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CONVOLUTIONAL NEURAL NETWORKS IN TASKS OF
AGRICULTURAL VEGETATION STATE
MONITORING ON AERIAL IMAGES

B nanHO#t paboTe paccmarpuBaeTcs 3a/1ada paclio3HABAHHUS COCTOSHHS CEIbCKOXO3SIMCTBEHHON pacTUTENb-
HOCTH TI0 JaHHBIM a3p0()OTOCHEMKH Pa3IMYHOIO MPOCTPAHCTBEHHOTO pa3pelieHus. B xauecTBe OCHOBBI I pac-
MO3HABaHUS MCIIOIB3YETCsl KIacCH(PUKATOP, MO3BOJSIONINHA OCYIIECTBIATh KIACCH()UKAIMIO BXOJAHOTO M300pake-
HHUS Ha TpH KJIacca: «3JI0pOBas PAaCTUTEIBHOCTHY, «OpakeHHAs PAcTUTENBHOCTB» M «I04Bay». [IpennoxeHHBIN
KJ1acCHU(UKATOp CTPOUTCS M3 ABYX CBEPTOYHBIX HEHPOHHBIX CETEHl, MO3BOJISIONINX BBITONHATH KJIACCU(BHUKALUIO Ha
JIBa KJIacca: «370pOBasi pACTUTEIBHOCTEY U «IIOPaKEHHAS PACTUTEIHHOCTEY, «PACTUTEIBHOCTD» U «II0UBa».

KaroueBble ciioBa: cBepTOYHAs HEHPOHHAS CETh, a3pO(OTOCHEMKA, CEITLCKOXO3IUCTBEHHAs! PACTUTEIBHOCTh

In the article a recognition task of agricultural vegetation using aerial images of different spatial resolution is

considered. An image classifier is proposed that allows classifying image segments into three classes: “healthy vegeta-
tion”, “diseased vegetation” and “soil”. This classifier is implemented by two convolution neural networks that previ-

ously form two classes of vegetation state: “healthy vegetation
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diseased vegetation” and “vegetation”-“soil”.

Keywords: convolutional neural networks, aerial images, agricultural vegetation

BBenenue

Pa3Butre TOuHOrO 3emuenenus mpei-
MoJiaraeT HaJIMYhe TOYHOW M OIEpPaTUBHO
OoOHOBIsIEMON WH(pOpPMalMU O COCTOSIHUU
pacTuTenbHOCTH M TouBbl. [lomyueHue mo-
noOHOM WH(OpPMAIMK BO3MOXHO TOJIBKO
MIpU UCHOJIb30BAHUU JUCTAHIMOHHOTO 30H-
nupoBaHus. J[MCTaHIIMOHHBIE METOIBI MO-
HATOPUHTA CEIbCKOXO3SMCTBEHHBIX TOJIEH
JAI0T BO3MOXHOCTh OTIEPATUBHO BBISIBUTH
MopakeHHbIE O0JIE3HBIO YYACTKU PACTUTENb-
HOCTU. BhIsiBIeHHe 3a00NeBaHUS HA PAaHHHUX
CTaAUsX Pa3BUTHS MO3BOJIAET ONEPATUBHO U
C MUHUMAJIbHBIMHU 3aTpaTaMy JIOKAJIN30BaTh
A BBUIEYUTH 3a0oJieBaHue. BeIensror IBa
OCHOBHBIX TOJIX0/1a K PEIICHUIO 33Ja4H Bbl-
SIBJICHUSI TIOPAKEHHBIX YYACTKOB — CIIEKTPO-
MeTpuueckuil u ontudeckui [1-7]. Cnekr-
POMETPUUYECKHI TTOIX0] MO3BOJISIET OMpe/ie-
JSATh MHOTHE 3a00JIeBaHHS HAa PaHHUX CTa-
nusx pa3Butus. OHAKO, TOT MOIXOJ Tpe-
OyeT HaIW4usl MHOTOCIEKTPAIbHOTO Che-
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MOYHOTO O0O0OpYJIOBaHMsS, 4YTO HE BCeraa
BO3MOKHO.

