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AHomayia. [Jo cy4acHux gpomoenekmpu4yHux cucmem cmas-
AAMbCA HOPCMKI 8uMOo2u Mi0 Yac MPOEKMYBAHHA MA MPO2HO-
3yBaHHA 8UPObAEHHA enekmpoeHepaii, wo pobume odocsi-
OxteHHA  pez2ioHanbHUX Ccmamucmu4yHUx enacmusocmedli
COHAYHO20 BUNPOMIHIOBAHHA 0edani eaxcausiwum. Y yil
cmammi npedcmasneHo cmamucmuyYHuUll aHania uw,00eHHuUx
pAdie COHAYHO20 onpomiHeHHsA 05 Kuesa 3a ocmaHHi 10 poKis, supaxeHux Yepes iHOeKc nposopocmi Kt ma
PO3KaAa0eHUX HO Ce30HHi ma cmoxacmuYHi KomnoHeHmu. [Toka3aHo, wjo po3nodin yacmomu Kt mae 6imo-
0asbHYy CmMpyKmypy 3 ACKPA8O 8UPAMEHUMU MiKAMU, WO 8i0no8idaroms CMaHAM «XMAPHO» MA «ACHE
Hebo». «Ci0n08a» 30HA MiXC YUMU MIKAMU 8KA3YE HA Me, W0 MPOMIXCHi CMaHuU 3MiHHOI XmapHocmi mpans-
tombcA pidwe ma 3a c8o€r0 cymmio meHW cmabinbHi. Lo 6imodanbHicms HeobxiOHO epaxosysamu nid 4yac
npoekmysaHHA ®E cucmem, OCKinbKU PO3pPaxyHKU, 30CHOBAHI BUK/OYHO HAG 00820CMPOKOBUX MICAYHUX ce-
PEOHIX 3HAYEHHSAX, MPU3800AMb 00 3HAYHUX CUCMEMAMUYHUX MOMUSIOK, W0 MOMeHYiliHO nepeouyiHioe 8upo-
b6imok eHepeii npomsazom mpuesanux nepiodie xmapHocmi. OCHOBHA y8aza NpudingeEMbCA CMOXACMUYHUM
3anuwkam X pady Kt, aki € axcausumu 044 npo2Ho3y8aHHA s8upobHUYMEa ma 8U3HAYEHHA PO3Mipie cucmem
AKYMYsIAMOPHO20 HAKOMUYEHHSA eHepaii. CmayioHapHicms 3aaUWK0B8020 Yacosoz2o pAady, AKuli 36epieae bi-
mooasnbHuli po3nodin, byna niomeepoxceHa 30 00MNomMo20t0 po3uwiupeHo2o mecmy Aiki B dynanepa (ADF).
AHani3 ¢pyHKYili aesmokopenayii (ACF) ma yacmkoeoi aemokopensuii (PACF) suseue KOpomKocmpokosi 3a-
nexHocmi, AKi ecpekmugHo spaxosyromsca mooenamu ARMA(p,q). OyiHka napamempis y ybomy cimelicmsi
mooeneli susHayuna moodesb ARMA(1,1) ak Halia0eksamHiwly no2saa0y moYyHocmi ma eKoHoMHo20 Habopy
napamempis, wo niomeepoxceHo iHpopmayiliHum kpumepiem AKalike (AIC). Pesynbomamu yux 4acmomHux
ma KopenauiliHux aHanizie € 8a#IUBUMU 018 Mecmy8aHHA d8MOHOMHUX i pe3epsHUX homoesnekmpuy Hux
cucmem WASXoM 2eHepauii pi3HOMAHIMHUX Mo200HUX CUeHapiis, 8KAOYHO 3 Halizipwumu ymosamu.

L2 HTYY «KWiBCbKMIA NOAITEXHIUYHWIA IHCTK-
TYT im. Iropsa CikopcbKoro» , m. Kuis,
YKpaiHa

Y |ncTuTyT BigHOBAKOBAHOI eHepreTnkn HAH
YKpaiHun, m. Kuis, YKpaiHa

Knrouoei cnosa: coHsvHa padiauisa, Kuis, iHOeKc npo3opocmi, cmoxacmu4Hi 3aaUWKuU, Yacosi padu, cmauyioHa-
pHicme, po3nodin yacmom, KDE-anpokcumauis, 6imodansbHicms, asmokopenayitiHi gpyHkuii ACF/PACF, modeni
ARMA, homoenekmpuyHi cucmemu, eHepeemu4yHa HaoiliHicme.

Ab6peBiaTypu

ACF( Autocorrelation Function) — aBToKopensuiiiHa
byHKujA

ADF (Augmented Dickey-Fuller (test)) — po3wmpeHuii Tect
Liki — dPynnepa

ADS (Atmosphere Data Store) — cxoBuLLe aTMmochepHUX
OaHUX

AIC (Akaike Information Criterion) — iHpopmaLiHWIA KpK-
Tepili AKalike

ARMA (Autoregressive Moving Average) — aBToperpeciiiHa
KOB3HA cepesHs

BESS (Battery Energy Storage System) — akymynsTopHa cu-
CTeMa HaKOMNUUYEHHA eHeprii

CAMS (Copernicus Atmosphere Monitoring Service ) —
cnyxb6a moHiTopuHry atmocdepu «Copernicus»

CDF (Cumulative Distribution Function) — kymynsaTneHa
byHKUia po3noginy

ERAS (European Centre for Medium-Range Weather
Forecasts Reanalysis) — cuctema peaHanisy Esponeiich-
KOro LLeHTPY cepeaHbOCTPOKOBUX MPOrHO3iB Norog,i

GHI (Global Horizontal Irradiation ) — rno6anbHe ropusoH-
Ta/ibHE ONPOMIHEHHA

KDE (Kernel Density Estimation) — agepHa oujiHKa Winb-
HOCTi

LCOE (Levelized Cost of Energy) — ycepeaHeHa BapTiCTb
eHeprii

PACF (Partial Autocorrelation Function) — yacTuHHa aBTo-
KopenauinHa PyHKLisa

PDF (Probability Density Function) — ¢yHKUis winbHOCTI
MMOBIpHOCTI

PV (Photovoltaic) — poToeneKkTpuuHuit

RMSE (Root Mean Square Error ) — cepegHboOKBagpaTUyHa
noxmbKa
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Bctyn. CTpimKuMiA pPO3BUTOK (HOTOENEKTPUYHUX CUCTEM
(PEC) Ta ix iHTerpauia 40 cy4yaCHMX eHeprocMcTem BUCYBa-
OTb }KOPCTKi BUMOTM 4,0 TOYHOCTi MPOEKTYBAHHA Ta NPOrHO-
3yBaHHA BUPODbIeHHA enekTpoeHeprii. Ha BigmiHy Big, Tpa-
OMLUINHOT reHepauii COHsAYHaA eHepria XapaKTepusyeTbcA
BMCOKOIO CTOXACTMYHICTIO, OOYMOB/IEHOIO CKNAAHO AU-
Hamikolo aTmocdepHUX npouecis. B ymoBax noyaTtky ae-
LEeHTPaNi30BaHOro €eHepronocTa4yaHHA Ta BMKOPUCTAHHA
aBTOHOMHUX (pe3epBHMX) PEC cTaHAAPTHUX METOAIB po-
3pPaxyHKy 33 cepegHbOMICAYHUMMN 3HAYEHHAMM CTAE HeJo-
CTaTHbO. TOMY BaXK/IMBi AOCNIAMEHHA CTaTUCTUYHWUX BAa-
CTMBOCTEN MeTeoposioriyHMx ¢aKkTopis (ocBiTneHocTi,
TeMMepaTypu HABKOAULIHBOIO CEPefoBMLLA, LWBUAKOCTI
BITPY) A7 MPOrHO3yBaHHA Ta OLHOK HaAilHoCTi poboTn
ycTaHoBOK Ha BAE [1-3]. BUBYEHHS CTAaTUCTUUYHUX BNACTU-
BOCTE COHAYHOTO OMPOMIHEHHA B KOHKPETHWUX perioHax
aKTyasibHe TaKOX Mifg, Yac NPOEKTYBaHHA Ta OLHOK edek-
TUBHOCTI Po60THU ribpngHux cuctem [4].

EdeKTnBHICTb i HagiliHiCTb eHeproob’ekTiB 6esnocepeaHbO
3a71€XXUTb Bif, PO3YMIHHA CTPYKTYPU 4YaCcOBUX PALIB iHCO-
nauii. CTaTUCTUYHUIA aHani3 [ae 3mory BuUAainutM ge-
TEPMIHOBaHI Ce30HHI TpeHau Ta rMboKo A0CNIAUTM NpU-
poAy CTOXaCTUYHUX 3a/IUWWKIB — BiAXWAEHb, CMPUYMHEHMUX
JNIOKaNbHUMKN  MeTeopoNoriYHUMK  pakTopamun. Came L
BiAXMNEHHA BW3HAYalOTb IMOBIPHiCTL AediunTy eHeprii,
BiANOBIAHICTb KPUTEPIAM HAAIMHOCTI eHepronocTayaHHA Ta
OVKTYIOTb BUMOTM [0 EMHOCTI aKyMyJ/I0OBaJIbHUX CUCTEM
eHepro3beperkeHHs (BESS).

OcobnmBuin iHTepec ABAAIOTb AaHi 3 iHconsuil gns ymos
M. Knesa. Knimat Lboro perioHy xapakTepuyeTbCa 3Ha4YHO
MIHAMBICTIO XMApHOro MOKPWBY, Hracamnepes, y nepexigHi
OCiHHbO-BECHAHI nepiogn. Bucoka amnniTyga CTOXacTUYHUX
KO/IMBAHb iHCONALIT B yMOBaX MOMIPHO KOHTUHEHTANbHOIO
KnimaTy notpebye 3acTOCyBaHHA iHCTPYMEHTIB MaTeMaTuy-
HOI CTaTUCTMKU, AK-OT YaCTOTHUIM Ta KOpenAuiiHMIA aHanism
(ACF/PACF), asToperpeciintHi mogeni ARMA (Autoregressive
and Moving Average Model) [5, 6].

