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Ewoaywyr

Ta teheutaio ypévia Tapatneeitar pio parydador avdmtuén tou Internet of Things, evég dutdou ‘€Eunvwy
AVTIXELHEVLY TIOU €0LY TNV LBLOTNTA VO XATOVOOUV Xol VoL avTIBEoUV 0TI HETHBOAEC Tou TeplBdAhovToc.
Etvon iaitepo onuavtind 1600 yia Ty 0ovopia 650 xot TNV xowevio, xadde emTeEnel Ty emixovwvia
HETOED TV avilp®dTwY, TNV ETXOVWVIN avIp®TOU UE OVTIXEIUEVA XL TNV ETUXOVWVIA AVTIXEWEVOY UE
ko avtixetyeva. O xdopog yiveton 6ho xou To SlacuvOEdEUEVOS o ‘EEUTVOC™.

To ‘€€unva’ avtixeipeva tpoohduBavouy tnv mhnpogopla and T0 TepBIANOY GE HOPYT YPOVOGELOWY
péoa and toug aoInThpes mou SrdéTouy, xar ot cuvEyel 1 TANpogopia owth (Sedopéva) undxetto
oe avéivor. H cwoth Aettouvpyia toug Poaoileton oty cwoty enelepyacion xou avdAuGoT AUTOY TWY
YPOVOGELPMV.

Yny nopovoa epyacio ueheTHUNXAY SeBoUEVA YPOVOTELRMY TOL GUAAEYOMXAY amd auo¥NTheeS EYyXaTe-
otnuévoug oe avtixelpeva mou oy Tonodetnuéva oe xataothuata teaneloy. To dedouéva apopoiv
T Yeppoxpacia 0ploPEVKY BwuaTiwy, TNV evepyelox)| Xatavdiwon, ™y cboTaoy dloeldiou tou dv-
Ypoxa xan Lypaoctag otny atudéopopa xa. Axolobince enelepyocio Twv Sedopévwy xol ot cuvEyela
eQapuéoTXAY oploUévol alybprtuol TedBhedne wote va yehetndel 1 ueAlovTiny) cuumeplpopd TwY
YEOVOOELPWY. 3TN GUVEYELH, Ue BAom To. GQIAHATA TOU TEOEXUPOY UETE TNV EQURHOYY TWY HOVTEALY,
Byfxav oplouéva cuUnEpdopaTa OYETXE Pe To THoo axelPr oty TedBAedr| Toug elvan Tor povtéia ot
OYECT) UE TN UOPYPY| TWV YPOVOGELOMV.

Kiploc otdyoc tne epyociog eivon 1 UeAETN TNG CUUTERLPORAS TWV PWOVTEAWY TEOPBAEYNC we Tpog Ta
BLaPOPETIXG GUVOR BEBOUEVKV XL 1) AUTOUATY ETLAOYT| TOU XUTIAANAOU HOVTENOL GTOV EVOL YVOOTH
N Lop®H TNG Xeovooelpds. Xe avtivetn mepintworn, o éleyyog 6wV Twv ahyoplduwy elvor Wlaitepa
XEOVOPB0ROC Xal U1 TEAXTIXOG.

Extéc and ta pegovouéva povtéa, epapudo tnxay teelc pédodot ensemble mou cuvdudlouy Tic WBLOTNTES

TV ahyopllUeY ot TEOEXUPUY CUYXEXPLIEVE CUUTEREOUATA.






Abstract

In recent years there has been a rapid development of the Internet of Things, a network of “smart
objects” that have the ability to understand and react to changes of the environment. It is partic-
ularly important for both the economy and society as it enables human-to-human communication,
human-to-object communication and object-to-object communication. The world is becoming in-
creasingly interconnected and “smart”.

First, “smart” objects receive information from the environment in the form of time series through
their sensors and then this information (data) is subjected to analysis. Their proper functioning is
based on the correct processing and analysis of these time series. In this paper, time series data
collected from sensors installed on objects placed in bank branches were studied. The data concern
the temperature of some rooms, energy consumption, carbon dioxide and humidity composition in
the atmosphere, etc. The data were processed and then some forecasting algorithms were applied to
study the future behaviour of the time series. Then, based on the errors obtained after the applica-
tion of the models, some conclusions were drawn on how accurate the models are in their prediction
in relation to the shape of the time series.

The main objective of this paper is to study the behaviour of the forecasting models with respect to
different data sets and to automatically select the appropriate model when the time series format is
known. Otherwise, testing all algorithms is very time consuming and impractical.

Apart from the individual models, three ensemble methods combining the properties of the algo-

rithms were applied and some conclusions were drawn.
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1 Internet of Things

H évvoio tou Internet of Things eugavictnxe yio tpdtn opd 1o 1999 and tov Beetavo Kevin Ashton
xon epLéypope éva oOOTNUO and avTxelpeva mou unopolv vo cuvdedoly oto Bladixtuo Yéow aocdn-
ewv. Lhuepd, To Aladixtuo twv Ipayudtwy éxel e€elydel oe €va dnuogihn dpo mou meptypdpel Eva
‘Avouytd xou ONOXANEWUEVO BiXTUO EEUTVWV OVTIXELUEVMY TIOL EYOUY TNV IXAVOTNTO VoL 0PYOVOVOVTOL
autépata, va otpdlovtal TAnpogoples, dedoUEva Xal TOEPOUE, Vol AvTLBPOUY %o VoL EVERYOUV amEVOVTL
O XUTACTAOELS xou oAAayéC ato mepifBddhov’. To Awbdixtuo twv Ipayudtwy emtpénel v aviyvevon
X0 TOV AEYYO TWV OVTIXEWEVWY €€ AMOOTACENS, GTNY UTAEY0UCH UTOBOoUY) SIXTUOU, BNULOURYMVTAC
eLXOLP(ESC YIX IO UECT) EVOWUATKOY TOU QUOXO) XOOUOU OE UTOAOYLO TIXY CUC TAUAT UE BEATIWUEVT
anddoon xa axpifeto [1]

O Aé€eig ‘Awadixtuo’ xau ‘Ipdypata’ dnhcdvouy éva Blacuvdedeuévo tayxdouio dixtuo mou Baocileton
oe teyvoloylec aoUNTNELUXDY, ETLXOVWVLOXWDY, BIXTUAXOY ERYAOLOV Xou enelepyaoiog TANPOPOELOY
[1]. Eivou évo 8ixtuo mou emtpénet Ty emxowmvia ovdpdnov pe dvipnno, avipndnou pe avuxelpevo
X0l OVTIXEWEVOY UE avTixelyeva, Tapéyovtog plo povadud tautdtnta ota avixeipevo.[5] H teyvind tne
EXYOENONG LOVABIXAS TaVTOTNTAG Ot éva avTixelpevo ovoudletar ‘YooAx6 Lovadnd ovary veplo Tixd’
(UUID) »ou elvan omoipalTTo yLot T ETTUYNUEVY AVAnTUEY UTNEECLOY OE €va TERAOTLO BixTuo dTee To
ToT. Ta avoryvewploTind propel vo avogpépovton ot ovopata xou devdivoeie.[2]

Ta avtixelyeva Tou IoT unopolyv va teplAopBdvouy oyt HOVO NAEXTEOVIXEC GUOXEVES Xal TEYVONOYIX
TpoNYUEVa TPotoVTa, AAAS xou LT TOL YENCHLOTOLUVTAL XodNuepVd, OTwe elvar TpdpLla, polya, Emt-
That, aedpor xon xthplol. Exatoppdpta, axdun xon SLoeEXaToUbeLo Tedyortol WtogolV VoL EVEOUUT: Yoy
AMPOOXOTTA Ol ANOTEAECHATIXG, Ue amotéheoya To ToT va unopel va epapuoctel eupéwe oe toAlolg
topelc.[2]

Ytol mopamdvey ovTixellevo elval EVOOUUTWUEVOL ACUNTHPES XaL EVERYOTONTES TIOU GuVdEovTaL UeTAED
TOUC UECK EVOURUATMY ot aAoUPUATWY BixTOwY. OL cuoxeuéc umopoly vo awodoaviolv and to neplB3dn-
AoV %o Vo EmXovwYioouy Ye auto. Ol Thnpopople Tou GUAAEYOVTOL TPOWVOUYTOL OTY CUVEYEL Yid
avéiuor. Autd mou elvon Wlaftepo enavaoTaTind eivan OTL AUTE ToL GUC THUATO TANEOPOELOY dpY(louy
TOEO VoL AVATTUCCOVTAL X0l HEELXE ol aUTA Vor AeLToupyoly, oxourn xou o€ Yeydho Badud, ywels tnv
avdpdrvn topéuPoon.[5]

O avodudpeveg aclppateg awodntnploxés teyvoloyieg €xouv emextelvel onuavTixd Ti¢ ouodnTneloxég
BUVITOTNTES TWV CUOXEVWY X0l WS eX ToVTOL 1) apytxn €a tou IoT enextelvetar xou oto nepiBdiioyv tng
TEYVITAS VONUOGUVT] X0l OTOV aUTOUTO €heyyo. Méypl onuepa, évac pueydhoc apndude and teyvoroyieg
eumiéxovtan oto IoT, 6nwe o aclppatoc awodnthpag, dixtua, yeaupwTtol xMIXeS, EEUTVY aviyveuor,
RFID, NFC, aolppotes emxovmvies yaunhfic evépyetag, cloud computing xou mohhéc dhhec.[1]

H teyvoloyun mpdodog @épvel teyvoloyixés npoodoug xan oto Internet of Things, to onolo Va o-
noteAéoel TN ‘Véao yevid’ tou Internet, oto omolo Yo elvon epixt 1 TEdoPac oTo PUOLXA AvVTIXEUEVA
péoa amd 1o dadixtuo [1]. To IoT enextiveton Torydtata Ue TIC EXTIWACELS VoL avapépouv 6Tt Yol €ouv
Toryxéopa oxovouxt| enintewon éwe xat 11,1 tpioexoatopudpta doldpla etnoiwe uéypt to 2025.[3]

M xplown anaitnon tou elvon 1 SLOAElTOUEYIXOTNTO PHETAED ETEPOYEVHV GUGKEUWY, EVE) ETUTAEOV 1|

OPYLTEXTOVLXY) GUC TNUATWY TOU TEETEL VOL GUVBEEL TOV PUGLXO UE TOV ELXOVLXO XOGpOo. Axdua, AOYw Tou



YEYOVOTOG OTL ToL AVTIXE(UEVO UTOPEL VoL XtvolvTaL YEOYEaPIXE xou var Ypetdleton vor odAAhemidpoly oe
TEAYHATINO YPOVO, 1] AEYITEXTOVIXY) TOU Vo TEETEL VoL elval TROGUPUOG TIXY Yol VoL Xt T TIG CUOXEVES
avéS vor GAANAETUSPOUY pe dhhar avTixelpevo duvaixd. [1]

To dixtuo 610 OMOlO GUVBEOVTOUL Ol CUOXEVEG UMOTEAE(TOL OO OploPEVaL ETUMEDN UE DLUXEXPUIEVES AEL-

Toupyieg, EmMTEENOVTOC TEMXE TNV OTOUTOVUEVT BIOAELTOVEYIXOTNTA HETAEY TV GUOXEUMYV:[2]

e To eninedo aviyveuone oo onolo elvan evowpatwuéva oo tar dardéoylor aVTIXEEVA Yl TNV O-

{odnom e xatdotachc touc.[1]

Abyw tou yeydiou aprtuod Twv aodnTheny o TOAITAOXES EQPUPUOYES CUCTNUATWY, Ol EEUTVEG
ouoxevéc Vo Tpémel vor oyedLElovToL (MOTE VoL EAAYLOTOTOLOUY TOUGC ONALTOVUEVOUS TOPOUC XOol
10 x60t0¢. Emmiéov, ylo Tov oXedlaoud Tou emmédou aviyveuong elvon onupoavtixd vo Angiel
unédn to yeyovée o6t to IoT elvan etepoyevée, ot o Sedopéva mou Vo mpoxdouv meénel va
elvon mpooPdoor xon avonctiowor xon 6T Tor avTixetueva elvon opyavwuéva oe dixtua. Téhocg, ot
acInThpes ogelhouy vo dladétouv VPN evepyelaxt| amddooT ool elvor GUVEY WS EVERYOL, HOTE
Vo amoxtolv BedoUéva o TEaYUATIXG Yeovo ot Vo oo tnellouv 0 cUVOTUEEY SLPOPETIXGDY
emxovovody 6nee eivow o WLAN, ZigBee xou Bluetooth.[1]

e To eninedo duxtVou, Yior TNV UTOGTAREN TWV AGUEUATOY 1} EVEUPUITOY GUVIECEWY PETIED TwV
npoypdTov.[1]
To eninedo duxtbou mopéyel oTa avTixelpeva 0 dBuvaTéHTHTA Vo polpdlovTon Tar Bedouéva Ye Ta
umoloitor GUVSESEUEVaL avTixelpeva. Auto elvon amopaitnTo yio TV E€unvn Suayeionon xou TV
ene€epyooio v dedopévev oo ToT. T'a vor AettoupyHoet opahd xon 66oTd OUwe, elvor oNUovTNd
Vo OVTWETWTOTOVY {ntiuato émwe elvon 1 evepyeloxr) anodoon Tou Sxtiou, ol Teyvoloyleg

eZbpuing, enclepyacioc xar avalftnone Sedogévmv xou oNudtey, 1 ao@dlela xat o andpento.[1]

e To eninedo unnpeocudy yia 0 dnuovpyic xou T dtayelpnon twv uTnEecLdY Tou arontovvTaL. [1]

‘Evo mpaxtixd eninedo unneeoicdv anotehelton and €va ENIYLOTO GUVONO XOWVMY AMOUTACEWY TWV
EQOPUOY WYV, TV dlacLVIECEWY TEOYpauUaTIoNoL epappoy®y (API) xou twv mpwtox6Awy Tou
unootnE(louy TIC anUuTOVUEVES EQUPUOYES xou uTtnpesieg. ‘OAeg ol BpaotneldTNTES TOU APopOVY
g unnpeeoieg, omwe elvon 1 avtahhay) TANpo@opLdY xan 1 anodrxeuoT), 1 diayelpior dedouévwy,
N Bdomn Sedouévwv,ol unyavéc avalAnone xat 1 emxowvevia, TeaypaTtoTolovvIal 6To eninedo
utneeooy. [1]
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e To eninedo diemagric o onolo anotehelton amd TiC amopaitnTeg YePOBOUC 1| EQAPUOYES YiaL TNV
OAANAETBPUOT TV AVTIXEWEVWY PE Toug YprioTes.[1]
Fevixd, eumiéxetan yeydhog aptipds cuoxeudy Tou TapéyovTal and dlopopeTnols npoundeutés,
%o €TOUEVKC Bev axohovBolv mdvta ta (Bia tpdtuna. To {htnua g cupPatdtntog PeTaEd TwY
ETEQOYEVAY OVTIXEWEVODY AVTIIETOTILETAL UE EVOY OMOTEAEGUATIXG UNYAVIOUS Blemapric, HOTE Vol

ETUTPETETOL 1) vTOAAY N, 1) ETovmvia xou 1 eneepyaoio oupfBdvtwy(events).[1]
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Yyhua 1: To eninedo IOT[1]

To teheuvtola ypovio 6Ao xau TEPLEGOTERO AUEGVOVTAL OL ‘€EUTVES’ GUGKEVES, UE AMOTEAECUA Vol omonTe(Tan
ey voloyia mou vo umopel vor avahboel xou v amodnxedoel to dedopéva ue anoteAeoudtino tpémo. Autr
n Tevohoyla eivan To cloud, plo mAatpdpua tpocBdoiun onoldnoTe oTLYUn Xou and OTOLdHTOTE YEPOC,
TOU ETUTEETEL TNV XOWT YEHoN Topwv UeTald Twv avixewéveoy. To cloud computing anotekel éva
onuovtd pépog tou IoT apol napéyel ) Suvatdtnta avEnuévng toydog encéepyaciog Twv dedouévmy
7oL AauBdvovTal amd Toug Ao UNTAPES Xa oYETA XA amo¥nxeuTh Ywentotnta. Enlong, xadhotd
et TNy enéxtaot Tou Internet of Things xou Ty avdntuiy Tou oe ueydin xhigoxa, SlacuVdEovTog

TIC CUOHEVES UE EXaTOWpLo ouotnthgec. [6]

Internet of Things

Eyfuo 2: Cloud and Internet of Things[4]



Yy nopoloa epyacio ol yetprioelc mou yenotponoiiinxay npoéxuday and €vo GUVOAO GUGXEVWY TOTO-
Yetnuévey oe xatoo Thuato Teanelny, anoteAolueva and cuc Thuato aotntiewy. O awodntrpeeg autol
€YOLY TNV XAVOTNTA TaEAXOA0UINCNE PUOIXWY 1 TERBAUAAOVTIXGDY cUVINXOY, OTwe elvon 1) Yepuoxpa-
ola, o fyog, ol xpadacyol, n tlean, N xivnorn ¥ ot pbrol. Tétol oG THYATE AUGUNTAPWY YENCLLOTOLOVVTAL
oLy V4 o o€ dhhoug Topelc dmwe elvan 0 oTEATOC, N LYElovouxt] teplduldn xou 1 aviyveuor Sacixwy
TupxayLV. [1]

Ev xotaxheldel, to IoT emtpénetl m culhoyy|, Ty anotixeuon xou T UETABOCT) TANPOPORLOY GE AVTL-
xelpeva ta onola etvon e€onhiopéva e awodnthipes. “EEunva avuxelpeva’ €youv ypnowlonomiel eupéng
yioe Ty epBodhovTin mopaxoholinoy, 1o Aovixd eundplo, TNy vyelovopy| tepldoddm, T Prounyoavia
TpopluwV xou eototopiwy, Ty TadlBlkTin) xa Tovple Ty Blopnyavia xar toAole dhhoug Topelc. (7]
Etvow gavepd 6t to IoT elvar mohd onuovtind yio Ty owovopio xar Ty xowwvia. Oo cuyfdhel
ONUAVTIXE OTNY AVTWETOTLOT XOWWVIXDY {NTNUdtwy 6Tne elvar 1 mopaxohobnon e UYELOVOUXAG
nepidardme, n mopoxohoVinon e xadnuepvic Lwhc xat 0 EAEYYOC TNG XUXAOPORLUXTC CUUPOENOTC.
Méow tou Awdixtiou twv Ipayudtwy, o xécuog yivetow 6ho xou TO BLACUVOEDEUEVOS O EUGUAC.
Anuovpyolvton TepdoTiec TooHTNTES JEBOUEVWLY, EVE T0 xdoToC anodixeuone yewhvetar.[3]

T vau mparypatononoiv duwe dha tar mopoamdves xou vo a&lonoindel oto péyioto 1o Aladixtuo Twv
Tparyudtwy, elvon anapaitnTn 1 66O TH ASiTOURYI TWV CUOXEURDY, UE apYLX6 BUd TNV 0woTY avalucT)

xou TEOBAedn TV dedouévmv eloddou (Ypovooelpy) and Toug aodnThpe:.



2 Ewaywyr otig Xpovooelpég

O1 ypovooelpéc anoteholy piot GUAROYT amd TORAUTNENOELS TOU €xouY GUlkeyVel ue Bdon T ypovoloyi-
%1 Toug 6e1pd.[8] To clVORo TV GTATICTUXMY PEVEBWY YLt TNV AVINUCT] TV YPOVOCELRMOV oVapEPETIL
w¢ ‘ time series analysis ". H npdBiedn twv ypovooeipdv etvan 1 Slodixacior xotd Ty onola avaAbovTon
o dedouéva Toug, UE OXOTO TNV AVAmTUEN HOVTEAOU TOU TEPLYPAPEL TNV UTOXEWWEVIXT O)€oT peTadd
TOUC oL, TEMXA, UE BAOT aLTH TO HOVTEND, TNV TPOEXTAUOT] TNG YPOVOOELRES 6To WEANOV. (9]

H cwoth avdiuon xou ol cwo tég mpofiédelc eivon okl onuavTixég o TOANOUS TOUE(C TNG EMOTAUNG, TNG
Blopmyovixhc, TG ELTORIXAC XL TNG OLXOVOUIXTAC Spao TnpldtnToc, xotoe, ue Bdorn autée, ol utebuvol
yioo T AP ano@doenmy exTioly HEAROVTIXES EUPAVICELS OO TOYLOY CUCTAUATOS Yol TOV TEOYPOLUO-
Tioud népwv, 1 dayeipion amodeudtov xou TNy avdnTulr peaho Ty Toltxmv.[10] To anotélecya
ulag evépyelag, dev pmopel va elvol YVooto mpty and Ty tpaypatonono g, Ue oxplBeia, oAl 1 Sladi-
xaola e TedBAedng mpocVétel pla onuayTIX: TANEOQORia Yo AUTO, UELDVOVTAS TO ploX0 TN andpacng
Tpaypatonoinong Tne.

Ta Sedopéva Wiag Yeovooelpds PeTofdAhovIan Ot YpovohoyXY| Oelpd xotd Tn Sidpxelo piag mepléddou.
Edv ol eyypopéc evowuatdvouv neplocdTepa amd Eva yopaxtnelo txd 1 uetaBAntéc, 1 oelpd ovoudletat
nohuueToBANTY yeovooelpd. Ye avtiletn neplntwon, ovopdletan wovouetaBinty. EmnAifov, ol ypovo-
GELPEC UTOPOUY VO BLoy weLo TOUY 8 GUVEYELC Xou Blaxpltég. L TiC CUVEYELS, 1) TORATHENOT TWV SESOUEVWY
yivetol Ge GUVEYY YPOVO XUTd T BLdEXELY LaS TEPLODOU, EVE) OTIC DLUXELTES, N TUPATHENOT TWV YEYO-
VOTWV TPOYUOTOTOLE(TOL GE GUYXEXPLUEVOUS YPOVOUC 1) OE YpGVOoUC oL anéy oLV (0ec anooTdoels HETAED
Touc. [11]

Ioe ) Baddtepn xatavémon twv Ypovocelpdy elval onpavtixd va avapepdoly oploéva omd Tor Yopo-

XTNPLOTLXA TOUC.

e Trend-Tdon

Tdom elvan éva potifo mou mapatnpeeiton oe uio ypovinn teplodo xou exppdlel Tov péoo puiud yeto-
Bolfic tng ypovooelpds ae oyéan e To xedvo. ANAOveL TNy TéoT Twv dedouévev poxponpdicoua
yiow a0€non 1 pelwon. Avodur| tdon unodnhovel adEnom, eved TTwTxy tdor Uelworn. Aev eivan
anapaitnto 6Tt Yo axolovdeiton aLENTix 1 UELWTXY Tdon oe AN Tn Bidpxeld TG TAUPATHENONC.
Ot ypovooelpéc oTic 0ToleC 1 CLVAPTNOT TNE TAoTNC TaEoPEVEL oTadepy| UE TO YPOVo ovoudlovtol
ototinéc.[11]

Y& TOAEG TEQITTWOOELS, TO EVOLOPEROY ETMUXEVIPWVETOL GTNV XATAVONGT TNG €EEMOOOUEVNE TAONG
xan TNy TEdPBhedr) e, xadde 1 mpdfAedn oe cuyxexpipéva onuela dedouévwy umopel va mpo-
opépel xpd TA00C TANPOPORLY CYETIXA PE TN onpactohoylo xat Tr Suvouixy) Tng uroxeluevng
dradixaciac, ol napatnehcelc tne onolac oynuatiouv tn ypovooelpd. [12]

e Seasonality-Enoyixotnta
Emoyuétnra eivon évar dAAO Yopoxtnelotixd tev yeovoaelpmy. Exgedlel ulo teptodur| Sloncduov-
on 6oL 1o (Bo potifo eppavileton ot éva ypovixd ddotnua.[11] T tapddetypa, enoyxdtnTa Yio!
unviokeg Tyée epgpaviCetar 4Tay TaURATNEHOELS UE Blapopd BEOdEXA UNVOY cuoyeTi{ovTal Ye XAToloV

tpémo. [13]



H enoywdtnto propet va eivon npooetiny| (additive) ¥ todamhaotootixy (multiplicative). Ilpo-
odetin) yopoxtnelleton 6tav 1 oepd eppavilel otadepéc emoylaxéc SLUXUPAVOELS, aveEdpTrnTa
and 0 GLUVOAXO eninedd TNG. LTNY TOAATAAGLIG TIXY), Ad TNV GAAY), TO HEYEVOC TWV ETOYLUXMY
Brouudvoewy TodAhel, avdloya Ue To cUVOAxS eninedo g oelpde. [10]



3  Avaxdiuvdn yvoorng oc BAcelg GE0OUEVLYV

H avoxdiun yvaone oe Bdoewc dedouyévwy (Knowledge Discovery Database/KDD) oplotnxe apyixd,
10 1991, we N e€oymYN TEONYOLUEVOC Gy VWO TOV Xol SUVITIXG YENOLLWY TANEOPOELOY ond dedouéva.
To 1996 o oplopdc e e€eiydnre ot Sadixacior avary vdelone €Y XUV, TEMTOTUTKLY, SUVATIXA XeHot-
MWV Xal TEAXS XoTavonToY potiBwy N yvohoeny oto dedouéva. H daduacta auty teptlopBdverl ToAAég
pedodouc. [15]

Ti Data Interpretation/

Pre- rans-
Selection processing formation Mining Evaluation
Ze G s e (|, i, g

Target Preprocessed | Transformed Patterns Knowledge
Data Data Data

Eyfuo 3: Knowledge Discovery Database[16]

3.1 Ilpoenegepyacio dedopEvwy

O ypovooepéc etvar éva chvolo and dedopéva tonodetnuéva oe ypovoroyuxr oepd. Avagépinxe oc
TEONYOVUEVO XEPEANLO 1) onpacio cwotic avdhuone xo tedBredric Toue. Ilpw dume and tic dadixaocies
autég, elvon amapoitnTn N enegepyaoio Toug.

H rpoeneiepyacio dedouévev ypovooeipde nepuhapBdvel o axdhouda Bruato:[17]

o Anoudxpuvorn tou YopiBou and ta dedopéva, Ue TEXVIXES TTOU YenotponololvTo TNy encéepyaoio

onudrtwy [17]
o Koadopioude evée cuvbhou and yopoxtnploTind Tou neptypdpouy to dedouéva [17]

o Xwploude e ypovixnc xhipaxos oe Sloothyota, wote ot xdde didotnua vo xodoplleton xan pla

CUVEETNON YL TAL YUPOXTNEIOTXE TOU GUVONOUL oE autd [17]

o EZoywyr ouufBdvtwv(events) and Lebyn napoxelyevwy Sotnudtmy xou dnwovpyia wog Bdong
dedopévev omd events. Elvon duvatév va emBandel éva cuyxexpiuévo 6plo ehdytotou Ypovou

petagd Stadoyxdv events. [17]

ITio avauTind 1 xOpla pédodoc tng npoemelepyaotac etvar 1 exxaddplon dedopévwy.

3.1.1 Exxaddptor dcdopnévwyv

H exxaddpion dedopévwv (Data Cleansing) efvon pa Swdixacio tov cuvdéeton dueoo ue Ty andxtnon
X0 TOV 0plopd dedoPévmy 1) eQupuoleTon €x TV LOTEPWY PE oxontd TN BeAtinon Tng ToLeTNTAS TWV

dedouévwv oe éva undpyov cbotnuo. HepthauPdver tpeic @doeic:[15]

o Kotopiopdc xou mpoodioplonde TOMemY oQaAUdTey



o AvalATtnom xaL avory vEORLoT) TERLTTWMOEWY GPUAIATODVY
o Aibpdwon opoludtny

Ko ot tpeic autée gdoeic anoteholy éva cOVIETO TROBANUO XoL VLot TNV AVTIUETOTLCY TOU UTopoLy Vo
EQUPUOCTOUV [Lol HEYAAN Towhia and eZedixeuuéveg pedodouc xou teyvoroyiec. H tpltn @domn eivon
7o\0 30ox0hn v avtopatonondel extdc evoc auoTNEoy xou xohd xadoplouévou topéa. [15]

Avotuyde, oty emo TN e TANpogopxic €xel mpaypatonomiel ehdylotn Boaocixr épeuva oL GYE-
tiletan dueco Ue TOV EVIOTIOUS GPUAUGTLY xal TOV Xxaduplopd Twy dedouévwy. Aev €youv axoun

dnuootevdel cuyxpioeis Texvixdy xou pedddwy xadapiopol dedouévmy oe Pddoc. [15]

3.2 Xepiopog eAAelnovioy dedopévey (Handling Missing Data)

ITohh& ovoha dedopévey tne mpaypatxic Cwng elvon Ay, dnAadr Aclnouv oploUéves TIHES TwV
YOEAXTNELOTIXGY. Mepinée TIES YapaxTnELoTIXGDY Bev xotaypdpovTon eneldy) elvan doyetes, eVe dAAeG
QopEC Aelmouy TIEC YopaxTNELoTIX®Y eNeldr) Eexdotnxay 1 Tontovdethdnxay 6To cUvolo, ahhd apydTEQY
drorypdipnuay xatd Addoc. [15]

Fevixd, ov pédodol yior TOV YELPLOUO THIWY ToL Aelmouy, avixouy eite ot Bladoyixés uevddoug, eite oe
nopdhhnhec. [15]

O duadoyxég pédodol tepthopBdvouy teyvixéc mou Bacilovton ot Slorypapy| TV EYYEUPHY TWV OTOlwY
oL Tiéc Aelmouy, avTiXaTdoTooT) WaS THAS ot TNV TULO XOWVY T AUTAS, AVTIGTOYLOT OAWY TV TV
TV o€ exelvn mou Aelmel, avTiXATdoTaoT) TNE PE T0 PESO 6p0, EXXDENOT TNG AVTIoTOYNG TWAS TTOU
AowBdveton and v mAnoiéotepn. [15]

H beltepn oudda pedodwy mepihoufBdvel exelvec otic omoleg Aopfdvovtal unddr ol eAhelnoloes TWES

TWV YOPOXTNPLOTIGOY xotd TNV dladixasio andxtnone tne yvoone. [15]

3.3 Meiwon Awxctdoewy

Ou ahydprdpor e€6puine Bedouévmv yenowonolobvton yiot TNV avalATnoT OUCLACTIXWY TEOTUTWY GE
cUVoAo oxatépyactwy dedouévewy. H didotaon, o aprdudc Twv YopaxTnelo TiXMV TwY cUVOAWY dedo-
pévwy, anotehel coPopd eUTOBLO Yia THY ATOTEAECUATIXOTNTA TV TEPLOGOTEPWY alyopliuwy EEbpuing
Acdopévov. Teyvixée opxetd anotelecpatinée oe Yoaunhéc Bloo TIoElS BV Umopolv Vo TaREYOUY OU-
oo TiXd anoteléopata bty 0 aptduds TwY eYYEUPDY UTEBLVEL Evar 6plo YoEAXTNELO TIXGDY. [15]

O aryoprduol e€6puEng dedopévwy elvon urohoylotnd anartntixol. To x6cT0C Toug elvon GuvdpTnom
e YewenTin g TOAUTAOXOTNTAS TOU HOVTENOL Tou aAyopiduou xau cuoyetileton pe Tov Ypeévo mou
omoute{tan yior TNV EXTEAEST) TOU Xou PE To éyedog Tou cuvdlou dedouévwy. [15]

Trdpyouv Téooepic x0ploL AdyoL yia Toug ontoloug TOAAES Popég 1 Helwor TNG BLEG TUoNE TWV BESOUEVWY
xardlototon amapafitntn. Autol elvon 1 peiewon Tou xdotoug pdinong, n adénon tng amddoong wdinong,
7 pelwon doyetwy Slotdoewy xou 1) pelwor Teptttdy dootdoewmy. [15]

H pelwon tov neplttdv o doyetwy dotdoeny ywpeileto o 800 vrnonpolifuota: [15]



o Emioyy| yopaxtneloTindy

O otéy0¢ NG EMAOYAC YOEUXTNEIC XAV EIVAL O EVTOTLOUOEC OPIOUEVWV CNUOVTLXMY YUEUXTNOL-
OTIXWY 0TO GUVOAO Oedopévwy xat 1 amopeldn twv utoloinwv. H Swadixacia emhoyhc yopo-
ATNPLOTIXWY UELOVEL T1) SLEICTAOY) TOU GUVOAOU TV BESOUEVGY %o EMITEETEL OTOUS ahybpLiuoug

exudiinong va hertoupyoly ToyOTERA X0 O OmOTEAEGUATIXG. [15]

o Emioyy eyypapv

Opiopévec eyypapéc unopel va Bonidnoouv xohltepa ) Sladixacio pdidnone omd dhkeg, omdte

yiveton emAoY Twv o onuavtixdy. [15]

3.4 Awxpitonolnor AcdouEvwy

H Swxprtonoinon etvan par Saduasio eneéepyaciog Se8ouévmy mou UETOTEENEL To TOCOTIXE BEBOUEVL
oe nootd. Tic teplocdTepec Popéc oL ahyopLiuol e€6pLENG YENOLWOTOLOUY TOCOTIXE dedopéva, duwe
OPIOUEVES POPEC ElVOL SLULOPPWUEVOL YIoL TOV YELPIOUS TOLOTIXEY. [15]

H o€ohéynomn towv ahyopidumy éyet Setlet 6tL ouyvd 1 Slaxpitonoinon Bondd otn Behtiwon tng anddo-
one TS PEInoNne xat oTNY XoTVENGN TWV PoNoLIXGY anoTeheoUdTey. [15]

H Sioxpitonoinoy, ouclaotixd, evodver TIC TpoyUoTixéc epapuoyéc e£6puing dedopévmy dmou xuptap-
Y00V 1o T0COTXE Sedopéva, Ye Toug aAyoprduoug uddnong, ol meplocdtepol amd Toug omoloug elvon
o éunelpol ot udinon and mowouxd dedouéva. (dc ex toltou, N daxprtonoinon mailelr onpavTixd
péro oty EEbpuén Acdouévev xou oty avaxdiudn tne yvaong. Atagopetixol akydprduot udinong
amoUTOUY SLIPORETINES G TEATNYIXES Blaxpltomoinang. Aev elvol peaAloTixd Vo ETUBLOXETOL iot xaJORxd

Béhtiotn npocéyyion Sxpitonoinone. [15]

3.5 E&opuirn Acdopévwv

H eZ6puén 8edopévwv (Data Mining) ebvon 1 Baowxr epyooio oty diadixacio tou KDD. IlepuouBdvel
TIC UTOAOYIOTIXEG TEYVIXEG TIOU €YOUV W oXoTo TNy e€aywyT| yehowou potifou 1 yvoong amd o
dedopéva, o cuvhdwe exppdleton Pe TN popP TEoYVwoTixol 1 Teptypapxol yovtéhov. [18]

H ¢Z0do¢ evog olyopiduou eZ6puine dedouévmy eivon tumixd éva potifo 1 éva cUvoro potiBwy mou
nephapBdveton ota dedopéva. Mo e€orydel, auti 1 yvdom unopel va a€omomel xau vo yenouyromoundet
yioe T An anogdoewy.