Hcnonn3oBanne OeCHMUIOTHBIX JIETa-
tenbHbIX anmnapatoB (BIIJIA) sBnsercs 3¢-
(beKTUBHBIM MeTOOM cOopa MaHHBIX Ha
MmecTax. Ucnons3oBanue BIIJTA B cenbckoM
X03s5IiCTBE OBICTPO pacmpocTpaHsieTcs, T.K.
SBJISIETCST O0JIee JEHIEBLIM MpU 00Jiee BHICO-
KOW IO CPaBHEHUIO CO CIIyTHHUKAMH Olepa-
tuBHOCTBIO [8-9]. BIIJIA mnpemocraBmistor
BU3YaIbHYIO HHPOPMAIHIO O OONBIIHX IJI0-
maasX CeIbCKOXO3AWCTBEHHBIX KYIbTYP
MaKCHUMaJIbHO OBICTPO, YTO MO3BOJISIET PYKO-
BOJUTEIISIM XO3SICTB MPUHUMATh OMEpaTHB-
Hble pemieHus. [lomydeHHBIE M300paKeHHS
3aTeM MOTYT ObITh UMIOPTUPOBAHBEI B 0a3y
JAHHBIX TEOUH()OPMALIMOHHONW CHCTEMBI IS
JanbHeWIei 00padOTKH U aHAIK3A.

OpnnuM u3 HanboJiee YCIenTHbIX METO-
JIOB, MCIOJIB3yeMBIX TIpH 00paboTKe a’po-
(OTOCHUMKOB PaCTUTEIBHOCTH, SBIISICTCS
MCIOJIb30BaHNUE UCKYCCTBEHHBIX HEMPOHHBIX
cereit [10].
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B nanHOl crarbe UCHONB3YETCS MOM-
X0Jl, OCHOBAaHHBIM Ha MCIOJIb30BAaHUH CBEp-
tounbix HelpoHHbix cereir (CHC). Caep-
TOYHBIE CETH YCHEIIHO HCHOJb3YIOTCS MpU
pPEIICHUH  PAa3IUYHBIX  33aJad  TOYHOTO
3eMJIe/IeTIHSI.

B pabotax [11-13] noka3aHo Bbijene-
HUE COPHSKOB Ha MOJISX C TOYHOCTHIO BBILIE
90 % Ha MaHHBIX, MOJIy4aeMBIX OT PoOOTa, C
ucnionb3zoBanueM CHC kak mnsa knaccudu-
Kallud OOBEKTOB, TaK M JUISI CEMAaHTHYECKOMN
CErMEeHTaI1H.

B [14] npumeHeHsl Ui KiacCU(pUKa-
I[UU TIOCEBOB (XOTSI OHU U COCTABIISIOT TOJIb-
KO YaCTh UCKOMBIX KJIACCOB) 11O JJAHHBIM BBI-
coTHO# a’podorochemku. Ilpu sTom aBTO-
paM yaaiaoch JOCTUYh TOYHOCTH OKOJIO
89 %, 4TO MpEBBIIACT aHAJOTHYHBIE MOKa-
3aremu At SVM.

Ouenp mmpokoe mnpumeHenue CHC
HallUT ¥ B 3a/1aue Kiaccuukanuu 3adoie-
BaHMHM pacTUTENbHOCTH. Tak paboTer [15-
18] ommceiBatoT ucnonbzoBanne CHC st
KJIaCCU(UKAIIMN aHOMAJIUH Pa3BUTHS U 3a-
OoJeBaHMIl pa3IMYHBIX KYIbTYPHBIX pacre-
HUH C TOYHOCTBIO, TpeBbimaromeid 90 %.
OnHako OCHOBHOM MpoOIEMON 3TUX paboT
SIBJISIETCS] TO, YTO KJIaCCHU(PUKAIIHS, TTO3BOJISS
onpeaenuTs 3aboneBanue, TpedyeT HAMUIus
M300paXEHUN OTAENBHBIX JIUCTHEB. ITO
3HAUUTENBHO OTPAaHUYMUBAET MPUMEHEHHE
pe3yabTaTOB I TOJY4YEHHUs KapT Topa-
JKEHHOW PACTHTENhHOCTH, T.K. MOATOTOBKA
TaKUX KapT TPeOyeT OIIEHKU COCTOSHUS pac-
TUTENBHONH MacChl, a HE KaXJOTro JUCTa B
OT/IEJILHOCTH.

