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Poccus mo mpaBy cuuTaeTcs JICCHOW JepaBOH, Ha Hee MPUXOAUTCs 1/5 4acTh BCEX JIECOB
Mupa, 1/2 yactb Bcex XBOWHBIX JiecoB. Jleca 3annmarot ~50% Bceil MI0Ia i CTpaHbl U COCTABIISIOT
1.2 muipa ra. 3aiuTa JIECHBIX PECYPCOB OT HOXKapa SIBJISIETCS BaXKHOM 3a7jauell yIpaBlIeHUs JIECHBIM
x03g1cTBOM. OCHOBHAsI TPUYMHA THOEIH JIECOB — TO MOXKapbl. Ha pacxo.bl Mo TYHICHUIO JIECHBIX
M0’KapOB BBIJCIAIOTCS U TPATATCA OTPOMHBbIE cpeAcTBa. [0 MaHHBIM MHMHHCTEPCTBA MPHUPOAHBIX
pecypcoB, ymep0d oT jecHbiXx moxkapoB B 2021 romy cocraBun 10.6 mupa pyousei. Cremnyer
3aMETUTh, YTO peajbHbIH SKOHOMUYECKHH yiiepO OT JIECHOro MoXKapa CKJIaJbIBAETCS HE TOJIBKO U3
ypOHa, HAaHECEHHOI'O JIECY, MPOMBIIUIEHHBIM U IPYIMM OOBEKTaM, HO U M3 3aTpaT, CBA3aHHBIX
HEnocpeACTBeHHO ¢ TyuieHueM. COOTBETCTBEHHO Ui TOro, 4TOObl MHUHUMHU3HMPOBATH BBIIIE
OTMEYEHHBIE YyHIepObl W 3aTpaThl, HEOOXOAMMO Ha paHHUX CTAAWAX JIOKAJIU30BaThb U
JUKBUIUPOBATh NoKapbl. OMHAKO i TOro 4yTOObl Ha PaHHMX CTAAUAX MPEIBUACTH IOXKAPHI,
HaIpuMep MECTOIOJIOXKEHHE, THIT IT0XKapa, BO3MOKHOE BPEMsI BOSHUKHOBEHHI, HEOOXOIMMO UMETh
JIOCTOBEPHBIE TPOTHO3BI O PHUCKAX KX BO3HMKHOBEHMs. JlJis 3TOro HeoOXoaumo pa3paborarh
CHUCTEMY MOHUTOpPUHIA U TPOTHO3MPOBAHMS PHUCKOB BO3HMKHOBEHHMS I10’KapOB C IPHUMEHEHUEM
MEPEeIOBbIX TEXHOJOTHH 00paboTKkM NaHHBIX. M3 CKa3aHHOTrO BBIIIE CTAHOBUTCS OYEBHUIHA
OTpOMHAasi BaKHOCTh OPTaHM3AlMU HaJAEKHOM CUCTEMbl MOHMTOPHUHIA U IPOrHO3UPOBAHMSI PUCKOB
BO3HUKHOBEHUS TIOKAPOB JJIi CBOEBPEMEHHOTO OOHAPYKEHUSI M MPUHATHS MEp MO HEIOMYIIEHHIO
JIECHBIX II0OKapoB, TO3BOJSIONIAS MHWHHMU3MPOBATh HSKOHOMMYECKHH, SKOJOIMYECKHH, a B
HEKOTOPBIX CIIy4asx M 4eJoBeYeCKUH, ymepo [1-4].

Panbiie nmpobsieMa JECHBIX BO3TOpAaHMM SBJISUIACH HE PEIIMMON HM B OJHOM CTpaHe MHpa,
MOCKOJIbKY YCIIOBHSI BO3HHKHOBEHHS TOapa, XapakTep €ro IOBeIeHHsS U BO3MOXKHOCTH €ro
TYIICHUS 3aBUCAT OT COYETAHUS MHOXKECTBA CaMbIX DPAa3HBIX (AKTOPOB, KaK MPSMBIX, TaK WU
KOCBEHHBIX. HBbIHe CylIecTByOIIUe MNPOTHOCTUYECKHE MOojAeNnu [3—6] HMET HEeAOCTaTOYHYIO
TOYHOCTh TPOTHO3UPOBAHMS, A TAaKXKE OHU IIOCTPOEHbl HAa CHHTETUYECKUX JIaHHBIX, 4YTO
OTPaHUYUBAET UX MPUMEHEHHUE B PEAbHBIX YCIOBUAX. KpoMe TOro, B CyIIeCTBYIOIIMX MOJENAX HE
YUUTBHIBAIOTCS BPEMEHHBIE XapaKTEPUCTUKHW BO3HUKHOBEHUS THUIOB MOkapoB. ClieqoBaTeiabHO,
Heo0XoauMo pa3zpaboTaTh aJIrOPUTM OOPaOOTKM AAHHBIX M MOJENb MPOTHO3MPOBAHUS JIECHBIX
MOKapoB, YYUTHIBAIOIINN BpEMEHHBIE U reorpaduieckue 0COOCHHOCTH TeppuTopuu Poccuiickoii
denepanuu.

