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KJIACUDPUKALIMJA O3UMUX KYJITYPA KOMBUMHAIIMJOM BUIIEBPEMEHCKHX
OIITUYKUX CEHTHUHEJI-2 U PAIAPCKHUX CEHTHHEJI-1 CHUMAKA

HMasopuu bajuh'’, lparyrun Aunh! u Jlyka Ca6/puh!

"Vuusepautet y bamoj Jlyun, [IpuponHo-maremarnuku dakyntet, bawa Jlyka, Pemy6inka Cpricka

Caxerak: M3paja kapre HaunHa kopuihema 3eMJbUIITa ca POKYCOM Ha IMOJHONPUBPEIHO 3EMIBHIITE M 03UME KYIType
HUAEHTH(UKOBAH je Kao IPUMapHU IHMJb OBOT MCTpaXKHMBama. [IpMMjeHOM MeTona JajbMHCKE JETEKIHje, 07adupoM,
0o0pajioM M aHaJIM30M MYJITH-BpeMeHcKe cepuje panapckux Cenrtunen-1 u onTudykux CeHTHHEN-2 CaTeIUTCKUX
CHMMaKa n3Be/IeHe Cy Bapujallie HEONXOHE 3a IOKpeTame Ha/[3upaHe nukces Oasupane kinacudukanuje. Ilokperamem
aJIropuTaMa MalIMHCKOT yuerha KJIACHM(UKOBAHU Cy CaTEIMTCKH CHMMIM ca yKynmHoMm TadHomhy ox 0.96 u Kama
rxoedunujeaTom 0.95. M3paljeHa je kapra 03uMHUX ycjeBa 3a Mpou3BoaHy ce3oHy 2019/2020 3a monpydje HCTpaKUBamba
KOje ce HaJla3u Y OKBUpUMa ITpHupoHo-reorpadceke mjenuue Jnjesua nospa. MerpaxnBame je Mokasao a ¢y Ko 03UMHX
KyJITypa y0jeubrBO HajBehe MOBPIIMHE 110 03UMOM MineHHIoM. KoMOMHaIja ONTHYKUX M PaJapCKUX CaTEIUTCKUX
CHHMMakKa Jiaja je 0oJbe pe3yaTare HEero I0jeIMHaYHO ONTHYKU WM panapcku. Kopuntheme mynTu-BpeMeHCKe cepuje
CaTeJIMTCKUX CHUMaKa JIONpHUHH]jeNo je Behoj TaUHOCTH M TI0y3/1aHOCTH Kilacudukanuje. Mjepeme CreKTpaiHe JUCTaHIe
I0Ka3aJI0 ce KOPHUCHO Yy Tpoliecy AedrHIcamka ONTHMAIHOT BpeMeHa arperanyje. Untas npoiec npunpeMe caTeIuTCKIX
CHMMakKa U caM mpoliec kiacupukanuje n3sesneH je y Google okpyxkemy mox HazusoMm Google Earth Engine ynorpe6om
ETOBUX pecypca KojH Cy AOCTYIHH, OeCIIaTHN 1 3axXBabyjyhu KojuMa je mporec MyJITH-BPEMEHCKE i MYJITH-CEH30pPCKe
KJacuuKalyje noapyyja NCTpasKUBamba OMO N3BO/JBUB.

Kibyune pujeun: knacupukanmja, 1abHHCKA JETEKIHM]ja, BETeTAllMOHN MHJIEKCH, Ta4HOCT, JInjeBue nosbe.
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Abstract: Creating a land use map with a focus on agricultural land and winter crops was identified as the primary
goal of this research. Applying remote sensing methods, selecting, processing and analyzing a multi-temporal series of
radar Sentinel-1 and optical Sentinel-2 satellite images, the variables necessary for starting the supervised pixel-base
classification were performed. Running machine learning algorithms, the satellite images were classified with an overall
accuracy of 0.96 and a Kappa coefficient of 0.95. A map of winter crops for the 2019/2020 production season was created
for research area located within the natural-geographical unit Lijevce field. Research has shown that of the winter crops,
the largest areas are under winter wheat. The combination of optical and radar satellite imagery gave better results than
either optical or radar imagery alone. The use of multi-temporal series of satellite images contributed to greater accuracy
and reliability of the classification. The measurement of the spectral distance proved to be useful in the process of defining
the optimal aggregation time. The entire process of preparing satellite images and the classification process itself was
carried out in the Google environment called Google Earth Engine using its resources that are available, free of charge and
thanks to which the process of multi-temporal and multi-sensor classification of the research area was feasible.
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YBOA

Nudopmannje o HauyuHy Kopumhema
3eMJBHUIIITA ¥ 3¢MJBUIIHOM TIOKPUBAYy YHUHE Oa3HY
OCHOBY Y MHOTHM arlTUKaljaMa HaMHjeHheHIM
NIpHje CBera IIaHuPamby, yIIPaBJbaby PECypcrMa,
UACHTH()UKOBaKY TPOMjEHa Y )KUBOTHO] Cpelu-
HH, UICHTH()UKOBAY KPUCH-a IIIyMa 1 €KOJIOIIKOM
npensubhamwy (Khan et al., 2012). [Ipuctyn naspun-
CKe JeTeKIfje IpeacTaBiba HajBehu n3Bop mpu-
KyIbaha HH(pOpMalrja 0 3eMJbUHOM OKPHBaUy
1 HaunHy Kopuirhema 3emsbuinra (Pu & Gong,
1998). 3a npukymbame 0BUX HHpOpPMAIH]ja, /-
HOCHO IOJ[aTaka MOTY C€ KOPUCTUTH PA3TUUNTE
MeToJe TaJbUHCKE JeTeKIuje. Meroaa carenur-
CKOT OCMaTpama 3eMJbUHE TMOBPIIMHE HYH O/Ir0-
Bapajyhu nmpuctyn ¢ 003upoM Ha TOKPUBEHOCT U
BPCTY TOJIaTaka Kojy mpyka.

Knacuduxanuja cnuke 6a3upana Ha JaJbUH-
CKOj JIeTEKIMjH TPEJICTaBIba MPHUKIIAIAH IPUCTYTI
3a M3pajy Mara o HauuHy KopHIThema 3eMIJbUILTa
Y 3eMJBUIITHOM TTOKpHBaYYy, IpHje CBera 300r mpei-
HOCTH Y TIOIJIEly TPOILKOBA M3pajie, Te MPOCTOPHE
u BpemeHcke pesonyimje (Foody, 2004). Pa3Boj
JaJbUHCKE JIeTEKLIUje U MPHUCTYNaYHOCTH MPOU3-
BOJ[a CAaTEIIMTCKE TEXHOJIOTH]E, JOBEIH Cy JI0 Tora
Jla je TaJbMHCKA JeTeKIMja JOCTHUIIA BUCOK HUBO
npuMjeHe y obmactu nossonpuspene. Knacudu-
Kalfja 1 Manupame ycjeBa BaKHO je ca acreKkTa
npoljeHe o01Ma CjeTBe Ha HEKOj TEPUTOPH]jH, Ko
U 32 YTIPaBJbasE MOJHONIPUBPEIHIM MTOBPIIMHAMA,
TE TpyXKa HEONXOAHE MH(pOpPMaLMje HAlMOHAI-
HUM areHiijama Koje JOHOCE U CIIPOBOJIE Mjepe
MOJHOTIPUBPEAHE TIONUTHKE. Mare BpcTa ycjeBa
Mof[pa3yMHjeBajy OCHOBY 3a npaheme pacta u pas-
BOja yCjeBa, Te MPECTaBIbajy HEOMXOAHE UHITYTe
3a U3paay Mojelsia MPUHOCA, HApOUUTO 3a Oa3He
paTtapcke KyaType Kao IITO Cy MIIEHHULA U KyKypy3
(Wu, 2014).

TpaguiioHanHa 1ajbUHCKA ETEKIMja U ’heHa
MPUMjeHa Y MOJHOIIPUBPEIN YITIABHOM C€ OCIIama-
J1a Ha MOAATKe U3BEJICHE U3 ONTUYKUX CHUMAaKa 1
TO Y BUJJBMBOM U ONHCKO-MH(pALpBEeHOM Juje-
a1y enekrpomarHeTHor crekrpa (Orynbaikyzy
et al., 2019). 3nauajHo Behu Opoj ucTpakuBama
3aCHMBAO Ce Ha onTHYkuM noxanuma (Belgiu &
Csillik, 2018; Vuolo et al., 2018; Conrad et al.,
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INTRODUCTION

Information about land use and land
cover form the basis of many applications
aimed primarily at planning, resource man-
agement, identifying environmental changes,
identifying deforestation and environmental
forecasting (Khan et al., 2012). The remote
sensing approach represents the largest source
of information collection on land cover and
land use (Pu & Gong, 1998). Various remote
sensing methods can be used to collect this
information, or data. The method of satellite
observation of the Earth’s surface offers an
appropriate approach considering the cover-
age and the type of data it provides.

Image classification based on remote
sensing represents a suitable approach for cre-
ating land use and land cover maps, primarily
due to advantages in terms of production costs
and spatial and temporal resolution (Foody,
2004). The development of remote sensing
and the accessibility of satellite technology
products have led to the fact that remote sens-
ing has reached a high level of application
in the field of agriculture. Classification and
mapping of crops is important from the as-
pect of assessing the extent of sowing in a
territory, as well as for the management of
agricultural areas, and provides the necessary
information to national agencies that adopt
and implement agricultural policy measures.
Maps of crop types provide a basis for moni-
toring crop growth and development, and rep-
resent necessary inputs for producing yield
models, especially for basic field crops such
as wheat and corn (Wu, 2014).

Traditional remote sensing and its appli-
cation in agriculture mainly relied on data
derived from optical images in the visible
and near-infrared part of the electromagnet-
ic spectrum (Orynbaikyzy et al., 2019). A
significantly larger number of studies were
based on optical data (Belgiu & Csillik,
2018; Vuolo et al., 2018; Conrad et al., 2010;
Dimitrov et al., 2019; Inglada et al., 2015).
Spatial, temporal and spectral resolution has
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2010; Dimitrov et al., 2019; Inglada et al., 2015).
[IpocTopHa, BpeMeHCKa U CIEKTpaliHa Pe30ITyLrja
BpeMeHOM ce yBehasia, KOHCTaHTHO MOOOJbIIA-
Bajyhu pesynrare kinacudukanuje (Tricht et al.,
2018). Ocum knacu¢ukaimja Ha OCHOBY OINTHY-
KHX CHUMaKa, jeriaH Opoj NCTpakuBamba yCIjel-
HO je MpoBeJIeH Kopuctehn caMmo pagapcKe CHUM-
Ke 1 nHpopMmaruje o peronoruju ycjena (Bargiel,
2017; Clauss et al., 2018; Kenduiywo et al., 2018;
Nasrallah, 2019). OnTruky nmoxay KOPUCTE BU-
JUbUBHU, OMTUCKO-UH(PAPBEHH U KPATKOTAIACHH
UHOPALPBEHU U0 €IEKTPOMATHETHOT CIIEKTpa
npyxajyhu nparonjene unndopmanuje o 6oju
nurha, caapikajy BoJie M YKYITHOM 3/IpaBjby Onsba-
Ka, JIOK paJiapCcKy TMOJAIM 3aBUCHO 0] (hpEeKBEH-
1IUje ¥ ToJjlapu3aluje, Mpyxkajy CIOXKEH MpHUKa3
CTPYKype M XparaBOCTH MOBPIINHE, BIAXHOCTH
3emspuinTa u tonorpaguje (McNairn & Brisco,
2004). bpojue cTynuje mokasaie ¢y KOMIUIEMEH-
TApPHOCT ONTHUYKHUX M PAJapCKuX MojaTaka yuja
KOMOMHAIMja MOXe MoBehaTn Ta4HOCT mporieca
knacudukanuje (McNairn et al., 2009; Qiao et al.,
2014; Park & Im, 2016; Mansaray et al., 2017;
Kussul et al., 2018).

