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Hcnonp3oBanue MeTeOCTaHIINU

Tunbl craHumii: 00CTy>KUBaeMbIE,
HEOOCTyKMBaeMbI€, ABTOMATUYECKHUE,
METEOPOJIOTUYECKUE, aTPOMETEOPOIIOTNUECKHUE,
TUJIPOJIOTUYECKUE, ABUALMOHHBIC
METEOPOJIOTUYECKUE

CO0op maHHBIX: CpEHAS CKOPOCTh BETPA,
MaKCcHMaJlbHasi CKOPOCTh BETpa, HAIIpaBJICHUE BETPA,
JaBJICHUE, TEMIIEPATYpPy, KOJTUYECTBO OCAJIKOB,
o0nauHoCTh, Ap. Beero 14 mapameTpos.

Kparnocts 3anucu nanseix — 1 pa3 B 3 yaca
Kparnocts 3anucu B 15 munyT, 1 yac —
JOTIONHUTENbHAA ycayra oT Pocruapomer

Ha3zHayeHne CTaHUMM . TPOTHO3 MOTOBI,
IIpeICKa3aHus MaBOAKOB ¥ HABOIHCHHM,
IJIAaHUPOBAHUE arpOKYIBTYP, HCTIOJIb30BaHUE B
DHEPTeTHKE (BETEP, COTHIIE), KOMMYHAIbHBIC
JIOPOXKHBIEC PAOOTHI, OIICHKA 3arpsI3HECHUN BO3TyXa U
BOJIOEMOB

J{1s1 paboTHI € CeThbI0 MeTeOCTAHIUI HEOOXOIUMO
UCIIOJIB30BaTh aJITOPUTMBI TEOPUM TPadoB, METOIBI
ontumuzarmu, ANN




I{eap u 3amaun padOTEI

* Ilean: Pa3zpaborarh aHCamMOIb HEUPOHHBIX CETEH JIJIS
IpeJICKa3aHusl METEOIaHHBIX B MPOU3BOJBHOM TreorpauueCcKon
TOYKE

* 3angaua 1: coOpaTh HEOOXOAUMBIE METEOIAHHBIC

* 3amaua 2. pa3paboTarh apXUTEKTYPy HEHPOHHBIX CETEH I
npenckazanus Ha 1-3 gueit, o0yunts ANN 1 oLIeHMTH OIIKOKY

* 3agava 3. npUMEHUTH JAHHYIO METOAUKY IS 3a0a4
BETPOSHEPTETUKHU

* 3amgaua 4. noaAroToBuTh yoOauKanuu B xxypHaiasl Q1,02 B 2022

Hayunas rpynna UCII PAH: Jlanuun Psa3anoB, Anekcanap MBaHOB,
Koncrantun Komenes, bynar Kamdytaunos, Cepreit CTpukak



O030p Hay4YHBIX KOJJICKTHBOB.
Cetb MeTeocTanuii B Mcmanuu, peruon Castilly y Leon

Fig. 1 Meteorological station
network of the InfoRiego
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PaccmarpuBarorcst 53 meteocraniuii. Pazpaborana Mojienib BUPTyaIbHBIX METEOCTAHIIHIA.

Hcnonws3oBansl anroputMsl: Distance weighting, inverse-squared distance weighting, multilinear regression, and

random forest regression.

Hannble B3sThl 3a 1 rox (07.2017-06.2018) + (X,Y,Z) u3 6a3sl JaHHBIX ArpapHOro TexHoorndeckoro uacturyra Catilla

Pesyabrat: IDSW and the ANN with the softsign activation functions were the most precise approach to perform the
interpolations and to use in the VWS as preferred methods for the Castilla 'y Leo’n territory

B.M. Franco et al. Neural Computing and Applications (2020) 32:12801-12812



Cetb MeTeocTtannui B Jlannu u B Hugepimangax
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Fig. 1: Using depthwise-separable convolutions to go over different dimensions of the input tensor. The resulting three tensors
are concatenated along the city-dimension and then flattened and fed into a dense layer with 128 hidden neurons. Lastly, a
dense layer with three neurons calculates the final output.

Netherlands

(2) Danish weather stations (b) Dutch weather stations

Fig. 3: The cities where the wind data was taken: (a) Aalborg, Aarhus. Esbjerg. Odense and Roskilde. (b) Schiphol, De Bilt,
Lecuwarden, Eelde, Rotterdam, Eindhoven. Maastricht.