B nmpencraBneHHoit paboTe mpeanaraeTcs HOBas METOIWKA pa3pabOTKH  alnropuTMa
00pabOTKM JaHHBIX U MOJENH MPOTHO3UPOBAHUS JIECHBIX MOXAPOB MO BPEMEHU U IO JIOKAIIUU UX
BO3HUKHOBEHUS Juisl Tepputopun Poccuiickoit @enepanun. B nanHoi paboTe npUMEHEHBI camble
MepeIoBbIe METOIbI 00Pa0OTKH JaHHBIX, a TAKXKE AITOPUTMBI MAIIIMHHOTO O0y4YEeHUSI.

OcHOBHBIE pe3yIbTaThl U BHIBOJBI:

1. C npumeHeHueM anroputMa oOpaOOTKM MaHHBIX M METOAA Pa3BEIOYHOTO aHAIM3a
naHHbIX (exploratory data analysis) BBEISIBICHBI HEOYCBUIAHBIE 3aKOHOMEPHOCTH BO3HUKHOBCHUS
JIECHBIX TMOKapoB, MO BPEMEHM W JIOKAIMM WX BO3HHMKHOBEHMs. B dacTHocTH, MO rpadukam
arperupoBaHHbIX 3HAYEHUH BO3HUKHOBEHMSI JIECHBIX [T0’KapOB M0 MECALlaM roJia, 110 HEJENSIM roja,
IO JTHSIM TOJia, MO JTHSM Mecsla U THSM HEeJeNU BBISIBICHBI SBHbIE 3aKOHOMEPHOCTH BOSHUKHOBEHHUS
I10’KapOB 110 BPEMEHHU.
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2. C nenpi0 MUHUMH3ALUU HEMOJHOTHl MH(OPMALMK U TOBBIIMICHUS PENpe3eHTATUBHOCTU
nH(pOpMaNU O BO3HUKHOBEHHUH JIECHBIX IMOXKapOB, HA OCHOBE BBISBICHHBIX 3aKOHOMEPHOCTEH, C
NMPUMEHEHUEM WHCTPYMEHTOB «WHKEHEpHUs HaHHBIX» (data engineering) OBLIM pacCUMTaHBl H
BBEJICHBI JIOTIOTHUTEIbHBIC JUCKPEIUTUPYIONTUE STIEMEHTHI JaHHBIX.

3. Ins OUEHKM CTAaTHCTMYECKOW B3aMMOCBA3M MEXAy THUIAMHU JIECHBIX I0XAapoB H
BBEJICHHBIMH JIEMEHTAMH JAHHBIX PACCUUTAHBI TAPHBIE KOIPPUIIMSHTH KOPPEIAIMN U TOCTPOCHA
KoppessiuonHas Marpuna. [lo 3naueHusm ko3pPuireHToB Koppesiuu OblI0 YCTaHOBIIEHO, YTO
paccuMTaHHBIC ¥ BBEJICHHBIC JOTIOJHUTEIHHBIC 3JIEMEHTHI JaHHBIX SBISIOTCS 3HAYUMBIMU U MOTYT
BIIOJIHE HCIIOJIb30BAThCS B KAUECTBE BXOJHBIX JAHHBIX JJIS MOCTPOSHHUS MOJENU MPOTHO3UPOBAHUS
JICCHBIX MOKAPOB.

4. Ha ocHoBe amroputma «k-Ommkaimux cocenerd (k-NN)» paspaborana momenb
MIPOTHO3MPOBAHUS JICCHBIX TOYKAPOB 1O BPEMEHHU M JIOKAIMU WX BO3HUKHOBEHUs. Pa3paboraHHas
MOJIENIb Ha SKCIIEPUMEHTANBHBIX TECTOBBIX JAaHHBIX JAEMOHCTPHpOBAJIa aKKypaTHOCTh (accuracy),
TOYHOCTH (precision) u monHOTY (recall) mporuosuposanus ot 0.82 10 0.925, 4To MPEBOCXOTUT O
TOYHOCTH TpagulIMOHHbIC MEeTOIbI Ha 15-20%.

