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IHepiinyn

YKomog g epyaciog glvar apyikd 1 OempnTik HEAETN TOV AGUPOV GUGTNUATOV TOTOV
Mamdani kot Takagi-Sugeno kot 1 vAomoinomn Tovg og Python dote va peletnBovv ot duvatdtntég
TOVG G€ TPOPANLLOTA AVOYVADPLONC CLUGTNLATOV Kol VTOGTAPIENG OmoPAcemy. Apyika pelethon-
KOV 01 VITAPYOVOEG VAOTOMGELG ZVOTNUAT®OV Acapovg Zuurnepacpod o Python. Avoartdydnke o
alyopiBpog Subtractive Clustering kot To Nevpoasapég Z0otnpa Acagovg Zvurepacpod ANFIS
7oL GuVOVAGTNKAY e To TakETo Simpful yio n dnpovpyio evog OAOKANPOUEVOL TOKETOV Yo TV
avartuén Zuompdtov Acapovg Zuurepacpov. Tédog, Tapovstalete 1 amoTeAecUATIKOTITO TOV

TOKETOV OE TPOYUATIKA GOVOAL OESOUEVOV.
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Abstract

The aim of this paper is firstly the theoretical study of fuzzy systems of the type Mamdani
and Takagi-Sugeno and their implementation in Python in order to study their potential in system
identification problems and decision support. Initially, existing implementations of Systems Fuzzy
Inference Systems were studied in Python. The Subtractive Clustering algorithm and the ANFIS
Fuzzy Inference System were developed and combined with the Simpful package to create a com-
plete package for developing Fuzzy Inference Systems. Finally, the effectiveness of the package

is shown on real datasets.
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Ewoayoym

H emdimén g mpocopoimong g avlpodmivng Aumg omopdcemy 6€ VTOAOYIGTIKY LOVTEAQ
amoTeLEl £0M KO TOAD KOIPO VOV OEAEAGTIKO GTOYO Y10t TOVG EPEVVNTES GE SLAPOPOVS ETMGTILLOVL-
Kko¥¢ Topels. H mapadociakr duadikn Aoyikn, av Kot amotelel Tov akpoymviaio AiBo g KAUGIKNG
TANPOPOPIKNG, GLYVE VTOAEITETOL OTOV EPYETOL AVIILETMONN UE TIC MEPIMAOKES AEMTEG ATOYPM-
OELG TV GEVOPI®MV TOV TPOYUATIKOD KOGHOV, OOV 01 SLUSIKES Omopacelg eival averopkeis. Edd
gykerton 1 yonteio g aoa@ovg AOYIKNG, eVOc Tapadeiyplotog mov ewonyoye o Lotfi Zadeh tn dexka-
etia Tov 1960 kot oyediotnKe Yo va pupn0et Tnv moAdTAoKN dadikacio T avlpdmivng Aoyikng

KaODG TAAELEL PE TO ovVaKPIPEG KOl TO 0OPLoTO.

2TovV TUpNVa TNG, 1| ACAENG AOYIKT ETEKTEIVEL TN GLUPATIKN dvadtkn agloddynorn “aAn0ég
N yevdés” dote va mepthapfivel éva edopa Tipmv aAndelag peta&d 0 kot 1, Tpooeépovtag €101
L0 O PEAAICTIKT OVATOPACTOOT] TG EYYEVOLS AGAPELNG TOV KOGHOV. [IpoKettat o pio popen
AOYIKNG TOAAATADY TILAOV TOL TPOEPYETAL Ao T Bewpia acae®V GUVOAWY, 6TTOL 1) aAnBgla KAOE
dNiwong yvivetar 0pa Babpov. Avti 1 S1apopoTomUEVT TPOSEYYIoN TNG AOYIKNG EXEL Babiéc emL-
TTOGELG o€ Topelg Tov pootilovtor amd v afefardmTa Kot TV 0cAPELd, omd TO GUOTHLOTO

EAEYYOV KOL TNV aVAyVAOPLOT TPOTOTMV LEYPL TV TEXVNTI VONLOGUVI Kot Oyt HOVO.

H Python, pia YA®GGo Tpoypapplaticov tov enuiletot yo tnv amAdtnto Kot TV ovayvo-
GIUOTNTA TNG, OTOTEAEL 1OAVIKT TAATPOPLLO YLo. TV €EEPEVVIOT KO TNV VAOTOINGT GLGTILATOV
acapovg cuurepacpov (XAX). H evpeia yrkdpo Pipiiodnkodv kot mhaiciov mov dtabétel, o€ cuv-
SVAGUO LE L0 EKTETOUEVT] KOVOTITO TTPOYPULLATIGTAOV KO EPEVVITAOV, TAPEXELTPOCPOPO EOAPOG
Yol TNV EQOPLOYT TNG 0OAPOVG AOYIKNG OTNV EMGTNUHOVIKY] Epgvva. EmmAéov, n eyyevig evehiéia
ka1 1 daAettovpywotnta ¢ Python pe dAlec YAdooec mpoypappaticpol Kot epyaieio emTpé-
TOLV TNV ATPOGKOTTI EVOOUATMOOT TNG AoAPOVS AOYIKNG o€ &va TAN00G VTOAOYIGTIKMOV GLGTY-

pértov.

H moapodoa epyacio €xel g 6TdHY0 Vo YEQUPDGEL TO Yhopa HeETaED TV Bempntikdv Pd-



2 1. Ewoayoym

GEMV NG A.G0POVE AOYIKNG KOL TV TPAKTIKOV EPAPUOYDV TNG, 0EI0TOIDVTOS TO OIKOGVGTIIO TG
Python. Egkivape meptypdoovtog Tig £vvoleg g Acaeng AoyIKng Kot TV ZVoTNUATOV AGOPOvg
YVUTEPUCUOV. LT GUVEKELD, OVAPEPOLOOTE GTO TPOYPAUUOTIOTIKG EPYAAELD TOV YPTCLUOTOU]-
Onkav kot detyvovpe T amoteléopata omd Tpaypatikd oedopuéva. TElog, Tapovstaletat o TPOTOG

LLE TOV 0010 £YIVE 1] TOPUYOYN TOV OMOTEAEGUATOV e TN YpNon ¢ Python kot tov Bipiodnkov

™me.



OcOPNTIKO NEPOS

e auTo T0 KEPAAOL0 Tapovataletatl To BewpnTikd VIOPaBPO TG SIMAGUOTIKNG EPYOCIOG.

2.1 Acagng Aoy

H acaeng Aoyikn givot pa Lopen AoYIKNG TOAGV TIL®VY 1} TOOVOLOYIKNG AOYIKNG: 0oy OAEL-
TOL L€ GLAAOYIGHOVG TTOV gival TPocEYYIoTIKOL Kol Oyt oTabepol Kot akpiPeic. Xe avtifeon pe ta
TAPad0c1aKA dVadIKA cVUVOAN (6mTov o1 peTafAnTég umopovv va Adovy ainbeig 1 yevdeic Tipég),
01 UETAPANTEG TG 0loOPOVG AOYIKNG LTOPOVV VO, £XOVV Lid TN oA 0gtog Tov kouaivetal og Babpd
peta&o 0 kot 1. H aocaeng Aoyikn €xet emextabel yio va yeiplotel TNy £vvola g LEPIKNG aAnBetog,

omov M TN aAnBetag umopet va kopaivetat Heta&d evieAdc aAnBovg Kot EVIEAMG WYELOOVG.

2.1.1 Aocoa@ég Xovoro

To acapéc chvolo eivat pLio LoONUOTIKT £VVOL0 TOV OVTITPOCMOTEVEL L0 KAAGT] OVTIKELLEVOV
ue éva cuvexEs Pacpo Babudv CUUUETOYNG, TO 0010 EpyeTal G€ avTifeon pe T KAAGIKG GUVOLL
OTOL £va aVTIKEINEVO €lTE aVNKEL gite gV aviKeL 6TO 6UVoA0. H évvola avtn glval kevipikn otov
Topén TNG aoapoDS AOYIKNG Kot glomyOn amd Tov Lotfi Zadeh to 1965[21] wg enéxtacn g Kia-

GIKNG £VVOL0.G TOV GUVOAOV.
Moafnpotikog TOmog 6€ dtaKpLtd xdpo:

‘Eoto 10 dtokpted nedio U = {z1, x5 ... 7, }. Eva acapéc odvoro A meprypdoetar and to (evyn

acaedv singletons (z;, p4(x;)), i € N:

A= {<x1a MA(w1)>7 (.’EQ,MA((L'2)), ) (xnhuA(‘rn))}

EvoAiaxtikn meptypoen pe ) onueoypaeio dBpotone (summation notation):

A poa(zy) n pa(zy) Yyt palz,) z":,uA(xi)

Ty Lo Z;



4 2. OepnTiKo péPOg

Ta cOpPora «Z»,«+» INAOVOLY TNV EVOOT TOV ac0e®V singletons Kot T0 «/» dNADVEL TO AGUPEG
singleton (z;, 4 (z;)).
TToapdoderypa:
U =1{1,2,3,4}

A={(1,1),(2,0.6),(3,0.5), (4,0.2))}

1 06 05 02
A={-+—2 42422
Grst+ta+7!

1 | |

0.8 :
g
2

g 0.6 |- -
=
o

= 04 :

0.2 .

1 2 3 4
X

Ewcova 2.1. ATteikdviorn aoapog GLVOAOL

MobnpoTiKOg TOTOC GE GLVEYT YDPO:

A:/UNAx(x)

To oOpPoro « [» dnhdvel v éveon Tmv acapdv singleton.

[Mopaderypo:
U =0,10]

A=Az, py(@)|r € U}

1

palz) = m



2.1. Acagng Aoy 5

0.4

0.3 1

pia(z)

0.2 |

0.1

Ewdva 2.2. Ameikovion acapovg GuvOroL

2.1.2 ZXuvopTioELS CUUNETOYNG

Mo GUVAPTNGN GLUUETOYNG OTO TAAIGIO TNG AGAPOVS AOYIKNG Eivat o, KapbAN Tov opilel
TG KAOe onpeio Tov YOPov €160d0V avtioTolyiletal og o T cuppetoyns N Pabud covppeto-
s peta&o 0 ko 1. H cuvaptnon autr ypnoLoToLEITOL Y10 VO TOGOTIKOTOW|GEL TV OGAPELL Ko
™V avokpifela evog asa@ovg GLVOLOL Kot ATOTEAEL POGIKO GVOTUTIKO TOL GLGTILLOTOS OGUPOVG

AOYIKTG.

O1 710 S1010€00EVEG GUVAPTIGELS CLUUETOYNG EIVAL: 1) TPLYOVIKY], 1] Tpome(oedNg, 1 YKOOV-

OO0V KO 1) YEVIKELHEVT] KOUTOVOELONG.

Tpryoviki] cVVEPTN OGN GUUUETOYNS

0 r<a
. e azz<b
tri MF(x;a,b,c) = <
< b>x<c
0 c>x

ZOUTAYNG LOPPT GE YEVLOOKMDIKAL.:

tri MF(z;a,b,c) = max(min(i I —

);0)

—a’'c—b



2. OepnTiKo péPOg

0.8 +

0.6 |

0.4

0.2 |

0 02 04 06 08
X

Ewova 2.3. [opaderypo tri MF(x;0,0.5,1)

Tpanelog1dng ovvdpTnoen coppeToyg

)

r<a

i
IS

a>zr<b

= o

T
8

c>x<d

S a
4

d>=x

SOUTAYNG LOPPT GE YEVLOOKDOIKAL:

trap MF(z;a,b,c) = max(min(i_ia



2.1. Acagng Aoy

0.8 +

0.6 |

0.4

0.2 |

0 02 04 06 08
X

Ewova 2.4. Mapaderypo trap MF(x;0,0.2,0.8,1)

I'kaovowavi] cuvaptinon coppeToyng

T )2

gauss MF(z; p,0) = e 207

0 02 04 06 08
X

Ewcova 2.5. Mopaderypo gauss MF(x;0.5,0.2)

I'evikgopévn KapTavoELdG GUVAPTION GUUNETOYNS

1
z_c)2b

bell MF(z;a,b,c) = 50
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1,,
08 |
06!
=
3
04 |
02
0 02 04 06 08 1

X

Ewova 2.6. [apaderypo gauss MF(x;0.1,1,0,5)

2.1.3 Asgktikég Metopintéc

v aoa®n AOyiKy, Ho AEKTIKN petaPAnty eivon pia petafinti g omoiog ot Tiuég givan
AEEEIC N TPOTAGELS LLOG PVOIKNG M TEXVITNG YAMOGAS Kot Oyl aptBunTKéS TIEC. AvTéG o1 AéEeig
TPOTAGELS TEPLYPAPOLV L0 GUYKEKPLUEVT] 1O1OTNTA TOL GUGTNLATOG TOL LLOVIEAOTOLEITAL LIE TTO10-
TIKOVG Opovg Kot givor eyyevag avaxpiPeic 1 acaesic. H ypnon Aektikdv petafAntodv amotelel
aKkpoyoviaio Ao ¢ aca@ovg AOYIKNG, KOOMG EMTPENEL TV AVOTUPACTACT] VITOKEEVIKOV 1)

AVOKPIPOV EVVOLDV OTTmG «CESTON, «KPUON», «KVEOCH 1| «YEPOCY.

KaBe dextikn petofAnt cvvdéetan e éva GuVOA0 Opmv, TO 0Toio ival TOo GUVOAO TV OVO-
HATOV TOV AEKTIKOV TILOV Tov pmopel va AdPet 1 petafainty. o mapddetypa, av Exovpe po
AEKTIKOV peTafAntn pe to dvoua «@epprokpacion, To cHVorlo OpmV TG Umopel va, Teptlapupavet

TG TIEG «XapmAny, «MEtplay kat « Y yniny.

Emumdéov, kdBe Aexticn tipun yapaxmpiletal omd éva acapég GHVOro, To omoio opileTal and
L0 GLVAPTNON GLUUETOYXNG TOV 00didel o KAOe mBav aplBuntikn Tun g HETAPANTAG Evav
Babpo coppetoyns mov kopaiverot omd 0 émg 1. Avti 1 cuvaptnon covppetoyng opilet tov abud
GTOV OTO10 [tol apOUNTIKY T AVIKEL GE €Vl 0c0pES cVUVOAO. [a Tapdostypa, N AeKTIKN T
«YynAn» 6to ocvvoro 6pmv «Bgpuokpacion pmopel va avarapactadel ond Evo acapEés cUVOLO

7OV 0m0dIdEL VYNADTEPES TILEG CLUUETOYNG OE VYNAOTEPEG Bepokpacies.

H ypnon Aektik®v HETOPANTOV EMTPEMEL GTO. GUGTHUOTO ACAPOVS AOYIKNG VO, ULLOVVTOL
TIG avOpdTIveg drodtkacieg AYNG OmOQAGE®Y Kol GLAAOYIGLOV, YEPLOLEVH 0oaPElG EVVOLES e
TPOTO TTOL E1VaL TTLO SLULCONTIKOG KOl PUGIKOG Yo TOVG avBpmdTovs. Eivat évag Tpomog va yepupm-

Oel to yhopo peta&y tng Svadikng aKpifelag TV TOPUSOGIUKOY VTOAOYIGTOV
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2.14 Aocoageic Kavoveg

‘Evog acoeng kavovag 610 TAOIGIO TV GUOTNHATOV 0GAQOVS AOYIKNG Elval pio vtd GuV-
Onkn MMiwon g popeng «IF-THEN» mov opilel mdg va cupmepdvouple pio ££000 amd 0ed0UEVEG
€1060006. Ze avtifeon e Tovug dvadikovg KAVOVES GTO GUGTHUATO KAUGIKNG AOYIKNG, OOV TO KO-
Tyopnpata Tpénet va givol €€ 0AokANpov aAndn N wevdn, ol acapeic KOVOVES 0GYOAOVVTAL UE
Babpovg ainbelag. Avtol ot Kavoves £oVV GYESIIOTEL Yio VO OTOTLITAOVOLY TNV avaKpiBeld TG

avOpOTIVNG YADOOOS Kol TV S1001KAGIOV AYNG ATOPACEDY GTOV TPOYLATIKO KOGLO.

