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In the current conditions, climate change and the increasing frequency of extreme weather
phenomena make the task of wind speed forecasting particularly relevant. In addition, short-term
forecasting of local wind speed is extremely important to ensure safe and efficient operation of wind
power stations and airports.

Classical forecasting methods based on physical models of atmospheric processes are often inferior
in accuracy to machine learning methods. Machine learning methods are able to efficiently process large
amounts of data, detecting complex nonlinear dependencies. However, one of the main problems remains
the presence of “noise” in the input data. This “noise” caused by external factors such as measurement
error, turbulence, changes in temperature, humidity and other meteorological parameters, reduces the
accuracy of the constructed models and, as a consequence, negatively affects the forecasting results.
To solve this problem, approaches combining machine learning with data preprocessing methods are
used. One of the promising directions is the use of artificial neural networks (ANN) combined with
input signal filtering.

In this paper, a hybrid method that combines neural networks with the Variational Mode
Decomposition (VMD) method has been developed to improve the accuracy of short-term local wind
speed prediction. This method allows to decomposed the input signal into several components (variation
modes), each of which represents a certain frequency range, thus reducing the influence of noise and
increasing the accuracy of useful information extraction. The method of decomposing the input signal
into variation modes is applied to the input dataset (hourly measured values of surface wind speed)
before using the ANN model for wind speed prediction.

The aim of the work is to develop and apply a hybrid method for short-term prediction of local
wind speed with an advance of up to 24 hours, which uses ANN in combination with pre-filtering of the
input signal by VMD. Using historical wind speeds measured by a stationary weather station for the
previous 24 hours decomposed into modes using the VMD, it is necessary to predict the wind speed in
1, 3, 6, 12 and 24 hours using an ANN.

The ANN architecture is a classical fully connected neural network consisting of three layers: input,
hidden and output layers. The size of the input layer is 576 neurons (24 time steps per 24 modes). Each
neuron takes a numerical value corresponding to the characteristics of the modes decomposed using
the VMD method. The hidden layer of the neural network contains 64 neurons that use the ReLU
(Rectified Linear Unit) activation function. The output layer represents a single numerical value — the
predicted wind speed in 1, 3, 6, 12 or 24 hours.
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The application of the hybrid method has achieved a significant increase in forecasting accuracy. In
particular, the Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) decreased
by at least 90 % (to 0.013-0.101 m/s and 0.9 %—6.1 %, respectively) for all considered advance options.
The obtained values of the MAE and MAPE metrics confirm the high accuracy of the developed
method, since a MAPE of less than 10 % can be classified as excellent prediction. In addition, the
hybrid method shows high robustness to changes in data structure, which makes it a versatile tool for
dealing with different types of meteorological conditions.

The evaluation of the hybrid method results showed that the use of the VMD combined with
ANN not only improves the quality of wind speed prediction, but also opens new opportunities for
predicting other meteorological parameters. For example, temperature and humidity time series can
also be processed using this approach, which will provide a comprehensive solution to the problems
of meteorological analysis. The developed hybrid method for short-term wind speed forecasting is a
promising tool that can significantly improve the accuracy of forecasts. Its application is especially
relevant in the conditions of growing demand for reliable forecasts necessary to ensure the safety and
efficiency of various weather-dependent systems.

Further work in this direction can be aimed at improving the architecture of neural networks used
within the method, as well as optimizing the VMD parameters. This will further improve the accuracy
and adaptability of the models, which will make them indispensable in a wide range of tasks related
to the analysis and forecasting of meteorological data.