5. C npuMeHEeHHeM Takoro Meroja kiactepusanuu, kak k-cpemnux (k-means clustering),
JKCIIEPUMEHTAIbHbIE JaHHBIE O JIECHBIX MOXKapaxX 10 BPEMEHH U JIOKAIIUU UX BOSHUKHOBEHHSI ObLIN
KJIACTEPU30BaHBI. DTO OBUIO CHETAHO AJII TOTO, YTOOBI JIOTIOJHUTEIHHO OIEHUTh CXOXKECTh U
pasnuyuue MeXa1y TUIIAMU JIECHBIX MT0KapOB.
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Russia is rightfully considered a forest power, it accounts for 1/5 of all the world's forests, 1/2
of all coniferous forests, forests occupy ~ 50% of the country's total area and amount to 1.2 billion
hectares. Protecting forest resources from fire is an important task of forest management. The main
cause of forest death is fires. Enormous funds are allocated and spent on the costs of extinguishing
forest fires. According to the Ministry of Natural Resources, the damage from forest fires in 2021
amounted to 10.6 billion rubles. It should be noted that the real economic damage from a forest fire
consists not only of the damage caused to the forest, industrial and other facilities, but also of the
costs associated directly with extinguishing. Accordingly, in order to minimize the above-
mentioned damages and costs, it is necessary to localize and eliminate fires at an early stage.
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However, in order to anticipate fires at an early stage (eg location, type of fire, likely time of
occurrence), it is necessary to have reliable predictions about the risks of their occurrence. To do
this, it is necessary to develop a system for monitoring and predicting the risks of fires using
advanced data processing technologies. From the foregoing, the great importance of organizing a
reliable system for monitoring and forecasting fire risks for timely detection and taking measures to
prevent forest fires, which allows minimizing economic, environmental (and, in some cases,
human) damage, becomes obvious [1-4].

Previously, the problem of forest fires was unsolvable in any country in the world, since the
conditions for the occurrence of a fire, the nature of its behavior and the possibility of extinguishing
it depend on a combination of many different factors, both direct and indirect. The current
predictive models [3—6] have insufficient forecasting accuracy, and they are also based on synthetic
data, which limits their application in real conditions. In addition, existing models do not take into
account the temporal characteristics of the occurrence of fire types. Therefore, it is necessary to
develop a data processing algorithm and a forest fire forecasting model that takes into account the
temporal and geographical features of the territory of the Russian Federation.

In the presented work, a new method for developing a data processing algorithm and a model
for predicting forest fires by time and location of their occurrence for the territory of the Russian
Federation is proposed. In this work, the most advanced data processing methods, as well as
machine learning algorithms, were applied.

Main results and conclusions:

1. Using the data processing algorithm and the exploratory data analysis method, non-obvious
regularities in the occurrence of forest fires were revealed, according to the time and location of
their occurrence. In particular, according to the graphs of the aggregated value of the occurrence of
forest fires by months of the year, by weeks of the year, by days of the year, by days of the month
and days of the week, clear regularities in the occurrence of fires over time were revealed.

2. In order to minimize the incompleteness of information and increase the representativeness
of information about the occurrence of forest fires, based on the patterns identified, using data
engineering tools, additional damaging data elements were calculated and introduced.

3. To assess the statistical relationship between the types of forest fires and the input data
items, paired correlation coefficients were calculated and a correlation matrix was built. According
to the values of the correlation coefficients, it was found that the calculated and introduced
additional data elements are significant and can be fully used as input data for building a forest fire
forecasting model.

4. Based on the “k-nearest neighbors (k-NN)” algorithm, a model for predicting forest fires in
time and location of their occurrence has been developed. The developed model on experimental
test data demonstrated the accuracy (accuracy), accuracy (precision) and completeness (recall) of
forecasting from 0.82 to 0.925, which exceeds the accuracy of traditional methods by 15-20%.

5. Using such a clustering method as k-means (k-means clustering), experimental data on
forest fires by time and location of their occurrence were clustered. This was done in order to
further assess the similarities and differences between wildfire types.
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