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IMPOI'HO3 COCTOSAHUA JJECHBIX DKOCUCTEM CPEJHEI'O ITIOBOJIKbSA
C UICHIOJBb30BAHUEM CAMOOBYYAIOIIIUXCA MOJEJIEHN

C.A. Jlexxnun, A.B. I'yoaes, O.H. Bopo6seB, D.A. KypbaHog,
.M. Ieprynos, JI.B. TapacoBa
[ToBoMKCKUI TOCYIapCTBEHHBIA TEXHOJIOTUUECKU YHUBEPCUTET

B cmamve npedocmaenenvl pe3ynibmamsl UCCIE008AHUA NO NPOSHOZUPOSBAHUIO COCMOAHUS
necuvix axocucmem Cpedneeo I1080ondicbsi ¢ UCNONB308AHUEM CAMOOOYUAIOWUXCA MOOenel,
paspabomannvix 6 cpede Python. bBviiu paspabomanvl u npomecmuposamvl HeCKOIbKO
sapuanmos mooeneu Ol NPOSHO3d, 8 MOM YUCTe C UCNOIb308AHUEM HeUpOoHHbX cemel. Bce
ucnonwb3zyemvie mMooenu Ovliu camooOyyaoUWUMUC HA OCHOBE OAHHBIX, COOPAHHBIX 3d NEPUOO C
2000 no 2020 200. B kauecmee npusHaka, Xapaxmepuzyrouie2o cOCMosHUe JIeCHbIX IKOCUCTEM,
UCNONB3068AH HOPMANUZ0BAHHBIU OMHOCUMENbHbIU UHOekc pacmumenvHocmu (NDVI). Kak
NOKA3anu  pe3ylbmamvl — Mecmupo8anus,  Haubosee  MOYHOU  OKA3ANACb — MOOelb
9KCHOHEHYUAIbHO20 C2NANCUBANUS, KOMOPAS COOEPHCANA HAUMEHbUUe OWUOKU NO CPABHEHUIO C
opyeumu moodenamu. Ha ocnoge moolenu IKCNOHEHYUANbHO20 CNAXCUBAHUA Obll NPOoGedeH
NPOCHO3 COCMOSIHUA NecHbiXx dKxocucmem 00 2050 2o0a, Komopbulil NOKA3aL YCMOUYUBLIL POCH
Gdumomaccol Ha meppumopuu ucciedosanus. Pezyiemamsl NPOSHO3UPOBAHUL  XOPOULO
COOMHOCAMCS ¢ OAHHBIMU NPedblOyuux decamunemutl, max kax ¢ 2000 no 2020 200 nabarodanocs
obujee cHudiCeHUe BbIPYONIEHHBIX U NOBPENCOEHHBIX NONCAPAMU OPeBOCMOoed HA Mmeppumopuu
uccneodosanus. Kpome mozo, socxooawuti mpeHo Xopouio Koppeaupyem ¢ oowum pazgumuem
0pesocmoes U HaKONIeHueM UMU OUOMACCHI, eciu OHU He NOOBEPIHCEHBL BHE3ANHBIM He2AMUBHBIM
8030eticmBUsM.

Knrouesvie cnosa: npocrnosuposanue, necnvle Hacadxcoenus, pumomacca, Python, netiponnas
cemb, Mooenuposanue
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IN THE MIDDLE VOLGA REGION USING SELF-LEARNING MODELS
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The article presents the outcomes of research forecasting the state of forest ecosystems in the
Middle Volga region using self-learning models programmed in Python. Several forecasting
models have been developed and tested, including those that employ neural networks. All the
models were self-learning based on data collected from 2000 to 2020. The condition of forest
ecosystems was characterised using the Normalized Difference Vegetation Index (NDVI).
Experiments revealed that the exponential smoothing model was the most accurate and had the
fewest errors in comparison with other models. A forecast of the state of forest ecosystems up to
2050 was made using the exponential smoothing model, and the results revealed a steady
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phytomass increase in the area under study. Since there was a significant decrease in fallen and
damaged trees in the research region from 2000 to 2020, the forecasting data correlate well with
past records. Provided the stands are not vulnerable to unexpected negative impacts, the upward
trend is directly related to the overall development of the stands and their phytomass
accumulation.