[Toxperamwem mucuje Cenrunen-1 (2014
A/2016 B) u Centunen-2 (2015 A/2017 B) xoju-
Ma ympasiba EBpoIicka cBeMHUpPCKa areHuuja
(European Space Agency — ESA), mosehaiio ce
MHTEPECOBakE U OpOj UCTPAKUBAA HA TEMY Ma-
nupama ycjeBa 6a3upaHiM Ha CHHEPTHjU OBa JBa
u3Bopa noaaraka (Sonobe et al., 2017; Tricht et
al., 2018; Denize et al., 2019; Sun et al., 2019;
Campos-Taberner et al., 2019; Orynbaikyzy et al.,
2020; Abubakar et al., 2020).

BureBpeMeHCKH CaTeTUTCKH CHUMITH YTH-
4y Ha MPEeUU3HOCT KJIacH(UKaluje, au Taxkohe
Mpe/ICTaBibajy crenuduyuan n3a30B ca acreKkTa
MpeTpakMBama, Npey3uMama, CKIAAUIITCHA U
KOMIUIEKCHOCTH 00pajie CaTeIMTCKUX CHUMAKA.
[IperpaxkuBame U Mpey3nUMame Mojaraka 3ax-
THJEBHO j€ Ca acleKTa BpeMeHa MOTpeOHOr 3a
u3Bohewme oBux paamu. [lorpedHa je agekBaTHa
MEMopHja 3a CKJIAJULITCHE BEIUKE KOJIWYHHE
rojiaTaka, 3aTUM TPOLIECOPH U pajiHa MEMOpPH]ja
ca BUCOKHMM TiepopMaHcama Koju Cy HEOITXOTHH
3a M3padyHaBambe U MMOKPETAE 3aXTHjEBHUX all-
roputama. OBU NPOOJIEMHU Y BEJIHUKO] MjepH MOTY

increased over time, constantly improving
classification results (Tricht et al., 2018).
Apart from classifications based on optical
images, a number of studies have been suc-
cessfully conducted using only radar imag-
es and crop phenology information (Bargiel,
2017; Clauss et al., 2018; Kenduiywo et al.,
2018; Nasrallah, 2019). Optical data use the
visible, near-infrared and short-wave infrared
part of the electromagnetic spectrum, provid-
ing valuable information about leaf colour,
water content and overall plant health, while
radar data, depending on frequency and polar-
ization, provide a complex representation of
surface structure and roughness, soil moisture
and topography (McNairn & Brisco, 2004).
Numerous studies have proven the comple-
mentarity of optical and radar data, the com-
bination of which can increase the accuracy
of the classification process (McNairn et al.,
2009; Qiao et al., 2014; Park & Im, 2016;
Mansaray et al., 2017; Kussul et al., 2018).
With the launch of the Sentinel-1 (2014
A/2016 B) and Sentinel-2 (2015 A/2017 B)
missions operated by European Space Agency
(ESA), the interest and number of research
on the topic of crop mapping based on the
synergy of these two data sources has in-
creased (Sonobe et al., 2017; Tricht et al.,
2018; Denize et al., 2019; Sun et al., 2019;
Campos-Taberner et al., 2019; Orynbaikyzy
et al., 2020; Abubakar et al., 2020).
Multi-temporal satellite images affect
the accuracy of the classification, but they
also represent a specific challenge in terms of
searching, downloading, storing and process-
ing complexity of satellite images. Searching
and downloading data is demanding in terms
of the time required to perform these actions.
Adequate memory is needed to store a large
amount of data, then high-performance pro-
cessors and working memory are necessary
to calculate and run demanding algorithms.
These problems can largely be overcome by
using platforms such as Google Earth Engine
(GEE), which is based on cloud technolo-
gy. GEE is a platform for processing a large
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ce npeBazuhu kopunhemeM mwIaTGopMu Kao LITO
je Google Earth Engine (GEE), a koja je 6azupana
Ha kiayn texnonoruju. GEE je mnardgopma 3a 06-
pajy BEITMKE KOJIMUYMHE TeorioiaTaka U pa3BHjeHa je
3a M3BOleHhE TEMPOCTOPHUX aHAJIM3a Ha TUIaHeTap-
HOj ckaiu (Gorelick, 2017). Jlak, 6p3 u Gecruiaran
MPUCTYI CKYIIOBMMA I0JIaTaKa, OTBOPHO j& BpaTa
KOHTUHYHPAHOM HaJIITIeamky 3eMIbUHE TIOBPIIIMHE
KpO3 pa3syMHE U Cca acrieKTa Ha/IIvieiara PUXBATIbU-
BE MPOCTOPHE W BPEMEHCKE pe3oiynmje (Zurgani
et al., 2018). Pauynamwa y GEE u3Bozne ce momohy
Google nadpactpykrype, Tje Cy aHaJTu3e ayTomMar-
CKH TIapaJieIn3MpaHe TaKo Jia MapajielTHo MOy OUTH
YKJbYYEHH MHOTH KOMIT)yTEPCKU TIPOIIECOPH TIPH-
JKoM ozipelyeHor pauyHama. OBO je 011 U3y3eTHOr
3Ha4aja HAPOUMTO 32 OOMMHE U 3aXTHjEeBHE T€OMpPO-
cropHe aHanuse. [lonaim u3 apyrux u3Bopa ce Mory
kopuctutu Y GEE, Te ce Mory pernpojekroBari ako
je To meorxomHo (Bajic et al., 2017). Y mocisenmmux
2-3 ronvHe HACTajy MHOTE aIUIMKAaIHje U CTYIH]je
3acaoBare Ha GEE mmargopmu y aujem Qokycy je
WCTPaXKUBAhEC HAYMHA KOPHUIINEHha 3eMJBHIIITA, TE
MOCeOHO MHTEPECAHTHO 33 OBO MCTPAKUBAGE CTY-
nuje o knacudukarmju Tumosa ycjepa (Teluguntla et
al., 2018; Poortinga et al., 2019; Paludo et al., 2020;
Tassi & Vizzari, 2020; Xinkai et al., 2020; Marszalek
et al., 2020; Amani et al., 2020).

Taxole, TpaaUIMOHATHI TPUCTYT KIIacH(HUKa-
LM ycjeBa ca MojalyMa U3BEICHUM U3 JJaJbUHCKE
JIETeKIIMje, 3aCHOBAH je TPBEHCTBEHO HA TEXHU-
KamMa HaJ3upaHe W HEHaJ3UpaHe KIach(HKaIje
(Palchowdhuri et al., 2018). Aytopu y oBoM pamy
W3BOJIE HAJIBUPHY MUKCEN O0a3upaHy Kiach(pukaimjy,
Koja Imojipa3yMHjeBa KJIacHu(PUKaIIjy CBaKOT TIMKCeTa
Ha BUILIEBPEMEHCKOM CKYITy Tofiaraka. Yuras mpo-
ec knacudukarje ouhe Haa3MpaH, MOYEB Of MPU-
KyIUbakha TPEHUHT IoflaTaka Koju he ce KOpUCTHTH
y y4emy ajaroputMa Kiacupukaiyje, ma 10 u3pase
KapTe HauMHa KOpUIIThera 3eMIJBHIIITA Ca TeXKUILITEM
Ha TIOJHOIPUBPETHOM 3eMJBHIIITY, OTHOCHO YCjeBUMA
O3WMeE TIIECHHIIE, YJbaHe PETTHLie, 3001 1 jeuMa.

MNOAPYUJE NCTPAXKUBAKBA U TIOJALIU
[Moapyuje uctpaxuBama
[Toapyyje uctpaxkusama (Cn. 1) Hanma3u ce Ha

cjeBepy Pemmybmuke Cpricke / BocHe u XeprieroBu-
He (buX) y o6yxBary reonpocropa JIujerya mnosba,
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amount of geodata and was developed to per-
form geospatial analyses on a planetary scale
(Gorelick, 2017). Easy, fast and free access
to data sets has opened the door to continu-
ous monitoring of the Earth’s surface through
reasonable and from the point of view of
monitoring acceptable spatial and temporal
resolution (Zurqani et al., 2018). Calculation
in GEE are performed using the Google infra-
structure, where analyses are automatically
parallelized so that many computer processors
can be involved in parallel during a particu-
lar calculation. This is of exceptional impor-
tance, especially for extensive and demanding
geospatial analyses. Data from other sources
can be used in GEE, and can be reprojected if
necessary (Baji¢ et al., 2017). In the last 2-3
years, many applications and studies based on
the GEE platform have been created, the focus
of which is research on land use, and especial-
ly interesting for this research is the study on
the classification of crop types (Teluguntla
et al., 2018; Poortinga et al., 2019; Paludo
et al., 2020; Tassi & Vizzari, 2020; Xinkai et
al., 2020; Marszalek et al., 2020; Amani et
al., 2020).

Also, the traditional approach to crop
classification with outputs derived from re-
mote sensing is based primarily on supervised
and unsupervised classification techniques
(Palchowdhuri et al., 2018). In this paper, the
authors perform supervised pixel-based clas-
sification, which includes the classification
of each pixel on a multi-temporal data set.
The entire classification process will be mon-
itored, started with the collection of training
data that will be used in learning the classifi-
cation algorithm, and ending with the creation
of a land use map with a focus on agricultural
land, i.e. crops of winter wheat, rapeseed, oats
and barley.

AREA OF RESEARCH AND DATA
Area of research
The research area (Fig. 1) is located in

the north of Republic of Srpska / Bosnia and
Herzegovina (B&H) within the geospace of



[TTACHUK — HERALD 26

Koj€ je 1o (pr3MOHOMCKOM MPUHIIMITY BEOMA JaCHO
m3audepenuupana Gpusnyko-reorpadcka CTpykK-
TypHA jeIUHUILIA.

Lijevce field, which according to the physi-
ogonomic principle is a very clearly differen-
tiated physical-geographical structural unit.

A 000N

AT000N

TN

45”3

A4"3a.00'N

Cn. 1. [loapyudje uctpaxxuBama
Fig. 1. Study Area

VY ¢usnuko-reorpadckom cmuciy Jlujerue
M0JbE j€ paBHHUIIA, OJIaro HarHyTa Ka CjeBepy, Of-
HOCHO CjeBEPOHCTOKY y OTHOCY Ha AMHAPCKH I1a-
HUHCKHU CUCTEM U TIPEJICTaBIba jeiaH MopdoreHeT-
cku Onok. JInjeBue mosbe nma OOJIMK HETIPaBHIIHOT,
OOpHYTOT TPOYIVIa, YHjy OCHOBHILY NPEICTABIbA
nonmuHa CaBe (CjeBepHa TpaHMIIA Ty)KUHE O OKO
24 km), a kpake pujexa BpOac (ucrouna rpanuia
nyxuHe o oko 34 km) u MopdocTpykTypa u30-
xurca ox oko 120 m H.B. (3amajiHa rpaHuIa JIy-
xuHa o1 oko 34 km). [ToBpmmaa JIujeBua mospa
usHocu oko 500 km? (Tpouh, 2004).