Yy e€6puin dedopévwv yenoiwomoolvtal to tpoetelepyaouéva dedopéva yior var dnutovpyniel éva
HOVTENO TIOU TEQLYPAPEL T1) CUUTIEPLPORE TWV YPOVOTELRMY. 2T CUVEYELN EEAYOVTAL XAVOVEC CUCYETIONG
omd To LOVTENO xou YiveTan ETUXVPWOT TNS TROYVWOTXAS axpifelac Tou woviéhou. [17]

O epyaoieg e€dpulng unopel va elvan elte mpoyvwotxég elte neptypapués. Ol nteplocdtepeg Poaoilovton
oTN WV HAINom Xl TN OTATLOTIXY.

o Yty mpoyvwotix e£6puln dedouévwv npaypatonoleitol eoTidon 08 Uid GUYXEXPLLEVT WBLOTNTA 1

YOEAUXTNELOTIXG, TOU OVOUALETAL YORUXTNELOTIXG GTOYO0G 1) AvTIXEUEVO TwY dedouévwy. Me Bdon
TS TLES TOL YOPAXTNELOTIXOV GTOY 0V, XataoxeLdleTon Eva Hovtélo TpdPBAedne mou elvar oe Véon

vo tpoPA€det Tic Tipée Tou oe véeg Tepitwoelc. O tOnog Tou povtéhou e€aptdton and Tov TUTO TOU
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Yoo TnEloTo oTtoyou. Edv elvon ovopaotind, Yo napoydel uoviého ta€ivouncng, eved av eivan
aprdunTd, Go mopaydel éva povtého noAwdpounonc. Iloupadelyyota TEOOYVWOOTIXGY TEXVIXOY
elvou: xovévee mpoBhedme, BEvTpa amoPdoewy, TEYVNTA VEUpWVIXA dixTua, HovTéla Baciopéva oe

nopadelypoto xou podnuatixés ellomoetc. [18]

o Yy meptypapuxr] eE6pUETN BeBOUEVWY DEV UTEPYEL CUYXEXPUIEVO YORUXTNELOTIXG GTOYOU. XXO0-

né¢ ebvan va yivel xotaoxeur evég mEQLYPAPLXOY HOVTEAOL TOU TEPLYPAPEL EVOLAPEPOUCES HOVO-
voTtnTeES ot dedouéva.  Oa elvon éva oOvolo pe undpyoucec cucyetioel YeTald TwV Yopo-
ATNELOTIXWY.  Anhady), éva oOvoko cuGTABWY 6Tou xdlde cuCTAdA TEPLYPAPEL €Vl UTOGUVONO
TOEOUOLWY TEPLTTWOOEWY, €val ThovoTixd Yovtého, Tou meptypdpet Tic mdavotixés e€upThoEl Ue-
g0 v yopoxtneloTiedy. Teyvixée yia v meptypapnt) e£6puln dedouévwy mephauBdvouy
xavoveEG GUOYETIONG, BEVTEO opadoTonong, enextaTixy ogadononorn xou Tdoavoloyind HovTéAd.
18]

H

Eyfuo 4: (a)Descriptive (b)Predictive Data Mining [18]

3.6 Eppnvela TV dedopévmy

H epunvela twv dedopévwy Data Interpretation mepihopfBdver tn diaduacio “anoxpuntoypdgnong’ twv
TEOTOTLY oL avaxohD@ONXaY oL EVOEYOUEVWC TNV ETUOTEOYPY GE OTOLODHTOTE ONO TA TEOYYOVUEVA
Briuara, xadde xou mdavy ontixonoinom twyv e€ayouevwy Lotifuv, apoipviag Teptttd 1 doyeta potiBa

ol PETAUPEALOVTOC To YPHOYLA UE 6pOUC xaTovonTols and Toug ypRotee. [19)
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4 Oplouodg Tou TEoBARuATOS

Ytnv mapovoa gpyacia mpaypatomoljinxe ueAétn dedopévwy mou €youv curheylel and éva chvoho
GUOXEL®Y ToL avixouv oto Internet of Things xau elvon ToroVetnuéva oe tplar xatao ThYoTa Tpanelmy.
To dedoyévo auTd €xouv TN HOoPPY YPOVOOELPMY ot apopoly T1) depuoxpacia dwpatiwy, TNV Yétenon
tou feedback, v ohixr] apuovixy ToEUUOEPWST) TACNS OTO POTIOUS, TNV XATAVAAWOT) EVEQYELNS XAl
Loy 0o¢ xou TNV PETpnon Tne uyposiag.

Agob mpaypatomofinxe neplypapy| TNG HORPPHE TOU EXAGTOTE GUVOLOU Jedouévwy, axoholinoe 1 Slo-
duaoto tpdBiedne. o Ty npdBiedn yenowonotidnxav yepxol ototiotixol alydpiduol, Lovtéla veu-
POVIXAY BIXTOWY, 0 ahyoprdpoc tou Facebook, Prophet, to XGBoost xoaw 0 Random Forest. Emniéov,
perethUnxe wia mopadhoryr) Tov Random Forest. Me Bdon to anoteréopota mou mpoéxuay emdidyydn-
xe vo e€ayYolV OpIOUEVO GUUTERACUATA OYETIXG YE T1) CUUTEQLPORE TWV TAUPATANVE oAYOpLiUWY e
TPOC T YUEAXTNELOTIXE TG THONC YOl TNG EMOYIXOTNTIC TWV Ypovooelpnv. T'a ta cupnepdoyota dev
yenowonoldnxav e€wyevelc nopdyovieg, 00Te TOMUTAEEA YPOVOCELPWMY.

O nopatneroeic Swywelotnxay oe 0o und ouddeg. H mpdtn agopoloe 0 cuumeplpopd Twv ohyo-
plduwy Eeyweliotd pe Bdomn v eppdvion tdong 1 enoywdtntag oe évo ovoro dedouévwy. H debtepn
TEPLEYPAPE TOLO HOVTENO TPOBAEdNC elval amoTENECUATINOTEPO AVEAOYO UE TNV oUdda TwV BedoPévwmy,
OTWE EWVaL Ylol ToPAdELY U Tal BedoUEva Tou TEpLYpdpouy Tr) Yepuoxpocio dwyatiov.

3t ovvéyela, peretidnxoay teelc tpémol ensemble-to bagging, n pédodoc unohoylopol pécou Gpou
xat M otoiBaln. Xto npdto yenotwonowiinxe o akyderduoc XGBoost, oto debtepo o XGBoost xau 1)
napahharyr) Touv Random Forest xou oto televtaio, to LSTM, to Prophet xau to Random Forest.
‘Eyouv mpaypatonoimndel apxetd nelpduota tou cuyxpivouv uedodoue npdPiedne xan npoonotolv va
€€dyoUV CUUTEPACUATO OYETIXE UE TY) CUUTERLPOPA TwV aAYORiDU®Y GTIC BlapopeTiXéc Lop®ES Ypovo-
oelpwv. Ta nelpduato autd €youv epapuoctel ot didgopoug Topelc. Ltéyoc avtic Tng epyaoiog elvon
vo mparypatomomndel 1 ouyxexpiévn uehétn oe dedouéva and xotao Thiuata Teameldy xau pe Bdorn T
oupnepdoypota mou Yo e€aydolv va dodel 1 duvatéTnTa oe pio peténelta enéxtaon Tne epyasiog, tou Yo
E)EL WG OXOTO TNV HUTAOKELT] EVOC ahyoplduou o onolog ue Bdon oplopéva oTolyelo TV YEOVOoELPGDY
nou Va déyeTon we elcodo, va opiletl awtopata mowd uédodog npdBredne Yo ypnowwonomdel. Auvtduarol
ahybpriuol €xouv xaTaoxeLao Tel XaTd %aLpolg, oYL GUWE AV OE BEBOUEVA AT QPUOIXE XAUTUC THUATAL.
‘Evag autéuotog ahydprduog medPBiedne xodiotatan anapaitnrog xadde 1 diadicacior doxipng diopo-
peTY pedddwv elvan Wiaitepa ypovoBopa. Muvemde, emhéyovtoc autdpato mold pédodoc elvon 1

XUTOANANAGTERY, e€0XOVOUE(TOL YPOVOC oL TTOEOL.
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5 Alyoerdpor ITpbBredne

5.1 3tatiotixol ANyoprdpot
5.1.1 AX\yépdpor EEopdiuvvorng

H e&opdhuvon eivar por otatio x| pédodog medPiedne ypovooeipmy mou yenotponoteiton yio T dn-
HLovpYlol YLog TPOCEYYICTIXNS CUVAPTNONG UE OXOTO TNV APOLPECT] TWV TUPATUTLMY Amd To dedouéva
X0l TNV XAty eopY) oMuavTixey WotiBov ot autd. H teyvixh auth epgoviotnxe yio mpodtn goed to 1950
pe Vv anih exdetnn e€oudiuvor. Xn cuvéyela to 1956 avoPBaduiotnxe and tov Charles Holt otn
Oumh exdetiny) e€opdhuvon, emitpémovtog Ty Unapln tdong 6Ty Ypovooelpd tou avolvetat. To 1960,
o Holt ocuvepyalduevoc pe tov Peter Winters npbéodecoy xar tnv duvatdtnta Umopng eEToyxdTnTog
%o €0l TpoExue TeAd 1 TEAY exdetin| e€opdhuvor 1 Holt-Winters exdetinf e€opdhuvon.[12]

H teyvix v e€opdhuvong, cuvolixd, elvor plar Sadixacion avardedenong Ty eXTUNCEWY TV CUVTE-
AEGTAV VOIS HOVTENOL, GTNY TPooTdlEl owo TS Topathenone Twy dedouévmy. [23] Iho avahuting,
oL teyVixéc eE0pdAUVONG XENOLHOTOUY TOUG GTOUUIOUEVOUC HEGOUS HPOUC LIS TIEONYOUUEVNG OO
thenone wote vo tpofiédouv wa véa . H xOplo Béa authc tne teyvinic eivon vo emBopivouy Tic
TPOCPUTES TWEG OE Wa Ypovohoyixn oelpd. Eqopudletar, dnhady), exdetinn adEnon Bapdv oTic TWES, pe
peyahdtepa Pdon otic mo npdogates. [24] Emnhéov, yiol Tov UTONOYLOUG TOV TUROPETEWY, 1) TEXVIXT,

hoPBdver umddn Tor A&, TIC TECEC o TNV ETOYXOTNTA, T OTOlOL ToL GUYXEVTPOVEL £(te TpooVETIXS

s

elte moMomAaolaoTxd. [11]

Holt g

E"P°nentia|
moothing

A\

Eyfua 5: Exponential Smoothing models[11]

(o) AmAr) ExBetixry EEopudAvvon

H omh exdetien e€oudhuvon elvon éva amd tor povtéha exdetinrc e€oudhuvone. Xenoylomoteltan
Y10l LOVOUETOBANTY TopatienoT, Tou Sev €xel XAmola GUYXEXPLEVT TdoT 1) emoyxdtnTa. Egap-
poleton yia wxphic euPéetac TedBredn, cuvidue pog éva ufve. [10]
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B)

‘Eotw pio oeipd éyel eninedo L, dev eupavilel tdom xou emoyixdtnta xou €xel atadepd Hopufo.

H npbBredn ool pe 1o eninedo ) xpovueh| otiyps t mou 9éhoupe vo npofiédoupe:[11]

F, =1L,

To eninedo L; ) ypovix ouyp t vnohoyiletou: [11]

Lt = (l)/t + (1 — a)Lt—l

H napdyetpoc ‘alpha’ eivon 1 nopduetpoc e€opdhuvone xo xupolvetor peta€d twv oy 0 xo 1.
[11] H eiowon auth dnhodver éTL 10 véo eninedo npoximtel and to eninedo tnv mponyolduevn
onywh (Li—1) evnuepwpévo pe Bdon v nhnpogopio Tou mo mpdogatou onueiov (V). [11]

H pédodoc auth xaheiton exBetikr) xadidg av avalbooupe to Ly_1 mpoxintel 1 e&lowomn xatd tny

omola o Bden uetdvovton extdetind oo napeddév:[11]
Lt = CLY; + (1 — CL)Lt_l =

aYe+ (1 —a)[(aYim1+(1—a)Lyy = ... =

aY, +a(l —a)Yi_1 +a(l —a)’Y, o+ ...

‘Otav 1 nopdetpog a=1, téte oL Takiég Té dev ennpedlouv tTny npoBAiedn xat oyvoolvtal evte-
AC, apol oL cuvtereaTé Toug loobvtan we 0. ‘Otav 1 napduetpog a=0, 1 TeEYoUCH TUPATHETON
ayvoe{ton xodde o ouvteleotic e yivetow 0. H véa tipn unohoyileton €€ ohoxAfpou and v
nponyolpevn T Tne Tex Ve efoudiuvone. ‘Oheg ol Tyég oto téhog Ya €xouv (Blor T xou (o
pe v apywed tud L. [11] Tevixd, 600 mo pxpn elvon 1 T Tov o, T6o0 To onpavtxy eivor 1
emhoy) e oy Thc L. [10]

AawnmAny ExVetikn) EEopudAvron

H dumhy) exdetinr| e€oudhuvon yenoudonoleiton 0Tl Yeovooelpés mou epaviCouy tdorn alhd oyt
emoywdta. H teyvind autd tpoodéter ypovind| tdon oty elioworn tpdPredne:[11]
Av 7 tdon eivon npoodetinty:[11]

Fiyp = Ly + KT}

Av 7 tdon eivon torhamhootootixd:[11]

Fiip=LixTF
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(v")

6Tou:

L; eivan 1o eninedo tn ypovinh otiyps| t: [11]

Lt = G,Y;g + (1 — a)(Lt,1 + thl)

T, eivou 1 tdon ™ ypovixh oTiyps t:[11]

Tt == b(Lt - Ltfl) + (]. - b)thl

L¢—1 elvon To eninedo tnv mponyoluevn yeoviny otiyus), Ti—1 ebvan 1 tdomn Ty nponyoluevn yeo-
) otiyur), Yy ebvan to mo mpdogato onuelo, k etvar o oprdudg twv yelhovtixody Brudtoy mou
Béhoupe vo tpofAédouye xan 1) topdueteog B eAéyyel TNV TaydTNTa NS Tpocdpuolduevne Tdomg.

O tipée tou B xupaivovton o autés and 1o 0 éwe to 1. [11]

TpitAn ExOetikn) EEopudAvvon

H tpumhf exdetinn e€oudiuvon elvan pior teyvixy) mou unayopelel exdetiny] eEoUdALVOT TEELS (Po-
péc. Egopudletar oe dedouéva mou mapousidlouv tdom xou enoyxotnta. Eivow yveoth xan o¢
uédodoc Holt-Winters, and ta ovépata twv epevpetddv tng. ‘Exet ) duvatétnta va yelpileton
adpolo T 1) ToAamAacLos T Tdom xou enoyxotnTa. Tndoyouv do xipla povtéha Ye Bdon o
eldoc e emoydtnTac (adpootinf ¥ Tolhamhaotas ). [10]

‘Eotw 1o povtého €yel eninedo Ly, tdomn xon emoywotnta e M emoyée.

To adpolotind emoyind poviéro unohoyileton: [11]

Forecast = estimate level + trend + seasonality at most recent time point

Floqry = Le + KTy + Sequ—n1)

To nohhamhaotooTid enoyd poviého vrohoyileton: [11]

Forecast = estimate level x trend x seasonality at most recent time point

Flepry = (Lt + KT2) S(e+k- 1)

Y10 povtého autd undpyouy Teec otadepéc: [11]

Eninedo : Ly = a(y/Si—nr) + (1 — a)(Li—1 + Ty—1)
Td(GT] : Tt = b(Lt — Lt—l) + (1 — b)Tt_l
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Enoywoétnra : Sy = g(Yy/Li) + (1 + g)Se—r,

omou S elvon 1 enoyny) otodepd.

Q¢ ex to0ToL 1) TEYVIXXN TNE EEOEALVOT G Yenowonoteltal Yo Bpoyutpddeoua poviéha tedBredne.
‘Otav 1 dedopévn ypovooepd dev eupavilel tdon 1 enoyxotnta, toTe unopel va yiver n ypron e
amhfic exdetinic eZoudhuvong: av UTdpyEL Tdom xou Oyl emoyIXOTNT, Yenoldonolelton 1 Simhr) exdetixy
eEoUdAUVOT), EVE OTaY TAPOLGLALEL TAOT Xou ETOYIXOTNTA, 1) ¥eYon TNS TemArg exdetinic e€oudhuvong
elvon amopattnTn. Xuvolixd 1 eoudAuvon elval O AMOTEAECUATIXY OTOV To OESOUEVA YPOVOCELP(Y
XVOUVTOL 0pYd HE TNV Tdpodo Tou yedvou. Emmiéoyv, undpyouv tdécol uneprapdueteol, Tou xathotoly

Vv dadxasio Tou cuvtoviopol d0oxoNN xat ypovoBdpa. [24]
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5.1.2 Moving Average

H teyvu moving average, anotehel (6wg TV mo anhh wopn tedBiedng xow TOAAES PopES YpNoLuo-
noteltan wg wo texvint| e€opdhuvone wote va Beedel ula sudeio ypouur mou vo evodvel to dedouéva
e ypovooepds. H twh e npdéBredmne mpoxintel we o yécog 6pog twv 1 nponyolueveyY Toy. O
oprdude n opileton we to window size.[11]

H pédodog autn anawtel yeydho window size yio va e€opahlvel tov 96puPo xan vo evionicel Ty tdom.
‘Ouwg, peydho péyedoc mopadipou unopel va xotuoteproel TNy Tdom, EAEYYOVTIC OO XoU TLO TOHAALES
Tipéc yio va TpoBhédel Tic uehhovtinée. [24]

H amhy) yédodoc tou moving average opyel va TEOCUEUOCTEL OTIC VEEC TIOELS Xou Ol TPOBAETOUEVES
TWWEC Vo TEEOUY Ot ayéom Ue TNV TporypatdtnTa. ‘Onwg xou 1 teyvixn g exdetin’ic e€opdhuvong, dev
AVTEYEL OE YEYONUTEPO Ypovind Thaioto TpdPiedme. [11]

5.1.83 Autoregressive Models

H movdpdunon 1 regression efvan giot ENOTTEVOUEVY TEXVIXH EXUGUNONC OTN pnyovixy| pddnorn 6mou
npoomadel var exTyoel Ti¢ HETUBANTES GTOYOUS YENOILOTOWVTAG Evay 1) ToAAarm oS avadpopeic. ITo
CUYXEXPLWEVA, TA LOVTEAA TIOU YPNOWOTOLO0Y TNV TeYVIXY dUTY TPOBAETOUY TIC ENERYOUEVES THIES UE
Bdon Tic Tponyolpevee. [11]

(o) ARIMA (Autoregressive Integrated Moving Average)

To 1970 o padnuatixéc George Box xou o Gwilym Jenkins dnuocievcay 1o dpdpo ‘Time Series:
Forecasting and Control’, 6to ornolo, yenowwomoidvtog we Bdorn v Wwéa tng uedodov ‘Mov-
ing Average’, nepiéypadov to poviého ARIMA (Autoregressive Integrated Moving Average) A
ol Box-Jenkins model. To povtého autd, 6mwe npoxdnTel xou and 1o Gvoud tou, elvon au-
toregressive, dnhad¥| yenotwonolel Ty eCaptnuévn oyéon evic ornueiov pe xdroto toakoudtepa.[11]
Eniong, oto yovtého autod yivetow yerion tne dlapopds evég onueiou xou xAmolou TEoTYoUUEVOU,
peTatpénovTag Tehxd uio oelpd and Twéc, oe uio oelpd and alhayéc Tudy (integrated). Auté e-
tvou amapaltnto wote 1 teAixy| oelpd mou VYo avohudel va etvar otatixn xi o Bardude dlagpopomoinong
e€apTdTon amd To TOOEC Popég yeeldleTon 1) oelpd var dlagopndel Mote va yetateanel o8 0 TOTIXY.
"Evo Tapddety o ToL TEAELTALOU YoEAXTNELC TIXOV TOU HOVTEAOU amoTeAEL OTL 1) avpLovy) Yeploxpo-
olo o elvon mapodpolo ye ofjuepa, yioti dev éyet petaindel Wialtepa péoo otnv eBBopudda. [24]
O nopdpetpol tne pedddou eivon [11]

o p: O apiude tov napatnerioewy mou Yo yenoworomdolv yia tnv mohvdpounon. (trend
autoregressive order) AR(q)

o d: O apipog Twv popnv mou 1 tapatienor Yo dlapopniel, dSnhady, o Baduds tne Slupopo-

noinone. Av 1 ypovooepd elvon oot t6te d = 0. (trend differencing order) I(d)

o ¢: O apidude twv mohadv opaiudtwy tpofiédewy. (trend moving average order) MA(q)

‘Eotw Xi—k, k=0,1,2,...,p n ototxh ypovooepd. To ARM A(p, q), To poviého ywelc T Sio-

poENoN Elvol 0 YEUUUIXOS CUVBLACUOG antd T TohaéS TWES Tou X ol To CQPAARATO €4, OTWS
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B)

AR I MA

errors in the

iy prediction
stationarity equation

Syfue 6: ARIMA[11]

neplypdpel 1 e&lowonn:
Xe=Vog+ 1 Xs 1+ 02Xy o+ + 0 X p— 01641 — 02640 — ... —Oges_q+ ¢

‘Omou p xou ¢ oL TWES TV TOPUUETEWY Tou povtéhov ARIMA, ¢1,¢2,...,¢p,01,02,...,04 1
Bdpn mou Yo unoroyiotoly, W0 1 otadepd tne Tdone xou €4, €41, . . ., €6 — g Ta TUY O GPIAHATL.
[25] "Eva cofapd petovéxtnuo tou poviéhou ARIMA eivor 61 8ev unootnpilel enoyixdtnta. T
autéd 10 AéYo dnwoveyinxe 1o SARIMA nou Yo avahudel ot cuvéyela.

SARIMA (Seasonal ARIMA)
H ouyxexpipévn texvind Tou ARIMA, uropel va yepileton enoydtnta oe pia ypovooelpd. [11]
To povtélo €xel wa yevix todamiaotoo twx popyh, SARIM A(p, d, ¢) X (P, D, Q)m. To npdto
wépoc (p, d, q) TEPLEYEL TN CELP TWY 1] ETOYIXGV TOPAUUETEWV, EVE 1 OELRE TWV ETOYLOXADY TToRO-
pétpwv mepLéyeton oTo devtepo wépoc (P, D, Q).[28]
O napdpetpol tov SARIM A(p, d, q) X (P, D, Q) extéc and touc p,d, q eivou: [11]

e P: seasonal autoregressive order

e D: seasonal differencing order

e (: seasonal moving average order

o m: O aprdude twv Brudtwy oe plo neplodo
O yevixog tOTOC elvo:
dp(L)p(L™\VIVP X, = 0,(L)0o(L™)e; + ¢

omou @ xon P elvon un emoyn| xan emoyixy| autoregressive napdueteog avtiotorya, V elvar dlapo-
ewbe TEReoTAC xou U, © un emoyixs xou ETOY X TOPAUETEOS ToL moving average ovtiotouyo. [26]
O George Box xou o Gwilym Jenkins yenoiwonoincay opioyéva amhononuéve Brigatota yia va
OMOXTACOLY TIC amopafTnTeS TANPOYORIES Yo TNV xatavomor tou wovtéhov ARIMA. H yedodo-
hoyio Box-Jenkins (BJ) aroteleiton and téooecpa emovarnmtind Buato: [28]
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(v)

(3

e BAua 1: Tavtonolnon
Auté To Bhpa emxevpdveta oty emthoyr tou Bardpold dagoponoinone (d), tTne enoytoxic
dapopornoinone (D), tne autonahivipoune e wn enoyixic oelpds (p), Tne avtonaiivipouns
e emoyhc oelpdc (P), tou aptduol Ty tahody o@olpdtey tedBiedne e un enoyixic
oelpdc (g) xou Tou ool TV Tahou®y o@oAudTLY TedBAedne e enoyxic oelpds (Q).
O apiudc twv nopopétepwy unopel Vo Tpocdloplo TEl TUPATNEOVTIC T AUTOCUCYETIoELS BeLy-
pdtwv (SAC) xon g pepinéc autocuoyetioelc detypdrtwy (SPAC).

e Brua 2: Extiunon
Ta 8edopéva Tou GUVOROU NS LoTORAS YENOLOTOLOUYTOL VLol THY EXTIUNGCT TWV TUPUUETEWY

Tou Yovtélou oto Brua 1.

e BAua 3: Awyvwotxde Eleyyoc
H 8oy veotixd oxiuy) Yenoylonoleltal yia Tov EAeYY0 TG ENHPXELIC TOU BOXLUAC TLXOU [O-

vTélou.

o Brua 4: IlpdPredn
To tehx6 poviého oto Briua 3 yenowomoleiton yio v medBredn twv oY tedBiedne.

SARIMAX

To SARIMAX etvar povtého tou SARIMA, puévo nou emitpénel Ty entppor| and ewyeveic mo-
pdyoviee, 6mwe elvon 1 BpoyR oty TedBAedn Tou xonpov.[24]

H odnie€dotnomn uetald diopopetixmy YeTofAntdy dev pnopel va uehetndel yenowwonowwvtog
10 wovtého ARIMA. Ouwg, undpyel neplntwon, ta mpofhiuota tng npaypatxnc (olg va me-
pLéyouv xdmolou eidoug oyéoelc petadd dlapopeTindy petaBintidv. OL cuveyde uetoforlopevol
XOVOVES WLAS TOMVUETIBANTAS XPOVOGELRAS BEV UTOROVY VO EXPEACTOUY YENOLLOTOLWVTAS TO [O-
viého ARIMA. Enopévwe, napatneridnxe 1 aviyxn xataoxeuhic VoS HOVTEAOU TTOU VoL UTOPEL Vot
AELTOVPYHOEL OE Lot TOAVUETOPBANTYH Ypovooelpd. [29)]

I't autd, éva ototepd wovTERO Ypovoaelp®Y Tou epydleton oe TOAUTAES pETOfBANTES, Yenoulo-
nowdvtac 1o npolndpyov poviého ARIMA, dnwovpyhdnxe and touc Box xou Jenkins.[29]

H otadepdtnro uetall ypovooelp®y elo6dou xou eEwYevivy ypovooelpny elval amapoitntn. E-
mumhéov, ypeeldleTal Vol IXUVOTIOLE(TOL O TEPLOPIOUOE TOU Ay OPEVEL TNV avdmtuln 6To nedlo tng
avdAuone oe ToAVUETIBANTES Ypovooelpéc. e autd To nedlo, ol Granger xou Engle npdtevay tnv
€vvola TN ouvohoxAfipwong. Auty 1 Yewpla avagépel OTL T0 UTOAOLTO TWV YEOVOGELRWY EIGAHBOU
XL TWV YEOVOCELMY eE6B0L, UETE TNV TaAvdpounon, anateltar va otodeponoiniel, ywpic va
omouteltan otadeponoinomn g Blag g oepds. Me ) Bordeia tng évvolag g cuVOROXATIEWONE,

XATES TN SUVATH 1) AVETTUEY TNG TOAVUETOBANTAS AvEAUGTE XPOVOCELEGOY. [29)]

VARIMA (Vector Autoregressive Integrated Moving Average)

To Vector Autoregression (VAR) elvon éva povtélo otoyastxic ddixacioc to omolo yen-
OLIOTIOLE(TOL YIoL TNV EXUETINNEVOT TN YEUUUXTC OYéoNne HETOEY TV TOMAATADY UETOUBANTOV
dedopévev ypovooelpds. Me dAha Aoya, elvon pior tohupetoAnTy) pédodog mpdfiedng, mou yer-

7

otgomoteiton 6tay 800 1) TEPLOCOTEPES UETABANTES YPOVOCELOMY EYOLY LoYUEY EOWTERLXY) o)éan
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peta€d toug. To VAR elvan povtého oppidpoung xateduvong. e évo UOVTIENO POVAC XOTE-
Oduvong, évag mpoyvewoTixde Tapdyovtog enneedlel Tov atdyo, ohkd oy o aviicTpogo. Xe éva
oppidpouo povtélo, ol petafintéc ennpedlouy 1 wio Ty dAAn.[11]

IIio avarvtxd, to VARIMA eivor pior toAupetaBinty yevixeuon tou povouetoAntod yoviéhou
ARIMA. Ta yopoxtneio Tixd Tou Tapousldo Tnxay YL TpddTn @opd and tov Quenouille to 1957,
EVE TO AOYLOUIXO YLoL TNV EQapUOYY Toug €ytve Bladéalyo tig dexaetieg tou 1980 xou tou 1990.
Acedopévou 6TL ta povtéha VARIMA urnopolv va guio&eviicouv unodéoeic oyetixd ye v edw-
YEVELNL XL TIC CUYYPOVES OYETELS, TPOCEPERAY VEEC TEOXAOELS OTOUC UETEWROAOYOUS Ol TOUG
urebBuvoug ydpaine mohtxic.[30]

Fevixd, to povtéha VAR telvouv vo umogépouy and unepBoAiiny| mpocapuoyy| Ue mdpo ToAES e-
hetdepeg aoHUoVTES TOPUUETEOVS. (2C AMOTEAEOHA, AUTE Tal LOVTENN UTOEOVY VoL TIUREYOUV XAXEG

TpoPMédelc extdc Belypatos, Topdho ToL 1) TPOCUPHOYY VTS Tou delypoatog eivar xahf. [30]

(e") FARIMA (Fractional ARIMA) / ARFIMA (Fractionally Integrated ARMA)
To povtého FARIMA rnepihoufdvel xhaopatixd Badud diapopds, YeYovds mou eMTEENEL UEYHAY
pviAun. Autd ouuBaivel, emeldy) napatnenoelc tou Beioxovial oe andotaon petadd TOUg 6To YPOVO
uropel vo unv éyouv aueintéee elopthoeic. [11]

Suvohixd, to povtého ARIMA, eqopudleton oe paxpompddeoues oelpég ol onoleg epgavilouvv éva e-
Topxés potifo xan Exouv oplopévn mhnpogopia mou Ya Bondrioer otny medfiedn. Meydho mhcovéxtnuo
amotehel 1 euehiElo Tov, 1 oxeTxr) axpiBela TV TEOBAEPEWY TOU TEOXVOTTOUY Xou 1) BuVATOHTNTA ETEXTA-
O1j¢ TOU OTNV AvdAUCT TOAATAGY Ypovooelpwy. Kuplwg yenowonoteitan oe ad hoc avaiboelg, dniody
oe avahboelg yio T Baditepn xatavonor yenuotoocovouxey dedouévey. Ilapdia autd, 1 yeron tou
HOVTENOU aMAUTEl UTOAOYLO Tixd Bomavnet| BeATio Tomoinoy xou GUVTOVIOHS. Eve axdua, To anoTeAEoUATE
Tou e€apTAOVTOL A6 TNV LXAVOTNTa ot TNV eunelpia Tou epyatixol Suvapixol. Emnhéov, to mokvdpowuxd
povTéla o avohbdnxay etvon ypopuxd, eved avtildeta etvon mdovd, o xdmola ypovooelpd, 1 tedBiedn

v efvan plor g Yeoupx cuvEeTNom TV TEONYOVUEVGY Tapatnehoewy. [11]
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5.2 Nevpwvixd poviéha npéfiedng ypovooelpnv

To vevpwvixd yovtéha npoBiedmg yeovooeipmy eugavicTnxay AOYe TG avayxng avamTuEng HOVTEAWY
npdPAedne dtav to dedopéva eppaviCouy un yeauuwxd e€dptnomn xou yio avtoyy vdniol YopiBou. [11]
H éumvevon yio tor vevpwvixd Sixtuo mpogpyeTtal amd UENETES TV UNYOVIOUMY Yo Ty enelepyaoio
TANEOYOELOY o€ BLONOYLXA VELEIXE CUCTAUOTA, EWWXA oTov avipdmvo eyxégoro. O avipdmvoc e-
yxéporoc amoteheiton omé mepimou 101! Miextond evepyd xVttapa mou ovopdlovtar veupdvee. Ot
devdpitec mapéyouv éva mhloc amd elodboug xou o dEovag npoc@épet Tic e€6douc. H emixovmvio ye-
Tag0 SAPOLETIXV VEVPOVWY ELTUYYAvETaL Péow ouvddewy. Evoc vevpwvae cuvdéetar pe moANolg
YIABeC VELpOVES, Pe amoTéheoyua Ty UTopEn Toukdyiotov 101 cuvddewy otov eyxépoho. Tapdho
Tou xdde vevpdvag elvon éva oyeTid apyd cloTnua eneepyaciag TANPOPOPLLY, O TUPUAANAOUOS TNS
eneepyaoiog TANpoPopldY Yéoa amd T TOAAEG cuvdele, odnyel oe plo anotekeoyatixn eneepyaoTixy
o0 xou o€ évay uPNAd Badud avoyhc opoludtwy. ‘Otav éva ofjua @Tdoel oe o obvaln, evepyonotel
™V aneAeulépwon YNUx@Y vevpodoBiBactidv mou Swaoyilouv T clvaldn €ng Tov ETGUEVO VELURKVAL.