Key words: artificial neural networks, time series, variational mode decomposition, local short-
term wind speed forecast.
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[IporuosupoBanue CKOPOCTH BeTpa C UCIOIH30BAHUEM HEHPOHHBIX CeTell CTAHOBUTCS BCe DoJiee ak-
TYaJIbHBIM B yCJIOBUAX U3MEHEHNA KJANMaATAa U YBEJIUIECHUA TaCTOThI 9KCTPEMAJIbHBIX ITOT'OAHBIX ¢B-
seanii. KpoMe T0T0, KPpATKOCPOYHBIIN MPOTHO3 JIOKAJIBLHON CKOPOCTH BeTPA IPE3BBIYANHO BayKEH I
obecnieuenust 6e30nacuoit u 3PeKTUBHOM PAOOTHI BETPOBLIX JIEKTPUYECKUX CTAHIUN U a9POIIOPTOB.
CoBpeMeHnHble METO/IbI MAITMHHOIO 00y4eHus, BK/IoUas HefPOHHbBIE CeTH, ClIOCOOHBI 00pabaThIBATD
6OJII)L[II/I€ O6'beMbI JAAHHBIX 1 BBIABJIATH CJIO2KHBIC 3aBUCUMOCTH, YTO IIO3BOJIACT 3HAYUTEC/IBHO ITOBbI-
CUTH TOYHOCTH TIPOTHO30B. <<IHyM>> BO BXOAHBIX JaHHBIX, O6yCHOBJ’[eHHBIf/’I PA3IMYIHBIMU BHEITHUMU
dakTOpaMu, IACTO CHUKAET TOUHOCTH MTOCTPOEHHBIX [0 HUM MPOTHO30B, U, KAK CJI€JICTBUE, BJINIET
Ha TTPOM3BOAUTE/IBHOCTH N Ka9eCTBO MaTEeMaTUYEeCKOMN MOJICJIN.

JL1s TOBBIIIEHUsT TOYHOCTH U 3a0/1aTOBPEMEHHOCTH KPATKOCPOYHOTO TPOTHO3UPOBAHUS CKOPOCTH
BeTpa 10 W3MEPEHHBIM 3HAYEHUSIM METEOPOJIOTHIECKUX TTaPaMeTPOB 38, MPEIbIIYIINNe Jachl TPEIO-
JKeH TUOPUTHBIN MeTO/], KOTOPBI UCIOIb3yeT NcKyccrBernble Heiipornbie ceru (MHC) B couerannm
¢ dbuabTpanmeil BXOJHOrO CHIHAJA METOJIOM JIEKOMIO3UIMK HA Bapuanuonubie mojabl (Variational
Mode Decomposition — VMD). [Ipumenenue pazpaboTaHHOTO THOPUIHOTO METO/[a KPATKOCPOIHOTO
IPOTHO3a IMMO3BOJIUJIO JOCTUYb 3HAYUTE/IbHOTO YBE/JIUMYICHUA TOIHOCTU NPOTHO3UPOBAHUA. B YaCTHO-
cru, cpefass abcomorHas ommbka (Mean Absolute Error, MAE) u cpennsia abcorioTHAS TPOTIEHT-
nag ommbka (Mean Absolute Percentage Error, MAPE) cuusuaucs ne menee vyem uma 90 % (mo
0.013-0.101 m/c n 0.9 %—6.1 %, coorBeTCTBEHHO) MPKU PACCMOTPEHHBIX BapHaHTax 3a0/aroBpeMeH-
woctu. [lonyuenusie 3Hadennst Metpuk MAE 1 MAPE monTsep:k1aioT BBHICOKYI0 TOYHOCTH Pa3pa-
6orannoro meroga, nockoabky MAPE menee 10 % moxkHo KaaccmdummpoBaTh Kak MPEBOCXOIHOE
nporuo3upoBanne. OleHNBas MOJTYUE€HHbIE PE3YIBTATHI, MOXKHO CIEJIATh BBIBOJ O IEIeCO00pa3HO-
CTHU JabHeHIel paboThl 0 NCMOIB30BAHWIO TTPEII0YKEHHOTO THOPUIHOTO METOIa, JJIsT TTIOBBITIIEHNST
KavecTBa KPATKOCPOUYHOT'O MPOTHO3UPOBAHNUSI CKOPDOCTH BETPA U JIPYTUX METEONapaMeTpoB, MOy da-
€MBIX B PE3yJIbTaTe HADJIIOICHNUIA.