TABLE II: The average MAEs and MSEs of different models over target cities in Denmark dataset.

[ Model MAE NSE
Oh 120 18i 24k 13 12h 180 24
Persisience T30 | 2210 | 2305 | 2313 | 3608 | 7920 | 5702 | 8812
2D 1304 1.746 1930 | 2004 | 2824 | 5088 | 6.120 | 6.610
D+Atention | 1313 | 1.715 | 1905 | 1.950 | 2885 | 4.896 | 5933 | 6.201
2D+Upscaling | 1307 | 1.723 | 1858 | 1.985 | 2826 | 4.931 | 5.639 | 6.474

D 1311 | 1677 | 1908 | 1957 | 2855 | 4.595 | 5.958 | 6.238
Multidimensional | 1.302 | 1.706 | 1.873 | 1925 | 2804 | 4779 | 5.773 | 6.066

TABLE III: The average MAEs and MSEs of different models over target cities in the Netherlands dataset.

[ Nodd MAE NMSE
1h 2h Jh 4h 1h 20 3h [
Persistence G35 | 1133 | 1290 | 1337 | 18361 | 29695 | 31038 | 37536
D 811 | 927 [ 1005 | 1002 | 11689 | 149.01 [ 18078 | 218.49
2D+Attention 808 9.10 1011 1100 | 11596 147.75 18066 | 213.23
2D+Upscaling | 8.16 | 907 | 10.14 | 1085 | 117.80 | 147.21 | 18244 | 208.96
3D 817 | 926 [ 1015 | 1093 | 1835 | 15151 [ 18135 | 21119
Multidimensional | 8.12 9.05 9.95 10.94 116.78 144.51 17407 | 208.73
S = | S
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Fig. 2: The model architecture of the models that were tested. () 2D convolutional neural network. (b) 2D convolutional neural
network with auenton. (¢) 2D convolutional neural network with ransposed convolution (upscaling). (d) 3D convolutonal
neural network. The input dimensions and number of output neurons are adjusted to the dataset. Here. the models for the DK

dataset are shown.

1) Denmark dataset is hourly measurements of temperature, pressure, wind speed and wind direction of five cities in
Denmark from 2000-2010. The dataset is split into training and validation (years 2000-2009) and test set (year

2010).
2) 2)the Royal Netherlands Meteorological Institute. It contains hourly weather measurements from 7 cities in the

Netherlands from January 1, 2011 until March 29, 2020 resulting in 81.000 data points. [Iporao3 MeTeogaHHbIX
Ha 6,12,24 yacoB Bepen

K. Trebing, S. Mehrkanoon. Wind speed prediction using multidimensional convolutional neural networks. 2020.



[Iporuo3 Temneparypsl Bo3ayxa B Kurae o manasim GFS
MOJIEJIM, CETH METEOCTAHIIUIM U JJAHHBIM C METCOCIyTHUKA

- 1,812 observation stations in China

- Ucnonws3oBansl nanusie GFS 3 h precipitable water vapor

(GFS PWV), relative humidity (GFS RH).

- Forecast length of the GFS data (GFS PWV and GFS RH)

used was 3 h per day, and there were eight periods of data per

day (i.e., 00, 03, 06, 09, 12, 15, 18, and 21 UTC).

- Chinese geostationary meteorological satellite Fengyun-4A R gl :
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FiGURE 1: Elevation of study area and meteorological sites in China. Differently colored dots represent sites located at different elevations.

- China Meteorological Data

- Service Center (CMDC) (http://data.cma.cn/)
Pesyabsrar: RMSE of the XGB model was 2.376°C,

the RMSE using satellite data combined with numerically
modeled Tair data reached 1.946°C

FY-4A/AGRI data (BT, BT;3)
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Ke Zhou et al. Comparison of Machine-Learning Algorithms for Near-Surface Air-Temperature Estimation from FY-4A AGRI Data.
2020. Advances in Meteorology
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OnTuMabHOE MPOSKTHPOBAHKME CETH METEOCTaHINH B [ epManuy.
rpymia Prof. Jirgen Kurths (Potsdam Institute for Climate Impact Research)
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Germany.

A. Agarwal et al.: Optimal design of hydrometric station networks. Hydrol.
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Figure 4. Location of rain stations in Germany and adjacent areas.
Black dots indicate stations lying inside Germany that are used in
the analysis. Red dots indicate stations outside of Germany that are
used for network construction only in order to minimize the bound-
ary effect. © Esri, USGS. NOAA.