[Toxpydje ucTpakuBama UMa yMjepeHO-KOH-
THHEHTAJHY KJIMMY KOjy OJJIMKYj€ BIIaKHA U TO-
IUIa JbETa U XJIaJHEe 3UME Ca MambOM KOJMYUHOM
nagaBuHa. IIpocjedna roauimima TemmepaTrypa
Ba3/lyXa M MPOCjeyHa TOAMIIHA KOTUYMHA TIajia-
BuHa n3Hocu 11.2 °C u 1040 mm, pecrieKTUBHO.
[Ipocjeuna temmeparypa HajTOIUIMjEr Mjecera
(jym) m3HOCH 24 °C, 10K IpocjeuHa TeMIieparypa
HajxJaaHujer Mjecena (janyapa) uzaocu 0.3 °C.
HctpaxxuBaHu MPOCTOP OJIMKYj€ KOHTHHEHTATHH
TUTYBUOMETPH]CKU PEKUM ca HajBehoM KOJINYH-
HOM TIa/IaBHHA Y CE30HM JbeTo (284 mm) u Haj-
MamOM y ce30HH 3uMa (227 mm). Hajkumosutuju

In the physical-geographical sense, the Li-
jevce field is a plain, slightly inclined to the
north, that is, to the northeast in relation to the
Dinaric mountain system, and represents one
morphogenetic block. The Lijevce field has the
shape of an irregular, inverted triangle, the base
of which is the Sava valley (northern border of
about 24 km long), and the branches of the Vrbas
River (eastern border of about 34 km long) and
the isohypse morphostructure of about 120 m
above sea level (western border length of about
34 km). The area of Lijevce field is about 500
km? (Tp6uh, 2004).

The research area has a moderate-continen-
tal climate characterized by wet and hot sum-
mers and cold winters with less precipitation.
The average annual air temperature and average
annual precipitation amount to 11.2 °C and 1040
mm, respectively. The average temperature of
the hottest month (July) is 24 °C, while the aver-
age temperature of the coldest month (January)
is 0.3 °C. The investigated area is characterized
by a continental pluviometric regime with the
highest amount of precipitation in the summer
season (284 mm) and the lowest in the winter
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Mjecel] je jyH y KojeM ce mpocjeqno uznyqn 109
mm, JIOK je Mjecell ca HajMambOM KOJTMYMHOM Ta-
naBuHa pedpyap 65 mm (Munocassbeuh, 1973).
[Ipema pacroaokKuBOM NPUPOIHOM MTOTEHIIUjaTY
(mosponpHUBpeIHE TIOBPIIMHE, YIIOTPeOHA BpHjeI-
HOCT 3€MJBHIIITA, IOBOJBAH TIOJIOXKA] Y OTHOCY Ha
caobpahajuurie) reonpocrop Jlujepua nmospa uma
W3HAJl IPOCjeuHe MPUPOAHE (TUIOTHO 3€MIBHUIIITE,
o0nuk pesbeda, KIMMa) U eKOHOMCKE YCIIOBE 3a
pa3Boj (Tpouh, 2004).

VY Ta6. 1. mpukazat je KaJeHaap CjeTBe U JKe-
TBE 32 paTapcke KyaType Ha noapy4djy buX.

season (227 mm). The rainiest month is June,
with an average precipitation of 109 mm, while
the month with the least amount of precipitation
is February, 65mm (MunocasieeBuh, 1973). Ac-
cording to the available natural potential (agri-
cultural areas, usable value of the land, favorable
position in relation to roads), the geospace of
Lijevce field has above average natural (fertile
soil, landform, climate) and economic condi-
tions for development (Tpouh, 2004).

Tab. 1 shows the sowing and harvesting
calendar for field crops in B&H.

Tab. 1. Kanennap cjeTBe u ’KeTBE TIIABHUX paTapCKUX KyITypa Ha mpoctopy buX
Tab. 1. Crop calendar for main crops in the B&H

VYejesu / Crops

CjerBa (Mjecer) / Sowing

KerBa (Mjecen) / Harvest

(month) (month)
IMmenunna o3uma / Winter wheat X, XI VI, VII
[MTmenvma japa / Spring wheat I Vil
Pax / Rye IX, X VI, VII
Jedam o3mmu / Winter barley X VI, VII
Jeuam japu / Spring barley I Vil
300 o3uma / Winter oats 1X, X VI, VII
300 japa / Spring oats I VII, VIII
Kyxypy3 / Maize v, v IX, X
IIpoco obuuno / Millet v, v Vi
Cupax / Sorghum vulgare v, v VIIL, IX
Pmxa / Rice v, v VI
Cynmoxkper / Sunflower v VIIL, IX
Coja / Soybean v VI, IX
VYpana permmma / Rapeseed IX VI, VII

[Ipema nporjemeHnM nogarma MuH#CTap-
CTBa MOJHONIPHUBPE/IE, IIIyMapCTBa U BOJOIPUBPEIE
Pernry6muke Cpricke moa 03uMUM KyliTypama y ce-
30uu 2019/2020 y JInjeBdy 1oy 3aCHjaHO j€ OKO
15000 ha. Ox 3acujaHe MOBpIIMHE HA MIICHUIY
ornazna oko 70 %, 3atum Ha jedam 15 %, yspany
penuity 8.5 %, o3umy 300 6 % u Tputukane 0.5 %.

Pedepentan momarm
3a ucTpakMBame MPUKYIUBCHHU Cy pedepeHT-

HU TTOJTAIM 32 ipon3BoaHY ce30Hy 2019/2020, u To
3a 03UMeE KyATYype: MIICHUILY, jedam, yJbaHy penu-
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According to the estimated data of the Min-
istry of Agriculture, Forestry and Water Manage-
ment of the Republic of Srpska, about 15000 ha
were sown under winter crops in the 2019/2020
season in Lijevce field. About 70 % of the sown
area is wheat, followed by barley 15 %, oilseed
rape 8.5 %, winter oats 6 % and triticale 0.5 %.

Reference data
Reference data for the 2019/2020 produc-

tion season were collected for the research,
for winter crops: wheat, barley, oilseed rape,
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11y, 300, 3aTUM 32 OPAHUIIEC U TPABHATE MOBPIIIHHE,
TE 3a BOJCHE MOBPIIHHE (je3epa U pUjeKe), IryMe
u usrpahene nospimHe (ypOane nospiinHe). 3a
03MME KyJType, TpaBHATe TOBPILIMHE U OpPaHUIIC
MO/IAIH Cy NPUKYIIJbEHU JUPEKTHO HA TEPEHY Y3
nomoh GPS-a u aururanne kamepe u To Ha 150
JIOKalyja, 0K Cy 3a BOAEHE MOBPIINHE, IIIyME U
nsrpahene nospunnae xkopumthenn Google care-
JIMTCKH CHUMIIM BUCOKe pe3onynuje. Ha moapyyjy
UCTPaKUBAKHA Y JeTHOM HE3HATHOM YJjely Y YKy-
ITHOj IPOW3BOIGY JKUTAPHILIA 3aCTYTIJLEHU CY TPHU-
THKaJIe U jape KyAType (japa NIIEHUIA, japy jedam
U japa 300), Me)yTuM Ha TepeHy HHje IPUKYTIJbEH
JIOBOJbaH OpOj penpe3eHTaTUBHUX Y30paKa TakKo
Jla Cy CBJE€CHO UTHOpHCaHH y Kiacuuranuju. C
003MpOM Ha H-MXOB HE3HATAH YO Y YKYITHO] IIPO-
W3BOJIBbU JKUTApHLIA HA oapyyjy JIujeBua mosba
(mo mporjenu aytopa pazaa He Buiie o 2-3 %),
oHe Hehe 3HauajHO YTHLIATH Ha pe3yTaTr HaJ3upa-
He knacudukanuje. Ha Ci. 2. npuka3zaHo je mect
MOBPILUHA TOJ] Pa3IMYUTHM KYJITypama, TPaBoM
Y OPAHMILIOM Ca MPEUU3HO Je(PUHUCAHUM I'€0TPO-
CTOPHHM TIOJIOKajeM (X, Y KOOpAWHATaMa).

oats, then for arable land and grassy areas,
and for water areas (lakes and rivers), forests
and built-up areas (urban areas). For winter
crops, grasslands and arable land, data was
collected directly on the ground with the help
of GPS and digital cameras at 150 locations,
while for water bodies, forests and built-up
areas, high-resolution Google satellite images
were used. In the research area, triticale and
spring crops (spring wheat, spring barley and
spring oats) are represented in an insignificant
share of the total grain production, however,
a sufficient number of representative samples
were not collected in the field, so they were
deliberately ignored in the classification.
Considering their insignificant share in the
total grain production in the area of Lijevce
field (according to the author’s estimation, no
more than 2-3 %), they will not significantly
affect the result of the supervised classifica-
tion. Fig. 2. shows six areas under different
crops, grass and arable land with a precisely
defined geospatial position (x, y coordinates).

Cn. 2. O3ume xyatype: | — o3uma nmenuna, I — o3umu jeyam, 111 — yspana penuna, [V — o3uma 300,
V — tpaBHara noBpuiuHa, VI — opanuia
Fig. 2. Winter crops: | — winter wheat, Il — winter barley, III — rapeseed, IV — winter oats, V —
grassland, VI — ploughland

Y QQGIS (https://www.qgis.org/en/site/) arnm-
KalMjy W3BpILICHA j€ pyYHa JelrHallja TPEHUHT
napuena Ha ocHOBY CeHTHHEN-2 caTeIUuTCKOT
cHuMKa, Google caTelnTCKUX CHHMaka BHUCOKE

In the QGIS (https://www.qgis.org/en/site/)
application, manual delineation of the training
plots was performed based on the Sentinel-2
satellite image, high-resolution Google Satellite
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pesonynuje u y3 momoh dororpaduja u GPS noxa-
Taka (X, y KOOpIMHaTa) NpUKYIIJbEHUX Ha TEPEHY.

images and with the help of photos and GPS data
(x, y coordinates) collected in the field.

Tab. 2. bpoj TpeHUHT ¥ BaIMIAIIMOHUX TTUKCENa 0 Kiiacama
Tab. 2. Number of training and validation pixels per class

Kunaca / Class Kod/Code Tpenunr/Training Baaupanuja/ Validation

300 / Oats 1 67 71

Vibana permna / Rapeseed 2 120 100
Tpasa / Grassland 3 257 245
[yma / Forest 4 165 116
Bona / Water 5 137 119
ITirennma / Wheat 6 208 285
Wsrpahene nospumne / Built-up 7 101 139
Opanuna / Ploughland 8 208 333
Jeuam / Barley 9 130 89

Bbpoj TpeHUHT 1 BaTMIAMOHUX THKCENa MpH-
kazaH je y Ta6. 2. CBakoj on 9 kaca fojjesbeH je
0poj KJace, Te Cy MOJIMIOHHU CITy4ajHUM 01a0UpOM
MOJINjeJbeHU Y OJJHOCY TpeHUHT (48 %) / Banuna-
uja (52 %). 3a y3opkoBame CiIyyajHUM 0Ja0HpoM
W3/IBOjeHO je MakcumaiHo 20 Tayaka (IMKcena) o
MIOJIMTOHY, MUHUMAJIHOT Mel)ycoOHOr pactojama
on 20 m. OBakaB NPHUCTYI C€ y BEIUKO] Mjepu
kopuctu y mureparypu (Tassi & Vizzari, 2020).
OBMM HaYMHOM M3/IBOjEHO je YKyIHO 2890 Tauaka/
nukcena, 1393 3a tpenupame u 1497 ragaka 3a
BaJIUALIHA]Y.