KuroueBbie cJ/10Ba: UCKYCCTBEHHBIE HEMPOHHBIE CETH, BPEMEHHBIE Psijibl, BAPUAIMOHHAS MO0~
Basd JEKOMIIO3ULINS, KPATKOCPOYHbIi JIOKAJIbHbBII IIPOTHO3 CKOPOCTU BETPA.

Beenenune. IIpornosupoBanne BpeMEHHBIX PsIOB, BKIIOYAsS METEOPOJOTHIECKHE JTaHHBIE,
npejicTaBjiger coOOH CJI0KHYIO 33/a4dy, TPeOYIONYI0 TOYHBIX W HaJIE’KHBIX METO/0B. B 3Tom
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KOHTeKcTe nckyccrBennbie Heiipornbie cern (MTHC) yxe 3apekomennoBasu cebst KaK MOTITHbIH
uHCTPYMeHT. B moc/ieinee BpeMs Jij1s MOBBIIIEHUA YPOBH TOYHOCTHU IIPOrHO3a ¢ moMorbio MTHC
Bce OOJIbIIIe BHUMAHMS YIEJIAeTCa MEeTOJAM IpeaBapuTeIbHoi 00paboTKu curuaaoB. OHUM U3
TaKUX TOJIXOJOB SIBJISETCS METOJ JIEKOMIIO3UIIUH Ha BapHAIMOHHBIE MOIBI, KOTOPBIH 3hdek-
THBHO Pa3/1araeT CJIOKHBbIE CHUTHAJIBI HA 00Jiee MPOCThbIe KOMIIOHEHTHI, CYIIeCTBEHHO 00JIerdast
ux anaaun3 u 06paborky ¢ momompbio NTHC.

Cy1miecTByeT MHOYKECTBO Pa3JIMIHBIX METO/IOB TIpeBapuTeIbHOi 06paboTku curnasos. Ha-
npumMep, Takne Kak: Empirical Mode Decomposition (EMD) [1| — meroq gekoMmo3uiuu Ha
smnupudeckue Moael, Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
(CEEMDAN) |2] — ancamb/eBast Bapuanusi MeTOJa JCKOMIO3UIUH HA SMINPUYECKUAE MOIDBI C
ngobasyrenneM amanTusHoro mryma, Empirical wavelet transform (EWT) [3] — smnupuueckoe
BeifBrer mpeobpasosanue, Fourier decomposition method (FDM) [4] — meron mexommosnmnu
®ypwe, Empirical Fourier Decomposition (EFD) [5] — smmupudeckoe pasnoxenne @ypre, VMD
[6] — MeTon mEeKOMIIO3UIINY HA BAPUAIMOHHBIE MOJIHI.

VMD |6]| upemaraer Xoporuii KOMIPOMHCC MEZKJLy CJIOKHOCTBIO peajusanuu 1 3bdexTus-
HOCTBIO PA3JIOYKEHUsI CUTHAJIA, YTO JEJAeT €ro MPHUTOMHBIM I MMHUPOKOTO CHEKTPa MPUIOKe-
rnit. Xors CEEMDAN [2] mozxer 6biTh Gostee ycroituns k mymam, VMD Takaxke obecnednBaer
JOCTATOYHYIO YCTOWIMBOCTD K BO3MYIIeHUsAM U, B orimaue or EMD [1], 6oee npoct B peannsa-
uun. ITo cpapuennto ¢ EWT [3], FDM [4], npenmytectsom VMD siBsistercst sty driast o6paboTka
HECTAITMOHAPHBIX CUTHAJIOB ¢ OJHM3KO PACIOI0KEHHBIME YacTOTAMHU.