Keywords: forecasting, forest stands, phytomass, Python, neural network, modelling

BBenenue. [lonnmanue AMHAMUKY U CAMOOPTaHU3AIUN SKOCUCTEM SBIISIETCS OJJTHOU U3 CaMbIX
CIOXHBIX TpobseM coBpeMmeHHoU skonoruu (Levin, 1999). Camoopranusaius HpOUCXOIUT
OJIHOBPEMEHHO Ha HECKOJIbKHX YPOBHSX HEPApXUUYECKOM OPraHU3alMH SKOCUCTEMbBI U BKIIOYAET
JTUHAMHYECKHE MPOLECChl, JEHCTBYIOIIME B Pa3HBIX BPEMEHHBIX U IPOCTPAHCTBEHHBIX
macmtabax (Levin, 2003). JluHamMuka JIECHOTO TIOKPOBA OTHOCHTCS K BpPEMEHHBIM U
MPOCTPAHCTBEHHBIM HW3MEHEHUSM, MPOUCXOISIIMM OJHOBPEMEHHO Ha pa3HBIX YPOBHAX
OpraHM3allMi SKOCHUCTEMBbl. Pa3iuuyHble MOAXOABI K MOJEIUPOBAHHIO, HCIOJIb3yeMbIe IS
MOHMMAHUS U IPOTHO3UPOBAHUS ITHX W3MEHECHUH, BKITIOYAIOT PSII TUCKPETHBIX M HETIPEPHIBHBIX
JNETEPMUHHAPOBAHHBIX MOJIENICH, TAaKWX KaK WHAMBHIyalbHbIE Monend, auddepeHrnanbHbe
YpaBHEHHsI W ypaBHEHHS B 4YacTHHIX Npom3BoaHbIX (Strigul et al, 2012). 3a mocnemnue
JecsTuiieTus: Obulo pa3paboTaHO OOJBIIOE KOJIMYECTBO MOJENEH, MPOrHO3UPYIOIIUX pa3BUTHE
neca (Botkin, 1993; Pastor, 2005; Moorcroft et al., 2001; Strigul et al.,2008). Tem He MeHee, ecTh
(byHIaMeHTaIbHBIE BOMPOCHI, KOTOPBIE CYIIECTBYIOIINE KOJUYECTBEHHBIE IMOAXOIbI HE MOTYT
MOJTHOCTBIO PEIINTh.

OnHO# W3 OCHOBHBIX MpPOOJEM SIBISETCS MOHUMAHHME JWHAMHUKHU JIECHBIX JKOCHCTEM IIPH
HECTAIMOHAPHBIX PEXWMaxX BO3MYIIEHHUH, CBS3aHHBIX C KIMMAaTHYeCKUMHU (akTopamMu U
AQHTPOIIOIE€HHOM JIEeATEIbHOCTBI0. HEenoHbIi nepeueHb HapyleH!i, CyIIECTBEHHO BIMSIOIINX HA
NPWKUBAEMOCTD JIEPEBHEB U MPHUBOAIMINX K W3MEHEHHUIO TUIOMIA/IN JIECOB WIIM WX COCTOSHHS,
BKIIIOUAET BETEP, MOPO3, yparaHsel, 1eCO3aroToBKH U yecHble moxapsl (McCarthy, 2001; Hanson,
Weltzin, 2000).

WuauBuayanbHble MOJETH CIIOCOOHBI MMHUTHPOBATh HeraTuBHBbIE d(DPEKThl BO BpEMEHH U
npoctpanctse (Liénard, Strigul, 2016), ogHako 3TH MO, KaK MPaBUIIO, TPOU3BOASTCSA TOIBKO
C TMOMOIIIbIO KOMIIBIOTEPHOT'O MOJIETUPOBAHMSI, M 3TO OTPAaHUYHMBAET BO3MOKHOCTb MIPECKa3aHUs
pa3BUTHS DKOCHCTEM C MPUBSI3KONH K HATYpHBIM JAHHBIM 3a MpOLIeANIne rojsl. Jns pemeHus
JTAHHOM MpoOIeMbl HEKOTOPBIE YUEeHble 0ObEIUHIIOT MHOTOMEPHBIN CTaTUCTHUUYECKUI aHaIM3 C
MapKOBCKOM MOJENbI0 BEPOATHOCTEH A pa3paboTku aetanbHOro mporuosa (Liénard et al.,
2015). Opgnako OJHOBPEMEHHOE UCIOJIb30BAaHME HECKOJbKMX HE3aBUCHUMBIX  JIECHBIX
XapaKTEPUCTHK CYIIECTBEHHO CHUXKAET CIIOCOOHOCTh IOHMMATh JIECOBOJYECKHH CMBICT
MoaenbHBIX TporHo3oB (Caswell, 2001).