AxoAovBel 1) Tomik”| dopn VO aoaPovS KAVOVaL:

IF [abvoio mpoimobBéoewv ov ikavororovvior] THEN [obvolo ovvereidv].

IMa mapadetrypa, £voc omAog acaeng Kavovag LTopEL vo eivat:

IF the temperature is high THEN the cooling system speed is high.

Edm, «high temperature» kot «high cooling system speed» givat aco@eic petofAntéc pe Pabd-
LOVG GUUUETOYNG TTOL Kupaivovtol peta&d 0 kot 1. Avtdg o kavovag avtictoyilel To acupic -

VoAo €16000V «temperaturey» 6To acaPEg cuVoLo €050V «cooling system speed».
e auTOV TOV KOvova:

* «temperature» gival po AEKTIKN LETAPANTH €GOS0V TOL £XEL TPOTYOVLEVMG OPLOTEL [LE EVal

OvVTIoTOLYO AGAPES GHVOLO.

* «high» elval o AekTik) TN OV €xEL éva aoapéc ovvoro mov opilel oo €HPOg TIUMV

Oeppoxpaciog Bempeital «high» (cuvnbmg e o cuVAPTNON GLUUETOYNS).
* «cooling system speed» eivar 1 Aektikn petafint e£6dov.

* «highy, 60nwg oyetileton pe ) petapfintn «cooling system speed», Oa €yet emiong éva Ka-
Bopiopévo aoapEc GHVOLO [LE L0 GLVAPTIOT GUIUETOYNG TTOV omekovilel Tnv €£000 o€ éva

€VPOG TIUDV TOYVLTNTAG.

[ToAamhol acapeic Kavdves Lmopohy VoL GUVOILOGTOVY Yo Vo GYNUOTICOVV pia fAcT Kovo-
vov, 1| omoio arotelel faoikd 6ToLYELD EVOG ACOPOVG CLGTHUATOS CLUTEPUGHOV. Otav Tapéyovial
dedopéva 16650V 610 GVGTNA, OAOL 01 KAVOVES AEI0A0YOVVTOL TAPAAANAL KOl TO, ATOTEAEGLLOTOL
aBpoilovrar yia va Topaybel o acapng £Eodoc. Avti 1 £€£060¢ cLVNOMG OTONCAPOTOLEITOL Y10,

VO TPOKVYEL £VO, GOPES, EPAPUOGILO ATOTEAEGLO.
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Ot ac0eeic Kavoves KaTackeLALovTal Le BACT) TN YVOGOT TV EUTEIPOYVMOUOVOV 1| TO EUTEL-
PIKA dedopEva Kot givort BepeMdIOVE GNUACTNG YL TN AEITOLPYIN TOV EAEYKTMV 0GA(POVS AOYIKNG
KOl TOV GUGTNHATOV AYNG amopdcemy. Emtpénovv tov yeipiopd tpoPfAnpdtov mov gival mold
TOAVTAOKO Y10l TIG TOPOOOGIOKES TOGOTIKEG TEXVIKES, aALL e&akoAovBolv va glval diayepicia

LLE TOIOTIKEG TTEPTYPOPES.

2.2 Xvompoto Aca@ovs LoumEPUcHov - LAY

‘Eva Zvotua Acapovg Zoprnepoacot (Fuzzy Inference System, FIS) givat éva mhaicto cui-
AOYIGLLOV Kol VTOAOYIGHOV TTov Paciletar otnv acaen Bempio GUVOLOV, GTOVG NCAPEIS KOVOVEG
IF-THEN kot 6tnv acaen cuAloylotikn. Eivot pia Lopen texvntig VOnHoGOVIG TOL EMLTPENEL TN
LOVTEAOTOIN G TOAVTAOK®V GUOTNUAT®V TTOL gival SVGKOAO Vo 0plotolV Ue axpifeic eElomaoelg
KoL TNV avTeT@nion g ofefatdotntog pe dounuévo tpomo. O otd)0¢ evog TAX givar 1 yprion
AEKTIKOV PETABANTOV KOl EVOG GUVOAOD KAVOVMV Y10 TN ANYN OmoPAcEDY 1| 0EIOAOYNCEDY TOL

UpobVTOL TNV avOpOTIVY] GLALOYIGTIKT).

Acadr 6OVoAa oTov Acadr cUvoAa oTov

, L6500 5
XWPO 10650V Xwpo e€660u

Fuzzy System

Alavuopa o
£10060v, X > v > AlGvuopa
\ —_t
| ulx) uly) | £§obou, y
! I
! I
- - . "
Zadnig | Acadrig L, Acadng : Sadig
KOopog | kdopog Acadég zootnpa KOOMOG | KOOHOG
|
|
|

Ewova 2.7. Aour| GuGTHHOTOG AGOQOVS GUUTEPAGHOV

Yrdpyovv 600 kvplot Tomor TAX:

* XYoo Acapovg Xvurepacpov Mamdani: [TpotédOnke and tov Ebrahim Mamdani to 1975
[11]. Xpnoipomoteitan evpemg yio cuoTiuaTo EAEYYXOVL. A&loToteital 1 doaPn AOYIKY| Yo Vo
avtiotoyeBel évag ydpog 10600V Gg Evay yOPpo £GG0V YPNCYLOTOIDOVTAS Lo GEPE amd

acoeeig kavoveg IF-THEN.

* XYoo Acagovg Xoumepacpotd Takagi-Sugeno-Kang (TSK): Avortoynke omd tovg
Takagi, Sugeno [18] kot BertidOnke apyotepa and tov Kang. To TSK LAY ypnowonoiei
Lo SLOPOPETIKY] TPOCEYYION YO TIG CUVENELIEG TOV KOVOVAV, Ol 0Toieg €lval GUVAPTNGELG
TOV UETUPANTOV €16050V, cLVNOOC Yok EEICDGELS, avTi Yo acapn cOvola. Avtdg o

TUTOG GUGTHLLOTOG YPTCLULOTOLEITAL GUYVE Y10 TV TPOGEYYIGT) GUVOPTNCE®V KOl TN LLOVTE-
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Aomoinon.
H tomin dwadikasio aoapovg cuumepacon tepthopfdver ta axoiovda frpoto:

1. Acagomoinon: H dadwkacio petatpomng «capmv» e1660mv (axpielg apuntikéc Tyéqg)
o¢ acaeig Tnég (Badpol cvppetoyng) cvpuemva e Tpokabopiopuéva acaen cuvora. Avtd
glval amopaitnTo €neld] T0 GVCTNLO GUUTEPAGLOV AELTOVPYEL [LE aoOQEic EVvoleg Kot Oyt

ue axpiPeig apduovg.

2. A&oidynon kavovev: Epappoyn tekeotdv acapovg Aoyikng (AND, OR, NOT) yo v
a&loAdynon g TG aAn0elag g mpovimdbeong Kabe Kavova. Xty TePInT®on evOg GL-
otiuatog Mamdani, ovtd mepthapPdavel TRV Top ToV 0ca@®v GUVOAWOY oL oyetilovTot e

KG0e pépog tng Tpobimdbeong yio Tov TPocdlopicpd tov Pabuov aindeiag Tov kavova.

3. ZuykéVTpmon: ZuvovooUOs TOV acaP®V GUVOA®Y TTOL £(0VV KOTEL 6TO VYOG oL Kobopi-
Ceton amd ™ ddikacio aloldynong Tov Kavovo Yo Vo GYNUOTICTEL EVaL EVIAI0 0CUPEC

oVvolo Yo kaBe petaPAntr e£6dov.

4. Amoaco@onoinon: H diadikacio LeTATPOTTG TOL 00a(POVS GLVOAOL EOO0L GE Lo EVKPIVN
. Yrapyovv d1dpopec péBodot yia TNy amoacoporoinct, oAAd n wo cuvndiopévn givar
1N 1€B0d0G Tov KeVTpoedovg (centroid), ) omoia viroroyilel To k€vipo Papovg Tov AcaPoVS

GLVOLOV Y10 VOl BPEL L0 AGOPT TIUT TTOV OVTITPOCMATEVEL KAADTEPQ TO GUVOYOLEVO OGUPEG

GUUTEPOGLOL.
premise part consequent part
N N
htype 1 type 2 type :ﬁ
(. R RS
A1 1 B1 ] c1 ] c1
/\ /—\ w1f w1 /\ Z1=ax+by+c
Z2=pX+qy+r
) g woell max  owEed

multiplication
(or min)

w1*z1+w2'z2 /—L wi1*z1+w2*z2
zZ = zZ ="+
wi+w2 t A\ wi+w2

z (centroid of area)

Ewéva 2.8. Ameikovion aoapods COUTEPUCHOD, OOV type-2 aviotoryel o€ Mamdani kot type-3
oe TSK
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Ta Zvotiuoto Acapong ZVUTEPUCHOD XPTGLOTOIOVVTOL EKTEVAG GE OLAPOPES EPUPLOYES,
OT®MG GLOTHLOTO EAEYYOV, OVAYVAPLIOT] TPOTVTMY, GUGTHUATO VITOGTPIENG ATOPAGEDY KOl GL-
OTNUOTO EUTELPOYVOUOVAOV, ETELDN LTOPOLV VO YEPLGTOVV TNV AGAPELN Kot TV afefordtnta Tov

EVOTAPYOLV GE TOAVTAOKA KOl AGOPDS KOOOPIGUEVE GLUGTILOTOL.

2.3 Xvotadomoinon

Orav vadpyovy ToAAG 6edopéva Yio To LOVTELD TToL BEAOVLE VO ETIAEOVE /KOl dEV LTTAPYEL
EUTEPIKN YVAOOT, TOTE UTOPOHV Vo, XPNGIUOTOINB0VV TEYVIKESG GVOTUGOTOINGNG Y10 TNV EVPEDT
TOV KOVOVEOV TOL ZUGTNUATOG AGa(Oovg Xupunepacov. Ot mo d10d0e30UEVEG TEXVIKEG GLGTUOO-
moinong ywo to. Luotipate Acapovg Zounepacpov gival  Fuzzy C-Means[1] ko1 1 Subtractive

Clustering[3]. Z& avt TV epyocio ypnoomotidnke 1 texvikn Subtractive Clustering.

2.3.1 Subtractive Clustering

H teyvucn avt Aertovpyel o¢ e€ng: €otm €va chvoro onpeiov x4, 2y, ... , T,, O€ £va xOpo M

S0 TACEMV.
1. Kavovikomotodpe dha ta dedopéva otov id1o yhpo dtactdacewv (vrepkHo).

2. YroAoyilovpe tn duvopikn tov kabe onpueiov, ¢ € N, ®g KEVIPO GLOTASOG:

D 4

_ L 2,
Pi — g e allz;—= | ooV @ = )
=1 Ta

3. Emi\éyovpe 10 onpeio pe tn HeyaAdTePN dUVOLUKT.

4. Eava vroroyilovpe ) duvapukn Tov kdbe onpueiov oc:

12,
P, = P, — Pie Allzi=1ll gmov B =

cjw‘ =~

2
|z —a || _% (H%T’;i”)
B
P=P —Ple 7% =P P \ us

5. EmAéyovpe to onpeio x; pe m peyaivtepn duvopkn P; og vmoynelo kévipo cuotddag Ty, 1e
Py
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6. Av 1o P} > €P} 101€ anodexOUacTe T0 I}, 0 KEVIPO GLGTAS0G
7. Av 1o Py < ePy t0te teppatiovpe tov akyopiOpo
8. Awpopetikd, dtaAéyovpe T KpOTEPT 0mdoTACT, £6TO d

min»> TOV T}, TPOG OAaL TOL KEVTPOL TOL

&yovve Ppebet.
8.1. Av woyvet d;’}—i" + %’1} > 1 101 EMAEYOVE TO T}, WG KEVIPO GLGTASOG
8.2. Awapopetikd anoppintovpe to 7, kot 0étovue P = 0. EmAéyovue 1o endpevo ototygio
x; UE TN PEYAADTEPN SUVOUIKT G TO VEO VoYl KEVIPO T Kat Eova doxipdlovpe T1g
ouvOnkeg (Tnyaivoupe oto Pripa 6)

9. Emavaiappdvoopue to frjna 4.

To kévipa v cV6TAdWVY OV TPOKVTTOLY And TOV AAYOPIOuO, £0Tm 2 pe M ototyeia, yopilovrot

T0 6TOLYEID TOVG OE QVTA TOV PETAPANTAOV €GOS0V Kol QVTA TOV PETAPANTOV ££600V.

Av o1 petafintég e£0dov givar J, tote oTOLYNElN TOV PETOPANTOV €GOS0V Elvar:

* * * * T
T; = [Zi,lv 2§25 Zi,MfJ]
Kol to ototyeio TV petafintav e£ddov ivat:

* * * * T
Yi = [Zi,MfJJrl? i, M—J+27 s Zi,M]

Me 10 TOpAmavV® TPOKVTTEL TO TUNLLO VTOBESONG:
2 N 2 B 2 N 2
1 (HI—IEH> 1 (”*%ﬂ) 1 (““’”i,z) 1 (I’mi,MfJ)
2\ Ta 2 Ta_ 2 Ta 2\ T Ta
fai =€ 2v2 —¢ 2v2 .e 2v2 .e 2v2

1o Tufpa amddoong, Yo poviéra Tagaki-Sugeno-Kang etvou:

RY =[F x, is AY AND ...AND z,, is A’, THEN y is w,
Y10 tpunqpa anddoong, yo povtéda Tagaki-Sugeno-Kang e ToAv@VOHIKEG GUVOPTHOELS:

R = IF x, is A AND ...AND z,, is A', THEN
y=fi(z) =a;0+a; 171+ +a;,T,
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Ynueioon: [Tapatnpovpe 6T 6TIC TOPOTAVED EEIGMGELS XpTolomoteital ) I'kaovsiovh cuvaptnon

Ta

GUULETOYNG, LE T = oL Towg, 0 aAyOpOLOG VO LTOPOVGE VO, AVATPOGUPLOGTEL Y10l VO, VTTOGTY-

pi&el AAAEG GUVOPTIOELS GUUUETOYNG.

2.4 Grid Partitioning

H teyvikn «Grid Partitioningy (310 ®plopoc TAEYLLATOG) ¥PNOYLOTOIEITOL Y10l T J10KPLTOTOl-
10T TOL YOPOL EIGOOV EVOG AGOPOVS GLOTILOTOG cLUTEpacov. [lepthapfaver T dwaipgon Tov
nediov kdbe petafAntig 16600V o€ Evav aplBld AcaPdOV GLVOA®V LE TIC GYETIKEG CLUVOPTNCELS
GUUUETOYNG, Ta. omoia nali oynuotilovv éva TAEY A TAVe 6T Y®PO £16600V. O Kabe TBavIC cuv-
VOGO LETARANTOV E1G0J0V, amoTeELEL TO PEPOG LTOBEGTG EVOG KavOVa, 6TOV 01010 Ba Tpémet va

emAeyBel 1o PEPOg amd300NG.

H teyvikn «Grid Partitioningy 6ev opilet woto Ha gival to pépog amddoong kdbe Kavova. Omdte
yperaletal va ¥pnoiomom el KAmTolog aAyOpOLOC Yio. TV EXIA0YT TOV HEPOVG ATOS0GNG GE KAOE
Kavova. Xtny nepintoon tov cvatnuatov TSK uropei va aloronbei to vevpoasapég choTna

ANFIS ywo tnv €0peon Tov KOTAAANA®V TGV 6T0 LEPOG TNE 0TOO00TC.

R® R’ RS R?

R3 R* R® RY

(o) Grid Partition (B) Subtractive Clustering

Ewcova 2.9. Zoykpion yopov €1600wv petaly Grid Partition kon Subtractive Clustering yio 600

petafAntég e166d0v.