[Ipumep ycmernraoro npuMeHeHns THOPUIHBIX METO/I0B B MIPOTHO3UPOBAHUH CKOPOCTH BETPA
MOXKHO HafiTu B pabore [7]. ABropbr 310it paboThl 3 }heKTHBHO COYETAIOT METOJ JEKOMIO3H-
MU HA BapUAIIMOHHBIE MOJIBI, DEKYPPEHTHYO HeilporHyto ceth Gated Recurrent Unit (GRU) u
METOJI, TIOUCKA MO CeTKe ¢ TepekpecTHoit mposepkoii (Grid Search with Rolling Crossvalidation
— GSRCV) w1 0qHOBpeMeHHO# onTuMu3anuu Kiodessx napamerpos VMD u GRU. Toctur-
HyTBIe pe3yabraThl (cpenHekBagparnanas ommbka RMSE: 0.2047, cpeausis abcosorHas ommnb-
ka MAE: 0.1435, cpeauas abcomornas npornentnas omubka MAPE: 3.77 %, cummerpuanas
cpenusas abcomornas nporentHas omubka SMAPE: 3.74 %, sa6iarospemennocts — 1 gac)
JIEMOHCTPHUPYIOT BBICOKYIO KOHKYPEHTOCIOCOOHOCTD MPEJII0KEeHHON THOPHIHON MOJIEJH CPeIn
COBPEMEHHBIX IOJIXO0JI0B K HMPOTHO3UPOBAHUIO CKOPOCTH BeTpa. Kpome Toro, 6bLI10 OTMEdeHO,
gro VMD npesocxogut jpyrue Merosbl jekomnosuimu, takue kak EMD u EEMD, B mrane
TOYHOCTH TTPOTHO3UPOBAHUSI, ITO MOII4EePKUBAELT er0 3POEKTUBHOCTH B MOTOOHBIX 33,aUaX.

B crarwe (8] mpemtoxkena rubpuHast MOJIEb IPOTHO3MPOBAHNST CKOPOCTH BETPA, OCHOBAH-
Has Ha MeTOoJIe JICKOMIIO3UIUU Ha Bapuaruonusie Mojbl, THC u cucreme Jlopenna g ydera
aTMochepHBIX HeolpereneHHocTelt. CHavaaa JaHHbIE CKOPOCTH BeTpa 00pabaTBIBAIOTCS € IO-
Motbio VMD, 4100661 BbIIEJUTH HECKOJIBKO YaCTOTHBIX KOMIIOHEHT, 38T€M KOMIIOHEHTHI HCIIO/Ib-
3YIOTCA JJIsl IOCTPOEHHsT U 00ydeHusl HeHPOHHOI cern (HampuMmep, HeHPOHHASA CeThb ¢ JOJTOi
KpaTrkocpounoit mamsateio — LSTM, nmosrrocBs3Has neiipornast cetb — FCNN, ceTh paanabHo-
Gasucubix Gyukuuit — RBF win pekyppenTHas HeiipoHHAs ceTh DiMaHa), a cucrema JIopeH-
1A IPUMEHAETCA JIJId y4eTa XaoTHUYeCKOH NPHPOIbl aTMOChEpHBIX Bo3MylneHuit. ['uOpuanast
MOJIE/Ib TIPOJIEMOHCTPUPOBAJIA 3HAUYUTEIHHOE YIYUIIeHne TOYHOCTH TPOTHO3UpOBaHus (3a6/1a-
rospeMeHHOCTb — 1 wac), ocobenno 3amernoe cumkenne MAE (menee 0.07) 1 MAPE (menee
2 %), aro nomreepKaaeT 3bGEKTUBHOCTD yueTa aTMOChepHBIX HEOTPeIeJeHHOCTeH W U0 b
30BaHUS METO/Ia JeKOMIIO3UIIMY HA BaPUAIMOHHBIE MOJIBI.

Hesbio paboThl siBIsieTCs pa3pabOTKa U HpUMeHeHHe THOPUIHOI0 MeTO /I KPaTKOCPOU-
HOTO TPOTHO3UPOBAHU JIOKAJBHOM CKOPOCTH BeTpa ¢ 3abJIarOBPEMEHHOCTBIO 10 24 9acoB, KO-
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Puc. 1. U3menenne ckopoctu Berpa B paitone ¥Y3M BIK ¢ 01.01.2021 mo 31.10.2022

Topbiit ucnoabp3yer UHC B codetanum ¢ mpeaBapuTeabHONE (DUIbTpalueil BXOJIHOIO CHTHAIA
METOI0M AEKOMIIO3UIINK Ha BaPHAIIMOHHBIE MOALI. [10 m3MepeHHbIM CTAIHOHAPHON MeTeoCTaH-
el HCTOPUIECKUM 3HAUEHUSIM CKOPOCTH BETPA 38 MPEIBIAYIIHE YaChl, PA3IOKEHHBIM Ha MOJIBI
¢ nomombio VMD, neodxomaumo ¢ nomormpio MHC npejickasars ckopocTh BeTpa depes 1, 3, 6,
12 m 24 qaca.