1229 stations across Germany

Earth Syst. Sci., 24, 2235-2251, 2020



[Ipumepsnl UCTIONB30BAHUS HEMPOHHBIX CETEU IS NMPEACKA3AHUA CKOPOCTH BETPa
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Chiou-Jye Huang, Ping-Huan Kuo. A Short-Term Wind Speed Forecasting Model by Using Artificial Neural
Networks with Stochastic Optimization for Renewable Energy Systems. Energies, 2018.



Pe3ynbpTar mporuo3a CKOpoCTH BeTpa Ha 3 IHA
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Figure 13, The forecasting results of the proposed WindNet: (a) Partial results A; (b) Partial results B;

Figure 10. The forecasting results of random forest: (a) Partial results A; (b) Partial results B; () Partial (c) Partial esults C; (d) Partial esults D (¢) Partial results E; () Partial results F

results C; (d) Partial results D; (e) Partial results E; (f) Partial results E



Berposneprerruka B PO

Berposnepreruka u HOBbI€ BeTponapku B PO:

VYnbsiHOBCKast 061acth (2018-2019)
Pecniy0smka Caxa, mocesok Tukcu (2018-2019)
Pecniy0oamka Ansires (2019-2020)
Craspomnonbckuit kpait (c 2019 )
Kpacuonapckuii kpaii (2020)

Mypmanckas oomacts (2021)

OcHoBHble yuyacTHUKHU peiHKa: POCATOM (AO
«HoBaBuuny), [TAO «®optym» / I'pynima «POCHAHOY,
«uen Poccus». i O z & :

B Poccum co3maerca HOBas MHAYCTPUS, €KETOIHO

CTPOSITCSA HOBBIE BETPONApKW, HAYATO MPOH3BOICTBO  [[ythpoBoii JBOMHHK BETPONAPKA _
BCTPOI€HEPATOPOB, YIIIyOJAETCA JIOKAIU3AUUA OTAENBHBIX  parcHMATBHO MIOMHOE OMMCAHME TeXHNIECKOM
AJIEMEHTOB BETPOANEKTPUUECKUX yCTaHOBOK (BDY). CHCTEMBI ~ Ha  OCHOBE  KOMIIBIOTEPHBIX

OporpaMM M MaTeMaTHYeCKUX MoJeiei s
[TorpeOHOCTE B pa3paboTke LU(POBBIX JBOMHUKOB, pelenns 3a71a9 KOHCTPYHPOBaHH,
NOTPeOHOCTh B MeTEOJaHHBIX. IPOEKTHPOBAHNS, SKCIUTyaTaliy

Hyxna nndopmanus (BpemeHusie psajbl) 3a 20-30 Jer. IIPOMBIIIEHHOTO 00BEKTA.



MauTa

_ nonacTn

ebicOoTa Ao
ueHTpa

ypoBeHb
semMnn

BnusiHue cKopocTH BETpa Ha
MOIIIHOCTb BETPOrE€HEPaTOpa

P=05-V3S.p-é

V - ckopocTb BeTpa (m/c)

S - nnowanb oTMEeTaHUA (KB.M)

P - NIOTHOCTb BO3ayxa (Ky6.m)

¢ - KOapPUUMEHT NOrPELIHOCTH
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1. https:

SQ@hooo o

M cTOYHMKN KIMMATHYECKUX JAHHBIX

rp5.ru

Mecto npenckazaHus

S3bIk uHTEpEiica

Enunue! usmepeHus

Bo3M0OXHOCTB 3arpy3ku JaHHBIX

PaznuuHble KpynHbIe rOposia KOTOPbIE BO3MOXXHO HaM MOHAA00UTCS
Koopaunats! BBIOpaHHOTO MecTa

Br100p nHTEpECYIOMUX JaHHBIX

KonTaxTsl

[Tyts -> Be16op MecTa (Topo/)-> HHTEPECYIOIINEe HHTEPBAJ MpeacKa3anus (IPpeasIayIre JHNA)->BO3MOXXHOCTb CKa4aTh JaHHBIE

2. https://www.gismeteo.ru/

hoOoO TR

Mecto npenckazaHus

Heo6xonumble mapameTpsl (CKOPOCTb, TEMIIEpaTypa U T1.)
Koopaunats! BBIOpaHHOTO MecTa