CarenuTcKu moaamnu

Y pany cy xopumrhene KOMOMHAIIM]je BUIIIE-
BpeMmeHckux panapckux Cenrunen-1 (C—1) u on-
Tnukux Centunen-2 (C—2) careIMTCKUX CHUMaKa
3a2019. n 2020. roguny. Tauan nonoxaj nozxpyyja
HCTpaKuBamwa y ogHocy Ha 3axBare C-1 n C-2
CHMMaka npukasat je Ha Ci1. 3, Ha K0joj je JaT u
6poj C—1 u C-2 cHuMaka oj] Kojux cy uspaheHu
KOMIIO3UTHHU CKYTIOBH IO/IaTaKa Kao U MPOIeHaT
obnauHoctu (C—2) 3a CBaku MEPHUOI.
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The number of training and validation pix-
els is shown in Tab. 2. Each of the 9 classes
was assigned a class number, and the polygons
were randomly selected in the ratio of training
(48 %) / validation (52 %). A maximum of 20
points (pixels) per polygon, with a minimum
distance of 20 m, were selected for random
sampling. This approach is widely used in the
literature (Tassi & Vizzari, 2020). In this way, a
total of 2890 points/pixels were extracted, 1393
for training and 1497 points for validation.

Satellite data

Combinations of multi-temporal radar
Sentinel-1 (S—1) and optical Sentinel-2 (S—
2) satellite images for 2019 and 2020 were
used in the paper. The exact location of the
research area in relation to the captures of
S—1 and S-2 images is shown in Fig. 3, which
also shows the number of S—1 and S-2 imag-
es from which the composite data sets were
made, as well as the percentage of cloudiness
(S-2) for each period.
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Cn. 3. Tlonoxaj mompydvja HCTpakuBama y OAHOCY Ha 3axBar (turouniie) Centunen-2 u Cenrunen-1
carenuTa ca OpojeM CHMMaKa 3a CBaKu IMEPHO]] U TIPOLICHTOM 00JIa4HOCTH
Fig. 3. Position of the study area in relation to the coverage (tiles) of Sentinel-2 and Sentinel-1
satellites with the number of images for each period and the percentage of cloud cover

On cnekTpaTHuX KaHajia y 1pBoj ¢a3u ucTpa-
KMBama KOpUIIheH! ¢y CBU KaHAJIM CeM KaHaja
B1 (ob6amne aepoconu), B9 (Bogena mapa) u B10
(mupycu). Kacauje he ce y nassem HCTpaKuBamy
W3BPILIUTH CEJIEKIMja HajOITUMAIHHU]X CIIEKTpaJl-
HUX KaHaja 3a CBaKH BpeMeHCKH nepuona. Ocum
TOra, 3a MoTpede KiIacu(uKalyje U3BEeACHU Cy U
BEreTallioHN WH/IEKCH U3 CIEKTPAJIHUX KaHaja.
CeHTuHEN-2 CHUMAK OKPUBA BUAJBUBU JIUO CIIEK-
Tpa (kanan B2, B3 u B4), uBnuHo 1ipBeHu (kaHai
BS5, B6, B7, B8A), 6iucko nHbpa-1ipBeHn (KaHaT
B8) u kparkoranmacHu uMH(pa-LIPBEHH CIIEKTap
(xanan B11 u B12). 3a uzpany 3 xommnosura oj
ontnuknx C—2 cHUMaka HuBoa 2A, 00Ia4HOCTH <
10 % u < 20 %, xopurthene cy QyHKIHMje MacKH-
pama o0J1aka ¥ CjeHKH Koje Cy TeHepucane y Java
Script mporpaMcKoM je3uKy U Koje Cy M3pajuiin
nporpamepu GEE 3ajennurie. 3a morpebe uctpa-
xuBama Kopuihena je Cenrunen-1 GRD cHum-
ka (Ground Range Detected) xoja je 3ampkaHa y
muneapHoj ckaimu (S1_GRD_FLOAT), nomrto cBu
KOpaly MpUIIpeMe 3aXTHjeBajy Ja Mmojamu Oyny y
nuHeapHoj ckanu. Hakon npunpeme C—1 cHumaka

In the first phase of the research, all chan-
nels were used except channels B1 (coastal
aerosols), B9 (water vapor) and B10 (cirrus).
Later, in further research, the selection of the
most optimal spectral channels for each time
period will be carried out. In addition, veg-
etation indices from spectral channels were
derived for classification purposes. The Sen-
tinel-2 image covers the visible part of the
spectrum (channels B2, B3 and B4), edge-red
(channels B5, B6, B7, B8A), near-infrared
(channel B8) and short-wave infrared (chan-
nels B11 and B12). Cloud and shadow mask-
ing functions generated in the Java Script pro-
gramming language and developed by GEE
community developers were used to create 3
composites of level 2A optical S-2 imagery,
with cloud cover between < 10 % and < 20
%. For the purposes of the research, Senti-
nel-1 GRD (Ground Range Detected) footage
was used, which was kept in a linear scale
(SI_GRD_FLOAT), since all preparation steps
require the data to be in a linear scale. After
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OBAj CeT I0/1aTaKa je KaTMOpucaH Ha KOSPUIH]eHT
MOBPATHOT pacIpllickha U3PaXKEH y aerudenuma
(dB). YkynHO TpH KOpaka o0pajie 3a 0Baj CET I10-
naraka u3BezneHu cy ox crpaie GEE nporpamepa n
TH KOpally OIPa3yMHjEBajy: YKIAmhAe TOIUIOTHE
OyKe, paJOMEeTPHjCKy KaJTHOpaIjy U KOPEKIUjy
TepeHa.

METOJIE

Jla 61 M3pa iy HEKH CKYTI IToiaTaka moTpeo-
HO j€ YYMHUTH HEKOJIMKO OCHOBHHUX KOpaKa, TI0ueB
OJ1 IPUKYIJbaba peepeHTHUX MoJaTaKa, pyqHe
JeTTMHAIM]je Tapiiena, 1epHUHUCAmbe BPEMEHCKUX
OKBHpa OCMaTpama, (GuITpupame 1 ONTUMHU3ALIN]a
KOJIMYMHE MH(OpMaLFja HEOITXOAHHUX 3a U3BOlee
Ha/3UpaHe Kiacudukayje, Te u300p Kiacupu-
KaTropa 1 TIOKpeTame aJlrOpuTMa Kilacu(uKanuje.
OBuM KOpanuma, Kpo3 HEKOJIHMKO (a3a, TeKao je
npouec Haa3upHe kinacudukanuje (Ci. 4).

preparation of S—1 recordings, this data set
was calibrated to the backscatter coefficient
expressed in decibels (dB). A total of three
processing steps for this data set were per-
formed by GEE programmers and these steps
include: removal of thermal noise, radiometric
calibration and terrain correction.

METHODS

In order to create a data set, it is necessary to
do several basic steps, starting with the collection
of reference data, manual delineation of parcels,
definition of time frames of observation, filtering
and optimization of the amount of information
necessary to perform a supervised classification,
as well as the selection of a classifier and the start
of the classification algorithm. With these steps,
through several stages, the supervisory classifica-
tion process is underway (Fig. 4).

Cn. 4. Pangnau nporiec knacudukauje
Fig. 4. Workflow of classification
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HeonxomHOCT KOHCTAHTHOT Mjeperha TaqHo-
CTU KJIacu(]UKalMje 3aXTHjeBa U3Boheme y3acTor-
HUX UTepalyja Ha KCTOM WM PAa3ITHUYUTOM CKYITY
nofaraka. [lujenu mporiec 3axTijeBa orpoMHe UH-
(dbpacTpyKTypHE pecypce, Te U3 TOT pasjiora Huje
MIOTOJIaH 32 M3BONEHE HA JIOKAIHUM MalliHaMa.
Kao ajiekBaTHO M KBAJIMTETHO aJITEPHATHUBHO pje-
1ieme y oBoM ciaydajy Hamehe ce GEE okpykeme.
OBO OKpykeme 1aje MOTYNHOCT JIakoT H3Bohema
W3Yy3€THO 3aXTHjeBHUX Mporieca. OcuM MocTu3ama
BHUCOKE MPEIU3HOCTU U MOY3JaHOCTH pe3yaTara
KiacuuKaImje, TeKUIO C€ M ONTUMATHO] TIOTPO-
kU pecypca u Behoj Op3uHN u3Bohema ornepa-
1Mja. 3aTo Cy y Ty CBPXY HAaKOH MITO Cy u3paheHu
CKYTIOBH IIOJIaTaKa M0 NEPHOMMa, UCTH U3BEKEHH
y GEE cxnagumre (Google Earth Engine Assets),
Te Cy KacHHUje mo3uBaHu y paauu mnpoctop GEE.
Jlasbe, arperaiijom 3 KOMIIO3UTA Y je/IaH CIIOKEHH
ckyn nofaraka (eHri. Stack) uszBeneH je puHaIHA
CKYTI ITOJ[aTaKa.

CenekIyja ONTUMAITHOT BPEMEHCKOT
OKBHpa MjepermheM
Jeffries-Matusita qucragie

Bpwujeme arperamnmje mogaraka y MyJaTHBpe-
MEHCKHM Kiacu(ukaujama, y 3Ha4ajHOj MjepH
onpehyje ucxon knacudukamuje. Kako 6u ce me-
pHO 0 MEepHOa U3Mjepuia cenapaunuja umehy
kiaca, y okBupy GEE u3padyHare cy ciekTpaiHe
muctanie Jeffries-Matusita (JM) u Bhattacharyya
(BH). Ocum nobujama nHpOpMaImja o OTUMaI-
HUM BPEMEHCKHM TIePHOINMa, KOPUCHA je HHPOP-
MalMja U y KOjeM je CIEKTPAaTHOM KaHally WM
BereTaliMoHoM HHJeKcy Beha cemapanuja mmel)y
knaca. Y cBoM paay Hao et al. (2014) mpumjemyjy
Mjeperwa JM 1 BH nucrannie qa 6u pasymjernn Kako
ce cernapalyja pa3IMuiTiX ycjeBa MUjeHha TOKOM
CE30HE, ca LIUJbeM n300pa ONTUMAIHUX BPEMEH-
CKHX MEpUOa Y KOjMa Ce U3BOJIC U pauyHajy Ba-
pujabiie HEOIXOIHE 3a KIACH(HKAIIH]Y.