1. CTpyKTypa BXOIHBIX JAHHBIX. VICXOaHBIE METEOPOJIOTHIEeCKHE JAHHBIE /IS UCCAST0-
BaHMsl OBLIN TTOJIYYeHBI ¢ HOMOIIBIO yIbTpa3ByKoBoil MeTeoctaniuu (Y3M) «Mereo-2» Bazoso-
ro skcrepumenTanabHoro kommiaekca (BOK) NOA CO PAH 3a nepuos spemenn ¢ 01.01.2021 mo
31.10.2022. ABroMaTn3upOBaHHBIN YIBTPA3BYKOBOI METEOPOJIOTHIeCKUil KOMILIeKC «MeTeo-2»
HpeIHa3HavYeH /IS U3MEPEHUsT MeTeOPOJIOIHIeCKUX ITapaMeTpOB BO3JIYVIIHON Cpebl: TeMIlepa-
Typsl (£0.35°), ckopoctu (£0.3 M/c) u nanpasienns: (£3°) BeTpa, OTHOCHTEIBHON BJIAKHOCTH,
armocdepuoro jgassenus [9)|.

Pasmep nabopa panubix coctasisger 16056 exkewacubix HaOs0fenuii. M3venenue ckopo-
ctu Berpa B paiione Y3M B9K mokazano wa puc. 1. MakcumaibHasi CKOPOCTh BeTpa 33 BECh
paccMaTpuBaeMblil epuoj coctaBuia 9.7 M/c, cpejiHee 3HAUEHHE CKOPOCTH BeTpa — 2.3 M/c.
Bribpannbie naHHbie OBLIM pa3jie/ieHbl Ha TPU HE3aBUCHMbBIE BHIOOPKH: 00YYAIOIIYIO BHIOOPKY,
coorBercTByIomyto 70 % AaHHBIX OT OCHOBHOH BBHIOOPKH, BAJIUJIAIMOHHYIO BBIOOPKY, COOTBET-
crBytomyio 20 %, u TecroByio BLIOOPKY, coorBercThyonyoo 10 %.

B nanHoii pabore MeTO JeKOMIO3UITMN BXOJHOTO CHTHAJA Ha Bapuainonabie Mojpl (VMD)
IPUMEHSIETCS K BXOJHOMY HAOOpY JAHHBIX (€2KeTaCHO H3MEPEeHHBIM 3HAYEHUSM TPU3EMHOIl CKO-
POCTH BeTpa) mepejt ucrnoab3oBanueM Mojeau MHC st mporHo3upoBaHusi CKOPOCTH BETPA.

2. MeTo/, 7eKOMIIO3UIMY HA BapUAIMOHHBIE MOABI. B [6] npemnioxken HepekypCuBHBI
metro; VMD, B KoTopoMm MOjibl U3BJIEKAIOTCsl ojHOBpeMenHo. Meroj urier ancamb/b MO U
COOTBETCTBYIOIIHE UM IEHTPAJIbHbBIE TACTOTHI TAKIM 00pa30M, 4TOOBI MOJIBI TIOC/IE CIJIaKABAHKS
B COBOKYITHOCTH BOCITPOU3BOJIMJIA BXOJTHOU CUTHAJ.