Kdde otvodn éxel éva Bdpog mou xadopilet Ty enldpoon tne dinong otov yetaouvontind veuvpovo. [31]

cell body
dendrites

synapse

—
10pum

Eyhue 70 Eyfuo vevpmva [31]

H ovdntuis] twv veupmvixdy dixtiwy, tpoéxue and tnv npootdiela Teocopoltnons autdy tTwv Blolo-
YIXOV VEURLXMY CUCTAUATOY, UECO Ond TOV GUVOLAOUS AmAWY UTOAOYLOTIXWY oTolyelwy. Ta dixtua
owTd elvon Yior xotnyoplar Sty LOVTEAY U1 Yeouwixig Todwdpounone. Anotelodvton, cuvidnc,
and €vov PEYAAO aptdud VEUROVWLY, BNAADY YEUUUXDY 1 U1 YEOUUIX®Y oTolYElwY, cUVOEBEUEVWY UE
TONOTIAOXOUC TPOTIOUS XUl OPYOVOUEVOUS OE oTpMOUATA.[31]

Tt mpdhtn Qopd, €yive 1 meplypapy| eVOE amAol) pordnuaTieol LOVTEAOU Yol €vay amAd VEupGVa ot ia
dnuoacieuon to 1943 oné tov McCullock xou tov Pitts. [31]

‘Evog amhéc perceptron 1 vevpmvag, opyixd, unohoy(lel tov ypouuxd ouvduooud eicddnv. X1 ou-
véyelo plo mbavadg U Yedupxr cuvdetno evepyomoinong epapldletol GTOV YEoUUiXd cUVBLACUS TWV
El06dWV T; TOMATAACLIOPEVODVY UE Bdpoc w; xou TpoxUTTeL 1) é£0d0¢:[31]
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d
a= Zwixi + wo, , wo xohelton bias
i=0
Y1 ouvéyel, pio cuvdptnon evepyonoinone g() avtiotoryilel pio onoldhnote Tpaypotxny| eicodo ot
éva suvdwe oplodeTnuévo edpog TV, and 0 éwc 1 % and -1 éwe 1 xou tpoxintel 1 éZodoc z = g(a).
Oplopuévee ouvopthoelc evepyonoinong anoteholv:[11]

Syhua 8: Perceptron [11]

o JuvdpTtnon duadixol Bruatog:

o Dpouuix| cuvdptnon evepyonolnong:

o Mn ypouuxéc ouvopThoelc evepyonoinong:

— Sigmoid
1
£@) = o) = 1
— tanh
et —e ™"
= h =
f(x) = tan pr—
— Rectified Linear Unit (ReLU)
0,z<0
f@) = {x,x >0
— Softmax
fla) = +—
l=e7
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‘Evag perceptron pmopel va éyel pio ¥y neplocdtepeg e€6doug, oL onoleg eyouv Eexwplotd bias xou Ee-
Ywewo o oeT and Bden. Luvhpdwe yenowonoweiton 1 (Sl cuvdptnom evepyonoinone oe x&de é€odo. [31]
To npdBinua npocdloptopot Ty Yo ta Bden oTo veupwvixd dixtuo xaheltar training.
SUUTEPACHATING, TOL TEYVNTA VEUROVLXS BixTua, OTwE TOAAES oTaTIo TES Uédodol, etvan txavd vo eme-
Eepydlovton TepdoTiec TocdTNTES SeBoUEVLV Xl Vo xdvouv tpofiédeic apxetd axpBelc. «Modaivouvy
e tov (Blo tedno mou todhol oratic ol ahydprduol xEvouv eXTIUNROELS, OUKC TOAD TO 0EYd And TOUG
otatiouxols. Ta vevpwvind dixtua €youv €val oNUAVTIXG UELOVEXTAHA, OTL THEEYOLY UOVO YEOVIXOUG
unohoYlopolg onuelwy, AapBdvovtac H6vo oploUEves TEOBAETOUEVES TWES, Y welg delxTeg eumoToolvng
v TpoPAédewv. [11]
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5.2.1 BackPropagation

Ta vevpwvixd dixtua exmondevovtar pe T dadixacior Tou back propagation.Xta back propagation
veupwvixd dixtua, ol padnuatixéc oyéoelg YeTadd Twv dlapopwy YetaBAnTdyV dev tpocdlopilovton. A-
vrideta, exnoudedovton and oplopéva Tapadelypato Tov Toug divovial we elcodol. [62]

IIio avohutind, xdde xpupde xon e€epyduevog veupwvog enelepydletal TiC EI0OB0US TOU TOAAUTANCL-
dlovtag xdie eicodo ue to Bdpog Tou. XN cuvéyeia adpoilel To YVOUEVO X «PLkTEdpely TO dpotoua
HEOW TNG CUVEPTNONG UETAPOPAS, ULIG U YRUUWXAC ouvdptnong, yio v mopaydel éva anotéheoya.
Suvidoe, ¢ cuvdptnon Uetopopdc yenoulotolelton 1 otypoedic xoumiAr. [62]

To veupwvixd dixtuo “padaivel” tpomomoldvtag Ta Bden TwV VELPOVWY Ue Bdon To GQINLATH UETA-
&0 TV TEAYHATIXGY TIOY eE600U Xl TV TGV €680V aTtéyou. Autd mpayuatomoleltal PEGW NG
gradient descent oto dlpolopa TWV TETEAYOVWY TOV GHIAUATOY Yl 6o To clvoho exmaidevone. Ou
arhayég ota Bder ebvar avdAOYES UE TO 0pYNTIXG TNG TUEAYWYOU TOU GQIAUITOS.

Eva népaopa and 1o alvoro exnaidevong pall pe v evnuépnaon twv Bapdy ovoudletar xUxhog 1 emoyy.
H exnoldevon enavoropuBdveton €m¢ 6tou ehaylotonondel To oQaAUo OAWY TV EXTUDEDCEWY Kol EVTOS
e avoyric mou xadopileton Yl To TEOBAnUa. Xto Téhog TNne pdong exnaldeuong, 1o VEupwvxd dixTuo
Yo TPEMEL VoL OVATORAYEL CWOTE TIC OTOXEVOUEVES TUéG €600V Yo Tal Sedopéva exnaldeuong Ye tnv
npobnddeon 6Tl To opdipaTa elvon eEAEyIo Ta, dNAadY| utdpyel olyxhion. Tao oyetind exnandevuéva Bden
TWV VELPWVGY amoUnxedovToL OT1) CUVEYELN OTY) KVHUY TOU VELEXOL BixTOOoU. LNV endUevn YdoT), TO
exTAUBEVUEVO VEUPWVIXS BixTUO TpoodoTElTal PE Eval EEY WP TO GUVOLO dedouévwy. Xe auty TN @do
doxunic, ot TpoBhédelc Tou veupwvixod dixthou (yenoylomoudvtag to exnondevuéva Ben) cuyxpivovtol
pe g Téc e€6dou otdyou. Autd adloloyel Ty a€lomioTiol TOU VELUEWYXOL BXTOOU Yo TN YEViXEUOT
TWY OWOTWV ATOXE(CEWY YLol ToL TPOTUTOL BOXUYLOY oL Loldlouy uévo e ueydho Bodud pe tor dedopéva
oto olvolo exmaidevornc.[63]

Aev undpyouy npodcieteg puluioelc wdinong 1) Bdpoug xatd tn Sudexela autng T @dong. Mohig diami-
otwiel 6Tl oL pdoeic exnaideuong xou Soxng elvor ETUTUYELS, TO VELEWVIXS BIXTUO UToREl OTN CUVEYELX
va yenowonondel oe mpoaxtinée e@apuoyés. To vevpwvind dixtuo Vo mopdyel oyeddv oTiyaio amo-
teMéopata e e€600u yia Tic TpaxTixée eloddoug Tou mopéyoviat. Ot mpoPiédeic Yo mpémer vor elvon
a€LomoTEC UE TNV TpoUnddean 6TL oL TiéS elo6doL elval EVTOE TOU EVPOUC TIOU YENCULOTOLE(TOL GTO GET
exnaidevone.[64]

To cUvolo exnaidevong npénel vo nepthauBavel €vo avTimpoowneuTixd delyua Twv dedouévwy To onolo
TEPLEYEL TAL DLdpopa BlaxELTd Yoo TNELo TIXd Tou TeofAruatog mou elvar midovd vo avTetwniosl To
VELPWVIXG B{XTUO OTNV OhoxANEwUéVY epapuoyr. Eva yeydho clhvoho exmaldeuong pedvel tov xiv-
duvo umodelypatohndlag TS N yeouuie ouvdptnong oAAd audvel Tov Ypovo Tng dodixaciag TG

exmaldevong
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5.2.2 Recurrent Neural Networks

To RNN elvan €vag 1Onog veupemvixdy dixtiwy oTto omolo 1 xatdotaon xdie veupnva amodnxedeton X
npowve(tol 0TO ENOUEVO EMUNEDO. 2TO GUYXEXPLEVO VELPWVIXS BixTuOo, dAeC oL elcodol xou ol €€odol
elvon ave&dptnreg petad toug. Ovopdleton recurrent xodoe epgoviCel xOxhoug dote va Exet tpdofBao
oe mponyolueveg Thnpogoples. IlepthauBdvel éva eninedo eloddou, éva xpupd eminedo xou Eva eninedo
e£680v.[11]

‘Ectw eloodoc 1 oxohouvtia Xi_q, Xi, Xey1, Xero. lepvder and to xpuypévo eninedo xou maipvel Tig

Tipéc and 1o Tponyoluevo Briua xau ta avtioTowa Bden and to cuyxexpévo eninedo. [11]

RNN @

f,.a—
Output in Time Sequence ! .
\" i Vv i \"} i v
W W W
ht1 ht htst hts2 J
" T " 0 " 5 i M
Q

Input in Time Sequence

Eyfua 9: RNN Network[11]
Tn xeovieh otiypr ¢ dnhadi[11]:
hi =s(Ux Xy + W s hy_q)
yr = softmax(V * hy)
onou:

e 0 = tanH cuvdptnom evepyonoinong

U = dudvuouoa Bapdv Tou xpuupévou emmédou

V' = didvuopa Bopody tou emnédou e£660ou
o W = 10 (80 Bidvuoyua Boapddv yio SLPOPETIES YPOVIXES OTIYUES

o X = didvuoya elc6dou
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o U = didvuopa e€600ou

Ev xotoxeldet, to ovtého RNN ypetdleton apxety| dpo va exmondeutel xon va «pddety omd ta dedouéva.
IBiaitepa edv oL axoloudieg eivon yeydheg, ta gradients mou yeENCLLOTOLOOVTAL YA TOV GUVTOVIGUS TOU
Bdpouc xou tou bias, xou unoloyilovtar xatd ) Sidpxela g exnaidevong, elte elagaviovta, apod
rolhamhootdlovtal CUVEYMS e (xpéc TiéS wxpdTtepes Tou 1, glte yivetar «éxpniny, 6toy moAAomho-
owdlovton Ye mohhéc peydhes Twéc peyahdtepee tou 1 (vanishing grading problem). Autd €yel we
anotéAecya To poviého va exmoudeletar okl apyd. IloAhéc gopéc eniong, ol Tehixéc mopdueTool xou
unepnopdueteol dev opllovton owoTd, napouctdlovtag yaunin axeifeia. Ev yéver to RNN ypnouo-

Tote{tan Gty €yel onuacia 1 oepd Twv dedoyévev. [11]
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5.2.3 Long Short-Term Memory (LSTM)

Ta early RNNs napoucioloav short memory xodo¢ yenoionootoay pévo 1o mponyoluevo eninedo
mAneogoplac. T Tic ypovooelpéc, Aoyw Tou 6Tl cuyvd to Yotifa enoavalopfdvovtal YeTd and pe-
yéhec ypovixéc anootdoels, yeetalotay éva povtého e long short term memory.To povtého LSTM,
emnAéoy, emAveL o yeydho Bodud To vanishing grading problem mou avagépinxe mopamdves xou eu-
pavileton otny tep(ntwon twv anhédv RNNs. [11]

To poviého LSTM eugaviotnxe yio npodtn @opd to 1997 and tov Sepp Hochreiter xou tov Jurgen
Schmidhuber.[11]

TeprowPBdver éva xpuupévo eminedo h xou éva é€tpa eninedo Ty «pvhuny m, vredduva YLo TS EVAPE-
pwoelc xa g e€6douc. Eyel cuvohxd técoepic nhieg[11]:

e Trnv Forget gate f ue orypoedn cuvdptnon evepyomnomong.
e Trnv Candidate gate C ue ouvdptnon evepyonoinong tnv tanH.
e Tnv Input Gate I ye oiypoeidr; cuvdptnom evepyonoinone.

e Tnv Output Gate O pe orypoedr cuvdptnon evepyonoinong.

LSTM @

f
»>—

@
v

Qankd
®

ez T5iIN
®

()

%

Syfua 10: Eyfuo LSTM

‘Eotw ula gloodog x4 010 chotnua. Ltny apyr|, CUVBEETAUL UE TO TEONYOLUEVO UoT(Bo Twv dedopévwy
e axohoudiog tne ypovooelpde.[11]
H eéiowomn tne forget gate etvou:

fr = s(Wylhi—1, @] + by)
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Y1 ouvéyewr, anogactleton av 1 tAnpogopio elvor onuovtxd 1 éxt. H mOAn Input Gate amogacilel
notar Tin Yo avoBarduiotel. Ytn ouvéyewo 1 Candidate Gate mopdyel €vo didvuoua Ye T umoripieg

npée. O ellodoeic v d0o TuAov etvon[11]:
iy = s(Wilht — 1), 2] 4 b;)
Cy = tanh(Weht — 1), 2] + be)
Me Bdon Tic typéc avtée, avavedveta 1 tf tov Cp_q[11]:
Cy=fexCi_1 + iy % C,

Yo téhog 1 UM Output anogacilel yio v €€0d0o ye Bdon v TR Cy. O eglodoelc Tou emmédou
£Z680L o ToU XpUUUEVOU emEdou avtioTotya etvou[11]:

0y = O'(Wo[ht_l,l't] + bo)

hi = op x tanh(C})
TepiapPdver 0o TOTOUS:
e Peephole

e Peephole convolutional

Yuvodilovtag, 1 xxavotnto tou LSTM va Eeyvd, var Gupdton xo vor eVIUEROVEL TI¢ TANpoQopleS, Tpo-
Ywed Ty TedBhedn ypovooepmy ot éva BAua napaxdte. [32] ‘Eyet to mheovéxtnuo amévavit oe dAheg
pedédoug va evtonilel un ypouuixy oxéorn HeToEd TV dedopévwy, arld anaitel, onwe dheg ol deep
learning pédodot, unoloyioTixd Ypedvo, emapxy| dpllud BeBopévev xat LTOAOYLoTXY toyV. Emniéoy,
AOY® TOU aplduol TV UTECTUPUUETEWY, amoutel Yio TS amogdoel évay éunclpo forecaster. I'or mio
npoxTxd {nTAuaTa, 6oL TO %X6GTOC XU 0 YedVOC TEETEL Vo AngUoly umddn, xupiwe mpoTudTon To
ARIMA. [24]

ITpoc to mapdv, ta RNNs xau mo ouyxexpiuéva to LSTM Beloxovton otnyv awyur) tne teyvoroyiag. To
YeTind oe autd to dixTua elvon 6Tl emiTEéNOLY GTO BixTUo Va Exouv TedaPBacy oe 6Ao TO LWGToEXS amd

TIC TPOMYOVUEVES THES TV YPOVOGELRGOY.[11]
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5.2.4 LSTM Auto-Encoders

O Auto-Encoder efvar govtého vevpwvixol S8ixtbou Ue (0o aptdud VEupdvmy GTo GTPMUA ELGOBOU
xon €£600U xou WxedTERD aptiud oto xpupuévo otpwud. Eyel tnv wovdtnTa vo <pordolvely tor xpuyd-
MEVAL YOPaXTNELOTIXA TV dedoUEVmY 10680V, To onolo ovopdletor encoding. 3tn cuvéyela, urnopel vo
CETAVAONULOVPYHOEL To BEBOUEVA ELGOBOL ATO TOL YULUXTNELO TIXE TTOL «éuadey xaTd TN dladixacio Tou

encoding. H Swdixaoia auth ovopdletar decoding. [33]

Input Code
Encoder

Sy 11: Eyhuo Auto-Encoder[33]

Aedouévou dTL Tal xpuPd o TEMHATA ATOTENOVVTAL Ad TOAD AYOTEQOUS VEUPWIVES, YLl VoL AVOXATUOXEUO-
otel 1 eloodog 660 TO BUVATOV TO «OWOTAY, To BN OTU XPUPE ETUMEDA ATMOTUTOVOUY UOVO TA TLO
AVTITPOCWTEVTIXS YAQAXTNELOTIXA TOU TEMTOTUTOU Xol aYVOOUV TIC AETTOYEREIES TwWV JEBOMEVWV El-

06800, OTwe elvan axpaies Tuée.

!

o)
(X
()

o7
Y

Layer I Layer L, Layer L,

x>

- —
A
N

by o (x)

RS

4 ,,/::_\/ (x;
e O

Syhpe 12: Eyhuo Auto-Encoder[33]

O LSTM Auto-Encoder nepthapBdvel éva LSTM 8ixtuo yia encoder xan éva LSTM 8ixtuo yio de-
coder.[11]

29



\\\\\\ //////

Neuron network Neuron network
encoder decoder
(LSTM) (LSTM)
x z = e(x) x =d(z)

Fig. 3. An illustration of a LSTM Autoencoder network

SyAua 13: EyAua LSTM Auto-Encoder

‘Eotw z 1 eloodog tou encoder, and 6mou Yo egaydolv ta véo yapaxtnelotixd y. H Swobixacio tou
encoding efvan plo ypouuxr cuvdptnomn e el06dou &, axohovoluevn and plo Un Yeouuxy cuvdeTnoT)
evepyomoinong([11]:

y=f(Wz+b)

Y1n ouvéyela pe Bdom to Vo YapaxTnelo Tixd i axohoudel 1 Bladixacia decoding, wote va ovoncorta-
oxevaotel 1 eloodoc[11]:
= f(W'z+1b)

H ¢€€oboc ocuyxplvetar pe v eloodo xou ye Bdomn 1o o@dhua evnuepmvovton ta Bden tou dctdov. O

autoencoder exnadeleTon Ye oXOT6 TNV EAdyloTONONGY TOL reconstruction oedhparoc. [11]

L=3 Sl
x
Ot Auto-Encoders ypnotuonolodval Ue 6xond Ty Peltyon twv Slao Tdoewy Twv BeBoPEVKY, aANd TopdA-
ANhat xou TN BTHENGT TV BacIX@Y YoeaxTNelo Ty Toug. Emimiéov, wg povtédo Pothdc exudinong
ywelc eniBhedr, ol auto-encoders unopolv va yenoonomdolv yio T dnwoveyia VEwy dedouévey Tou
elvon SlopopeTind amd o dedopéva mou €youv exnandeutel. Me autév TOV TEOTO, OL AUTOUATOL XWBOLXO-

romntéc (variational auto-encoders) efvon mopaywyxd poviéla. [11]
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5.2.4.1 Bidirectional LSTM

Y10 Bidirectional LSTM yia tnv exnaideuomn tou 8xthou, Yivetaw }ehon 1600 twv napeAdovtixdy 660
XL TV LEANOVTIXADY YOPUXTNPLO TIXOV TWY BESOUEVWY Y1 EVOL CUYXEXPWEVO Ypovix6 Thaicto. [34]
Xenowomnotel 8o enineda tétola Hote to éva otpmua va extehel Tic diadixaoiec(operations) Tou axo-
houBolv v (Blo xatebduvern e oxohoudiag dedopévev xal To dhho eminedo va extelel TiC TEdEELC
e avtiotpoeng xatevduvong and autrh twv dedopévewyv. Me dhha hoyia, ta Sixtua BILSTM éyouv
80U0 TEPOTOUC YLl VL TERAGOUY TANEOPORIEC: €Vay and To TapeA}oV aTo UEANOV %o €vay and 1o PEAAOY
070 TOPENGOV.

H ouvohux?| dopn tou dixtdou Bi-LSTM anoteheiton and dUo xlpla xpu@d otpdpata. e xdie eninedo,
otoBdlovton navoyotdtura LSTM to onolo Yewpoivtal 0 éva g éva Tiow xpupd GTEOU Xol T0 GAAO
0¢ €voL UTpooTd xpUPd cTEOUL.[306]

‘Eotw X; 1 eloodog n ypovixr otiyun) ¢ ue Hy xou Hy tow xpuuéva eninedo tng (Biag xateduvorn tne a-
xohoudog dedopéverv xau tne avtioTpopne avtioTowya. To cuvohind xpuppévo eninedo Hy unohoyileton

ONOXATIPWOVOVTAS TO ﬁt O E [36]
—
H, = tanh(X,W, WY+ H_)WH +bu(f)
T, = tanh(X,W® + T )W + b, (b)
Ofn = HW, + b,
6mou XtWQEf) W}(Li) bglf), XtW(b) W,EZ), b(b) Ol TUPAETEOL TOU UOVTEROU.

Chuiput sk ik ik
BEackward Layer = B M Bl o
£ L # 4
Farward Layer Lel B . b i T
Y i i
It

Syhua 14: Xyrua Bidirectional LSTM

Yupnepoaopoatixd, to BILSTM etvor o xatdAAnAn hbon 6tov mpofiénouye dedopéva ToANamhGY Bn-
HaTov, TV omolwy ol €€odol yenolonolobvtal w¢ elcodol ota peAhoviixd Briuata. Alodétel woyuey
RVAUN Yo va omodnxeler Ohec TiC ypNOWES TROMYOUPEVES Xou UEAOVTIXES Aettoupyies we LdmAA o-
xp(Bela. Emmiéov, 1o dixtuo autd elvar mo axpiPéc oty medPiedn twv gavouévwy ye vdniy otoyo-

O TIXT) X0l BLUXOTTOUEVY) CUUTEPLPORE ETELDT BEV UTAXOVOLY CTNV AVIDEOWULXT BLABLXAGIA IOV AVATEOPO-
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dotel v nponyoluevn TAnpogopla pe enavolnmtind tpémo. [36] To BILSTM oe opiopévec epappoyéc,

OTKC N PuVTX: TogvounoT, elvon teplocdtepo anotereoyatind and to povoxatevduvtind LSTM.[35]
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5.2.5 Gated Recurrent Units (GRU)

To GRU eygaviotnxe to 2014 and tov Kyunghyun Cho ot eivon éva eldog Recurrent Neural Network.
Etvou nopdpolo oe dour| ye 1o LSTM, anhd €yel Aiydtepeg napauéteouc. Luvolxd €yel 50o miheg. Aev
nepthopPdver TOAn e€680u, oAAG piot TOAN update xou pio mOAN reset. O 8o mOAeg elvon dlaviopoTa TOU
arogasilouv ol Thnpogopia Yo nepdoet otny €€odo. [37] H niAn update (z;) eéyyet Tnv mAnpogopio
7oL TPOEPYETAL Amd TNV TEONYOUUEVY evepyononoT xou mpocVétel TNy véa mhnpopopla. H reset gate

elogpyetan oTny utodfigLa cuvdptnon evepyonoinone. [38]

Syfuo 15: GRU Networks
(a)Fully Gated Unit (b) Minimal Gated Unit

‘Eyet d0o napadhoryéc[11]:

e Fully Gated Unit
‘Ectw eloodoc x¢, é€odoc h:, update gate z; , reset gate ry, W, U xou b napduetpol:

ho = 0
2t = O'g(Wzl't + U,hi_1 + bz)
ry =0g(Wyxy +Uphy—1 +b,)
hy =2 © hy—1 + (1= 2) © Gp(Whay + Un(re © hy—1) + by)
, 6mou o4 1 sigmoid cuvdptnomn xou ¢y 1 tant cuvdptnom evepyomnoinong.

e Minimal Gated Unit
Etvow mapéyoto pe to fully gated unit, pe Siapopd dume to reset gate to onolo cuyywveldetan oe

éva forget gate. Ahhdlovtoc tic e€lotoeic wg e€hc:
fr=0g(Wyzi + Ushi1 + by)
hi=fiOh_14+ Q= f1) ©on(Whze + Un(ft © he—1) + br)

To povtého GRU ev yével anodidel xolltepa oe uuxpodtepa dataset. Eivan apxetd napduolo pe 1o LSTM,
ondte elvan o dboxolo va xadoplotel Tol0 YOVTENOD elval XATOAANAOTERO GE BLopopeTind TpoBhiuaTa.
[11]
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5.2.6 Convolution Neural Networks (CNN)

To povtého CNN Snuoociedtnxe yio tpwtn @opd to 1995 and tov LeCun xou tov Bengio. Efvan évag
Blohoyxd eunveusuévoe tonoc deep neural network (DNN) mou Basileton otnv mopathenorn OTL o
VEUPOVES TOU OTITIXOU GAOLOL UTopolV va avary vopilouy pe 66otéd 1pdémo éva avtixeiuevo aveddptna
and v ahhayr otn Véon 7 ) Siedduvon tou. T't autd, oto CNN, avtideta ye toug molueninedoug
perceptron, eivol BUVATH 1) AVOY VOELOT| LOVIBIXMY YUPAXTNRICTIXDY TV OVTIXEWEVKDY aveEdpTnTa omnd
) ¥éon xou Tov Tpocavatoloud Touc.[11]

Arnoteheltar and plo oxohoudia GUVEAXTIXGY OTPWUATKY, TwV onolwy 1 €€000¢ cuVdEEToL UOVO PE
NV €{0080 TOTXMY TEPLOYMY ot To. OTolal EEEYOUV YOEAXTNELOTIXG ol GUUTUXVOYVOUV TANpoPopiee.
Autd 10 oTPMPATA XU 0L GUYXEVTEPOOELS enavalaBdvovTon avdueca 6To eninedo €lodou xou e€6dou.
O apriuodc twyv enavariPewy tov emnédwy yetofdiietar xdle popd wote vo Teoxdel To To cwoTd
arotéheopo.[11]

To @iltpa cuvENENG aroteholvton and prtees Bapdv. To ¢@iltpo, oto eninedo cuvéhing, cupddvel
TNV €6V amd AV aploTePd, TPog Tot X4t Oedld, dBdlovtos To YopaXTNELOTIXG TNG EXGVOS KoL
vnohoy{letan 1 ouVENEN peTalld NS Elo6dou xou Tou @ikteou.[39] Avalntd ta (Bl yopaxtneloTixd ot
dlapopeTinéc Véoele oty ewxdva elodBoL xou TEAXA dnpLovpyeltal €voc YdeTtng yopoxTneloTixmy. Edv
10 pépog mou mépaoe and To PiATpo Tonptdlel Pe Eva yopoxTNELoTIXG, divetar UPNAY T yio vor awEndel
N mdovétnTo Tevounong e ewxdvag oe pla xortnyoplo. [11]

T i Sootdoeic v pritpwy oto eninedo cuvéMENe Loy leL:
e Input: (nxn x n.)
e Filter: (fx fx n.)

e Ouput: ([n+2 —{—i—l]x [n+2p—£+1]mn’c)

‘Onov, f 1o yéyedoc tou glhtpou, s 1o stride, p to pad, n 1o péyedoc g €l0680v, xou nefk o oprduoe
TV iktpwy

3TN CUVEXELX, TEOYHUATOTOLE(TOL XUTAYMENTT TWV KYUPTOVY TWYV YoRUXTNELC TIXWY TOU €X0UV BNULIOLE-
ynel and to SapopeTind pihtea, ot €va UANO, Omwe Qaivetar oty ewdva 16. Xtn cuvéyela évo CNN
pooling layer cupmuxvdvel Toug xdptec ot pxpdtepous, e&dyovtag évay aptdud and xdde ydetn. [11]

Trdpyouv d0o eldrn pooling:
e Max pooling: EmAéyeton 1 u€yiotn tiun omd to xehld
e Average pooling: Emhéyeton 0 p€cog 6p0c T0V THLOY TWY XEAMY.

H Sobixaoio emavohauBdvetar oployéves Popés, (oTE 6TO TENOC TEOXUTTEL Eva VoUuepo. Auth 1 Ty
arotelel T otoyoo T extiunon. [11]

Yuvohxd, to CNN elvon apxetd xahd oto vo avayvwpilel anid yot{Ba oe dedopévo xou 6T cLVEYELD
Vo Tl yenotponotel Wote vo dnuiovpyhoetl o mepinhoxa wotifa oe uPnhdtepa otpouata. To CNN

ploc Sudo taomne etvan xupiwe yenowwo o6tay ypewdleton va e€aydolbv TAnpogoples yio oplouéva pépn evog

34



Single depth slice

x 111|2(4 i g
5|6 |7 |8 | andstride2 6|8
3|2|1]|0 3|4
1123 |4

y

Syhue 16: Eyhpo CNN[11]

dataset, mou Beloxovion oe doyeta petall Toug onueia o autd. Eivor, enlong, avixd yia tnv avdiuon
YEOVOOELPMY ot dedouéva aoInthpwy. [11]

Abyw v TOMGY emmédwy unopoly va Boulépouv xohd oe YopuBndn cuc thpaTa, anoppinTovtag ot
xdde eninedo tov VopuPo, e€dyovtag povo 1o ouolndn wotiBa.

To mheovéxtnua tou CNN évavtt Tou RNN givon 611 Aoy tng cuvelixtixfic dourig Tou dixtdou, o aprd-

HOC TV EXTAUBEVOUEVWLY Bapdv elval Uixpde, EXOVTOC THO ATOTENEOHOTIX eEXToddeuon xou TpdBAedm.[11]
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5.2.7 Temporal convolutional neural (TCN)

To povtého TCN avartiydnxe to 2017 apyixd yio va e€etdlel pot{Bo peyding epPéieloc ypnoylonot-
AVTaC Wiot Epapy ol YPOVIXMY CUVEMXTIXDY @ihtpwy. [41] Eivon évog TOMog cUVENXTIXOU VELRKVIXOU
duxthou pe oyedlaopd Tou o xaho Td XATEAANAO YL TOV YELPLOUS YPOVOoELRMV.[42]

To Baowxd yopaxtneto txd tou eivon: [41]

o IlepihauBdver awttoxée ouverielc. H outioxr] cuvéNEn Sapéper amd v Tumin cuvélEn oTo
YEYOVOS OTL 1) cuVEAXTXT| AetToupyior mou exteheiton yior vor Angiel n é€odog TN oTiyun ¢ dev
hofBdver yelhovtixée Téc we etoodouc. Autd onualvel 6tL Ye péyedoc nuprva k, 1 é€odoc Oy
npoxVnTeL and TiC TWée Xtg—1, Xtg—2a, ..., Xt1, Xt. [42]

o 'Exyel mn duvatdtnta va avtiotoryfioet og plo axohovdio e€630u yior oxohouttia and omolodhrote
uixog, 6mwe to RNN.