Merta po60TH i noctaHoBKa 3agadi. MeToto Liei poboTtn €
po3pobKa i1 BepudikaLlisa cTaTUCTUUYHOT ModeNi, AKa onucye
BHYTPILIHIO CTPYKTYPY Ta 3aKOHOMIPHOCTiI MiIHAMBOCTI Yaco-
BUX PAAIB COHAYHOI iHCONALiT ANnA ymoB M. Knesa Ha OCHOBI
aKTyaNbHUX AaHMX 33 OCTAaHHE AecAaTupivya. Y npoueci ao-
CNigXKeHHA BMPILLYBaANCh TaKi 3a4avi:

— [EKOMMOo3ULA YacoBOro pAA4y: BUAINEHHA AOBroCTpo-
KOBOi C€30HHOI CKNAL0BOI Ta OTPMMAHHA pAady CToXac-
TUYHUX 3aNULWLKIB iIHCONAL,T;

— YacTOTHWI (iMOBipHiCHMIA) aHani3: focCNigKeHHA DYHK-
Uil winbHocTi MmosipHocTi (PDF) Ta iHTerpanbHux ¢oyH-
KUii po3noainy (CDF) ingekcy npo3opocTi Kt Ta Moro 3a-
JIMLWWKIB X;

— KopensuiiHa AiarHOCTMKa: 06YNCAEeHHA Ta aHaNi3 aBTOKO-
penauiiHux (ACF) Ta YaCcTMHHKUX aBTOKopenaujinHuX (PACF)
bYHKUiM ANA OLIHKM «nam’aTi» JOCNIAKYBAaHOMO NpoLuecy;

— ipeHTndiKauia Ta napameTpusauia mogeni: Bubip ontu-
manbHoi moaeni ARMA, po3paxyHoK ii KoedilieHTiB Ta
OLiHKA CTaTUCTUYHOI 3HAYYLLLOCTI NapameTpis;

— BepudikaLis mogeni: nepesipKa afAeKBaTHOCTI moaeni
LWNAXOM aHaNi3y 3a/IMWKOBOrO WYMy Ha BignoBiAHICTb
KpUTEpIAM CTaLiOHAapHOCTI Ta BiACYTHOCTI cepiliHOI 3a-
nexHocri (tectn ADF, ibtoHr — Bokc [6, 7]).

[ns 3abe3neyeHHA 4OCTOBIPHOCTI CTAaTUCTUYHUX BUCHOBKIB
Yy pob60Ti BUKOpMCTaHO macme faHux AoboBoi iHconAau,i 3a
OCTaHHI gecaTupiyHmii nepiog, 2026—2025 pp., y m. Kuesi.
baraTopiyHa peTpocneKkT1Ba Ja€ 3MOry BpaxyBaTu He nnwie
CE30HHI UMKAM, @ 1 BapiaTUBHICTb CUHOMNTUYHUX NPOLLECIB,
33 BUHATKOM BM/ANBY BMMNAZKOBUX EKCTPEMAIbHUX MOroA-
HUX aHOMAanNi OLHOrO KOHKPETHOro poky. JlocniaKeHHA
6araTopiuHMX paaiB akTya/IbHO B 3aJa4ax ONTMMI3aLLii Kom-
noHeHTHoro cKknagy ®EC, [0BrocTpokoBomy mMpOrHo-
3yBaHHI 1 OTPMMaHHi MOTOYHOI AiarHOCTUKKM 3 edeKTuB-
HOCTi LUWJIAXOM FeHepyBaHHA CMHTETUYHUX PAAIB iHconAu,ii

[8-10].

BuxigHMMKW JaHUMKU onsa OOCAIAXEHHA cnyryBanu Aobosi
pAAN cymapHOi coHAYHOI iHconsauii GHI (Global Horizontal
Insolation) 3 cepsicy Atmosphere Data Store (ADS) 6a3u ga-
Hux Copernicus Atmosphere Monitoring Service (CAMS)
[11]. Llelt cepBic Hagae pe3ynbTaTM MOAENOBAHHA AK ANA
ymoB AcHoro Heba (Cloud-free / Clear-sky), TaKk i ana dak-
TMYyHMX meTeoymoB (Actual weather). Y uit poborTi
MOPIBHAHHA 3a3HaYeHMX [OBOX CUEHapiiB Aano 3mory
BUAINUTN YNCTUIA BHECOK XMAPHOCTI B CTOXAaCTUYHY CTPYK-
TYpYy 4YacoBoro paay. BukopucrtaHHa cepsicy ADS, B OCHOBI
AKOro /IeXkuTb rnobanbHUit Habip gaHux peaHanisy ERAS5-
Land, 3abe3neuye BUCOKY 4acoBy i npocTopoBsy (9 Km) anc-
KpeTun3aLito, @ TAaKOX CTaTUCTUYHY O0CTOBIPHICTb.

Mpouecn 06pobKN Ta aHanisy pALiB BUKOHYBAAWCL Y Ll
po6oTi B cepemosuwi Python/Spyder icHytounmu iHCTpy-
MeHTammn 6ibniotek numpy, pandas, scipy, statsmodels,
sklearn, tslearn Ta iHwwux [12, 13].

CTpyKTypa pA060BUX pAAIB COHAYHOrO ONPOMiIHEHHSA
m. KueBa. 114 aHanisy cTaTUCTUYHMX 3aKOHOMIPHOCTEW Co-
HAYHOrO ONPOMIHEHHA 3eMHOI MOBEPXHi M1 NepexoaMmo
40 iHAeKcy npo3opocTi K: — 6e3p0o3mipHOro NoKasHMKa, Wo
JOpPIBHIOE  BigHOWEHHIO  rN06aNbHOrO  COHAYHOrO
onpomiHeHHA (GHI) Ha noBepxHi 3emni A0 no3a3emMHoOro
onpomiHeHHA Go:

K== (1)

ne G — rnobanbHa ropusoHTasbHa pagialisa Ha 3emHilt no-
BepxHi (GHI), Go —no3asemHa rop13oHTanbHa pagiauis. MNe-
pexia oo K: y noganbwiomy [acTb 3MOry nNepeTrBopuTH
BUXiOHI paan oo crauioHapHoi ¢opmu. HeobxigHoto ymo-
BOO MPU LLbOMY € YCYHEHHSA BN/INBY AeTepMiHOBaHOI acTpo-
HOMIUYHOI cKNagoBoi Go. Mpun po3paxyHKax K: (1) ¢inbtpy-
I0TbCA i3UYHO HEMOXK/IMBI 3HAYEHHA Mo3a AianasoHom
0.05 +0.085.

Mig yac aHani3zy noBeAiHKM COHAYHOI pagjiaLii cnig Bpaxo-
BYBaTMH, LLLO YAaCOBMI pag, He € OAHOPIAHMM, a ABNSE COBOKO
Cynepno3sunLLito pisHUX 3a NPUPOAOID NpoLecis, TOMy pag, K:
NPUMAHATO MOAINATM HA MOro CEe30HHY CKNajosy Ta 3a-
JNINLWKK:
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K; = Kt season T X (2)

Mepwa ckNafoBa Kiseason ABNAE COBOIO AeTepMiHOBaHY
KOMMOHEHTY, AKA BU3HAYAETLCA LLUKAIYHUMWN KONIMBAHHAMM
iHcoNnAUii, 3yMOBNEHMMU aACTPOHOMIYHMMU daKTopamm:
obepTaHHAM 3emni HaBKOMO CBOEI oci (£060BUI UMKA) i
HaBKosio CoHuA (piuHuni umkn). Apyra cknagosa X  cToxa-
CTUYHI 3a/TNLLIKN, AKI € PI3HULEI0 MiXK peasibHUMM BUMIpamm
Ta CE30HHMM TpeHZOM. 3a/ULKMN BUHUKAOTb Yyepes Au-
HaMiKy aTMOCchEepHUX NPOLLECIB: PYXM XMAPHOCTI, 3MiHU BO-
NI0rOCTi Ta 3anNMEHOCTi NOoBITPA.

AKWO aHanisyBatu pag, (2) winkom, NOTY»KHi CE30HHI Kon-
BaHHA MACKyBaTUMyTb JIOKa/IbHi LWBUAKI KOPOTKOYaCHI
3MiHW. BigaineHHA ce30HHOCTI gae 3mory choKycyBaTh Ma-
TEMATUYHWUI anapaT Ha aHani3i BUNaaKoBMX BiaxuneHso. Lie
BaXK/INBO ANA:

—  MiHimi3aLii BiaxMneHb MoAeNbHUX PALIB Bif, peanbHUX
3HauyeHb (Hanpuknag, 3a Kputepiem RMSE), ocKifbKu
MOZENb, KA HaBYEHA Ha 3a/MLLKAX, TOYHilWe Bigobpa-
YKa€ KOPOTKOCTPOKOBI 3MiHM Noroau;

— onTUMI3aL,ii obuMcneHb 3aBaAAKM GOKYCYBaHHIO Came Ha
aHanisi cToxacTMYHMX npouecis 6e3 BTpaTK pecypciBHa
CE30HHY CK1IagoBy.

3HaHHA YaCcoBOi 3a/1EXKHOCTI CE30HHOI CKNaAoBOiI Kiseason
[a€ 3MOry BM3Ha4YaTW TEOPETUYHUIA MAKCUMYM reHepauii
®EC gns KOHKpeTHOi reorpadiyHoi TOYKM B KOHKPETHUI
Yyac. BoHa npnbaAN3HO ONUCYETLCA MOLENNIO YUCTOrO Heba
(Clear Sky Models) i cama BoHa He Hece HEBM3HAYEHOCTI,

AKY NOTPIGHO 3HAXOAMUTU CTAaTUCTUYHUMM MeToZamu. He-
BM3HAYEHICTb MICTUTbCA Came B 3a/INLLIKax X, e NPMUXOBaHa
OCHOBHA BONATU/bHICTb, WO YCKJAAHIOE MPOrHO3yBaHHA.
3anuLWKN aKyMyNtooTb y cobi BNIMB METEeopPOo/IorivyHOI Typ-
6yneHTHOCTI, BUNAgKOBMUX 3MiH XMApPHOCTI Ta aepo30/ib-
HOro cknagy atmocoepun. MeToro BUAINEHHA 3a/ULLKIB €
[OCATHEHHA CTALIOHAPHOCTI 4acoBOro paay: nig 4Yac Ao-
CNigXKeHHA NepexoAMMO Big, HeCTaLiOHapHOro paay iHco-
NAUii 8O CTauioHapHOro paay 3anuwkis. CTauioHapHICTb €
000B’A3KOBOID YMOBOK [A/1A 3aCTOCYBaHHA Mogenen
ARMA, a TaKoX A/15 3abe3neyeHHs 36iXKHOCTI afiropuUTMmiB
MaLIUHHOro HaB4YaHHA [5, 6].