[IpencraBnennas pabota Gokycupyercs
Ha paCIO3HABAaHUHM YYACTKOB PaCTUTEILHOC-
TH, COCTOSTHHE€ KOTOPOM M3MEHWIIOCH TOJ1 BIIH-
ssHueM 3aboneBanus. [Ipu sToM kimaccuduka-
1Usl caMoro 3a00JieBaHusl Ha TaKUX y4acTKax
Ha JTAHHOM 3Tare He MPOU3BOUTCA.

OOBEeKTOM HCCIEeOBAHUS  SBIISIOTCS
[IBETHBIC M300PAKEHUS CETHCKOXO3SIMCTBEH-
HBIX ITOJIEH.

Ilenp paboThl COCTOMT B pa3paboTke
QITOPUTMOB 00pabOTKU LIBETHBIX M300pa-
JKEHUI PaCTUTEIbHBIX MOKPOBOB, IMOITYYCH-
HBIX C TOMOIIBI0 NU(POBON CHEMKU pa3-
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JUYHOTO TPOCTPAHCTBEHHOI'O pa3pelICHUs,
a TaKKe WX pealu3aldd B BHUJAC Iporpam-
MHBIX CPEICTB JJII CUCTEM KOMITbIOTEPHOTO
3peHHUsL.

ITocTaHoBKa 3a1a4u

3amaueil  HCCIENOBaHUSA  ABIIAETCSA
pa3paboTka anroput™Ma MpeoOpa3OBaHUS

Ailorig — Iresuir | nosponstowmero MONTYYUTh
U3 HUCXOJHOTO M300paKEHHsI CEIIbCKOXO-
3sHCTBEHHOr0 ToMs 07ig Takoe n300paxe-
aue Iresuir, xaxpii mukcens {resui:(i. V)
KOTOpPOT'0 IOJIyY€H M3 COOTBETCTBYIOLIETO
IIUKCENIS. H300paXKEeHUs Lorig G+ ¥) 1u60 ero
OKpecTHOCTH. KakIplii MHKCeNns H300paxe-
Hus  lorig COOTBETCTBYET TOYKE B TPO-
crpauctBe  RGB.  Kaxnmeii  mwmkcens
Ireswu1e 0. ¥) cootBeTcTBYET OHOMY M3 Tpex
KJIaCCOB («310pOBast PaCTUTEIBHOCTHY, «I10-
paKeHHasl PACTUTEIBHOCTb» U «IIOYBAY).

3amaun kinaccudukanuu 3aboneBaHUN
pPacTUTENTBPHOCTH W TOHCKa COPHOW pacTH-
TEIBHOCTH B JAaHHOM WCCIICJIOBAaHUH HE
pelainch.

Marepuanamu A7 HUCCIIEIOBaHUIA
ABUIIKCH (oTOrpaduu OTIEIBHBIX PACTECHHIMA
Y DKCIICPUMEHTAIBHOTO Y4acTKa I0JIsl, 3aca-
skeHHOro KapTodenem. [locneanue BbImo-
HsJUCh ¢ BbIcOTHI 5, 15, 50 u 100 merpoB
[19-20]. Inst mosydeHUs] MaHHBIX HEOOJb-
II0H Y4aCTOK IOJIst OBUT BBIICTICH TIPU TTOMO-
I 4YeThIpeX KBaJIpaTHbIX MeTok. [lnuna
CTOpPOHBI KBaJpaTa paBHA OJHOMY METpY,
Tak)ke Ha METKY HAaHECEHBI JIBE YEPHBIX JH-
HUU mWupuHor 20 cM, Npu NepecevyeHuu aa-
folue kpect. Hannume 3TUX METOK MO3BO-
JSIET HE TOJBKO OMPEAENSATh YJYaCTOK JIJIst
MCCJIETIOBAaHHM, HO M BBIUUCIATH MPOCTPaH-
CTBEHHOE pa3pelIeHne CHIMKOB.