Huctanma JM je Mjepa mpocjedHe yaabe-
HocTH n3Mel)y nBuje kinace u geuHUCaHa je Kao:

Jij =2(1—e™?Y) (1)

raje je Bij BH ynamenocr:

The necessity of constant measurement of
classification accuracy requires the performance
of successive iterations on the same or different
data set. The entire process requires huge infra-
structure resources, and for this reason it is not
suitable for execution on local machines. As an
adequate and high-quality alternative solution
in this case, the GEE environment is imposed.
This environment gives the possibility of easily
performing extremely demanding processes. In
addition to achieving high precision and reliabil-
ity of the classification results, the aim was also
to optimize the consumption of resources and
speed up the execution of operations. Therefore,
for this purpose, after the data sets by period
were created, they were exported to the GEE
storage-asset (Google Earth Engine Assets),
and were later called into the GEE workspace.
Further, by aggregating 3 composited into one
complex data set (Stack), the final data set was
derived.

Selection of the optimal time
frame by measuring the
Jeffries-Matusita distance

The time of data aggregation in multi-tempo-
ral classifications largely determines the outcome
of the classification. To achieve this, the spectral
distance was calculated within the Jeffries-Ma-
tusita (JM) and Bhattacharyya (BH) GEEs, in
order to measure the separation between classes
period by period. In addition to obtaining infor-
mation about optimal time periods, information
1s also useful in which spectral channel or vegeta-
tion index has a greater separation between class-
es. In their paper, Hao et al. (2014) apply JM and
BH distance measurements to understand how to
separation of different crops changes during the
season, with the aim of choosing the optimal time
periods in which the variables necessary for the
classification are derived and calculated.

The JM distance is a measure of the average
distance between two classes and is defined as:

Jij = 2(1 —e~8Y) (1)

where is Bij Bhattacharyya is the distance:
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Bij = (i~ (*52) (i — p)+2 In ('(j%j/.f')
(2)
a T7je Cy (i M yj Cpearbu BEKTOpH JBE pa3marpa-
HE KJlace, Y1 ¥ Y j cy oaroapajyhe marpuie Ko-
Bapujanie. JM nucranma ce kpehe y BpujeaHo-
cru ox 0 o 2 mosehasajyhu cenapanujy usmehy
KJaca, 1ok Beha BpujenHocT Bij ogroBapa Behem
MPOCjeYHOM pacTojamy u3Mehy kimaca. Y ciayyajy
HOpMAaJIHO JUCTpUOyHpaHuX Kiaca, Jij mocraje
Bij (Richards & Jia, 2006). Bpujennoct 0 3naun
HUKAKBY, JIOK BPHjEIHOCT 2 3HAYH MOTITYHY CeTia-
pammjy usMelyy mapoa kiaca (Sousa et al., 2003).
Pesynrar mjepema JM crnekrpanHe AUCTaHIE CY
3 BpeMEHCKa Ieprojia Yrje Cy BPEMEHCKE CepHje
M0/IaTaKa MPeToYeHe y 3 KOMIIO3UTHA CKYTIA.

W3pana ckymosa nogaraxa
JTAJBHHCKE JICTCKITH]e

3a notpede Kacu(puKaImje OCUM CIIEKTPaTHUX
KaHaJla ONTHYKUX CHUMakKa, u3pal)eHo je HEeKOJIMKO
BEreTaIMOHNX WHJIEKCA KOJU Cy KOpHUIINEHU Yy U3-
pamu yKymHO 3 komrioszuta. CreKTpaiHu MHAEKCH
W3BE/ICHU U3 CaTEIUTCKUX CHUMaKa JTaJbUHCKE Jie-
TEKIMje HAIMPOKO Cy KOpUIIheHu 3a Kiachpuka-
ujy ycjesa (Orynbaikyzy et al., 2020). M3 C-2 3a
notpede UCTpaknBama n3paheHa cy 4 crieKTpaHa
WHJIEKCA U TO: BETETAIMOHH MHCKC HOPMAaJIN30Ba-
He pazmuke (Normalised Diference Vegetation Index
— NDVI), BoieH! MHIEKC HOPMAJIM30BaHE PA3IIHKE
(Normalised Diference Water Index — NDWI), 3a-
THM BETeTAllMOHU MHJIEKC npuaroheH peduekcuju
semsbmita (Soil Adjust Vegetation Index — SAVI) u
unzaeke mrpahenoctu (Index-Based Built-up Index
— IBI). NDVI nipBu je y CBOM UCTpaXXHBamby IPeI-
noxuo Poys ca rpynom aytopa (Rouse et al., 1973).
Ogaj BereTaroHy UHICKC Hajuerihe je kopuiheH u
€KCIUIOATHCAH O CTPAHE 3ajeTHHUIIE NCTPAKUBAYA y
JAJBMHCKO] JeTeKIrju. MHoTra ucTpaXrBama 0as3u-
paHa Ha OBOM BEreTAIMOHOM MHJIEKCY TOKa3asa Cy
W3y3€THE pe3yiTare, m3Mel)y OCTaINX U BEJIUKH Opoj
KIacuQuKalija ycjea u3BesieH je 3axsasbyjyhu NDVI
unznekcy (Qiao et al., 2014; Palchowdhuri et al., 2018;
Amani et al., 2020). NDWI canpxu ungopmarmje
0 KOJIMYMHU BOJIE Y OMJbKaMa M y BEJIMKO] MjepH ce
KoprcTH 3a knacupukammjy (Gao, 1996; Sun et al.,
2020). M3060p BererarmoHor WHIEKca 0a3upao ce Ha
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1, SivE\ . N1 Si+2j)/2
Bij = (i~ (*22) (ui — wi)+2 In ('( — ')
(2)

and where ui and yyj are the mean vectors of the
two considered classes, Y1 and )j are the corre-
sponding covariance matrices. The JM distance
ranges from 0 to 2, increasing the separation be-
tween classes, while a larger value of Bij corre-
sponds to a larger average distance between class-
es. In the case of normally distributed classes, Jij
becomes Bij (Richards & Jia, 2006). A value of 0
means none, while a value of 2 means complete
separation between paris of classes (Sousa et al.,
2003). The result of the JM spectral distance mea-
surement in 3 time periods whose time series of
data have been transformed into 3 composite sets.

Creation of remote sensing
datasets

For the purposes of classification, in addi-
tion to the spectral channels of the optical im-
ages, several vegetation indices were created
that were used in the creation of 3 composites.
Spectral indices derived from remote sensing
satellite imagery have been widely used for
crop classification (Orynbaikyzy et al., 2020).
From S-2, 4 spectral indices were created
for the purposes of research, namely: Nor-
malised Difference Vegetation Index (NDVI),
Normalised Difference Water Index (NDWI),
the Soil Adjust Vegetation Index (SAVI) and
Index-Based Built-up Index (IBI). NDVI
was first proposed in research by Rouse with
group of authors (Rouse et al., 1973). This
vegetation index is most often used and ex-
ploited by the remote sensing research com-
munity. Many studies based on this vegetation
index have shown exceptional results, among
others, a large number of crop classifications
have been performed thanks to the NDVI in-
dex (Qiao et al., 2014; Palchowdhuri et al.,
2018; Amani et al., 2020). NDWI contains
information about the amount of water in
plants and is widely used for classification
(Gao, 1996; Sun et al., 2020). The selection of
the vegetation index was based on the spectral
response of different crops, so eg. SAVI veg-
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CTICKTPAITHOM OJITOBOPY Pa3TMUUTHX YCjEBa, T j& TAKO
Hip. SAVI Bererairiony MHICKC MPUIIarol)eH yTUIajy
pedriercHje 3eMIBUILITA Ha OCHOBY KOj€ CE PeJIaTHBHO
JIaKO MOTY OZIBOJUTH MpoJbehHe 01 3MMCKHX KYITypa
(Palchowdhuri et al., 2018). IBI je u3Benen u3 apy-
TMX MHJIEKCA M KOPUCTaH je 3a U3Bajarbe N3rpal)eHux
MOBPIIMHA K0 U roJior 3emsbriTa (Xu, 2008).
Ocum 3 xopaka xopekije CentuHen-1 criene
msBeneHe of crpane GEE nporpamepa, n3Bpiiena je
Kopekija Oyke Ha MBULIM — I'paHuIH (eHr1. Additional
Border Noise Correction), parioMeTpHjcKa KOpeKIrja
tepena (eHr1. Radiometric terrain normalization), 3a-
TUM TIpuMjerseH je ['ama mar-¢rorrep (enmt. Speckle
filtering) mpema ymyTCTBHMa Kako je JAETaJbHO
o0janmbeHo U 'y komy uspaheno y pagy Mymuca u
npyrux (Mullissa et al., 2021). 3a norpebe knacudu-
kapje, o C—1 xopuinheH je MHTE3UTET TTOBPATHOT
curHana (dB) BeprukamHo-BepTukaine (VV) u Bep-
TrkaiHO-xopu3oHTaHe (VH) nonapuzanmje. Hakon
onabrpa BpeMEeHCKUX Tieproa 3a koje he ce ypaauru
arperanpja rnojaraka y KOMIIO3HTe, n3abpaHe cy Ba-
pujabne o kojux he ce u3paauTy 3 KOMIIO3UTA.

Krnacudukarujcku anropuram U Mjepere
TAYHOCTH

3a morpebe n3paje Haa3upaHe MuKcen 0a3u-
pane knacudukanyje, kopumhena je “ciryuajHa
ryma’”, aJiropuTaM MamuHcKor yuewma (Random
Forest — RF). Knacuguxarop RF xopuctu Butec-
TPYKO CcTabJI0 OMITyKe Kako OW J10Jjesno Kiacu-
¢uKanyjcke 03HaKe, Te Kako OM CMamHO MpeHa-
yaeHocT mozena (enni. Overfitting). U3 cBakor
TPEHHHT N0/IaTKa HACYMUYHO C€ y3UMajy y30pIIH,
Te U3 100MjEHNX HACYMHYHUX Y30paKa aJlrOpuTam
usrpalyje ,,irymy crabama®. Y pany je 3a morpe-
6e knacugukanuje odyuen knacudukarop RF ca
napameTpoM of 50 crabaia Koju je MpuMjerheH Ha
CKYTI IT0J[aTaKa 3a TPEHUHT U BaJIUIAIIH]y.

Taunoct u3BeneHe KiIacuuKaIyje IMPEKTHO
je mjepena y GEE, kopucrehu Tauke (mukcene) 3a
Banuaayjy. Mjepena je ykymaa traunoct (Overall
Accuracy — OA), xopucHnuka TauHocT (User
Accuracy — UA), npousBoana tauHocT (Producer
Accuracy — PA), Kana xoedurijent u @1 pe3syn-
tar (F—1 score). 3a mpoBjepy TaUHOCTH KOPHUILITEHA
je marpuua kongysuje (Confusion Matrix), yHyTap

etation index adopted to the influence of soil
reflection, on the basis of which spring crops
can be separated from winter crops relatively
easily (Palchowdhuri et al., 2018). The IBI
built-up index is derived from other indices
and is useful for distinguishing built-up areas
as well as bare land (Xu, 2008).

In addition to the 3-step correction of
the Sentinel-1 scene performed by the GEE
programmers, additional border noise correc-
tion, radiometric terrain normalization, then
Speckle filtering was applied according to
instructions as explained in detail and coded
in the work of Mullisa and other other au-
thors (Mullissa et al., 2021). For purposes of
classification, from S—1, the return signal in-
tensity (dB) of vertical-vertical (VV) and ver-
tical-horizontal (VH) polarization was used.
After selecting the time periods for which
data aggregation will be done into compos-
ites, the variables from which 3 composites
will be created were selected.