2.5 Nevpooaoapéc Aiktvo ANFIS

To ANFIS, «Adaptive Neuro-Fuzzy Inference System» (IIpocapuootikd Nevpo-Acapég X0-

oTnua Zopnepac o), eivat éva 100 veupvikoh S1kTuov mov BacileTol 6TO AGAPES GVOTNUO GU-
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umepaocpov Takagi-Sugeno. H apyitextovikny ANFIS evoopatdvel to. KOADTEPO, YOPUKTNPLOTIKY
TOV 0G0POV GUOTNUATOV Kol T®V VELPOVIKOV JIKTO®V, YEYOVOG TOV NG EMTPENEL va aSlomotel

T TAEOVEKTNLLATA, KOl TV 000 € €va gviaio Thaicto. [8]

O ovvdLaGUOC TV AGOPOV ZVOTNUATOV ZVUTEPOcUol pHe Ta Nevpovikd Aiktva, 610
ANFIS, apéyet évav unyovicpo pe Tov 0Toio Ta acoEn GLGTHLOTO HTopoLV Vo padaivouy arnd ta
dedopéva, Kab1oTMOVTAG TOVG 0G0EiS KAVOVEC TPOCAPHOCTIKOVS. O UNYovVIGHOG EKTaidevong ov-
vBwg meptapfavet Tnv omeBodiadoon (backpropagation), TapoUOL [LE TOV TPOTO EKTAIOEVONG

TOV TOPASOGLOKDOV VELPOVIKOV SIKTO®V.
"Eva diktvo ANFIS amotereiton cuvibag and névte enimeda:

1. Acagomoinon: Ot k6pPol og awTd T0 ENiMESO PETATPETOVY TO, SEGOUEVO ELGOOOV GE KATOA-
ANAeg AeKTIKEG TIILES, O1 OTTOLEC elvan acaeic TYHES e BoOILO GUUIETOYNG OE JLAPOP OGOPN

cOVOAQL.

2. Kavoveg: KaBe ko6ppog g 0vtd 10 6TpdLe avTITPos®REVEL Evay acaen kavova. Eeappolet
£vay e TELEGTI] OTIS ELGO0VE TOL TPOEPYOVTOL ATt TO TPMTO GTPMLLA Y10l VO, VITTOAOYIGEL

NV 16%0 TVPOSOTNGNE TOV KOVOVAL.

3. Kavovikomoinon: X& avtd 10 STpOLa, 1 1oY1G TVPOSOTNOTG KAOE KavOva, KOVOVIKOTOlEITaL

®G TPOG TO AOPOITLA TNG 1OYVOG TVPOIOTIONG OADV TV KAVOV®V.

4. Amoacoagomoinon: Avtd to oTpdpe VToAOYilel TN cLUUETOYN KABE KOvOva OTNV TEAIKN
€000 e Paomn Tig KavoviKoTompUéves Suvapelg TupoddTnong Kal Tr cuvapTnon 5000V ToV

Kavova.

5. Zvvoakn €£0d0¢: To televtaio otpdua vVTOAOYileL T GVVOALKN ££000 ¢ ABpoloua OAMY

TOV EIGEPYOUEVOV CNUATOV OO TO TPOTNYOVLEVO CTPAOLLOL.
INo mapdoerypa, £6Tm Vo GUGTNLO 0CAPOVG GUUTEPAGLOD dV0 EIGOSMV X, ¥ Kot Htog ££660V
LLE TOVG TTOPAKATO acaPelg Kavoves. Aneikoviletar otn cvvéyeta To avtictoryo cvotnuo TSK.
R : Ifx IS A, AND y IS B, THEN f, = p,x + quy + 1,

R Ifx IS Ay AND y IS B, THEN f, = pox + qoy + 75



. 2. OewpnTikd pépog

LL_ | Jl Y f=px gy 4
B,

w, f. . wf
% v N =1 1T 272
" | V—{ f= W, * W,
- K W, fo=pX +Qy +1y =Wt Wl
X 4
X y

layer 1 layer 4
‘L layer 2 layer 3 J’
a] l L Xy layer 5
X Al AT QT A
= @wz Ve i
(8] xy

Ewova 2.11. ANFIS type-3



Teyviko Mépog

e 0T TO KEQAAL0 B0 TAPOLGLUGTOVY TA EPYUAELN TTOL YPNCUYLOTOON KAV LE [0 GOVTOUN

TEPLYPOPT].

3.1 Python

Anpovpynnke and tov OALavdo I'kivto Bav Pécoovp (Guido van Rossum) 6to gpeuvnticd
kévtpo Centrum Wiskunde & Informatica (CWI) 1o 1989 kot kukAo@opnoe Yo Tpd@TN Qopd TO
1991, ev®d avt 1t otiypn Ppioketar oty ékdoon 3.12. Eivar dieppunvendpevn yYAOcsa, vyniob
EMITEIOV KO YEVIKOD GKOTOV KOl LITOGTNPILEL TOALA TPOYPOUUATIOTIKA HOTIBa OTME S10d1KAoTL-
KOG TPOYPOUUOTICUOC, AVTIKEWEVOGTPAPTS TPOYPOUUATIGHOG KOl GCUVOPTNOIUKOC TPOYPOLLOTL-

ouoG.

3.2 Pytorch

Eivat éva framework pnyavikng pabnong pacicpévo ot Pipriodrkn Torch, mov va avarto-
xOnke apywcd amod ™ Meta Al kar Tdpa amoterel pépog e “oumpérag” tov Linux Foundation.
Eivatl gupémc dtadepévn oty emiotnovikn kovotnto g python kot kabiotd €dkoAn v avd-

TTOEN LOVTEA®V UNYOVIKNG pabnong.

3.3 Simpful

To Simpful sivon éva makéto Python mov €xel oyediootel yio vo d1evkoAOVEL TN YpnoT TG
acapovg Aoykng. To makéto mapéyel ol amAn SIEmaPn yiol T dNpovpyio Kot EKTEAECT] 0CAPDV
GUGTNUAT®V GUUTEPACHOV LE ELLPACT) CTNV OVOYVOCSILOTNTO KO TV EDKOAMO XPHONG. XKOTOS TOV
glvar va gtvat @IAMKO Tpog Tov ¥pNoTH, EWIKA Y10, OGOVG UTOPEL va. Uy ivol E101K0L 6TV aoapn

AOYIK.



18 3. Teyvucd Mépog

3.4 Numpy

To NumPy, mov onpaiver Numerical Python, givon éva Bepelmdeg maxéto yio aplOuntikode
vroAloyopots oty Python. [Tapéyet vrootpién yia mivakeg (cupmepAapfavopévov TV ToAv-
OICTATOV TIVAK®VY), KAOMG Kol Lo GEPA LOONULOTIKOY GUVOPTHCE®Y Y10, VO, AEITOVPYNOEL GE

oV ToVE TOVG THVOKEG.

3.5 Matplotlib

H Matplotlib givai pa ohokAnpopévn BipAtodnkn yio t dnuovpyia 6TATIKOV, KIVOOUEVOY
Kot 0100pacTIK®V anekovicewv otnv Python. Eivon pio amd Tig o dnpo@iieic kot evpeéms ypn-
oomolovpeveg PiAtodnkeg ontikomoinong SedoUEVOV GTNV KOWVOTNTO TPOYPOLLOTIOHOD TNG
Python. H Matplotlib dievkodiver tn dnpovpylo Ypopikdv TopacTICEDY, 1GTOYPALLATOV, Go-
CUATOV 16Y00G, POPOOYPULUAT®V, S10YPOUUATOV COAALATOS, OYPUUUAT®V S106TOPAC K.AT. e

Alyeg LOVO YPOALLES KMDOTKAL.

3.6 Pandas

To Pandas sivon pio Snpo@iing BifAtodnkn avaivong Kot xepiopol 650 UEVOY OVOIKTOD KO-
dKa yuo T YA®ooa mpoypappaticpod Python. TTapéyel evéhctes kot 1oyvpés dopég dedopévmv
Y10l TOV OMOTEAEGLOTIKO YEPIGHO SOUNUEVOV (TAUTAO, TOAVIIACTATOV, SVVITIKG ETEPOYEVAV) KoL
ypovooelpmv dedouévav. To dvopa «pandasy Tpoépyetor amd To «panel datay, Evav 6po g owko-

VOUETPLOG Y10t SOUNUEVE GUVOAD SESOUEVOV.

3.7 Seaborn

To Seaborn givor o Bipriodnkn omtikomoinong dedopuéveov Python mov Paciletar oto
matplotlib. [Tapéyet (o dtemapn LVYNAOD ETITESOD Y10 TN 0YESI0CT] EAKVGTIKOV KOl KOTUTOTIOTL-

KOV GTATIOTIKOV YPUPIKDV.

3.8 Aowta gpyoieio mov eEeTdodnkay

Ta mapaxdto epyareio e&etacdnKoy va copmeptAn@Bodv 6to TeEMKd TOKETO, OAAG TEAMKA
amoppipdnkav. Ouwe, n Yvdon Tov amokTOnKe Kot T SOKIUY TOLG NTAV PTG Y0 TV 0VA-

nTuén ToL TEMKOL TakéTov g Python.

3.8.1 Fuzzy-Expert

«To Fuzzy-Expert eivau éva makéto Python yio tn donpiiovpyio 0co@®V GUGTIUATOV GUUITE-

poacpov Mamdani. To Fuzzy-Expert d€xeton £va peiypo acop®Vv Kol Tpoyovay TILMV Kol GUVAPOV
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3.8. Aowmd epyareio mov eEetdobnkav

Tipn®v Pefardotntog. To cOOTNHO CUUTEPAGLOD EXIGTPEPEL OCAPELS TILEG KOL GUVTEAEGTEG PePao-

TNTOG Y10, TO, GUUTEPACLLATO TOV KAVOVDV.)»

2 ovvéxela akoAovBel Tapddetypa ypriong tov makétov Fuzzy Expert.

import matplotlib.pyplot as plt

import numpy as np

from fuzzy_expert.variable import FuzzyVariable

from fuzzy_expert.rule import FuzzyRule

variables = {
»”score”: FuzzyVariable(
universe_range=(150, 200),
terms={

»High”: [(175, @), (180, ©.2), (185, ©.7), (190, 1)1,

1
)s

”ratio”: FuzzyVariable(
universe_range=(0.1, 1),
terms={
»Goodr”: [(@.3, 1), (0.4, 0.7), (0.41, 0.3), (0.42, 0)],
»Badr”: [(0.44, @), (0.45, 0.3), (0.5, 0.7), (0.7, 1)1,
¥
)

»”credit”: FuzzyVariable(
universe_range=(9, 10),
terms={
»Goodc”: [(2, 1), (3, 0.7), (4, 0.3), (5, 0)],
»”Badc”: [(5, @), (6, ©.3), (7, 0.7), (8, 1)1,
¥
)>

»”decision”: FuzzyVariable(
universe_range=(90, 10),
terms={
»”Approve”: [(5, @), (6, 0.3), (7, 0.7), (8, 1)],
PReject”: [(2, 1), (3, 0.7), (4, 0.3), (5, 0)],

¥

»Low”: [(155, 1), (160, ©.8), (165, ©.5), (170, ©.2), (175, @)1,
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)
}
rules = [
FuzzyRule(
premise=[
(”score”, ”High”),
(”AND”, ’ratio”, *Goodr”),
(”AND”, credit”, Goodc”),
1,
consequence=[ (”decision”, “Approve”)],
)>
FuzzyRule(
premise=[
(”score”, “Low”),
(”AND”, ratio”, *”Badr”),
(”OR”, ”credit”, ”Badc”),
1,
consequence=[ (”decision”, ”Reject”)],
)
]

model = DecompositionalInference(
and_operator="min”,
or_operator="max”,
implication_operator="Rc”,
composition_operator="max-min”,
production_link="max”,

defuzzification_operator="cog”,

model (
variables=variables,
rules=rules,
score=190,
ratio=0.39,
credit=1.5,
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plt.figure(figsize=(10, 6))
model.plot(
variables=variables,
rules=rules,
score=190,
ratio=0.39,
credit=1.5,

score = 190 ratio = 0.39 credit =1.5

1.0- -1.0
N ‘ i ‘ .
0.0- -0.0
1.0- -1.0
05- _\ / ‘ \ -05
0.0- , , -0.0
0 5
0

160 180 200 0.25 0.50 0.75 1.00

-1.0
.05
-0.0

5 10
decision = 8.01

Ewdva 3.1. Amgicovion Zuotpatog Acapois Zuumepacon

2VVOmTIKG:
o ¥T1G ypoppég 7-36 yiveton ) MAoon TV PETAPANTOV.
* X11g ypoppég 38-35 yivetal  ONA®GT TOV KOVOVOV.
* XTig ypoppég 57-72 yivetal 1 ONA®OT) TOV ZVOTHHATOS AGOPODS ZVUTEPOGLOV.
* X1ig ypoppéc 74-81 dnuovpyeital 1) ameKOVIGT TOV GUGTHLOTOG.

To mokéto Fuzzy Expert de ypnoomombnke yloti £yl va evnuepmbet amd o 2021 kot Oa on-

H1ovpyovse TpdPANpHa 0TI GUYYPOVEG EKOOGELG TG Python kol TV anaitoVUEVOV TOKETOV.
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22 3. Teyvucd Mépog

3.8.2 Scikit-Fuzzy

To maxéto Scikit-Fuzzy otnv Python, gival o cuAloyn adyopiBuwy yio Ty acagn Aoy
KOl TO, 0G0PT] GUCTAUOTO 6TO TAAICL0 TG otoifoc SciPy. ZvumAnpmvetl g yvootéc PifAioon-
keg SciPy, NumPy kot Matplotlib pe Agttovpycdtnta 0oapong AoyIKNG, TPOGPEPOVTOGS L0 GEPE

ePYOAEI®V Y10 TOV XEPIOUO OCAPDY GLVOA®YV KOl TNV TPOGOUOIMGT 0CAP®Y GUCTNHATOV.

21 ovvéyela akolovBel mapaderypa xpnong tov nakétov Fuzzy Expert.

import numpy as np
import skfuzzy as fuzz

from skfuzzy import control as ctrl

quality = ctrl.Antecedent(np.arange(0, 11, 1), 'quality')
service = ctrl.Antecedent(np.arange(9, 11, 1), 'service')

tip = ctrl.Consequent(np.arange(0, 26, 1), 'tip')

quality.automf(3)

service.automf(3)

tip['low'] = fuzz.trimf(tip.universe, [0, 0, 13])
tip[ 'medium'] = fuzz.trimf(tip.universe, [0, 13, 25])
tip['high'] = fuzz.trimf(tip.universe, [13, 25, 25])

rules = [
ctrl.Rule(quality['poor'] | service['poor'], tip['low']),
ctrl.Rule(service[ 'average'], tip['medium']),

ctrl.Rule(service['good'] | quality['good'], tip['high']),

tipping_ctrl = ctrl.ControlSystem([rulel, rule2, rule3])
tipping = ctrl.ControlSystemSimulation(tipping_ctrl)

1}
(o)}
921

tipping.input['quality’]

]
(o]
00

tipping.input[ 'service']
tipping.compute()
print(tipping.output['tip'])

tip.view(sim=tipping)
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1.0 4
— low M
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high
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= 04+
0.2
0.0
0] 5 10 15 20 25
tip
Ewdva 3.2. Aneikovion Zuotpatog Aca@ois Zopumepacon
2UVOTTIKG:

* TG Ypoppéc 5-7 yivetal  SNA®OT TV PHETAPANTOV.

* X11g ypoppéc 9-14 amodidoviat og Kabe petafAnTn ot AekTikég TIHES TG,
o 211 ypappég 16-20 dnpuovpyodvTot ot KavVOVES TOV GLUGTILLOTOG,.

o 2T1¢ Ypappég 22-23 dnovpyeital To ZOOTNHO AGOEOVG ZUUTEPAGLOV.
o 2T1¢ ypappég 38-35 yivetar ) ONA®ON TOV KOVOVOV.

o X115 Ypoppég 25-29 vroroyiletan 1 €£000G TOV XZVOTHHOTOC AGOPOVE ZVUTEPUGHOD Yio

dedopéveg TiES €16050v.