Paan pnoboBux 3HayeHb KoediuieHTa nposopocTi K: i 3a-
Anwkis X Ha iHTepeani 10 poKiB NokasaHi Ha rpadikax Ha
puc. 1 — 3Bepxy i 3HM3y, BignosigHo. Ha rpadik K: Hakna-
[JeHa Ce30HHa CKNafoBa, AKA MAE YiTKO BUParKEHWUN
nepiogMuyHnin xapaktep. lMNpuBegemo pesynbTaTt CTaTu-
CTUYHUX OLIHOK OTpuMmaHux pAagis. CepegHi 3HayeHHA
0.466 — ans K:, 0.00018 — ana X (mae 6yTn = 0). CtaHAapTHe
BiaxmneHHAa 3anuwkis — 0.1832. lepeBipka OTpUMaHOro
4YacoBOro pAAdy 3anauwWKiB X po3wunpeHum Tectom [iki —
dynnepa ADF [6, 7] noKasana Moro ctauioHapHicTe: p-value
<< 0.001 (mae 6yTn < 0.05). Tect /lbtoHra — Bokca LB [5, 6],
AKUIA NepesipAae, UM € aBTOKOpensLii Yacosoro paay (y Ha-
LIOMY BMNAAKY — 3a/IMLLKIB X), MOKa3aB ix HaABHICTb Ha Na-
rax go 20 gHie (p <0.05). Lle cBigunTb Npo AOLiNbHICTbL Ne-
pexoay B NoAanblIOMY A0 3aCTOCYBaHHA Ta iAeHTUdIKaLil
aBToperpeciiHoi mogeni 3 koB3HUM cepegHim ARMA(p,q).

IHaekc npo3opocTi Kt Ta Moro cesoHHa KOMMNOHeHTa
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Puc. 1. Yacosi padu nepiody 2016—2025 pp. 0aa m. Kuesa: 38epxy — 00608i 3Ha4eHHs iHOeKcy npo3opocmi K: 3 ce30H-
HOIO CK1ad0801t0 (Yep8OHA KpUBA); 3HU3Y —CMOXACMUYHI 3aauWKu X

YacTtoTHi Ta KyMmynatuBHi po3noginun iHpgekcy K: 1a 3a-
nAnuwKis. OCHOBOK A/1A PO3YMIHHA AWHAMIYHOT MOBEAIHKU
COHAYHOrO pecypcy, WO BMXOAMTb 3a MeXi nepenbauy-

BAHOi CE30HHOI LMKAIYHOCTI, € aHaNi3 LWibHOCTi MMOBIp-
HocTi (PDF) Ta pyHKuii po3noginy (CDF) iHaekcy npo3opocTi
Ta CTOXaCTUUYHUX 3aNMLIKIB. TeopeTuyHmMiA noTeHuian ¢poTo-
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€NEeKTPUYHOI CUCTEMU BM3HAYAETLCA LETEPMIHOBAHOWO
KOMMOHEHTO — iHCOMIALiEl0 NpU ACHOMY Hebi. Ane ans
BM3HAUYEHHA peasibHOi eKcnayaTauiliHol HagiHocTi PEC
NOTPIGHUI aHani3 CTaTUCTUYHUX BNACTUBOCTEN GaKTUUHOI
iHconAauii — po3kuay, acumeTpii Ta popmm posnoainy. 3 no-
rnagy NPOEKTyBaHHA Ta ontumisauii PEC gocnigrkeHHs
posnogainis K:, X Barknmee ANA pilLeHHA TaKMX 3aBAaHb po-
TOEHEepreTuKu:

— [lpo2HO3YyB8AHHA eKCcmpemManbHUX pexcumie. AHanis
«XBOCTiB» PO3M0AiNy A€ 3MOry OLiHUTU MMOBIPHICTb i
TpuBanicTb rMMBOKMX NPOBaNiB reHepaLii, CNpUINHEHMUX
QHOMA/IbHUMW MOTOAHUMW YMOBaMM, WO HeJOCTYNHO
NpPU BUKOPUCTAHHI cepeaHbOMICAYHUX AAHUX.

— PospaxyHoK Kpumepiig HadiliHocmi (LLP — Loss of Load
Probability) [9, 14]. TouHe 3HaHHA OYHKLUiT po3noginy
3a/IULWLKIB HeobXigHe aAna obuncaeHHA MMOBIPHOCTI ae-
biunTy eHeprii, TO6TO ANnA 06rpyHTYBaHHA BUBOPY NOTY-
YKHOCTI MaHenen Ta EMHOCTI HaKoNn4yyBayis.

— CmoxacmuyHa onmumizayia. Popma LWinbHOCTI MMOBI-
PHOCTi CNYrye OCHOBOK A/1A MOAENOBAaHHA peanicTuy-
HUX cLLeHapiiB pobOTM CUCTEMM B YyMOBAX HEBU3HAYEHO-
CTi, WO HeobXxiAHO A1A OLIHOK EKOHOMIYHOI OKYMHOCTI
(LCOE, CAPEX) [15, 16] y AOBroCcTPOKOBIlA NePCMeKTUBI.

Pe3ynbTaTi CTaTUCTUYHOTO aHanisy pagy 4060BUX 3HaYeHb
Kt nokasaHi Ha puc. 2 y opmi rictorpamm 4acToT Ta ii Hena-
pameTpUYHOI anpoKcumaLii mMeToaom AAEepPHOI OLHKK
winbHocTi KDE (Kernel Density Estimation) [17] i Kymynsa-
TMBHOI PyHKLUii po3noginy (CDF) 3 ii PCHIP-iHTepnonsuieto
(Piecewise Cubic Hermite Interpolating Polynomial). O6-
NlacTb BM3HAYEHHS anpoKCUMMyrYol YHKUiT  WinbHOCTI
MMOBIpHOCTI 6ya1a BCTAHOB/IEHA 3@ EMMIPUYHUMM MEKAMM
HaKonuyeHoro macuey paHux. Mpu ubomy o6pis3aroTbeA
TEOPETUYHO  HECKIHYEHHiI «XBOCTU»  anpPOKCUMYIOUMNX
byHKLiN, wob y noganbwomy 3abesneumTy JOCTOBIPHICTb
CUHTETUYHUX pAAaiB ANA TecTyBaHHA moaenen PEC.

DyHKUIA WinsHOCTI AMoBipHocTi f(Kt)

Ha rpadikax yactoTHoOro posnoginy iHgeKcy npo3opocTi
(puc. 2, a) baunmo b6imopganbHy CTPYKTYpY 3 ABOMa BMpa-
KEHUMW NIOKaNbHUMK  MiKamu. [Mepwuii 3 Hux (0.20)
BiANOBIAAE peXKMMYy «XMapHoro Heba» (overcast). Bucoka
WiNbHICTb IMOBIPHOCTI B L 30Hi XapaKkTepHa Ana Knimaty
Kuesa, 0cob6/11BO B OCiHHbO-3UMOBMIA Nepiod. Apyrnin NuK
(0.73) Bignosigae pexxunmy «scHoro Heba» (clear sky). 3oHa
«cigna» 3 BiAHOCHO HM3bKOIO LLIbHICTIO B LLEHTPI BKa3ye Ha
Te, WO NPOMIXKHI CTaHM (MiHAMBA XMAPHICTb) € MeHLW CTil-
KMUMK — aTMOChepa nparHe «3BafuUTUCA» B OAMH 3 ABOX
03HaYeHMX CTaHiB.

lpadik HakonuueHoi MmosipHocTi CDF (puc. 2, 6) niateep-
OXKYE HEOAHOPIAHICTb CTaTUCTUYHOI CTPYKTYPU Ki: MmegiaHa
(0.446) nepebyBae aKpas y 30Hi «cigna» PDF. Lei Baxnun-
BMIN GAKT 03HAYaE, WO CepeAHE 3HAYEHHA iHAEKCY NPO30-
pocti pna  KueBa onWcye CTaH, fAKWUA  HacnpasAi
3yCTPIYaETbCA Halpigwe. MoXHa BBaXKaTh Le apryMeHTOM
NPOTU BWMKOPUCTAaHHA HaAMNPOCTIlLMX cepefHiX moaenen
CoHAYHOI pagiauii m. Knesa B 3agavax GoToeHepreTnku.

Ha rpadikax (ams. puc 2, a, 6) BkasaHui iHTepsan 0.05—
0.95 KBaHTINiB (A0Bipunit iHTepBan), Wo obmeKye AianasoH
iHaeKkcy nposopocti K: (npubnusHo Big 0.15 po 0.74), 3a
MexXaMu AKkoro nepebyBaloTb eKCTpeMasibHi, ane manoun-
MOBipHi BUKMAMW. BukopuctaHHa KDE-anpokcumalii (vep-
BOHa NiHiA Ha PDF) pae 3mory 3rnaamtu Wym rictorpamm i
Bi3yanisyBaTn NOKanbHi makcumymm posnoginy. PCHIP-iH-
TepnonaAuia Ha rpadiky CDF 3a6e3nevye MOHOTOHHICTb KpK-
BOI, LLLO BaXK/IMBO A/17 KOPEKTHOIO CUHTE3Y PALIB METOLOM
3BOPOTHOI iHTerpanbHoi TpaHchopmaLii [9, 18].

Ha u4actoTHOmMy po3nogini CToXacTUYHMX 3anuwkis X
(puc. 3, a) Tako crnocTepiraemo 6imoaanbHIcTb, WO BUpa-
eHa cnabuwe. Le ouikyBaHWW, ane UuikaBuit pesynbTarT,
AKUIM BKA3ye Ha Te, W0 6iMOAaNbHICTb He nLe Ce30HHUI
edeKT (BNnB ce30HIB ByB BUKAKOUYEHUIA MPU PO3PaXYHKY X),
a n dyHAaMeHTaNbHA BAIACTUBICTb COHAYHOIO ONPOMIHEHHA
B PErioHi.

