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Abstract

Abstract

This dissertation thesis deals with the study of forest ecosystems in the central Europe with
the time series of multispectral optical satellite data. These forest ecosystems have been
influenced by biotic and abiotic disturbances for the last decade. The time series of the satellite
data with high spatial resolution allow the detection and analysis of forest disturbances. This
thesis ismainly focused primally on free available Landsat and Sentinel-2 data, these two data
types were compared. From methods, the difference time series analyses algorithms were
used. The whole thesis can be divided into two main parts. The first one analyses usability of
classifiers for detection of forest ecosystems with per-pixel and sub-pixel methods.
Specifically, the Neural Network, the Support Vector Machine and the Maximum Likelihood
per-pixel classifiers were used and compared for different types of data (f or data with high
spatial resolution ¢+ Landsat or Sentinel-2; very high spatial resolution + WorldView -2) and for
classification of protected forest areas. The Support Vector Machine were selected as the most
suitable method for forest classifications (wit h most accurate outputs) from the list of selected
per-pixel classifiers. Also, Spectral Unmixing methods were used for sub-pixel classification.
Specifically, two Machine Learning Regression methods were selected to create forest cover
fractions ¢ the Support Vector Regression and the Random Forest Regression.Both studied
methods were found as suitable for analyzing forest cover in detail, the Support Vector
Regression method seemed more accurate. The second main part of this thesis is focused on
using Landsat and Sentinel2 data for creating time series charts. For this purpose, the
difference and orthogonal vegetation indices were used. The main aim of this part was to find
the most suitable vegetation indices for detection of disturbances and for evaluating of the
different of recovery phases. For the detection of disturbances, the NDMI, the NDVI and the
Tasseled Cap Wetness indices were suitable. For the recovery phase detection, the NDMI
index was most suitable, thanks to the abilities of SWIR band. The NDMI index were found as
universal for observing the disturbances / recovery phases.Additionally , the NDMI index was
usable for detection of the initial stage of the bark beetle outbreak. For efficient time series
processing, the cloud-based technologies can be used, which allow fast access to the data and
pre-processed functions for creating time series charts and maps. From the cloudbased
technologies, the Sentinel Hub platform was used and tested.

Key words: time series; Landsat; Sentinel2; classiication; vegetation index
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Vyhodnoceni perspektivhich metod klasifikaci per -pixel (SVM, ML, NN) pro
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et al. 2018, Davies et al. 2016, Fang et al. 2019).
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YPDaws501T 1 Ol Uwi UwE 080 UyOr&Eubtbua' EBWO DR A0EEGaudd YanEEUNg L
a jejich korekce vychazi pouze zdat priméarnich .
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8 a Sentinel2 pomoci metody BRDF (Li et al. 2017)

1BRDFmetoda byva O & O E &idx¥ dormalizaciOwE Y| EOwOI N1 E O 4 .ronoai @toatodyu Ol UOE U
vznikla HLS EEUEOwOUIT Ua wRN U Ohhumbrizévena @O B OF i E OIOE 04 wUl wOwUx1 ED]
kalibrovanych dat .
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(2) red attack (3) grey attack Prvotni green attack faze je veImi nenapadna jedna se o

fazi dochazi kOxEEaYaOaqwO|l UawUOUOO|l OwoOUIl UEOQwUYaEqw+UEO
navazuje faze grey attack. Tato faze je typicka mrtvymi uschlymi stromy (Abdullah et al. 2019,
+UEONEEOAW I Ow EOBw | YWAB W / OYUuU] POOUW NUOUwW 4aEUET

El 44aUET OYRET wOOOEOPUAET wepOExT dw-/ wE8UOEYEAWNI wo
EDPUUUUEEOEDPWNT wx EOwWOEIT E Ow(adlaréaéndphasddhuRE OOwi a4l wd

Obr. 2 ObnovalesavOg UUUO WET 4a4aAUET OYdowaGOawmp-/ wg§ UOE
Autor: Radovan Hladky (2017).

Lubojacky et al. 2018 ve své pracipopisuji rojeniOn OONM UOUUE HEw®AEO VOIUQuj g
Ol UOYEOYAET woOE ORItk audl. Q0 OdefinwjiGojenivOE] PET wi 1 O1 UET DE
podminkach na: (1) jarni rojeni (typick € pro obdobi dubnaanOY 0 UOE A OQwpl AwOil UOgq wUO
31T UYIOdpenu FONT EPOUORET wxT gxEEI ET wpal NOGOEwWYODYI O
podzimng wWUONT OgOwlUl EawUT 1 UgwUONT OgwEul I OQwNI EQOT OwU
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Comparison of Landsat 7 and 8 bands with Sentinel-2
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sentinel-2-comparison-sentinel-2-and-landsat?qgt-science_center_objects=0#gt
science_center_objects

-Ew. EUBwWKwWwNIT woOONnNOsw YPEUUwUOaAEgOawUx]l O0Uaob0be
xOl gal ONET wEEUa w+-E @k 0BHWW BER B vl QB Beka®@t al. 2020).
ol Awi a4l wOEOOYawxOwEPUUUUEEOCEPWEwWpt AwlOl UWwET 4w
EOOUOI OUOYaAaOwbOi OUOES Og w- EUIl Guexpaald udolwead)d UUGauY Uh EQ nuE
VOEOEUUPwWx 064801l 60qwdaUUPWEOg & 086 wb@®DUED WA OB @idG K
phAw xDT O OUGYaAID 6@ EEEWOUXET w 1 O1 OUUOOET 61 UPEOGT OL
karotenoidem v UOU U E | DEdd® ¥ & WsfeRtra (0,25Y Ok ¥i)wuabsorpce chlorofylem
vadl UYI O6 wdabeywU duedHBXKEOOw OPbnj g wEE U O U EQ Tudib iwdsCaldd £
spektra (0,50 Ok t ws OAOQwmpl AwOE OEVUWEODDWG BB rADYOOWWYwEO 3 &