Bo3MOXHOCTB pacnieyarku

Juanazon nar (tonbko Buepén) Ao 10 quei

KonTaktsl

ITyts -> Be160p MecTa (TopoI)-> HHTEPECYIOIIIE HHTEPBAI MPEICKa3aHus (TOIBKO BIIEPEI)->BO3MOXHOCTD pacreyarars (CBOIKY JaHHbIX)

3. https://www.meteoprog.ua/

@hoooow

Mecto npenckazaHus

B03MOXXHOCTB YKPYITHUTB PETHOH (QJIyILTA - BECh KPBIM)

BriBoa rpadukoB (B mpuHLIKIE O€CIIONE3HO, HO AJIs O0IIEH THHAMHUKH HOPM)
BriBoguTcs 0011as kapTa ¢ caMbIMU OCHOBHBIMH NIPUPOAHBIMU NIPU3HAKAMHU
Pa3nnunble norogHble HOBOCTH (IIPUMEp: yparaH IJie TO)

Pa3nuunble KpynHbIE FOPO/a KOTOPbIE BO3MOXKHO HaM [TOHA100UTCS
KoHTakTel

I[Tyts -> Br160p MecTa (ropo)-> HHTEPECYIOIe HHTePBal NPeICcKa3aHus (TOIBKO BIIEPE)->BO3MOKHOCTb pacreyarars (CBOAKY JaHHBIX)

Hurne HeT oIIMOKM npeAcKa3aHus
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Tecrosriit npumep MCII PAH - 00paboTka MeTEOTaHHBIX IS
M3BECTHOM MeTeocTaHIuu B Jupyter-Lab

. Hcnonb3yercs BpeMEeHHOU ps/1 HaOJ0/1eH 3a MOTOTHBIMHU
YCIIOBUSIMH, KOTOPBIE 3amuchiBaloTcst MHcTuTyTOM Brioxummu 25 1
Makca Ilnanka. 0l
—— T(degC)
. HaGop manHBIX conepkuT 14 pa3mTuuHBIX MPU3HAKOB TAKUX KaK =25 - ' ' ' ' ' ' ' '
TeMIeparypa Bo3ayxa, aTMOC(epHOe JaBlICHUE U BIaXXHOCTb. 1000 1
. Jannsie coduparorcs kaxasie 10 munyt HaunHas ¢ 2003 roga. %501 p (mbar}
JLiist poCTOTHI MBI OyZIeM MCITONIb30BaTh TOJIBKO JaHHBIC . . . T . . . . .
coopannbie B epuoy ¢ 2009 mo 2016. 1400
= rhio {g/m**3)
*  JlaHHBI IPUMED ABJISETCS BBEACHUEM B IPAKTHKY 1200
MIPOTHO3UPOBAHUHN I BDEMEHHBIX PSJ0B C UCIOIb30BAHUEM

uHcTpyMeHTapus TensorFlow. 5 .;,I 1. 1 1 *5| n ﬁ.l Ful 1 |
C I S S O L I i

*  PaccMarpuBaeTcsi HECKOJIBKO MOJIEIIEH, BKIKOYas CBEPTOYHBIE Date Time
HeripoHHble (CNN) cetu u peKyppeHTHbIE HEHPOHHBIE CETU
(RNN).

*  Dra TeMa IpejacTaBieHa B IBYX INIABHBIX Pa3zienax C
HOJ(pa3/IeNIaMHu:

*  IIpenckasanue cieayroniero BpeMEHHOTO Hiara:

— -Ilo omHOMY IIpU3HAaKY.
— - 1lo Bcem mpu3Hakam.
. [Ipenckazanrie MHOTHX IIArOB 10 BPEMEHHU:
— - OnHOKpaTHBIN: cpa3y Bce MpesicKas3biBas 3a pas.