KymMynaTueHa dyHKUia posnoginy F(Kt)

FicTorpama f(Kt)
= KDE anpokcumMaLlis
KBaHTini 0.05 & 0.95

2.0

1.5 4

POF

1.0

0.5

0.0

0.8

0.6

CDF

0.4 1

0.2 q
= PCHIP iHTEpnOAALIA

« MepiaHa: 0.446
KBaHTin 0.05 & 0.95
@yHKUiA posnoginy F(Kt)

0.0

0.1 0.2 03 0.4 0.5 0.6 0.7 0.8
Kt

a

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Kt

6

Puc. 2. Peaynbmamu cmamucmu4Ho20 aHanisy iHoekcy npo3opocmi Ki: a —2icmoepama yacmom ma ii Henapamem-
puyHa KDE anpokcumauis; 6 —KymyaamueHa @yHKyia po3nodiny (CDF) ma ii PCHIP-iHmepnonayis.
TiHHt0 noka3saHi 95%-Hi dosip4i iHmepsanu
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DYHKLIA WiNbHOCTI AMOBIpHOCTI f(X)

FicTorpama f(X)
— KDE anpokcumMauis
Quantiles 0.05 & 0.95
2.0

1.5 A

PDF

1.04

0.5

0.0

CDF

KyMynsaTUBHa (yHKUIA posnoainy F(X)

1.0
0.8
0.6

0.4

0.2
= PCHIP iHTEpPNONALIA

* Megiana: -0.005
KBaHTini 0.05 & 0.95
@yHKUia posnoginy F(X)

0.2 0.4

a

0.0 y T T
0.0 0.2 0.4

Puc. 3. Pesynomamu cmamucmu4Ho20 aHai3y 3aauwikie X: @ —2icmoapama yacmom ma ii Henapamempu4Ha KDE
anpokcumayia; 6 — KymyaamueHa ¢yHKuis po3nodiny (CDF) ma ii PCHIP-iHmepnonayis.
TiHHO noka3saHi 95%-Hi dosip4i iHmepsanu

OTxe, rpadik PDF (gus. puc. 3, a) ANA 3aNMLIKIB NOKasye
36eperkeHHA 6imoganbHOCTi, ane 1i XxapakTep fAKicHO
3MiHMBCA. [1Ba MakcMMymu 36amM3mManca, a 30Ha «cigna»
CTana meHwWw ranbokot nopisHAHO 3 PDF(K:). Mogu 3a-
JINWKIB 3MillLleHi — Tenep BOHW LEHTPOBaHi WO0A0 HyAnA
(npnban3sHo -0.12 i 0.13). HeraTMBHMI MiK — Le «HecTaya»
pagiauii yepes xmapw, NO3UTUBHUN — K HAAJMLLOK» paiauii
WoAo cepeaHbOro TpeHAy B AcHi nepiogn. ®dopma
po3nogainy ctana 6inbll CUMETPUYHOIO Ta KOMNAKTHOO, LLLO
3HAYHO MOJIerlye 3aBAAaHHA CTAaTUCTUYHOTO CUHTE3Y PALIB,
OCKIi/IbKM eKCTpeMasibHi XBOCTU CTa/I MEHLL BUPAXKEHUMMU.
BauMMoO TaKOX XapaKTepHe LUeHTpyBaHHA (MegiaHa (-
0.005), wo HeobxiaHo gns poboTn ARMA-mozene.

Ha rpacdiky HakonunyeHoi nmosipHocTi CDF (puc. 3, 6) kpuea
CTana NNaBHIWO, MaliXe Habnuskatoumcb Ao S-noaibHoi
dopmn (NputTamaHHOT HOPMaNbHOMY PO3NOoAiNy), ane 3 xa-
PaKTEPHUM «31aMOM» Y PalioHi MegiaHu (3MiHa 3HaKy Apy-
roi noxigHoi). Liei 3nam — npamuit HacnifoK 6imoganbHOCTI
Ta aprymeHT Ha KOpPWUCTb TOrO, WO HOPMaAbHUIN PO3MOAiN
[ayca He nigxoamTb NA MOAENOBAHHA 3aNMLLKIB iHCONALLIT —
BiH NOBHICTIO ITHOPYE HAABHICTb ABOX MOrOAHWUX PEXUMIB.
Bu3HaueHi 0cobaMBOCTi PO3MOAiINY YacTOT 3a/MWIKIB Ta
emMnipuMyHoi yHKUii po3noginy € pyHaameHTOM ASA no-
[anblol reHepal,ii aHcamb1iB CUHTETUYHMX YacOBUX PALIB,
HeobxigHWx ana BepudikaLii npoekTHMX piweHb PEC [8-10].

AHani3z Kopensauiin. NonepeaHi A0CNiAKEHHA CTAaTUCTUKMK
pPALIB 3aNMLLKIB MOKA3aAM HAABHICTb Y pAAax BHYTPILWHbLOI
CTPYKTYpM Ta 3B'A3KIB MiXK enemMeHTamm Xi (3HaYeHHAMU B
pi3Hi momeHTK t). na oTpumaHHA iHdopmaLii Nnpo Kope-
NAUIAHY CTPYKTYpY 3acTOCYyeEMO anapaT GyHKLUii aBToKope-
nauji (ACF — Autocorrelation Function) Ta 4yacTkoBoi aBTO-
kopensauii (PACF — Partial Autocorrelation Function) [5, 6].
Came Ui OyHKUIT AaloTb 3Mory BUMABUTU NPUXOBaHY
NepioaANYHICTb | BU3HAUYMUTM CTPYKTYPY CTOXAaCTUYHOI mogeni
(nanpuknaa, ARMA/ARIMA).

OyHKuia ACF, wo mictutb iHpopmauito npo Kopensauito
pagy 3 cammm coboto, 3pyLIeHnM Ha k KpOKiB, Aonomarae
3HAaUTM Cce30HHicTb (J06OBY, MICAUYHY UM PiYHY).
KoeoiuieHTn ACF px BKa3yloTb Ha KOpenALiiHy 3a1eXHiCTb
Mi¥K NOTOYHWUM 3HAYEHHAM Xt | 3CYHYTUM Ha nar k MUHYAUM
3HAYEHHAMM Xk [NA cTauioHapHMX pAAiB Ui KoedilieHTH
BM3HAYatOTbCA Ha OCHOBI eKCNepuUMeHTaNbHUX AaHWX abo
pe3ynbTaTiB MOAENtoBaHHA AK

_ Yk _ ElX-w)Xe—k—w)]

T v B

(3)

Ae y»— aBTOKoBapiaLia Ha nasi k, y — aucnepcia paay, u—
MmaTemaTuyHe odikyBaHHA. ACF BKa3ye Ha iHepUjiHicTb aT-
mocdepu Ta Bigobparkae TpMBaNiCTb iHTEPBaAiB CXOXKOI No-
roan. ObuncnernHa ACF gae 3mory BU3HaunTH NopALoK Ko-
B3HOro cepeaHboro (MA). flkwo ACF obpuBaeTbcs nicna
nara g, ue CBiaunTb Ha Kopuctb moaeni MA(qg).

Opyra ¢yHKuis — PACF — nokasye Kopenauito 3i 3cysom Kk,
BMK/HOYAOUYM BMJIMB BCIX MPOMiIXKHUX. Lle gae 3mory 3po-
3yMiTU, 41 06ymoBAeHa iHcoNALis B AeHb j 6eanocepegHbo
iHCoNAUji€0 B AeHb i—k, UM Liel 3B’A30K € INLLE HAC/iAKOM
NaHLIOXKKA NPOMIKHUX MeTeoponoriyHmx craHis. PACF —
KNHOYOBUIM IHCTPYMEHT ANA BU3HAYEHHA MOPAAKY aBTope-
rpecii (AR). Pi3ke 3racaHHs PACF nicns nara p BKasye Ha Mo-
nenb AR(p).

OnAa ¢doToeHepreTMKM CRINbHUA KOPenAUiMHUI  aHanis3
ACF/PACF BanuBMI 3 Takux npuumH. Mo-nepue, BiH
BM3HAYa€e TMN NpoLuecy: 3a BUAOM 3racaHHA GYHKLiA mo-
KEeMo CyanTn, Yn MaemMo mMu cnpasy 3 npouecom AR, MA
a6o 3miwaHum TMnom ARMA. Mo-apyre, uel aHanis gae
3MOTy BU3HAYMTU FOPM3OHT NPOrHO3Yy 33 O3HAKOK BUXOAY
aBTOKOpensauji 3a mexi gosipyoro iHTepsany (Kopensuis
CTa€ CTaTUCTUYHO He3HauHoto). Mpu KnacTepusauii paay X
ue 6yae BU3HaYaTU Mexy nepenbadvyBaHOCTi KOHKPETHOro
Knacrtepa iHconauii.
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[ns oTpMmaHnx BHacNigoK nepenobpobku paais iHconauii
6ynu pospaxosaHi KoediuieHTn ACF i PACF ana naris Big, 1
0o 12 y aBox cueHapinax: pakTMuHi meTeoaaHi (a, 6) i mo-
Oenb unctoro Heba (s, 2). PesynbTaTv HaBegeHi Ha puc. 4.

[Nna oTpUMaHUX JaHUX XapaKTepHe LWBKUAKE 3racaHHsA 060x
¢dyHKUin: ACF cTae He3HauyHoto (meHLwe 0.05) Ha 9-my nasi,

a PACF — BxKe Ha 3-my abo 4-my. nsa GakTUYHUX MeTeoa-
HUX (3@ NOKa3aHHAMM AATYMKIB) 3HAUEHHA Neplioro fnara

ACF 3anuwkis X (chakTU4HI MeTeoaaHi)

PACF(1) = 0.354, ana acHoro Heba PACF(1) = 0.458. BigHo-
weHHA PACF(1)/ PACF(2) cTaHOBUTb ANA UMX BUNaaKis 4.72
i 7.75, BignosigHo. Lle Morke roBopuTM Ha KOPUCTb BUOOPY
MoZeni KOB3HOro cepefHbOro NepLIOro NOPAAKY A1A YMOB
dakTMYHOI noroan Ta sicHoro Heba. BpaxoBytouum Ui 3Ha-
YeHHs Ta MOBeAiHKY Kopesnorpam, MOMXHa HasBaTu
HaNIMOBIPHIWIMMM KaHAMAATaMK A onucy AnMHamikm X
mogeni AR(1), AR(2) un ARMA(1,1).

PACF 3anuwkie X (hakTU4HI MeTeonaHi)
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Puc. 4. Koegiyienmu aemokopensyii (ACF) (a, 8) ma yacmuHHoi aemokopensauyii (PACF) (6b, 2) 3anuwkie X 019 pakmuy-
Hux memeodaHux (a, 6) ma 811 modeni ACHO20 (8, 2). bAAKUMHOI0 CMYHCKOIO MOKA3aHUl 0ianas3oH 3a Mmexamu 008ip-
4o2o iHmepesany

Bub6ip Ta Bepudikauia mogeni ARMA. Y mogeni ARMA(p,q)
yacoBui pag Xt npeacTaBAeHU AK KoMbiHaLia cBoix nomne-
peaHix 3HayeHb Xt (aBToperpecis) i nonepeaHix NOMUNOK
(koB3He cepeaHe). PiBHAHHA A5 NOTOYHOrO Xt Ma€e BUTAAL,

(4)

ae ¢ — napameTtpu aBToperpecii (AR), & — napameTpu Ko-
B3HOro cepegHboro (MA), & — 6inunii wym (MOMUAKK) y mo-
MEHT Yacy t, ¢ — KOHCTaHTa.