Metox VMD moxker pa3noxkuTh 060t BXogHON curHast y(t) HA JUCKPETHOE KOJHICCTBO
coctapysiiomux (k-Momel), e Tpebyercs, 4Tobbl KaxKIasg Moja (MOJICUTHAIbBI) Uy HPEICTaB-
JIsLIaCh TEHTPAJbHON 4acTOTON Wy, ONpeJesIeHHOI B mpolecce jAekoMuo3unnu. Kaxpas Mojia
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paccMaTpPHBAETCS KAK aMILTATYIHO-MO/LY THDOBAHHBIN 1 9acTOTHO-MOy IupoBanubrii (AM-UM)
CUTHAJ BUA

uy(t) = Ax(t)cos(¢x(t)),

rae Ag(t) n wi(t) — MrHOBEHHAST AMILTUTYIA W MTHOBEHHAsT YacToTa (byHKIHH Uk (t), wi(t) =
do(t)
dt.

OrpannvenHast BapHallMOHHAS 3a1a4a JJI HaXOXKIeHHs Bcex Mon B VMD omnpenensercs
Kak [6]:

b Ek: ‘ % {(5@) + %) : uk(t)] ¢t

rae y(t) obosnavaer curuan miasa pasznoxkenns; ug(t) € {ui(t),us(t),. .., ux(t)} — k-a moza;
wi € {w1,ws, ..., Wk} — HeHTpanbHasg yacrota k-it Moawl; 0(t) — pacupenenenne lupaka; t —
Bpems; K — KOJIMYeCTBO MOT; * 0003HATALT CBEPTKY; € ¥k — ba3op, omuCHBAIOIIN BpaIeHAE
KOMILTIEKCHOTO CATHAJIA BO BpeMenH, e j2 = —1. Bosee BbicOKEe 3HaveHus k COOTBETCTBYIOT
MOJIAM ¢ KOMIIOHEHTaMU Gojiee HU3KOM 1acToTh.

Bapuanunonnas 3amada 8 VMD [6] (1) sddekTuBHO peraercsi ¢ TOMOIIBIO METOAA MHOMKHI-
TeJieli aqpTepHaTUBHOTO Hanpabenus (Alternating Direction Method of Multipliers — ADMM
[10-12]). Mozst ug(t) obnoBAsIOTCs ¢ OMoIbIo huabrpanun Bunepa B obractu Pypbe ¢ buib-
TPOM, HACTPOCHHBIM Ha TEKYIIYIO MEeHTPAJbHYI0 YacTory [13]:

2

IIPU YCJIOBUH Z ur(t) =y(t), (1)
2 k

an—&-l(w) — @(W) - Zi<k ﬂ?—i_l(u}) - Zi>k ﬂf(w) + O5;\n(W)
g 1+ 20(w —wy)? ’

(2)

e U (w), g(w), X(w) — npeobpazoBarna Oypbe COOTBETCTBYIOIIMX BEIMYHH, 1, — HOMED UTepa-
un, 6 > 0 — ko3 dumuenT npu KBaIPATHIHOM MTPA(QHOM WIeHe, A — MHOKUTETH Jlarpanxka.

3aTeM TEHTPaJbHBIE YACTOTHI Wy OOHOBJISIOTCA KAK IMEHTP TAXKECTH CIIEKTPa MOITHOCTH
COOTBETCTBYIOIIEH MOJIbL:

(3)

n+1 fooo W QZH(W) ’2 dw
Wit = |2

F fooo|ﬂz+1(w) dw

Haxkomnen, muoxkurtesb Jlarpan:ka A, obecniednBaioninii BrITIOJHEHWE TOYHBIX OIPAHUYEHUI,
Ha CJIeJIYIONe UTepaluy BRIYUCIIeTCd KaK:

A (W) = N'(w) +7 (@(w) - ag“(@) : (4)

rjae 7 > 0 — urepanuoHHbli KOIMDDHUIUEHT.
Urepannonnast mporueaypa (2)—(4) moBTopsieTcss 0 TeX MOp, MOKA He OyAeT BLIMOJTHEHO
yCJI0BHE cxonuMocTH [6)]:
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Tabauua 1

MeTpuku mporuo3a CKOpOCTU BeTpa C pa3jIndHOil 3a06/1aroBpeMeHHOCTHIO

VMD-FCNN FCNN

MAE, m/c | MAPE | R* | MAE, m/c | MAPE | R’
1 uac 0.013 09 % | 0.999 0.446 27 % 0.688
3 gaca 0.018 1.1 % | 0.999 0.599 39 % 0.471
6 yacos 0.027 1.8 % | 0.998 0.727 50 % 0.261
12 gyacos 0.051 32% | 0.996 0.861 61 % 0.062
24 vaca 0.101 6.1 % | 0.986 1.062 2% 0.013