Eme omHMM COBpeMEHHBIM TOJIXOJOM K MPOTHO3HUPOBAHUIO SIBIISIETCS WCIIOJIE30BAaHHE
BPEMEHHBIX PS/IOB (aBTOPETPECCHOHHBIC MOJICITH U CITyJaifHbIe BBIOOPKH) JJISI KOJTMYECTBEHHOM
OIICHKH JMHAMHUKH JIECHBIX YKOCHCTEM H TTOCTPOSHHSI TPOTHOCTUYECKIX MOJIEIEH, BKITIOYAFOIIINX
Heckonpko mapameTpoB (Fox et al., 2008). DToT THm Mojene MOXET MPeoaoeTh OCHOBHBIC
HEJIOCTATKU TPENBIIYINX MOAeNeH. ABTOPETpEeCCHOHHBIE MOJIEIH PabOTAIOT C HENPEPHIBHBIM
NPOCTPAHCTBOM, OHHU TMONJAIOTCS aHadW3y © MOTryT paboTaTh € MHOTOMEPHBIMHU
XapaKTepUCTHUKAaMU CIIOXKHBIX afanTuBHBIX cucteM (Davis et al., 2012).

B mocnenHue roapl Bc€ Oorbliee pacpocTpaHeHNE IPY TPOTHO3UPOBAHUN PA3BUTHS JIECHBIX
9KOCHUCTEM TONYYMWJIH HCKyccTBeHHBbIe HelpoHHbIe cetu (MHC), mockoibKy OHU MOTYT
o0OecrieunBaTh yCIEUIHbIE MPOTHO3BI C YYETOM MOJEIeH pPa3BUTHS IPEBOCTOS M HATYPHBIX
TaHHBIX. HelipoHHBIE CEeTH SBISIOTCS OYCHB MOJIE3HBIM HHCTPYMEHTOM B MOJICIIUPOBAHMSI TAHHBIX
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(Esteban et al., 2009; Ashraf et al., 2013; Bugday, 2018; Dogan, Bugday, 2018). Omgnako
CYIIECTBYET JIMIIb OTPAaHUYCHHOE KOJMYECTBO HMCCIICOBAHUI IO MCIOJIB30BAHUIO HEUPOHHBIX
CeTell B MOJICNTMPOBAHUH JIECHBIX dKocucTeM (Soares et al., 2011; Bhering et al., 2015).

Heabi0 padoThbl SBIAIOCH NPOTHO3MPOBAHWE PA3BUTHUS JIECHBIX dKocucTteM CpemaHero
[ToBomxbs 10 2050 roaa ¢ UCIOIB30BAaHUEM HATYPHBIX JAHHBIX U HEHPOHHBIX CETEH.

Jist moCTHXKeHHS Lebl ObUTH PELICHBI CIeIYIOINE 3aJa4u:
e 110100paHbl HATYPHBIC TAHHBIE IO COCTOSHUIO JIECHBIX dKocucTeM Cpennero [ToBomkes 3a
nepuog ¢ 2000 o 2020 rox;
e 107100paHbl TPOTHO3HBIC MOJICNIM, OCHOBAHHBIC HAa HEHPOHHBIX CETSX, MMO3BOJIIONINC
o0y4aTbcsl Ha MPOIUIBIX TAHHBIX;
® [IPOBEJCHO IPOrHO3MPOBAHHE pa3BUTUs JieCHBbIX 3kocucteM Cpennero I[loBoikbps Ha
nepuon 10 2050 roxa.

Metoauxa pador

Coop noneevix 0anHHbIX

B xadecTBe npu3HaKa, XapakTEpU3YIOIIEro COCTOSHUE JIECHBIX IKOCUCTEM, ObLIT UCTIOIb30BaH
HOPMAaJIM30BaHHBIA OTHOCHUTENIBHBIM HWHAEKC pactutenbHoct (NDVI), mpocroit mokasarens
KonuuecTBa (PoTocHHTETHYECKH aKTHBHOW Ouomaccel. NDVI wucnonb3yercs nansi OLEHKU
COCTOSIHHMSI JIECHOTO IIOKPOBa B Pa3IMYHBIX HCCIICIOBAHMUSIX W CUMTACTCS ONTUMAIBHBIM IS
no100HbIX paboT (Zhao et al., 2022; Deng et al., 2022; Imanyfar, Hasanlou, 2019).

Jlns nony4yeHus JaHHBIX ObLIa co3/1aHa peryisipHasi BEKTOpHas ceTh 1x1 KM, 3aKpbIBaroiias Bce
JIeCHbIE HacaXJeHUs Tuiomaasto 6onee 0,5 ra Ha TeppuTopuu uccneaosanus (puc. 1) (BopoOres
u ap., 2022).