HaGmonenuto noasepranuck 3 rpymnimbl
pacTeHuil: pacTeHusl, 3apakKeHHbIe O0JIE3HBIO
U3 Tpymiisl alternaria; pacteHus, 3apakeHHbIC
OakTepHaabHOM OOJIE3HBIO erwinia; 3J10po-
BbI€ pacTeHwHsl (KOHTPOJIbHAS TPYIINA).

Hcxoanbie 1aHHbIE

CwpeMKa pacTeHUH TPOBOAUIIACH €¥Ke-
nHeBHO B 8, 10, 12, 14 u 16 4yacoB Ha npoTs-
JKEHUHU § THEH UroJsl.
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B pesynprare pa3BuTHA yKa3aHHBIX
3a00JIeBaHUH MTPOUCXOIUT pa3pylIeHUE XJI0-
podumiia B JIUCThAX KapTOQes, 4TO MPUBO-
JTUT K U3MEHEHHIO 11BeTa pactenus. Heobxo-
JIMMO OTMETHTb, YTO B SICHYIO TIOTOAY CO3/1a-

et

METpPOB

15 meTpoB
Puc. 1. IIpumeps! HCXOIHBIX a3pOGOTOCHUMKOB

Onucanne npodJieMbl

AHamM3 IBETOBBIX  XapaKTCPUCTHK
pa3IMYHBIX TUTIOB OOBEKTOB Ha Oa3e uX ruc-
TOTpaMM II0Ka3bIBa€T 3aMETHOE UX pa3iu-
YyHe 715 IOYBBI U PACTUTEIHHOCTH (7Sl BCEX
IIBETOBBIX KaHAJIOB), a TAKXKE Pa3IMUUE T10
CHUHEMY KaHally AJsl 3JI0pPOBBIX U OONBHBIX
pacrenuii. K npumepy, s u3zo0pakeHUi
3JI0pOBOIi, MOpaKeHHOI 3a00JIeBaHHEM pac-
TUTEIBHOCTH W TIOYBBI Ha COOTBETCTBYIO-
[IMX THUCTOTpaMMaxX MOKHO YBHUAETb, YTO
TUCTOTpaMMa MOYBBI OTIUYAETCS OT THUCTO-
rpaMM PacTHTEIHHOCTH Ha KaXKIOM IIBETO-
BOM KaHaJle, a TUCTOIPaMMbl KaHAJIOB 3/10-
POBOI M TOPaKEHHOW PACTHUTENHLHOCTH OT-
JTUYaroTCcs 1o hopme.

OnHako HamU4We B  BBIJICICHHOM
y4acTKe H300paKeHH OO0BEKTOB HECKOJIb-
KHUX THIIOB MIPUBOJIUT K MCKAKEHUIO HOpMa-
JIM30BaHHOW pEIYIIMPOBAHHOW THCTOrpam-
MBI HJICATHHOTO THUIIOBOTO OOBEKTa — CMeE-
[IEHUE U UCKAXKEHHE MMUKA TUCTOIPAMMBI.

© B.B. I'anuenko, A.A. ly1kuH

BacMbIC COJIHIIEM 6JII/IKI/I Ha JINCThAX TaKXKE
co3fgaBasid dPPEKT HX MOKEJITEHUs. ITO
BHOCHJIO JIOTIOJTHUTEIBHYIO OIIHOKY IIPH aB-
TOMaTH4YECKOH 00paboTKe.

5 MeTpoB .

[TonoOHbIE MCKaXKEHHsI, a TaK)Ke 3Ha-
YUTEJIbHOE MMOJ00ME IIBETOBBIX XapaKTepHC-
THK 3JI0pOBOIl U TTOpaXeHHOH 3a00JeBaHUsI-
MU PaCTHUTEILHOCTH TPeOYyIOT WH(MOpMAIIUN
0 CTPYKType H300paKEHUN pa3iIHyuHbIX
KJIaCCOB JUIsl UX pacno3HaBaHusi. CTpyKTyp-
Hast UHQOpMAIUS MOXKET ObITh Y4TeHa MpHU
ucnionpzoBanun CHC B kadecTBE OCHOBBI
JUTSL aTOpPUTMA.