To mokéto scikit-fuzzy d¢ ypnoponombnke yoti eppdvice avemilvto TPOPANUA KOTA TN

SLpKELDL TNG EKTOVIONG TNG EPYOTING.
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3.8.3 anfis-pytorch kot sanfis

Ta mokéta anfis-pytorch kon sanfis, gfvan drapopetikéc viomomoels tov ANFIS g PyTorch.
Ag ypnotpomomBnkay yoti epeavicoay tpoAnua pe v tedevtaio €kdoon ¢ Python kot twv
VROAOIMOV TOKET®V, OUWMC OMOTEAECAV EUTTVEVOT] Yo TNV VAomoinon tov ANFIS pe to mokéto

Pytorch.



Anoterionota

AvantoyOnkav ot akydpiBuot Subtractive Clustering kot ANFIS, pe éppaon oty taydtnta
KOL TNV AAGTNTO-GUVINPIGIUOTITA TOV KOJIKA, MOTE VO V0L OGO TO SLUVOTOV TEPICGOTEPO GULL-

Batég, N avaPabuiciueg, pe Tic vedtepeg ek00GELG TNG python.

211 cuvEXELD KOAOVOOVY TaPASELYLATA YPTOTG TOV TOPUTAV® VAOTOCEMY GE GUVOVAGHO
pe ™ P1pAodkn simpful. Zvykekpuéva, ypnoponomdOnkay 2 o€t dedopévov, to Tetuan Power
Consumption[16] ka1 to Office Occupancy[2]. ['a to TpdTO £y1ve Tpoomabeia TpOPAEYTS TG
KOTOVOA®MONG EVEPYELNS, EVAD GTO OeVTEPO £Yyive mpoomdBeia TPOPAeync ™S «SaBesOTNTACH

evog ypapeiov. Akolovbel avalvtikdg mivokag.

[Mivaxog 4.1. Mé00odot Tov S0KIHAGTNKOY 0V GHVOAO SESOUEVOV

Dataset Modeling Type Input Variables Output Variables
Tetuan Power Cons. Grid Mamdani | Temperature,Humidity | Zone 1 Power Cons.
Tetuan Power Cons. Grid ANFIS | Temperature,Humidity | Zone 1 Power Cons.
Tetuan Power Cons. | SubClust TSK Temperature,Humidity | Zone 1 Power Cons.

Tetuan Power Cons. | SubClust | ANFIS | Temperature,Humidity | Zone 1 Power Cons.

Office Occupancy Grid Mamdani Temperature,Light Occupancy
Office Occupancy Grid ANFIS Temperature,Light Occupancy
Office Occupancy | SubClust TSK Temperature,Light Occupancy

Office Occupancy | SubClust | ANFIS Temperature,Light Occupancy
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4.1 Tetuan Power Consumption

[Mivaxog 4.2. XapoakTnplioTikd cuvorov ded0UEVHDV

Name Role Type Description

DateTime Feature Date Each ten minutes

Temperature Feature | Continuous | Weather Temperature of Tetouan city
Humidity Feature | Continuous | Weather Humidity of Tetouan city
Wind Speed Feature | Continuous | Wind speed of Tetouan city

General Diffuse Flows Feature | Continuous | General Diffuse Flows

Diffuse Flows Feature | Continuous | Diffuse Flows

Zone 1 Power Consumption | Target | Continuous | Power cons. of zone 1 of Tetouan City
Zone 2 Power Consumption | Target | Continuous | Power cons. of zone 2 of Tetouan City
Zone 3 Power Consumption | Target | Continuous | Power cons, of zone 3 of Tetouan City

I'o 10 cVYKeEKPEVO GUVOAD dedopEVMY, eMAEXONKE va TpoPrepdel | petapfinth «Zone 1
Power Consumption» pe petofintég e100dov «Temperature» kot «Humidity». @aiveton amd v
OTEKOVION TOV SEGOUEVMV OTL AVTEC 01 SVO LETAPANTEG £YOVV KATOL0 GUOYETION LE TN LETAPANTN

€&0dov, N onoia O «avayvoploted» ond 1o ZOoTnue AcaPoDs ZVUTEPUCHLOV.

Temperature vs Zone 1 Power Consumption Humidity vs Zone 1 Power Consumption

50000 - 50000 q

45000 - 45000

w B
& =}
=} =3
=} =3
=) S
w &
& S
=) =
o =
=) 53

30000 - 30000 1

N}
@
S
S
S

Zone 1 Power Consumption
~
G
S
[=]
(=]

Zone 1 Power Consumption

20000 + 20000

15000 15000

T T T T T T T y T y T T
5 10 15 20 25 30 35 40 20 40 60 80
Temperature Humidity

(o) Temperature vs Zone 1 Power Consumption (B) Humidity vs Zone 1 Power Consumption

4.1.1 Subtractive Clustering (TSK)

211 cvvéyetln Bo TapovGIETOUV 01 GLOTASES TTOV TPOEKLY AV amd ToV aAyOplduo Subtractive
Clustering, 01 GUVAPTAGES CUUUETOYNG TOV HETARANTOV €16050V « Temperaturey kot «Humidity»,
0l GUVTEAEGTEG GTO TUNILO 0TOS0GNC KOl 1 OMOTEAEGLOTIKOTITO TOV GUGTILLOITOC TOV SNULOVPYN-

Onke.
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Wind Speed vs Zone 1 Power Consumption

50000 .
1 ® ¢ ©
. 45000 o e o. - P
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(v) Window Speed vs Zone 1 Power Consumption

diffuse flows vs Zone 1 Power Consumption

50000

45000

40000 -

35000 -

30000 -

00‘."

25000

Zone 1 Power Consumption

20000

15000 A

T T T T
200 400 600 800

diffuse flows

o

(6) Diffuse Flows vs Zone 1 Power Consumption

general diffuse flows vs Zone 1 Power Consumption

50000

45000 A

Zone 1 Power Consumption
N w w &
& & & ]
= 1] S =1
5] 151 5] e
5] 1S3 S a

20000 A

15000 A

T T T T T T
0 200 400 600 800 1000 1200

general diffuse flows

(¢) General Diffuse Flows vs Zone 1 Power

Consumption

Ewova 4.1. H avéioon tov cuvoOAoD SES0UEVMV, G TPOG TNV KOTOVAAWDGCT) EVEPYELLS TNG TEPLOYNG

1. To Beppd ypdUO AVTIOTOXEL GE VYNAT TLKVOTNTA GTOLXEI®V, EVAD TO YuYXPO YPMUO GE YOUNAN

TOKVOTNTO.
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Clusters from substractive clustering Clusters from substractive clustering

60000 60000

50000 50000
40000 40000
30000 30000

20000 20000

Zone 1 Power Consumption
Zone 1 Power Consumption

10000 10000

5 10 15 20 25 30 35 40 20 40 60 80 100
Temperature Humidity

() Ot ovotddeg oanewoviopéveg otov xopo (B) Ot ovoTAdeg OMEKOVIGUEVEC GTOV  YMPO

«Temperature vs Zone 1 Power Consumption» «Humidity vs Zone 1 Power Consumptiony

Ewéva 4.2. O 6vo1ddec mov mposkvyay amd tov odyopiBuo Subtractive Clustering. To kékKivo
«X» OVTIOTOUXEL TO KEVTPO TNG GVGTASAG («u» TNG KAvOVIKNG). O KOKKIVOG KOKAOG aVTIGTOLYEL OF

€vpog 1o kat 0 pof KOKAOC G E0POC 20 TNG KAVOVIKNG KOTAVOUNG.

State of Variable temperature State of Variable light

1.0 10 mf0
mfl
mf2

mf3

o
=)
2
=)

e
o
bt
o

S,
ES

S
=
Membership Grade

Membership Grade

o
¥
=
[N}

0.0

0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Universe of Discourse Universe of Discourse

(o) 2uvapTNOELS GUUUETOYNG g160d0v  (P) Zuvaptnioeig cvppetoxng eloddov «Humidityy»

«Temperature»

Ewdva 4.3. Metapintég Etcod0v

Amoooon e£ddov TSK:

(Kabe y; avrictorei omv omddoon tov kavove RY)
Yo = 0.4461057
y; = 0.2433590
Yy = 0.5955091

Yy = 0.7704404
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4.1.2 Subtractive Clustering pe ANFIS (TSK)

Truth vs Prediction
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Ewova 4.4. Tipéc [IpoPreyng vs AinOwvég Tipéc

Error distribution
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Ewova 4.5. Katavopun andotacng Tywdv tpopfreyns omd aAndivég Tipég

>t ovvéyelo B mapovoiaotel To Tuotnuo Acaeovg Zuunepacpod ANFIS nov mpokidntel

omd TIG 6VoTAdEC oL gvupébncay. Ot PETAPANTES €16050VL gival apyIKE OTMG TAPOVLGLAGTIKOV

TPONYOLUEVMG KOl 0L GUVTEAEGTEG GTO TUNLLO ATOS0GTG EMAEYOVTAL GOUPMOVO. LLE TOV TUYOI0 GVU-

eova pe tov adlyopduo tov Subtractive Clustering. @a TapovGLoGTOHY Ol TEAMKEC GUVOPTHOELG

GUULETOYNG TV LETARANTAOV E1GOA0V, 01 TEAKOT GUVTEAEGTES TOV TUNLLATOG OTOS0CTG KAl 1| OTTO-

TEAEGUATIKOTITO TOV GUOTNUOTOC,
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State of Variable temperature State of Variable humidity
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Universe of Discourse Universe of Discourse

(a) Eicodoc #1: «Temperature»

0.0

Ewova 4.6. Metafintéc Eioddov

(B) Eicodoc #2: «Humidity»

Anddoon e£650v TSK: (Kébe y; avtictoyel oy omdédoom tov kovova RY)

Yo = 0.4805 — 0.2781x, — 0.6589x,

y; = 0.1812 + 1.4656x, + 1.6120x,

Yo = 0.5211 + 1.4310x, + 0.2922x,

ys = 0.4291 + 1.4629x, + 0.1221x,

Error per epoch

0 50 100 150 200

Ewoéva 4.7. Zedipa «Mean Squared Error» avd epoch

250
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Truth vs Prediction
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Error distribution
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Ewova 4.9. Katavoun andcetacng Twdv tpopreyns omd aAndivég Tipég

4.1.3 Grid Partitioning (Mamdani)

21 ovvéyetla Ba Tapovctlaotel To Zotnua Acapovg Zvpnepacpod Mamdani mov mpoékuye

LE TN XPNOM TNG TEYLVIKNG SLOUOPAGHOD TOV Y®Pov g1c6dov Grid Partitioning.
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State of Variable temperature State of Variable humidity

1.0 1.0

0.8 0.8
L 7]
o o
o c
3 0.6 Q 0.6
2 B
= =
o 4
204 £o04
£ £
O ()
= =

0.2 0.2

0.0 0.0

10 20 30 40 20 40 60 80 100
Universe of Discourse Universe of Discourse
(a) Eicodoc #1: «Temperature» (B) Eicodog #2: «Humidity»

Ewova 4.10. Metopintég Eto6o0v

Amoooon e€ddov TSK:

(KéBe y, avuiotolel ommv anddoon tov kavovo RY)

Yo = 0.3281 — 1.11562, + 0.52592,

y, = 1.2250 + 0.2998z, + 0.5492z,

Yy = 0.2651 + 0.5207x, + 0.7621x;

ys = 0.1425 + 1.0524z, + 0.43222,

Yy, = 0.4643 — 0.0923x, — 0.8090x,

ys = 1.7110 — 0.7218z, — 1.0650x,

ys = —0.2810 + 0.2359z, + 0.4901z,

yr = 1.1918 + 1.6999x, — 0.4591x;

yg = —0.8835 — 0.0364z, + 1.7837z,
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Truth vs Prediction
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Ewova 4.12. Katavoun ardctaong TIHaV TpoPAeyng amd oAndvég Tipég

4.1.4 Grid Partitioning pe ANFIS (TSK)

21 ovvéyela Ba mapovoiaotel To Xvotnua Acapotvs Xvunepacpov Tagaki-Sugeno-Kang
IOV TTPOEKVYE LLE TN (PNOT| TNG TEYVIKNG OOUOIPAGHOD TOV XDpov €166d0v Grid Partitioning. Ot
GUVOPTICELG GLUUETOYNS Yot TNV €i00d0 elvan apykd idieg e TV mponyobuevn mepintwor. Me

v ekmaidgvon Oa aAAGEOVY KOl PAIVETOL OTIC TAPAKAT® EIKOVES TO ATOTEAEGLAL.
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State of Variable temperature State of Variable humidity
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Ewova 4.13. Metopintég Eto6d0v

Amoooon e€ddov TSK:

(KéBe y, avuiotolel ommv anddoon tov kavovo RY)

Yo = —1.1131 + 0.5160x, + 0.3182x,

y, = 0.3303 + 0.5554x + 1.2040z,

ys = 1.0801 + 0.4312x, + 0.1425x,

yy = —0.0798 — 0.8114z, + 0.4644x,

ys = —0.7331 — 1.0648z, + 1.0922z,

ys = 0.2399 + 0.49222, — 0.2675z,

Yy, = 1.7425 — 0.4621x, + 1.2292x,

yg = —0.0419 + 1.7719z, — 0.8924x,
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Error per epoch
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Ewova 4.15. Tyég Ipopreyng vs AAnOwvég Tyuég
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Error distribution
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Ewova 4.16. Katavour andctaong Tindv TpoPAeyng amd oAndvég Tinég

4.1.5 Xvvoym

[Tivaxag 4.3. Iivakog cpdipatog MSE

Method MSE Loss
Subtractive Clustering (TSK) 0.03251
Subtractive Clustering with ANFIS | 0.02671
Grid Partitioning (Mamdani) 0.03171
Grid Partitioning with ANFIS 0.02748

4.2 Office Occupancy

ITivakag 4.4. Xoapaxtnpiotikd cuvorov dedopévav

Name Role Type Description

Date Feature Date Each minute

Temperature Feature | Continuous | Temperature

Humidity Feature | Continuous | Humidity

Light Feature | Continuous | Light

CcO2 Feature | Continuous | CO2

HumidityRatio | Feature | Continuous | in kg-water-vapor/kg-air

Occupancy Target | Categorical | 0 for not occupied, 1 for occupied status




Count
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Mo to ovykekppévo ovvoro dedopévav, €ytve mpoomabeia mTpoPfreync g peTafAnTg

«Occupancy» e petafAntéc eioooov « Temperature» kot «Light». To povtélo éxel wg amotédeopa

TPOyUaTIKO 0plBpd, omoiog Letd otpoyyviomoteital oto 0 M) oto 1.

Temperature Distribution
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HumidityRatio Distribution Hourly (clock time) Distribution
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Ewova 4.17. H avdivon tov cuvorov dedopévov «Office Occupancy», og mpog 10 av 0 ydPog

glvar KaTEMUUEVOG,.

4.2.1 Subtractive Clustering (TSK)

211 cuvéyeto Ba TaPOVGLICTOVY 01 GLGTASES TTOL TPOEKLY OV O TOV ahyoptdpo Subtractive
Clustering, o1 GUVOPTNGELS GLUUETOYNG TOV UETOPANTOV 16050V « Temperature» kot «Light», ot

GUVTEAECTEC GTO TN LA OTOS00TG KOL 1 OTOTEAEGLLOTIKOTITO TOV GLUGTILLOTOG TTOL O1LlovPYHONKE.