Puc.1. Tansl co3aaHus peryasipHoii ceTH TECTOBBIX YYACTKOB
Ha (a3e TeMaTH4eCKOi KapThl JIECHOTO MIOKPOBA TEPPUTOPHH HCCIeT0BAHUS
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C momoIpio CO3/T1aHHOM ceTH OblTa coOpana 6a3a nannupix 3HaueHU NDVI 3a nepuoa ¢ 2000
no 2020 roxm, koTopas B JAajbHEWIIeM Obljla WCIOJNb30BaHA B OOYYEHHWH HEHPOHHOU ceTH
(tabm. 1)

Tabuuna 1
®parmenT 0a3bl 1aHHBIX NDVI
No Hara
TOUKH | 01,05.2000 | 01.06.2000 | 01.07.2000 | 01.08.2000 | 01.09.2000 | 01.05.2001
0 0,781164 0,83864 0,850705 0,865301 0,789846 0,739768
1 0,781164 0,83864 0,850705 0,865301 0,789846 0,739768
2 0,796212 0,84424 0,8578 0,862646 0,791788 0,741775
3 0,780265 0,834326 0,83695 0,862244 0,794527 0,744477
4 0,780479 0,835051 0,837853 0,863418 0,795304 0,744394
5 0,780479 0,835051 0,837853 0,863418 0,795304 0,744394
6 0,779799 0,836451 0,847305 0,864056 0,789251 0,739355
7 0,781164 0,83864 0,850705 0,865301 0,789846 0,739768
8 0,781164 0,83864 0,850705 0,865301 0,789846 0,739768
9 0,784444 0,836271 0,853764 0,86561 0,79194 0,736975
10 0,783426 0,835894 0,852623 0,86494 0,791311 0,735778
11 0,785544 0,839876 0,857992 0,86843 0,792747 0,737208
12 0,785544 0,839876 0,857992 0,86843 0,792747 0,737208
13 0,787657 0,843027 0,862761 0,871242 0,795364 0,736673
14 0,790631 0,840439 0,857817 0,863302 0,789945 0,737636
15 0,790631 0,840439 0,857817 0,863302 0,789945 0,737636
16 0,793086 0,839834 0,854144 0,857626 0,787078 0,740755
17 0,79493 0,841128 0,85662 0,860803 0,789718 0,742382
18 0,79493 0,841128 0,85662 0,860803 0,789718 0,742382
19 0,777341 0,829881 0,834039 0,858667 0,791919 0,742695
20 0,777341 0,829881 0,834039 0,858667 0,791919 0,742695
21 0,780265 0,834326 0,83695 0,862244 0,794527 0,744477
22 0,780479 0,835051 0,837853 0,863418 0,795304 0,744394
23 0,780479 0,835051 0,837853 0,863418 0,795304 0,744394
24 0,779799 0,836451 0,847305 0,864056 0,789251 0,739355
25 0,781164 0,83864 0,850705 0,865301 0,789846 0,739768

Iloo6op npozno3nvix mooeneii

Jns pa3paboTku Mojeneld NpPOTHO3UPOBAHUS JIECHBIX HSKOCHCTEM OblLIa MCIOJIb30BaHA
6ubmuoreka Darts s si3p1ka nmporpammupoBanus Python (Time Series Made...). Pa3pabotunku
6ubmuorexku Darts cTpeMsTCS yIpOCTUTh aHAJIN3 BPEMEHHBIX PSIOB M MPOrHO3upoBaHue. Darts
MONJEPKUBAET pa3WYHble TMOAXOJbl K MPOrHO3UPOBAHUIO, HAYWMHAs OT KJIACCHYECKUX
CTaTHCTUYCCKHUX MoJieel, Taknx kak ARIMA 1 skCIoOHEHITMAIBbHOE CTiIa)KUBaHUE, M 3aKaHINBAsI
HOBBIMHM METO/IaMH, OCHOBAaHHBIMHM Ha MAIIMHHOM U i1yOokoM oOyuenuu. Kpome Ttoro, Darts
BKJIIOYAET B ce0s pa3iuyHble QYHKIHUU, KOTOPBIE MO3BOJSAIOT MOHATh CTATUCTHUECKUE CBOWCTBA
BPEMEHHBIX PsIJIOB, @ TAKXKe OLIEHUTh TOYHOCTH Mojienelt mporuozupoBanus (Rolnick et al., 2022).