PEEUOUXE]l wOEwhOKk wsy OOwWhONK wy OWEwWUT T UgwxT DPEODPNOU u
OxUPEONRET WEUUNPEOYNET WEEUASwWw- EwUOgOEZQET woOl ni O w
OEOCEUVUUDPwWEUADdUWS QuOUOBWIUOs wOEOCEOPUUSwWw- EOxEOwOaU]
VOEOEUUI ET WEEUOUXEIl wYOEaAawEWET OOUOI adU8w/ UaYuuw!
EPUUUUEEOEgqwxO00EqwYI 11 UE6O3ET wbOEI R] OwUadUsawod]
TC analyz, které uO O E tkfélkpvat disturbance (OE x T 6 w2 U a Ed Hisldky et BI62@i11 Y ruN
nebo Lastovicka et al. 2020).
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Landsat 8 SR 26/06/2019
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EUS wKw* T DY Oa wl xilud & (f @ Glashi Gedinies DY O U U
U0OU6w) OUT T w+Ej UOYDPBOEwml Y1 YAOWYa YOI

T1 0p0Oi OUOCES O3 ET wEOT OUPUO| 6w’ ONOOUWUT wxUOwUalowK
software QGIS i ArcGIS. Vx OUOI EOgq wEOEU wWNT wUEOS6 wd EUUKNhacy aUngYa
SI2UUEDOABwW-1 U001l wlOdnwOxOO0I OOUUwWOEwWxUOUUT T Equwo
I ONOUw YaUnagvYalOOw xUOw YAYONwW UxI EPI PEOAET w EOT OUDI
normalizace.
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Cloud-EEUT EwUIl ET OOO0OT Pl wNUOUWOOET UO aabouaki wdat.1 UUx1 Ol
p" O 1 Owl OWEOS wl YuYOw&UEa wl UwWE 038 ud O/ NeAudQui #0301 B uEY! j uER
UOaj gl 1 08 w x OE bidh (elsritideluHublaydiuhou GEE. . Eu wa O0g Ou 08 wx OEUI
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) EYE2EUDxOwUO4AT UEOgd w4 w2l OUDIOD W' dA-EQEAKEG dul YXOauUringDYYE
UOAT UEOa OwlUd nwoOal wYaUnaYEUuw2 (p®tamnlperDlinendeEGEET wO O O]
UOONEUNT wxT DxONI OqguwEOwUOaTl UEOqwi120UEDPOwWwxOOOE]q wC
xOUngYEQwbwxl gO0EdawYwldw. Puwwk OEYT O¥WO0EXNUOOEE WNOWE
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platformach, je k dispozici pro R, Python nebo MATLAB.
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50T 1 Ol Uwl UWwEOSwW! YRNUWAWUOONEUNTI wOEOPEUEEPwWEEU W 4
Vysledkem je pak kalibrovany produkt s EUUOOEUPEOQaw Ya ¥ OVEBDb O OPWDOE
BEUUI Ol Ew"ExBw#EO] ag0w i ONOu-MADNn(GavitE @ NiCelseE QI0&,UD U DT O
algoritmus! % 23 wx UOwUO4&al UEOq wl w51 UET UUT OUwi ODWE OGS wl Yh
T EEwU] 4 0n Bl u#(Ea04 | gufAEAUD & O n O OEDC i(ZBuabNibGiiboku2 6Lk) pkiry
NI wYOODUu wEOUUUxOAwxUOw, 3+ ! wEw/ aui 606 w! UOOOE OuwI
40a08wWEOT OUPUOaAwW" 424, wk @t 600&t midulébblsolatilpro avareud 6

N1 E O Oapirggiamovat ivUOal UEOg w21 OUDPOI Ow' UEwoPw&s$s $6
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Evaluation of the land cover changes in the former military
training area Brdy using remote sensing

PSemysl|l Gtych, Daniel Paluba, Josef Lagt
Hladky

Katedra aplikovan® geoi nf odafakalth, iUkiverzita Kakowa; t ogr af i e, PS2rodovhndeck
e-mail: stych@natur.cuni.cz

Y Ab s The alev¢lopment of Remote Sensing (RS) methods and data has brought new possibilities in
evaluation of the changes in land cover. An evaluation of land cover changes of military training areas based
on RS methods and data appears to be highly useful, because of the lack of traditional data on the landscape of
these specific territories. The main objective of this study is to evaluate land cover changes in the former military
training area Brdy using freely available Landsat satellite data in the period of 1986¢2017. The landscape of the
former military training area Brdy underwent significant changes in this period. Main trends were the increase

of area of deciduous forest and the decrease of the share of builtup areas related to the decline of military
activities. Land cover classification was performed using the Maximum Likelihood algorithm using Landsat 5
and Landsat 8 data. The accuracy of the classification was verifed based on aerial photographs, and always
exceeded 90 % in the observed years 1986, 1998, 2011 and 2017. RS archive data have undoubtedly high
information potential in the evaluation of landscape changes of the former military training areas. For purpose

of an increase of the accuracy of classification, it is desirable to link RS methods with in-situ measurements.