Xt =c+ gt + Z?=1 ¢1Xl' + Z;'Izl ejet_j

MapameTpu ¢ NoKasylTb Bary 6esnocepefHbOro BMIuUBY
MMWHYNOr0 3HayeHHA Xii Ha NOTOYHe X:i, KOAM BNAMB
NPOMIXKHUX NariB Xti+1,... Xt-1 B¥Xe BpaxoBaHWUI. Po3paxyHoOK
@ 3piicHIoETbCA Yepes KoedilieHTU px (3HayeHHs ACF) 3a
[0MOMOrOH0 CUCTEM JiHIHMX piBHAHBL FOna — Yokepa [5, 6].
MapameTpu € 4acTo ONUCYIOTb IHEPLINHICTb aTMOCHEPHUX
npouecis: AKWO @ 8enuKke, Le 03HAYyaE, WO «NOMUIKa»
(eunaakoBa 3MiHa XMapHOCTi MMHYJIOrO 4Yacy) NPOAOBIKYE
CUAbHO BMAMBATM Ha MNOTOYHE 3HA4YeHHA pagiauii. Ha
rpadiky ACF ue BMrnaaae Ak KOPOTKMI CMIECK Ha NepLuimnx

1-3 narax, KUl WBKUAKO 3HUKAE. B3arani 3 noBeadiHKM Ko-
penorpam MoxHa pobutu Taki BUCHOBKMK: AKLWO ACF obpu-
Ba€TbcA, a PACF 3aracae —y pagi gomiHye MA-KOMNOHEHT3;
AKwWwo PACF obpuBaeTbes, a ACF 3aracae — gomiHye AR-Kom-
MOHEeHTa.

loeHTMdiKauia ageKkBaTHOI mogeni 3 ycboro knacy ARMA,
TO6TO BMOip 3HaYeHb p Ta g MOXKe byTu 34iliCHEHUI gBOMaA
cnocobamm.

1. PospaxyHOK napameTpis ¢, @, BMXOAAYM 3 KOpenor-
pamum ACF, PACF. 115 3HaxXo4KeHHA KOXHOIO KOHKpeT-
Horo napameTpa ¢ nara k noTpibHo po3B’A3aTh 3ragaHy
cuctemy k niHiHKMX piBHAHbL HOna —Yokepa, y AKOI ok
cNyryoTe KoeodiuieHTamu. Mapametpu & obuucnto-
IOTbCA 33 CKNAAHILIOK MpOoLeAypoto, OCKINbKM NOTPi-
6HO po3B’A3yBaTU CUCTEMY PIBHAHD, AKI ABNAIOTL COHOIO
BMPA3n px Yepes HeniHiHI GyHKUIT Big, MHOKUHM 3MiH-
Hux {&}. Po3B’A3aHHA 34iAICHIOETLCA MOCNIAOBHUMM iTe-
pauiammM B MeXKax metoay MoMeHTiB abo 3a ,oNoMorowo
PEKYPCUBHOIO aNropmuTtmy iHHoBaLu,il [5].
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2. 3HaxoAKeHHA NapameTpiB ¢, ¢, BUXOAAYMN 3 HASBHOIO
emMmnipuyHoro Yyacosoro pagy Xt. MNpun Lbomy 34iMcHio-
€TbCA NiAraHAHHA @, 6 Nig pAa 3aAULWKIB METOAOM Ma-
KCMManbHOI NpasaonoaibHocTi [6].

Ons HapinHocTi igeHTUdIKauii M1 BMKOpUCTOBYBaau 06u-
ABa cnocobu. ns aBTomaTMYHOro nepebopy napameTpis i3
3agaHoro Habopy (y apyromy cnocobi) 3acTocoByBaBcs Me-
TOA, NoLWyKy Yepes ciTky (Grid Search). Bigbip ontumanbHoi
KOoMbiHauii napameTpiB  34iiCHIOBABCA 33 YMOBOW
MiHiManbHOCTi iHbopmauiliHoro Kputepito AKaiku (AIC)
[19]: uum meHwe AIC, TUM Kpalle MoAesib ONUCYE AaHi 3a
MiHIMaNbHOI KiNbKOCTI MapameTpis.

BHacnigoK pospaxyHKy Tpbox mogenei ARMA, Wo akty-
afbHi ans onucy iHconauii B m. Knesi, 6ynun 3HangeHi 3Ha-
YeHHA KoedilieHTiB ¢, G y ABOX cueHapiax: paKTUYHOI no-
rogu Ta acHoro Heba (Tabnunua). OCKiNbKM BHECOK KOB3HUX
cepefHix Aye MOMITHUI Ta mae aemndyrounii xapakrep (6
< 0) ana noganbwmnx po3paxyHKiB BMBMPAEMO moaenb
ARMA(1,1).

3anuwku moaeni ARMA(1,1)

Ta6bnuua. KopensauiiiHi KoediuieHTH mopeneii AR(1),
AR(2) i ARMA(1,1)

Mogpgenb KoediuieHT ®akThuHa fiIcHe Hebo
noroga
AR(1) &1 0.354 0.457
0.327 0.430
AR(2) o
@2 0.075 0.059
ARMA(1,1) | & -0.308 -0.139

Micna snganeHHa pagy ARMA 3 X oTpMMaHi 3aiMLWKK Ta iX
Kopesiorpama MatTb BUMNAA, NOKasaHUM Ha puc. 5 (gns
baKTMUHMX meTeoymos). Ha ubomy eTani HeobxigHo nepe-
KOHATUCA, LLLO L 3a/IMLLKM MAOTb XapaKTePUCTUKM, HAban-
*KeHi 40 igeanbHMx WwWymosmx. [loBeaeHHA mogeni Ao CTaHy
«biforo wymy» B 3a/MLLIKAX MiHIMi3ye PU3NK HEOOOLHKM
eKCcTpeManbHUX nepioais (XMapHO — ACHO). Lle KpuTUYHO
BaX/MBe A/1A AaBTOHOMHMUX CUCTEM, e MOMW/IKA 3 po-
3paxyHKy «XBOCTiB» pO3noAiny Beae A0 BiAMOBU CUCTEMM
€/1eKTponocTayaHHA.

ACF 3anuwkis ARMA(1,1)
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0.2 4
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Puc. 5. Peaynemamu 04 3anuwkie ARMA(1,1): a — yacosuli paod 3aauwki ARMA; 6 — kopenozpama ACF

Ipadik ACF (puc. 5, 6) BiayanbHO Haragye 6inui wym: npakx-
TMYHO BCi 3HAYEHHA BMXOZATb 33 MEXM A0BIpYOro iHTEp-
Ba/ly — nepebyBaloTb Y CUHIA CMYKLUi, Kpim nary 7, AKui
TPOXu «BUCTPUBYE» 3i cMy»KKW. TecT JibloHra — BoKca nokKa-
3y€ TaKi 3HaYeHHA KpuTtepito p-value: 0.001 — gns 10-ro nara,
0.022 — pna 20-ro ta 0.063 — ana 30-ro. Lle o3HavaE, Wo Ha
KOPOTKUX Ta cepeHix iHTepsanax (4o 20 gHiB) y 3anuLUKax
BCE LLLe NPOCTEXYETbCA Cnabka aBTokopensuia. Came nar 7,
AKUMA MOKa3ye OCTAaTOUHUIN e(dEeKT TUMKHEBOI LMKNIYHOCTI,
MOKe BM/IMBATU Ha MOKA3HMKM KOPOTKOCTPOKOBUX iHTEp-
BaniB. HaBiTb nicnsa 3actocysaHHA ARMA(1,1), cknaaHi me-
TEOPONOriyHi npouecu (HanpuKknag, NPOXOAMKEHHA cepii
¢dpoHTiB abo 3aTAMKHI 610KYyBaNbHi aHTULMKAOHWN) MOXKYTb
33/IMWIATU B AaHMX «MIKPO3aNeXHOCTi», AKi NpocTa NiHiliHa
MoZieNlb He MOXKe MOBHICTIO NpubpaTh. Lie moxe npusso-
ONTN A0 TOTO, LLLO HABiTb HE3HAYHUI CNNECK HA Na3i 7 BUKAK-
Kae dopmasnibHe 3HUKeHHA p-value B TecTi JIbtoHra — bokca
o 0.001. Xoya BNEBHEHO MOXHa Kas3aTu, WO Ue He MaE
BMPILLAZIbHOMO 3HAYEHHA ANA TOYHOCTI MOAENOBaHHA. Bax-
/MBe Te, WO 3arafbHi amnAiTyam aBTokopensauin ACF Ha nep-
LUMX 1arax 3HUMKEHI B AeCATKM pasiB NOPIBHAHO 3 BMXiAHUM
ACF pagom 3anuukis X.

Cnif, TaKOXK 3ayBaXKuTH, WO Npu BeAnKomy o6’emi BubipKu
(> 3650 BianikiB) TecT JIbtoHra — bOKca CTae AyKe YyTAMBUM
i BMABAAE HaBiTb He3HA4Hi BiAXWNEHHA Big iAeanbHOro
6inoro wymy, AKi NPaKTUYHO He BMAMBAIOTb Ha TOYHICTb
nporHosy. Takum umHOM, mogenb ARMA(1,1) moxHa
BM3HATU a4EKBATHOK AN CUMHTETUYHOI reHepauii paais Ta
X MOAanbLIOro BUKOPUCTAHHA Mig Yac moaentoBaHHA GoTo-
€N1eKTPUYHUNX CUCTEM.

O6roBopeHHA Ta BUCHOBKW. Y LbOMY AOC/IAXKEHHI npea-
CTaB/IEHO KOMMJIEKCHUN CTaTUCTUYHMIA aHani3 AOBrocTpo-
KOBUX LWOAEHHUX pPALIB COHAYHOrO OMNPOMIHEHHA ANA
Kunesa. BuKopucToBYHOUM AaHi rno6anbHOro ropusoHTaNb-
Horo onpomiHeHHs (GHI) Ak ana ¢akTUYHUX MeTeopo-
NOTiYHUX YMOB, TaK i AN1A YMOB ACHOro Heba, oTpumManm in-
AeKc fAcHocTi Ki, AKMIA Byno pPO3KNafeHO Ha Ce30HHY Ta
CTOXaCTUYHY KOMMOHEHTH.