[lepBbIM marom B modo0ope Mojeseil MporHo3upoBaHus Obliia 00paboTKa UCXOAHBIX JAHHBIX
U MX CTaTUCTHYECKUX CBOMCTB. DTO OBUIO JOCTUTHYTO METOJOM aHalu3a BPEMEHHBIX PAIOB U
rpadu4eckuM OTOOpakeHUEM IOIyYeHHBIX pe3ynbraToB. Ilocie 3arpy3ku Habopa JaHHBIX B
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paboumii anropuTM K HEMY MPHMEHSIOTCS HEKOTOpPhIE METOJBI MPEIBAPUTEILHOW 00pabOTKH
JAHHBIX, TAKME KaK yAaJIeHUE HEHYXKHBIX CTOJIOIOB, YCTAHOBKA €KEMECSYHOTO MHACKCA AAaThl U
BPEMCHH M yJaJieHHE HYJEBBIX 3HaueHUi. [locne ouncTkn Habopa JaHHBIX CO3/1AaETCS MPOCTOU
JUHEHHBIN TpaduK BpeMeHHOTO psiia (puc. 2).

NDVI
—— NDVI_mean N h

W ||
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Puc. 2. Pacnipenesienne cpenHux 3HaueHmii naaexca NDVI 3a BpemeHHo¥ nepuoa c6opa J1aHHBIX

Ha pucynke 2 BUAHO, YTO CYIIECTBYET SIBHAs TEHJEHIUS K YBEJIIMUYCHHIO 3araca JIPpeBECHBIX
HacaxaeHui. KpoMe Toro, mpocnexuBaroTCsi Ce30HHBIE KOJieOaHUs (PUTOMACCHI, YTO SIBISETCS
€CTECTBEHHBIM IIPOLIECCOM BO BPEMS BETETALMOHHOTO Neproja. B nemom TpeH Ha yBenudeHue
JIOBOJIBHO TOCTOSIHHBIM, 3a MCKIIOYEHHEM OTAEIbHBIX NEepUOJOB: cHaja oOIIero 3amaca
¢dutomaccel B Hauaine 2000-x cBsi3aH ¢ 00MUPHOI 3acyxoii Ha Teppuropun Cpeanero IToBomxkbs;
pe3koe cHmxkenne nHaekca NDVI B 2010 roay cBsizano ¢ npomenmmmu noxapamu; crnag 2013-
2014 ronoB Takke KOPpENHpYET C JaHHBIMM O 3acyXaxX Ha TEPPUTOPHM HCCIEIOBAaHUS B 3TO
BpeMsL.

Crenyromum 1marom Obuia J€KOMIO3UILKS BPEMEHHOTO psAa IS U3BJICUEHUS! KOMIIOHEHTOB
TPEHJa, CE30HHOCTH M OCTaTkoB (puc. 3). B 3TOM KOHKpPETHOM Ciydae y»Xe MOXHO ObLIO
UCHTU(PHUIMPOBATH KOMIIOHEHTHI, BU3YaJIbHO paccMaTpuBas JTUHEWHBIH rpaguk, HO CE30HHAs
JICKOMITO3HUIIMSI 3HAYUTEIBHO ITIOMOTaeT B 00Jiee CIOKHBIX CITydasx.
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Puc.3. Tpenpa, ce30HHOCTb M ocTaTKu MHAeKkca NDVI 3a npomenmuii nepuosn

[TocTpoeHre aBTOKOPPENSUMOHHOW (YHKIUU BpPEMEHHOTO psga, T. €. JHUHEHHOH

3aBUCUMOCTH MEX/Ty €€ 3HAUCHUSIMH C 3aIa3/[bIBAHUEM, TIOKA3bIBACT, YTO AaBTOKOPPEIISAIUS TAKKE
BBIJICJISIET CE30HHYIO COCTAaBIIAIONIYIO BPEMEHHOTO pssia (puc. 4).
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Puc.4. ABTOKOppENAIUSI BPEMEHHOI0 PsAIa

Mooenu npozno3upoeanus 6pemeHHbIX PAOOE

Crenyromum 3Tarnom uccie10BaHus Obli1o 00y4eHUe pa3InYHbIX MO/IEJIeH MPOrHO3UPOBAHUS
Ha Habope ganHbix NDVI. HeoOxoaumo Obw1o momo0pats MOJENb ¢ HAaUBBICHIEH TOYHOCTHIO U
anekBatHOcThi0. Hamnbonee s¢p¢dexkrtuBHas mozens OyneT HCIONB30BaHA B JAIbHEHIIEM s

IIPOrHO3MPOBAHUS COCTOSIHUSA JIeCHBIX dkocucteM Cpeanero IloBomxbs 1o 2050 roma. 3arpyska
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nauabix NDVI mponuteix jetr B o0wvekt TimeSeries O6mbnuorexkn Darts mo3BOJUT CTPOWTH
IPOTHO3BI M OTOOpaXkaTh Pa3MUYHBIC TMOKA3aTEIM MOJEH, BKJIIOYAs CPEIHIOI aOCOIIOTHYIO
omnOKy (Mean absolute error, MAE), cpennekBaapaTudeckoe otkioHeHue (Root mean square
error, RMSE), cpennioto abcomoTHyro omuOKy B mporenTax (Mean absolute percentage error,
MAPE), cuMMeTpuyHyl0 aOCONIOTHYIO MpPOIEHTHYIO omuOKy (Symmetric mean absolute
percentage error, SMAPE) u R2.