Knaccupukarop «pacTure/ibHOCTb—
Mo4YBa»

Krnaccudukarop
nouBay “pss MpesicTaBiIsieT co0ol cBEpTOYU-
Hyto He#ponHyto cerb (CHC) [21], ocy-
HIECTBISIONIYIO KJIacCU(UKAINIO BXOAHOTO
M300pakeHUs] Ha JBa KIJlacCa «PacCTUTEINb-
HOCTb» U «104Ba». B CBsI3u co 3HauMTENb-
HBIMH Pa3TUYUSIMHU B IBETOBBIX XapaKTepHC-
THUKax 3TUX JBYX KJIaCCOB JIaHHBIM KilaccH-
¢dbukarop He TpeOyeT CIOKHON CTPYKTYPHI.

«PACTHTEIBHOCTh—

105



CHC wumeer crenymouyio CTPYKTypy
(mapameTrpbl  cetTh  ObUTM  BBIOpAHBI
AMIIUPUYECKN):

— Pa3mep BxomHOro cios: 33 X 33 X3

— Caeprounsiii cioir Conv2D Ne 1: pasmep
¢unbTpa Fs = 3, Konm4ecTBO (GHIBTPOB
Fc = 4, dynakuus aktuaruu — ReLU.

—Conv2D Ne 2: Fs =3, Fc = 8, ReLU.

— [lonHOCBS3HBIN CJION: KOJIMYECTBO
Heliponos = 16, ReLU.

— BBIXOIHOM CJ10i: KOJIMYECTBO HEUPOHOB =
2 (COOTBETCTBYIOT KJIacCaM «pPacCTHTEIb-
noctey Aps(Cp) u «ousay Apss (C:)),
(GYHKIUS aKTUBAIIUU — CUTMOUIHASL.

Oyukuus noreps (loss) — softmax
cross entropy [22].

OOGyuenue:

— Pa3mep oOyuaromieii BwIOOpku: 110528
MN300paKEHUIA.

— Pa3smep BanmmanuoHHO# BBIOOpKH: 27632
n3obpaxxenuii (20 % oOmieii 6a3bl).

— PesynpTupytomas TOYHOCTh Ha Baluja-
IMOHHOU BBIOOpKE: 96.9%.

OOyuatomiast BBIOOpKa ObLIa MoJyuyeHa
NyTEM «HAPE3KW» HMEIIuXcs a’dpodoro-
CHUMKOB C pa3MeueHHbIMH yyacTkamu. [Ipu
3TOM Hape3ajluch y4acTKu pazmepom 32, 64
u 128 nukcenei ¢ nepekpeITHEM U 100aBe-
HUEM TIIOBOPOTOB Ha YIUIbI, KpaTHble 90°.
[ToaroroBieHHoe M300pakeHUEe MacUITaOu-
pOBaJIOCH J10 pa3Mepa, TpedyeMoro Ha BXOJ
CeTH.

Knaccupukarop «3a0poBasi—nopa-
JKeHHasl PACTUTEJIHLHOCTDY

Knaccugukarop «310poBas—opakeH-
Has PACTHTENBHOCTB» “‘h:d TaKKe Mpe-
craBisier cobori CHC, ocymiecTBISIONIYyIO
KJIacCU(UKALIMIO BXOAHOTO U300pakeHus Ha
JIBa KJlacca «3[0poBasi pacTUTEIbHOCTH» U
«MOpaXKeHHAs! PaCTUTEIBHOCTHY. B CBsI3M cO
3HAYUTCIIGHBIMH Pa3]IMYUSIMH B IIBETOBBIX
XapaKTepUCTUKAX AITHUX JBYX KIACCOB JaH-
HBI  KjaccudukaTop moTpedoBan Ooree
CJIO’KHOM CTPYKTYPBI.

CHC wumeer crneaymomyro CTPYKTYpYy
(mapaMeTphl CeTH TakkKe ObUIM BBIOPAHBI
AMIUPUYECKN):

— Pasmep BXozHOTO ciiosi: 53 X 33 X 3
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— Conv2D Ne 1: Fs = 3, Fc = 32, ¢pynkuus
aktuBarmu — RelLU.

—Conv2D Ne 2: Fs =3, Fc =32, ReLU.

—Conv2D Ne 3: Fs =3, Fc = 32, ReLU.