Classification algorithm and fluid
measurement

For the purposes of creating a supervised
pixel-based classification, a Random Forest
(RF) machine learning algorithm was used.
RF classifier uses a multiple decision tree
to assign classification labels and to reduce
overfitting of the model. Samples are taken
randomly from each training data, and the al-
gorithm builds a “forest” of trees from the
obtained random samples. In this work, a RF
classifier with a parameter of 50 trees was
trained for the purposes of classification and
applied to the data set for training and vali-
dation.

The accuracy of the derived classification
was directly measured in GEE, using points
(pixels) for validation. Overall Accuracy (OA),
User Accuracy (UA), Producer Accuracy (PA),
Kappa coefficient and F—1 score were measured.
To check the accuracy, a Confusion Matrix was
used, in which the data on the diagonals repre-
sent correctly classified pixels, while the pixels
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Koje MOoJIally Ha JrjaroHajiama MmpecTaBibajy Uc-
MPaBHO KJIaCU()UKOBaHE MUKCETE, TOK Cy MHKCe-
JIM U3BaH JIMjaroHaje MOrpenrHo KI1acu(pUKOBaHH
y apyry kiacy. OA knacudukanuje neduHucaHa
j€ Kao oMjep UCIPAaBHO KIACH(PUKOBAHUX MHKCE-
J1a HacyIpoT yKynHor Opoja nukcena. UA noOuja
ce jesbebeM Opoja CTIPaBHO KITacH(UKOBAHIX
MUKCeJa KOjU MPHIaJajy HEKOj KJIacH ca CyMOM
BPHjEHOCTH Yy PEJOBUMA T€ MCTE Kilace, 0K ce
BpujenHocT PA nobuja qujessemem 6poja ucrpas-
HO KJIACU()MKOBAHUX MUKCETIa KOjH MPHIIAIAjy He-
KOj KJIaCH ca CyMOM BPHjETHOCTH Y KOJIOHH T€ UCTE
knace (Dobrini¢ et al., 2019). Pauynamem Kama
Koe(UIMjeHTa MOXe Ce JOJaTHO MPOBjEpPHUTH pe-
3ynrar knacuguxaije. berosa Bpujentoct kpehe
ce o 0 mo 1. Bpujennoct Kana xoedunujenta 0
3HAYM Ja ce KiIacu(UKAIHMjOM HHje TOILIO IO
00JBHX pe3yiTara Koju OM ce OCTBApWIIU CITyyaj-
HOM KJIACU(PHMKALIM)jOM, JIOK BpUjeAHOCT | 3HA4YM
na je kinacudukanyja 6e3 rpemike (Landis & Koch,
1977). ®-1 Mjepa 03HauaBa Mjepy TAUHOCTU MOJIE-
na. Kopucrs ce kaia Mjepe Nper3HOCTH U O/131UBa
HE J1ajy T0OBOJBHO jacHE pe3yiTare. 3aBHCHA j€ Off
MPELM3HOCTH U OJ13MBA U BPHjEAHOCTU Bapupajy
on 0 no 1, raje 0 o3HawyaBa jomn pe3yarar A0k 1
3Ha4M HajOoJBy Moryhy TauHOCT Moziena (Zerrouki
& Bouchaftra, 2014).

PE3VIITATU 1 AUCKYCUJA

Pesynrar mjepera JM criekTpasiHe cenapanuje
u3Mel)y 03uMHX KyATypa

VY Mjepewy JM nucranie kopuiiheHe cy Ba-
pujabie nzBeneHe n3 C—2 ONTHYKOT CaTeIUTCKOT
CHMMKA (CHEKTPAJIHN KaHAJIH U BeTreTallOHH WH-
nexcu). Ocum Tora, GoKyc je Ha O3UMHUM KYJITY-
pama, TOUITO je JTUCTAHLA Yy OJHOCY Ha OcTale
KJace (TpaBa, LIyma, BoJa, usrpal)eHo, opanuie)
n3Hax 1.4 v peraTuBHO T00PO ce 0Bajajy 01 03U-
MUX KynTypa. PaziBajame kiaca y OKBUPY 03UMUX
KyJITypa MpeCTaBIballo je U3a30B 3a ayTOpe paja.
VY Tab. 3 npukasas je pe3yirar Mjepema JM criek-
TpaJiHe JAUCTAHIIC Ha OCHOBY KOJUX Cy W3/IBOjeHA
3 BpeMeHCKa Mepro/ia 4rje Cy BpeMEHCKE CcepHje
M0/IaTaKa MpeToYeHe y 3 KOMIIO3UTHA CKYTIa U TO
3a nepuoze: 1) og 01.11.2019. 5o 31.01.2020., 2)
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outside the diagonal are incorrectly classified
into another class. OA of the classification is
defined as the ratio of correctly classified pix-
els against the total number of pixels. UA value
is obtained by dividing the number of correct-
ly classified pixels belonging to a class by the
sum of the values in the rows of the same class,
while the PA is obtained by dividing the num-
ber of correctly classified pixels belonging to a
class by the sum of the values in the column and
of the same class (Dobrini¢ et al., 2019). The
classification result can be additionally checked
by calculating the Kappa coefficient. Its value
ranges from 0 to 1. The value of the Kappa co-
efficient 0 means that the classification did not
lead to better results than would be achivied by
random classification, while the value 1 means
that the classification is error-free (Landis &
Koch, 1977). F—1 result is a measure of mod-
el accuracy. The F—1 measure is a measure of
model accuracy. It is used when the precision
and responsiveness measures do not give suffi-
cinetly clear results. It depends on the accuracy
and response and the values vary from 0 to 1,
where 0 indicates a poor result while 1 means
the best possible accuracy of the model (Zerrou-
ki & Bouchaffra, 2014).

RESULTS AND DISCUSSION

The result of measuring the JM spectral
separation between winter crops

Variables derived from the S—2 optical satel-
lite image (spectral channels and vegetation in-
dices) were used to measure the JM distance. In
addition, the focus is on winter crops, since the
distance in relation to the other classes (grass,
forest, water, built-up, arable land) is above 1.4
and they are relatively well separated from win-
ter crops. The separation of classes within winter
crops was a challenge for the authors of the paper.
Tab. 3 shows the result of the JM spectral dis-
tance measurement, on the basis of which 3 time
periods were selected, the time series of which
were converted into 3 composite sets for the
periods: 1) from 01.11.2019. until 31.03.2020,
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oz 01.06.2020. no 30.06.2020., 3) ox 01.07.2020.
10 31.07.2020.

2) from 01.06.2020. until 30.06.2020, 3) from
01.07.2020. until 31.07.2020.

Tab. 3. JM CnekrpanHa qucranna u3Mel)y kiaca 03UMUX KyJITypa
Tab. 3. JM Spectral distance between classes of winter crops

Vibana Permiia /  [Mirenwra /
01.11.2019.-31.01.2020. 3006 / Oats Rapeseed Wheat Jeuam / Barley
3006 / Oats 1.2619 1.0334 1.174
c2 Vibana Penuna / Rapeseed 1.2619 1.2416 1.2168
5-2 TMmenmia / Wheat 1.033 1.1375 1.0095
Jeuam / Barley 1.1745 1.17089 1.0095
Vibana Permiia/  [Tirenwra /
01.06.2020.-30.06.2020. 3006 / Oats Rapeseed Wheat Jeuam / Barley
3006 / Oats 1.3779 1.348 1.4063
Cc2 Vibana Penmma / Rapeseed 1.3779 1.2859 1.3862
5-2 TMmenmia / Wheat 1.348 1.2859 1.3764
Jeuam / Barley 1.4063 1.3862 1.3764
Vibana Perimia /  [Tirenwra /
01.07.2020.-31.07.2020. 300 / Oats Rapeseed Wheat Jeuam / Barley
3006 / Oats 1.3502 1.4006 1.335
o) Vpana Perma / Rapeseed 1.3502 1.2796 1.3027
§-2 TMmenmia / Wheat 1.335 1.2796 1.3556
Jeuam / Barley 1.3672 1.3027 1.3556

Ca acniekra CrieKTpajHe cerapalyje Hapouu-
TO j& 3aHUMJBUB JIPYTH TIEPUOJ, @ KOJU CE€ OHOCH
Ha Mjecell jyH. Y TIpBOj TIOJIOBHHM Mjecelia jyHa
jedyam yriaBHOM caspujeBa. [Iporec ca3zpujeBama
ce oIpakaBa Ha pe3yJTar cenaparmje jeama. OBo
j€ M3Y3€THO TIOBOJbAH MEPHOJ 3a OJIBAjarbe TIPH]je
CBera jeuma o MIIECHUIIE, aJTd | 300M.

Pesynrar cenekiuje Bapujadiu
1 KIacu(uKaImje

Haxon mro je pesynrar mjepema JM nucranie
n3Mel)y kiaca oapenuo 3 onTHUMaiaHa BpeMeHCKa
Tepro/ia, MPUCTYTIMIIO Ce Oadupy U CENeKIHj1 Ba-
pujadmu o kojux he ce m3rpaauTy 3 KOMITO3UTHA
cKkyma nonaraka. [Ipouec u3bopa ce ofBHjao Tako
IITO CY je/IaH 110 je/iaH MPUIPYKUBAHHU CIIEKTPaTHU
KaHaJH (M3y3€eB ClieKTpaiHuX kaHana B1 — obanne
aepocosn, B9 — Bonena napa u B10 — nupycw),

From the aspect of spectral separation,
the second period, which refers to the month
of June, is particularly interesting. In the first
half of June, barley mostly ripens. The ripening
process is reflected in the result of barley sep-
aration. This is an extremely favorable period
for separating barley from wheat, but also oats.

Result of variable selection
and classification

After the result of measuring the JM distance
between classes determined 3 optimal time pe-
riods, the selection of variables was made from
which 3 composite data sets that will be built. The
selection process took place by joining spectral
channels one by one (except for spectral chan-
nels B1 — coastal aerosols, B9 — water vapor and
B10 — cirrus), vegetation indices and the intensity
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BEreTAlMOHU MHAEKCH U WHTE3UTET MOBPATHOT
curHana VV u VH nonapuszanuje. KomOunaja
Bapujaliu Koja aje HajOOJbU pe3yaTar Mjepermha
(OA u Kamna koedurmjenr) je y3era kao pedepeHt-
Ha 3a epHo Mjeperka. Tako J1a 3a MPBU MEPUOJ
KOMIIO3UTHU CKYTI TIO/IaTaKka YiHEe Bapujadie Koje
cy npukazane y Ta0. 4. [Ipuka3as je pe3ynrar mje-
pema MojeJMHAYHO 3a CIIEKTpaliHe KaHajle, 3aTUM
3a MpUApY>KEHE BEreTallMOHe UHJICKCE U MHTE3HU-
TeT noBparHor curHana VV u VH nonapuzanyje.

of the return signal of VV and VH polarization.
The combination of variables that gives the best
measurement result (OA and Kappa Coefficient)
was taken as reference for the measurement peri-
od. So, for the first period, the composite data set
consists of the variables shown in Tab. 4. The re-
sult of the measurement is presented individually
for the spectral channels, then for the associated
vegetation indices and the intensity of the return
signal of VV and VH polarization.