— - ABroperpeccus: NpeacKa3aHue ¢ UCXOHOM TUITOTE301
0 TEKyIlleM 3HaYeHUH

Jlnis oOyueHus1, BATUAAINHA U TECTUPOBAHUS
JaHHBIC TTOATOTABIIMBAIOTCS M pa30MBaroOTCs Ha 3
rpynnst: /0%, 20%, 10%

https://colab.research.google.com/drive/1iHVAUfzT7CD4a_4HsnOuMQHAf4GelbeB?usp=sharing#scroll To=GU8C5q
m_4vZDb
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Dataset 3a 2017-2019 ¢ mereocraniuu 34949 r. CraBpononn

Number Year Month Date Hour Direction Vmean Vmax Temperature Pressure
34949 2017 1 1 0 185 1 9 -4,9 1020,4
34949 2017 1 1 3 0 0 2 -5,9 1019
34949 2017 1 1 6 0 0 2 -6,8 1019,5
34949 2017 1 1 9 288 5 7 1,3 1017,2
34949 2017 1 1 12 295 4 8 -0,2 1017,5
34949 2017 1 1 15 282 7 11 -0,1 1018,2
34949 2017 1 1 18 266 12 18 -0,3 1018,2
34949 2017 1 1 21 281 8 18 -0,2 1018,3
34949 2017 1 2 0 269 11 15 0,6 1018
34949 2017 1 2 3 277 11 19 0,8 1017,3
34949 2017 1 2 6 267 13 19 1,4 1017,4
34949 2017 1 2 9 274 12 19 2 1016,4
34949 2017 1 2 12 273 12 19 2,2 1015,5
34949 2017 1 2 15 253 10 19 2,2 1016,3
34949 2017 1 2 18 270 13 20 2,1 1016,2
34949 2017 1 2 21 250 6 17 1,3 1017,3
34949 2017 1 3 0 263 10 15 1,4 1016,9
34949 2017 1 3 3 269 8 18 1,8 1016,3
34949 2019 12 30 12 85 5 9 -0,4 1027,2
34949 2019 12 30 15 112 3 6 -1,2 1027,7
34949 2019 12 30 18 137 3 5 -1 1026,5
34949 2019 12 30 21 120 3 5 -1,3 1024,8
34949 2019 12 31 0 124 2 4 -1,4 1023,5
34949 2019 12 31 3 191 2 5 -1 1021,7
34949 2019 12 31 6 229 3 6 -0,4 1021,4
34949 2019 12 31 9 259 2 5 2,6 1018,9
34949 2019 12 31 12 268 5 7 2,7 1016,8
34949 2019 12 31 15 261 8 11 0,8 1016,4
34949 2019 12 31 18 260 10 14 1,9 1014,8

34949 2019 12 31 21 241

()]
[ER
()]

1,1 1014,1
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[Ipocreniias MoAeb ITPOTHO3a

* IIpocrenmas nmpeackazareabHas MOJICIb IIPEICKA3bIBACT OJUH
IIPU3HAK Ha CICAYIOIMEM BPEMEHHOM IIare NpoCTO KOMUPYS

SHAYCHHNC Ha TCKYIICM BPCMCHHOM HLIAIC.

Peanmu3oBana Ha Python B Buzie otnenbHON yHKIMH
Dataset — meteoianHble 110 CTaHIMU B . CTaBpOMoJib
TounocTbk nporunosa — 77 %

TouHOCTE IPOTHO3a MEHEE ATOTO 3HAUCHHS HE UMEET
CMBICJIA

t=0

t=1

t=1

Inputs

Model

Predictions

Labels



IIporuo3 meteoaaHHbIX 11 cTaHUMHU B I. CTaBpamos.
Ucxonubpie nanurie - Dataset 2017-2019.

BriOpanna HeitponHnas cetb LSTM

https://habr.com/ru/company/wunderfund/blog/331310/

Cocrour u3 YCTBIPCX BSaHMOI[efICTBYIOHII/IX CJIOEB

AsTop opuruHana: Christopher Olah

19


http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Pe3ynbraTel 00y4deHHUs

- Jlnst oOyueHus HeilipoceTu OblI UCTIOIB30BaH JaTaceT ¢ MeTeoJaHHbIMU U3 I. CTaBponosib 3a 3 To/Ibl
- JlanHbIe OBUTM HOPMATM30BaHbI

- Jlyist mpeacka3aHust JaHHBIX ObLIO BEIOPAHO OKHO B 3 JHS

- OCHOBHasI METPUKA - KOPEHb CPeAHEKBaIpaTHUHON ook RSME

- CpenHee OTKJIIOHEHHE MPEACKa3aHHOTO pe3yyibTaTa OT (PaAKTUUECKOTo pe3yibraTa OKoJo 2,5

apameTpbl HenpoceTu MapameTpbl HelpoceTu
Model: "sequential 6"
0.01900 1 = {rain
Layer (type) Output Shape Param # fest
0.01875
lstm 10 (LSTM) (None, 30, 150) 91200
dropout 15 (Dropout) (None, 30, 150) 0 0.018501
lstm 11 (LSTM) (None, 50) 46200 " 0.01825 1
n
dropout 16 (Dropout) (None, 50) 0 3 001800 -
dense 10 (Dense) (None, 100) 5100 0.01775 -
dropout 17 (Dropout) (None, 100) 0 0.01750 -
dense 11 (Dense) (None, 1) 101 001725 1 N
Total params: 136,601 y r r r r r . y
Trainable params: 136,601 0 2 4 ) 8 10 12 14
Non-trainable params: 0 Epachs