Y Key RematedSensing, Brdy, Protected Landscape Area, Land Cover, Landsat, Military Training Area
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xT ga0OEQawUx] OUUaAOO0gOwEaAOl wUl wuedopPUPDABEuR addBOAI
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YAaOPOOEwW" ' *. w! UEAadwHaUUwYONI OUOBT OwK Rivanklo wUl wEU
x OUAEOOYS WEYDPdD] Ul up, D AHILwd ybud KOO a1 wkt Ywi Ew

5] WYAEUEOARET wOOOEODPUAET w) OUEABOW* OOYa 00w/ 11 EDg
EOEORAEwWaOUOWOEQEWEOYI UB w# OXxEEOYawx OOET Ew) OUEaOu
lUEawxT DPwYUET Ol m!) 000600 ogAWUNWK ulUN wi E6 w) OUEAQwEaOwY
od roku 1930 pH & O E uthaNENaU@ux UY O g WEOXxEEOYOU wx OOET OUWOE wK A& |
UOT 1 OOPEIT w! UEa wop, EMXIEE@Y IN YD uwAOWDE* GODwO UEa wE w3 O
YaUthEdem®@®W@ma@m@TOEYquNéEUOwXUOwYéODOwSﬁEY

Ul wx UOOwWUE Op, U wicenod)r OO0 0| w

VUOET whNt KwepHAOEWNRNNWA wEa @Aw & E 0§ 'widGQoblEsdiixaNs jaEw
OO0O0OEOPUaw* OEAOEWEWOEwW! ET O1 ET OwNDPnOu wOEWYUET OOU w5
9EEqQUEOOWUEOwWx OOET Uwl vKwl Ed w2eni®a E & & DelgnuBEahnaE Y OU wY
| El OEwEaAaOEwYaUnaYaAaOEwxUOwj PUOOBwWUx] OUUUOwWEYDPSI C
EYPODP] Utw! ET OEwWOEwWU] 40awYAEYPOOYawaET gal 0486 w- Ex1
UOT 1T Ol EO6WEYDPaD| Uu Ow <kl atad gGualucd U 80GDepEE! | udl wllOROGDEE] Pull@
EONOYNET wYOAPE]I O6w. EwNYS wOl CwOROOOBO6U OMONDOUOE ws £
vOu ET UOuw O kaisiédndina Edkanzervovani (Brding 2014ad wHa UUwx UOUUOU WEN
Evaaajouwiqaiéqwéomovnerwvoaaéiowoewggébammw!E1

Vycvikovy komplex Kolvin se nachazelv NBT O4& a XEEOawééUUDwKNiéEUwOEw
UAEOg Ol dw+ OOEOPUEwWOawUOAaOOT Uwt | | wbcE arma@dn) OE wU x O
o které se VUOET whiNkl wUO4| glaD0GFIONNPKUOUwKHEEAEOOwWY aUgE(
OEaYEUI OB w-auU0l EOOUwEaAaCawbOEET wUuUuoOYOadawUl wal Ogdw
bojovych vozidel Kolvin -sever, ktera byla zakonzervovanaaOl Ya Ung YA OE wOE wNY 8 wOl

stoleti (Brding 2014) adale x EQWOE wx 0 ET OUOgiuUUT 1 OOPEPwW* O0OY a0
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Data a metodika
Data
Drugicov® sn2mky

/| UOWOOEUDPI POEEPDWOEOEWEOYI UwaaNOOYNnET wkal OgwEao
+EOEUEUSw5aEvVUaAatawEaOawal NO6 OE woaréami ltem@éabinmuY OO0 6 w E
aprostOUOYBs OUwUO4aODP| 1 Ogbw* OOOUBUOUWUT wNIl EQAawOwWEEUE
EaOEwUUENE DERBUUT wsRxOOUI Uwpl OUxUoyyl EUOTT RxOOU
+EOEVUEVUwWk w3, wWEW+EOEUVUEUwWWuw. +( ¥3( 120 u/tetlpPtuvKIRI Og WE a
x UOYI EIl O wi |l 6001 UUPEOB WEWEUOOUI UPEOBwWOOUI OET WEwW
povrchu. Landsat 5 data byla generovana ze specializovaného softwaru Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS), ktery aplikoval atmosférické korekce na
data typu Level-1 pomoci dat MODIS (USGS 2018) Landsat 8 data jsou generovana ztzv.
Landsat Surface Reflection Code (LaSRC) algoritmu (USGS 20188 w / OUndbUaw EEVUE w
x UOUUOUOY 6 wU Grgladpbgkyitn@a wud FUUOREFOPEOY 6 wUauUU3 OUlw43, v1 C
@42&2wl Yhut EAGw/ OUnPUBwUOg00awpYPAaW3EESwhAWEaOaL
kontrolovana pomoci algoritmu Fmask (Woodcock et al. 2012).

Tab.1./ OUnbPUB WUEU]I OPUOgqwUOg00aw+EOEUEUSG
Tab. 1. The list of the used Landsat data.

Datum Nazev snimku

05.05.198€ LT051920251986050501F3C2017102614050
07.06.199¢ LT051920251998081001FT3C2017102614084
26.05.2011LT051920252011052601F3C2017102640500
30.08.2017 LC081920252017083001F¥3C2017102614245

Letecké snimky

/ UOwK3T OAwUEUUUWUUBGOOYEEQET WEWOOOUUOODOaET wxOOEIT
NI EOEOOWOWEUET PYOgqwOUUOI OUEWwpUOOwWHRNNNW Bau | Y vhuX w
x OUOaUOYaOEwWi OUOOUWGE, 2wUOUNEawHI UOBT OwKT EEUwal O
| Yhut EOwH™ 9* wl Yht EAS w/ UOUUOUOYS wUOAaOD| | xdaauBErRiud] u
ortofotz 6, 2wH™ 9* Owdl UOOEG DG uipdM O0AwEa wU O 4 O8jUinddluakuy wE
EUET DYDOawOl Ui EO6wUOg00a wdE w U N GE U W0 b DO ® & Off
v#OEUU] ETl wp5&', " TABw* OOOUB U000 wx EOw hokuul®é pfd OE 3 On E
Kal Ogw! UEwUwxUOUUOUOYRAOwUOAaAODP| 1 Og 0wk au&jéddau) 1 ET1 Ou
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Metodika