Clusters from substractive clustering Clusters from substractive clustering
1.2 1.2
0.8 0.8
z z
o 0.6 S 06
o o
o (=5
p=1 3
g 04 S 04
] o]
0.2 0.2
0.0 0.0 %
-0.2 -0.2
0 10 20 30 40 0 200 400 600 800
Temperature Light
(o) ®

Ewova 4.18. Ta clusters mov dnpiovpynonkav. Areikoviovtal ®g tpog Tig LETAPANTEG E16OO0V.
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State of Variable temperature State of Variable light
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Ewova 4.19. Metopintég Eto6o0v
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Ewova 4.20. Tyég Ipopreyng vs AAnOwvég Tyuég
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Truth vs Prediction
1.0 XN M B3N F X N ON NN I X X I N X
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Ewcova 4.21. Twég [Tpopreyng vs Anbwég Tipuég (Xtpoyyviomompévec)

4.2.2 Subtractive Clustering pe ANFIS (TSK)

2 ovvéyelan Ba mapovslaotel To Xvotnuo Acapovg Zoumepacpod ANFIS mov mpokintet
oo TIC oVoTAdeg Tov gupédnoav. Ot petaPAntég 16030V ival apYIKE OTMG TAPOLCLACTNKOY
TPONYOVUEVMG KO O1 GUVTEAECTEG OTO TUNILA OTOS00TG EMAEYOVTOL GOUQMVA LLE TOV TUYAI0 GULL-
eova pe Tov adyopiBpo tov Subtractive Clustering. ®a TapovclocToHV Ol TEAMKES CUVOPTIOELG
GUUUETOYNG TV UETARANTAOV E1GOA0V, Ol TEAIKOT GUVTEAEGTEC TOV TUNUOTOG OTOS0GTG KOL 1 OITO-

TEAEGLLOTIKOTNTA TOV GUGTLLOTOG,

State of Variable temperature State of Variable light

|
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(a) Eicodog #1: «Temperature» (B) Eicodog #2: «Light»

Ewova 4.22. Metafintég Eioddov

Amodooon e€ddov TSK:

(Kde ; avriototyet otny amddoon tov kovove, RY)
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Yo = 0.0673 — 0.2200z, — 0.2251z,

y, = 0.6825 + 0.8484x + 0.9025z,

Error per epoch
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Ewcova 4.23. Zodipoa «Mean Squared Error» avé epoch
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Ewova 4.24. Twég Ipopreyng vs AAnOwég Tyuég



42 4. Amotelécpota

Truth vs Prediction
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Ewova 4.25. Twég Ipopreyng vs AAnOwvég Tyég (ETpoyyvAOTOUEVES)

4.2.3 Grid Partitioning (Mamdani)

21 ovvéyetln Oa Tapovctlootel To ZHotnue Acapovg Zupnepacpod Mamdani mov Tpoékuye

LE TN XPNOM TNE TELVIKNG SLOUOPAGHOD TOV Y®Pov gc6dov Grid Partitioning.

State of Variable temperature State of Variable light
1.0 1.0
0.8 0.8
L (%)
o -}
o il
506 5 0.6
a — mf0 a — mf0
ﬁ — mfl ﬁ — mfl
8L o4 — e 804 it
£ £
L7 ()
= =
0.2 0.2
0.0 0.0
18 20 22 24 26 0 200 400 600 800
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(a) Eicodoc #1: «Temperature» (B) Eicodog #2: «Light»
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State of Variable occupancy
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Ewova 4.26. Metapintég Etoodov kar EE6dov

Truth vs Prediction

1.0 :-z-- B X 3K 3K B OBE X
¥
08 «x r , E [ N [ f
x
Y 4 X
0 06 % tutn
8 0.4 X “prEdICtIDﬂ
& %
0.2 o i
0.0
0 5000 10000 15000 20000

Ewova 4.27. Twég Tpopreyng vs AAnOwég Tyuég
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Truth vs Prediction
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Ewova 4.28. Twég Ipopreyng vs AAnOwvég Tyég (XTpoyyvAOTOUEVES)

4.2.4 Grid Partitioning pe ANFIS (TSK)

¥ ovvéyela Oa mopovolactel To Xvotnua Acapotvg Xvurepacpov Tagaki-Sugeno-Kang

IOV TTPOEKVYE LLE T YPNON TNG TEYLVIKNG SLOUOpAGHOD ToV Ydpov lc6dov Grid Partitioning. Ot

GUVOPTIOELG GLUUETOYNG Yot TNV €i0000 glvar apyukd id1eg pe TV mponyobuevn mepintwon. Me

v eknmaidevon Bo aAAAEOVV Kol PaivETOL OTIC TOPUKAT® EKOVEG TO ATOTEAEGLLA.
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(B) Eicodog #2: «Light»

Ewova 4.29. Metafintég Eioddov

Ambddoon e£ddov TSK:

(KéBe y,; avriotoyel ommv amddoon tov kavove RY)

Yo = —0.5951 — 0.9224z, — 0.6205,
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0.05

0.00

y; = 0.9739 + 1.5264z, — 0.7610x,

yy = 0.0984 — 0.6573z, + 1.6017z,

ys = 0.1766 — 0.6608z, + 1.6322z,

yy = 0.4433 + 0.2777x, + 1.27132,

ys = 1.3990 — 0.8680x, + 1.3835x,

Y = 1.3280 + 1.5193x, — 0.6229x,

yr = 1.1381 + 1.6921z, + 0.58692,

yg = —0.4290 — 0.8588z, — 0.9374z,

Error per epoch
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Eucova 4.30. Zpdipo «Mean Squared Error» avé epoch

250
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Truth vs Prediction
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Ewova 4.31. Twég Ipopreyng vs AAnOwvég Tyuég
Truth vs Prediction
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Ewova 4.32. Tyég Ipopreyng vs AAnOwvég Tyég (ETpoyyvAoToinuEVES)
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4.2.5 ZXovoyn

[Mivaxog 4.5. [Mivaxag cpdApatog

Method F1 Score | Precision Score | Recall Score | MSE Loss
SubClust (TSK) 0.91129 0.83778 0.99894 0.04483
SubClust with ANFIS 0.97463 0.95986 0.98986 0.01187
Grid Partitions (Mamdani) | 0.92141 0.85505 0.99894 0.39288
Grid Partitions with ANFIS | 0.94658 0.90082 0.99725 0.02594

4.3 Xyoha

MMopammpnoope Kot ata 600 cHvora dedopuévav 6Tt 1 xpron tov ANFIS fondnoe oy akpi-
Bewo tov amotelespdTov. AT TV GAAN 0 aAyopdpog Subtractive Clustering aivetat va fonOnoce

0710 d€0TEPO GVVOAO, TOL TV TPOPAN LA KaTATAENS, 08 oYéom pe To Grid Partitioning.

Yndpyet nepifdpio PeAtiong 660V apopd Ty ETA0YN TOV LETARANTOV 16030V, TOV dla-
YOPIGHO TOV GUVOAOL dedopévav Bdon Kdmolwv pHotifov, TT.y. e BAcn TV ET0YN, Kol GTOV TPOTO
exmaidevonc tov ANFIS, dnAadn Tic S1apopeg TEXVIKES TOV ¥PNGILOTOLOVVTIOL GTOV KAGOO TV

TEYVITOV VEVPOVIKAV SIKTO®V Y10 TN PEATIGTOTOINGT] TOVG,.






YVUTEPACNOTOA

Kotd v exkndvnon g epyaciog £yve Eviova aodntn 1 EAAEIYT HoG OAOKAT pOUEVTG VAO-
noinong og Python. Ta makéta Fuzzy Expert, Simpful xou Scikit-Fuzzy, égovv viomomoel ite to
povtélo Mamdani gite to povtého Tagaki-Sugeno eite kot ta 500, 0ALG dEV EYOVV EVOOUOTMCEL
to povtého ANFIS kat Siapépovv oA ooV Tpdmo Y¥p1iong HeTa&y tovg. Omdte eivan Egxabapn N
avaykn pog vAomoinong mov va £xel eveopatopévo to ANFIS kot va givatl oA 66ov agpopd tov

KOOKOL.

To mokéto Tov avamTOYONKE GLUTANPDOVEL VO GNUOVTIKO KEVO otV kowvdtnta T Python
G TPOG TOV KAAS0 TS Acapng Aoyiknc. O akydpiBpog Subtractive Clustering Kot To vevpoacapég
diktvo ANFIS, Bonbave otn PEATIoT povTELoToinGn Kot 1) EAAENYT] Lo VAOTOIN GG TTOL VOl TPEYEL
otV tehevtaio €kdoon ¢ python amotelovoe peydro mpdAnUa Yo To cHyYpOVO TOKETA TOV
0élovv va a&lomomaoovy Tig mapandve pebodsovs. BéPata, vrdpyel mepifdpio fertioong, mg mTpog

TIG TEYVIKEG NG Acapng Aoyikng kot Tig TexViKéG TV Teyvntdv Nevpovik®v AKTHmv.






Hopdptnuo A

Koowkog Iapayoync AroteAecpndaTtov

e autd 0 Tapdptnpa topovotdleTarl o kddwog Python mov ypnoomomonke yio tnv mo-
paywyn Tov anotedecpdtov. Omov 10 apyeio data.csv, gival To ovTiGTOLO CSV Yo TO. GUVOAQ

Oed0UEVOV TTOV YPTGILOTTO ONKAY.

A.1 Tetuan Power Consumption

# from datashader.mpl_ext import dsshow
from matplotlib import cm

from matplotlib.colors import Normalize
from scipy.interpolate import interpn

from scipy.stats import gaussian_kde

# from utils import saveFig

# import datashader as ds
import matplotlib.pyplot as plt
import numpy as np

import pandas as pd

def normalize(df):
return (df - df.min()) / (df.max() - df.min())

# def using datashader(ax, x, y):
#

# df = pd.DataFrame(dict(x=x, y=y))
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dsartist = dsshow(
df,
ds.Point(”x”, ’y”),
ds.count(),
norm="linear”,
aspect="auto”,

ax=ax,

H OH H OHF OH OH O OH OHF O

plt.colorbar(dsartist)

def density scatter(x, y, ax=None, sort=True, bins=20, **kwargs):

P33 33)

Scatter plot colored by 2d histogram
if ax is None:
fig, ax = plt.subplots()
data, x_e, y_e = np.histogram2d(x, y, bins=bins, density=True)
z = interpn(
(0.5 * (x_e[1:] + x_e[:-1]), 0.5 * (y_e[1:] + y_e[:-1])),
data,
np.vstack([x, y1).T,
method="splinef2d”,

bounds_error=False,

# To be sure to plot all data
z[np.where(np.isnan(z))] = 0.0

# Sort the points by density, so that the densest points are plotted
~ last
if sort:

idx = z.argsort()

X, Y, z = x[idx], y[idx], z[idx]

ax.scatter(x, y, c=z, **kwargs)
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def

def

def

norm = Normalize(vmin=np.min(z), vmax=np.max(z))
cbar = fig.colorbar(cm.ScalarMappable(norm=norm), ax=ax)

cbar.ax.set_ylabel(”Density”)

return ax

scatter_matrix(input_df: pd.DataFrame, output_df: pd.DataFrame):

#fig, axs = plt.subplots(len(output_df.columns),len(input_df.columns))

#if axs.ndim ==

# axs = axs.reshape(1,len(axs))

for i, input_col in enumerate(input_df):

for j, output_col in enumerate(output_df):

#taxs[j, i].scatter(input_df[input_col], output_df[output_col])
plt.scatter(input_df[input_col], output_df[output_col])
plt.show()

datadf = pd.read_csv(”data.csv”)

scatter2(X: pd.DataFrame, Y: pd.DataFrame, axes=None, show=True):
# ref: https://stackoverflow.com/questions/20105364/how-can-i-make-a-
- scatter-plot-colored-by-density
ax = axes
if axes is None:
fig, ax = plt.subplots()
xy = np.vstack([X.values, Y.values])
z = gaussian_kde(xy) (xy)
idx = z.argsort()
X, ¥y, z = X[idx], Y[idx], z[idx]
ax.scatter(x,y, c=z, s=50)
ax.set_xlabel(X.name)
ax.set_ylabel(Y.name)
ax.set_title(f”{X.name} vs {Y.name}”)
if show is True:
fig.show()

return ax

proc_do(data):

scatter2(data[@],data[ 'Zone 1 Power Consumption'], show=False)
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plt.savefig(f”{data[0@].name}-vs-{data[1l].name}.jgp”)

scatter2(datadf[ 'Temperature'],datadf['Zone 1 Power Consumption'],

< show=False)

plt.savefig('temperature-to-power.jpg"')

scatter2(datadf[ "Humidity'],datadf[ 'Zone 1 Power Consumption'], show=False)
plt.savefig( 'Humidity-to-power.jpg")

scatter2(datadf[ 'Wind Speed'],datadf['Zone 1 Power Consumption'],

< show=False)

plt.savefig('wind_speed-to-power.jpg")

scatter2(datadf[ 'general diffuse flows'],datadf['Zone 1 Power Consumption'],
<~ show=False)

plt.savefig('general diffuse_flows-to-power.jpg")

scatter2(datadf[ 'diffuse flows'],datadf['Zone 1 Power Consumption'],

< show=False)

plt.savefig('general _diffue-to-power.jpg')

exit()

import matplotlib.style as mplstyle
mplstyle.use('fast")

input_df = datadf.drop(columns='Zone 1 Power Consumption")
output_df = datadf[['Zone 1 Power Consumption']]
scatter_matrix(input_df, output_df)

x
1l

normalize(datadf[”Temperature”])

normalize(datadf[”Zone 1 Power Consumption™])

<
1}

density_scatter(x, y)
plt.grid()
plt.xlabel(”’Normalized Temperature”)

plt.ylabel(”Normalized Zone 1 Power Consumption®)

plt.savefig(”figl.jpg”)
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# xy = np.vstack([x, y])

# z = gaussian_kde(xy)(xy)

#

## Sort the points by density,

## so that the densest points are plotted last

# idx = z.argsort()

# x, y, z = x[idx], y[idx], z[idx]
#

# fig, ax = plt.subplots()

# ax.scatter(x, y, c=z, s=50)

# fig = plt.show()

# saveFig(fig)

x = normalize(datadf[”Humidity”])

y = normalize(datadf[”Zone 1 Power Consumption”])
density_scatter(x, y)

plt.grid()

plt.xlabel(”Normalized Humidity”)
plt.ylabel(”’Normalized Zone 1 Power Consumption™)

plt.savefig(”fig2.jpg”)

pd.plotting.scatter_matrix(datadf, alpha=0.2)
plt.show()

#

# xy = np.vstack([x, y])

# z = gaussian_kde(xy)(xy)

#

## Sort the points by density,

## so that the densest points are plotted last
# idx = z.argsort()

# X, y, z = x[idx], y[idx], z[idx]

#
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# fig, ax = plt.subplots()

# ax.scatter(x, y, c=z, s=50)
# fig = plt.show()

# saveFig(fig)

A.1.1 Subtractive Clustering yopic ANFIS

H dnuovpyia tov clusters pe v teyvikn Subtractive Clustering:

from fuzzyutils.clust import subclust_wrapper

import pandas as pd

datadf = pd.read_csv('data.csv')
subclust_wrapper(datadf, ['Temperature', 'Humidity'], ['Zone 1 Power

< Consumption'], savefig="subclust-”, radiusA=0.4)

import shelve
from fuzzyutils.membership import *

import torch

with shelve.open('data') as db:
C = db['Cnorm"]
S = db['Snorm']
X = db['Xnorm']
datadf = db['datadf']
col = db['col']

temperature = {'name': 'temperature'}
humidity = {'name': 'light'}

power = {'name': 'power'}

temperature[ 'memfs'] = clusters_gauss(C[:,0], S[0,0])
humidity[ 'memfs'] = clusters_gauss(C[:, 1], S[0,0])
power[ '‘memfs'] = PolyMF(@, len(C))

power[ ‘memfs'].set_bias(C[:,-1])

plot_fuzzy(temperature)
fig = plt.gcf()

fig.savefig('notrain-temperature.jpg')
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plt.show()

plot_fuzzy(humidity)

fig = plt.gcf()
fig.savefig('notrain-humidity.jpg")
plt.show()

plot_poly(power)

fig = plt.gcf()

fig.savefig('notrain-power.jpg")

plt.show()
model = AnfisNet([temperature, humidity], power, rules='clustering")
DTYPE = torch.float32

x = torch.tensor(X[:,:-1], dtype=DTYPE)
torch.tensor(X[:,-1:], dtype=DTYPE)

y

with torch.no_grad():
y_pred = model(x)

with shelve.open('data') as db:
db[ "notrain-datadf'] = datadf

y.numpy ()
y_pred.numpy()

db[ 'notrain-true']

db[ 'notrain-pred’]

import shelve

import matplotlib.pyplot as plt
import seaborn as sns

from fuzzyutils.plots import *

from sklearn.metrics import mean_squared_error

sns.set_theme()

with shelve.open('data') as db:
datadf = db[ 'notrain-datadf']
pred = db['notrain-pred']

true = db[ 'notrain-true']
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plotPrediction(true,pred)
fig = plt.gcf()
fig.savefig('notrain-prediction.jpg")

plt.show()

errorDistribution(true-pred)
fig = plt.gcf()
fig.savefig('notrain-distribution.jpg")

plt.show()

with open(”notrain-mse.txt”, ”w”) as file:

file.write(str(mean_squared_error(true,pred)))