Jletnss mkona MAU 05.2021 B Anymre: 2 komaH bl cTyaeHTOB (meta_cats, MAMU. Tloroxa) 20



Pesynbrarel mporuo3a CKOpoCcTH BeTpa A1 cTaHuuu B I. CtaBpanonbs Ha 1 Mecsi
dakTHuecKue Mmokasareiu U npeaukr s F (m. s)

121 w— fact
w— predict

10
8 4
m
EI 61 ‘ ‘
) | " . ‘
- AWMU .
2 4
0 |
o N & o a 1 N o
D a8 O oS 5 o5 o 9
60 o9 o 6O 6O 6O o0 o0
20> O 20* 0% 20> 20> 20> 20”

BriOpanHa Heitponnas cetb LSTM



CeTtb moCTynHbIX MeTeocTaHu B PI'BY
CeBepo-Kapkaszckuit YI'MC (u3 132 crannuii mnoctymnssl 121 Ha rp5.ru)
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Pabouwnii mporecc

PCA, POD kNN LSTM, 3D CNN, aHcambau

[ToaroroBka JaHHBIX O6yuenue ANN Ha
dopmupoBaHue
wia 121 mereo- JTAHHBIX

MUHH-KJIACTEPOB
Crannuu 3a 10 ner MHUHU-KJIACTEPOB

[Iporuo3s ckopoctu ITporHo3 KaHHBIX
Perucrpanus BETPA Ul BETPOIapKa I LIEHTPAJIbHON
IIporpammel 11 9BM C 3aJaHHBIMU Meteoctanuuu Ha

KOOpAHWHaTaMu 1-3 nueit

IIporno3 MouHocTH
P iz BOY




PaboTta ¢ JaHHBIMHU U TIEPBbIE PE3YJIbTAThI

Name index LAT LON ELEV rp5 color radlon radlat
YPIOMWHCK 34240 50.800 42000 110 1 red 0733038 0.886627

ENAHb 34253 50950 43733 132 red 0.763285 0.889245

IloaroroBka maHHbIX Isa 121
METCOCTAaHIIUU

ITO: jupyter notebook, Python,
pandas, scikit-learn 0.24.2 W s ok o

1
1
118 byasenHoeck 37061 44783 44133 136 1 red 0770206 0.781611
1
1

PYAHA 34262 50.833 44567 114

0

1 1

2 HOBOAHHWHCKMIA 34254 50.533 42,683 98 1 red 0.744959 0.881967
2 1 red 0777841 0.887203
4 1

OAHWNOBKA 34267 50367 44117 102

red 0769987 0.879070

red 0838631 0.727226

red 0.833395 0.723736

HOI/ICK 6HI/I}KaI>’IHII/IX k Coceﬂeﬁ 119 Ouenoe 34858 45917 43350 a7
(k:4) I[HH HeHTpaHBHOI\/JI 120 Muxaiinoeck 34949 45109 42113 4529
METEOCTAHIINU

red 0.756600 0.801403

red 0735011 0.787301

121 rows = 9 columns

Hcnonb3oBanue aaropurma
KNN

Sklearn.neighbors.BallTree.

Pabora ¢ Google Earth Pro ¢
ncnoiab3oBanueM AP

pnly For development purposes only For development purposes only For development purposes only For developme}
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[TonydeHna rpymra KjiacTepos,
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3aKJIIOUCHUE

[IoaroroBiieH 0Oy4arOLIMKA OpUMEP A1 HEMEIIKOM METEOCTaHI[UH
C UCIIOJIb30BaHuEeM Jupyter-lab

ITogrorosnens! 121 datasets 3a 10 net st ®I'BY Cesepo-
Kapkazkoro YI'MC ¢ 4acToToM 3anucH ¢ NEPUOJIUIHOCTHIO 3
yaca. JlTaHHBIC B3STHI C caiTa Ipo.ru