Ta6. 4. C—1 u C-2 Bapujabie Koje UnHEe KOMITO3UT IIPBOT BPEMEHCKOT ITepHo/ia
U pe3yiITaTH Mjepera TaYHOCTH
Tab. 4. S—1 and S-2 variables that make up the composite of the first time period
and accuracy measurement results

Cnexcrpamm wanam /Spectral | | gy gy | ps | g1y | B12 | NDVI [ NDWI [savi| 81 | v | vH
channels
VYkymHa Tagroct / Overall 0.80 0.82 0.83
accuracy
Kamna KOC(i)I/IL[I/I.].CHT / Kappa 0.77 0.79 0.80
Coefficient

3a npBU nepuoja Hajseha TayHOCT 3a CIEK-
TpaJHE KaHaJle U3MjepeHa je y KoOMOMHAIUjU Ka-
HaJla BUJJbUBOT CIIEKTPa ca KaHAIMMa HBUYHO-LIP-
BEHOI' U KPaTKOTaJIaCHOT OJIMCKO-UH(PALPBEHOT
kanauna (Ta0. 4).

For the first period, the highest accura-
cy for spectral channels was measured in the
combination of visible spectrum channels
with edge-red and short-wave near-infrared
channels (Tab. 4).

Ta6. 5. C—1 u C-2 Bapujaliie Koje UnHE KOMIIO3UT JPYror BPEMEHCKOT Meproa
U pe3yiITaTH Mjepera TaYHOCTH
Tab. 5. S—1 and S-2 variables that make up the composite of the second time period
and the results of accuracy measurements

Cnexrpamm kasam /| py | gy | ps | e | Bs | Bl | NDVI|NDWI| W | VH
Spectral channels
VYkymHa Tagnoct / Overall 0.80 0.85 001
accuracy
Kana xoedunujent /
Kappa Coefficient 0.77 0.32 0.90

VY KOMIIO3UTY APYror BPEMEHCKOT Mepuoja
(Tab. 5) 3a pa3nuky om HIPBOT BPEMEHCKOT IIe-
pHo/a, SIMMUHKCAH j€ IPBEHU KaHAJ U3 BUJIJbU-
Bor criekTpa (B4), 3atum kparkotanacHu uHdpa-
upBenu kanai (B12), Bererarmonu unaekcu SAVI
u IBI, unte3uteT noBparHor curxaia VYV nomnapu-
3ammje. To je pesyntupano nopacrtom OA u Karma
KoeHUIIMjeHTa y OJHOCY Ha MPBU MEPUO/I.
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In the composite of the second time peri-
od (Tab. 5), unlike the first time period, the red
channel from the visible spectrum (B4), then the
short-wave infrared channel (B12), the vegeta-
tion indices SAVI and IBI, the intensity of the
return signal of VV polarization were eliminat-
ed. This resulted in an increase in OA and Kappa
Coefficient compared to the first period.
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Ta6. 6. C—1 u C-2 Bapujaliie Koje UnHEe KOMITO3UT 3a Tpehu BpeMEHCKH Nepro]
U pe3yNTaTH Mjepera TaYHOCTH
Tab. 6. S—1 and S—2 variables that make up the composite for the third time period and the results
of accuracy measurements

Cnewrpanmm karamn /| gy | gy | gs | g | B12 | NDVI|[NDWI| BI | W | VH
Spectral channels
VYkymHa TagHoCcT / Overall 0.81 0.85 0.5
accuracy
Kana xoedunujenr /
Kappa Coefficient 0.78 0.82 0.87

Y tpehem Bpemenckom mepuony (Tab. 6)
€JIMMUHKICAH j€ UBUYHO-LIPBEHU CIEKTPAIHU Ka-
Han (B6) xoju je 3acTymsbeH y IPBOM U JIPYTrOM
BpEMEHCKOM Tieproy, au je Bpahen IBI nnaexc
n3rpal)eHoCTH KOju HUje YUHUO KOMITO3UT JIPYTOT
BpeMeHckor nepuoaa. [Taxg OA u Kana craructrike
y TpeheM BpeMEeHCKOM NepuoA Yy OJHOCY Ha Jpy-
T je ouekuBaH. Hanme, y oBoM nepuony (Mjecerr
Jy) CBE 03UME KYITYpe JOCTUXKY IMyHY 3pPEIOCT
1 MH]jeajy 00]y O] 3eJICHE Y BereTaTuBHO] (hazu
10 asze 3pema Koja ce OUIUKY]e 3JITaTHOM 0O0jOM.
3at0 je y OBOM IepuoAy KJIacU(PHUKATOPy 3HATHO
TEXE J1a Pa3/IBOjU Kilace 03UMUX Kyatypa. Hakon
ITO Cy u3pal)eHa Tpu cKyma rnojgaraka npuapyxKe-
Ha Cy Y je[laH 3ajeAHUYKU MYATUBPEMEHCKH CKYTI
nonataka (enri. Stack). Hapennu xopak je moj-
pa3ymujeBao Kiacu(pHKaIrjy OBOT CKyTIa Iojaraka
npuMjeryjyhu knacudukarop RF ca mapamerpom
on 50 crabama. OA knacudukammje je 0.96, nok
Kama xoedunmjent usnocu 0.95. Pesynrar kia-
cudukaiyje peduiekTyje ce Ha MPWINYaH MopacT
TAYHOCTHU Y OJTHOCY HA IMOjeIMHaYHE KOMIIO3HUTE.
Pesynrar koHauHe kiacu(UKalMje MpeacTaBbeH
jey Tab. 7.

In the third time period (Tab. 6), the edge-
red spectral channel (B6), which is represented
in the first and second time periods, was elimi-
nated, but the IBI built-up index was returned,
which did not make up the composite of the
second time period. The drop in OA and Kappa
statistics in the third time period compared to
the second is expected. Namely, in this period
(the month of July) all winter crops reach full
maturity and change color from green in the
vegetative phase to the ripening phase, which
is characterized by a golden color. That is why
in this period it is much more difficult for the
classifier to separate the classes of winter crops.
After the three data sets were created, they were
joined into one common multi-temporal data
set (Stack). The next step included the classi-
fication of this data set using the RF classifier
with a parameter of 50 trees. The OA of the
classification is 0.96, while the Kappa Coeffi-
cient is 0.95. The result of the classification is
reflected in a considerable increase in accuracy
compared to individual composites. The result
of the final classification is presented in Tab. 7.

Tab. 7. Peaynraru Mjepera TaqyHOCTH KiacupuKaiyje (PUHATHOT CKyTIa rojiaTaka, kimace: 300 — 1, yibaHa
penva — 2, Tpasa — 3, mryma — 4, Boga — 5, mienuna — 6, uarpaheno — 7, opanuna — 8, jeqam — 9
Tab. 7. Results measuring the accuracy of classification for the final data, classes: oats —1, rapeseed — 2,
grassland — 3, forest — 4, water — 5, wheat —6, built-up — 7, ploughland — 8, barley — 9

Kg;?;/ 2 3 4 5 6 7 8 9 Cyma/Sum UA (%)
] 70 0 0 0 0 0 0 0 47 1
2 0 100 0 0 0 0 0 0 i 101 0.99
3 2 0 225 0 0 ] 4 4 2 268 0.91
4 0 0 0 15 0 0 0 0 0 1s I
5 0 0 0 0 19 0 0 0 0 119 I
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6 21 0 0 0 0 284 0 0 7 312 0.91
7 0 0 0 0 0 0 131 0 0 131 1
8 0 0 0 1 0 0 2 329 0 332 0.99
9 1 0 0 0 0 0 2 0 69 72 0.96

Csyll;dr?l/ 71 100 245 116 119 285 139 333 89

PA (%) 0.66 1 1 0.99 1 0.99 0.94 0.99 0.77

F-1(%)  0.80 0.99 0.95 0.99 1 0.95 0.97 0.99 0.86

[Ipema pe3ynraTuma MpUKa3aHUM Y MaTpULH
KoH(y3uje (rperaka), Kiacuukarop je nukcesne
yJbaHe penule Y MOTIYHOCTH Pa3IBOjUO OJ OC-
Tayux kiaca. [limenuna je ca u3y3eTHO BUCOKOM
TayHOIlIy M3/1BOjE€Ha, IOK j€ jeyaM y rpaHuLama
arncosyTHO npuxsarjbuBe TaqyHocTH (0.86 F—1).
Hajseha xondysuja je uzmel)y kiace 3001 u miie-
HUIlE, IITO ce pedieKTyje Ha Kpajibu pe3yaTar
TAYHOCTHU Kiacudukaruje 3001 koju u3nocu 0.66
(PA) 1 0.80 (F-1).

Kapra xnacu¢ukanuje noapyyja uCTpaxu-
Bamba npe/crasibena je Ha Ci1. 5. Ha 10j je BubU-
Ba U3Mely ocranux Kiaca, IpOCTOpHA AUCTPUOY-
1I1ja 03UMUX KYJTypa Ha MOAPYYjy UCTPAKUBAMA.
JacHo ce BuM 1a y YKYITHOj CJ€TBEHO] MOBPIINHU
y ce3ouu 2019/2020 noMuHMpa 03UMa MIICHUIIA.

According to the results shown in the con-
fusion (error) matrix, the classifier completely
separated the rapeseed pixels from the other
classes. Wheat was separated with extremely
high accuracy, while barley was within the
limits of absolutely acceptable accuracy (0.86
F-1). The biggest confusion is between the
oat and wheat class, which is reflected in the
final result of the oat classification accuracy,
which is 0.66 (PA) and 0.80 (F-1).

The classification map of the research
area is presented in Fig. 5. It shows, among
other classes, the spatial distribution of win-
ter crops in the research area. It is clear that
winter wheat dominates the total sown area in
the 2019/2020 season.

Cn. 5. Kapra knacuduxkanuje: 300 — 1, yjpana pernuia — 2, Tpasa — 3, mryma — 4, Bojia — 5, TIIeHHUIIA
— 6, m3rpahero — 7, opanurie — 8, jedam — 9
Fig. 5. Classification map: oats — 1, rapeseed — 2, grassland — 3, forest — 4, water — 5, wheat — 6,
built-up — 7, ploughland — 8, barley — 9
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YreuarspuBe Cy BEJIUKE M0jeJMHAYHE TOBPIIH-
HE TO0J1 MMIISHUIIOM (BHIIIE IecTHHA ha rma u cToTu-
Hy ha), anu ¥ noBpIIKMHE MO YJHAHOM PEMHUIIOM
KOje ce MPOCTUPY Ha MameM Opojy JIOKaIuTeTa
aJli yIJIaBHOM Ha BehuMm noBpirHaMa (01 HEeKOJIU-
KO JIeceTHHa XeKTapa). Jedam je Takohe 3acTyrbeH
Ha YUTABOM IOJPYYjy UCTPAXXKUBamba HAa 3HATHO
MambeM Opojy JIOKaJIUTeTa y OJHOCY Ha MIICHUILY
Y YIJIABHOM Ha MOBPILIHAMa O] HEKOJIUKO ha.

