heating consumption.

Electrochromic and solar protection windows are with the next two lowest electricity consumption but an increase in district heating consumption due to the lower

solar heat gains.
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Results, Indoor temperature conditions

*

Y Warmest room with external windows, middle floor
(meeting room)
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Indoor air temperatures during occupied time, Site solutions
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Indoor air temperatures during occupied time, Passive and automated solutions, Old building

Cases with lowest energy demand (Solar protection windows with manual blinds, Solar protection windows, Electrochromic windows) have the most

comfortable indoor temperature conditions. Solar protection windows are slightly more effective.
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Indoor air temperatures during occupied time, Passive and automated solutions, New building

Cases with lowest energy demand (Openable windows, Electrochromic windows, Solar protection windows) and auto external blinds have the most

comfortable indoor temperature conditions. Solar protection windows are slightly more effective than the electrochromic windows.
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Conclusions

» Considering the effects of each solution on district heat consumption:

v In the old building: The lowest space heating is for cases with electrochromic windows and solar protection windows because of
high U value of the window in comparison to the base case’s original poorly insulated windows. Other solutions increase space heating.
The highest space heating is for cases with auto external blind, auto blind, and manual blind because of the reduction of solar gains

1n winter.

v In the new building: All the solutions increase space heating consumption. Cases with solar protection windows & manual blinds,
auto external blinds, and electrochromic windows have the highest district heat consumption because of the reduction of solar gains

in winter.
= Considering the effects of each solution on electricity consumption :

v"In the old building: All the solutions decrease space cooling. The lowest space cooling is for cases with manual blinds & solar
protection window, solar protection, and electrochromic windows, and auto external blinds.

v" In the new building: All the solutions decrease space cooling. The lowest electricity consumption is for cases with Openable
windows, manual blinds & solar protection, Solar protection windows, electrochromic windows, and auto external blinds.

v" Lighting electricity consumption is increased by using manual or automated blinds, automated awning, automated external blinds and
__ openable windows. Overall, the difference in total electricity consumption shows that Openable windows, solar protection windows

and electrochromic windows are the first three solutions in terms of total electricity consumption in the new building.



Conclusions

* Considering the indoor air temperature conditions in the warmest meeting room:

» Overall, new building is warmer than old building whole year because of well-insulated construction.

» Site solutions:

Removing the site shading significantly increase indoor air temperature while west orientation significantly reduce it.
» Passive solutions:

The most comfortable indoor temperature 1s for the case with combination of manual blinds and solar protection
windows 1n both the old and new building.

» Automated solutions:

Electrochromic windows and external blinds are the most effective solutions for decreasing indoor air temperature.
in both the old and new building.

In the new building, Openable windows significantly reduce the indoor air temperature.

» Comparison:

The case with lowest energy demand among passive strategies (solar protection windows) cause slightly more
comfortable indoor conditions in comparison to the case with lowest energy demand among automated strategies
(electrochromic windows) except for the openable windows in the new building.
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