Vymezené zajmového uzemi
" UEOPEI waaNOOVYsil OwKal Ogquw EXEQEE ¥4 UDXOTUVIEGHE wok By iy U n
UxOOI 8 00U0UPwW 1"# 3 w/ UETES

Kl asifikaln2 | egenda

/I UYOaOwOUOOl OwxT 1T EwUEOOUOOUW OOEUDPI POEEPWEAOEWC
UUEOOYI OqwUl gEWEAaOEwWYaAaUnPUEWOOEUDI POE3OagwdOOI 60«
" Ox1 UOPEUUW! YhWAT Oa WwiOBRQuIVIPIUGGW x| EDI POEOwWEwWUE
modifikovana legenda, ktera bralav x OUE &4 wUx1 EPI PEOSGOWEY] EQwx UOwWOE| E
OExT 6wl gEQawYI T1UEEI 6w#l i DOOYabawOEOOOI EwEaOawda
ZastaviDn® plochy

Travni porosty

Listnaté lesy

Jehlilnat® | esy

F2dkg8 vegetace

Bez vegetace
Vodni plochy

=4 =4 =8 =8 -8 -8 -9

9EIl WEODPN] qux OxPDUWEwWOAYEAOOUOWOEW" . 1 (- 3swbdOOI OOOECL
QEUUEYUOBb wxOOET a

#OwlUdUOwWUTl gEawEaGawaEIl UOUUawdhauoldl EUNgEgwUl g Ea wEl
EUIl a0awoll UPj ijOwhdt wOuni EOag wEWD Q@ OQuSOROE UE W QuEE i hib u
UUEEDOOAG w-1 NYaEl wxOOET wxT DxEEOOWOEwWUOUYPUOA WE wC
Travni porosty

00000 ETl WOEEQWEWOEWONI EPOUOAET wOaUUI ET uvdy OPUT w5
UYODPUT wYON! Gty PEQRKBHUDELWwWwUUT 1 OOPEOWEOXxEEOYAET wKa

Listnaté lesy
/[ UOwUUUOwWUT gEVWEaAOOwxOUnPUOwWUT gEaw" . 1(-$8wWI9ET EAC

)11 OP3OEVGwWOI Ua
VxT axEEQw NI | OPSOEUAET w Ol YwWBDGW && b (EX VAL uuOSAEX
UO4T OEOYEOOWU] wOEwWAaOO0EE G wxT 1 YENUNaEqwaEUOOUx] Og

¢tgEQawyYiT1O0EEI
BEUOwWUT gEEwWNT wET EUE O ®igWauEd B B ®Dwid prudA Guad&ER Wy @lix-Oia U
0gaOdwyYn] Oadw3l gEEwWl gEQawYI T 1 UEETl wUIl wyaol apOEwN

vOgUUI ET wxT 1 ETOEVwOOYUwYadbOEN g BRaEUd) Wi EWE uté Ul WEEQ
vykéaceného lesa. Do tétoUT g Ea wWUXxEEENg wbwx OOET awOl UDgET wj 000I «
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Bez vegetace
/| OOET awEl awYI T1 UEET wxT 1 EUUEYUNgqwOagUUEODBET OwbOOU:
xT agxEEQwUl wNT ECA WOWEOXEEOYd wx OOET aOwxl gxEEQUWxEO

ttnEocwUUOUOO| 6w

Vodni plochy

SBEUOwWUT gEEwxT T EUUEYUNIT wYOEOgQavodkl YauiNd OODG E @aul KN
OEET a4aqwbhwYOEOqgwUOOaOowNi N &AW U U@EY i YO UELAud@ 1Oy @ Eua X
ot YWOAWEOUUEUI 80awxUOwxT 1 UOOUWET Ul OEDS

Trénovaci plochy
/| UOwWOOEUDPI POEEPWEaAOOWE] Ol nPUBwYaUYOT 1 OgqwUagUu wl
zejména na nasledujici kritéria:

T Vgechny klasifikaln2 tS2dy jsou rozm?2stnDn® rovr
9 Jednotlivé trénovaci plochyoltsas j 2 pi x el yinjeem sjachdin ® tt 22dd/y do pi X

a minim8ln2 polet byl stanoven na 5 pixelT.

/' TPWUEOGUUWEaAOOwYaUnpUOwWUOI UPEUUW UE&( 2O0wWOEIT wWEa
x UOwNIT EOOUOBDYB wlUB OOY E E gauuxxd G BJ G pludvuaEdd UaH nG aQuaxuddd
EEUI YORET WEwWS| UBOEZORET wol 01 EORET wUBa 00| dw#aol w
OuoOUiI URET wUT gEdw- axOOOEOBWEAOOwYaUnbUagwbi UOEa wb>
sKx UEYOUwUO4& x 1 Ug wi PIUWES IUENDIUGEIOR 1611 @UUDEd w! a OO wb w!
x UOwa OEUE&]T Ogq wE UUMIDEWEYEE TwiwE W] BEuYs w* OO0UB UOU WE 2
syntézy: 432 (respektive 543 pro Landsat 8) kdetekci aUO4a OB | Og w NisthaPdhd OE U E T

/ UOwOUuOUI UBwxUOEOI OEUPSUUNDPWHE] OUPIi POOYEUI 006 w
UT aESw) 1 EQEOOwWUT wi OEYOU wOwUT gEa wE]l 4wyl 11 @&EI Owl g
EwNI T ODP8OEUB6 WOl Uab