Hauenas modenv npocnosuposanus

CrangapTHON MPAKTUKOW MPH MPOTHO3UPOBAHUU C MTOMOIIBI0 HEHPOHHBIX CETEH SIBISAETCS
YCTaHOBKAa 0a30BOM TOYHOCTH, YTO 3aJaéTCS C TMOMOINBIO CO3JaHUS HAMBHOW MOJAEITHU. ITO
IIOMOKET OLEHHUTH IPOU3BOAUTEIILHOCTh 0OO0Jiee CIOKHBIX MOJEJEH, KOTOPhIE TEOPETHUECKU
JIOJDKHBI UMETh 00Jiee BBICOKYIO TOYHOCTh IO CpaBHEHHIO ¢ 0a30Boif uHuel. B nuccnenoBanuu
CO3/aeTcs HauBHAasl C€30HHAs MOJEJIb, KOTOpasi BCerja MpecKa3biBaeT 3HaueHue Ha K maros
Ha3zaj, rae K paBHO ce3oHHOMy nepuopy. [[nst TecTMpoBaHUS HAaMBHOM CE30HHOW MOJENIU
ucnonb3yetcst GyHKIus history forecasts ¢ ropu3oHTOM MporHo3a Ha 12 MecsieB. Jta GyHKIUS
[IOCJIEZIOBATENbHO 00y4YaeT MOJENb B PACIIMPSIOUIEMCS OKHE U II0 YMOJYAHUIO COXpaHsET
NOCJIEIHEE 3HAYEHUE KaKJIOro MpOrHo3a. OTOT METOJ H3BECTEH KaK pPEeTPOCHEKTHBHOE
TECTUPOBAHUE WM TEPEKPECTHASI IPOBEPKA BPEMEHHBIX PAIOB, U OH SBJSIETCS 0OJiee CIIOKHBIM
[0 CPaBHEHMIO C TUIMYHBIM MeTogoM oOyueHus. Ilocne co3manusi mporHosa oroOpaxkaercs
rpaduK ¥ cTaTUCTHYECKHE TToKa3aTenu (puc. 5, Tadi. 2).

Naive Seasonal
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Puc. 5. HauBHas Moeab nocje caMo00y4eHHUs HA MOJeBbIX AaHHBIX
Tabmnuma 2
CraTtucTnyeckue nNoKasateju HAMBHOI MO/ieJIM IPOrHO3a

Mopean MAE RMSE MAPE SMAPE R?
Hausnas Mmomenb 0,05 0,07 23,65 21,52 0,94
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Kax BugHO U3 rpadmka 5 v Tabnuipl 2, HAaMBHAS MOJIEh MOCE CaMOOOYUYEHHUS C JOBOJIBHO
BBICOKOH TOYHOCTBIO CTPOUT IMPOTHO3, B CPaBHEHHMD C JaHHBIMU 3a TMOCJIEIHUE 3 Troja
HACCIIENOBAHMS.

Mooenw IKCNOHEHYUATIbHO20 CeNaMNCU6aAHUA

[Tocne ycraHoBKkHM ©6a30BOM TOUYHOCTH MOYHO MOCTPOUTH MOJIEIH, OCHOBaHHbIE Ha IPYTHX
MeTojax pacyera. Crenyromass Mojeiab Obljla MOCTPOEHA Ha OCHOBE 3KCIOHEHUIHUATbHOIO
crinaxuBaHus Xosta-BuHTepa, KJIacCHMYECKOTo IMOAXO0/a, KOTOPBIM YCIEIIHO HCIOJIb3YeTCs ¢
1960-x romo (Winters, 1960). AHamOrMYHO HAWBHOW MOJIEIH, IOCJIEC pacyé€Ta IMOIydaeTCs
rpaduueckoe oToOpakeHHE MOJACIH SKCIOHCHIIMATBLHOTO CTIKHUBAHUS U €€ CTATUCTHUYECKUE
nokazatenu (puc. 6, Tabi. 3).