Pe3ynbTaT NOKasytoTh, WO po3no4in 4actotn Kr Mae 4iTky
6iMmoaanbHy CTPYKTYPY 3 ACKPABO BUPAXKEHMMU NiKamu, WO
BiANOBIZAIOTb CTAaHAaM «XMapHO» Ta «fcHe Hebo». «Cia-
N10Ba» 30HA MiXK UMMM MiKaMW BKA3YE Ha Te, WO NPOMIXKHI
CTaHM 3MIHHOI XMapHOCTI TPANAAKTbCA pigLle Ta 33 CBOEHD
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CYTTHO MeHLW cTabinbHi. Lia cTtatMcTMyHa HeogHOpiAHICTL
[0AATKOBO MiATBEPANKYETbCA KYMYNATUBHOW YHKLIE
posnogainy (CDF), ae mepgiaHa nepebugae B merKax «cigso-
BOi» 30HU. OTXKe, KAYOBMM BMCHOBKOM LbOFO [A0-
CNiAXKEHHA € Te, WO cepeaHilt iHaeKc nposopocTi K: ana
KuiBcbKoi obnacTi sBnsie coboto «disnuHM apTedakT» —
CTaH, fAKUA BUHUKAE 3 HAWHWKYOK CTAaTUCTUYHOW
MmosipHicTio. Lia npobnema 6imoganbHoro posnoginy
O3Hayae, WO aTmocdepa NepeBarKHO 3aNMAE pexUMMU
«XMapHO» abo «AcHe Hebo». OTKe, NPOEKTyBaHHA $oOTO-
€/1eKTPUYHUX CUCTEM, AKE 33aCHOBaHE BUK/IOYHO Ha [0B-
FOCTPOKOBMUX LLOMICAYHUX CepefHiX 3Ha4YeHHAX, MPU3BO-
OMTb A0 3HAYHUX CUCTEMATUUYHWUX MOMMUOK, MOTEHLINHO
nepeoLiHioYM reHepaLito abo He BPaxOBYHOUM KPUTUYHI
3anacyM akymy/ibOBaHOi eHeprii, Wo HeobxigHi npoTAarom
TpMBanmux nepioais NOXmMypocTi.

OcHoBHa yBara Lboro focnigxeHHsa byna npuaineHa ctoxa-
CTUYHMM 3anuWKam X pagis Kt, AKi € BaXXKAMBMMK ANA Npo-
rHO3yBaHHA BMPODBITKY eHeprii Ta BU3HAYEHHA PO3Mipy EM-
HocTi cuctem 36epiraHHA. CTalioHapHICTb YacoBOro psaay
3a/uwWKiB 6yna niaTeeparkeHa 3a gonomoroto Tecty ADF.
Xoua uj 3anmwkKmM 36epiratoTb 6imoaanbHUI po3noain ya-
CTOT, iXHi MakcuMmymum Ha Kpwuein PDF(X) posTawoBaHi
6AnKYe oAMH [0 OAHOro Ta 30CepeAsKeHi HaBKo/O
megiaHun (Hyns). «MepernH», Wwo cnocTepiraetTbca Nobansy
megiaHu Ha rpadiky CDF(X), € npamum Hacnigkom Liel
6imoganbHOCTI. 3miHa 3HaKy Apyroi NoxigHoi Ta HaABHICTb
LBOX Pi3HUX MOA HaZaloTb Baromi AOKasu NpPOTU BUKOPU-
CTaHHA raycoBoro (HopmasibHOro) po3noainy Ana Mogento-
BaHHA 3a/MLKiB. 3anNponoHOBaHa CTOXaCTU4YHA MOJENb,
LLLO MICTUTb eMNipPUYHi xapaKTepucTukm PDF Ta CDF, 3abes-
neyvye MiLHy OCHOBY A/1A CTBOPEHHA aHCaMbAiB CUHTETUY-
HUX YacOBUX PAAIB, HEOOXigHMX ANA OLIHKM NOKA3HWKIB
edeKTUBHOCTI Ta HagiNHOCTI GOTOENEKTPUUYHUX CUCTEM.

[ns 3’acyBaHHA BHYTPIWHbLOT CTPYKTYPW Ta 3a71€XKHOCTEN Y
pagax 3anuwkis ¢yHKuii ACF Ta PACF 6ynn obumncneHi ak
ONA GaKTUYHUX METEOPOOTIYHMX CLLeHapiiB, TaK i 4na cue-
HapiiB AcHoro Heba. Xoya TecT JlloHra — boKkca BKa3aB Ha Ha-
ABHICTb aBTOKOpensuii, noganblunii aHani3 NoKasas, WO
BOHA LWBWMAKO cnafae 3 Yyacom. [Ana 0box Habopis AaHUX
KoediuieHTn PACF(1) manu cyTTeBi 3HayeHHA, ToAi fAK
HacTynHi KoediuieHT PACF(2) 6ynM 3HAYHO HUNKUYMMMU, WO
BKa3y€e Ha NPOLLEC 3 KOPOTKOYACHO Nam’aTTHo.

OujHKka napameTpis ans cimelictea mogenein ARMA(p,q)
nokasasna, wo moaens ARMA(1,1) € HalagekBaTHLWOO 3
nornsfy AK TOYHOCTI, Tak i eKoOHOmMHoro Habopy napa-
MeTpiB, Wo nigTeeparkeHo Kputepiem AIC. 3acTtocyBaHHA
uiei moaeni epeKTMBHO NepeTBOPUAO CKNaaHy BimodanbHy
CTPYKTYpY BigxuneHb X Ha cTauioHapHui npouec. OTpu-
MaHi 3anmwku ARMA HabauKatoTbes 4o 6inoro wymy, no-
npu Te, Wo Tect JltoHra — bokca BuABMB cnabKy aBTOKOpe-
AL 3a1MLWKIB. HE3HAYHMI cniecK Ha nasi 7 Bigobparkae,
iMOBipHO, PyHAAMEHTANIbHY CUHOMTUYHY NEPIOAUNYHICTL —
TUNOBUW LMK TpaHchopMaL,ii NOBITPAHUX Mac y NMOMIPHO
KOHTUHEHTaNbHOMY KhimaTi. Xoda mogenb ARMA(1,1)
epeKTUBHO YyCyBae MEepBUHHY CTOXAaCTUYHY iHepuito, Ha-
ABHICTb L€l 7-A€HHOI «MiKPO3aNneXHOCTi» CBiAYMTb Npo Te,

LLLO MaNBYTHI AOCNIAKEHHA MOXKYTb OTPUMATH KOPUCTb Bif,
iHTerpauii Ce30HHMX KOMMOHEHTIB, TaKMX AK mogeni
SARIMA, gna noganblioro BAOCKOHANEHHA MeToAy reHe-
pauii CUHTETUYHMNX pAAiB.

BusasneHi  6imopanbHi  0cob6AMBOCTI  Ta  BU3HAYEH
KoediuieHT ARMA 3a6e3neuytoTb HadiMnHNI CTOXaCTUYHUIA
«reHepaTop norogu», cneuianbHO po3pobaeHnin ans
KuiscbKoi obnacri. Lli pe3ynbTatn moxkHa 6e3nocepeHbo
iHTerpysat1 B nporpamHe 3abesneyeHHA 3 MOAENOBaHHA
reHepalii eHeprii a8 ontumisauii PEC y mikpomepexkax,
LLLO AaCTb 3MOTY NPOBOANTM TOUHILWI oLiHKM LCOE Ta 3a6e3-
NeYnTb CTabiNbHICTb AeLEeHTPaNi30BaHUX CUCTEM e/1eKTPOo-
MOCTa4YaHH#A 33 HecTabiNbHUX METEOPOOTNIYHMX YMOB.
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Abstract. Modern photovoltaic (PV) systems demand precise
design and power generation forecasting, making the
investigation of regional statistical properties of solar radiation
increasingly critical. This paper presents a statistical analysis of
daily solar irradiation series for Kyiv over the past 10 years,
expressed via the clearness index Kt and decomposed into seasonal and stochastic components. It is
demonstrated that the frequency distribution of Kt exhibits a bimodal structure with pronounced peaks
corresponding to "overcast" and "clear-sky" states. The "saddle" zone between these peaks indicates that
intermediate states of variable cloudiness are less frequent and inherently less stable. This bimodality must
be accounted for in PV system design, as calculations based solely on long-term monthly averages lead to
significant systematic errors, potentially overestimating energy yield during prolonged overcast periods. The
primary focus is placed on the stochastic residuals X of the Kt series, which are essential for generation
forecasting and sizing battery energy storage systems (BESS). The stationarity of the residual time series,
which retains a bimodal distribution, was confirmed via the Augmented Dickey-Fuller (ADF) test. Analysis of
the autocorrelation (ACF) and partial autocorrelation (PACF) functions revealed short-term dependencies
effectively captured by ARMA (p,q) models. Parameter estimation across this model family identified the
ARMA (1,1) model as the most adequate in terms of both accuracy and parsimony, as confirmed by the Akaike
Information Criterion (AIC). The results of these frequency and correlation analyses are essential for testing
autonomous and backup PV systems through the generation of diverse weather scenarios, including worst-
case conditions.

! |nstitute of Renewable Energy, NAS
Ukraine, Kyiv, Ukraine

Keywords: solar radiation, clearness index, stochastic residuals, time series, Kyiv, stationarity, frequency
distribution, KDE approximation, bimodality, ACF/PACF, ARMA models, photovoltaic systems, energy reliability.

Abbreviations

ACF — Autocorrelation Function ERAS — ECMWF Reanalysis v5

ADF — Augmented Dickey-Fuller (test) GHI — Global Horizontal Irradiation

ADS — Atmosphere Data Store KDE — Kernel Density Estimation

AIC — Akaike Information Criterion LCOE — Levelized Cost of Energy

ARMA — Autoregressive Moving Average PACF — Partial Autocorrelation Function

BESS — Battery Energy Storage System PDF — Probability Density Function

CAMS — Copernicus Atmosphere Monitoring Service PV — Photovoltaic

CDF — Cumulative Distribution Function RMSE — Root Mean Square Error

Introduction. The rapid development of photovoltaic (PV)
systems and their integration into power grids demand
high accuracy in design and generation forecasting. Unlike
conventional power plants, solar energy is highly stochastic
due to complex atmospheric dynamics. With the rise of de-
centralized power and autonomous (backup) PV systems,
standard methods based on monthly averages are insuffi-
cient. Consequently, investigating the statistical properties
of  meteorological factors (irradiance, = ambient

temperature, wind speed) is essential for assessing the re-
liability of renewable energy installations [1-3]. Further-
more, regional solar radiation analysis is vital for evaluating
hybrid system performance [4].

The efficiency and reliability of energy facilities depend di-
rectly on understanding the structure of insolation time se-
ries. Statistical analysis allows for isolating deterministic
seasonal trends and investigating stochastic residuals—
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deviations caused by local weather. These fluctuations de-
termine the probability of energy deficits, compliance with
reliability criteria, and the required capacity for battery en-
ergy storage systems (BESS).