/ OwYaUlYOli 1 OqgwEOUUEUI 6061 OwdOOONUUYawUUBOOYEEQET 1
x OWET 06 Owa OOUOEO3 OwKal OgwEaAaOEwYauUYOT 1l Oawyl o0OUOY
UOI UPEUUWS$-5(wkdKGw-aUOl EOQU w Ea GBREwUAWO® Ed @E Wl Bid
UUBOOYEEQET wxOOETl wxUOw OOEUDPI POEEPSwWw#4a0]l wEaAaOEwW >
Ux] O0UUaAO0gETl w YOEUUOOUUgw NI EOQOOUOBYARET w Uax| w xOY
aDBUI Ux Ul OEET wi PUOOT UES| wYl wYj |l El GOk DOOO0aO0yDE G
UOAEUOI OgOwEaAaOQwxUOYI ETl OwOxuUOYOAWUEOUUwWxDPRI O] wlUB
Ol EAOOWAEND] U OOwOOUOaO00gqwUOAaEUNO] Oqux0alOUOYEODST C

32



DOOBT OwxOoUuaYUwWEAYEOGT OwYONI OUO

(&)
O
[T
O
O
m
O
Ke})
S
VN
O
.
O
E
O
C
m
pral
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Qu

/| 081 OwUOUB OOYEEQET |

1986/ 1998 2011} 2017

Vodni plochy 11 6 8 11
Listnaté lesy 8 15 16 13
Y1 1T OPsOEUGB 9 15 18 27
9EUUEYUN OB w 8 10 9 10
Travni porosty 20 13 16 17
tgEOQawYIl TI 13 8 19 15
Bez vegetace 28 26 30 33

Klasifikace

2EOOUOQawOOEUDPI POEET WEAOEwWxUOYI E1l OEwYwUOIi UPEUU
UnE)YEUI OUOOI Ow UOaI UEOun" OEUUDI DEEUDOOUJGOUOI OODO

UT g E6w/ UOWOOEUDPI POEEPWEAOEWYAEUAOEWYEEPOBwWOEEOU
Level-2.

Post-k | asi fi kaln2 Ypravy a hodnocen? pSesnosti kl a

Po provedeni klasifikaci nasledovaly post-OOEUDPI POEd Ogw KxUEYaOw OU
vil Ol UEOPAEEPwW x00al 00| wldid)ua E& @G ¥ &u OynCBEKWO WE 8WOO E |
Classification Results vea O g Ou 06 OwUnDOYEUI OO0 OwlHad BE 0B WwiUudag wY U
nizkofrekvli 08 Ol OQwi POUUUWEwWODP OP 6@®B0lga dEX HYEE & wld EBOGLC
YAUOI EO6WwOOEUDPI POEET wYAEUAOEwWI OEOOUEWt wAwt wYuOj
NT EOOUOE Wt wxbPRIT O] OWEONnwxT 1 EUUEYURNT wyOk Kwi E&

-aU0l EQuwEaAaGawxUOYI El GaUbdE BPWIOYEDANED whGil WUEAOGDG E
NI NPET wxT gUOU] OOUUPWHOWWEBHWwPOBUDPUDOEE @DPEWD I D («
"OO0EDPOI w" OEUUI UOwOUIl UawYAaEUEOOwWUT gEawUxONPOE WY
OauUoll EQuwOEDOx OU U ONRaP Prai fiOmi Wizdéid) koBttolU. uPo vizualni
OO6B6U0UBOI wEaOOuQECDQJEJiC'IDJaxuuﬂOuLII)OUUDwOOEUDI DOEEI &

KUEOOUOEOUWi OEOOET OawEAOOWUNDPUOWET AaEOYS wOEUDE
1EQEOOwW2EOxOIl w4UPOT w&UOUOEW3UUUT w( Omiphdesata OO w x U
Oal OEOQuwYall Ol UOYEONRET WEOE| OwlwOUI URET wxUOEUT OEL
OiUiEOhETwUOqOOIwa UE Exow EwééOOEEUwUOTOUOwUO[

P VS TN

Vysledky a diskuse

"1 O0O0YawxT 1 UOOUUWOOEUDPI POEEgqwxUOwNI EOOUOPY A w O
kolem95u OLuEOn uJNI LuOOnOOLux OYEnOYEUuJa ELqu OODuJEOEUo uJYn

OuOUl URET wOEOGEWEOYI UwUT gEwOl EOQOUET UNT wUEOwYauobon
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OENgw UOAOEOPUUN] gw U0OUUOUUUUOwW xT gxEEQUwWw NUOUwW O
xUOUUOUOYBOUwUOaODj | OgwEEUw +&EDEWENDBWNERUD lugdEXE b |
VxT gxEEQWUOUET UOwxUGEOI DEODEDAEE wOT g & Quig DOIE O & é@ g wiOU C
3aU0wEUxT OVawUl wOOT OUwOI TEUPYOuwxUOOgUOOUUWEOWEC
Ul gEEWAEUVUUEYUOB wxO0ET a wégdidod Quldy BED Ak ® aotAAERHN FEEOAY G ¢
sTaEOOUwWYI T1 UEEqQWEWUwWYOEOg OPwxOOET EOPS w31 OUOWEU
x OEqg OUWAEUUEYUOAEIUODEDQE Y iwhdOQuwpOy UWdawkaddwax| UVOEITI &
drobnych vodnich plochaplochsT g DY 1 11 UEEqwEOwUl gEawaEUUEYuORE

Tab. 3. Overall accuracy of the classifications. Source: Own calculation.