—Conv2D Ne 4: Fs =5, Fs = 64, ReLU.

— IlomHOCBs3HBIM cioit Ne 1: koimuecTBO
Heliponos = 128, ReLU.

— TlomHOCBs3HBIM cioit Ne 2: KOJIMYECTBO
Heliponos = 128, ReLU.

— BbIXogHOH Ci0M: KOJMYECTBO HEUPOHOB
=2 (COOTBETCTBYIOT KJaccaMm «3[10pOBas
pactutenbHocThy “sd (Cr) 1 «mopasken-
Hasi paCTUTEIHHOCTEY), (PYHKIIHS aKTHUBa-
MU — CUTMOMIHAS.

®ynkuus noreps (loss) — softmax
cross entropy.
OOyucHue:

— Pazmep oOyuaromeidi BbiOOpku: 22244
U300paKEeHHM.

— Pasmep BanmupmanmoHHOW BBIOOpKH: 5560
u3zoopakenuit (20 % oOrieit 6a3si).

— PesynpTupytomas TOYHOCTh Ha Bauja-
IMOHHOU BRIOOpKE: 93.8 %.

O0bennHeHHne KJIACCH(PUKATOPOB
T.x. TpebyeTrcss MOIy4YUTHh Kiaccuu-

KaTop Ha TpU KJlacca, TO CleAyeT o0beau-

HUTbH TOJYyYEHHBIE JBYXKJIACCOBBIE KJIACCH-

(buKaTOpHI B OJUH.

[ns sToro Bocmonb3yeMcs TeM, 4TO

KJIACCHI «37I0pOBas PACTUTENHLHOCTBY Ch M

«IOpaykeHHasi PacTHTENbHOCTH» Cd  sBIIA-

IOTCSI TIOJIKJIACCAaMM  KJlacca  «PaCTUTEIhb-
Cy . 3nauenme Ha BBHIXOJE KIACCH-
pit

dUKATOpa «PACTHTENBHOCTb—IIOYBA)
COOTBETCTBYIOIIIEE  KJIACCY  «PACTUTEIb-

HOCTBH»

,"i-"'.'-S,

HOCTBY “ipss (CTJ), HaxXOJUTCSl B JMana3oHe
[0; 1] m MOXeT OBITh HCHOJIB30BAHO B Ka-
yecTBe Kod(duimeHTa s BBIXOJOB Kiac-
cupukaropa «370poBas—TIOpaK€HHasi pac-
THTEIBHOCTBY “hsd |
Takum 00pa3oM, MCKOMBIH TpexKiac-
COBBIIT KaccuuKkaTop “kid:s IOMydaeT BhI-
XOJHBIE 3HAYECHMsI MPUHAIIEKHOCTH BXOA-
HOro wusobpaxenus Ilin  cregyromum
obpazom:
1. Tloay4uTe BBIXOJBI Apis(Cp) (pactu-
TEJIBHOCTH) U Ap:s(Cs) (mouBa) kaccu-
¢ukaropa Apss |

© B.B. I'anyenko, A.A. Jlynkun
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2. Tonyuuts Bbixomsl “:dCx) (3m0poBas
pacrurensHocts) u “a:d (Cad (mopaxen-
Hasi PAaCTUTEIBHOCTh) KIACCU(PHUKATOPA
Apd

3. Tlomyunth BBIXOABI KIaccUpUKATOpPA
Andis B BUIE:

Ana,s(Cn) = Aps(Cp) X Ap,a(Cy)
Ana,s(Cq) = Ap,s(Cp) x Apa(C )
Ap,a:(C5) = -qp;s (C:)

AJITOPUTM pacno3HaBaHUS
B nenom anroputMm pacrnosHaBaHUs

(mpeobpazoBaHue A:1 - lr-”'E'Su'n'r) MOYKHO
NPEJCTaBUTh B CICIYIONIEM BH/IE:

1. 3arpy3uth HCXOJHOE I[BETHOE H300pa-
{

orig

T
xeHnue ‘orig pasmepom M XN

2. Ins
Vi, vixe[0,M —-1LveE[O.N —1]-

2.1. IoydaeM OKpeCTHOCTB Olgrig Ce.22)
nukceyis B mosumuu  C4V) B Buje
LBETHOTO MU300paKEHHS pazmepom

33 X 33 pukcens.
2.2.llomaeM monydeHHOEe H300paKeHUE

DUGT:E Ce. ) Ha KJaccu(UKaTOPHI Apis
"':]'it:l'i .
2.3. BoixogHbple  3HaYeHHs — KIacCH(UKa-

TOpPOB '4-’5'?3 u -’;1'h=ri HCIIOJIB3YEM  JJIA

BBIUMCIIEHHUS BBIXOJOB OOINEro Kiac-
cuduraTopa ;s .
2.4. Tlomy4yaeM WHIEKC KiIacca:

index = argn:a).‘([.—':h;ﬁ;s (Cn) Ap a0 Anae [Cs]] ):

2.5. IlpucBamBaeM THUKCENIO  BBIXOJHOTO
m3obpaxkenuss  Iresuiz(x,¥)  3nauenme,
COOTBETCTBYIOIIEEe ITICEBAOIBETY HHIEKCA
KJlacca: CBETJIO-Cepblii — 3710pOBasi pacTH-
TENBHOCTh,  Oenmplii  —  TOpaKeHHAs
PacTUTENILHOCTh, TEMHO-CEPBIN — MTOYBA.

3. CoxpaHsieM TOJY4eHHOE H300pakeHHe
f arig |

TecrupoBanue
TectupoBanue OOBEAUHEHHUS KIIACCH-

(UKaTOPOB OCYILECTBIISAIIOCH Ha 001Iei 6aze

n300paxkeHHi Ki1accoB: oOydaromas + Bajiu-

nanuoHHas BblOopka. Ilpu 3ToM oreHuBa-

Jach TOYHOCTh KJIACCH(PHUKAINU TSl KaXKI0-

ro Kjacca B OTAeIbHOCTH. [lomyuyeHHbIe

© B.B. I'anuenko, A.A. Jlynkun

pe3yNbTaThl TECTUPOBAHUS NPHUBEICHBI B
Tadi. 1.

Tabmuna 1. Pe3ynbrarel TecTUpOBaHUS
0o0BbeIMHEHHSI KJIAaCCU(UKATOPOB

Knace Tounocmo, %
[TopaxxeHHass pacTUTENBHOCTD 74.29
310poBast paCTUTENBHOCTh 90.16
Iousa 99.03

HaubOonplllee KOJUYECTBO  OIIMOOK
BO3HUKAJIO HA yYaCTKaX, COOTBETCTBYIOIIUX
IpaHuIle 370POBOM PACTUTEIBLHOCTH U I10Y-
BBl (B OCOOCHHOCTH B MECTaX, I'Jie HEOOJIb-
IMe YYaCTKHU MOYBBI OKPYKEHBI PACTHTEIb-
HOCTBIO, CO3/IAIONICH HA ITOM yYacTKe I0Y-
BbI T€HB; CM. Ta0II. 2).

Tabmaua 2. OeHka KoJiuecTsa OIMO0K

Knacce Owwubka I, Owubka 11,
% %
[HopaxenHnas 25.71 10.69
PaCTHTEILHOCTD
3nopoBas 9.84 10.66
PacTUTETBHOCTD
ITouBa 0.97 15.17

[TosrydeHHass MpU TECTHPOBAHUM PaC-
MMO3HABaHUS TOYHOCTh — /5-84 % B 3aBHUCH-
MOCTH OT pa3pelieHds CHHUMKA, OCBEIICHUS
Ha HEM M KOJHMYCCTBA «IISATCH» IIOYBBI B
pacTUTEIBHON Macce.