The Kyiv region is of particular interest due to its significant
cloud cover variability, especially during transitional au-
tumn—spring seasons. The high amplitude of stochastic
fluctuations in this temperate continental climate necessi-
tates advanced mathematical tools, including frequency
and correlation analyses (ACF/PACF) and Autoregressive
Moving Average (ARMA) modeling [5, 6].

Objective and Problem Statement. The objective of this
work is to develop and verify a statistical model describing
the internal structure and variability patterns of solar inso-
lation time series in Kyiv, based on data from the last dec-
ade. To achieve this, the following tasks were addressed:

e Time series decomposition: Extracting the long-term
seasonal component and deriving the stochastic insola-
tion residual series;

e frequency (probabilistic) analysis: Investigating the
probability density functions (PDF) and cumulative dis-
tribution functions (CDF) of the clearness index Kt and
its residuals X;

e Correlation diagnostics: Computing and analyzing auto-
correlation (ACF) and partial autocorrelation (PACF)
functions to assess the "memory" of the process;

e Model identification and parameterization: Selecting
the optimal ARMA model, calculating its coefficients,
and assessing the statistical significance of parameters;

e Model verification: Evaluating model adequacy by test-
ing residual noise for stationarity and the absence of se-
rial dependence (using ADF and Ljung—Box tests [6, 7]).

To ensure the reliability of the statistical conclusions, th *
study utilizes a daily insolation dataset for Kyiv covering th
most recent ten-year period (2016-2025). This retrospe:
tive approach accounts for both seasonal cycles and synoj®
tic variability, minimizing the impact of single-year weathe¢
anomalies. Such long-term analysis is critical for optimizin _
PV system components, long-term forecasting, and gener-
ating synthetic insolation series for performance diagnos-
tics [8-10].

The primary data consists of daily global horizontal irradia-
tion (GHI) series obtained from the Atmosphere Data Store
(ADS) of the Copernicus Atmosphere Monitoring Service
(CAMS) [11]. This service provides modeled data for both
clear-sky and actual weather conditions. Comparing these
scenarios allowed for isolating the specific contribution of
cloudiness to the stochastic structure of the time series.
The ADS service, based on the global ERA5-Land reanalysis,
ensures high temporal and spatial (9 km) resolution and
statistical robustness.

Data processing and analysis were performed in the Py-
thon/Spyder environment using the NumPy, Pandas, SciPy,
Statsmodels, Scikit-learn, and Tslearn libraries [12, 13].

Structure of Daily Solar Irradiation Series for Kyiv. To ana-
lyze the statistical patterns of surface solar irradiation, we
employ the clearness index Kt—a dimensionless parameter
defined as the ratio of global horizontal irradiation (GHI) at
the Earth's surface to the extraterrestrial irradiation Go:

K, =G/Gy, (1)

where G is the global horizontal irradiation at the Earth's
surface (GHI) and Go is the extraterrestrial horizontal irradi-
ation. Transitioning to K: facilitates the conversion of the
original series into a stationary form. A necessary condition
for this is the elimination of the deterministic astronomical
component Go. During the calculation of K: (1), improbable
values outside the range of 0.05 to 0.85 are filtered out.

When analyzing solar radiation behavior, it should be noted
that the time series is not homogeneous but represents a
superposition of processes of different natures. Therefore,
the K: series is conventionally decomposed into a seasonal
component and residuals:

K; = K¢ season + X- (2)

The first component Kiseason represents the deterministic
part governed by cyclic fluctuations driven by astronomical
factors: the Earth's rotation (diurnal cycle) and its orbit
around the Sun (annual cycle). The second component, X,
represents stochastic residuals—the difference between
actual measurements and the seasonal trend. These resid-
uals arise from atmospheric dynamics, including cloud
movement, humidity changes, and atmospheric aerosol
content.

Analyzing the series (2) as a whole would result in pro-
nounced seasonality masking rapid, short-term local
changes. Isolating the seasonality allows the mathematical
apparatus to focus on random deviations. This is crucial for:

Minimizing modeling errors: (e.g., by the RMSE criterion),
as a model trained on residuals more accurately reflects
short-term weather variability;

Optimizing computations: by focusing specifically on sto-
chastic processes without the redundancy of the seasonal
component.

The temporal dependence of K season defines the theoretical
maximum PV generation for a specific location and time.
This is typically described by Clear Sky Models and contains
no inherent uncertainty requiring statistical modeling. The
uncertainty resides within the residuals X, where the vola-
tility that complicates forecasting is concentrated. Residu-
als aggregate the effects of meteorological turbulence, ran-
dom cloud cover changes, and aerosol composition.
Extracting residuals ensures time series stationarity, a man-
datory condition for applying ARMA models and ensuring
the convergence of machine learning algorithms [5, 6].

The time series of daily clearness index K: values and resid-
uals X over the 10-year interval are shown in Fig. 1 (top and
bottom, respectively). The seasonal component, exhibiting
a clear periodic character, is superimposed on the K: plot.
Statistical estimates for the obtained series are as follows:
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the mean values are 0.466 for K:, and 0.00018 for X (which
should ideally be zero). The standard deviation of the resid-
uals is 0.1832. Verification of the residual series X using the
Augmented Dickey—Fuller (ADF) test [6, 7] confirmed its
stationarity (p-value << 0.001). The Ljung—Box (LB) test [5,

6] confirmed the presence of autocorrelation in the residu-
als X at lags up to 20 days (p < 0.05). This justifies the appli-
cation and identification of an autoregressive moving aver-
age ARMA(p,q) model.

Clearness index Kt and its seasonal component
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Fig. 1. Time series for the 2016—2025 period for Kyiv: top—daily clearness index K: values with the seasonal component
(red curve); bottom—stochastic residuals X

Frequency and Cumulative Distributions of the Index and
Residuals. Analyzing the probability density function (PDF)
and cumulative distribution function (CDF) of the clearness
index and stochastic residuals is fundamental to under-
standing solar resource dynamics beyond predictable sea-
sonal cycles. While a PV system’s theoretical potential is
dictated by the deterministic clear-sky component, as-
sessing actual operational reliability requires a statistical
analysis of real-world insolation, including its variance,
skewness, and distribution shape. From a PV engineering
perspective, investigating Krand X distributions is essential
for the following tasks:

e forecasting extreme regimes: Analyzing distribution
"tails" enables the estimation of the probability and du-
ration of significant generation deficits caused by anom-
alous weather, which monthly average data fail to cap-
ture.

e Calculating reliability criteria: (e.g., Loss of Load Proba-
bility—LLP) [9, 14]. Accurate knowledge of the residual
distribution is necessary to compute energy deficit
probabilities and justify the selection of PV array and
storage capacities.

e Stochastic optimization: The PDF shape provides a basis
for modeling realistic operational scenarios under un-
certainty, essential for long-term economic viability as-
sessments (LCOE, CAPEX) [15, 16].

The statistical results for the daily K: series are presented in
Fig. 2 as a frequency histogram with a nonparametric Ker-
nel Density Estimation (KDE) approximation [17], and a CDF
with PCHIP (Piecewise Cubic Hermite Interpolating Polyno-
mial) interpolation. The domain of the approximating PDF
was defined based on the empirical boundaries of the col-
lected data. This approach truncates the theoretically infi-
nite "tails" of the approximation functions, ensuring the re-
liability of synthetic series generated for PV system testing.

The frequency distribution of the clearness index (Fig. 2a)
reveals a bimodal structure with two pronounced local
peaks. The first peak (0.20) corresponds to the "overcast"
regime, characteristic of Kyiv’s climate, particularly during
autumn and winter. The second peak (0.73) corresponds to
the "clear-sky" regime. The "saddle" zone between these
peaks, characterized by low density, indicates that interme-
diate states (variable cloudiness) are less stable; the atmos-
phere tends to transition toward one of the two dominant
states.
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Probability Density Function f(Kt)
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Fig. 2. Statistical analysis of the clearness index K:: (a) frequency histogram and its nonparametric KDE approximation;
(b) cumulative distribution function (CDF) with PCHIP interpolation. Shading indicates
95% confidence intervals

The CDF plot (Fig. 2b) confirms the statistical inhomogene-
ity of Ki: the median (0.446) falls precisely within the PDF's
"saddle" zone. This signifies that the mean clearness index
for Kyiv describes a state that occurs least frequently in re-
ality. This finding strongly supports the argument against
relying on simplistic average solar radiation models for PV
engineering applications in this region.

The plots (Fig. 2a, 2b) illustrate the 0.05-0.95 quantile in-
terval (confidence interval), which constrains the clearness
index Kt range (approximately from 0.15 to 0.74), beyond
which low-probability extreme outliers occur. The KDE

Probability Density Function f(X)

approximation (red line on the PDF) smooths histogram
noise and highlights local distribution maxima. PCHIP inter-
polation on the CDF plot ensures curve monotonicity,
which is critical for accurate series synthesis using the in-
verse transform sampling method [9, 18].

The frequency distribution of stochastic residu-
als X (Fig. 3a) also exhibits bimodality, though less pro-
nounced. This noteworthy result indicates that bimodality
is not merely a seasonal artifact—since seasonal effects
were removed during the calculation of X—but a funda-
mental property of solar radiation in the region.
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Fig. 3. Statistical analysis of residuals X: (a) frequency histogram and its nonparametric KDE approximation; (b) cumula-
tive distribution function (CDF) with PCHIP interpolation. Shading indicates
95% confidence intervals

Although the PDF of the residuals (Fig. 3a) retains a bimodal
structure, its character changes qualitatively. The two max-
ima converge, and the "saddle" zone becomes shallower
compared to the PDF of K:. The residual modes have shifted
and are now centered around zero (approximately -0.12

and 0.13). The negative peak represents a radiation "defi-
cit" due to cloud cover, while the positive peak reflects a
radiation "surplus" relative to the seasonal trend during
clear periods. The distribution has become more symmetric
and compact, facilitating statistical series synthesis as the
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extreme tails are less pronounced. Furthermore, the resid-
uals exhibit the necessary centering (median of -0.005) re-
quired for ARMA modeling.

On the CDF plot (Fig. 3b), the curve is smoother, approach-
ing an S-shape (typical of a normal distribution) but with a
distinct inflection near the median (a change in the sign of
the second derivative). This inflection is a direct conse-
qguence of bimodality and serves as a strong argument that
the Gaussian distribution is unsuitable for modeling insola-
tion residuals, as it fails to account for the two distinct
weather regimes. These identified features of the residual
frequency distribution and the empirical CDF form the basis
for generating ensembles of synthetic time series required
to verify PV system design solutions [8—10].