Sledované roky "1 000VawxT I
klasifikace (v %)
1986 94,86
1998 95,71
2011 95,43
2017 95.43

Tab. 4. Chybova matice klasifikace k roku 2017.9 EUONOo wYOEUUOqwYnx 081 U
Tab. 4. Confusion Matrix for observed year 2017. Source: Own calculation.

O 0 (— 3 —

il @) — 3 O X

O > > > Ne D >

2| | o | > @ 3 § > 0 g

31 gEEWOVUENDPO¢ 8 | @ | @ | U 5 | | g |© |Og

a | w ‘O - oy O > |0 _ |2 ]

SlElz|2]5|%|5|°%s

o "@' p— g E ’ ) — O — E

> - — (@] - < m = - %

Vodni plochy 50 0 0 3 0 0 0 53| 94.3

Listnaté lesy 0 47 0 0 0 0 0 47| 100.0

Y1 T OP8OEUS wol 0 3 50 1 0 0 0 54| 92.6

9EUUEYU OB wx O( 0 0 0] 39 0 0 0 39| 100.0

Travni porosty 0 0 0 0 50 1 0 51| 98.0

tgEQawYIlT1UEE o0 0 0 0 0| 49 1 50| 98.0

Bez vegetace 0 0 0 7 0 0 49 56| 87.5
"1 000YnwxO0s8i1 U 50 50 50, 50 50| 50| 50| 350
/ TT UOOUUWUNDY 100/ 94.0/ 100.0[ 78.0 100.0 98.0| 98.0| 95.43

Kappa index: 0.947 "1 O0O0YawxT Il 0.95

/| 04060wW3EESwKwWxT1T EVUUEYUNT wYAUOI El OwOoOO0UOO0aw x1
xOUOYOaYEOCawl OEOCOUVawawYnUOI EO6 wOOEUDI POEET wpUOOL
YAEUEONET wOqUUI ET w5a40E81 Obwi OEOOVawOEwWEDPET 004

8
EOEawYWEEOB wUT gEUd
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Note: Tab. 4 is a result of the classification accuracy assessment. The results of classification of
all the classes (columns) were compared with validation data (rows) in the randomly selected
locations. Values on the diagonal represent correctly classified points in the given class.

Tab.5./ OEgOa wNlI EOOUODYNET wUT gEwWOUERNDPOOST OwxOoUuay Uw
Zdroj: Data Landsat/USGS, vlastniY n x 081 U6

Tab. 5. Shares of the individual categories of land cover in the observed period (%). Source:
Landsat data/USGS and own calculation.

1986 1998 | 2011 2017
vodni plochy 0,70 0,61 0,63 0,63
listnaté lesy 6,03 8,32 7,85 11,48
Ni T OopsOEU|70,30 |70,73 |71,63 |70,81
AEUUEYUuOH|0,65 0,30 0,19 0,28

travni porosty 1,88 2,94 1,60 1,85
T gEQawYl 1]12,40 |8,52 15,56 | 7,49
bez vegetace 7,90 8,59 2,54 7,46

/| OOUEwWUIl wxOEagYall wOEWET EUEOUI UwEwaOudawoOUENDOOD
zkoumaného obdobi, vUOE T whNW OQwUOY OT b Oa wad it wuld YuBsH (&b Ouudlad O
Ew. EUBGwI AGw" 1T O0OYAwWU|] U0wUOBaool awodi Ul wx OwUOET whN
KOOUOI Ow YONI OUORET wEOUPYPUBwW5aU00nw xOEgOw 01 Ubga
YAEYDOOYAET wxOOET wUl wNT EQEOOwWO WOl x kem.WizpamdO U1 04 DY
O01 41 OqgwEQUUOxOT 1 O0qwabpOOOUUPWNT j UowxT 1 EwYaUYOT |
OOPOEUPEOS wx OEO0g O 0awEwWD340awWKUOGEOOUUwWx] EwlOl 600

jedli (Sofron et al. 2005 aAOPK 2013b). VUOUBS EU O wEOEU wOEEA Ol wxUOE4gl aw
AEOUT 1 OgOwOEwWxaU0OYadaqawlibBUOUWHHYEKkDOSUDOHOFEK ) @abwd Y

sAl M N A, oA s A N oA

PAONwWI AwOxUOUPWUOOUWHRNNNWwWwWOt wi Adw3aUdbwaNpj Uubs
klasifikace vVE | UQIub-QOUNnNBDUg wOEOD] ONET wx OEOOEEOYNRET WEEUwx
kdy vUOETl whNNWwEaAaQGawxOUnbUawdl UOOEg O3 wOl Ul EO6 wUO:
KEPDUx OAPEDPWNDNnwWwUOgO0awWEEUI YO6 8 w1ldhiéagt bd z8padddg wOD U U
/ EEWIE0QuU a EOQ @D PWEN YEOS wUUT 1 OOPET w* OOYqaOOwdhEwWUI v
Brdy avOOOOqwYONI QUOGT OwxUOUUOUUwWS51 OEgqgwpYPaw. EUS wt
OONnO6 wx AW WAVIEANMIEE T OEOU wOEWEOXxEEQY 6 wx OOdulilik w) OUE a
avO000gw* 00gd O0EwWwUw) POE|l dw/ UaYuwOPUUOEUBwxOUOUUaA
4a00EEUwWOUPUBUDPgwxl gUOEODOgET wi OEOOUwKAT OgqwaEI EA&l
AaG00wOoOUl UbwxT1 EUUEYUNag w Ohlddiské BodhovartEnoNstaeuuleénind O g w x O C
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1 OOUaUUB8 OU Olleditka faupyEadlaryud OOYu wYao0bp OO w" ' *. wOENg wUO
kKOPOOXxUOEUO3 Ogquwi UOOEPwm ./ * wl Yt EAS

% Vojensky uUjezd Brdy

N BN N

90 -

80 -

70 +
M bez vegetace

60 m fidka vegetace
travni porosty

50 W zastavéné plochy
H jehli¢naté lesy

40 - listnaté lesy
m vodni plochy

30 +

20

10 +

O } — — —

1986 1998 2011 2017

Obr.2./ UOE]I OUU&a00gqwuxOEgOawNl EOOUODPYNET wUT g EWOUERND O
obdobi 198681 YA S wOI EUONO w# EUEW+EOEUEUY42&20wYOEUUOgwYn
Fig. 2. Shares of the individual categories of land cover in the former military training area

Brdy in the observed period 1986t 2017. Source: Landsat data/USGS and own calculation.