H npotewvouevn apyttextovixy| elvon NNpeacUévn and YEVIXES CUVERLXTIXES OPYITEXTOVIXES YLoL DladoyL-
%4 dedoyuéva mou avantiydnxay npocpata. Elvar amhr xou yenowonotlel autonaiivpopxs tedBiedn pe
TONO peydAn uviun. Emnhéov, emtpénet Bordid Sixtuo 660 xou mohl peydhn wotopio. [41]

To mapandve emTUYYAVETUL HECW UOVOBLIOTATKY BIEUPUUEVGDY GUVENEEWY TOU EMTEENOUY TNV AVo-
yvéeon o paxporpddeouwy potiBuwy.[41] Auth n cuvéhén auZdver To nedlo Mdne Tou dixtdou ywelc
™ yefon hertoupYldy ouyxévtpwons(pooling operations), enopyévng dev undpyet o@digo avdivong. H

debpuvor cuviotator oty tapdhewdn d oY peTad TV eleddwV TNe cuvelxTxc Aettovpyiog. [42]

Oulput Crutput

000000 000000

o0 oooq:oo 0000
0 000 0¢ CX

Input Input
Ingut

Eyhuo 17: (a) Anhé Buvehwtind Alxtuo pe 2 eninedo xou péyedoc nuprva 3 (b) Artaxd Luveluetind dixtuo
pe 2 eminedo xou péyedog tupriva 3 (¢) Atevpupévo Artiond Tuvelwetind Aixtvo ye 2 enineda, péyedoc nuphvo
3 xou Pordude Sractorc 2 [42]

H dieupupévn Aettovpyia outiddouc cuVEMENS o DLaBOY XS CTEWUATO TEQLYPAPETOL:
K-1
t k, (t—(kzd))
T, = Q(Z Wy T (1) +by),
k=0
6ToL xf elvan 1 é€0B0¢ ToL vevpwva otn Yéon t oto eninedo [, K elvon to péyedoc tou cuvEMXTIXOU

Tuprva, wl etvan o Bdpoc ot Véomn k, d eivan 0 BlacToATIXGS ToPdYOVTAC TS CUVENENC, by TO XOTOAL

xoL g 1 ouvdpTnon evepyonoinone.[42]
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Muat dAAn teyven yia Ty tepantépe adENom Tou dexTixol Tedlou Tou duxTou elvol 1 GUVOEST) TOAADY
uniox TCN. Mia tétolo dadixacio, oume, odnyel o Paditepes apylTEXTOVIXES UE TEPLOGOTEREG TUPA-
pétpoug mou xahotolv T dladixacia expdinone mo neplmhoxm.

SUUTEQUOHATIXG, TO TOPATAVE YAeaXTNEo TiXd Tou Hovtéhou TCON, 1o xahoTolv pior XatdAANAT apyL-
textoviy] Bohdic expdinong yia cvvieta npoBAruata ypovooeipdv. To xbplo mheovéxtnua Tou elvan
o1, 6mwe xou oo RNN, pnopolv va yelpiotolv eloddoug petofAntol urxouc ohoBalvovtag tov govo-
dldoTato awTiatd cuvekixtnd muehva. Erniong, to wovtéha TCN elvon o anodotxd otn uviun and to
emavohopfBoavopeva dixtua. Autd cupfoiver xaddde 1) xowr apyltexTovix GUVEMENG Tal ETUTEETEL VoL ETE-
Eepydlovton poxpiés axohovdieg mopdhinia, oe avtideon pe to RNN ota omofo ot axohovdies eicddou

eneepydlovton dladoyixd auEdvovTas To XedVo UTOAOYIGHOV.
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5.3 Prophet

PRCPHET

To Prophet etvar éva mhaiclo avorytolh x@dixa and to facebook mou ypnowonoieitar yio mhanoiwon
xou TpOBAedn ypovooepnyv. Eotdlel oe éva npooletind poviélo to onolo eivon un yeouuxd. Eiva
TavioyUEo OTO YEWLOUO TWV BEBOUEVWY TOU AE(TOUY X0 TV GAAXY®Y EVTIOC TWV TAOEWY XA YEVIXS
yetplletan xohd tic axpaiec twée. Emtpénel, enione, va cucoowpebovian e€wyevelc petofintéc oto
povtéro.[11]

ITo cuyxexpyéva to povtého Prophet avtipetonilet d0o Hépata. Apynd 6Tt T To quTOPOTa LOVTEND
napouaiolov axopdla xar avixavétnta vo deytolv npbodetec unodéoels, eved enione To o LoyLEd Ep-
yohelo amoutolv unelpo ovahuth pe eZeldixevuéves yvaoelg. [11]

Ebvow teavé va yewplleton Sedopéva mou haufBdvovton wetata, unvioda xou eTiolol ge, LBovixd, TOUNIYLo TOV
€val TAAPEC £TOC LOTOPLXWY DEBOUEVWY, EVTOVT EMOYXOTNTA, OLUXOTES 1) EXDNAWOELC TOU BEV AXOAOU-
Vo0V oplopévn emoydTnta, OTKe Yoo Tapddetypo elvon N meplodog Twv XeloTouyEvwmy, Ty éAAewdn
OEBOUEVLV Xat axEolwY TGV, CNUAVTIXES ahAaYEC OTIC TAOELS, OTWE 1) XUXAOQopla VEWY AELTOURYLOY

1 TEOLOVTLV, %ol TEOELS IOV TPOoeYY{LoUV aoUUTTOTIXG Ve avidTERO i XaTtdTEPO dpto.[11]

Modeling

Analyst-in-the-loop

Visualls Forecast
sty Evaluation
Inspect forecasts

Automated

Surface
Problems

Eyhuo 18: Prophet Workflow[40]

To Prophet Booileton oty teyviny) npocapuoyic xounting tou Mrebliovol poviéhou. ‘Exel ebxola
XATOVONTES TOEAUUETEOUS ot eniong dev amoutel TOAAG DeBOUEVA YPOVOTELEMY YLat Vo Xdvel TpoBhed.
H teyvuen ebvon mo xatddhnin dtay tor 8eBOHEVOL YPOVOTELRMV €XOLUY LOYUEG ETOYIXG YOROXTNELO TIXS
o¢ Topdyovteg emipporic. Aladétel enlong eixoha yenowponotioles xau epunvetoles Bi3hiodxes. [40]
‘Oco agopd 1 poper Tou, eivan évar tpoodetind takvdpouind poviéro to onolo nephauBdver: [11]

o XUTOAN AOYLOTIXY avATTUENG

o cTrjola EMOYLXT) XOUTUAT,
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o unviada emoyLer) xomOAN

o Blaxomég 1 SAEC EXDNAWOELC- YEYOVOTA

o TpooUeTXEC amd TO YEHOTY ENOYIXOTNTES, TY wpelala
Anhodry:

y(t) = g(t) + s(t) + h(t) +

omou:

o g(t) = Téon(vpopupxr /hoyioux) O napdyovtac tdone (g(t)) unopel va povieronomdel pe dvo

R{elenidollle
— Movtého hoyiotinic avdmtuing
Autd 1o povitého aviinpoowrelel TNV avdntuln ot Oldgopa oTtédla.  XTO TEHOTO GTAdLO

Topotnee(ton 1 ovdnTun mepimou exdeTind xou PETH oo AUTO, UETA TO OTASO XOPEGUOV,

peyohodver ypopuxd. To povtého propel vo dtatunwdel: [40]

flx) = %
6mou L avTinpoonnelel T UEYLOTH T TNS xaunOAng, k elvon o pududc avdmtuéng, zo elvan
1 T TOU T 0TO OlYUoEWEC onpeio

— Piece-wise ypouuixd povtého
Etvor o tpomtonotnuévn éx8oaom Tou Yeouixol LoVTEAOU 6To 0Tolo Ta BlapopeTixd eVpY) Tou

T €YOUV YPUUUIXES OYECELS UE dlapopeTnd tpomo. To povtého unopel vo dratunwdel: [40]
y = Bo + Bz +Pa(z—c)t + €
o 5(t) = Ileplodinée petaPoriéc /enoyixdTnra
2mnt

al 2mnt
t) = n - bpsin(——),
s(t) ngla cos( B ) + bpsin( 5 )

6nov P elvan 1 teplodoc mov €xel 1 ypovooed. (P = 365.35 yia dedopéva evie ypdvou, P =7
yior eBSopadioda dedopéva, Yewpdvtog Tl yetpdpe Ty wetoAnty ot nuépec).[11]
Do Ty emoyxdTnTo amanteiton vor umoloylotoby ot 2N mopdyoviee b = [al,bl,...aN,bN|T dn-

HovpYdVTaS €vay mivoxa and Saviopata yio xdde Tiun Tou t and ta dedopuévar.

o h(t) = Emppoéc and draxonéc [11]
It xéde neplodo dlaxonwy i, téte Di elvon 10 GOVORO TwV BESOUEVLY TIOU AVAXOUV GE QUTH TNV
neplodo xou Loy Vel
Z(t) = [l(teDy),...,l(teDy)]

h(t) = Z(t)k
T % ypnotporotelton x~Nopuoh(0,v?).
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o ct = A\ayég mou dev nepthopBdvovton 6To Hovtélo

H Boaowr Swdixacio tou Prophet vhonoieitoan ypnowonowwvtoag Stan, pla mdavohoyin yAdooo npo-
yooupatiopol, n omolo exteAel map optimization ye oxond v elpeot TWV TUPUUETEWY YENOLLO-
nowdvtog tov ohyoprdpo Hamiltonian Monte oe hiydtepo and deutepdrento. H yhwdooo auty, elvou
oupPaty we v Python xou v R xou étot, potpdleton 1 (Sio Stodixacio mpocoppoyhc yio Ty vhomoinon
%o oTic dvo Yhwooee. [11]
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5.4 XGBOOST

To XGBoost eivon pio cuvtopoypapia tou toxétou ‘eXtreme Gradient Boosting’. Efvon plo amotele-
opaTIX XL ETEXTACIAY] EQOPUOYT Tou TAawciov evioyuorne tne xhione (gradient boost) mou Snuiove-
yhonxe and tov Chen to 2016. H Aé€n Extreme avogpépeton oto dtL elvon évag peydhog ahydprduoc
pnyovixic wdinone ue moAAd wéen. [56]

To poviého autd oyEeBACTNE WOTE VO TPOGPEPEL TAVTOYPOVA TaydTNTo xou LPMAY enidoor yenol-
ponowdvtoc gradient-boosted decision trees. Ilpoogéger tn duvatdTnTa YeHoNe UEYIANC mouaiiog
UTOAOYLOTIXWY TEPBOARGVTWY O6Twe elvol 1) TogoAAnhononoy, oL uToloyiopol EXTOC TUETVOL XL OL
XaToveEUnUévoL uTohoylouol ue oxond T duoyelpnon weydhwy dedopévewy. Trootnellel oplouéves avti-
XEWEVIXES CUVAPTAHCELS, CUUTERLAUUPBOVOUEVNE TN TUAWVOEOUNONE, TNS TAgVOUNONE XO TNG XUTATAUENG.
Eniong, éxet tn Suvatdtnta vo evronilet xon va avupetonilet tic Tée nov Aeirouv. [56]

H tayOtnta tou anotehel acixd mheovéxtnud tou, xododg UTOopel Vo XEVEL QUTOUTA TUPIAANAOUE UTO-
hoylopole oe Windows o Linux ye openmp, yenoulonoudviog OAOUS TOUS TURTIVES TOU UMY OVAUITOS
070 omo{o TEEyel xou a€LOTOLOVTAS OAN TN UVAUY ot Toug Tépoug Tou hardware. H toyydtnta Tou etvan
TEPLETOTEPO and BEXA POPEC THO PEYAAY amd kol povtéda. [57] Enpovtind| ebvon xon xou 1 duvatdTnto
oL va déyeTon apour eicodo.[59)]

Emnmhéov, eivon e€oupetind ENEXTACLUO YENOLLOTOLOVTIS XUTAVEUNUEVES V) TUPSAANAES UTONOYLO TIXES XAl
ahyoprdpxée Bertiotonooels 6mwe etvor 0 oydplduog exudinong Bévtpwy, évag olyoprduog Yo Tov
YEpLoUb opanv dedouévwy Tou da topovctactel ot cuvéyeta. [56]

Téhog, to XGBoost eivar Slodéoiuo xon umopel va cuvduaotel oe ToAAég mhatpopues cloud dnwe elvon
n Tianchi tng Alibaba, n AWS, GCE xou Azure. Emniéov, umopel va Slacuvdéeton Pe cuC THUATO
poNc dedouévwy choud, onwe to Spark xou to Flink. H yA®ooeg mpoypopyotiopol nou unopody va to
xenowomnojoouy elvon apxetéc, 6nwe etvon 1 Python, Java, C++, R.[56]

Gradient Boosting

O ahydprduoc evioyuone (Boosting), etvon évac ahydprduoc pnyavixic pddnone o onolog ypnoiponote-
{ton ote va pewwdel 1o xotdeh (bias) xow 1 Swxdyavon tev dedopyévmv. Metatpénet Toug adivopous
learners, ot omofot €youv adUVAUY CUCYETION UE TOLS TparyUaTixols Tavountée, ot oyueole.llio ou-
YHEXPWEVD, XATd TNV exmaidevon ota dedouéva mou mpootidevtal, avtiotolyoly oplouéva Bdpn. Av
10 dedopévo tadivoundel cwoTd, yewdvetal to Bdpog Toug, ot avtidetn neplntworn to Bdpoc audveta.
Yto Gradient Boosting anoutodvtan cuvolixd m Brigota yio vo @TdoeL 1) eXTABEVCT) GTO OAOXANPWUEVO
povtéro F. ¥to Bhua m + 1, 1o Pacid povtéro hpy,pi1(x) o exnondeutel xou Yo utohoyiotel 1 T
y — Eyy ooty npdPredn oe autd to Brue. [58]

Fong = Fu+ hm—&-l(x)

Yuvende o urtohoylopds tou otéyou Bacileton oty éBpeon Apt1(x) = Frp1 — Fo.

Teonog Asttovpyiag Tou alyopidpou

O XGBOOST amnotehel pio viomoinon tou Gradient Boosting mou cuvdudlel ye ypouuixd tpdmo,
noANoUG adUVopoue Tagvountég oe évay toyupd. O tadivountés umopoby va elvon t6co ypopuxol 66o
xow CART. Y1 ouvdptnon xéotouc extelel enéxtaon Taylor Sebtepne téEne. [58] H xdpla 1déa tou

akyoplduou elvon va tpoc¥étel 6To cVoLo cuvey DS adlvopa dévtpa Ue dlapopeTixd Bden.To dévtpa Yo
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TEETEL VO TANGLACOLY TO UTIOAOLTMOUEVO Omd TNV TeonYoVUeVY TedBAedn 660 10 BuvVATOV TEPLEGHTERO:
[58]

K
J o= fulzi)freF
k=1

7 elvow 1 tpoPhenduevn Ty

o [ clvan To chvoho e to dévtpa

o fi elvon évo and ta Bévpa

o K elvon o apiduodg twv 8évtpny 6T0 UVOAO

H twn tou y; meénel va elvon 660 T0 BUVOTOV MO XOVTA TNV TEAYRATLIXY T TOU Y;, XWelg var Yavel
TV Vo TN YEViXEUOTC.

O t0moc v TNV xavovixoromuévn cuvdptnor eiva: [58]

n t
Obj(t) — Zl(yia?ji(t)) + ZQ(ft) + constant(1)
i=1

i=1
o I(yi, ¥i) elvou  ouvdpTnom opdhyatoc. Mropel vo eivon onotadinote cuvdptnon deutépou Poduol
dlapopiowun.

o Q(f1) meprypdepel Ty ToAuThoxdtTa Tou povtéhou. ‘Oco mo wixpr ebvar, oo xahltepr elvon 1
wovdTNTo Yevixeuong tou yovtélou. H tr tng e€aptdton and tov opidud twv xouBuv-guiieny

(T) xou v T mov avTimpoowretouy (W) dnwe QuiveTon oTNV Topaxdte eiicwon:
1 2
() =T + o

O tinoc (1), avixahotdviag 1 cuVdETNoT cpdhuatoc e tnv avtiotoiyn oewpd Taylor deutépou

Borduov, xadde xou v cuVdETNoT ToAuThoxdTNTOC LEToTEERETAL: [58]

0bj® ~ S llgifulas) + %hiff(xi)] +Q(f)
i=1

T
1 1
= ) lgiwg(w:) + ghiwg(xi)] +9T+ A5 > w?

i=1 j=1

= DI gidw; + %(Z hi + NW?] +T

T
[

j=1 i€l =

o gi = 5%t — Di(ys, 5:“Y), npdou Baduod mapdywyo

o hy = 9290 Dy, 4,1V | deutépou Baduol tapdywyo

o [; civon 10 0lvoho Twv BexTiY omd Ta delyyota o xde x6uBo-@OANO j
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Tt évar Bedouévo ¢(x;), maipvovtog To mapdywyYo Tov w; xou eElowvVovTds To ye to 0, urnopel va unolo-

YioTtel 10 xahbtepo Bdpoc w} v éva x6pBo-gulho j: [58]

« Zielj 9i

w; = —

J Zieljhi_FA

XGBoost architecture

Depth-wise
growth

& @gg}% -

Syfua 19: Apyitextovixh XGBoost
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5.5 Random Forest Regression

O ahydprduoc Random Forest epugaviotnxe npwtn gopd and tov Breiman to 2001 xou Aoy enéxtao
uloc mponyoluevng epyacioc tou oyetixd ue to bagging. Elvou évoc ahydprduoc expdidnong cuvorou
Tou unopel vo yetplotel T6c0 Ty Tagvounon uPnirc Sidotaone 660 xon Ty naAwdpdunor. H uédodog
auTH Yenotdomolelton evpéwe o TOAOUG ToUelc OTWE 1 PLOCTATIOTIXT, TA YENUATOOLXOVOULXY, GTNV
TEoxohoUINoT TOU XAPATOC %o OTNY TEOYVKOT TOU xoupol. XTov Topelc Tng owovoplag dev €xel
eQopUOCTEL OE oTpavTixd Bardud. [60]

H RF etvan pro pédodog cuvérou mou Bacileton oe dévtpa 6mou Oha e€aptdvton amd piot GUANOYY Tuyaiey
petoBAntov. To cuvolxd ddooc oynuotiletor and Tohhd dévtpa nakvdpounone mou pall oynuatilouy
éva 0OVoho. Aol exoudeUTOUY Tal UEHOVOUEVD BEVTRA YpnotuonowwvTog delypata bootstrap, n tehxr
anégaoy Aopfdvetol ond To0 cOVOAO, UE TOV Y€ 6po TNg €680V, OTNV MERITTWOY NG TAAVIPOUNONC.
Avuty 7 dwdixaoio, mou ovopdleton bagging, BeAtidvel T otadepdtnTo xon TNV axpifela Tou wovtélov,
pewdver T dtoxdpavon xan Bonldd oty anoguyy| unepnpocopuoyhc (overfitting), wio ‘cuvhdeid’ twv
dévtpwy amdpaonc.[60]

To xatwph (bias) tou cuVEIOU TwV BEVTPWY elvor TO (D10 UE AUTH TWV UEPOVOUEVLV JEVTPWY, 0ANE 1|
BLoncOHOVOT ENATTOVETOL GTOY PELVETOL 1) CUCYETION HETAEY TV dévTpwv. [60]

To Random Forest mapdyel uio meplopioyévn tiun yio to ogpdipa yevixevone. To ogpdhua yevixevorng
extpdton and 1o out-of-bag (OOB) o@dhua. Otav oyedidleton to bootstrap delyya, pepd dedopéva
napoke(movTon xou Sev mepthopfBdvovton oto delypo. Autd ovoudletan ‘out-bag data”. H exmaldeuvon
teppatileton dtav otadeponomdel to opdhpa OOB. [60]

Teonog Asttovpyiog Touv alyopiduou

Katd tov ahydprduo autdy, emhéyetan évar cOvoro bootstrap L yeyédoug N and to clvoro twv de-
dopévev. 3TN cuvéyewa yio xdde x6uPo Ttou dévtpou emavahauBdveton 1 e€ig dladuaoio, u€ypl vo

emteuy el To ehdyioto péyedoc xoufewv m:[60]

1. Emiéyovtan tuyola F' yetoBAntéc and tic n ouvohxéc. To F avtimpoownelel o tAfdog twyv

HETOBANTOY ELGOBOL.
2. Awhéyeton 0 xoA0TEPOS Blaywploude Yetoll Ty F
3. Awoywplletan o x6pfog oe dVo moudid-xépBouc.

H Swbixactio enavohauBdvetar yior T K 5€vTpot ToU GUVOAOL XAl 6TO TENOG TEOXVTTEL TO GUVONO TWV
dévtpwv Ty. O aprdude K opileton netpopatind, xadoe n Swodixacio ouveyilet uéypl va otadepononiel
10 o@dhua OOB.[60]

Metd and v napamdve exnaideuon, n tedBiedn yia éva onuelo & utohoyiletau:

1 K
1) = & L@
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Test Sample Input

Tree 600

o

Tree 1

g 00

Prediction 1 Prediction 2

Average All Predictions

.

Random Forest
Prediction

3yfua 20: Random Forest

H tuyawdtntag oto ddoog emtuyydvetan pe dvo tpémoue: [61]

1. To mpddto pépoc e tuyandTnTag ebvon 6Tl xdde dévtpo tomoldeteiton oe éva aveldptnTo delyuo

bootstrap tou apyxol cLVOAOL BESOUEVEIV.

2. To deltepo Yé€pog mpogpyeTal and T SLIoTUoT) TwV XOUBwY. Avtl oe xde Sloywpeloud vo haudvo-
vTow UToPn Gheg ot p petaBintéc npoPBhedng, yenotdomolotue Eva TuY oo UTOGUVONO T TROY VWO Ti-
%x@v. Autd onuaiver 6tL tuyalo, dlapopeTinés petoBAnTéc TedYvwong Beloxovion oe SLapopeTixd
BEVTE.
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5.6 Mé&Jo0dot. Ensemble

H teyvuer) Ensemble avtipetownilet pio oudda otoiyelwy o¢ cOVoro xat oyt pegovouéva. Anuiovpyel
TOAMOTAS povTéRa xon Tor cLYBLALEL o TE TEAXE Var Tpoxddouy Ta xahbTepa anotedéopata. Ol yédodol
cuvérou Bondoly ot Beltinon tne yevixeuong tou yovtélou. Emmhéov ye tnv e vIXn auTY amoge-
OYOVTOL ToL EAATTWOUATA EVOS UEROVOUEVOL ahYoplduouo eve eniong uewdvel Tov xivduvo emioyrig Adidog
povtéhou. Mdhiota, unopel vo a€loTooEL TATPWC Tol TAEOVEXTHUATA EVOG Bootxo) HOVTEAOU oL Vol

nopouotdoel eoupetxr| anddoon npdPredne. [43]

( Model 1 )

» Model 1

Model n \/

N

Yyfua 21: Ensemble Diagram[27]

5.6.1 Bagging

To Bagging oplotnxe mpdtn @opd and tov Breiman to 1996, o npoépyeta and tic Aé&eic bootstrap ag-
gregating. Amotehel plo pédodo yio tn Behtivon twv aotaddy oymudtwy extiunone f toadvounone.[44]
O Breiman 6pioe 10 bagging wc pio teyviny) yelwong e dlaxdpavone yia dwodixacieg onwe elvon To
BEVTEa ambPaong 1) oL LEYOBOL TOU XAVOLUY ETLAOYT UETABANTOY Kol TEOCUPUOYT OF YRuuXd LOVTEAO.
‘Eywe wbuodtepo SNpo@ihéc AoYw Tne amAdTnToS TG EQapuoyng xaL Tng dnuotixdtnta e uedodoroylag
bootstrap. [44]

Exetvn v emoyy], 6uwe, Topoucldotnxay WOVo eUpETXd ETLYELPHUOTA Yot TOUC AOYOUC Tou To bagging
hertovpyovoe. Apydtepa, to 2002, anmodelydnxe and toug Bithlmann xou Yu étu 1 teyvier) oty ebvan
o Aettoupyior e€oudhuvong mou amodelxvieton TheovexTixy tav otoyelel ot Bedtinon tng mpoyve-
oTNC amodOCNE TWV BEVTRPGY TAAVBEOUNoNG 1) TaEVOUNoNC. LNV TepinTtwoT TwY SEVIpWY amdpaoTS,
1 Yewpla Twv 500 aUTOY eMCTNUOVWY, emPeBaidvel 1 Swodlodnor tou Breiman 6t to bagging eivon piot
eV Uelwong Slodpoavong, pewdvovtog enione to uéoo tetpdywvo opdhpa (MSE).[44]

H éa tou bagging etvar 1 emdupio va tanpto9olv morhd aveEdptnto LOVTEND Xou Vo UTONOYLO TEL
0 péoog bpog twv TEOPBAEYEDY Toug TpOXEEVOL Vo ANgUel éval HOVTEAD PE YauNnAdTERY Blaxbuove).
Qo1600, dev Unopoly, GTNY TEAEY, Vo YWEEcoLY TAHEwS aveddptnTta Lovtéha yiatl Yo anoutodoe ndpo
TOANG dedopéva. Enopévwe, diveton Eupact oTic XaAEC «xoTd TPOCEYYLON WLOTNTECY TG AVTLTEOCH-
nevTixdTNTe xou g avelaptnoiog twv detyudtwy bootstrap dote va npocapuoctolv povtéla Tou
elvon oyedov aveldptnra. [45]

Yy apyy, dnovpyodvtar toAlamhd Selypota bootstrap étol dote xdie véo delypo vo hettovpyel wg

éva AN oyeddY aveldptnTo GOVORO BEBOUEVMY TOU TPOERYETAL ANO TO 0EYX6 GUVOAO. XT1 CUVEYELY,
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npocapudletar évac adlvopoc learner yio xadéva omd autd tor delyportar xou TeEAXd awtd odpollovan
unohoy(lovtoc tov péco 6po TV e€68wWV TOug X, €ToL, Vo dnuiovpynUel éva HOVTEND GUVONOUL UE
uxpdtepn amdxhion.[45]

ITio avahutixd, urodétovtog 6t undpyouv L bootstrap delypota yeyédoue B: [45]

{21, 28, 2}, {23, 22, .28, o {2 28 25

Trdpyouv L oyeddv aveldptntol addvapor padntéc (évac ot xdde olvoro dedopévwy)

w1 (L), wa(.), ..., wr(.)

Y ovvéyela ouyxevipovovtar ol é€odol oe oplopévr dwadixacio UTOAOYIOHOL Tou PECOL GEOU YLo
vo Angdel éva povtého cuvohou ue pixpodtepn amdxiion. YTmdpyouv Sudpopotr mdavol tedmoL Yo T
OUYXEVTPOOT) TV TOAATADY HOVTEAWY ToL €xouv Torodetniel Ttopdiinho. [45]

Téhog, Yo Antov onuavtixd va avapepdel Tt Eva and tor yeydio mhsovextidota Tou bagging etvon 6t
unopel va mapodinhotel. To Sopopetind povtéra tonodetovvron aveEdptnta o éva omd To Ghho o

CLVETHOC UToPoVY va Yenotponotoly eviatixés Texvixéc napahhnhonoinone edv ypetdleton. [45]

Sample1 Sample2 Sample3

| l J l

Bagging Ensemble

Treel Tree2 Tree3
Combine
Output

(vhat)

SyAuo 22: Bagging

5.6.2 Meédodog unoloyiopol pécou bpou

O péooc bpoc suvohou (1 o péooc bpoc) eivar 1 To amhf pédodoc ensemble pe oxond Ty exgetdhhevon
e TEOBAEPNS DAPOPETIXWDY UOVTENWY TOAVOPOUNONG. ATOTEAE! Wiot XOWVY| XOUL EVPEWS YETNOULOTOLOVUE-
v pédodog cuvorou ota ontola oL TEOBAEPELS TKV UEUOVOUEVKDY UOVTEAWY TEdBAedne avTipetwnilovto
e€loou. Ilo avohutxd, xdde povtélo npdPiedng exnoudevetar Eeywplotd xou apol yivel 1 TedBredn

avedptnto and T SlopopeTind Lovtéha, oto Téhog utoloyileton o péoog bpog tne TeEMxc Tunc.
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O péoog bpoc ouvdrou Baoiletar oTny €A OTL ToL CUVGTOGA LOVTENX TOU BEV XEVouY GuVAHYWLS TO (B0
oo ota dedouéva. Me autdy Tov Tp6T0, TO HOVTERD GUVOAOU UELOVEL TN SlodUoveY) 0Ty TedSBAe-
dm, yeyovde mou odnyel oe xohltepes mpoPAédeic. To mieovexthpota authc tne uevddou anotehel 1
AMAGTNTAL TN EPUPUOYHS TNE XM ol 1) EXPETIAREUOT) TN TOLAAINC TWV CPIAIATHY TWY CUVLO TOOWY

povTéhwy tne ywele va anauteltar npdodetn exnaldevon. [46]

5.6.3 X7toiBain

H ooifoin (stacking) efvan pior dhkn npocéyyion ensemble mou cuvdudlet SapopeTind povtéha TedBhe-
dne oe éva uévo povtéro. Auth 1 mpocéyyion elodyel TNV Evvola TG peta-pdinong. Avtinpocwnedel
éval aoLUTTLTIXS BENTIOTO cloTNHa KEdnomne xoL OTOYEVEL GTNY ENAYIOTOTOMNOT TwV SQoAUETwY. [48]
H 8¢a elvon vo dnurovpyndel éva peto-cdvoro dedouéviwy mou mepléyel pior TAELEda yior xde TAeLdda
070 apyd cOvoho Bedopévev. 26T600, avtl Vo YENOWOTOLEL Ta JEY XA YUPUXTNELO TIXG ELoaYWYNS,
xenowonotel Ty teoBhenduevn To&vounom TV TAEVOUNTOY w¢ Yvwpelopata eloédou. [48]

IIio avahutind, xotd 1 otoifoaln Teéyouy uepovouévol ol gadntée (podnteudpevol TpdTou emtnédou).
To clvolo exmaldevone yenowdomoleiton yioo TV exnaldevon meoTo and xdde évayv and Toug Bacixo-
O¢ ta€wvountéc. To amoteAéopota mou mpoxdnTouy and TV TEOBAed TwV PoinTy cuvdidlovton X
dnwoupyolv éva véo clvolo To orolo ypnotdonoteitor yia vo exnoudeutel o petopadntic (wodnth de-
Utepou emnédou) o onolog cuvdLElel Tic SlapopeTinée tpoPfAédelc oe wo Tehxn.[47] Tevixd, to povtého

Tou enoUevoL emmédou padalvel and Tol LOVTEAN TOU TEOTYOUUEVOL ETUTEBOU.

Model 1
D
-~ Model2 — )
D o _ Output
Data —
D' > Model 3 B
Model 4
Model Stack

Sy 23: Stacking

T neplocdTepes Qopéc T0 apyixd clvoho Bedouévev ywelletar oe 0o unoclvoha. To mewto deoye-
DETOL YioL VO oY NUATIOEL TO UETA-CUVOAO BEBOUEVLY ol TO BEOTEPO UTOGUVOAO YENOWOTOLELTAL Yl TN
dnwovpyio Twv Tagvountdy Bootxol emTEdo. JUVETKS, ot TEOBAEPELS TWY YETA-TUEWVOUNTOY AVTIXO-
Tontpilouv TV TeayuoTny| amddoon twv olyoplduwy udinone Baocixod emnédou. [48]

Ot eddoeic otolfalng do unopolooy va Bedtiwdolv yenowonowwvtag mdavotntes e€6dou yia xdde
eTETA ¥AdoNE and Toug TadvounTég Baoxol emnédou. Xe TETOLEG MEPINTOOELS, 0 dplduds TwV Eloa-

YOYOV torkaniactdleton avdhoyo tov aptdud twv xhdoewy. [48]
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Yupmepaopotind, 1 xOplo BEATOTN 0O TEOYVWO TIXA omoTEAEGUOTA, Oty eqopudletoan to Stacking,
elvon epgpavic otay undpyet toixihogoppla UETUED TV UOVIEA®Y TV SLIPORETIXOY ETUTESWY, dNAIDY

HOVTENWY UE DLopopeTnéc oTpatnyés pdinone. [48]
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5.7 Xyetwxég Epyaocieg

It v pdBiedn ypovooelpdy éyouv tpayuatonondel tohhéc yeréteg xou épeuves. Kuplog éyel ye-
Aetniel 1 cuUTEPLPOEE XAl 1) ATOTERECUATIXOTNTA BLPOPETIXMY ahyoplduwy ot dedouéva Tou aopolv
ToANOUC TOUElC TNE OLXOVOpiG, TNG XOWWVINS XAl TWV ETUC TNUWMY.