Correlation Analysis. The statistical investigation of the re-
sidual series revealed an internal structure and dependen-
cies between elements X; at different time steps t. To char-
acterize this, we utilize autocorrelation (ACF) and partial
autocorrelation (PACF) functions [5, 6]. These tools enable
the detection of hidden dependencies and help determine
the structure of the stochastic model (e.g., ARMA/ARIMA).

The ACF, which measures the correlation of a series with its
own values shifted by k steps, helps identify potential peri-
odicities. The ACF coefficients Bk quantify the correlation
between the current value X: and the past value X:« at lag
k. For stationary series, these coefficients are determined
as:

ACF of residue X (real sky)
1.0

Y _ EI00) e )]
Yo E[(X¢t—k—1)?]

Pr = (3)

where y is the autocovariance at lag k, o is the series vari-
ance, and yis the expected value. The ACF indicates atmos-
pheric inertia and reflects the persistence of similar
weather conditions. It is used to determine the moving av-
erage (MA) order; if the ACF cuts off after lag g, an MA(q)
model is suggested.

The PACF measures the correlation at lag k while excluding
the influence of all intermediate lags. This helps determine
whether insolation on dayi-kis directly influenced by
dayior if the relationship is merely a consequence of a
chain of intermediate meteorological states. The PACF is
the primary tool for determining the autoregression (AR)
order, where a sharp decay after lag p indicates an AR(p)
model.

For PV engineering, joint ACF/PACF analysis is crucial for
two reasons. First, it identifies the process type (AR, MA, or
mixed ARMA) based on the decay patterns. Second, it de-
fines the forecasting horizon; once the autocorrelation falls
within the confidence interval, it becomes statistically insig-
nificant, marking the predictability boundary for a specific
insolation cluster.

For the preprocessed insolation series, ACF and PACF coef-
ficients were calculated for lags 1 to 12 across two scenar-
ios: actual meteorological data and the clear-sky model.
The results are presented in Fig. 4.
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Fig. 4. Autocorrelation (ACF) (a, c) and partial autocorrelation (PACF) (b, d) coefficients of residuals X for actual meteoro-
logical data (a, b) and the clear-sky model (c, d). The blue shading indicates the insignificance zone
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The results show rapid decay in both functions: the ACF b
comes statistically insignificant by lag 9, while the PAC
does so by lag 3 or 4. For actual meteorological data, th
first lag value is PACF(1) = 0.354; for clear-sky condition
PACF(1) = 0.458. The PACF(1)/PACF(2) ratios are 4.72 an
7.75, respectively. This suggests that a first-order mod
may be appropriate for both cases. Based on the correlo-
gram behavior, the most likely candidates for describing
X dynamics are AR(1), AR(2), or ARMA(1,1) models.

ARMA Model Selection and Verification. In the ARMA(p,q)
model, the time series X; is represented as a linear combi-
nation of its previous values (autoregression) and previous
errors (moving average). The equation for X; is:

Xe=cte+X,4X+X 66, (4)

where ¢ are AR parameters, & are MA parameters, & rep-
resents white noise (error) at time t and c is a constant.

The parameters ¢ quantify the direct influence of X:i on Xt,
accounting for the influence of intermediate lags. These are
calculated via the Yule-Walker equations using ACF coeffi-
cients [5, 6]. The 4 parameters describe the inertia of at-
mospheric processes; a large @ suggests that a past "error"
(e.g., arandom cloud cover change) continues to influence
current radiation. This typically appears as a short burst in
the first 1-3 lags of the ACF. Generally, if the ACF cuts off
while the PACF decays, the MA component dominates; con-
versely, if the PACF cuts off while the ACF decays, the AR
component dominates.

The identification of an adequate model within the ARMA
class — specifically, the selection of p and g values —can be
achieved through two primary approaches:

Estimation of ¢« and G based on ACF/PACF correlo-
grams: To find a specific parameter ¢ at lag k, the afore-
mentioned system of k Yule—Walker linear equations must
be solved, using ok as coefficients. Calculating the g param-
eters is more complex, requiring the solution of a system
where px is expressed as a nonlinear function of the varia-
ble set {4 }. This is typically performed using successive

ARMA(1,1) model residuals

iterations within the method of moments or the recursive
innovations algorithm [5].

Estimation of ¢, and & from the empirical time series
Xt This involves fitting the parameters to the residual series
using the maximum likelihood estimation (MLE) method

[6].

To ensure identification robustness, both approaches were
employed. For the second approach, a Grid Search was
used to iterate through parameter sets. The optimal model
was selected based on the Akaike Information Criterion
(AIC) [19] minimality condition: a lower AIC indicates a su-
perior model that describes the data with a minimum num-
ber of parameters.

After evaluating three ARMA models relevant for describ-
ing Kyiv's insolation, the ¢ and & coefficients were deter-
mined for both actual weather and clear-sky scenarios (Ta-
ble). Since the moving average contribution is significant
and exhibits a damping character (6 < 0), the ARMA
(1,1) model was selected for further analysis.

Table. Correlation coefficients of AR(1), AR(2), and
ARMA(1,1) models

Coeffi- Actual Clear sky
Model cient weather:
AR(1) &1 0.354 0.457

il 0.327 0.430
AR(2)

& 0.075 0.059
ARMA(1,1) | & -0.308 -0.139

After applying the ARMA model to X;, the resulting residu-
als and their correlogram are shown in Fig. 5 (for actual me-
teorological conditions). At this stage, it is essential to ver-
ify that these residuals approximate ideal white noise.
Achieving white noise in the residuals ensures that the
model does not underestimate extreme periods (overcast
vs. clear). This is critical for autonomous systems, where er-
rors in distribution "tails" can lead to power supply failure.

ACF of ARMA(1,1) residuals
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Fig. 5. Results for ARMA(1,1) residuals: (a) ARMA residual time series; (b) ACF correlogram

The ACF plot (Fig. 5b) visually approximates white noise, as
nearly all values fall within the confidence interval (the blue
band), except for a minor spike at lag 7. The Ljung—Box test

yields p-values of 0.001 for lag 10, 0.022 for lag 20, and
0.063 for lag 30. This indicates that some weak autocorre-
lation persists at short to medium intervals (up to 20 days).
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Specifically, the spike at lag 7 suggests a residual weekly cy-
clicity that may influence short-term indicators. Even after
applying the ARMA(1,1) model, complex meteorological
processes—such as a series of fronts or prolonged blocking
anticyclones—may leave "micro-dependencies" that a lin-
ear model cannot entirely eliminate. Although these minor
deviations formally reduce the Ljung—Box p-value at lag 10,
they do not significantly compromise modeling accuracy.
Crucially, the overall ACF amplitudes at the initial lags are
reduced by an order of magnitude compared to the original
ACF of the X series.

Furthermore, given the large sample size (exceeding 3,650
observations), the Ljung—Box test becomes hyper-sensitive,
detecting minor deviations from ideal white noise that have
negligible impact on forecasting accuracy. Therefore, the
ARMA (1,1) model is deemed adequate for generating syn-
thetic series and for subsequent use in photovoltaic system
modeling.

Discussion and Conclusions. This study presented a com-
prehensive statistical analysis of long-term daily solar irra-
diation series for Kyiv. Using global horizontal irradiation
(GHI) data for both actual meteorological and clear-sky con-
ditions, the clearness index K: was derived and decom-
posed into seasonal and stochastic components.

The results demonstrate that the frequency distribution of
K: exhibits a distinct bimodal structure, with pronounced
peaks corresponding to "overcast" and "clear-sky" states.
The "saddle" zone between these peaks indicates that in-
termediate states of variable cloudiness are less frequent
and inherently less stable. This statistical inhomogeneity is
further confirmed by the cumulative distribution function
(CDF), where the median resides within the "saddle" zone.
Consequently, a key conclusion of this study is that the av-
erage clearness index K: for the Kyiv region represents a
'physical artifact'—a state that occurs with the lowest sta-
tistical probability. This bimodal distribution challenge im-
plies that the atmosphere predominantly occupies either
'overcast' or 'clear-sky' regimes. Therefore, PV system de-
sign based solely on long-term monthly averages leads to
significant systematic errors, potentially overestimating
generation or failing to account for the critical reliability
margins required during prolonged overcast periods.

The primary focus of this investigation was the stochastic
residuals X of the K: series, which are essential for energy
production forecasting and PV storage capacity sizing. The
residual time series was confirmed to be stationary via the
ADF test. While these residuals retain a bimodal frequency
distribution, their maxima on the PDF(X) curve are more
closely spaced and centered around the median (zero). The
"inflection" observed near the median on the CDF(X) plot is
a direct consequence of this bimodality. The sign change of
the second derivative and the presence of two distinct
modes provide robust evidence against using a Gaussian
normal distribution for residual modeling. The proposed
stochastic model, incorporating empirical PDF and CDF
characteristics, provides a solid framework for generating

ensembles of synthetic time series necessary for evaluating
PV system efficiency and reliability indicators.

To elucidate the internal structure and dependencies
within the residual series, the ACF and PACF were com-
puted for both actual meteorological and clear-sky scenar-
ios. Although the Ljung-Box test indicated the presence of
autocorrelation, the analysis revealed that it decays rapidly
over time. For both datasets, the PACF(1) coefficients were
significant, while subsequent PACF(2) values were substan-
tially lower, indicating a short-term memory process.

Parameter estimation for the ARMA(p,q) model family
demonstrated that the ARMA(1,1) model is the most ade-
quate in terms of both accuracy and parsimony, as con-
firmed by the AIC criterion. Applying this model effectively
transformed the complex bimodal structure of the X devia-
tions into a stationary process. The resulting ARMA residu-
als closely approximate white noise, despite the Ljung-Box
test detecting a weak residual autocorrelation. The minor
spike at lag 7 likely reflects a fundamental synoptic perio-
dicity—the typical cycle of air mass transformation in tem-
perate continental climates. While the ARMA(1,1) model
effectively eliminates the primary stochastic inertia, the
presence of this 7-day 'micro-dependency' suggests that fu-
ture research could benefit from integrating seasonal com-
ponents, such as SARIMA models, to further refine the
method for synthetic series generation.

The identified bimodal features and the determined ARMA
coefficients provide a robust stochastic 'weather generator'
specifically tailored for the Kyiv region. These results can be
directly integrated into energy modeling software for the
optimization of PV-microgrids, enabling more accurate
LCOE assessments and ensuring the stability of decentral-
ized power supply systems under volatile meteorological
conditions.
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