A.1.2 Subtractive Clustering pe ANFIS

from sklearn.preprocessing import MinMaxScaler
import pandas as pd

import shelve

import torch

from copy import deepcopy

from fuzzyutils.membership import *

from fuzzyutils.plots import *

with shelve.open('data') as db:

C = db['Cnorm"]
S = db['Snorm']
X = db['Xnorm']

datadf = db['datadf']
col = db['col"]

temperature = {'name': 'temperature'}
humidity = {'name’': "humidity'}

power = {'name': 'power'}

temperature[ 'memfs'] = clusters_gauss(C[:,0], S[©,0])
light[ 'memfs'] = clusters_gauss(C[:, 1], S[©,0])

power[ 'memfs'] PolyMF(2, len(C))

power[ 'memfs'].set_bias(C[:,-1])
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model

X

y

all dataset

dataloader

errors = []
# optimizer
loss = torc
#optimizer

#optimizer

epoch = 250

min_state

min_error =

mse

h

AnfisNet([temperature, humidity], power, rules='clustering')

DTYPE = torch.float32
torch.tensor(X[:,:-1], dtype=DTYPE)
torch.tensor(X[:,-1:], dtype=DTYPE)
int(len(x)*0.7)

= torch.utils.data.TensorDataset(x,y)

train_dataset = torch.utils.data.TensorDataset(x[:n],y[:n])

test_dataset

= torch.utils.data.TensorDataset(x[n:],y[n:])

torch.utils.data.Dataloader(train_dataset, batch_size=2048,

< shuffle=False)

# Keep a list of these for plotting afterwards

= torch.optim.Adam(model.parameters(), lr=le-4)
.nn.MSELoss ()

torch.optim.SGD(model.parameters(), 1lr=0.0005)
torch.optim.Rprop(model.parameters(), 1lr=0.0005)

optimizer = torch.optim.Adam(model.parameters(), 1lr=0.001)

deepcopy(model.state_dict())
float('inf")

min_y pred = None

for t in range(epoch):
# Process each mini-batch in turn:
with torch.autograd.set_detect_anomaly(True):

for x, y_actual in dataloader:

optimizer.zero_grad()

y_pred = model(x)

#tmodel.fit coeffs(x, y pred)

1 = loss(y_pred, y_actual) # get loss

1.backward() # backwards propagation based on loss function

optimizer.step() # Update parameters based on backward pass

with torch.no_grad():
X,y_actual = test_dataset[:]
y_pred = model(x)

= loss(y_pred, y_actual)
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if mse < min_error:
min_y pred = y_pred.clone()
min_state = deepcopy(model.state_dict())
min_error = 1
errors.append(mse)
# Epoch ending, so now fit the coefficients based on all data:
#x, y_actual = data.dataset.tensors
#with torch.no_grad():
# model.fit_coeff(x, y_actual)
# Get the error rate for the whole batch:
# Print some progress information as the net is trained:
if t/epoch*100 % 2 == 0:
print(f”epoch: {t/epoch*100:5.2f} %, MSE Loss is: {mse:.8f}”)

errorkEpochs(errors)

fig = plt.gcf()
fig.savefig('train-epochs.jpg')
plt.show()

model.load state dict(min_state)
with torch.no_grad():
X, y_actual = all _dataset[:]
y_pred = model(x)

for var in model.in_variables_def:
plot_fuzzy(var)
fig = plt.gcf()
fig.savefig(f'train-{var[”name”]}.jpg")
plt.show()

plot_poly(model.out_variable_def)
fig = plt.gcf()
fig.savefig('train-occupancy.jpg')
plt.show()

with shelve.open('data') as db:
db[ "train-datadf'] = datadf

db[ "train-pred'] = y_pred.numpy()
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db[ "train-true'] = y_actual.numpy()

import shelve

import matplotlib.pyplot as plt
import seaborn as sns

from fuzzyutils.plots import *

from sklearn.metrics import mean_squared_error

sns.set_theme()

with shelve.open('data') as db:
datadf = db['train-datadf']
pred = db['train-pred"]

true

db[ "train-true']

plotPrediction(true,pred)

fig = plt.gcf()
fig.savefig('train-prediction.jpg")
plt.show()

errorDistribution(true-pred)

fig = plt.gcf()
fig.savefig('train-distribution.jpg")
plt.show()

with open(”train-mse.txt”, ”w”) as file:

file.write(str(mean_squared_error(true,pred)))

A.1.3 Grid Partitioning yopic ANFIS

# This file is licensed under GPLv3
import pandas as pd

import numpy as np

from simpful import FuzzySystem
import multiprocessing as mp

import shelve

from fuzzyutils.membership import *
from fuzzyutils.plots import *

from fuzzyutils.simpful import *
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datadf = pd.read_csv(”data.csv”)
temperature_df = datadf[”Temperature]
humidity df = datadf[”Humidity”]

power_df = datadf[”Zone 1 Power Consumption®]

temperature = {'name': 'temperature', 'domain': (temperature_df.min()*.9,
o temperature_df.max()*1.1)}

humidity = {'name': "humidity', 'domain': (humidity_df.min()*.9,

o humidity_df.max()*1.1)}

power = {'name': 'power', 'domain': (power_df.min()*.9, power_df.max()*1.1)}

temperature[ 'memfs'] = grid_gauss(3, domain=temperature['domain’'])
humidity[ 'memfs'] = grid_gauss(3, domain=humidity['domain'])

power[ ‘memfs'] = grid_gauss(5, domain=power['domain'])

plot_fuzzy(temperature)

fig = plt.gcf()
fig.savefig('notrain-temperature.jpg')
plt.show()

plot_fuzzy(humidity)

fig = plt.gcf()
fig.savefig('notrain-humidity.jpg")
plt.show()

plot_fuzzy(power)

fig = plt.gcf()
fig.savefig('notrain-power.jpg")

plt.show()

fis = FuzzySystem()

lv = variable_to_simpful(temperature)
fis.add_linguistic_variable(name=1lv._ concept, LV=1lv)
lv = variable_to_simpful(humidity)
fis.add_linguistic_variable(name=1lv._concept, LV=1lv)
lv = variable to_simpful(power)

fis.add_linguistic_variable(name=1lv._concept, LV=1v)
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rules_array = gen_grid_rules([temperature, humidity, power],
< datadf[['Temperature', 'Humidity', 'Zone 1 Power Consumption']].values)
rules_df = pd.DataFrame(

rules_array, columns=[”Temperature”, ”Humidity”, ”Power”]

rules_fuzzy = []
for idx, rule in rules_df.iterrows():
rules_fuzzy.append(
f”IF (temperature IS mf{rule['Temperature']}) AND (humidity IS
< mf{rule['Humidity']}) THEN (power IS mf{rule['Power']})”

fis.add_rules(rules_fuzzy)

pool_data = datadf[[”Temperature”, “Humidity”]].values

def process_func(row: np.ndarray):
fis.set_variable(”temperature”, row[0])
fis.set_variable(”humidity”, row[1])

return fis.inference()[”power”]

pool cpus = mp.cpu_count() - 1
with mp.Pool(processes=pool _cpus) as pool:

result = pool.map(process_func, pool data)

with shelve.open(’data”) as db:

db[”notrain-pred”]

np.array(result)

db[”notrain-true”]

datadf[[ 'Zone 1 Power
< Consumption']].values.squeeze()
db[”notrain-fis”] = fis

db[”notrain-datadf”] = datadf

with open(”notrain-rules.txt”, ”w”) as file:

file.write(str(fis.get _rules()))
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import shelve

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import mean_squared_error
from sklearn.preprocessing import MinMaxScaler

from fuzzyutils.plots import *

sns.set_theme()

with shelve.open('data') as db:
datadf = db[ 'notrain-datadf']
pred = db['notrain-pred']

true = db[ 'notrain-true']

# Scale output from Simpful

scaler = MinMaxScaler()
scaler.fit(true.reshape(-1,1))

true = scaler.transform(true.reshape(-1,1))

pred = scaler.transform(pred.reshape(-1,1))

plotPrediction(true,pred)
fig = plt.gcf()
fig.savefig('notrain-prediction.jpg")

plt.show()

errorDistribution(true-pred)
fig = plt.gcf()
fig.savefig('notrain-distribution.jpg")

plt.show()

with open(”notrain-mse.txt”, ”w”) as file:

file.write(str(mean_squared_error(true,pred)))

A.1.4 Grid Partitioning pe ANFIS

from sklearn.preprocessing import MinMaxScaler
import pandas as pd

import shelve



A.1. Tetuan Power Consumption

65

import torch
from copy import deepcopy
from fuzzyutils.membership import *

from fuzzyutils.plots import *

datadf

pd.read_csv('data.csv')

scaler = MinMaxScaler()

data = datadf[['Temperature', 'Humidity', 'Zone 1 Power Consumption']]
scaler.fit(data)

normData = scaler.transform(data)

X
Y

normDatal:, :2]

normDatal:,2:]

temperature = {'name': 'temperature'}
temperature[ 'memfs'] = grid_gauss(3)
humidity = {'name’': "humidity'}
humidity[ ‘'memfs'] = grid_gauss(3)
power = {'name': 'power'}

power[ '‘memfs'] = PolyMF(2, 9)

model

AnfisNet([temperature, humidity], power)

DTYPE = torch.float32
x = torch.tensor(X, dtype=DTYPE)
torch.tensor(Y, dtype=DTYPE)

int(len(x)*0.7)

y
n

all dataset = torch.utils.data.TensorDataset(x,y)

train_dataset = torch.utils.data.TensorDataset(x[:n],y[:n])

test_dataset = torch.utils.data.TensorDataset(x[n:],y[n:])

dataloader = torch.utils.data.DatalLoader(train_dataset, batch_size=2048,
< shuffle=False)

errors = [] # Keep a list of these for plotting afterwards
# optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
loss = torch.nn.MSELoss()

ttoptimizer = torch.optim.SGD(model.parameters(), 1lr=0.0005)
ftoptimizer = torch.optim.Rprop(model.parameters(), 1lr=0.001)
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#

epoch =

min_error

optimizer = torch.optim.Adam(model.parameters(), lr=0.001)

250

min_state = deepcopy(model.state_dict())

float('inf")

min_y_pred = None

for t in range(epoch):
# Process each mini-batch in turn:

with torch.autograd.set_detect_anomaly(True):

for x, y_actual in dataloader:
optimizer.zero_grad()
y_pred = model(x)
1 = loss(y_pred, y_actual) # get loss
1.backward() # backwards propagation based on loss function

optimizer.step() # Update parameters based on backward pass

with torch.no_grad():

X,y_actual = test_dataset[:]
y_pred = model(x)

mse = loss(y_pred, y_actual)
if mse < min_error:

min_y pred = y_pred.clone()

min_state = deepcopy(model.state_dict())
min_error = 1

errors.append(mse)

# Epoch ending, so now fit the coefficients based on all data:
#x, y_actual = data.dataset.tensors

#with torch.no_grad():

model.fit_coeff(x, y_actual)

# Get the error rate for the whole batch:

# Print some progress information as the net is trained:

if t/epoch*100 % 2 ==
print(f’epoch: {t/epoch*100:5.2f} %, MSE Loss is: {mse:.8f}”)

errorEpochs(errors)

fig = plt.gcf()
fig.savefig('train-epochs.jpg")
plt.show()
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model.load state dict(min_state)
with torch.no_grad():
X, y_actual = all dataset[:]
y_pred = model(x)

for var in model.in_variables_def:
plot_fuzzy(var)
fig = plt.gcf()
fig.savefig(f'train-{var[”name”]}.jpg")
plt.show()

plot_poly(model.out_variable_def)
fig = plt.gcf()
fig.savefig('train-occupancy.jpg')
plt.show()

with shelve.open('data') as db:
db[ "train_datadf'] = datadf
db[ "train_pred'] = y_pred.numpy()
db[ "train_true'] = y_actual.numpy()

import shelve

import matplotlib.pyplot as plt
import seaborn as sns

from fuzzyutils.plots import *

from sklearn.metrics import mean_squared_error

sns.set_theme()

with shelve.open('data') as db:

datadf = db['train_datadf']
pred

db[ "train_pred']

true

db[ "train_true']

plotPrediction(true,pred)
fig = plt.gcf()

fig.savefig('train-prediction.jpg")
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plt.show()

errorDistribution(true-pred)

fig = plt.gcf()
fig.savefig('train-distribution.jpg")
plt.show()

with open(”train-mse.txt”, ”w”) as file:

file.write(str(mean_squared_error(true,pred)))

A.2 Office Occupancy

A.2.1 Subtractive Clustering yopic ANFIS

Kodikog yuo T diepguvntikn avaivon.

import matplotlib.pyplot as plt
import pandas as pd
import seaborn as sns

from datetime import datetime

# Header

# ”date”,”Temperature”,”Humidity”,”Light”,”’C02”,”HumidityRatio”,”0ccupancy”
df = pd.read_csv('data.csv')

sns.displot(df, x='Temperature', hue='Occupancy')
plt.title(”Temperature Distribution™)
plt.tight_layout()

plt.savefig('figl.jpg")

sns.displot(df, x="Humidity', hue="Occupancy")
plt.title(”Humidity Distribution®)
plt.tight_layout()

plt.savefig('fig2.jpg")

sns.displot(df, x='Light', hue='Occupancy')
plt.title(”Light Distribution”)
plt.tight_layout()

plt.savefig('fig3.jpg"')
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sns.displot(df, x='C02', hue='Occupancy')
plt.title(”C02 Distribution™)

plt.tight layout()
plt.savefig('fig4.jpg")

sns.displot(df, x="HumidityRatio', hue='Occupancy")
plt.title(”HumidityRatio Distribution”)
plt.tight_layout()

plt.savefig('fig5.jpg")

df['date'] = df['date’'].apply(lambda t: datetime.strptime(t, '%Y-%m-%d
o WH:%EM:%S'))

df['date'] = df['date’'].apply(lambda t: t.hour*60+t.minute)
sns.displot(df, x='date', hue="Occupancy')

plt.title(”Hourly (clock time) Distribution™)

plt.tight layout()

plt.savefig('fig6.jpg")

H dnpovpyia tawv clusters pe v teyvikn Subtractive Clustering:

from fuzzyutils.clust import subclust_wrapper

import pandas as pd

datadf = pd.read_csv('data.csv')
subclust_wrapper(datadf, ['Temperature', 'Light'], ['Occupancy'],

< savefig="subclust-”, radiusA=0.4)

import shelve
from fuzzyutils.membership import *

import torch

with shelve.open('data') as db:

C = db['Cnorm"]
S = db['Snorm']
X = db['Xnorm']

datadf = db['datadf']
col = db['col’']
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temperature = {'name': 'temperature'}
light = {'name': "light'}

occupancy = {'name': 'occupancy'}

temperature[ 'memfs'] = clusters_gauss(C[:,0], S[0,0])
light[ 'memfs'] = clusters_gauss(C[:, 1], S[0,0])
occupancy[ ‘'memfs'] = PolyMF(9, len(C))

occupancy[ 'memfs'].set_bias(C[:,-1])

plot_fuzzy(temperature)

fig = plt.gcf()
fig.savefig('notrain-temperature.jpg')
plt.show()

plot_fuzzy(light)

fig = plt.gcf()
fig.savefig('notrain-light.jpg")
plt.show()

plot_poly(occupancy)

fig = plt.gcf()
fig.savefig('notrain-occupancy.jpg"')
plt.show()

model = AnfisNet([temperature, light], occupancy, rules='clustering')