‘Eva napdderypo amotehel 1 épeuval v Sima Siami Namini xow Akbar Siami Namin arnd to Teyvo-
hoywo HavemotAuto tou Té€oc xaw tne Neda Tavakoli and to Ivotitovto Teyvoroylac tne Georgia.
Ytdyoc NS PEAETNG TOUC ATAV 1) XATAVONON YLoL TO oV ol Twe ol alyoprlduol Baociouyévol o Bathd
pddnon, énwe etvar o LSTM, napoucidlouy xolUtepa amoteAéopota otny TedBAedn ypovooeipty and
Toug mopadoataxols ahyderdpous. o autd, epopudotnne 1 pédodoc ARIMA xa 1 uédodoc LSTM
o€ oixovouixd dedopéva mou elyav cuhheyVel andé to Yahoo finance Website 1. To anoteréoyata
e €peuvag €delay 6Tl oL akyderduot mou Pacilovton oe Bardd uddnon 6mwe to LSTM Eenepvd toug
napadootoxols alyoprtuoug 6mne etvar to woviého ARIMA. o cuyxexpyéva, 1 yéon yelwon oe mo-
00018 o@dhpotoc mov napatnednxe and 1o LSTM frav yetald 84 - 87% o olyxpion pe 1o ARIMA,
UTOBEVOOVTAS TNV UEYOAUTERT AMOTEAECUATIXGTNTA TOU TPGTOU Tpog 1o devtepo. [20]

Mot GAAT peRETN TOU TOPEN TNG UNYAVIXAC TETPEAEWY TOU TaveTo TNlol Tou Wyoming xou tou Colorado
School of Mines acyorfdnxe ye tnv npolAiedn tng amdédoone mapaywyNe W cuPPatincdy de&auevidy
AOY® TNG ETEPOYEVELNS TV LUNUATOV, TV TERITAOXMY XAVAALDY PONS X0 TNG TOMITAOXNG CUUTERLPOREC
e pevoThc @done. Ot mopadootaxéc pédodol npdBredne mopoywyrc tetpehaion, OTwE yio Tapddetyol
N AVIAUGT) XUUTUANG TTOONE XAl 1] TPOCKUOIWST) Teservoir yio mpdfiedn, eivon vroxewevinés. Katd
v €peuva mpaypatonoiinxe clyxplon Twv TELdY odyoplluwy: ARIMA, LSTM xo Prophet. Xt
CUVEYELN, EQPAUPUOCTNXAY VLol OOYXELOY 1) AVAAUOY) TN XUUTUANE TTWOONG %ol 1) TEOCWUOIWOT) Teservoir
yioo ipdPAedm. [21]

Ta cupnepdopota Aoy 6Tl T LovTéAN Unyavixic wdinong mepthouBdvouy uia amhy por| epyastiag, ywelc
nponyoluevn unddeon yio Tov TONo TNne dedapevic, Yeriyoen meoPiedn xou o€lOmo Ty anddooT) Yiol Wi
Tumxn xuponvouevn @divovoa xounUAn. Emmiéov, to povtého Prophet xotéypade tic draxupdvoeig
NG TOPAYWYHS TTOU TEOXANOUVTAL OO TIC YEWEPLVES ETUTTMAOELS, Ol OTOlEC UTOPOVY VO TROCEAXVGOUY
TNV TPOGOoYT ToL YElLoTH Xat var anotpédouy mbavée aotoyiec. Kdtt tétolo dev eiyet Siepeuvniel xou
oulntniel Wiodtepa, and mponyolueves ueréteq. H epappoyy) twv yedddwy €deiée 6t oo ARIMA xau
LSTM anobdidouv xahbtepa and to Prophet. Autd cuyfaivel xadae dev mepthopBdvouy dha to dedouéval
nopaywYhic neTpelaiou enoytoxnés emppoéc. [21]

Axbpo pio UEAETN OYETIXG PE OUYXELOT XPOVOCELRMY Tparypatonotidnxe and wia oudda epeuyNTOY ot de-
dopéva oy e todoydvou yelnng v ntnveyv (HEN1) oty Alyunto. Egapubéotnxoay to wovtéla
Random Forest xoar ARIMA. Ilapatneridnxe 6t to poviého Random Forest Eenépooce to ARIMA
OTNY TEOYVWO TN xavoTnTa. Autd cuveRn mbavéy yia 800 Aoyoug clugwva ye T uerét. Ipdtov,
1 oyéon peTal Twv dedouévewy unopet va uny eivon ypouuixh. To poviého ARIMA npotinodéter ypoy-
pxée oyéoelg HeToll TwV TEOBAETOUEVLV TV Xou auTH 1 aduvaia Tou unopel va €xel cuUBdAeL oe
YounAdteen anodoor. Aclhtepov, undpyel Evag un QUotohoyixog Y6pufBog ot XPOVOCELRd xdTL Tou Elval
plor and Tic Pooinée mopadoyée and 1o poviého ARIMA. [22]

Trdpyouv oty noyxdopa BiBhoypapla ToAES axdua EAETES TOU GUYXEIVOLY BlAPORETIXOUE ohYbpLY-
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poug mpoBiedng.
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6 Meédoool BeAtioTonoinong

Behuotonoinon givon 1 Stodixaocia tne onolog xptoc otdyoc eivon 1 ebpeor e xahdtepne TwhAc (Uéyt-
otne 1 ehdyotng) wlag ouvdptnone f (61, ..., Om) pe m mopduetpoug b1, ..., 0. O mapduetpol autol
uropel va etvon eploplopévol (otny exdetnd xatavoun unopolv va eivar uévo Yetixol) elte un neplopt-
ouévol (Ypopu tehvdpdunon).[49]

‘Evog amoteheopotinde Pehtiotonomntrg eivan ToAD onuavtindg yia tny emPBefoiwon ot 1 xahbtepn Ao
elvon mpooPdown. H Bdon evég Behtiotonomtn elvon évag ahydprduog avalitnong 1 Bertiotonoinong
7oV eQupPOlETU CWO T Wate va tpaydatonondel N emduunty avalitnon. Trdpyouv otn PiBAioypadpio
nolhol ahydprduot Behtiotonoinone, dume xavévas dev eivan xatdAniog yio 6o o tpofifuata.[50]

6.1 Aval7tnon mAEypatog

To grid search ¥ avalhtnon mAéypoatog xdvel wior Thien avalAtnon oe éva Sedouévo LUTOGUVORO TOU
YOPOL TV UTEPTOPAUUETEMY ToL ahyopiduou exnaldevone. [51]

ITo ouyxexpwéva 1 pédodoc auty “xotaoxeLdlel Eva TAEYUA, oaELONOYEL TNV AVTIXEWWEVIXH CUVAPTNOT
oe 6o Tor onuelor Tou TAEYUatog xou Beloxel To onuelo Tou emTLYYAVEL TNV xoADTEEY emUUNT TWT
e ouvdpTnonge.[51]

Do topddetypar v plor LeToPAnTh éyet ehdyiotn e I; xoun péyiotn u,; téte yowpilel To didotnua (I;, p;)
oe p; — 1 {oa onuelo dote Ta xz(-l) 22 abi

, T va efvon onueio otov x; dova (i = 1,2,...,n), 61ou n To
oOVOAO TV PETUBANTOV.[51]

Eneidr| évag alyopriupog pnyavixhc udinong propel va nepthogBaver ympoug Ue TeayaTixée 1 aneplopl-
o TEC TWEC YLt OpLOUEVES TOPAUETEOUG, Efval Buvatd va tpénet va xardoplotel éval bpto yia vor e@opuootel
wor avolnon mAéypatoc. H avalAtnon mhéyuatog mepihouBdvel ToAES Popéc Ywpoug LPNAGY Bia-
o0TdoEwY, ahAd oLy VA unopel ebxoha var TapOAANALG Tel, X} Ol TWES TWV UTEPTIORUUETEWY UE To OTolaL
hertovpyel o ahyopiyoc elvar cuvAdwe aveldptntec petal touc. Emmhéov, o olybprdupoc pnopel va
xenowonomdel ote va Beedel Eva xohb apyxd onueio o pio 1 teploodtepes pedddouc.[52]

Grid Search
o0 0 00
oo 0o 00
*=5-o-oo
o=oooe
oo 0o 00

Hyperparameter 2

Hyperparameter 1

Syfuo 24: Grid Search[53]
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6.2 K-Fold

H duaotavpoipevn emxdpwon k-fold Eexwvdel pe v tuyola Sidomact twv dedoyévwy e oe K opddec.
Y ouvéyela, yia x&de opdda extelovvtar ol oxdhoudes npdieic[H4]:

o Emioyy plag and Tic opddeg dote va yivel 1o chvolo mou Yo yenotporoindel yio Tov EAeyyo TNng
oxpifelac Tou yovtélou (test set

o Xphion twv undroneny K-1 opdduv yia ty extaldeuon tou yoviéhou (training sets)

o Ilpaypatonoinon tne exnaideuons xou a€lohdynon Tou HOVTENOL.

‘ Training set ‘

Testing fold

“‘ Dt ‘ Training folds

g

=

Dk

g

=
¥

=
=T==
==T===
.=..=..:.T.:..:..:.

| -[»]
m"mﬂozﬂm D1 ...‘Dk|
m‘ Di ﬂ Dz |I D3 [| D4 Ds Ds D7 Ds wes ‘ Dk |
@‘Dxﬂozﬂmﬂmuos‘m D Dx|-"‘Dk|
Eﬂ" D1 ﬂ Dz || D3 H D4 ﬂ Ds || Dé | D7 Ds wes ‘ Dk |
ey 0 |0 [0 [ oo o [o ] e [

Eyfua 25: K-Fold
H pédodoc K-Fold v tnv a€lohdynomn extiud T0 GUVOALXO GPIAUO WG TO UECO 6p0 GRUAUTLY xdle

ouddac. Xuvenwg, n pédodog eaptdton and dVO TUEAYOVTIES: TO GUVOAO TOU YENOLWOTOLETOL Yiol TNV
exnadBevor xou Tov Soywplopd ot ouddec. [55]
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7  Metpixég ToEdUETEOL OYETIXA e TNV AELOAOYTOT TWV
OEOOUEVWYV

Tt Ty agloddynon twv npolienduevewy oy o yenoulonotdoldy oploUéVeS UETEIXEC TORGUETEOL, OL
omolol Yo Bonioouy hote va Yivel xaTtovontd 10 TO00 PaxpLd O OYEDT UE TIC TEOYUATIXES TWES elvon
oL TpofBrédeic.[65]

Oewpelton we:

e MSE: An\ovel m6c0 xovid eivar plor ypouur nadwdpdunong and éva chvolo onueinv, utoho-
vilovtac Ty ambdoTaon Touc. XTr cUVEYELN oUTYH 1) anbéoTaon Lhdveton oto teTpdywvo. ‘Oco
HxpoTeRT elvor, dNhad” 600 Mo XOVTd oTo PNdEV elvan To oPdAua, T6c0 xahdTepo Pewpeitoan TO
HOVTENO.

1 n
MSE(y,j) = - Z(yi —4i)?
i=1
e MAE: Troloyilel 10 uéco uéyedog twv opaludtewy ot €va oUvolo tpoliédewy. Oco pxpdtepn

elvon, OnAad 600 To xoVTd oTo UNdEV elvan to oEdua, 1600 xaAlTERO Pewpeitan To Yovtéro.
o1y 2
MAE(y,9) = n Z; |y — 9il
i

e RMSE: Tnoloyilel 10 yéoo péyedoc twv o@uludtwy oe éva cbvolo npofiédewv. Oco -
%xp0TeEN elvor, dBNAAdY 600 TO XxOVTE 0To UNdEV elvol TO GPANUA, TOCO %aAlTEPO Yewpelton TO

novtéAo.

n

RMSE(y,§) = | (1/n> (yi — i)

i=1

e R-Squared: Ymoloyilel 10 mocooté e Sraxduoavone. ‘Oco pxpdtepn eivan, dnAadh 600 mo

%x0VTd 0T UNdEY elvon T0 opdiua, TG0 xahbTEPO Yewpeiton To Hovtého.

22;1 Yi — yiQ

R2(y,@) =1- n —
Zz‘:l Yi — y2
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8 Emnelepyoacia TwV OSOOUEVLV AL EQPUALOUOYY] TWV OoA-
Yopuwy nteofiedng otnv Python

Yto deltepo uépog Va mopouctactel o tpdmoc eneepyaciog Twv dedopévwy ety tpowindoldyv ota
povtéla TedPAedne xou otn cuvéyela Vo TEptypapoly oL CLVUPTACELS TIOL Ypnotworolidnxay and To

povTéla dote va Yivel 1 Telnt| TpdfBhedn.

8.1 Enefepyaocio dedopévwy

S apy)) £YWVE 1 POpTWOT Twv Bedouévev uéow Tou google drive. Ta dedopéva €youv TNy wopy

nivaxa, o onolog nepthauBdvel Tohhd dataset evwuéva.

e 1 2 3 a A
0 2 '2016-04-08T00:00:00.0000000' 22.608437 NULL 96
1 2 '2016-04-09T00:00:00.0000000" 23.285104 NULL 96
2 2 '2016-04-10T00:00:00.0000000" 22.444375 NULL 96
3 2 '2016-04-11T00:00:00.0000000" 20.529479 NULL 96
4 2 '2016-04-12T00:00:00.0000000' 19.844479 NULL 96
92696930 143534 '2022-06-12T00:00:00.0000000' 0.0 NULL NULL
92696931 143534 '2022-06-13T00:00:00.0000000' 0.0 NULL NULL
92696932 143534 '2022-06-14T00:00:00.0000000' 0.0 NULL NULL
92696933 143534 '2022-06-15T00:00:00.0000000' 0.0 NULL NULL

92696934 143534 '2022-06-16T00:00:00.0000000" 0.272727 NULL NULL

92696935 rows x 5 columns

Yyfua 26: Dataset

H 1In otiin nepiéyel tov xwdixd mou meplypdpel oe nold dataset avrxel n xdde ypouur, n 21 nepthoy-
Bdvel TIC NUEPOUNVIEC TTOU OTAYEApNXAY Tor BEBOUEVOL xou 1) 31 TIC THES TWV UETPHOEWY YId QUTES TIC
nuepopnviec. Ot undroineg oTHAES BeV TEPLEYOLY XdTOL ONHAVTIXY TANEOOopla Yiot TNV epyaoia, ondte
xa aponp€dnyay

Agot petoatpdnnxe oe tono float 1 1n oA, emdéydnxay and to dedouéva ol ypouués e Tov avtioTot-
X0 %xwdxd mou poc evilépepe. Emmiéov yetatpdnnxe 1 21 othhn o tOno datetime xou opiotnxe wg
1o index.

Etvar ouyvd, Moyw o@dhuatoc tou opydvou uétenong 1 yio xdrmolov dAho Adyw va undpEouy ota de-
DOUEVH OPLOUEVES YPOVIXEG OTIYHES TTOU DEV LTdEYOoLY peTENOoELS. ot autdy Tov Adyo HTay onuavTind
oTNY dpy” Vo YIvel Eéheyyog av umdpyouy null TéC oTo BEBOUEVO XL OTY CUVEYELL QUTEC VoL XOhU-
pOolv. Ilpoéxue otL Sev undpyouv oe xavéva and To GUVOAa TOL YenoylomotUnXay ondte dev oy
anapoftnTn xdnota chhoy). Emmiéov oplotnxe 1 ouvdptnor timeseries_evaluation_metrics_func

ool yenoylomotfinxe and dAoug Toug aAyopliuoug Yiol Vo UTOAOYIOTOOY Tal o@dhuata PeTald Twy
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oY Tou meoéxudoy petd v medPredn xou twv meayuaTixey oy, Ou yetpixéc mopdueTpol mou
yenowomothdnxay frav to MSE, MAE, RMSE xouto R%.
Metd v eneepyaocia auty, yia 10 X8V povtédo medBredne o xbdixas diépepe.

8.2 MrtatiocTtixol AAyoprduot

Yrtov exdetnd ahyoplduo xar otoug akydprduoue ARIM A, otny apyy, apol oplotnxay to ueyédr Tou
test_size xou Tou train_size, dSnuiovpYHUNXE TO train xo to test set. To npwto clvolo mepthopfdvel
o dedouéva mou Yo exmoudeutody, eved to BedTepo mEpLEyEl Tar dedouéva ou Yo yenotporoiniolv yia
Tov €heyyo e axp{Belag mpdBiedmne tou akyopiduou. To péyedoc tou test set oplotnxe 30, Snhady

Yo tpoPhe@iolv ol 30 Teheutales TYEG TOL dpPYIXOU GUVOAOU BEBOUEVLY.

8.2.1 SARIMA

H npofBhedm pe v toug aryoprduove ARIMA xan SARIMA éywe pe ) Bordeir tne ouvdptnong
auto_arima e PBMoIR e pmdarima. Xtov okybprdpo SARIMA, we oplopota otic petoAntég
D,q 0T cLVdETNGN oploTnxay oL TWES amd 1 €wg 7 xow otn petaBints m ol Tég 1,4,7,12 avdhoya pe to
av 1 enoyxOTNTA elvol ovd Yedvo, avd Telunvo, avd nuépa N avd ufve. Emmiéov oplotnxe 1 yetoBAnTy
seasonal = True.

Yt ouvéyela Y xdde m éywve 1 mEOBAedn UE OhOUC TOUC GUVBUNCUOUS TWV PETUBANTOY p XL g,
epavilovtag oTo Téhog, Yiol To xdde m, T0 Mo HUAS’ HOVTEAD WS TEOC TOL GQPAAULITO Xl 1) avTioToLyT
Yeupun TapdoTtaoT mou cuyxelvel TRV TeoPBiedn ve Ty “akndivy’ T,

Avtiotoyn Swdixacio axohovdidnxe xou yio Tov ahybépduo ARIMA, duwe 1 uetafBinty seasonal
oplotnxe False xou dev unhpye 1 vetaBAnT m xadde to poviého dev avayvewpiler Ty emtoyixdnra.

8.2.2 Exponential Smoothing

INo tov ahyopriuo Exponential Smoothing xotaoxeudo tnxay tpelc ouvaptroeic.

H mpddytn pe 6vopoa best_smoothing_parametres() doxupdlel yio Tic yetoBAntéc tou ohyopiduou Ohec
Tic mdovég TWES OoTe 0To TéAOg, UE Bdon To opdAaTa Tou TpoxelnTouy, va emheydel o xohlTEROCQ
ouvduaoude.

H Beltepn ouvdptnomn dEyeton we Oplopa TIC TUPUUETPOUC TTOU OmALTOLVTAL YLot T Slodxacior Tng
npoPAedne xan ot cuvéyelo e Bdon autéc xdver Ty anapaitntn TEdBAed pe yerion Tng cuvdeTn-
onc Exponential Smoothing tne avtiotouyng Bipiiodixng.

H tpltn ouvaptnom npoPAénet and uévn tne Tic xahbTEPOUC TaPAUETEOUS Xt e Bdom auTég xdvel TN
avtioTouyn nedBhedm.

Yn ouvéyela, ye Bdorn Tic Tapandve cUVIETACELS Aol emAEYUNXE omd TNV TEKOTY CUVAETNOY O Xo-
TIAANAOG GUVBLAOUOE TWV TOEOUETEWY, EQPUPUOCTIHE OTO BEBOUEVAL O AAYOEIIUOC Xl GTO TEANOG EUPA-
vioTnxoy Ta o@dhuaTa Xou 1) YeapLxr TapdoTooy Tou cuyxpeivel Ty TedBAedn ue Ty "oty Tun.
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8.3 Nevpwvixd AixTua

Yta Nevpwvixd dixtua, 1 npoetolgacio twv Sedopévmy tne Ypovoaoelpdc, ety Ty dladixacto tng tpdBAe-
dne, Eextvnoe pe to rescale twv TV Toug amd 0 éwe 1 yio xohUtepa anoteréopata. H pédodog
xovovixonolnong mou yenotpornoidnxe frav n Min — Max Normalization xato tnv onolo yetooyn-
potilovton oL TES NG XPOVOOELRES YRUUWXE GUUPWVO UE TOV TUTO:

X —min(X)
maz(X) — min(X)

Xnew =

6ToL:

Xnew = H véa 1| yetd v xavovixonoinon

X = H nmohid tiun

min(X) = H ehdyotn nuf tou ouvélou X

maz(X) = H yéyiotn nuf tou ouvélou X

YN ouvéyelo ta dedopéva ywplotnxayv oe 8o ouddec. H ouvdptnon mou yenowonoidnxe elye wg
oplopatd tne 1o obvoro Twv dedopévwy xal to window size. Me Bdon to péyedoc nopadipou druove-
yoOvtan 800 pxedTepa cUvola To X Xou TO Y. LTO TRKOTO Umalvouy Ue TN Loppt| Aotag oo dedouéva
ané To 6LYOAO 600 To péyedog mupotlpou xaL OTN CUVEYELL GTO BElTEPO GOVORO UTalVEL 1) aETW
enouevn r. H Swduocio auth emavorouPdveton uéypl va tonodetndodv dleg ov TWwég oe €va and

o 800 olvora. H nopandve cuvdptnon yenowonotetiton xodog 1 medBiedn yivetar dnwe patvetar oto

oo 12.

B Actual
Predict
1 3 5 | 6 7 | 8 ) 1 2
J'l Y.
1 "I 1A
: : JI\ h H 3
|mw|w-duw= 1 : J|\ : ] : T
T N S O
L I Pl
Loop 2 Window | ] 1 ] 1 ]
OS] TN A 1 I
1 r ] ]
Loop 3 Window | i ,' ll
| i
Loop 4 Window| I
I ————

Yy fua 27: Forecasting with Neural Networks[11]
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Xenowomnoteltan to ahvoro X yia va meofie@ioly ol TWES Tou cuVOhoL Y. XNy dpy’ oL TWES TNg
Motoc oty mpdn ¥éon tou X Ya npoPfrédouy Ty T Tou medTou atotyelov Tou y. Kou Yo oxo-
houdoouv Ghec oL pée. Tuvohxd Yo éxouv mpoPrepdel length (df) - window size twéc xadde o
TpdTEC window size TWES YENOHLOTOUVTOL UWOVO Yia TNV Tetd TN TEdBAe.

YUVETWE, OTNY TEOETOWAGIA TWV DEBOUEVKY YENOWOTOLEITAL 1) CUVEETNOT AUTY Xl BNULOUEYOUVTOL TaL
cOvoha X1 xou yl.

Yt ouvéyelo opllovtan tar Yey€dn mou Vo €youv ta cOvoha test, validation xou train xou xoto-
oxevalovtot. Ta dedopévo and o train set ypnowonolovvTon yior TNV eXTUSEUOT TOU LoVTEAOU, TO
validation set amanteitan yia Ty BedTioTonolnoy TwV TUPAUETEWY XL TOV 0pLOUS TwV Bopy XL UE T1
Borideia tou test set Yo eheyydel n axpiBela Tou poviéhou. To test_size opiletan 30 xodwg mpeneL va
npofAepiolv ot 30 teheutaieg Tée, eved To undroio ywelleton oTo test_size xou oto val_size.

To xdde povtéro xotaoxevdotnxe Eexwpelotd xou Eyve compile e Beltiotonolnon mou yenotwonotel
Tov ohybprdpo Adam, évav oToxao TG ahyopLUO TOU YENOWOTOLEL TPOTNG T8ENe gradient xou €yel
g amantrioeg pviung. Enione wg ocuvdptnon andeiog oplotnxe to mse.

Axohovdwe, totodetidnxay ol Tiwée Twv YeTaBANTdY tou avtioTolyoly ato evaluation interval xou
OTIC EMOYEC %ot POV EXTOUDEDTAXE TO HOVTEND, EYvary oL XxatdhAnies mpoPAédelc yia To train set, To
validation set xou o test set. ¥to Téhoc UTOAOYIGTNXE TO GPIAUA TNS TEOBAEPNS XoU TOPOUGCLEG TNHXE
N Yeapuh mapdotaot. To xdie povtéro, avdhoya Ye Tov alYOptdUo, XUTAOXEVAC TNXE UE DLUPORETING
eninedo (layer).

8.4 Prophet

Do v medBedn ue tov ahyoprdpo Prophet yenowomoudnxe 1 ouvdptnon Prophet tne BiBAodinng
prophet. Ytnv enelepyacio v dedouévwy mpwv Ty dladacior tng medlAiedng, énpene var yivouv
oMayéc oTo dvouo Tou Tthou TNg oTHANG Tou elvor Tor BEBOPEVA GTE VoL YIVOVTOL AOBEXTE 0o TNV
ocuvdptnon. H otihn ye tic nuepounvieg oplotnxe wg ds, eved 1 6THAT TV TWOV OC Y.

Apéonc yetd oplotnxay ta oUvoha train xa validate. Y¥to mpdhto clvolo, mou pe Bdor autd €yive 1)
TedBhed, mpootédnxay dha To dedopéva extog and T teleutaieg 30 Ypouués, Tou yenoiwomoiinxay
yia v o€lohdynom tou akyopiduou.

To train set exnoudebnxe pe tn ouvdptnon Prophet. Me Bdon tnv exnaldevon €yive xal 1 avtioTolyn
npoPAedn. L1o TEROC TUPOVCLACTIHOY TOL GOANLATA XOUL 1) YRUPIXTH| TUREGTION.

Ta oplopata g ocuvdptnone Prophet eivau:

e growth mou puduilel to trend tng oelpdc xou umopel vo mhpel Tic Twée flat av dev epgavilel
xdmota tdom, linear ov eivon ypouuix xou logistic av oaxohovdel tnv cuvdptnom m,

onou L 1 péyom tin, k o pududc addnong tne xaunOAnNG XL To 10 U€co oTov GEOVO TWY .
o seasonality_-mode mou op(lel av 1 enoyixdnTa elvan adpoloTinn ¥ TOAAATAAGLACTIXY

o yearly_seasonality, daily_seasonality xou weekly_seasonality yia Tic YpOVIES, MUEPHOLES Xou
efdouadiaieg emoywdTnTES avtioTorya. Mmopolv va ndpouy Ti¢ Tiwée False av dev eugpaviCouv ta

dedouéva xdmola Yy xdmolov axépano aprdud. O aprdude avtiotolyel 6to TANYOC TWV NUTOVOELBMY
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XUUPOTOY Tou Vo Yenoudoromdoly and Tn cuVEETNoT Yid TNY TEOCEYYIoT) Twv TYWoY. EE oplopod

N TN mou €youv ebvar 10, 3 xou 4 avtictorya.

o seasonality_prior_scale mou meptypdgpel TNy mlavy XaTtavoun Twv TWoOY Tev TNy teoliedr. EE

oplopol tou 1 Twn ebvon 10.
e changepoint_prior_scale mou opileton w¢ 0 Mbavég aptdpds ahhay VY TV TEoEWY.

Y& 0plOUEVES TIEPLTTMOELS £YVE 1) TEo¥1ixT SAAWY Tapary GVTLY enoyixdTntag é1ou opilotay To Gvoua Tng
enoywotnrac xou 1 neplodoc te.Emmhéov npootédnxe 1 evioly) xotd v omola AouBdvovton unddny
ol dxonég oty EAAGSa exelvo 1o udva. H tehir) npdBiedmn twv UeAOVTIXOVY TWOV EYIVE UE TN
ouvdptnon make_future_dataframe. To bplopa periods dnhdvel tdéoeg mepidol Yo tpofreploiy evdd
10 freq 7o eldog TwV TEPLOBWV. 2TN cUYxEPWEVT TeplnTwo oploTnxe we D ondte elvan nueplolo, xau

vt auté ot mepiodot firav 30 (30 pépec va mpoPBrepdolv).

8.5 XGBOOST

T tov ahyoprduo XGBOOST yenowonomidnxe n cuvdptnorn xgboost tne BBhodnxne zgb.

Apyxd xATUOHEVACTIXE 1) CLVAPTNOT XATA TNV OTolo "OTHEL 1) YPOVIXA OTLYUY| TwV SESOUEVWY OE MpEC,
nuépa NS fBouddag, Telunvo, uiva, Yeovid, NUEpa TNG YEOVIASC XL NUERC TOU UrvaL.

TN CUVEYELN, EPUPUOCTNXE 1) TAUPATAVW CUVAETNOT OTO dpyxd dataset xal o€ exclvo Twv train xou
Twv test.

Yto téhog ye T Borldela g cuvdptnong xgboost Eywvay ol xatdAinies npofiédeic xon mpoBArdnyoy

TOL GQPAAUOTA Xal 1) AVTOTOLY T YRopIXT) TUEAOTIOT).

8.6 Random Forest Regression

Tt tnv npdAedn ye tov ahyderdpo Random Forest, oty apyry Snuiovpyhdnxay ta 0o cbvora train

%o test.

Yt ouvéyela pe Tt xeron tne ouvdptnon RandomForest Regressor() tne BBhotxne RandomForest Regressor
exnaudelTNXE TO HOVTERD. TN GLUVEETNOT OplCTNXE O dPLIKOC TWV EXTNTWV UECA omd TN YETABANTY
n_estimators otouc 1000.

Yto téhog €ytve 1 xaTEAANAN TEdBAe.

8.7 Ilopaiiayy Random Forest Regression

Yty apy’| to dedouéva Ue TN ouvdptnor series_to_supervised BACTACTNXAY OE UTO - OUGDES TOU
ATOTEAOUVTAY OO N TWES TWV BEBOUEVKV Xal amd TNV ETOUEVT] Tir) TNy onola o tpoBAédouy xatd Ty
exTAUBEVOT) TOU YoVTEAOU.

3t ouvéyela, apol ywploTnxoay To dedouéva ot cUvola train xou test set, 6mwe xou 0TV MepinTWON

Tou anhol povtéhov Random Forest, exnawdedtnxe to povtého ue ) ouvdptnon RandomForest Regressor()

e BiBhodnxng RandomForest Regressor.
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Y10 téhog, ue ) Boridela g (Blog cuvdpTtnong, éyvay ol xatdhhnheg tpofBiédeic xou teoBARdnxay To

opIApaTa Xat 1) avTioToly T Yeapix| Tapdo Too).
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9 Acdopéva and xatacthpote Teanelwv

Y10 uépoc auto, Yo Yivel mapouctao Twy dedouévwy and to xotao Tt Teanelty Téve oo omolo

Yo ylvel 1) eqoppoyy| v alyopituwy mou tpoavapéodnxay.

9.1

Katdotnpa 1o

To nptTo xatdotnue nou YeAethinxe elvon excivo ye xwdxd 10.

9.1.1

Controller Schneider > Groundfloor > Temperature2

H pétenon auth) agopd v deppoxpacio oto wodyeto xou yetpdnxe ye Controller Schneider. ¥to

TopOXdTey SLdypopua elval Qavepd, OTL 1) YPOVOTELRE BEV TopoUGtdlel OpLOPEVT THOT), UK ExEL EVTov

EMOYXOTNTA X xVElwe avd yedvo.

e

e

=

=

Sl

Sl

-

(0)

2016-04-07
2016-04-08
2016-04-09
2016-04-10

2016-04-11

2022-06-12
2022-06-13
2022-06-14
2022-06-15

2022-06-16

3696.0

3696.0

3696.0

3696.0

3696.0

3696.0

3696.0

3696.0

3696.0

3696.0

Syfuo 28: Temperature 2 of GroundFloor

(a)Graph (b) Table

9.1.2 Controller Schneider > Groundfloor > Temperaturel

'2016-04-07 TO0:00:00.0000000"
'2016-04-08T00:00:00.0000000"
'2016-04-09T00:00:00.0000000"
'2016-04-10T00:00:00.0000000"

'2016-04-11T00:00:00.0000000"

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000"
'2022-06-14T00:00:00.0000000"
'2022-06-15T00:00:00.0000000"

'2022-06-16T00:00:00.0000000"

25257843
24.457917
25.009792
25.094688

24 675833

29.136316
29.482737
29.714105
28.201158

28.205405

H pérpnon auth agopd tnv Yeppoxpacio oto wodyelo oe dhho onueio and mponyouuévee xat ueteiinxe

ue Controller Schneider. ‘Onwg xou oto mponyoluevo Sidypaupa mou agopoloe Yepuoxpoasia Tou

LoOYELOL, Qalvetal OTL 1) YPOVOTELRd EPQaVIZEL WOVO ETOYIXATNTA

325
300 1
27.5 1
5.0
225 A
20.0
17.5

15.0

£°

(a)

A

&

-2

2

B 1

T

(0)

2016-04-07
2016-04-08
2016-04-09
2016-04-10

2016-04-11

2022-06-12
2022-06-13
2022-06-14
2022-06-15

2022-06-16

3701.0
3701.0
3701.0
3701.0

3701.0

3701.0
3701.0
3701.0
3701.0

3701.0

Syhua 29: Temperature 1 of GroundFloor

(a)Graph (b) Table
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'2016-04-07TO0:00:00.0000000"
'2016-04-08TO0:00:00.0000000"
'2016-04-09T00:00:00.0000000"
'2016-04-10T00:00:00.0000000"

*2016-04-11T00:00:00.0000000"

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000"
'2022-06-14T0O0:00:00.0000000"
'2022-06-15T00:00:00.0000000"

'2022-06-16T00:00:00.0000000"

24.712941

24.195625
24529792
24872604

24366562

27.87979
28.378316
28.429787
26.757021

27.001389



9.1.3 Controller Schneider > Data Room > DataRoom Temp

H napaxdte ypovooelpd teplypdpel tny Yeppoxpacio oto data room xou petpidnxe ue Controller Schneider.
To Sudypauuo Tapoustldlel Tn Ypovooelpd Ywels xdmola eygavy) Tdor ahha Ue évtovn enoyixotnta. H
emoyoTnTa elvan xupledg avd ypdvo, ue pepixéc dagpopornoiioeic. o mapdderyua xdmoleg Ypoviég

eugpavilel évtovee TTMoELS, eV dAAes évtoves auEhoELC.