3.2. Peayavmamu, npoerozuposarus. s oneHkn 3pHeKTUBHOCTH NP/ IJIOKEHHOIO THOPHUI-
HOTO MeToja B TabJI. 1 NpuBeIeHbl 3HAUCHUA METPHUK JJIsi IIPOTHO3a CKOPOCTH BETpa ¢ pa3/ind-
HO#t 3abuiarospemennoctbio (1, 3, 6, 12 u 24 yaca Buepej), paccyuTanabie 10 24 U3MEPEHHBIM
3HAYEHUAM JIJIS TPEJJIOKEHHOr0 THOPHIHOIO METO,1a, U MOJTHOCBSI3HON HeHPOHHOM ceTn 6e3 npu-
MeHeHust Texuosioruun VMD.

[Ipu cpaBHEHUH TOJTYYEHHBIX 3HAYECHUNH METPUK MOYKHO CJIEJIATh BBIBOJ, YTO IIPeIaraeMblit
rUOPUIHBIN METO 3HAYUTEIbHO YMeHbIaeT omuoKy mporuosuposanus VHC. 13 tabaunpr Tak-
’Ké BUJIHO, UYTO TOYHOCTH MPOTHO3MPOBAHUSA B KAXKIOM CJIyUae CHUKAETCI C YBeJIUUEHHEM Be-
JIMYMHBI IEPUOJIA IPOIHO3UPOBAHUSA, ITPUYEM IIPU UCIOJIb30BAHUN PA3pPab0OTAHHOIO THOPUIHOTO
MeETOda IMPOTHO3UPOBAaHUA XapaKTep CHUZKECHUA IOpa3a0 MEHBIIE.

MeTpuku poruosa ¢ 3a0,1ar0BpeMEHHOCTBIO 1 Yac, HOJIyYeHHbIE B PaMKaX JJAHHOI'O HUCCJIe-
JIOBAHHUsI, IEMOHCTPUPYIOT COU3MEPUMYIO0 TOTHOCTh ¢ Pe3yJIbTATaMHU, IPEICTABIEHHBIME B |7, 8).

Ha puc. 4 npusegennbl rpahuku cOOTBETCTBHUS MTPOTHO3BUPYEMBIX B (DAKTUYECKHX 3HATCHUI
CKOPOCTH BETPa C PA3HON 3a0/1ar0BPEeMEHHOCTHI0. BUIHO, 9YTO BO BCeX PACCMOTPEHHBIX CJIYUaAX
rUOPUIHBINT METOJT XOPOIIIO COOTBETCTBYIOT M1 IbHOMY ITPOTHO3Y.

[Ipu nporuo3upoBaHum ¢ UCIOJTb30BAHUEM T'MOPUIHOIO0 METOIa HADIIOaeTCa 3HAYUTEIbHOE
VIYYIIeHAE MOKa3aTeJed KadyeCTBa 110 CPABHEHUIO C MOJICJIbIO IMOJHOCBA3ZHON HEHPOHHOH ceTn
6e3 mpumenennsd Texuosorud VMD. B gacTtHocTH, npu 3a01aroBpeMeHHOCTH 1 9ac cperHsiss ab-
comornas omubka (MAE) u cpeausta abcosornas nponentnas omubdka (MAPE) ymenbmmucs
na 97 %, xoapdpumuent nerepyunaman (R?) yseanunnca na 31 %. INpu 3a6aarospemennoctu 6
qacoB MAE u MAPE cuusmincs ma 96 %, R? nosbicuics na 74 %. Haxomer, mpu 3a61arospe-
mernocTn 24 waca MAE 1 MAPE cumsmance me Meree deMm Ha 90 %, R? 10CcTHIIO yBeTHIeHHS
na 99 %. Cumxxenne MAE 1 MAPE o3nagaer, 4To rubpuanag MoJesb gaeT 6oJ1ee TOIHbIC Ipe/I-
CKA3aHUs 1 JIONYCKAET IOPa3/i0 MEHbIe omuboK. YBeandenne R? roBopuT o TOM, 9T0 MOJe/b
BCE JIYUIle OMUCHIBAET PEATHHYIO 3aBUCUMOCTD MEKIY MPEIUKTOPAMU U Te/IeBOi TIePeMeHHOIA.
STI/I PeE3YJAbTAThl IMMOATBEPZKAAI0T MPEUMYITECTBO UCHOJIB30BaHUA NPEII02KEHHOT'O I‘I/I6pI/I,ZLHOFO
MeTOJIa JIJI MPOTHO3UPOBAHUS € PA3JIHIHON 3a0,1ar0BPEMEHHOCTDIO.