BriBoabI

[IpensioxkeH U peaqn3oBaH C UCHOJIb-
3oBaHreM Oubamoreku Tensorflow anro-
PUTM pacro3HaBaHUs COCTOSHUS PACTUTEIh-
HocTu Ha 6a3e nByx CHC mo maHHBIM a’po-
¢dotocbemku. [lpennoxkeHHBI  aITOPUTM
MO3BOJISIET CHU3UTh BIMSHHE [IYMOBBIX
(bakTOopoB (OCBEIICHUE, COJIHEYHBIC OJIUKH)
Ha KaueCTBO MOJy4YaeMbIX KapT MOpa)KeH-
HOW paCTUTENHHOCTH 32 CUET HCIIOJIh30Ba-
Husg CHC. Ilpu 3ToM HcIonb30BaHHE ABYX
CHC mo3BOIMIIO CHU3UTH HCKaXKECHHE IIBE-
TOBBIX XapaKTEPUCTUK WU300paKEHUd OK-
PECTHOCTEH TTUKCeJIeH TPy MMONaIaHuH B He-
T'O PaCTUTEIHHOCTH U MOYBHI.

JlaJIbHEWIIIe WMCCIICIOBAHMS TIPEIIIO-
JaraloT HaJU4YUue HEHPOCeTEeBOro IETeKTH-
pOBaHMSI IS BBIICIICHUS ITOCTOPOHHUX
MPEeIMETOB, a TaKXKe HEeWpOCeTeBOl ceMaH-

107




TUYECKOM CErMEHTAllU ISl HCKIIOYCHHUS
HEOOXOJMMOCTH  JIOTIOJHHUTEIBHOTO  aJlro-
pUTMa U CHUKCHHS KOJIMYECTBA OMIMOOK B
poOJEMHBIX 00JIACTSX.
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RESUME

V. Ganchenko, A. Doudkin

Convolutional neural networks in
tasks of agricultural vegetation state
monitoring on aerial images

A precision farming implies availabi-
lity of accurate and promptly updated infor-
mation about a state of vegetation and soil.
It is only possible to obtain such information
if remote sensing is used. Remote methods
of monitoring agricultural fields allow quick
identifying diseased areas of the vegetation
in the early stages of development and cure
the diseases promptly and with minimal
cost. Artificial neural networks are com-
monly used for processing of aerial photo-
graphs of vegetation, particularly convoluti-
onal neural networks in application for weed
out, classification of crops, classification of
diseases and other tasks.

This article deals with recognition of
vegetation areas, state of which has changed
under diseases influence. The task under
decision consists in the separation of images
of agricultural fields into segments of three
types (classes): soil, healthy vegetation,
diseased vegetation. Origin data are aerial
photographs of an experimental field of
agricultural vegetation of various spatial
resolutions. Analysis of color characteristics
showed significant intersection of these
characteristics for healthy and diseased
vegetation. This fact significantly compli-
cates identification and classification of
image segments of the field. A presence
different distortion on the field images (for
instance, soil segments) also reduces clas-
sification accuracy: healthy areas may be
recognized as diseased ones. At the same
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time, vegetation and soil can be separated by
color quite successfully.

To solve problem of classification into
three classes, it is proposed to use a hierar-
chical classifier that consists of two-class
classifiers "soil-vegetation” and "healthy
vegetation-diseased vegetation." Each of
them is a convolutional neural network with
33x33x3 inputs and an output layer with two
neurons. The first convolutional neural
network has two convolutional layers and
one hidden fully connected layer and gives
96.9 % accuracy for "soil-vegetation” clas-
sification on validation set. The second clas-
sifier has four convolutional layers and two
hidden fully connected layers. The accuracy
for "healthy vegetation-diseased vegetation™
classification is 93.8 % on validation set.
For obtaining of three classes, the classifi-
cation results are combined as follows: for
"soil" class corresponding value of the first
classifier is used; for "healthy vegetation"
and "diseased vegetation”, corresponding
values of the second classifier are multiplied
by value of output "vegetation” of the first
classifier. Result accuracy for the classes is:
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"diseased vegetation" — 74.29 %, "healthy
vegetation” — 90.16%, and "soil"— 99.03 %.
The classifier is implemented using
Tensorflow library.

The wuse of convolutional neural
networks allows reducing the influence of
noise factors (lighting, sun glare) on the
quality of maps of affected vegetation. At
the same time, the proposed hierarchical
classification reduces the distortion of the
color characteristics of images of the
neighborhoods of pixels when vegetation
and a soil get into them.

Results obtained during the research
will be further used for semantic image
segmentation based on convolutional neural
network.

PaGora BbIMONHEHa TpU HOLAEPKKE
BPO®U (mpoext Ne @18B-005) u I'KHT
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