2016-04-07 3706.0 '2016-04-07 TOD:00:00.0000000" 23.686667
26 2016-04-08 3706.0 '2016-04-08T00:00:00.0000000' 23.661354
2016-04-09 3706.0 '2016-04-09T00:00:00.0000000' 23.742813
24 2016-04-10 3706.0 '2016-04-10T00:00:00.0000000" 23.749479

2016-04-11 3706.0 '2016-04-11T00:00:00.0000000' 23.682188

22 . . .

2022-06-12 3706.0 '2022-06-12T00:00:00.0000000" 22.607396

20 2022-06-13 3706.0 '2022-06-13T00:00:00.0000000" 22.616667

2022-06-14 3706.0 '2022-06-14T00:00:00.0000000" 22.668842

1s 2022-06-15 3706.0 '2022-06-15T00:00:00.0000000" 22.519583
w) ST £ - s i

o
(a> L > (b) 2022-06-16 3706.0 '2022-06-16T00:00:00.0000000'  22.47973

Sy nfua 30: Temperature of Data Room
(a)Graph (b) Table

9.1.4 Controller Schneider > Feedback > AC Feedback

H pétenon avtr unohoyilet tn péylot T tou feedback oe éva AC' Feedback. H pétpnom éyive xau
ndAL pe to bpyavo Controller Schneider. Ilopatnpeiton 6tL oL Tipéc petafdhovion cuveyde amd 1 oe

0 ue évtovr emoyixdnToL.

2016-04-07 3766.0 '2016-04-07T00:00:00.0000000" 1.0

10
2016-04-08 3766.0 '2016-04-08T00:00:00.0000000" 1.0
o8 2016-04-09 3766.0 '2016-04-09T00:00:00.0000000° 1.0
2016-04-10 3766.0 'Z016-04-10T00:00:00.0000000° 0.0
o8 2016-04-11 2766.0 '2016-04-11T00:00:00.0000000° 0.0
04
2022-06-12 3766.0 '2022-06-12T00:00:00.0000000° 0.0
0.2 2022-06-13 3766.0 '2022-06-13T00:00:00.0000000" 0.0
2022-06-14 3766.0 '2022-06-14T00:00:00.0000000' 0.0
o0 2022-06-15 376G.0 '2022-06-15T00:00:00.0000000" 1.0
(a) £ -t A £ . 4 L & (b) 2022-06-16 3766.0 '2022-06-16T00:00:00.0000000° 1.0

Syfua 31: Feedback of AC Feedback
(a)Graph (b) Table

9.1.5 Main Electricity Panel > HVAC > Active Power

H pétpnon auth agopd tnv T tne Active Energy 6cov agod tn Vépuovan, tov eEaepiold xou Tov
xhotiopd and to dpyavo MainElectricityPanel. To Sudypopua elvor apxetd muxvd, ywels xdmola
tdon xau pe emoyxotnTa. Ou Tiwég petaBdihovtan peto€d uiog uéyiotng xon uiog eAdylotng tung pe

OpLOUEVES BLUPOPOTIOLNOELS.
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& 4 2016-04-26 3837.0 '2016-04-26T00:00:00.0000000" 1.178488
2016-04-27 3837.0 '2016-04-27T00:00:00.0000000" 1.410934

51 2016-04-28 3837.0 '2016-04-28T00:00:00.0000000° 1.373861

4 1 2016-04-29 3837.0 '2016-04-29T00:00:00.0000000" 1.267897

5 ] 2016-04-30 3837.0 '2016-04-30T00:00:00.0000000" 0.283768

2 2022-06-12 3837.0 '2022-06-12T00:00:00.0000000" 0.353277

1 2022-06-13 3837.0 '2022-06-13T00:00:00.0000000" 0.328929
2022-06-14 3837.0 '2022-06-14700:00:00.0000000" 0.354981

© 2022-06-15 3837.0 '2022-06-15T00:00:00.0000000" 3.300165

(a) = = = =0 10 e ( b) 2022-06-16 3837.0 '2022-06-16T00:00:00.0000000" 2.419221

Yy fua 32: Active Power of HVAC
(a)Graph (b) Table

9.1.6 Max calculation HVAC > Active Energy > Active Energy

H pétenon auty mapovoidlel tnv péylotn tuy tne Active Energy tne Yépuoavone, tou e€oeplopdu xau
Tou xhartiopou. Topatnpeitan audntinn tdon pe wxer emoyixdétnto. To ypdvo 2021, pdhota, undpyet
plot Eapvinhy mrddom.

2016-04-19 3851.0 '2016-04-19T00:00:00.0000000°  2102.003906
80000 2016-04-20 3851.0 '2016-04-20T00:00:00.0000000°  2145.173096
2016-04-21 3851.0 "2016-04-21T00:00:00.0000000" 21983 952881
0000 2016-04-22 3851.0 '2016-04-22T00:00:00.0000000°  2222.170898
2016-04-23 3851.0 "2016-04-23T00:00:00.0000000" 2258 958008

40000
2022-06-12 3851.0 '2022-06-12T00:00:00.0000000" 92039.40625
20000 2022-06-13 3851.0 "2022-06-13T00:00:00.0000000" 92047.28125
2022-06-14 3851.0 '2022-06-14T00:00:00.0000000°  ©92065.8125
° 2022-06-15 3851.0 "2022-06-15T00:00:00.0000000" 92134.632812
(a> N &= N = - 2 = = (b) 2022-06-16 3851.0 '2022-06-16T00:00:00.0000000° 92156.929688

Syfuo 33: Max Calculation of Active Energy of HVAC
(a)Graph (b) Table

9.1.7 Controller Schneider > Groundfloor > Humidity

H ypovooepd aneixovilel tnv pétpion g uypasiag oTo lodyeo tou uetprinxe ue Controller Schneider.

Eitvan muxvé pe €voy cuvBLIoUO ETOYIXOTHTWY.

100 2016-04-07 3876.0 '2016-04-07T00:00:00.0000000" 67.677255

90 4 2016-04-08 3876.0 '2016-04-0BTO0:00:00.0000000" 63.282073
2016-04-09 3876.0 '2016-04-09T00:00:00.0000000° 64.559625

81 2016-04-10 3876.0 '2016-04-10T00:00:00.0000000° 71.198938

70 2016-04-11 3876.0 '2016-04-11T00:00:00.0000000° 67.067823

so 2022-06-12 3876.0 '2022-06-12T00:00:00.0000000" 77.313769
2022-06-13 30B76.0 '2022-06-13T00:00:00.0000000" 70.700979

40 1 2022-06-14 38760 '2022-06-14TO0:00:00.0000000° 69.746574

30 2022-06-15 3876.0 '2022-06-15T00:00:00.0000000° 60.276312

(a) 2 Pl B P At B LA B Lt (b) 2022-06-16 3876.0 '2022-06-16T00:00:00.0000000" 64.322703

Yyhua 34: Humidity of GroundFloor
(a)Graph (b) Table
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9.1.8 Controller Schneider > Outdoor > Temperature

To napaxdtw Sdypauuo mopovotdlel v Yeppoxpacio oTov eEwTepnd YWEO TOU XATACTAUNTOS Xol
unohoylotnxe pue Controller Schneider. 'Onwe xou oTa TEONYOVUEVO SOy PUUATA TOU APOROUCIY

VepUOAPUCIES, UTAPYEL ETOYIXOTNTA, XUELOSC oV XPOVO, Ywels XEmota GUVOALXY| TdoT).

2016-04-08 2.0 '2016-04-08T00:00:00.0000000" 22 608437
=1 2016-04-09 2.0 ’'2016-04-09T00:00:00.0000000" 23.285104
30 2016-04-10 2.0 '2016-04-10T00:00:00.0000000" 22 444375
25 2016-04-11 2.0 '2016-04-11T00:00:00.0000000" 20.529479
20 4 2016-04-12 2.0 '2016-04-12T00:00:00.0000000" 19.844479
1s
2022-06-12 2.0 '2022-06-12T00:00:00.0000000" 25.03979
10 1 2022-06-13 2.0 ’'2022-06-13T00:00:00.0000000" 27.048632
54 2022-06-14 2.0 '2022-06-14T00:00:00.0000000" 27.745319

2022-06-15 2.0 ’'2022-06-15T00:00:00.0000000" 28.660521

\-] ] Q RS
3 B L | L (b) 2022-06-16 2.0 '2022-06-16T00:00:00.0000000" 26.16125

(a) = = -

Sy Auot 35: Outdoor Temperature
(a)Graph (b) Table

9.1.9 Main Electricity Panel > Rest + Lighting > THD Voltage LN Avg

H pérpnomn auty mepltypdpel TNy ohxr] appovixy Tapaude@pnon Tdone 6To gwTiops. To dedouéva Tng
XEOVOGELRAS BEV ToPOUGLALOUY XATOL GUYXEXPWEVT] ETOYIXOTNTOL.

2016-04-26 3901.0 '2016-04-26T00:00:00.0000000" 2. 569864

4.0 1
2016-04-27 3901.0 '2016-04-27T00:00:00.0000000' 2.493166
35 2016-04-28 3901.0 '2016-04-28T00:00:00.0000000" 2.511022
2016-04-290 3901.0 '2016-04-29T00:00:00.0000000" 2.472861
0 2016-04-30 3901.0 '2016-04-30T00:00:00.0000000° 2 527206
25 -
2022-06-12 3901.0 '2022-06-12T00:00:00.0000000° 2.203245
20 2022-06-13 3901.0 '2022-06-13T00:00:00.0000000° 2.110855
2022-06-14 3901.0 '2022-06-14T00:00:00.0000000" 2.056398
1= 2022-06-15 3901.0 '2022-06-15T00:00:00.0000000° 2 26825
(a) B S L - P L Lo B Lo (b) 2022-06-16 3901.0 '2022-06-16T00:00:00.0000000° 2 161599

Synfua 36: Rest + Lighting
(a)Graph (b) Table

9.1.10 Main Electricity Panel > Rest + Lighting > THD Current Neutral

O mopandtey TES apopolY TNV OALXT) JPUOVIXTY] TUPAUOPPWON YEWWONS OTO QOTIoNS. ‘Onwe xou oTtny

TPOTNYOLUEVY Tep(mTwoT Tor dedouéva yetaBdAlovTton ywpelc xdmota tédom V) pavept| etoyixdTnToL.
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2016-04-26 3911.0 '2016-04-26T00:00:00.0000000' 220.670911

€00 1 2016-04-27 3911.0 '2016-04-27T00:00:00.0000000" 148.94297

500 1 2016-04-28 3911.0 '2016-04-28T00:00:00.0000000' 168.695489

2016-04-29 3911.0 '2016-04-29T00:00:00.0000000' 167 .850512

400 1 2016-04-30 3911.0 '2016-04-30T00:00:00.0000000' 244.557575
300 4 - . B

200 2022-06-12 3911.0 '2022-06-12T00:00:00.0000000' 286.277864

| 2022-06-13 3911.0 '2022-06-13T00:00:00.0000000' 313.269533

100 A 2022-06-14 3911.0 '2022-06-14T00:00:00.0000000' 306.402384

2022-06-15 3911.0 '2022-06-15T00:00:00.0000000' 226937117

(a> - A e } - > = (b) 2022-06-16 3911.0 '2022-06-16T00:00:00.0000000' 322.985835

Yynua 37: Rest + Lighting
(a)Graph (b) Table

9.2 Koatdotnua 20
To debtepo xatdotnuo mou yeietriinxe elvon exeivo pe xwded 109.

9.2.1 Max calculation Lighting > Active Energy > Lighting Energy

H pértenon auth vroloyilel tnv yéylotn pwtewy evépyeta. H ypovooeipd eppavilet auntiny| téon ywelc

EMOYIUOTNTAL.
2016-02-10 14409.0 '2016-02-10T00:00:00.0000000" 4878.8
11000 2016-02-11  14409.0 '2016-02-11T00:00:00.0000000" 28843
10000 2016-02-12 14409.0 '2016-02-12T00:00:00.0000000" 1892.4
5000 2016-02-13  14409.0 '2016-02-13T00:00:00.0000000" 4901.1
5000 2016-02-14 144090 '2016-02-14T0O0:00:00.0000000" 49039
7000 2022-06-12 14409.0 '2022-06-12T00:00:00.0000000' 11515.569336
£000 2022.06-13 14409.0 '2022-06-13T00:00:00.0000000° 11517 009766
2022-06-14 14409.0 '2022-06-14T00:00:00.0000000" 11518.439455
=000 2022-06-15 14409.0 '2022-06-15T00:00:00.0000000  11520.389648
(a) e PPy S P P P P (b) 2022-06-16 14409.0 '2022-06-16T00:00:00.0000000° 11521.219727

Yyhua 38: Max Calculation of Lighting
(a)Graph (b) Table

9.2.2 Controller Siemens > Basement > Temperature

H pétpnom autr meprypdepel tny Yeppoxpacio oto undyeo xou yetphdnxe pue Controller Siemens. H
Xpovooelpd dev mapouctdlel tdor, dpwe Exel emoyxdTnTa, e xdmoleg Qavepés dagoponotioels. o

napddetypa, to 2016 mpoéxule ulo Eapvixt| pelwon e Yeppoxpasiag mhnoidlovtac o 0.
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275 2016-02-10 14489.0 '2016-02-10T00:00:00.0000000" 20.9
5.0 2016-02-11  14489.0 '2016-02-11T00:00:00.0000000' 21.033333
25 2016-02-12 14489.0 '2016-02-12T00:00:00.0000000" 21.089583
2016-02-13 14489.0 '2016-02-13T00:00:00.0000000' 21.227083
200 2016-02-14 14489.0 '2016-02-14T00:00:00.0000000" 21.2625
17.5
=0 2022-06-12 14489.0 '2022-06-12T00:00:00.0000000' 23.208229
125 2022.06-13 14489.0 '2022-06-13T00:00:00.0000000' 23.300104
10.0 2022-06-14 14489.0 '2022-06-14T00:00:00.0000000' 23.486771

2022-06-15 14489.0 '2022-06-15T00:00:00.0000000" 23.520416
( a) £ & = = 2 L Ll

(b) 2022.06-16 14489.0 '2022-06-16T00:00:00.0000000' 23.415946

Synfua 39: Temperature of Basement
(a)Graph (b) Table

9.2.3 Controller Siemens > Groundfloor > CO2

H pétpnon auvtn agopd tny tocodtnta dioletdiov Tou dvidpaxa oto undyelo xa yetpdnxe e Controller Siemens.

To didypopua eivon Wialtepa TUXVS Ywpl TEOT XaL PAVERY| ETOYIXOTNTA.

1100 2016-06-15 11984.0 '2016-06-15T00:00:00.0000000" 534.386056

1000 2016-06-16 14984.0 '2016-06-16T00:00:00.0000000" 585.843759

2016-06-17 11984.0 '2016-06-17T00:00:00.0000000"° 710.112511

200 2016-06-18 14984.0 '2016-06-18T00:00:00.0000000" 692 276605

800 2016-06-19 11984.0 '2016-06-19T00:00:00.0000000" 500.733312
700 B . B

600 2022-06-12 14984.0 '2022-06-12T00:00:00.0000000" 585.725017

2022-06-13 14984.0 '2022-06-13T00:00:00.0000000" 595904181

soo 2022-06-14 14984.0 '2022-06-14T00:00:00.0000000" 538.333357

I T L (b)

400 2022-06-15 14984.0 '2022-06-15T00:00:00.0000000' 614 893766

2022-06-16 14984.0 '2022-06-16T00:00:00.0000000" 701.140551

Sy fue 40: CO2 in GroundFloor
(a)Graph (b) Table

9.2.4 Controller Siemens > Groundfloor > Temperature

H pétpnon auth vrnohoyiler tn Vepuoxpacio oto wooyeo. H pétpnon €ywve xou ndAl ye to dpyavo
Controller Schneider. H ypovooeipd dev eppaviCel tdon arid emoyixotnta. Povepy| elvan 1 emoyl-

xoTNTaL avd yedvo. Emmiéov epgaviletan uio andtoun ntodon to 2016.

30 4 2016-02-10 15189.0 '2016-02-10T00:00:00.0000000" 20.571429
2016-02-11  15189.0 '2016-02-11T00:00:00.0000000" 21.425
25 4 2016-02-12 15189.0 '2016-02-12T00:00:00.0000000" 21.3020853
2016-02-13 15189.0 '2016-02-13T00:00:00.0000000" 21454167
20 2016-02-14 15189.0 '2016-02-14T00:00:00.0000000" 21216667
15 2022-06-12 15189.0 '2022-06-12T00:00:00.0000000" 27.149583
2022-06-13 15189.0 '2022-06-13T00:00:00.0000000" 27.551583
10 2022-06-14 15189.0 '2022-06-14T00:00:00.0000000" 26.488333

2022-06-15 15189.0 '2022-06-15T00:00:00.0000000" 26.240104
o O
(a) - 2022-06-16 15189.0 '2022-06-16T00:00:00.0000000" 26.192222

e T ( b)

YyAua 41: Temperature of GroundFloor
(a)Graph (b) Table
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9.2.5 Controller Siemens > Data Room > Temperature

H ypovooeipd auty neptypdget ) Yepuoxpacio oto Data Room xou mparyyatonotidnxe pe to dpyovo

Controller Schneider. Aev nopoucidlet tdor, ahhd 00te xdnota Gavepr| oTadepy| ETOYIXOTNTA.

35 4 2016-02-10
20 | 2016-02-11
2016-02-12
25 4 2016-02-13
2016-02-14

20 4
1s 2022-06-12
2022-06-13
10 2022-06-14
2022-06-15
( a) £ El A £ B 51 S 1o At ( b) 2022-06-16

Yy Aua 42: Temperature of Data Room

(a)Graph (b) Table

9.2.6 Controller Siemens > Outdoor > Temperature

15194.0
15194.0
15194.0
15194.0

15194.0

15194.0
15194.0
15194.0
15194.0

15194.0

H nopoxdtew pétpnon agpopd tnv Yeppoxpacio e€wtepixd tou xtneiou xat

Controller Schneider. Eivan gavepr| 1 enoyixdtnta avd yedvo.

2016-02-10
35
2016-02-11
30 2016-02-12
25 2016-02-13
2016-02-14
20
1= 2022-06-12

10 2022-06-13

2022-06-14

2022-06-15
\ -3 =Y x5
- 5 ( b) 2022-06-16

(a) S e =

¥ ©

Eale

Syfuo 43: Temperature Outdoor
(a)Graph (b) Table

9.2.7 Main Electricity Panel > HVAC > Active Energy

16269.0
16269.0
16269.0
16269.0

16269.0

16269.0
16269.0
16269.0
16269.0

16269.0

'2016-02-10T00:00:00.0000000"
'2016-02-11T00:00:00.0000000"
'2016-02-12T00:00:00.0000000"
'2016-02-13T00:00:00.0000000"
'2016-02-14T00:00:00.0000000"

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000"
'2022-06-141T00:00:00.0000000"
12022-06-15T00:00:00.0000000"
'2022-06-16T00:00:00.0000000"

UTOAOYIOTNXE Xou

'2016-02-10T00:00:00.0000000"
*2016-02-11T00:00:00.0000000"
2016-02-12T00:00:00.0000000"

'2016-02-13T00:00:00.0000000"
2016-02-14T00:00:00.0000000

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000
2022-06-14T00:00:00.0000000"
'2022-06-15T00:00:00.0000000"
2022-06-16T00:00:00.0000000

21.378571
21.29375
21.75625
21.66875

21.539583

18.558854
18.528958
18.736979
18.700312

18.576486

TOAL YE

11.835714
14.060417
16.889583
17.564583
18.710417

26.424166
27.372499
27.908958
28.251158
24.181621

To diudrypappo tapouatdlet Ty péyiotn Tin e Active Energy tng Uépuavong, Tou eEaeplopou Xal ToU

xhpatiogol and 1o dpyavo MainElectricityPanel. Aev eugavileton tdon 1 otadepr| enoyixdtna.
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2016-02-11  17819.0 '2016-02-11T00:00:00.0000000" 856 NULL 1

S0 2016-02-12 17819.0 '2016-02-12T00:00:00.0000000" 594 NULL 1

400 2016-02-13 17819.0 '2016-02-13T00:00:00.0000000" 59.8 NULL 1

2016-02-14 17819.0 '2016-02-14T00:00:00.0000000" 149 NULL 1

300 2016-02-15 17819.0 '2016-02-15T00:00:00.0000000" 160 NULL 1
200

2022-06-12 17819.0 '2022-06-12T00:00:00.0000000' 0.26709 NULL 96

100 2022-06-13 17819.0 '2022-06-13T00:00:00.0000000" 0.275391 NULL 96

2022-06-14 17819.0 '2022-06-14T00:00:00.0000000' 1.029134 NULL 96

o 2022-06-15 17819.0 '2022-06-15T00:00:00.0000000"  1.41013 NULL 96

( a) B P P i P A P i o ( b) 2022-06-16 17819.0 '2022-06-16T00:00:00.0000000' 0966283 NULL 38

Synfuo 44: Active Energy of HVAC
(a)Graph (b) Table

9.2.8 Main Electricity Panel > Lighting Total > Active Energy

H mopoxdte ypovooelpd neplypdpel TNV XATavdAwon evépyelag and to guTiowd. H uétenon éyive ye

w0 Main Electricity Panel. 'Onwe xou mponyoupévee dev napouctdleton xdmowo tdorn 1 otadept

EMOYXOTNTAL.

2016-02-11  18031.0 '2016-02-11T00:00:00.0000000" 53.1 NULL 2
60 1 2016-02-12 18031.0 '2016-02-12T00:00:00.0000000" 546 NULL 2
50 1 2016-02-13 18031.0 '2016-02-13T00:00:00.0000000" 56.14 NULL 2
40 | 2016-02-14 18031.0 '2016-02-14T00:00:00.0000000" 30.1 NULL 2
2016-02-15 18031.0 '2016-02-15T00:00:00.0000000" 2514 NULL 2

0 |
20 A 2022-06-12 18031.0 '2022-06-12T00:00:00.0000000" 0.109436 NULL 192
10 4 2022-06-13 18031.0 '2022-06-13T00:00:00.0000000" 0.109243 NULL 192
o " P l 5 2022-06-14 18031.0 '2022-06-14T00:00:00.0000000" 0.108805 NULL 192

2022-06-15 18031.0 '2022-06-15T00:00:00.0000000' 0.359996 NULL 192
( ) o Y _LD-\_%

- ] A A nE
> el 5t = (b) 2022-06-16 18031.0 '2022-06-16T00:00:00.0000000° 0.184791 NULL 62

SyAua 45: Total Energy of Lighting
(a)Graph (b) Table

9.3 Koatdotnua 30

To tpito xatdotnua mou pyeiethinxe eivon exelvo pe xwdixd 62.

9.3.1 Max calculation Main > Active Energy > Main Energy

H pétenon auth vroroyiler v péyiotn xOpa evépyewa. H ypopinh napdotaoy anewxovilel avEovoa
tdomn yowelc emoywdtnra. To 2015 eppavilovron Eapvixéc Yeudoels.
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700000 2013-10-03 44990 '2013-10-03T00:00:00.0000000" 302430.0
00000 2013-10-04 4499.0 '2013-10-04T00:00:00.0000000" 302563.0
2013-10-05 4499.0 '2013-10-05T00:00:00.0000000" 302635.0

500000
2013-10-08 44990 '2013-10-08T00:00:00.0000000" 302906.0

400000
2013-10-10 4499.0 '2013-10-10T00:00:00.0000000" 303214.0

300000 B - B
200000 2022-06-12 4499.0 '2022-06-12T00:00:00.0000000' 698495.0
100000 2022-06-13 4499.0 '2022-06-13T00:00:00.0000000" 698560.0
o 2022-06-14 4499.0 '2022-06-14T00:00:00.0000000" 6986250
2022-06-15 4499.0 '2022-06-15T00:00:00.0000000' 698752.0
N Yd Yo Y Y N> g - TR

(a) * = = = = - » » = » (b) 2022-06-16 4499.0 '2022-06-16T00:00:00.0000000" 698790.0

Yynua 46: Max Calculation of Main Energy
(a)Graph (b) Table

9.3.2 Max Calculation Lighting > Active Energy > Lighting Energy

H pétenom auth agopd tn uéyiotn gwtewt evépyelo. H ypovooeipd nopoucidlel audntiny) npdodo ywelc

’
ET[OXLXOTT]TCX.

S0000 A 2015-12-28  4509.0 '2015-12-29T00:00:00.0000000" 4580.2

2015-12-30 4509.0 '2015-12-30T00:00:00.0000000" 1686.2

40000 - 2015-12-31 4509.0 '2015-12-31T00:00:00.0000000 4589.4

2016-01-01 4509.0 '2016-01-01T00:00:00.0000000" 45934

30000 2016-01-02 4509.0 '2016-01-02T00:00:00.0000000" 4596.1

20000 - 2022-06-12 4509.0 '2022-06-12T00:00:00.0000000' 48776.539062

2022.06-13 4509.0 '2022-06-13T00:00:00.0000000' 48779.027344

10000 1 2022-06-14 4509.0 '2022-06-14T00:00:00.0000000' 48781.539062

2022-06-15 4509.0 '2022-06-15T00:00:00.0000000' 48793.628806

(a) s - e e - ST ST (b) 2022-06-16 4509.0 2022 06-16T00:00:00.0000000" 18797.0

Yyfua 47: Max Calculation of Lighting Energy
(a)Graph (b) Table

9.3.3 Controller Siemens > Groundfloor > CO2

H nopaxdte ypovooeipd anewxoviler tnv mocodtnta dogediou tou dvipaxa oto undyeto xou ueteRinxe
pe Controller Siemens. Yto dudypaupo dev yivetow @avept] xdnota wdor. ‘Oung, undpyel emoyixoTnTa,

HE TIO (PaVERT] AUTH) avd. YEOVO.

2016-05-27 4651.0 '2016-05-27T00:00:00.0000000" 598.331135
1200 2016-05-28 4654.0 '2016-05-28T00:00:00.0000000' GG2.620848
2016-05-29 4654.0 '2016-05-29T00:00:00.0000000' 596.527847
1000 2016-05-30 4654.0 '2016-05-30T00:00:00.0000000" 673.181257
2016-05-31 4651.0 '2016-05-31T00:00:00.0000000" 628.151181

800
2022-06-12 4654.0 '2022-06-12T00:00:00.0000000" 545.935431
00 2022-06-13 4654.0 '2022-06-13T00:00:00.0000000' 475.825008
2022-06-14 4651.0 '2022-06-11T00:00:00.0000000" 483.677091
a0o 2022-06-15 4651.0 '2022-06-15T00:00:00.0000000" 592.856262
(a) .B‘\," .p\.% ,9\"5 .p‘it’ .p‘!} ‘911 (b) 2022-06-16 4654.0 '2022-06-16T00:00:00.0000000" 638.502714

Sy 48: CO2 in GroundFloor
(a)Graph (b) Table
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9.3.4 Controller Siemens > Groundfloor > Temperature

H pétpnon avth unohoy(ler tn depuoxpacio oto wodyeto. H pétpnon éyive xou ndAL pe to dpyovo
Controller Schneider. Aev sugaviletor tdom, mopd pévo enoyixdétnta. Ernlong, napouvoidlovro opt-

ouéveg Eagpvinéc Tttwoelc to 2015.

2013-10-03 4749.0 '2013-10-03T00:00:00.0000000° 23.7

= 2013-10-04 4749.0 '2013-10-04T00:00:00.0000000" 24.615789

25 2013-10-05 4749.0 '2013-10-05T00:00:00.0000000° 23.066667

>0 2013-10-08 4749.0 '2013-10-08T00:00:00.0000000" 16.166667

= 2013-10-10 4749.0 '2013-10-10T00:00:00.0000000° 24840909

10 2022-06-12 4749.0 '2022-06-12T00:00:00.0000000° 27.143229
2022-06-13 4749.0 '2022-06-13T00:00:00.0000000"  27.21177

2022-06-14 4749.0 '2022-06-14T00:00:00.0000000° 27.783541

2022-06-15 4749.0 '2022-06-15T00:00:00.0000000°  26.19802

( a ) B T e . BT g > gt ( b) 2022-06-16 4749.0 '2022-06-16T00:00:00.0000000° 26.157567

Syfuo 49: Temperature of GroundFloor
(a)Graph (b) Table

9.3.5 Controller Siemens > Data Room > Temperature

H pétpnon auvth agopd tn Yepuoxpasia oto Data Room xou nparyuatonowidnxe ue to dpyavo Controller Schneider.

Aev mapatnpelton tdoT, 0UTE Aol OPLOUEVT] ETOYIXOTNTAL.

2013-10-03 47440 '2013-10-03T00:00:00.0000000" 17.9

3‘3 2013-10-04 4744.0 '2015-10-04T00:00:00.0000000' 19.542105

2s 2013-10-05 47440 '2013-10-05T00:00:00.0000000" 19455556

20 2013-10-08 4744.0 '2013-10-08T00:00:00.0000000" 13.266667

= 2013-10-10 4744.0 '2013-10-10T00:00:00.0000000' 19.718182

10 2022-06-12 47440 '2022-06-12T00:00:00.0000000" 22.51552

- 2022-06-13 4744.0 '2022-06-13T00:00:00.0000000'  22.37302
2022-06-14 4744.0 '2022-06-14T00:00:00.0000000" 22.394166

° 2022-06-15 4744.0 '2022-06-15T00:00:00.0000000" 22.386041

(a) A ST e Y R e e g et (b) 2022-06-16 4744.0 '2022-06-16T00:00:00.0000000° 22.391621

Yy nfua 50: Temperature of Data Room
(a)Graph (b) Table

9.3.6 Controller Siemens > Outdoor > Temperature

To dudypopua tapouvaldlet T Yeppoxpacia e€wteptxd Tou xTNElov xou utoloylotnxe xou Tk e Controller Schneider.

H ypovooepd eugpavilel enoyixdtnta avd yedvo.
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2013-10-03
2013-10-04
2013-10-05
2013-10-08

2013-10-10

2022-06-12
2022-06-13
2022-06-14
2022-06-15

2022-06-16

Yyfua 51: Temperature of Outdoor

9.3.7 Main Electricity Panel > HVAC > Active Energy

5339.0
5339.0
5339.0
5339.0
5339.0

5359.0
5339.0
5339.0
5339.0
5339.0

H nopaxdtw yétenon dmawvel tny péylotn tn e Active Energy and

UTIAPYEL TAOT 1) XATOLXL GUYXEXPUIEVT ETOYIXOTNTOL.

400

300

200

100

-

AT T e e® e e > et

(0)

(a)Graph (b) Table

9.3.8 Controller Siemens > Outdoor > Humidity

H ypovooelpd auth agopd tnv uypaocia otov eETepIxd YHPO TOU XATUACTAUATOC.

0pLOUEVT) TAOT), OUWS elvol QOvVERT 1) ETOYLXOTNTAL.

B8 8883588

-

St

-

=

1

S

(0)

(a)Graph (b) Table
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2013-10-04
2013-10-05
2013-10-08
2013-10-10
2013-10-11

2022-06-12
2022-06-13
2022-06-14
2022-06-15
2022-06-16

Syfua 52: HVAC of Active Energy

2016-05-27
2016-05-28
2016-05-29
2016-05-30

2016-05-31

2022-06-12
20220613
2022-06-14
2022-06-15

2022-06-16

Syfuo 53: Outdoor Temperature

6981.0
69581.0
6981.0
6981.0
6981.0

6981
6981
6981

6981

o o oo b

6981

140792.0
140792.0
110792.0
140792.0
140792.0

110792.0
140792.0
140792.0
110792.0
140792.0

*2013-10-03T00:00:00.0000000
*2013-10-01T00:00:00.0000000"
*2013-10-05T00:00:00.0000000
*2013-10-08T00:00:00.0000000"

*2013-10-10T00:00:00.0000000"

*2022-06-12T00:00:00.0000000"
*2022-06-13T00:00:00.0000000
*2022-06-14T00:00:00.0000000
'2022-06-15T00:00:00.0000000

*2022-06-16T00:00:00.0000000

t0 6pyavo HV AC.