Ha puc. 5 u 6 npuBegeHbl WIITIOCTPAIIMA COTJIACOBAHUS NPOTHO3a U MU3MEPEHUil JJIsT HEeKO-
TOPBIX JAT TECTOBOil BBHIOOPKH ¢ 3a0saroBpemMeHHocTbio 1, 3, 6, 12 m 24 uaca. ['paduaeckue
AaHHBbI€ OJHO3HAYHO IHOATBEPzKAAIOT IIPEUMYIIECTBO HMCIOJIb30BaHUA IIPEIJJIOKEHHOI'O FH6pHZL—
HOT'O MEeTOa JIsl MPOTHO3UPOBAHUS C PA3JIUIHON 3a0,1arOBPEMEHHOCTBIO, JTIEMOHCTPUPYS €0
cTabMIbHYI0 3(PHEKTUBHOCTD.

Sakgrodyenue. B nannoit pabore npeiioken rubpuIHbIN MeToI KPATKOCPOYHOrO MPOTHO3a
JIOKAJILHOM TTPU3EMHON CKOPOCTH BeTpa Ha OCHOBE JAHHBIX HAOJIIONCHHIT HA METEOCTAHIIHSX.
Meros ocHOBaH Ha UCIIOJB30BAHUN BAPUAIMOHHON JEKOMIIO3UIIUKA BPEMEHHOT'O PsiJIa M3MepeHuit



H. B. Jleav, A. B. Cmapuenko 31

HA& MOJIbI U TIOC/IEIYIOIIEr0 TPUMEHEHN s COBOKYITHOCTH MO/ K MOJIEJIH TTO/THOCBA3HON HEHPOHHOM
CeTH /I TMOJIyUeHus TPOrHO3UPYEeMOil CKOPOCTH BeTpa depe3 3aJaHHOe YHCJI0 JacOB.

[IpumeHeHne pa3zpaboOTaHHOTO TUOPUIHOTO METO/Ia KPATKOCPOYHOT'O TTPOTHO3a MMO3BOJIIIO B
gydmeMm ciaydae yMmensmuth MAE 1 MAPE wa 97 % ns 3a61arospementoctu 1 uac, R? ysenn-
qurh Ha 99 Y% g 3abaarospemennoctu 24 waca. B wacrnocrn, 3navennss MAE causumuch 10
0.013-0.101 m/c, a MAPE — 10 0.9 %-6.1 % B paccMOTpEHHBIX CIIEHAPHUSAK, YTO COOTBETCTBYET
BBICOKOW TOYHOCTH TPOTHO3MPOBAHMS.

OnenuBas MOJIYyYeHHBIE DPE3YAbTATHI, MOXKHO CJIeJIATh BBIBOJ, O II€JIECOODPA3HOCTH JAJh-
Heffreit paboThl MO HMCIOIB30BAHUIO TIPEJIOXKEHHOTO THOPUIHOTO METOMA s TOBBITIEHUS
Ka4ecTBa KPATKOCPOYHOI'O HPOIHO3UPOBAHUS CKOPOCTH BeTpa M JIPYIUX MeTeolapaMeTposB,
HNOJIy9aeMbIX B Pe3yJibTaTe HAOIIOACHUI.
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