50EUUYOwWEaAOOwWEUT I QOWwET 061 OwaOOUOEDOBT OWOEEOEawlOl NI
xUOUONIT w Ol Efjmbvan lnz@iwk¥n UEAOuUN] gOU0w 4a0POUw dhbw O
Ubaual Ol Nj axBIQEY O EOQYHIEOwW NEOQw BAOOEDHEISD DONMIYAH W e Y(
UOaODPj] OYEEgqwWUET OxOOUUPwWxOUNDUARET WEUUNDPEOVYRET wUObe
jenatzemiKNT aEUwWEUDPw! Ywep ./ *wl Yt EAGw-T1 NYuU] g0PwyYOE
/I EEUI UOA wUa E 6 auinaus & Wiowai Ribdiyk Daldpaku dodni dila Laz,
.01 ] CawEw/ POUOAOwWOUTl UawWwNUOUwWUNgYaOEWNEOOwWAaEUONI u
53E1 0600 w OO0 EREQWORAWEFHg@audOw UwaEUUEYUORET wx O0E
vznikem VU byly srovnany se zemi, proto je tedy podil zastavby jen minimalni (pod 1 % celé
roziohy). K UOOUwWNIT j U wUT wxOUUUx] OwEUUWUUEOGawduoUl Ubs w
AEOUUaAOaowbEGaxwdaN] OUAwWOEwWKAal OgwWEAYEOB wxratk®UDPUEDO
| Yl waObpal Oawp! UEDOT wl YRKAS w#a Ol wUl wadl O OYEOa w
Velci vUT YT UOgwdaUUPws5 dw-0001 UBwOEOOXxOO] Oow adudar
prostorové roa ODj] OYEEgqwUET OxOO0UUPwxOUNPURET WEUUNPEOYNARE
a0uUO0OEOQwWOUI UAEND Eix BYUOE WY1 ET wp. EUS wt AOwEa OEwa OuldE
YAEYDOOYST OwaETl gal Og wwl OBEEFOEWEW®xERE|OlgursaBE®aus O tul
U0OOOTI Ugdw9T i NOBwWNUOUWPwYNnaOEOOBwOOOUOERHEET OwNE
EAYEOG6T OwoOl UPj Uow' 1 NOAaOOwWUI YT UOYRET OEOGgwdalUbw/ 1
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PwuYwNDD
YaUnavYa

Land cover

listanaté lesy

- jehliénaté lesy
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Obr. 3. Krajinny pokryv v jednotlivych letech ve VU Brdy. Zdroj: Data Landsat/USGS, vlastni
Yax0O8il U

Fig. 3. Land cover in the observed years in the former military training area Brdy. Source:
Landsat data/USGS and own calculdion.
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Fig. 4. Land cover in the observed years in the former training area Jordan.

Source: Landsat data/USGS and own calculation.
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Fig. 5. Shares of the individual categories of land cover in the former training area Jordan in
the observed period 198@ 2017. Source: Landsat data/USGS and own calculation.
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Fig. 8. Land cover in the observed years in the former training area Kolvin.

Source: Landsat data/USGS and own calculation.
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Fig. 9. Shares of the individual categories of land cover in the former training area Kolvin i n

the observed period 198@ 2017. Source: Landsat data/USGS and own calculation.
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HODNOTENIE METOD ADAT DPZPREPL EL Y
KLASIFIKACIE KRAJINNEJ POKRYVKY NA
PRIKLADE BYVALYCH VOJENSKYCH

OBVODOV BRDY A RALSKO

Dani el PALUBA, PSemy sl GTYCH, Josef L

Evaluation of remote sensing methods and data for land cover classification: case studies of former
military training areas Brdy and Ralsko

Abstract: Taking advantage of Earth Observation data for monitoring land cover has attracted the
attention of a broad spectrum of researchers aneusei$ in recent decades. The main reason of
increased interest in EartBbservation can be found mainly in open data of Landsat and Sentinel
archive. The main objective of this study is to evaluate the accuracy of the classification algorithms
Maximum Likelihood (ML) and Support Vector Machine (SVM) using Landsat 8 and SkAatiteta

in the case studies of the former military training areas Brdy and Ralsko, which have undergone a very
specific land cover development. The study evaluates the land cover in both case studies in 2016 and
based on the obtained results discussingedulness of the selected data and methods. The results of
the land cover classification achieved satisfactory acclrétoy overall accuracy was higher than 85%.
Based on the expectation, the results of accuracy based on SVM algorithm are highesutsn re
obtained by ML algorithm. The highest accuracy has reached in the land cover classes of water bodies
and coniferous forests, on the contrary, the lowest accuracy irupuiliteas, sparse vegetation and bare

soil.