'2013-10-04T00:00:00.0000000"
'2013-10-05T00:00:00.0000000"
'2013-10-08T00:00:00.0000000"
'2013-10-10T00:00:00.0000000"
'2013-10-11T00:00:00.0000000"

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000"
'2022-06-14T00:00:00.0000000"
'2022-06-15T00:00:00.0000000"
'2022-06-16T00:00:00.0000000"

'2016-05-27T00:00:00.0000000"
*2016-05-28T00:00:00.0000000
'2016-05-29T00:00:00.0000000"
'2016-056-30T00:00:00.0000000"

'2016-05-31T00:00:00.0000000"

'2022-06-12T00:00:00.0000000"
'2022-06-13T00:00:00.0000000"
'2022-06-14T00:00:00.0000000"
*2022-06-15T00:00:00.0000000"

'2022-06-16T00:00:00.0000000"

18.925
16.726316
14.466667
12.033333

22.072727

23.445364
24.441145
26.265937
27.460416

21.208513

Aev

31.6
12.4
55.5
65.8
22.6

0.12321
0.126302
0.131999
0.616211
0.366554

Aev mapatnpeitot

34.543142
37.954999
17.815312
48.019062

47.939582

60.618019
52.758228
45.972811
39.900937

50.679301



9.3.9 Main Electricity Panel > Lighting Total > Active Energy

H pétenon auth agopd tnv ohnd gutiops. H ypovooeipd dev nopoucidlel oplouévn tdon 1) gavepn

enoywotnTo. Eminhéov, palveTtor 0ploUéVES YOOVIXEC OTIYUEC Vo Topouotdlel axpalec TIEC.
b

2015-12-30 7081.0 '2015-12-30T00:00:00.0000000" 5.0
Bl 2015-12-31 7081.0 '2015-12-31T0O0:00:00.0000000" 4.2
60 2016-01-01 7081.0 '2016-01-01T00:00:00.0000000" 4.0
50 4 2016-01-02 7081.0 '2016-01-02T00:00:00.0000000" 2.7
40 4 2016-01-03 7081.0 '2016-01-03T00:00:00.0000000" 27
30 4 . - .
20 | 2022-06-12 7081.0 '2022-06-12T00:00:00.0000000"  0.05366
0 1 2022-06-13 7081.0 '2022-06-13T00:00:00.0000000° 0.053212
2022-06-14 7081.0 '2022-06-14T00:00:00.0000000" 0.053457
© 2022-06-15 7081.0 '2022-06-15T00:00:00.0000000" 0.154785
(a) «@\b —ﬁ)‘:‘ '1(5‘-% 153“” 15!10 = —ﬁ)”j’ (b) 2022-06-16 7081.0 '2022-06-16T00:00:00.0000000' 0.075762

Yyfua 54: Rest + Lighting
(a)Graph (b) Table
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10 Egopuoyn tewv aiyoplduwy npofAsdng cta dsdopéva
ATO HATACTAUATX TEATECWV

Y10 pépoc auto, Vo yivel yprion oplouévewy BedoUEvev and xataotruato Teamel®y, yio va pehetnidel 1

CUUTIERLPOPE %ot 1) OTOBOGCT] TWV HOVTEAWY TEOBAEdNS ToU avohidnxay Topamdve.

10.1 Koatdotnue lo

10.1.1 Controller Schneider > Groundfloor > Temperature2

Tao opdipota Tov Tpoéxudoy amd Toug TaPATAVE aAYOpLIUoUC HToy:

ATIOTEAEXMATA TTPOBAEVEQN
ANyoprduog ITpoBAedne MSE MAE RMSE R2
Triple Exponential Smoothing 4.4244 1.6960 2.1034 0.2789
SARIMA m =7 0.6268 0.5484 0.7919 0.4332
ARIMA 2.8303 1.4050 1.6824 -1.5594
LSTM 0.3463 0.4559 0.5885 0.6771
CNN 0.3922 0.5121 0.6263 0.4722
LSTM-CNN 0.4534 0.5672 0.6734 0.5800
BILSTM 0.2962 0.4381 0.5442 0.7211
GRU 0.3428 0.4666 0.5855 0.6709
Prophet 1.089 0.7581 1.044 0.015
XGBOOST 0.6972 0.6630 0.8350 0.3696
Random Forest Regression 1.5813 0.9876 1.2575 -0.4298
* Random Forest Regression 0.30167 0.4104 0.5492 0.7272
STMIIEPAYXMATA

Trv xahOtepn npoBAedrn Topéyouy To LOVTENA VELPWVIXWDY BIXTOWY Xt cuyxexptuéva to BILSTM. A-
vtildeta Ty Myotepo axpi3y) tpdfBredn xdvel o yovtého ARIM A ye peydin Swopopd and ta undlolma.

Actual vs Predicted

Predicted
Actual r'\l ".
\ \
; /A

Yyhua 55: BiLSTM Prediction
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10.1.2 Controller Schneider > Groundfloor > Temperaturel

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 2.4599 1.2898 1.5681 -0.8870
SARIMA m =7 0.6046 0.6064 0.7776 0.5361
ARIMA 2.4588 1.2898 1.5680 -0.8868
LSTM 0.3967 0.5181 0.6299 0.6248
CNN 0.4654 0.5477 0.6822 0.5684
LSTM-CNN 0.5729 0.6483 0.7569 0.3447
BILSTM 0.4323 0.5011 0.6575 0.6223
GRU 0.4011 0.5419 0.6333 0.6418
Prophet 0.6849 0.6583 0.8276 0.4743
XGBOOST 0.6939 0.6765 0.8331 0.4675
Random Forest Regression 0.8847 0.7241 0.9406 0.3211
ITaparray?y Random Forest Re- || 0.5273 0.5594 0.7262 0.5954
gression
SYMIIEPASXMATA

Trv xahOtepn npdBredn napéyel to povtého LSTM. Avtideta tnv hydtepo oxpi3éc eivon o Triple Exponential Smoothir

Actual vs Predicted

—— Predicted
Actual

Syhua 56: LSTM Prediction
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10.1.3 Controller Schneider > Data Room > DataRoom Temp

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0147 0.0901 0.1213 0.4208
SARIMA m =7 0.0306 0.1268 0.1751 -0.2046
ARIMA 0.0933 0.2667 0.3055 -2.6681
LSTM 0.0107 0.0811 0.1034 0.5404
CNN 0.0157 0.1008 0.1254 0.1590
LSTM-CNN 0.0296 0.1398 0.1721 -0.8002
BILSTM 0.0167 0.0938 0.1294 0.4114
GRU 0.0114 0.0872 0.1068 0.5217
Prophet 0.0229 0.1187 0.1516 0.0969
XGBOOST 0.0213 0.1206 0.1459 0.1633
Random Forest Regression 0.0782 0.2362 0.2797 -2.0743
ITaparray?y Random Forest Re- || 0.0119 0.0845 0.1090 0.5333
gression
SYMIIEPASXMATA

Tnv xohOtepn npoBhedm napéyer to LSTM. Avtideto v Aydtepo axplfr mpdBiedn xdvel to povtéro
ARIMA.

Actual vs Predicted

230
—— Predicted
229 Actual

28
27
26
25
24

23

22

SyAuo 57: LSTM Prediction
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10.1.4 Controller Schneider > Feedback > AC Feedback

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.2101 0.4311 0.4583 -0.0003
SARIMA m =1 0.0582 0.1922 0.2413 0.7223
ARIMA 0.0576 0.1906 0.2401 0.7255
LSTM 0.0290 0.0702 0.1704 0.8326
CNN 0.0286 0.0958 0.1691 0.8177
LSTM-CNN 0.0276 0.0796 0.2660 0.8496
BILSTM 0.0294 0.0801 0.1714 0.8206
GRU 0.0361 0.0769 0.1899 0.7955
Prophet 0.0271 0.0654 0.1647 0.8707
XGBOOST 0.0261 0.0498 0.1616 0.8756
Random Forest Regression 0.0283 0.03800 0.1684 0.8648
ITaparray?y Random Forest Re- || 0.0318 0.0678 0.1784 0.8485
gression
SYMIIEPASXMATA

IIio amoteheoyatixd elvar to poviého XGBoost. Avtideta tnv Aiydtepo axplfr) npofBiedn xdvel to
povtédo Triple Exponential Smoothing.

T 1

lf || L
04 \ I| \ Predicted

AUy U

Syfua 58: XGBoost Prediction
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10.1.5 Main Electricity Panel > HVAC > Active Power

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 1.1932 0.9635 1.092 0.0329
SARIMA m =7 1.1700 0.8850 1.0817 0.0518
ARIMA 1.4253 1.0005 1.1939 -0.1555
LSTM 0.4809 0.4718 0.6935 0.5197
CNN 0.4368 0.4353 0.6609 0.5066
LSTM-CNN 0.4965 0.4389 0.7046 0.4451
BILSTM 0.3767 0.4024 0.6138 0.5398
GRU 0.4651 0.4863 0.6820 0.5362
Prophet 0.4396 0.4737 0.6630 0.6437
XGBOOST 0.3953 0.4141 0.6287 0.6796
Random Forest Regression 0.4043 0.4282 0.6358 0.6723
ITaparray?y Random Forest Re- || 0.4130 0.4096 0.6426 0.6653
gression
SYMIIEPASXMATA

Trv xahOtepn npdBredn napéyel 1o BILST M eve ) yelpdtepn, o wovtého Triple Exponential Smoothing.

Actual vs Predicted

35 { —— Predicted
Actual

3.0

25

20 | I !

5] 0 | "n

10 v | | |

g Y |
0 5 10 15 )

T
3 30

Syhua 59: BiLSTM Prediction
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10.1.6 max calculation HVAC > Active Energy > Active Energy
Ta opdigota mou mpoéxuday and Toug TaPATAVE dAYOpLlUoUE HiTory:
ATTOTEAEXMATA TIIPOBAEVYEQN

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 63870.4096] 199.0674 252.7260 0.6117
SARIMA m = 4 16200.1403p 335.1528 405.3486 0.0106
ARIMA 598304.4718 68.6578 773.5014 | -2.6377
LSTM 3081.6698 | 46.1094 55.5128 0.9805
CNN 33121.0244] 177.9167 181.9918 0.8059
LSTM-CNN 0.4965 0.4389 0.7046 0.4451
BILSTM 6515.7020 | 68.6294 80.7199 0.9529
GRU 1002.6683 | 28.4393 31.6649 0.9939
Prophet 14242.4629] 90.7129 119.3418 0.9134
XGBOOST 70952.0271| 209.1398 266.3682 0.5686
Random Forest Regression 63209.0454] 682.5073 792.8571 -2.8317
IMaparAayry Random Forest Re- || 5625.1231 | 68.0402 75.0008 0.9657
gression

STMIIEPAYXMATA

Tnv xahOtepn mpdBAedn nopéyouv Tar LOVTENA VELPWVIXGDY BixTUwV xat cuyxexpiuéva to GRU. To

povtého ARIM A dev moapouctdlel xahd anotehéoyatol.

Actual vs Predicted

92200
Predicted

92000 Actual

91800

91600

91400

91200

91000

20 =3

Syfuo 60: GRU Prediction
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10.1.7 Controller Schneider > Groundfloor > Humidity

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 40.0772 5.1065 6.3307 0.1044
SARIMA m =1 53.1666 5.8633 7.2915 -0.1881
ARIMA 44.1817 5.0525 6.6469 0.0127
LSTM 24.5818 3.6848 4.9580 0.0223
CNN 33.9976 4.9846 6.3244 -0.0861
LSTM-CNN 39.0759 4.6702 6.2511 -1.669
BILSTM 28.7878 4.041 5.3654 0.1322
GRU 25.1815 3.7937 5.0181 0.0570
Prophet 40.1886 4.9399 6.3394 0.1019
XGBOOST 39.6129 5.1321 6.2939 0.1148
Random Forest Regression 31.6216 4.4694 5.6233 0.2933
ITaparray?y Random Forest Re- || 30.4664 3.8287 5.5196 0.3192
gression
SYMIIEPASXMATA

To LSTM gaiveton va efvan To o axpl3ég povtého.

Actual vs Predicted

= Actual

—— Predicted

i

T T
0 5

T T
10 15

20 -y

Syhua 61: LSTM Prediction
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10.1.8 Controller Schneider > Outdoor > Temperature

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 4.4244 1.6596 2.1034 0.2789
SARIMA m =7 6.6552 2.0860 2.5798 -0.085
ARIMA 6.7884 2.0768 2.6055 -0.1064
LSTM 3.5725 1.3628 1.8901 0.3019
CNN LATHOS 0.0030 0.9846 6.3244 -0.0861
LSTM-CNN 3.4478 1.4237 1.8568 0.3503
BILSTM 3.6155 1.3595 1.9014 0.3018
GRU 3.7572 1.3824 1.9384 0.3291
Prophet 4.9051 1.7909 2.2347 0.2006
XGBOOST 5.9785 1.7982 2.4451 0.0256
Random Forest Regression 13.5058 2.9277 3.6750 -1.2012
ITaparray?y Random Forest Re- || 3.9742 1.2516 1.9935 0.3523
gression

SYMIIEPASXMATA

Trv xokOtepn npdBredm mopéyet 1o LSTM — CNN, eved xou téAL Ty Ayotepo oxpi3 tpoBiedn xdvel
10 povtého ARIMA.

<matplotlib.legend.Legend at ©x7f295ccl6c90>
Actual vs Predicted

32
—— Predicted

) \ Actual
28
I 3
26 /
24 \/
2 [

20

18

Syhua 62: LSTM-CNN Prediction
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10.1.9 Main Electricity Panel > Rest + Lighting > THD Voltage LN Avg

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

ATIOTEAEXMATA ITPOBAEYEQN
Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0235 0.1335 0.1534 -0.1966
SARIMA m =7 0.0307 0.1431 0.1751 -0.5594
ARIMA 0.0466 0.1809 0.2159 -1.3721
LSTM 0.0146 0.0998 0.1208 -0.2424
CNN 0.0192 0.1057 0.1386 -1.2776
LSTM-CNN 0.0159 0.0964 0.1259 -1.6642
BILSTM 0.0165 0.1064 0.1283 -0.0264
GRU 0.0163 0.1028 0.1277 -0.7239
Prophet 0.0144 0.0982 0.1201 0.2667
XGBOOST 0.0195 0.1141 0.1398 0.0061
Random Forest Regression 0.0439 0.1678 0.2006 -1.2342
ITaparroy?y Random Forest Re- || 0.0184 0.1135 0.1355 0.0653
gression
STMIIEPAYXMATA

Tnv xahOtepn npoBredn npocgéper Prophet.

2017 018 2019 2020 2021 2022
o

3yAua 63: Prophet Prediction
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10.1.10 Main Electricity Panel > Rest 4+ Lighting > THD Current Neutral

Ta opdigota mou mpoéxuday and Toug TaPATAVE dAYOpLlUoUE HiTory:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 1824.3944 | 34.6816 42.7124 0.1269
SARIMA m =1 1498.6334 | 29.7178 38.7178 0.2828
ARIMA 1498.6334 | 29.7178 38.7122 0.2828
LSTM 1059.6797 | 25.4150 35.5527 0.3555
CNN 1118.5280 | 23.7123 33.4444 -0.1762
LSTM-CNN 1734.7902 | 31.3287 41.6508 -0.9969
BILSTM 1229.2836 | 25.6233 35.0611 0.2155
GRU 1076.1362 | 24.5155 32.8045 0.3640
Prophet 1536.3018 | 31.1375 39.1957 0.2648
XGBOOST 1636.1383 | 30.9943 40.4492 0.2170
Random Forest Regression 3441.6987 | 45.4066 58.6660 -0.6470
ITaparray?y Random Forest Re- 1071.8109 | 24.4778 32.7385 0.4871
gression

YSYMITIEPAXMATA
Yty nepintwon auty, Ty xahOtepn tpdPredn napéyel To Random Forest Regression. Avtideta, to

novtého Triple Exponential Smoothing mopéyel ta yaunhotepa anoteAéoparo.

350 —— Expected
Predicted
325
300
275
250
25

200

175

T T T T T T T
o 5 10 15 20 3 30

Yynfua 64: Random Forest Prediction
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10.2 Koatdotnpa 20
10.2.1 max calculation Lighting > Active Energy > Lighting Energy

Ta opdiypota Tou Tpoéxuday amd Toug TAPATAVE AAYOELIUOUS HiTory:

ATTIOTEAEXMATA IITPOBAEVEQN
Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.5724 0.6503 0.7566 0.9981
SARIMA m = 12 1.2650 0.9022 1.1247 0.9959
ARIMA 0.5373 0.5918 0.7330 0.9982
LSTM 214.1730 14.5280 14.6346 0.1543
CNN 18.9169 4.2660 4.3494 0.9343
LSTM-CNN 786.7832 28.0091 28.0497 -2.0176
BILSTM 19.0581 4.2601 4.3656 0.9329
GRU 7.0849 2.5440 2.6617 0.9766
Prophet 230.8921 14.6971 15.1951 0.2462
XGBOOST 1334.6084 | 32.0254 36.5323 -3.3570
Random Forest Regression 1433.6795 | 33.5924 37.8690 -3.6805
IToparroyry Random Forest Re- || 10.2871 3.1457 3.2073 0.9664
gression
STMIIEPAYXMATA

To ARIMA elvar to mo axpBéc povtého, oe avtileon pe to Random Forest mou éyel to udgmidrepa

CPIAOLTAL.

500

1000

150

Yyfua 65: ARIMA Prediction
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10.2.2 Controller Siemens > Basement > Temperature

Ta opdiyota mou Tpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0085 0.0773 0.0919 0.9378
SARIMA m =7 0.0155 0.1087 0.1246 0.8858
ARIMA 0.6153 0.6915 0.7843 -3.6253
LSTM 0.0082 0.7485 0.0904 0.9388
CNN 0.0096 0.0854 0.0981 0.9190
LSTM-CNN 0.0245 0.1360 0.1567 0.7872
BILSTM 0.0059 0.0624 0.0771 0.9560
GRU 0.0076 0.0725 0.0870 0.9470
Prophet 0.02088 0.1236 0.1445 0.8464
XGBOOST 0.0416 0.1697 0.2040 0.6936
Random Forest Regression 0.0754 0.2322 0.2746 0.4454
ITaparroy?y Random Forest Re- || 0.0071 0.0669 0.0842 0.9478
gression
SYMIIEPASXMATA

Trv xahOtepn nedBAedr ToEEYOLY Tal LOVTERA VELPOVIXGDY SXTOWY Xou cuyxexpéva to BILSTM.
Avtideta v Mydtepo axpPn tedBiedn xdvel to povtého ARIM A ye yeydhn dlapopd omd to utdrotnd.

Actual vs Predicted
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—— Predicted

234 Actual
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Yyhua 66: BiLSTM Prediction
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10.2.3 Controller Siemens > Groundfloor > CO2

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 1398.7426 | 30.6496 37.3998 0.0227
SARIMA m =7 731.1378 18.5609 27.0396 0.4892
ARIMA 1395.9891 | 29.9843 37.3621 0.0247
LSTM 592.9086 16.3024 24.3497 0.3773
CNN 926.8541 22.2851 30.4443 -0.1965
LSTM-CNN 773.4193 21.5031 27.8104 0.1397
BILSTM 676.6707 17.5995 26.0129 0.0547
GRU 698.8758 18.8349 26.4363 0.2063
Prophet 861.3719 19.6952 29.3491 0.3981
XGBOOST 767.6205 20.1131 27.7060 0.4637
Random Forest Regression 996.5553 22.5569 31.5682 0.3037
ITaparray?y Random Forest Re- 737.9471 17.8789 27.1652 0.4844
gression

YSYMITIEPAXMATA
Yty nopamndve tedBiedn to mo oxpBéc povtéro elvar to LST M xou to Mydtepo to povtého Triple Exponential Smoothi

Actual vs Predicted

700 1 —— Predicted
Actual

=YY
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Sy 67: LSTM Prediction
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10.2.4 Controller Siemens > Groundfloor > Temperature

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.3420 0.4466 0.5848 0.5654
SARIMA m =7 0.4926 0.4553 0.7018 0.3741
ARIMA 2.6256 1.3463 1.6204 -2.3360
LSTM 0.1958 0.3453 0.4425 0.7340
CNN 0.2644 0.3763 0.5142 0.5704
LSTM-CNN 0.1630 0.2877 0.4038 0.7725
BILSTM 0.1320 0.2768 0.3633 0.8167
GRU 0.2019 0.3379 0.4493 0.7120
Prophet 0.3993 0.5068 0.6319 0.4926
XGBOOST 0.3720 0.5284 0.6099 0.5273
Random Forest Regression 0.4022 0.5417 0.6342 0.4890
ITaparray?y Random Forest Re- || 0.2820 0.3849 0.5310 0.6417
gression
SYMIIEPASXMATA

Trv xahOtepn mpdBAedn napéyouv Tor LOVTENR VELRPOVIXDY dIXTOWY XaL cLYXexpwéva to BiLSTM.
Ané v A, o anoteréoparto g neoBiedne tou ARIM A anoxAivouv neplocOTERD and T TEAY-
HOTLXES TUUEC.

Actual vs Predicted

— Predicted
Actual
275 A
27.0 A /

Sy Auo 68: BILSTM Prediction
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10.2.5 Controller Siemens > Data Room > Temperature

Ta opdiyota mou Tpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0044 0.0573 0.0664 0.1195
SARIMA m =1 0.0159 0.1145 0.1263 -2.1824
ARIMA 0.0066 0.0603 0.0810 -0.3099
LSTM 0.0063 0.0594 0.0796 -0.3682
CNN 0.0057 0.0676 0.0753 -30.1657
LSTM-CNN 773.4193 21.5031 27.8104 0.1397
BILSTM 0.0080 0.0667 0.0893 -0.2628
GRU 0.0066 0.0625 0.0810 -0.2189
Prophet 0.02088 0.1236 0.1445 0.8464
XGBOOST 0.0025 0.0387 0.0502 0.4976
Random Forest Regression 0.0078 0.0772 0.0887 -0.5709
ITaparray?y Random Forest Re- || 0.0023 0.0385 0.0476 0.5484
gression

SYMIIEPASXMATA

To Random Forest Regression xdve. v mo axplf npoBiedn.

— Expected
18.50 Predicted

T T
0 5

3yfua 69: Random Forest Prediction
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10.2.6 Controller Siemens > Outdoor > Temperature

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 2.0056 1.0507 1.4162 0.5878
SARIMA m =7 7.1041 2.3376 2.6654 -0.4601
ARIMA 23.1392 4.3070 4.8103 -3.7559
LSTM 2.5182 1.2401 1.5869 0.4566
CNN 3.0342 1.2798 1.7419 0.2115
LSTM-CNN 3.1259 1.4313 1.7680 0.5967
BILSTM 2.4436 1.1393 1.5632 0.4570
GRU 2.5281 1.2372 1.5900 0.4642
Prophet 2.2656 1.1105 1.5052 0.5343
XGBOOST 5.5743 1.8919 2.3609 -0.1457
Random Forest Regression 6.1366 1.9454 2.4772 -0.2613
ITaparray?y Random Forest Re- 2.3509 1.1547 1.5333 0.5168
gression
SYMIIEPASXMATA

Tnv xokOtepn npdBredm nopéyet to Triple Exponential Smoothing. Avtideta tnv Aiydtepo axpPn
npoPBhedn xdvel xou téAL To poviého ARIM A ye yeydhn Sopopd and tol UTOROLTAL.

o
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)

3yAua 70: Triple Exponential Smoothing Prediction
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10.2.7 Main Electricity Panel > HVAC > Active Energy

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.1621 0.3306 0.4026 0.1359
SARIMA m =7 0.1886 0.3575 0.4343 -0.0056
ARIMA 0.3518 0.5013 0.5931 -0.8758
LSTM 0.1902 0.3467 0.4361 -21.7659
CNN 0.8975 0.8426 0.9474 0
LSTM-CNN 0.8976 0.8426 0.9474 0
BILSTM 0.1813 0.3719 0.4257 -64.2381
GRU 0.1741 0.3474 0.4172 -13.6069
Prophet 0.2376 0.4059 0.4875 -0.2670
XGBOOST 0.0587 0.1847 0.2422 0.6872
IToparrayy Random Forest Re- || 0.0619 0.1751 0.2487 0.6701
gression

Random Forest Regression 0.0265 0.1259 0.1629 0.8585

SYMITEPAYXMATA

To mo axpiBéc wovtéro Htav 1 maporhayt tou Random Forest Regression.

—— Expected
14 Predicted

T
10

15 20 25

3yAua 71: Random Forest Prediction
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10.2.8

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Main Electricity Panel > Lighting Total > Active Energy

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0119 0.1044 0.1094 0.0135
SARIMA m =1 0.0049 0.0548 0.0704 0.5918
ARIMA 1395.9891 | 29.9843 37.3621 0.0247
LSTM 0.0163 0.0959 0.1275 -6.1098
CNN 0.0058 0.0554 0.0765 0.0320
LSTM-CNN 0.0140 0.0888 0.1185 -652.7646
BILSTM 0.0126 0.0749 0.1125 -0.4590
GRU 0.0116 0.0920 0.1078 -4.3658
Prophet 0.0043 0.0441 0.0658 0.6425
XGBOOST 0.0025 0.0225 0.0499 0.7941
Random Forest Regression 0.0025 0.0201 0.0497 0.7963
IMapariayyy, Random Forest Re- || 0.0028 0.0198 0.0527 0.7709
gression

SYMIIEPASXMATA

To povtého XGBOOST elye to younAotepa o@dhuata HETAE) TOV TEAYHOTIXGY THIOY TNG YPOVOTELRHS

Ol VTV oL TEOPBAEPUINXay.
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Sy 72: ARIMA Prediction
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10.3 Koatdotnpa 30

10.3.1

Ta opdiypota Tou Tpoéxuday amd Toug TAPATAVE AAYOELIUOUS HiTory:

max calculation Main > Active Energy > Main Energy

ATTIOTEAEXMATA IITPOBAEVEQN

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 16007.5083] 108.5529 126.5208 0.9795
SARIMA m = 4 5901.6417 | 67.0845 76.8221 0.9924
ARIMA 4602007.91872101.5615 | 2145.2291 | -4.8982
LSTM 20660.7435| 110.6208 143.7385 0.9671
CNN 148720.568p 382.3563 385.6431 0.8207
LSTM-CNN 105444.498p 320.6188 324.7222 0.8566
BILSTM 6117.9471 | 54.375 78.2173 0.9931
GRU 38537.6967| 193.9229 196.3102 0.9495
Prophet 13337.7901| 92.2523 115.4894 0.9829
XGBOOST 2703955.95| 1388.7917 | 1644.9709 | -2.4656
Random Forest Regression 3188078.00p11552.4418 | 1785.5190 | -3.0859
ITaparhay?y Random Forest Re- || 24278.3731| 152.5725 155.8152 | 0.9689
gression
STMIIEPAYXMATA

Tnv xahbtepn npoBiedm mapéyoer 1o SARIMA. Avtideta tnv Ayotepo axpPBn nedPiedn xdvelr to

povtého XGBOOST.

1000

200

Syfuo 73: SARIMA Prediction
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10.3.2 Max Calculation Lighting > Active Energy > Lighting Energy

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

ATIOTEAEXMATA ITPOBAEYEQN
Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 25.1938 4.1111 5.0193 0.9952
SARIMA m =7 18.0330 3.6121 4.2465 0.9966
ARIMA 35010.4937] 162.8087 187.1191 -5.6917
LSTM 37.5111 5.0534 6.1246 0.9928
CNN 2407.0678 | 48.8083 49.0619 0.5335
LSTM-CNN 77.6245 7.5102 8.8105 0.8730
BILSTM 36.2991 4.9535 6.0249 0.9927
GRU 1297.6150 | 35.6607 36.0224 0.7462
Prophet 6254.2915 | 66.8300 79.0841 -0.1954
XGBOOST 21601.6202] 127.9441 146.9749 -3.1289
Random Forest Regression 23786.3886] 136.2420 154.2283 -3.5464
ITaparray?y Random Forest Re- || 184.0764 12.7823 13.5675 0.9648
gression
STMIIEPAYXMATA

Ko og authv mnv nepintwon, to xaldtepo povtého ftav 1o SARIMA.

2000

10000

Syhua 74: SARIMA Prediction
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10.3.3

Controller Siemens > Groundfloor > CO2

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 9511.7333 | 81.9936 97.5281 0.0331
SARIMA m =7 8132.6992 | 77.7927 90.1815 0.1733
ARIMA 10954.3629| 87.3555 104.6631 -0.1136
LSTM 7085.9387 | 65.0946 84.1780 -0.2893
CNN 8095.6964 | 78.4425 89.9761 -1.2908
LSTM-CNN 8143.6337 | 74.3615 90.2421 -1.6921
BILSTM 6961.7559 | 72.8437 83.4371 -0.2593
GRU 6835.5251 | 68.3468 82.6772 -0.4681
Prophet 7335.6628 | 72.4134 85.6485 0.2543
XGBOOST 7573.8222 | 74.2318 87.0277 0.2301
Random Forest Regression 7985.1753 | 72.0629 89.3598 0.1883
ITaparray?y Random Forest Re- 7672.5172 | 75.4249 87.5929 0.2201
gression
SYMIIEPASXMATA

Trv xahOtepn npoBhedn mopéyouy To HOVTEA VEUPLVIXWDY dXTOWY xou cuyxexpiuéva to GRU.

viideta Ty Mydtepo oxp3n tpdBiedm xdvel to poviého ARIMA.

Actual vs Predicted

—— Predicted
Actual

N T
20 -

Syfuo 75: GRU Prediction
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10.3.4 Controller Siemens > Groundfloor > Temperature

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.8373 0.7215 0.9151 0.4149
SARIMA m = 12 1.4929 0.9895 1.2218 -0.0431
ARIMA 7.7591 2.5487 2.7855 -4.4218
LSTM 0.6557 0.5915 0.8098 0.5163
CNN 0.7136 0.6638 0.8448 0.2262
LSTM-CNN 0.7415 0.6732 0.8611 0.1746
BILSTM 0.6671 0.5982 0.8168 0.5011
GRU 0.6523 0.5850 0.8077 0.5048
Prophet 1.2912 0.8548 1.1363 0.0978
XGBOOST 0.3720 0.5284 0.6099 0.5273
Random Forest Regression 1.7258 1.0781 1.337 -0.2059
ITaparrayiRandom Forest Re- || 0.6810 0.6157 0.8253 0.5241
gression
SYMIIEPASXMATA

Trv xahOtepn npoBiedn mopéyet xan ndiL to poviého GRU.

Actual vs Predicted

—— Predicted
Actual
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Sy 76: GRU Prediction
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10.3.5 Controller Siemens > Data Room > Temperature

Ta opdiyota mou Tpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0038 0.0527 0.0615 0.3352
SARIMA m = 12 0.3793 0.5215 0.0.6158 -65.6495
ARIMA 0.4255 0.6345 0.6523 -73.7798
LSTM 0.6556 0.5914 0.8097 0.5162
CNN 0.0079 0.0759 0.0891 0.4238
LSTM-CNN 0.0106 0.08571 0.1027 0.1397
BILSTM 0.0049 0.0586 0.0704 0.3538
GRU 0.0037 0.0501 0.0610 0.3739
Prophet 0.0312 0.1442 0.1765 -4.4754
XGBOOST 0.0063 0.0663 0.0795 -0.1099
Random Forest Regression 0.0113 0.0889 0.1065 -0.9938
ITaparray?y Random Forest Re- || 0.0049 0.0539 0.0702 0.1352
gression

SYMIIEPASXMATA

Tnv o oaxpBY) TedPBAedn napéyel T0 povTéro veupevxdy dixtiwy GRU

Actual vs Predicted

22.55 { —— predicted
Actual
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Syhua 77: GRU Prediction
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10.3.6 Controller Siemens > Outdoor > Temperature

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 5.7706 1.8586 2.4022 0.2360
SARIMA m =7 9.0799 2.5071 3.0133 -0.2021
ARIMA 24.3525 4.5350 4.9348 -2.2241
LSTM 3.9671 1.3118 1.9918 0.3863
CNN 5.0708 1.6635 2.2518 0.1084
LSTM-CNN 4.5651 1.5717 2.1366 0.2805
BILSTM 4.5626 1.3667 2.1360 0.3956
GRU 4.2159 1.4851 2.0533 0.3410
Prophet 8.9001 2.6047 2.9848 -0.1795
XGBOOST 7.4407 2.0695 2.7278 0.0149
Random Forest Regression 13.9353 2.9289 3.7330 -0.8449
ITaparray?y Random Forest Re- 7.1826 1.7105 2.6800 0.0491
gression
SYMIIEPASXMATA

Ko oe authv v mepintwon, to GRU mpoéxue we to yovtého e tic xahltepes tpoPfiédels.