JIICKYCHJA

OrpomHa KoNM4YMHa MofIaTaKa, U3y3eTHHU MpHje
CBera MEMOPH]CKU KalalluTeTH U Pa3IUuUTH ajl-
TOPUTMHU MAIIMHCKOT y4ewa JocTynHu Ha GEE
1aT(hOPMH KIbYUHH CYy 3@ OBO HCTPAKUBAHE. AKO
ce y3Me y 003Hp UMI-CHHUIIA JIa C€ Y TPATUIINO-
HAJIHUM TIpoLeCHMa Kiacu(uKalyja CaTeIUTCKH
CHMMIIM TIPBO MOpAjy Mpey3eTH, 3aTUM 00paaTu
Kako OM ce YOIIITe CHUMIM MOIJIH yIOTPeOUTH
JlaJbe, JacHO je J1a OU Ha JIOKAJTHMM MalllMHaMa OBaj
npoiiec knacuukaiuje Ouo TEIKo U3BOIJHUB HITH
3HATHO OTEXAaH U YCHOpPEH. Y UCTPAKUBAIGY 32 U3-
paxy 3 KOMIO3UTHA CKyTIa MojaTaKa KOPUILTEHO
je 30 C-2 canmaka HuBoa 2A u 99 canmaka C—1
GRD nuBoa. M3paljeHr KOMIO3UTH U3BE3EHH CY Y
GEE cknanuinTe 1iTo je Tpajajio HEUITO BUIIIE Off
jenHor cara (68 MuHyTa), 10K je mokperame RF
KJIacu(HKaTopa u Mjeperhe TAUHOCTH TPajajio OKO
40 cexynnu. Ocum Tora npeanoct GEE y onHo-
Cy Ha TPaJAUIHOHATIHE KIaCU(HKALU]e JeCTe IITO
npy’ka MOoryhHOCT u3Bolhera pa3IMYuTuX IemMa
KJacuuKalyja y HEKOM pa3yMHOM BpEMEHY Koje
nojipa3yMujeBajy BEJIHKH Opoj uTepaiuja, a ce
ca MJpeM JoOujama Hajoosber Moryher pesynrara
ontumanaHoM norpourmoM GEE pecypca.

Pesynraruma Mjepema JM aucTanie ycmjemn-
HO cy onpehena 3 onTumanHa BpeMeHCKa eproaa
3a arperaryjy Bapujadiu y KOMIIO3HT. YCIIJeIIHO je
MOBE3aHO BpujeMe HajBehe cenaparyje MieHume
U jeuma ca (a3oM 3pHjera jeuma Koja je KIbyuHa
3a cemapauujy oBe JBHUje KynType. Jlooujenu pe-
3yJITaTd y UCTPAXXKUBamWY IMOKa3yjy Ja ce KoMOu-
Harjom C—2 u C—1 carenuTCcKuX CHUMaka MOTy
W3BECTH TayHHje, NMPELn3Huje Kiacupukanuje y
OZIHOCY Ha KJIacU(HKallMje U3BEACHE Ha OCHOBY
caMo jeTHOT U3BOpa rnojaraka. Ykibyunsame C—1

Impressive are the large individual areas
under wheat (more than a hundred hectares),
but also the areas under oilseed rape, which
are spread over a smaller number of locations,
but mostly over larger areas (of several tens
of hectares). Barley is also represented in the
entire research area in a significantly smaller
number of localities compared to wheat and
mostly on areas of several ha.

DISCUSSION

The huge amount of data, exceptional above
all memory capacities and various machine learn-
ing algorithms available on the GEE platform are
key to this research. If taken into account the fact
that in traditional classification process satellite
images must first be downloaded, then process, in
order to be able to use the images further, it is clear
that on local machines this classification process
would be difficult or significantly more difficult
and slowed down. 30 S-2 satellite images of lev-
el 2A and 99 satellite images of S—1 GRD level
were used in the research to create 3 composite
data sets. The created composites were exported to
the GEE assets which took a little more than one
hour (68 minutes), while starting the RF classifier
and measuring the accuracy took about 40 seconds.
In addition, the advantage of GEE compared to
traditional classifications is that GEE provides the
possibility of performing different classification
schemes in a reasonable amount of time, which
involve a large number of iterations, all with the
aim of obtaining the best possible result with the
optimal consumption of GEE resources.

The results of the JM distance measurement
successfully determined 3 optimal time periods for
the aggregation of variables into a composite. The
time of the greatest separation of wheat and barley
was successfully linked with the ripening phase of
barley, which is crucial for the separation of these
cultures. The results obtained in the research show
that with the combination of S-2 and S—1 satellite
images, more accurate and precise classifications
can be performed compared to classifications based
on only one data source. The inclusion of the S—1
variable did not significantly increase the accuracy,

45



JIABOPVH BAJUR, JIPATYTUH ALIMR U JIYKA CABJbTR
DAVORIN BAJIC, DRAGUTIN ADZIC AND LUKA SABLJIC

Bapujaliu HUje y 3HaTHO] Mjepu mosehano Tau-
HOCT, aJli je Yy MOMEHTY JOCTH3amha MakCHMyMa
C-2 Bapujabnu, yTunaia Ha nosehame nporeHra
Ta4HOCTH (HOp. y TpeheM mepromy MakCHUMaiHO
nosehame OA ca 0.85 na 0.88, Kana nmosehame
ca 0.83 na 0.87). Haunnom cenexmuje 1 n360pom
BapHjadlii TOCTUTHYT j€ BUCOK HUBO TAaYHOCTH.
ArperarjomM 3 KOMITO3UTA Y jelaH CKyI TIojiaTa-
Ka U kacudukaiyjom GUHATHOT CKyTIa MojaTaka,
JOCTHTHYT j€ 3HAaTHO BUIIIM HUBO TaYHOCTH y OJI-
HOCY Ha pe3ynrar KjlacupuKaluje 1nojeAnHaqYHuX
KOMITO31UTa. MyITHBpPEMEHCKA CepHja MmojaTaka y
3HATHOj MjepH yTHIIaJa je Ha moBehame TAYHOCTH
ki1acupuxampje (ox Hajgehe OA Tpeher kommnosura
0.87, Kama 0.85 mo OA 0.96 u Kama 0.95).

3AKJbYHAK

VY ucrpaxkupamwy je kopumrteH GEE 3a rene-
prcame 3 KOMIIO3UTa KOjH Cy TIPHIPYKEHH Yy je1aH
CKyN ToJaTaka M KIAaCU(UKOBAHH aJITOPUTMOM
RF. Ommtu 3akibydak je ia ce Kiacu(puKaIyjoM
BumeBpeMeHcknx C—1 u C-2 cHumaka ca anro-
putmoMm RF mory npernusHo kiacupukoBaT 03u-
Me KynType Ha jjokaiaHoM HuBoy. GEE okpyxeme
omoryhasa peZJoBHO TOAMIIIHE UITH CE30HCKO aXKy-
pupame KapTe ycjeBa u3y3eTHO Op30, €PUKACHO 1
npeuusHo. Ocum tora, GEE 3axBasbyjyhu croxe-
HUM ¢yHKIHjama koje cy paspuiu GEE nporpa-
MepH 3a 00paly CaTeIMTCKUX CHAMAaKa, JOITyIITa
UCTpaXMBaYMMa J1a BUIIE €HEPruje U BpeMeHa
yTpOIIIe 32 yCaBpIIaBame alropurMa Kiacupu-
Kallije, a Mambe Ha Tporiec o0pajie caTeTuTCKUX
CHHUMaKa.

Pesynrar uctpaxkuBama MOTBPAMO j& TPET-
XOJTHO M3HECEHE MPOI[jeHe Ja je 03UMa MIIEeHUIIa
JIOMUHAHTHA O3MMa KyJITypa Koja ce y3raja Ha Imo/i-
pyy4jy JlujeBua mospa. AyTopu pajsa cMarpajy aa
j€ pe3ynTar UCTpakuBarmba MPUMjCHHUB Y U3PAIH
MHBEHTapa 03UMHX yCjeBa WITM HEKUM HaMjE€HCKUM
aryIMKalMjaMa y Kojuma je IpoljjeHa 3acHjaHux
MOBPIIMHA TIOJT O3UMHUM KyJITypama jako OUTaH
M3BOp UH(OpMAIIHja.

Henocrarak y uctpaxuBamwy YUHU pellaTHUB-
HO OrpaHM4eH Opoj TPEHUHT MoJlaTaka Koju je y
onpehenoj mjepu HeypaBHOTexkeH. OBO ce Ha-
POYHTO OHOCH HA O3UME KYJATYpe, TaKko Ja je y
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but at the moment of reaching the maximum of
the S—2 variable, it influenced the increase in the
percentage of accuracy (e.g. in the third period, the
maximum increase in OA from 0.85 to 0.88, Kappa
increase from 0.83 to 0.87). A high level of accu-
racy was achieved by the method of selection and
the choice of variables. By aggregating 3 compos-
ites into one data set and classifying the final data
set, a significantly higher level of accuracy was
achieved compared to the result of the classifica-
tion of individual composites. The multi-temporal
series of data significantly influenced the increase
in classification accuracy (from the highest OA of
the third composite 0.87, Kappa 0.85 to the OA
0.96 and Kappa 0.95.

CONCLUSION

In the research, GEE was used to gen-
erate 3 composites that were joined in one
data set and classified by the RF algorithm.
The general conclusion is that by classifying
multi-temporal S—1 and S-2 recordings with
the RF algorithm, it is possible to accurately
classify winter crops at the local level. The
GEE environment enables regular annual or
seasonal crop map updates extremely quickly,
efficiently and accurately. In addition, GEE,
thanks to the complex features developed by
GEE programmers for processing satellite im-
ages, allows researchers to spend more energy
and time on refining the classification algo-
rithm, and less on the processing of satellite
images.

The result of the research confirmed the
previously stated estimates that winter wheat
is the dominant winter crop grown in the
area of LijevCe field. The authors of the pa-
per believe that the results of the research are
applicable in the creation of an inventory of
winter crops or some dedicated applications
in which the assessment of areas sown under
winter crops is a very important source of in-
formation.

A shortcoming in the research is the rela-
tively limited number of traning data, which
is somewhat unbalanced. This especially ap-
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HEKOM HapeIHOM HCTPaXHBaBY 32 MOY3JaHH]H
pe3yaTar kiacuukaimje HeomxXoJHO MPUKYTUTH
nanexo Behu 6poj TpEHHUHT Mojaraka mTo Ou npy-
*uo MoryhHoct Beher u kBamuTeTHHjer n300pa
aJIeKBaTHUX TPEHUHT I10JIaTaKa, Kao U MOJaTaKa
Banmuaanuje. Ocum Tora, Kiacudukanuja je us-
Bol)eHa Ha MOBPIIMHCKH MambeM (0ko 350 km?) u
XOMOTE€HOM TOZIPYY]y KOje ce O/UIMKYje MHTE3UB-
HOM TOJHOIIPUBPEIHOM MPOU3BOABOM. AYyTOpH
cMaTpajy Jia je TO jellaH OJl pasjiora Koju je yTHIIA0
Ha MPUIMYHO BUCOKE PE3y/TaTe TAYHOCTH KIlacu-
¢buxanyje.

plies to winter crops, so in some future re-
search, for a more reliable classification re-
sult, it is necessary to collect a much larger
number of training data, which would provide
the possibility of a larger and better selection
of adequate training data, as well as valida-
tion data. In addition, the classification was
performed on a smaller (about 350 km?) and
homogeneous area characterized by intensive
agricultural production. The authors believe
that this is one of the reasons that influenced
the rather high classification accuracy results.
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