Exponential Smoothing
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Puc. 6. Monenpb 3KCIIOHEHIHATBHOIO CTJIAKUBAHUS 1OCJIe caM000y4YeHHUsI HA N0JIeBbIX JAHHBIX

Tabmuma 3
CrarucTHuYecKHe MoKAa3aTeJTd MO/IeJIH IKCIIOHEHIIHAJIBHOTO CIJIasKMBAHUS
Moaeanb MAE RMSE MAPE SMAPE R?
ODKCIIOHEHIIUAIIbHASI MOJIETTh 0,04 0,06 24,99 17,91 0,94

OueBHHO, YTO MOJENb 3KCIOHEHUIMAJIBbHOTO CIVIAKWBAHUS 3HAYUTENIBHO IPEBOCXOIUT
HauBHYIO Mojienb co 3HaueHueM SMAPE, pasubeim 17 %. BusyanbHo 3T0 nmoaTBepxkaaeTcs TeM,
YTO MPOTHO3UPYEMbIE 3HAUYEHUS TOYTH UACHTUYHBI 3HAUEHUSIM HAabOopa TaHHBIX, HAHECEHHBIX Ha

rpaduk.

Mooenwv nunetinoii peepeccuu

AHAJIOTUYHO BBIMIEMOCTPOSHHBIM MOJIENSIM, UCTONbL3ys history forecasts() m cimyxeOHbIC
GyHKIMHM, CcO3/1aéM MOJCNb JMHEHHOH perpeccun ¢ OToOpakeHHeM TpadHuuecKux u
CTaTUCTHUYECKUX PE3yNbTaToB (puc. 7, Tadm. 4).
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Tabnuna 4
CraTrucTuyeckue noKa3aTejau MojeJu JIMHEIHoi perpeccuu
Mopean MAE RMSE MAPE SMAPE R?
Perpeccuonnast Monenn 0,05 0,06 23,59 21,76 0,95

Kak Buaum, Mojenp uMeeT MPOU3BOAUTEILHOCTh Ha YPOBHE HAMBHOW MOJAENTH C OJM3KUM
3HaueHreM SMAPE, Ho ¢ 4yTh Goniee BHICOKMM ypoBHeM R?=0,95.

Mooenv npoenosuposanus epemennou ceepmounoni cemu (BCC)

B nocnerane roipl rirydokoe 00yd4eHHe CTajIo MOMYISPHBIM B TPOTHO3UPOBAHIH BPEMEHHBIX
pAOOB, IpPU O3TOM pEKyppEHTHbIE HEHpOHHBIE CETH CTalM CTaHAAPTHBIM BBIOOPOM B
UCCIICIOBAHMSIX, a TaKKe B MPaKTUYECKUX NpPUIOKEHUsX. HecMoTps Ha 3To, BpeMeHHas
CBEPTOYHASI CETh — ATO aJbTePHATUBHAS APXUTEKTYpa, JA0Iasi MHOTOOOECIIAOIUE Pe3yIbTaThl
(Bai et al., 2018), mosTomy B paboTe OblsIa TPOBEPEHA €€ TPOU3BOAUTENHHOCTD (pHC. 8, TabI. 5).
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Puc. 8. Moneab BpeMeHHOI CBEpPTOYHOI ceTH MocJie caM000ydyeHHUsI HA MOJIeBbIX JAHHBIX

Tabmuma 5
CraTucTuyeckue noKa3ateju MojeJd BpeMeHHOH CBEPTOYHOI ceTH
Monean MAE RMSE MAPE SMAPE R?
BpemMeHHas cBepTouHas ceThb 0,04 0,06 20,45 17,95 0,95

O‘ICBI/I,Z[HO, 4TO MOJICIIb BCC wumeer 3HauUMTEIBLHO JYdIIyrO HOpOU3BOAUTCIBHOCTD 110
CpaBHCHHIO C 0a30BOM JTMHHEH U MPAKTUYCCKH paBHA IO TOYHOCTHU MOJCIIN SKCIIOHCHIIUAJIBHOT'O

CIrjIaKXUBaHUA.

Hpoznosupoeanue OUHAMUKU JIECHBIX IKOCUCHIEM

Kak mu OXKNJAJIOCh, BCC MOJIACIHN NPCB3OHUIA HAWUBHYHO CC30HHYHO MOJCIIb, obecneunB

XOpOIIYI0 TOYHOCTb.

Hecmorpss Ha 5310,

BHUIHO, 4YTO OJOKCIOHCHIOHWAJIIBHOC CIJIa)XHUBaHHC

obecnieynBaeT HAWJTydIIrue pe3yJIbTAaThbl, IO3TOMY IIPOTHO3 COCTOSAHUS JICCHBIX 3KOCUCTEM 1O 2050
roaa 6YI[CT OCHOBAH Ha HCM. I[J'I}I CO3aaHuA MOJCJIN UCIIOJIB3YCTCA (I)yHKI_II/IH ﬁt, YTOOBI noaorHaTb
MOZCIIb 3KCIIOHCHIHWAJIBHOI'0 CIrJIa)XMBaHHS KO BCEMY Ha6opy JaHHBIX, a 3aTeM OTO6paSI/ITI)

pe3yabTaThl (puc. 9).