Actual vs Predicted

—— Predicted
Actual

20 -1

Sy 78: GRU Prediction
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10.3.7 Main Electricity Panel > HVAC > Active Energy

Ta opdigota mou mpoéxuday and Toug TaPATAvVE AAYOpLlUoUE HiTay:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0369 0.1701 0.1923 0.0832
SARIMA m =7 0.0459 0.1889 0.2143 -0.1396
ARIMA 0.0663 0.2104 0.2576 -0.6454
LSTM 0.0416 0.1785 0.2038 -5.9506
CNN 0.1790 0.3724 0.4231 0
LSTM-CNN 0.1790 0.3724 0.4231 0
BILSTM 0.0548 0.1865 0.2342 0.1404
GRU 0.0368 0.1466 0.1988 -0.0484
Prophet 21.2538 4.1812 4.6102 -526.1968
XGBOOST 0.0366 0.1425 0.1913 0.0919
Random Forest Regression 0.0393 0.1458 0.1982 0.0257
ITaparroy?y Random Forest Re- || 0.0221 0.0970 0.1485 0.4529
gression

SYMIIEPASXMATA

Tic xohOtepeg npoPiédelc éxave To X GBoost ye wixpn dlopopd and 1o SeUTEPO UOVTENO VEUPWVIXWDY
Oty BILSTM. Avtideto tnv Aiyotepo axplfr npoBiedm xdver to woviého PROPHET.
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Syfuo 79: XGBOOST Prediction
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10.3.8 Controller Siemens > Outdoor > Humidity

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 45.4452 5.5982 6.7413 0.0259
SARIMA m =4 46.2179 5.4770 6.7984 0.0094
ARIMA 51.9612 5.9483 7.2084 -0.1137
LSTM 31.3939 4.7460 5.6030 -0.2287
CNN 45.2402 5.4525 6.7261 -1.7137
LSTM-CNN 43.4939 5.3248 6.5949 -3.4419
BILSTM 30.1117 4.6103 5.4874 -0.1035
GRU 30.8215 4.8565 5.5517 -0.3598
Prophet 48.0619 5.7762 6.9327 -0.0301
XGBOOST 37.9211 5.0944 6.1580 0.1872
IToparroyy Random Forest Re- 54.6385 6.2025 7.3918 -0.1711
gression

Random Forest Regression 37.8782 5.2929 6.1545 0.1882

SYMIIEPASXMATA

Tnv xahOtepn npoBredm éxave to BILSTM.

Actual vs Predicted

60 1 — Predicted
Actual

SyAua 80: BILSTM Prediction

98



10.3.9 Main Electricity Panel > Lighting Total > Active Energy

Ta opdiygota mou mpoéxuday and Toug TaPATAvVE dAYOpLlUoUE HiTary:

ATIIOTEAEXMATA ITPOBAEYEQN

Alyoprduoc IlpbBredng MSE MAE RMSE R2
Triple Exponential Smoothing 0.0399 0.0425 0.0686 -1.6102
SARIMA m =7 0.0005 0.0143 0.02269 0.7139
ARIMA 0.0046 0.0529 0.0678 -1.5562
LSTM 0.0082 0.0798 0.0908 -234.5769
CNN 0.0149 0.1147 0.1223 0
LSTM-CNN 0.0149 0.1147 0.1223 0
BILSTM 0.0115 0.09872 0.1074 -204.68
GRU 0.0043 0.0506 0.0652 -12.2790
Prophet 0.0033 0.0508 0.0571 -0.8138
XGBOOST 0.0016 0.028 0.0394 0.1387
Random Forest Regression 0.0291 0.1679 0.1706 -15.1629
ITaparray?y Random Forest Re- || 0.0005 0.0117 0.0228 0.7105
gression

STMIIEPAYXMATA

To SARIM A eivon to To axpiféc povtého oe authv v nepintwon. Avtideta to poviého LSTMCNN

xot 0 povtého CNN eu@dviooy onuavtind opdhuota.
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Eyfua 81: SARIMA Prediction
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11 ANAAYXH AITIOTEAEXMATQN

Yty evémnta aut) Yo TopouscIac TOUY Ol THRUTNENOELS TToU €Yoy UE BAoT) Ta ATOTEAEGUOTA TWV TEO-
Brédewy g mpornyoluevng evétntog. O tapatneroeic Yo yivouv we mpog toug alydpituoug Eeywplotd

X0l WG TEOC ToL SedoUEva Tou Yenoulonotinxay.

11.1 TIMopatneroeig pe Bdon toug alyoprdpoug

‘Ocov agopd tov xdle ahyopripo Eeywplotd Eyvay opatég oplouéves dlagopes. O aryopripog Tet-
nAns ExOdetixnnc EEopdiuvong, yevind, epopuoleton oe dedopéva mou eupovilouv tdon xou eno-
YHOTNTOL xou efval AmOTEAECUATIXOTEROC OTAY Tol SEBOPEVA xVOLVTOL dpYd UE TNV Tdeodo Tou yedvou.
O1 ypovooeipée, 6uwe, mou yenotwonoidnxay epgdviloy cuvidne Topamdve and pio EToYXOTNTO X
peTof3dhhovtoy pe ueydAn ouyvéotnta. It autd to Adyo, cuvidwe, o ahydprluog Bev mpoéBhene ue
peydhn axplfBeta to dedopéva. Avtideta, oTic TEpITTOOELS TOL oL YpoVoTELRES eupdvilay OploUévn Téom
xon UixpY) €wc xoddhou enoydtnTa, ol teoPrédelc fTay apxetd oxpBelc. Emmiéov, axpBdc eneidy
gnpene vo Yivouv oL BOXYES OAWV TWY GUVBUAOUNDY TopaUéTemy, ol onolol elvar apxetol, 1 diadixaocio
fitay Tohb ypovoPopa. Iapdhha autd, av 0 cuVBLUCUOS Elval YVWOTOC, 1 TEOBAedN Tparypatonoteiton
ME MEYSEAN TaryOTNTAL

O aryoprduoc ARIMA 6nwe xou o ohydprdpoc SARIMA elvar ypopuixd poviéha tokvdounong, ue
anotéheoya vor Uunv eggaviCouv xold anoteAéopata 6tay Tor dedopéva dev eupavilouv ypopuixy cuvde-
mon ue to mponyolpeva. To povtého ARIMA udhiota €xove Tic TEPLOGOTERES PORES TN ALYOTERO
oxp3) TedBAedn apol dev mpoBiénel Ty UnupEn ETOYIXOTNTOC.

To mpdBinuo tne amaltnone yeouuwxnc e€dpnone PeToE) TV BeBOUEVLV AVTILETMOTLONY Tol LOVTEAN
VELPWVIXOVY BIXTOWY, Ta ontold UTopoloay anoTeEAEcUUTIXd Vo evTonilouy xal eToydTNTOL XU TAoT).
Kupiwe 1o LSTM, 1o BiLSTM xa 1o GRU ¥tav ta povtéla mou xdvay vy mo oxpl3) npdBiedn
ot TEpLoabTEpa 6UVOAN dedopévmy. Tao tpla avtd povtéha cuyvd napoucialoy TopdUOLY ATOTEAEGHAT
xan Oev elvan edxoho va Blaxplvel xovelg oe mold meplntwon eivan xdmolo xohbtepo. ‘Oha elvon opxetd
xoAd. To xOpto apvnund toug elvon dtL amantoly évay éunelpo forcaster dote va emheytolv ol xahbTe-
poL ToPAUETEOL EVE enlong €xel UPNAEC AMAUTHOELS OE UTOMOYIGTIXS YpOVO, OPOU TEMTA aouTe(Ton Vol
EXTUOEVTEL TO HOVTENO.

To CNN ané v dAAn dev elye cuvidwg ToAD xaha amoteAéopota, Wialtepa 6Tay napovaiale 1 yeo-
voaoelpd oplouévr tdom. Xe avtideon ye éva LSTM, éva CNN bev elvon recurrent, npdypo mou onuaivel
6T dev dotneel uvAun tponyoluevwy potiBwy twv yeovooepwy. To yovtého autd, ev Yével yenot-
pomoLleltan TEPLOGOTERO (OTE VoL EXYETUAAEVETOL T <Y WPELXY) CUCYETIONY GToL BEDOEV, EVE AetToupyel
TUO AMOTEAEOUATING OF €OVES ot odth{eg. ‘Olol Tol VEURWWIXG HOVTERD, OUWS, £XY0LY To TepLddplo e
OLAPOPES TEYVINES VOL EXTIULDEUTOUY 0xOUoL XOAUTERO XAl VoL EPovicouy axdua xahdTepa anoTeAéouaTa,
%dTL mou dev umopel va cupfel otoug oTaTioTNolE ahyopLiuoug.

O ahyéprdpoc Prophet éyel tn Suvatdtnta va uropel va yepileton éva oivolo ETOYIXOTATOLY, YL QUTO
ToL AMOTEAEOUATO GUVOAMXE ATay OYETE XAl o€ GYEom Ye dAloug ahydprduous. Mdhota, o forcaster

unopel vor Tpoc¥étel BIXEC TOU ETMOYIXOTNTES Ylar oaxoua To oxplB3Y) amotedéopata. Emmhéov, o ypdvog
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Tou omouteltan Yo Ty meoBAedn eivon pxpdc oe oyéom UE TOUC TEONYOUUEVOUG 0AYOpLILOUS TTOU avo-
pépinxay.

Muwpé yedvo enione amoutel xou 10 XGBOOST. O npoPiédeic ota nepiocdTepa napadelyporta oy
apxevTd xovtd pe To Prophet. To yovtého autd Sume dev amodidel 1600 xahd oe un dournuéva dedouéva
xadde 1 evioyvon xhlong elvon mohd evolodntn oe axpaleg TWég, apod xdde talivounthc avayxdleton
va Slopdwoel ta o@dhyota oTouc learners twv mponyoluevwy emnédny. Emniéov, otic meplntdoelg
TOU oL ¥povoaELpég Tapoucialay Tdom, elye To YEIPOTERO ATOTEAECUATOL.

H noparroyy) tou Random Forest alyéprduou eppdvioe mohd xahd anoteAéopato 0 GUVTOUO YPO-
o ddotnua. MdhoTa, Tic meplocdTEREC Popee, Htay o deltepog mo axplBhc aAydprdpog uetd To
HOVTERA VELPWVIXGY BixTOWV. Avtideta 0 amhdg ahyodpliuoc dev elye cuvidwe xahd anoteléoparta.
TTopdho autd Yitay Tohd yeryopoc.

11.2 TITopatnperioeic e BAom T BESOUEVA

Mo peydhn opdda twv dedopévwy mou yenoulomot|dnxay yia T LEAETN oplouévwy olyopliuwy oyeTixd
pe v meéPBredn ypovoaoeipdy, Ntay 1 Yeproxpacio oplopévey yoewv ot xthpta tpareldy. 1o
CUYXEXPWEVA, OTO TEKOTO XATdoTNUA YeheTHdnxay Sbo Veppoxpacieg mou agopoloav o WoYEW ,ulo
Yot T0 BWUETIO TwV BedoUEVKV xou pio Yia ToV EEWTERIXO YOPo. 2T0 BeUTEPO XATACTNUA, LUTHEX OV
dedopéva yio T Yepuoxpacio 6To 10OYELD, TO UTOYELD, TO BWUETIO BeBoUéVY xou ToV eEWTERIXS Y WEO.
Y10 tpito, Yenowwonoiinxay ta SeBOUEVO YIol TO LGOYELD, TO BWUATIO BEBOUEVKV Xal TOV EWTEQRIXS
Yweo Tou xTnplov. Xto TEOTOo, To dpyavo Tou yenolonolinxe yio Ti¢ yetproelg ftav Controller
Schneider, evéy otic dAkeg 80o rtav Controllew Siemens.

OL ypovooeipéc oe dhec Tic YeTpnoeic VYeppoxpaciog extéc and autée oTo dwUdTio dedouévwy, elyov
TOMEC opototnTeS. Apyixd dev eupdvilay tdomn xou emnAéoy elyay oTodepy| ETOYXOTNTO PE TULO PAUVERN
auth avd yeoévo. To dwudtio dedouévwy elye ula mo dvapyrn popen ue oplouéveg axpaleg Twée. To
vevpwvixd dixtua, xon xupiwe too LSTM, BiLSTM xou GRU éxavav tic mo axpifeic npoBiédec. I
70 OWUATIO BEBOPEVWY, TIOU YLot TTaEEBELYUO 6TO 20 xoTdo Tnpa Sev ep@dvile oplouévn enoyxdTnta, T0
povtého CNN xou CNN-LSTM 8ev undpecav vo npoBiédouv ye xohry oxpifBeia i peAhoviixée Tiuég
e ypovooepds. IIohd xovtd oe autd o amoteAéopata ftav ol ntpoBAiédels g mapodhayhic Tou oh-
vopruou Random Forest. To XGBoost xou to Prophet eiyav yétpia anoteléopata oe oyéon ye toug
unéhotnoug alybprdpovc. O otatiotixol ahyoprduol Triple Exponential Smoothing xou SARIMA Sev
elyav xdmota otadepr; Héon. Oplouéves Qopéc xdvay Tohd oxplBelc mpofAédeic xar dAlote mpofBrédels
ME MEYEAN amdxhion and Tic meaypatixée Tiwée. O ARIMA rtav o yeipdtepog e Yeydin dlapopd Tig
TEQLOOOTERES POPES Aol OAEC OL YpOovoaElpés Vepuoxpasiog Tapouctdlouy ETOYIXOTNTA

Mio dAhn xotnyopio uetprioewy RTav oL ypovooelpég Tou nepléypapay TV péylotn Tl e Active
Energy. Y10 npdto xotdo tnpo 1 evépyela apopolae Tr VEpUova, Tov eZaeplotd Xot TOV XAWATIGUO,
eV oTa dAAa BUO TNV evEpYELld TV QOTWY ot TNV xOpLa evépyela. Ko oTic téooeplc mepintdoelc o
OLdrypauua elye povepy) augntix) tdom. Lny mpdTn Teplntwon umheye ulo EToYIXOTNTA, YL AUTO TNV
xoAOTERT) TEOPBAEYT Exarve To povtého GRU. Axohovidnooay to utdhoina yovtéra ye Aydtepo oxpl3éc to

ARIMA, ntou 8ev pnopotoe vo tpoAédel tny enoyxdtnta. L10 SeVTEPO XATAC TNUO 1) UEYLO TN EVERYELXL
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TWV QOTOV eu@dvile Pndevixy| emoyixdTnTa, onote LTHEYE YeoupxY e&dptnon ota dedopéva. 't auto,
g mo oxplBéc mpoBAédeic Exavay o oTaTlo Tid poviéha pe xoAUTtepo to ARIMA. To anoteréoyata
and To LOVTENA VEUROVIXWY BIXTOWY, and TNV GAAN, Rtoy Tohl yaunid ue yewedtepo to CNN. Ioapduola
anotehéopata elye xan 1 TEOBAedYN TG evEpYELog oA PATA Xo 6NV XVpla EVEPYELX TOU XTNelou Tou
teitou xatacTAuatog. Ot BUo petprioeic eupdvilay wia wxer etoyxotnta. Adyw auvthg, xau ota 800
10 povtého ARIMA éxove 1 yewdtepn mpdBredm. To mo axpPn pwovtéia frav avtd twv SARIMA xau
TetArc Exdetinrc E€opdiuvvorng.

Emmiéov ota 800 tekeutala xatao Thata peteinxe n Active Energy twv ¢otov xan tng Yépuavong,
Tou e€aeplopol xaL Tou xhpatiopol. Kai otig 8bo mepintioeic nopatnehinxe dtL tat xahdTepo anote-
Mopota elyov ot aryoprduor XGBoost, Ilapariay) tou Random Forest, Prophet xouw SARIMA. Ta
VELpWVIXE BixTua elyoay Yaunid tocootd axplBeloc. To dedoyéva dev eypdvilay xdmoto gavepd pot{Bo,
YEYOVOS TOU BUOUOAEVE TNV EXTAIBEUCT] TWV VEVPWVIXMY UOVTEAWY.

Y10 mpwTo xutdo TN UeAeTAONXE 1 Ypovooelpd Tou agopd T pétenon tou feedback. O tég eva-
Aiooovtay omd 1o 1 oto 0 pe yeydhn ouyvétnra. Tnv xahbtepn nedPiedn v éxave o XGBOOST
axohoudvToe oL umdloimol ahyoprduol e wxer| Swopopd oty axpelfBeta.  Mixpdtepn axp(Belo elyorv
oL otatioTxol ohybprduol pe yelpdtepo Tov ahydprduo TemArc exdetnrc e€oudiuvong o omolog dev
unépeae vo Beet Evay xoAd GUVOUNCUSO TOPUUETEWY WOTE Vo UTtopel var TpoAédel owatd T Yeryoen
HETOBONY TWV TUOV.

YN yétenom tou mpdTou xutao TALATOC Tou agopd Ty Active Power tne Oépuavone, tou eaeptopou
X0l TOU XALUATIOHOU, To ATOTEAECUOTA HTAY TOEOUOLN UE QUTA OTIC YPOVOOELRES TwV JEpUOXPATLOY, d-
o0 xou oTNY TEp(TTwoN T dev UTdEYEL oplopéva Taom, dANS eppaviloTtay emoyxoTHTA XUplLe v
xeovo. O alyopriuoc BILSTM éxove tnv xohbtepn mpofhedn, pe uixer) andxhon and toug undhoinouvg
ahyoprduouc. Mixpotepn oxpifBeia elyav ol otatiotixol ahyopriuol ue yeipotepo tov ARIMA.

Y10 TpwTo %01 To TElTo XATdo TN, ETTAEOY, EYLVE UEAETY TOU TOCOC TOV LY EACIAG GTO LOGYELD oL
oTov e€nwTepind Ypeo avtloTtorya. H ypovooeipd elye otodtept| emoyindtnto Ye AnoTEAECUO VAL XAVOUY
™V xah0Otepn mpoPBhedn ta vevpwvixd dixtua. Axdua, TOEOUCIEGTNXE N OALXT) APOVIXT) oo
ROPPWOY 0NV TAON X0t 0T YEIWOT TOU PWTIOUOU, YPOVOCELRES UE EVTOVES UAAAYES OTIC TWES TWY
dedouévev. ‘Oha tar povtéha elyav xovTivd anoteréoparta.

Téhog, o710 debtePO XU 0TO TE(TO *ATAG TNUA YeAeTHUNXE N TocdTnTa Bloetdiov Tou avdpaxa. H ypopt-
x| mapdio toom napouciale UeTUBUMNOUEVT) ETOYIXOTNTA UE UMOTEAEGUO TOL LOVTEAD VEUPWVIXWY SIXTOWY
vor xdvouv T mo oxplBric mpolAédeic xan xuplwe T LSTM xar GRU evedy oo ARIMA xou tpimhic

exdetinic e€opdhuvong mapovciocoy Ta To YoUnAd omoTeAéoUoTAL
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12 Ensemble peddédwv yia tnv npofAiedrn yeovooeipwdv

Ou teyvixéc Ensemble nou yenowonofdnxay otnv mapoloa cpyacia Ntov to Bagging, n uédodog

UTOAOYLOUOU U€cou bpou xau 1) atolBadn.

12.1 Bagging

H mpdytn pédodoc nou yenowwomoiinxe ftav to Bagging. Egapudéotnxe otov ahyderdpo XGBOOST.

12.1.1 Koatdotnupo 1o
AnoteAéopata TELY xol LETA Tobagging

Acedopéva RMSE npw | RMSE petd | R? mew R? petd
Groundfloor > Temperature2 0.8350 1.1420 0.3696 -0.1792
Groundfloor > Temperaturel 0.8331 0.4675 1.0658 0.1283
Data Room > DataRoom Temp 0.1459 0.1438 0.1633 0.1869
Feedback > AC Feedback 0.1616 0.1766 0.8756 0.8514
HVAC > Active Power 0.6287 0.6330 0.6796 0.6753
max HVAC > Active Energy 266.3682 287.1727 0.5686 0.4986
Groundfloor > Humidity 6.2939 7.2947 0.1148 -0.1892
Outdoor > Temperature 2.4451 2.4451 0.0256 0.0256
Rest + Lighting > THD Voltage LN || 0.1398 0.1356 0.0061 0.0636
Avg

Rest + Lighting > THD Current Neu- || 40.4492 39.8043 0.2170 0.2418
tral

12.1.2 Koatdotnpa 20
AnoteAéopata TELY xol LETA Tobagging

Acdopéva RMSE mew | RMSE petéd | R? mpw R? petd
max Active Energy > Lighting Energy 36.5323 38.0149 -3.3570 -3.7179
Basement > Temperature 0.2040 0.2450 0.6936 0.5583
Groundfloor > CO2 27.7060 35.7991 0.4637 0.1046
Groundfloor > Temperature 0.6099 0.6028 0.5273 0.5384
Data Room > Temperature 0.0502 0.0503 0.4976 0.4944
Outdoor > Temperature 2.3609 2.4584 -0.1457 -0.2422
HVAC > Active Energy 0.2422 0.2430 0.6872 0.6848
Lighting Total > Active Energy 0.0499 0.0524 0.7941 0.7728
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12.1.3 Koatdotnuo 30

Anoteléopata mELy xou LeTd Tobagging
Aedopéva RMSE npw | RMSE petd | R? mpw R? petd
max Active Energy > Main Energy 1644.9709 1644.9509 -2.4656 -2.4679
max Active Energy > Lighting Energy 146.9749 147.3865 -3.1289 -3.1519
Groundfloor > CO2 87.0277 97.4751 0.2301 0.0341
Groundfloor > Temperature 1.1363 1.1143 0.0978 0.1324
Data Room > Temperature 0.0795 0.0765 -0.1099 -0.0300
Outdoor > Temperature 2.7278 2.7488 0.0149 -0.0003
HVAC > Active Energy 0.1913 0.1986 0.0919 0.0210
Outdoor > Humidity 6.1580 6.2080 0.1872 0.1740
Lighting Total > Active Energy 0.0394 0.0383 0.1387 0.1839

12.1.4 ITapatneroelg

Loppova ye to topandve anotehéoyata, 1 wédodog ensamble baging, dev Beitivoe tnv mpoPfientiny
wovotnTa tou ahyoplduou XGBOOST. Avtidétng, tic neplocdtepes popés 1 axpifela otic tpofrédelg

Tou Ntav Alyo yaunhotepn and tov anAd ahyoprduo, Ue oplouéves ealpEoeld.

12.2 MeYo6og unoloyiopol wEcou 6pou

H dedtepn pédodog mou perethvnxe Ytoy auth Tou UToAoYIoHOU Wécou bpou. Tlpayuatonofdnxe 1 ex-
naidevon 6o poviéhwv XGBOOST xou tng noparioryic tou Random Forest. Yto tého¢ unohoyiotnxe

0 Yoo 6pog Twv TEOPAEPendy Toug.

12.2.1 Koatdotnpa lo

Anoteléopata tne Medodouv Mécou ‘Opou
Acdopéva RMSE RMSE RMSE
XGBOOST Random Forest | Average Method

Groundfloor > Temperature2 0.8350 0.5492 0.6121
Groundfloor > Temperaturel 0.8331 0.7662 0.6934
Data Room > DataRoom Temp 0.1459 0.1090 0.1136
Feedback > AC Feedback 0.1616 0.1784 0.1666
HVAC > Active Power 0.6287 0.6426 0.6076
max HVAC > Active Energy 266.3682 75.0008 127.9458
Groundfloor > Humidity 6.2939 5.5196 5.1629
Outdoor > Temperature 2.4451 1.9935 1.9009
Rest + Lighting > THD Voltage LN Avg || 0.1398 0.1355 0.1192
Rest + Lighting > THD Current Neutral || 40.4492 32.7385 33.5377
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12.2.2 Koatdotnuo 20

Arnoteléopata Tne MeB65ou Meéocou ‘Opou

Acdopeva RMSE RMSE RMSE
XGBOOST Random Forest | Average Method
max Active Energy > Lighting Energy 36.5323 3.20732 19.8392
Basement > Temperature 0.2040 0.0842 0.1467
Groundfloor > CO2 27.7060 27.165 26.6263
Groundfloor > Temperature 0.6099 0.5310 0.4841
Data Room > Temperature 0.0502 0.0476 0.0435
Outdoor > Temperature 2.3609 1.5333 1.4925
HVAC > Active Energy 0. 2422 0.1629 0.1759
Lighting Total > Active Energy 0.0499 0.0527 0.0510
12.2.3 Koatdotnua 30
Arnoteléocupata tne MeB65ou Meéocou ‘Opou
Acdopeva RMSE RMSE RMSE
XGBOOST Random Forest | Average Method

max Active Energy > Main Energy 1644.9709 155.8152 888.6345
max Active Energy > Lighting Energy 146.9749 13.5675 79.0483
Groundfloor > CO2 87.0277 87.5929 86.7706
Groundfloor > Temperature 1.1363 0.8253 0.8490
Data Room > Temperature 0.0795 0.0702 0.0638
Outdoor > Temperature 2.7278 2.6800 2.0504
HVAC > Active Energy 0.1913 0. 1485 0.1428
Outdoor > Humidity 6.1580 6.1817 5.3146
Lighting Total > Active Energy 0.0394 0.0228 0.0275

12.2.4 ITopatnerostg

Me Bdomn to napandve aroteréoyata, yivetar opato 6Tl v pédodoc ensamble unoloyiopol péoou 6pou

hertolpynoe anotereopatixd. Tic nepiocdtepes popéc Tor amoTEAéGUTA TOU TRoéxLay and T TEo-

Brédeic oy xahltepa and exelva mou mpoxUmTOLY and TN dpdomn Tou xdle alyopripou EeywpeloTd.

O ydvee mepintddoelc mou dev {oyuoe auvtd Ntav exelveg mou évac and toug dUo ahyopLious Topou-

olale peydho opdipa. Téhog, emeldr) ol 800 olydprduol elvan Wiaitepa yeryopol ot mpofiédels, o

cLVdBLACUHE TOUC eV TEOGUETEL OpLOUEVT xotuC TEéRT o).
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12.3 Xroifaln

H ovoifodn (stacking) mou mpaypatonofdnxe Paciotnxe oto povtéha LSTM, Prophet xow Random
Forest. 3tn ouvéyewr 1 mpdPBredn tov goviéhwy vty anotélece eloodo oe évav Random Forest

estimator o onolog mparyuatonoinoe Tic tehnés npofiédeic.

12.3.1 Koatdotnpa lo

Acedopéva RMSE R?

Groundfloor > Temperature2 0.7216 0.5292
Groundfloor > Temperaturel 0.6925 0.6319
Data Room > DataRoom Temp 0.1057 0.5611
Feedback > AC Feedback 0.8413 0.1876
HVAC > Active Power 0.6909 0.6469
max HVAC > Active Energy 806.7046 -2.9567
Groundfloor > Humidity 4.9663 0.4488
Outdoor > Temperature 1.9274 0.3946
Rest 4+ Lighting > THD Voltage LN Avg || 0.1305 0.1338
Rest + Lighting > THD Current Neutral || 30.1818 0.5641

12.3.2 Koatdotnua 20

Acdouéva RMSE R?

max Active Energy > Lighting Energy 37.0790 -3.4884
Basement > Temperature 0.0828 0.9495
Groundfloor > CO2 24.0120 0.5972
Groundfloor > Temperature 0.4208 0.7750
Data Room > Temperature 0.0799 -0.2745
Outdoor > Temperature 1.6130 0.4653
HVAC > Active Energy 0. 6000 -0.6834
Lighting Total > Active Energy 0.1758 -1.5467
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12.3.3 Koatdotnpa 30

Aedopéva RMSE R?
max Active Energy > Main Energy 2858072.2540 -2.8850
max Active Energy > Lighting Energy 23645.2854 -3.4526
Groundfloor > CO2 83.1140 0.2978
Groundfloor > Temperature 1.1103 -1.1397
Data Room > Temperature 0.0765 0.5901
Outdoor > Temperature 2.0933 0.4199
HVAC > Active Energy 0.2684 -0.7875
Outdoor > Humidity 5.9265 0.2472
Lighting Total > Active Energy 0.149 0

12.3.4 Ilopatneroelg

Tivetow avuinmto, 6t n pédodoc stacking Aeitobpynoe otic neplocdTEES TEQITTMOOELS LOLOLTERO ATOTENE-
opatixd. To arotehéoyata, xou TEAL, itoy xohltepo and exeliva Tou TEoxdTToLY and TN dpdor Tou xdie
oahyoprduou Eeywplotd. Mdhota Tic Teptocdtepes Qopéc Ntay 0 o axplBhic alyopripog oe cUyxplom
Xl UE TOUG UTdAoLToug Tou UeheTRdNXay oty Tapodoa epyasia. Ol uéveg TEQINTHOOEIC Tou Bev loyuoe

owTo fTay exelveg mou évag amd Toug B0 akydprduoug topouciole ueydho c@diua.
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13 XYMIIEPAYXMATA

Yo mhaiolo autrg Tng epyoaoiog Eyve epopuoyn oplopévewy ahyoplipwy yio TNy TedBiedn yeovooeLpny
oe dedouéva Tou €youv cLAieylel and xataotApata Tpanelomy. Me Bdorn autd to amotehéoyota emi-
yeerOnxe v opiotel évag “alyoprduog’ o omolog pe Bdor T popy| Twv BeBOUEVKV, AV YLl TUEASELYUoL
eppavilouy emoyxoTNTo 1) TdoN, Vo YIVETOL QUTOUOTAL 1) ETAOYT] TOU XATIAANAOU LovTENOU TEdBAedmC.
‘Eywe yprion twv dedouévev and telo BlapopeTind xotao ThUoTa xou eAeTAdNXay cuvokxd eixoot e-
ntd aOvoha dedouévnv. Topatnendnxe dtu dtav 1 ypovooeipd eupavilel otadept| emoyixdTnTa ahhd Oyt
Tdom, 6nK¢ elvol oL TepLntwoelc uétpnorng Pepuoxpactac 1 Lypaciog, To VELpWVIXE SXTU XEVOULY TIC TO
oxpBelc mpoPAédeic. IMapdha awtd, avtiotorya xahéc mpoliédels xdver xou 1 mapahhary) tou Random
Forest to omolo amantel Arydtepo ypdvo xou euneipio yior TNV EXTAUBEUCT] TOU HOVTENOU. JUVETKOC TO
tehevtaio yovtého Vo umopoloe va ewendel xotdiinlo.

‘Otay o dedoyévo epgpaviCouv Evtovr téom xat younhi emoyixdnta, 6Twe yio napddetyuo elvol ol Tept-
TTOOELC IOV Ol UETENOELS ApopolV TN Péylo Ty T tne Active Energy avd nuépa, to xatdhinho yovtéio
Yo umopovice vo Yewpniel to SARIMA 1o onolo elvan Wiaitepa amodotind oAld xou YeRyopo.

'‘Ocov apopd Tic ypovooelpéc Tou dev €youv xdmola Qavepy| emoytxdTnTa xou dev eugpaviCouv tdor), o
povtéha XGBoost, Random Forest, Prophet elvon amoteheopatind xou taydtata.

Yt ouvéyela doxuudotnxay oplogévol uédodol ensemble 6w etvon to baging, n pédodoc unoloyi-
opol péoou bpou xau 1 uédodog stacking. H mpdtn dev epgdvice xakd anotedéopata, o avtideon
ME TS dAAeC BUO mou Beitiwoov To amoteAéouota oyedov oe Oha Tt ghvoha dedouévwy. Moo,
oTNV TepInTwon TNe edpeong U€cou dpou, ENET| To BU0 povTéAA Tou Yenotwomoninxay urnopoly vo
TPOPAETOLY TIC YPOVOCELREC GE UXpd YPOoVIXs BldoTnua, 1 uédodog auth tav e&icou yeryoen.
Suvohixd, ouwe, dev uropel va e€oydel xdmoo cuunépaoya pe andiuty BeBardtnta xodidg €ytve doxiuy

o€ €va Uxpd oUVOAO amd BeBOUEVA.
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14 MeAhovtixr) Enéxtaon

Ye plo eméxtoon tne mopoloug epyaciag lval SUVATH 1) EQPUPHOYY TEPLOCOTERWY dAYO0plduwY TEdBAedmng
onwg eivan o TCN, deep TCN, nbits, TFT. Isialtepo otnyv nepintwon tne otolBaéng n npocifxn tou
povtieou TCN oto Eninedo-0 Yo épepve axdua xahbTtepa anoTeAéoUoTA.

Emniéov, ta anotehéoparto tng npoBredmne twv neplocdtepwy alyopliuwy Yo froy axdua o axplBh av
yenotgonolovviovoay uédodot Bedtiotonolinone. Abo topadelyparta oaroterolv to grid search(ovalitnon
nhéypatoc) xa to kfold.

Téhog, ta anoteréopata tne epyaciog Yo uropoboay va odnyricouv otn dnuiovpyia eVOC LOVTEAOL TO
onolo ye eloodo 1o oToyElo plog YPOVOTELPd GYETIXE PE TNV TAOT XU TNV EMOYIXOTNTA, VO EXTOLOE-

Oeton xott v EMAEYEL o6 OV Tou Tolov oy dptdpo Yo ypnoulonoinoet yio T Stodixacio tne tedBredmne.
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