DTYPE = torch.float32

X

torch.tensor(X[:,:-1], dtype=DTYPE)
torch.tensor(X[:,-1:], dtype=DTYPE)

y

with torch.no_grad():
y_pred = model(x)

with shelve.open('data') as db:
db[ 'notrain-datadf'] = datadf

db[ "notrain-true']

y.numpy ()
y_pred.numpy()

db[ "notrain-pred’']

import shelve
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import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import mean_squared_error

from sklearn.metrics import fl_score, precision_score, recall_score

from fuzzyutils.plots import *

sns.set_theme()

with shelve.open('data') as db:
datadf = db[ 'notrain-datadf’]
pred = db['notrain-pred']

true = db['notrain-true']

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('notrain-predictionl.jpg’)
plt.show()

pred[pred < 0.5] = 0@
pred[pred >= 0.5] =1

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('notrain-prediction2.jpg')
plt.show()

with open(”notrain-mse.txt”, ”w”) as file:
file.write(f”mse, {str(mean_squared_error(true,pred))}\n”)
file.write(f”f1_score, {str(fl_score(true,pred))}\n”)
file.write(f’precision_score, {str(precision_score(true,pred))}\n”)

file.write(f”recall_score, {str(recall_score(true,pred))}\n”)

A.2.2 Subtractive Clustering pe ANFIS

from sklearn.preprocessing import MinMaxScaler
import pandas as pd
import shelve

import torch

from copy import deepcopy
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from fuzzyutils.membership import *

from fuzzyutils.plots import *

with shelve.open('data') as db:

C = db['Cnorm"]
S = db['Snorm']
X = db['Xnorm']

datadf = db['datadf']
col = db['col’']

temperature = {'name’': 'temperature'}
light = {'name': "light'}

occupancy = {'name’': 'occupancy'}

temperature[ 'memfs'] = clusters_gauss(C[:,0], S[0,0])
light[ 'memfs'] = clusters_gauss(C[:, 1], S[0,0])
occupancy[ ‘'memfs'] = PolyMF(2, len(C))

occupancy[ 'memfs'].set_bias(C[:,-1])

model

AnfisNet([temperature, light], occupancy, rules='clustering')

DTYPE torch.float32

x = torch.tensor(X[:,:-1], dtype=DTYPE)
torch.tensor(X[:,-1:], dtype=DTYPE)
int(len(x)*0.7)

y
n

all dataset = torch.utils.data.TensorDataset(x,y)

train_dataset = torch.utils.data.TensorDataset(x[:n],y[:n])

test_dataset = torch.utils.data.TensorDataset(x[n:],y[n:])

dataloader = torch.utils.data.DatalLoader(train_dataset, batch_size=2048,

< shuffle=False)

errors = [] # Keep a list of these for plotting afterwards
# optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
loss = torch.nn.MSELoss()

ttoptimizer = torch.optim.SGD(model.parameters(), 1lr=0.0005)
#toptimizer = torch.optim.Rprop(model.parameters(), 1lr=0.0005)

optimizer = torch.optim.Adam(model.parameters(), 1lr=0.001)

epoch = 250
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min_state = deepcopy(model.state_dict())
min_error = float('inf')
min_y_pred = None
for t in range(epoch):
# Process each mini-batch in turn:
with torch.autograd.set_detect_anomaly(True):
for x, y_actual in dataloader:
optimizer.zero_grad()
y_pred = model(x)
#tmodel.fit_coeffs(x, y_pred)
1 = loss(y_pred, y actual) # get loss
1.backward() # backwards propagation based on loss function

optimizer.step() # Update parameters based on backward pass

with torch.no_grad():
X,y_actual = test_dataset[:]
y_pred = model(x)
mse = loss(y_pred, y actual)
if mse < min_error:

min_y pred = y_pred.clone()

min_state = deepcopy(model.state_dict())
min_error =1
errors.append(mse)
# Epoch ending, so now fit the coefficients based on all data:
#x, y_actual = data.dataset.tensors
#with torch.no_grad():
# model.fit coeff(x, y_actual)
# Get the error rate for the whole batch:
# Print some progress information as the net is trained:
if t/epoch*100 % 2 ==
print(f”epoch: {t/epoch*100:5.2f} %, MSE Loss is: {mse:.8f}”)

errorEpochs(errors)

fig = plt.gcf()
fig.savefig('train-epochs.jpg")
plt.show()
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model.load_state_dict(min_state)
with torch.no_grad():
X, y_actual = all _dataset[:]
y_pred = model(x)

for var in model.in_variables_def:
plot_fuzzy(var)
fig = plt.gcf()
fig.savefig(f'train-{var[”name”]}.jpg")
plt.show()

plot_poly(model.out_variable def)
fig = plt.gcf()
fig.savefig('train-occupancy.jpg')
plt.show()

with shelve.open('data') as db:
db[ "train-datadf'] = datadf
db[ "train-pred'] = y_pred.numpy()
db[ "train-true'] = y_actual.numpy()

import shelve

import matplotlib.pyplot as plt

import seaborn as sns

from fuzzyutils.plots import *

from sklearn.metrics import mean_squared_error

from sklearn.metrics import fl_score, precision_score, recall_score

sns.set_theme()

with shelve.open('data') as db:

datadf = db[ 'train-datadf']
pred = db['train-pred']

true = db['train-true']

plotPredictionPoints(true,pred)

fig = plt.gcf()
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fig.savefig('train-predictionl.jpg")
plt.show()

pred[pred < 0.5] = ©
pred[pred >= 0.5] =1

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('train-prediction2.jpg")
plt.show()

with open(”train-mse.txt”, *w”) as file:
file.write(f”mse, {str(mean_squared_error(true,pred))}\n”)
file.write(f”f1_score, {str(fl_score(true,pred))}\n”)
file.write(f”precision_score, {str(precision_score(true,pred))}\n”)

file.write(f”recall_score, {str(recall_score(true,pred))}\n”)

A.2.3 Grid Partitioning yopic ANFIS

# This file is licensed under GPLv3
import pandas as pd

import numpy as np

from simpful import FuzzySystem
import multiprocessing as mp

import shelve

from fuzzyutils.membership import *
from fuzzyutils.plots import *

from fuzzyutils.simpful import *

datadf = pd.read_csv(”data.csv”)
temperature_df = datadf[”Temperature”]
light_df = datadf[”Light”]
occupancy_df = datadf[”Occupancy”]

temperature = {'name': 'temperature', 'domain': (temperature_df.min()*.9,

o temperature_df.max()*1.1)}

light = {'name': 'light', 'domain': (light_df.min()*.9, light_df.max()*1.1)}
occupancy = {'name': ‘'occupancy', 'domain': (occupancy_df.min()*.9,

< occupancy_df.max()*1.1)}
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temperature[ 'memfs'] = grid_gauss(3, domain=temperature['domain'])
light[ 'memfs'] = grid_gauss(3, domain=1light['domain'])

occupancy[ ‘'memfs'] = grid_gauss(3, domain=occupancy[ 'domain’'])

plot_fuzzy(temperature)

fig = plt.gcf()
fig.savefig('notrain-temperature.jpg')
plt.show()

plot_fuzzy(light)

fig = plt.gcf()
fig.savefig('notrain-light.jpg")
plt.show()

plot_fuzzy(occupancy)

fig = plt.gcf()
fig.savefig('notrain-occupancy.jpg')

plt.show()

fis = FuzzySystem()

lv = variable_to_simpful(temperature)
fis.add_linguistic_variable(name=1lv._concept, LV=1lv)
lv = variable to_simpful(light)
fis.add_linguistic_variable(name=1lv._concept, LV=1v)
lv = variable_to_simpful(occupancy)

fis.add_linguistic_variable(name=1v._concept, LV=1v)

rules_array = gen_grid_rules([temperature, light, occupancy],
< datadf[['Temperature','Light"', 'Occupancy']].values)
rules_df = pd.DataFrame(

rules_array, columns=[”Temperature”, ”Light”, ”Occupancy”]

rules_fuzzy = []
for idx, rule in rules_df.iterrows():
rules_fuzzy.append(
f”IF (temperature IS mf{rule[ ' Temperature']}) AND (light IS
o mf{rule['Light']}) THEN (occupancy IS mf{rule['Occupancy']})”
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fis.add_rules(rules_fuzzy)

pool_data = datadf[[”Temperature”, ”Light”]].values

def process_func(row: np.ndarray):
fis.set_variable(”temperature”, row[@])
fis.set_variable(”light”, row[1])

return fis.inference()[”occupancy”]

pool cpus = mp.cpu_count() - 1
with mp.Pool(processes=pool_cpus) as pool:

result = pool.map(process_func, pool_data)

with shelve.open(”data”) as db:

db[”notrain-pred”] = np.array(result)

db[”notrain-true”] = datadf[['Occupancy']].values.squeeze()
db[”notrain-fis”] = fis

db[”notrain-datadf”] = datadf

with open(”notrain-rules.txt”, ”w”) as file:

file.write(str(fis.get_rules()))

import shelve

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import mean_squared_error

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import f1_score, precision_score, recall_score

from fuzzyutils.plots import *

sns.set_theme()

with shelve.open('data') as db:
datadf = db[ 'notrain-datadf']
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pred = db['notrain-pred']

true

db[ "'notrain-true']

# Scale output from Simpful

scaler = MinMaxScaler()
scaler.fit(true.reshape(-1,1))

true = scaler.transform(true.reshape(-1,1))

pred = scaler.transform(pred.reshape(-1,1))

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('notrain-predictionl.jpg")
plt.show()

pred[pred < 0.5] = @
pred[pred >= 0.5] =1

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('notrain-prediction2.jpg")
plt.show()

with open(”notrain-mse.txt”, ”w”) as file:

file.write(f”’mse, {str(mean_squared_error(true,pred))}\n”)
file.write(f”’f1l_score, {str(fl_score(true,pred))}\n”)
file.write(f”precision_score, {str(precision_score(true,pred))}\n”)

file.write(f”’recall _score, {str(recall_score(true,pred))}\n”)

A.2.4 Grid Partitioning pe ANFIS

import pandas as pd

import shelve

import torch

from copy import deepcopy

from fuzzyutils.membership import *

from fuzzyutils.plots import *

datadf = pd.read_csv('data.csv')

from sklearn.preprocessing import MinMaxScaler
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scaler = MinMaxScaler()
data = datadf[['Temperature','Light"', "Occupancy']]
scaler.fit(data)

normData = scaler.transform(data)

X = normDatal[:,:2]
Y = normData[:,2:]
temperature = {'name': 'temperature'}

temperature[ 'memfs'] = grid_gauss(3)
light = {'name': "light'}

light[ 'memfs'] = grid_gauss(3)
occupancy = {'name’': 'occupancy'}

occupancy[ ‘'memfs'] = PolyMF(2, 9)

plot_fuzzy(temperature)

plt.show()

plot_fuzzy(light)

plt.show()

plot_poly(occupancy)

fig = plt.gcf()
fig.savefig('train-occupancy-init.jpg')

plt.show()

model

AnfisNet([temperature, light], occupancy)

DTYPE = torch.float32

X

torch.tensor(X, dtype=DTYPE)
torch.tensor(Y, dtype=DTYPE)
int(len(x)*0.7)

y

all_dataset = torch.utils.data.TensorDataset(x,y)

train_dataset = torch.utils.data.TensorDataset(x[:n],y[:n])

test_dataset = torch.utils.data.TensorDataset(x[n:],y[n:])

dataloader = torch.utils.data.DatalLoader(train_dataset, batch_size=2048,
< shuffle=False)

errors = [] # Keep a list of these for plotting afterwards

# optimizer = torch.optim.Adam(model.parameters(), lr=le-4)
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loss = torch.nn.MSELoss()

ttoptimizer = torch.optim.SGD(model.parameters(), 1lr=0.0005)
#optimizer = torch.optim.Rprop(model.parameters(), 1lr=0.001)
optimizer = torch.optim.Adam(model.parameters(), lr=0.001)
epoch = 250

min_state = deepcopy(model.state_dict())

float('inf")

min_error

min_y pred = None

for t in range(epoch):
# Process each mini-batch in turn:
with torch.autograd.set_detect_anomaly(True):
for x, y_actual in dataloader:

optimizer.zero_grad()
y_pred = model(x)
#tmodel.fit_coeffs(x, y_pred)
1 = loss(y_pred, y_actual) # get loss
1.backward() # backwards propagation based on loss function

optimizer.step() # Update parameters based on backward pass

with torch.no_grad():
X,y _actual = test _dataset[:]
y_pred = model(x)
mse = loss(y_pred, y_actual)
if mse < min_error:

min_y pred = y_pred.clone()

min_state = deepcopy(model.state_dict())
min_error =1
errors.append(mse)
# Epoch ending, so now fit the coefficients based on all data:
#x, y_actual = data.dataset.tensors
#with torch.no_grad():
# model.fit_coeff(x, y_actual)
# Get the error rate for the whole batch:
# Print some progress information as the net is trained:
if t/epoch*100 % 2 == 0:
print(f”epoch: {t/epoch*100:5.2f} %, MSE Loss is: {mse:.8f}”)
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errorkpochs(errors)

fig = plt.gcf()
fig.savefig('train-epochs.jpg')
plt.show()

model.load_state_dict(min_state)
with torch.no_grad():
X, y_actual = all_dataset[:]
y_pred = model(x)

for var in model.in_variables_def:
plot_fuzzy(var)
fig = plt.gcf()
fig.savefig(f'train-{var[”name”]}.jpg")
plt.show()

plot_poly(model.out_variable_ def)
fig = plt.gcf()
fig.savefig('train-occupancy.jpg')
plt.show()

with shelve.open('data') as db:
db[ "train_datadf'] = datadf
db[ "train_pred"']

y_pred.numpy()
db[ "train_true'] = y_actual.numpy()

import shelve

import matplotlib.pyplot as plt

import numpy as np

import seaborn as sns

from fuzzyutils.plots import *

from sklearn.metrics import mean_squared_error
from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import fl_score, precision_score, recall_score

sns.set_theme()

with shelve.open('data') as db:
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datadf = db['train_datadf']
db[ "train_pred']
db[ "train_true']

pred

true

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('train-predictionl.jpg")
plt.show()

pred[pred < 0.5] = @
pred[pred >= 0.5] =1

plotPredictionPoints(true,pred)

fig = plt.gcf()
fig.savefig('train-prediction2.jpg")
plt.show()

with open(”train-mse.txt”, ”w”) as file:

file.write(f”’mse, {str(mean_squared_error(true,pred))}\n”)
file.write(f”f1_score, {str(fl_score(true,pred))}\n”)
file.write(f’precision_score, {str(precision_score(true,pred))}\n”)

file.write(f”’recall _score, {str(recall_score(true,pred))}\n”)




Hopaptnuo B

KAdoelg Ko XovapTtioelg

Ta Tapaxdto apyeio mpénel va Ppiokoviot o€ Evav edkelo mov Aéyetal «fuzzyutils» Kol ce
avtd 10 Pakelo Oa mpénel va vITapyeL eniong éva apyeio «_ init  .py» pe ta akdAovba mepleyo-

pevaL:

import os, sys; sys.path.append(os.path.dirname(os.path.realpath(__file )))

B.1 Xvuvaptioeig Zoppetoyc, ANFIS ko Subtractive Clustering

To apyelo «membership.py» mepiéyel oV KOSKA Y100 TIG AEKTIKEG LETOPANTEC, GLVAPTICELS

ovppeToyns kot o ANFIS.

import itertools

import numpy as np

import torch

import matplotlib.pyplot as plt
import pandas as pd

import seaborn as sns

sns.set_theme()