Puc. 9. IIpornosusie 3Hauenns uaexca NDVI no 2050 rona
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Kak BugHo w3 Trpaduka 9, KOMIIOHEHTHI BPEMEHHOTO psijfa ObUIM  YCIENIHO
uaeHTHGUIHPOBaHBl MoOJeNb0. OOmMi TPEeHI IMOKa3bIBACT MOCTOSHHBIA POCT (huTOMaCCHI
JPEBECHOTO IMOKPOBA, YTO TOBOPHUT OO0 YCTOWYMBOM DPA3BUTUU JIECHBIX dKocucTeM CpenHero
[ToBoioKbsI. Pe3ynbTaThl MPOTHO3UPOBAHMSI XOPOIIO COOTHOCSTCS C JaHHBIMH TPEIBIIYIIHNX
necsatunetui, Tak kak ¢ 2000 mo 2020 rox HaGmrOaIOCh 00IIEe CHMIYKEHHUE BBIPYOJICHHBIX M
MOBPEXIEHHBIX MTOKapaMHU APEBOCTOEB Ha TEPPUTOPHH UcCiie1oBaHus. Kpome TOro, BOCXo i
TPEH/] XOPOIIIO KOPPEIUPYET C OOIIMM Pa3BUTHEM JAPEBOCTOEB M HAKOTUICHHEM UMK OMOMAcCCHI,
€CJIM OHU HE MOABEP>KEHBI BHE3AITHBIM HETaTUBHBIM BO3/ICUCTBUSIM.

3akJjaroueHue

CpaBHeHME MOJENIE MPOTHO3UPOBAHUS JUHAMUKH JPEBECHOTO IOKPOBAa MO3BOJSET
KOHCTaTHPOBaTh, YTO MOJETH SKCIIOHEHIMAIBFHOTO CTIaKMBAHMS MOKA3bIBAIOT YYTh JIYYIIUH
pe3yNbTaT, YeM JTUHEHHBIE MOJIENIN U MOJIeNH IITyOoKoro oOyueHusi. Bmecrte ¢ TeM cieayer UMeTh
B BHUJAY, YTO HOBBIE MOJETH HE O0S3aTENbHO Jy4ylle B KaXKIOM CilIy4yae MO CPAaBHEHHUIO C
KJIACCMYECKUMH MeToAaMu. Ho MoBceMecTHOe pachpoCTpaHEHHE BBIUMCIUTEIBHOM TEXHUKU
MperoyiaraeT BO3MOXKHYIO ONTUMH3AIMIO pa3padaThiBa€MbIX MOJENel, MPUMEHss OoIbInoe
KOJIMYECTBO MAapaMETPOB, YTO B HACTOSIEE BPeMS 3aHUMAET OOJBIIOE KOJIUYECTBO BPEMEHU U
TpeOyeT BBICOKUX BBIUMCIUTEIbHBIX MOIIIHOCTEH, OJTHAKO CIIOCOOHA MPEIOKUTh 3HAYUTEIbHBIE
yIy4IIeHUS] TPOTHO3UPOBAHUS.

[Toctpoennsiit mporuo3 10 2050 roga moka3bIBaeT BOCXOIALIUN TpeH] (PUTOMACCHI JIECHBIX
HacaxaeHuit Cpeanero [1oBoMKbs, 9TO TOBOPUT 00 YCTOMYMBOM Pa3BUTHH JIECHBIX SKOCHUCTEM.
Bmecte ¢ Tem creayer yTOYHHTH, YTO TOCTPOCHHAsT MOJENb B HE3HAUMTEIILHOW CTEINEHU
YUYUTHIBAET HETOCTOSHHBIE HETaTUBHBIE (DAaKTOPbI, TaKHE KaK TIOXapbl U 3aCyXH, KOTOpPHIE
OTPUIIATENIFHO BIIUSIIOT Ha COCTOSHUE JpeBocToeB. Kpome Toro, nns  yimydiieHUs
MPOTHO3UPOBAHUSA HEOOXOIMMO YBETWYMBATH OOydYaromuid mepuoa Mozenu. Bo3mMokHO, 4TO
oOyuaromiasi BeiOopka 3a 30- wnm 40-netHuil mepuoj nana Oojee TOYHBIE PE3yIbTaThl, YEM
ucrnoip3yemas ooyyarormias Bbioopka 3a 20 jer.
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