[Imanupyem oOyduTh MOAEIb B utone-aBrycre 2021 mis
IpEeACKa3aHNus METEOJaHHbIX Ha 1-3 mHS BOepen

Jl1s 00ydeHus Mojelu UCIoib3ytoTces pecypebl HHI'Y, cepBepa ¢
8 GPU Nvidia A100

[LtannpyemM pacCMOTPETH 3a71a4y C IIPOTHO30M MOIITHOCTH BOY
Lagerway L100 P=2.5 MBT no gaHHbIM IIPOTHO3a CKOPOCTHU
BeTpa B CTaBpoOIOIbCKOM Kpae PO



J1OMOJIHUTEIILHBIC CIIAUJIbI



bepesoeckaa BIC crpourcs

KD'-—I}'EEEEEHEH BIG & skcnnyaraum

Apnpirefickan BIC & secnyaraum

Bonnapeeckan BAC crpowres

Mapuenkoeckan B3C crpoucr

Eiickasa B3C crpourcs

Kapmanuxorckaa BIG crpowrea

&E,ELEE}HEHEHE_H BaC MpOeKTURYETCA

JumoeHmKoBckad BIC crpourca

HoBrie BOC Ha rore PO

220.00 mer
210.00 mer
150.00 mer
120.00 mer
120.00 mer
72 .00 mer
60.00 mer
60.00 mer
0.00 mer



MaremMaTnueCcKkuu arnmnapar Aj1 HEUPOHHOU CETH

sigmoid (x) = l+1e—1 (1)
ReLU(x) = max(0, x) (2)
Sigmoid ReLU

10 10

08 8

06 6

04 4

02 2

00 0

00 -15 -50 -25 00 25 50 75 100

(@)

200 -75 -50 -25 00 25 50 75 100
(b)

Hcnons3osanue I10: TensorFlow, PyTorch, Scikit-learn, pandas

gt = Vofe(6i-1)
my=Pr-mp1+(1-p1)- g

v =Py o1+ (1-Ba) &F

L
= 1—55
5 —
0y 1_%
6, =0 q— aA- i
Viite

l N A
MAE = %) [y = |
Nn:l

RMSE =

(10)



[IporHo3 kpuBoi MomHOCTU BOY

1 .

P,=—-pAuv° (1)
9 e

H: =T Cp Pzr {2}

The maximum theoretical mechanical power that can be extracted by wind turbines is 0.5926 (the Betz limit)

Polynomial regression has been extensively used in the

a - : -
literature to estimate the power curve of wind turbines. This where V' stands for the transpose of V and obtain
model can be considered as a standard extension of the linear
regression p; = Sy + S1vi + €;. with a polynomial function 8= (Vv lvTp, (7)
pPi — Bp + B1v; + .S-zt'? + -+ ,35.:':" + ;. (3)
Model (3) can be written as
P—V3+e @) The ten-fold cross-validation
where P = (p1,po,... pa). B= (Bo. B1,-- -, _33,-)T, €=
= . . S ) 10
(€1.€2,....€6,) , and V is a matrix with its ith row being
defined as V; = (1,v;.v2,....vF). We use the least squares CVo) = 10 ZMSPE" (8)
method to estimate 3 by minimizing the residual sum of i=
squares (R55)
RSS(B) = (P - VB) (P - Vg). (5)

Differentiating (5) with respect to 3, we solve

IRSS(8)

— _ay !’ _ _
T I (P-VB) =0 (6)



[Iporno3 P(U) ms BOY Vestas Wind Systems A/S, Furlander AG
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Fig. 1. The manufacturer wind turbine power curves for (a) turbine model V82
and (b) wrbine model FL-255 with the scatter plots of 720 generated wind
speed and hourly produced power for | month, assuming normally distributed
noises about the manufacturer power curves with standard deviations o, =
100 and o, = 20, respectively.
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Fig. 2. Fitted polynomial regression models for (a) turbine model V82 with
degrees 4 and 5 and (b) wurbine model FL-255 with degrees 6 and 7. The
black-dashed curves are theoretical power curves from the manufacturers.

S. Shokrzadeh et al. Wind Turbine Power Curve Modeling Using Advanced Parametric and Nonparametric
Methods. IEEE TRANSACTIONS ON SUSTAINABLE ENERGY, VOL. 5, NO. 4, OCTOBER 2014.