DTYPE = torch.float32

class GaussMF(torch.nn.Module):

def _init_ (self, mu, sigma, dtype=torch.float32):
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def

def

def

def

super(GaussMF, self). init_ ()
self.mu = torch.nn.Parameter(torch.tensor(mu, dtype=dtype))

self.sigma = torch.nn.Parameter(torch.tensor(sigma, dtype=dtype))

forward(self, x: torch.Tensor) -> torch.Tensor:
x.shape: (batch_size, 1) or (batch_size)
y.shape: (batch_size, 1) or (batch_size)
if not isinstance(x, torch.Tensor):
x = torch.tensor(x, dtype=torch.float32)
val = torch.exp(-(((x - self.mu) / self.sigma) ** 2))

return val

class PolyMF(torch.nn.Module):

__init_ (self, n_input, n_rules, domain=(-1, 2)):

super(PolyMF, self).__init_ ()

range_ = abs(domain[@] - domain[1])

mf = torch.rand([n_rules, n_input + 1], dtype=DTYPE) * range_ -
< abs(domain[@])

self.mf = torch.nn.Parameter(mf)

forward(self, x: torch.Tensor) -> torch.Tensor:
x.shape: (batch_size, 1) or (batch_size)
y.shape: (batch_size, 1) or (batch_size)
if self.mf.shape[-1] == 1:

return self.mf.repeat((x.shape[0], 1, 1)).squeeze()
x_padded = torch.nn.functional.pad(x, (@, 1), value=1)
return x_padded @ self.mf.T

set_bias(self, bias):
if not isinstance(bias, torch.Tensor):
bias = torch.tensor(bias, dtype=DTYPE)

with torch.no_grad():

self.mf[:, -1] = bias
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def

def

def

def

grid_gauss(n, domain=(0, 1)):
mean = (domain[1] - domain[@]) / (n - 1)
sigma = mean / 3
res = torch.nn.ModulelList()
for i in range(n):
res.append(GaussMF(domain[@] + mean * i, sigma))

return res

clusters_gauss(centers, sigma):

res = torch.nn.ModuleList()

for i, ¢ in enumerate(centers):
res.append(GaussMF(c, sigma))

return res

poly(n_input, n_rules, domain=(-1, 2)):

range_ = abs(domain[@] - domain[1])

return torch.rand([n_rules, n_input + 1], dtype=torch.float32) * range_
< - abs(

domain[0@]

plot_fuzzy(variable_def):
if *”domain” not in variable_def.keys():
variable_def[”domain”] = (@, 1)
x = torch.linspace(
variable_def[”domain”][@], variable_def[”domain”][1], 10001,
- dtype=DTYPE
)
with torch.no_grad():
for mf in variable_def[”memfs”]:
plt.plot(x, mf(x))
plt.title(f”State of Variable {variable_def[ 'name']}”)

plt.xlabel(”Universe of Discourse”)
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def

def

plt.ylabel(”Membership Grade”)
legend = [f’mf{i}” for i in range(len(variable_def[”memfs”]))]
plt.legend(legend)

plot_poly(variable_def):

mf = variable_def[”memfs”].mf
n_input = mf.shape[1] - 1
n_rules = mf.shape[@]

fig, ax = plt.subplots()
ax.axis(”off”)

ax.axis(”tight”)

columns = [f”a{j}” for j in range(n_input)]
columns.append(”b”)

rows = [f”rule{j}” for j in range(n_rules)]

with torch.no_grad():

df = pd.DataFrame(mf, columns=columns, index=rows)

table = ax.table(
cellText=df.values,
colLabels=df.columns,
rowLabels=rows,
loc="center”,

)
ax.set_title(f”State of Variable {variable_def['name']}”)

fig.tight_layout()

plot_poly2(variable_def):

mf = variable_def[”memfs”].mf

n_input = mf.shape[1l] - 1

n_rules = mf.shape[9]

fig, ax = plt.subplots(figsize=(1,1))
ax.axis(”off”)

ax.axis(”tight”)
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def

step = 0.8/n_rules

height=0.8

for i in range(n_rules):
text = f¢y_{i} = {mf[i,-1]1} ”
for j in range(n_input):

text += 7+ {mf[i,j]rx_{3}”

text += 7$”
fig.text(.1,height,text)
height-=step

fig.tight_layout()

ax.set_title(f”State of Variable {variable_def[ 'name']}”)

gen_grid_rules(variables, data, n_output=1):

n_input = len(variables) - n_output

max_values = []
max_idxs = []
for i, variable in enumerate(variables):

mfs_values [mf(data[:, i]) for mf in variable[”memfs”]]

mfs_values = torch.vstack(mfs_values)
max_v, max_i = mfs_values.max(axis=0)
max_values.append(max_v)

max_idxs.append(max_1i)

max_values = torch.vstack(max_values).T

max_idxs = torch.vstack(max_idxs).T

uniq = torch.unique(max_idxs, dim=0, return_counts=True)
uniqgq_idxs = uniq[@]

unig_count = uniq[1]

uniq_premise = torch.unique(uniq_idxs[:, :n_input], dim=0)

rules = []

for premise in uniqg_premise:
idx = torch.where(torch.all(uniq_idxs[:, :n_input] == premise,
< dim=1))

chosen_idx = unig_count[idx].argmax()
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rules.append(uniq_idxs[idx[@][chosen_idx]])
return np.vstack(rules)
def fz_forward(self, x):

P33

x.shape: (batch_size, 1)
y.shape: (batch_size, n_mfs)
mfs = [mf(x).unsqueeze(l) for mf in self.mfs.values()]

return torch.hstack(mfs)

class AnfisNet(torch.nn.Module):

def __init_ (
self,
in_variables,
out_variable,

rules="grid”,

super(AnfisNet, self)._ init_ ()

self.in_variables_def = in_variables

self.in_variables = torch.nn.ModulelList()

for i, variable in enumerate(self.in_variables_def):
self.in_variables.append(variable[”’memfs”])

self.out_variable_def = out_variable

self.out_variable = out_variable[”memfs”]

self.n_input = len(self.in_variables_def)

# Create indexes
mfs_size = [len(mfs) for mfs in self.in_variables]
self.mfs_size = mfs_size

self.max_size = max(mfs_size)

if rules == grid”:
idxs = list(itertools.product(*[range(n) for n in mfs_size]))
elif rules == ”clustering”:

idxs = [(i, i) for i in range(max(mfs_size))]
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def

else:
idxs = []

idxs = torch.tensor(idxs)

self.idxs_ = idxs.clone()

self.n_rules = idxs.shape[0]

for i in range(1l, idxs.shape[-1]):
n_max = idxs[:, 1 - 1].max() + 1
idxs[:, i] += n_max

self.idxs = idxs.flatten()

self.original_state = self.state_dict()

forward(self, x):
Xx.shape: (batch_size, n_input)
y.shape: (batch_size, n_output)
Note: Variables are saved for debugging
# Fuzzify
x_fuz = []
for i, variable in enumerate(self.in_variables):
res_var = torch.hstack([mf(x[:, i]).unsqueeze(1l) for mf in
- variable])
if res_var.shape[1l] < self.max_size:
n = self.max_size - res_var.shape[0]
res_var = torch.nn.functional.pad(res_var, (0, n), value=1)
x_fuz.append(res_var)

x_fuz = torch.hstack(x_fuz)

# Get Product
x_prod = x_fuz[:, self.idxs]

x_prod = x_prod.view(x.shape[@], self.n_rules, x.shape[1l])

x_prod = x_prod.prod(2)

# Normalize Weights

x_weights = torch.nn.functional.normalize(x_prod, p=1, dim=1)

# Get Output
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def

def

def

tsk = self.out_variable(x)

return (x_weights * tsk).sum(1).unsqueeze(1)

predict(self, x):
with torch.no_grad():

return self(x)

plot(self):

for var in self.in_variables_def:
plot_fuzzy(var)

plot_poly(self.out_variable_def)

input_variables(self):

return self.in_variables

To apyeio «simpful.py» mepiéyel kmdika ya v aAinieniopaocn pe to makéto simpful. O

K®OOIKOG G€ aVTO TO apyeio TpooTateveTal amd TV adeta ypnong GPLv3.

for

# This file is licensed under GPLv3

def variable_to_simpful(variable_def):

from simpful import LinguisticVariable, GaussianFuzzySet

fuzzy sets = []

i, mf in enumerate(variable_def['memfs']):

fuzzy_sets.append(GaussianFuzzySet(mf.mu.item(), mf.sigma.item(),

o Fmf{i}”))

return LinguisticVariable(

fuzzy_sets, concept=variable_def['name’'],

< universe_of_discourse=variable_def[ 'domain']

To apyeio «clust.py» mepi€yel Tov KOdIKA yio Tov adyopidpo Subtractive Clustering.

from math import sgrt

from scipy.spatial.distance import cdist

from .plots import plotClusters

import logging
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import numpy as np

import pandas as pd

def subclust_wrapper(
datadf: pd.DataFrame, input_columns, output_columns, savefig=None,

< **subclust_args

P33 33)

Convenience function that automatically shows plots and saves data.

For more fine grained control, use subclust function.

23339

from sklearn.preprocessing import MinMaxScaler

import shelve

col = input_columns + output_columns
X = datadf[col]

scaler = MinMaxScaler()
scaler.fit(X.values)

Xnorm = scaler.transform(X.values)

Cnorm, Snorm = subclust(Xnorm, **subclust_args)

C
S
#print(f”{len(C)=}")
#print (£7{C=}")
#print(£{S=}")
#print (£”{Snorm=}"")

scaler.inverse_transform(Cnorm)

scaler.inverse_transform(Snorm)

plotClusters(datadf, C, S, input_columns, output_columns,

< savefig=savefig)

with shelve.open(”data”) as db:
db[”Cnorm”] = Cnorm
db[”’Snorm”]
db[”C”] = C

Snorm
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def

db[”S”] = S
db[”Xnorm”] = Xnorm
db[”scaler”] = scaler
db[”col”] = col
db[”datadf”] = datadf

return C, S, Cnorm, Snorm, scaler

subclust(

data: np.ndarray,
radiusA=0.5,
radiusB=None,
pmin=None,

k=2 * sqrt(2),
eCeil=0.5,
eFloor=0.15,

log=None,

points = np.array(data, ndmin=2)
if pmin:

k =1 / sqrt(1 - pmin)
radiusB = radiusB or 1.25 * radiusA
A= -1/ (2 * (radiusA / k) ** 2)
B=-1/ (2 * (radiusB / k) ** 2)
centers = []
centersPotential = []

logging.basicConfig(level=1log)

# Step 1; Normalize data to a hypercube

# points = normalize(data, norm='max', axis=0)

# Step 2; first calculation of points' Potential (as a cluster center)
# pdist uses very much memory

# splitting the array does not help either

logging.info(”Step 2 Init”)

potential = [np.exp(A * cdist([p], points) ** 2).sum() for p in points]
logging.info(”Step 2 Completed”)
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logging.info(f”{potential[:100]=}")

# Step 3; select the highest potential as center
logging.info(”Step 3 Init”)

maxi = np.argmax(potential)

maxPotential = potential[maxi]
centers.append(points[maxi])
centersPotential.append(maxPotential)
logging.info(f”{centers=}")
logging.info(f”{centersPotential=}")
logging.info(”Step 3 Completed”)

acceptanceThreshold = eCeil * centersPotential[@]
rejectionThreshold = eFloor * centersPotential[9]
logging.info(f”{acceptanceThreshold=}")
logging.info(f”{rejectionThreshold=}")

logging.info(”Step 4 & 5 Init”)

while True:
potential = potential - centersPotential[-1] * np.exp(

B * cdist([centers[-1]], points)[0@] ** 2

)
maxi = np.argmax(potential)
maxPotential = potential[maxi]
logging.info(f”{maxi=}")
logging.info(f”{maxPotential=}")

if maxPotential > acceptanceThreshold:
centers.append(points[maxi])
centersPotential.append(maxPotential)
elif maxPotential < rejectionThreshold:
break
else:
d_min = np.min(cdist([points[maxi]], centers))
if d_min / radiusA + maxPotential / centersPotential[@] >= 1:
centers.append(points[maxi])
centersPotential.append(maxPotential)

else:
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potential[maxi] = @
maxi = np.argmax(potential)
maxPotential = potential[maxi]
centers.append(points[maxi])
centersPotential.append(maxPotential)
logging.info(f”{centers=}")
logging.info(f”{centersPotential=}")
logging.info(”Step 4 & 5 Completed”)
centers = np.array(centers)
return centers, np.tile(radiusA / k, centers.shape)
if __name__ == ”__main__”7:
# Testing
d = np.array(
[
[0.0, 0.0, 0.0],
[0.1, 0.1, 0.1],
[0.1, 0.1, 0.1],
[0.1, 0.1, 0.1],
[0.1, 0.1, 0.1],
[0.5, 0.5, 0.5],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
[0.9, 0.9, 0.9],
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C, S = subclust(d)
print(C)
print(S)

B.2

Plotting

To apyeio «plots.py» mepEyel GLVAPTNGELS Y10 TN SNULOVPYIO SLOYPOUUATOV.

def

def

sns.

import matplotlib.pyplot as plt
from matplotlib.patches import Ellipse

import seaborn as sns

set_theme()

plotPrediction(y_true, y_pred):

fig, ax = plt.subplots(figsize=(6,3))
n = range(len(y_pred))

plt.plot(n, y_true)

plt.plot(n, y pred, ”r”)
plt.xlabel(”Iterations™)
plt.ylabel(”Value”)
plt.legend([”truth”, ”prediction”])
plt.title(”Truth vs Prediction”)

plotPredictionPoints(y_true, y pred):
fig, ax = plt.subplots(figsize=(6,3))
n = range(len(y_pred))

plt.plot(n, y true, ”x”)

plt.plot(n, y pred, ’rx”)
plt.xlabel(”Iterations™)
plt.ylabel(”Value”)
plt.legend([”truth”, “prediction”])
plt.title(”Truth vs Prediction™)
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def

def

def

def

def

scatterPrediction(y_true, y_pred):
fig, ax = plt.subplots(figsize=(6,3))
plt.scatter(y_pred, y_true)
plt.xlabel(”Predicted Values”)
plt.ylabel(”True Values™)
plt.title(”Truth vs Prediction®)

pl = max(max(y_pred), max(y_true))

p2 = min(min(y_pred), min(y_true))

plt.plot([p1, p2], [pl, p2], ”r-")

errorDistribution(errors, values=None):

fig, ax = plt.subplots(figsize=(6,3))

sns.histplot(errors, stat="probability”) # density=True, rwidth=500)
plt.ylabel('Percentage’)

plt.title(”Error distribution®)

errorCummulative(errors, values=None):
fig, ax = plt.subplots(figsize=(6,3))
sns.ecdfplot(errors)

plt.title(”Error distribution”)

errorEpochs(errors):

fig, ax = plt.subplots(figsize=(6,3))
plt.title(”Error per epoch”)
plt.xlabel(”Epoch”)
plt.ylabel(”Error”)

plt.plot(range(len(errors)), errors)

plotClusters(datadf, C, S, input_columns, output_columns, savefig=None):
n_input = len(input_columns)
# Visualise clusters

for i, input_column in enumerate(input_columns):

for j, output_column in enumerate(output_columns):
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fig, ax = plt.subplots()
plt.scatter(datadf[input_column], datadf[output_column])
plt.grid()
ax.set_xlabel(input_column)
ax.set_ylabel(output_column)
ax.set_title(”Clusters from substractive clustering”)
j = n_input + j
plt.plot(C[:, i], C[:, j], ”rx”)
for k in range(len(C)):
ax.add_patch(
Ellipse(
(Clk, i], C[k, 31),
S[k, il,
S[k, 31,
edgecolor=(1, 0, 9),
fc="None”,

1w=2,

)
ax.add_patch(

Ellipse(
(Clk, i], C[k, 31),
2 * STk, i],
2 * sk, Jl1,
edgecolor=(1, 0.5, 0.5),
fc="None”,

1w=2,

)

if savefig is not None:

fig.savefig(savefig + input_column + ”.jpg”,
< bbox_inches="tight”)

plt.show()
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