Keywords: EarthObservation, Support Vector Machine, Maximum Likelihood, Czechia, Seijnel

Landsat 8

Uvod

V s¥%W asnosti m8me k dispoz2cili girok¥ gk8lu kIl asi
hodnoteniu krajinnej pokrl vkikl aké asi &dcamal oh lat go®ii it *
charakteristiky krajinn®ho krytu sk¥man®ho Yzemia,
a skW%Wsenost? analytika. Jeden z najvyug2vanejg2ch al
atonam® v Naka robustnosti & ad@na doflvé®imai spracovarsetobrazw [14). t a k me r
Canaz, Aliefendiojlu a Tanrévermik [ 4] ho pougili v
presnosti spomedzi klasifikatorov. Support Vector Machinée) = od zal i at ku 21 stor ol
alternat2vu s | epgou presnosSou klasifik8cie v por o
ML sa zalal vyug2vaS hlavne na porovnanie s ostatnl
[11] vytvorili metaanal 1 zu 266 | | 8nkov, v Kktorej porovns8val.i k
vstupnl mi d8t ami a zistili, ge takmer vo vgetklch
dok8zanej vyggej presnosti kl asi fillbd] m®dtkdssal g o rkivtamu
zmenu | esnej pokrlvky pohoria Ilezer v Rumunsku v Kk
kl asifik8cie d8t di aOkov®ho prieskumu Zeme (DPZ) al
k dynamike zmeny lesavsledoeem obdob2 a k vhodnosti vyugitia d§gt
Autorii dospel. k z8veru, ge Aanallza detekcie zme
pogi adavk8m na mapovanie a hodnot enil[lb s2hrBle n l esnl
Rujoiun-Mare et al. [21] salgoritmomML dosiahlip r e s 9®5%s a to hlavnekvéli
vhodnému vyberu algoritmu pre takmer homogénne izemie podkarpatskej oblasti.
Bc. Dani el PALUBA, doc. RNDr . Péemysl GTYCH, Ph. D. , Mg |

geoinformati ky a kartografie, PS2rodovhRdeck§ -malkul ta, Uni
palubad@natur.cuni.cgtych@natur.cuni.cpepa.lastovicka@gmail.com
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Existujev e Ogkd | get t “idorésazaoberajporovnavaninjednotlivychk | a s i f ialgodtinavl c h
navzajom. Sanchedernandez et al. [22] porovnéavali vykon klasifikdtorov SVM a ML na priklade
mapovania gpeC|f|~ckIch stanov2gS pougit2zm d§t Land:
Brit8nii. PriclpowulgsttédiSWwMzIsapgi | i o takmer 28 perce
z2skanlch algoritmom ML. Karan a Samadder [10] =zist]
bodov vyggiu presnosS klasifik8cie shBhawnepriiandsat E
riegen? S&¢lkej fvkaB8eceyi pryvkov, ktor® maj¥% podobn¥% od
[24] porovn8vali presnosS klasifi-RS§ailkahdaali n®Beg \pywu
obidvoch klasiMLkal B8VMhs met eom porovnas vlsledn1/4 p
klasifik8cia algoritmom SVM je presnejgia pr ds§t
klasifikacie na datach Sentir2l. To sa d8 vysvetli S aj ag@rnnegjglseledc
d8ta, ktors@ac®¥M | epgi e
Hl avnTm cieOom nagej gt udie je porovnaS presnosS
algoritmov (ML a SVM) na dvoch typoch vstupnych dat (Landsat 8 a Ses2tipel s r ozl i | nIl m spekt
apriestorovim rozl2gen2m na Yzemiach zaniknutlch
Predpokl adal o sa, ¢ge algoritmus-2SVWMdds m@3irSoweg R gk lua i
neg algoritmus ML, resp. d§t aSentnd adymmickimr rd&vojors novou
klasifikalnlch met-d ide o t®&mu vysoko relevant n,
datSentinek a Landsat 8 a vz§8jomne hodnokl&ifikdtawmoyi ahnut ® pr
1. Teoreticky rdmec

Predpokl adom %spedgnej klasifik8cie krajinnej pokrl
spracovania satelitnej snimky [14]. Proces klasifikacie je komplexny mechanizmus, v ktorom sa maju
braS do Yvahy viacer ® f8ckituo,r yr eofdervelnblenrluchd§d§tna pkr | eads
stanoveni a k1l asifikalnTch tried, identifik8gcie a
kl asifikal n®ho ak lgogii ft imua | ang® p%:prausta hodnoteni e S
klasifikacie[11].

1.1 Vstupné data pre klasifikaciu

JednTm z najdtlegitejg2ch krokov klasifik8cie d§t
ovplyvnenl rtznymi faktormi, ktorlmi s¥%¥% napr potre
Gzemia,d 0 s t urnpai d shn$namokaich charakteristikal a s afvi®n amaklady®s nimi spojené a
pracovn® sk¥Wsenosti analytika s vybranim typom sn2 mk
(GSDiefekt2vne rozl2genie nm@mouwuE2ms&toamOe o[vIir4&lh.u) Prai pwlthe
urlit® aplik8cie treba dbasS nagg pripadetcbolaajiahkvtoeOni§st i ku
d o s t u pretasmmeSybrali dataSentinel2 aLandsai8.

1.2 Trénovacie plochy

nal §2 m n e \krpkom kdntrolovane] klasifikacie je vytvorenie trénovacich pldéch [10]. .
Tr®novacie d8ta sa najlastejgie zbieraj% z pozemnlc
alebo drugicovlich snzmok s vysokI|l m r(oaprl[Bg[Eh.2 m al ebo
Probl ®mom m!gu byS napr. nevyvg8§gen® tr®novacie d§t ¢
urlitej klasifikalnej triedy je meng? alebo val| g2 ne
byS probl ematklckw®i fpirlealnn® kalog®r i t my z hOadiska vIsle
1.3 Opis pougitlch klasifikalnlch algoritmov
Maximum Likelihood e dobre zn8my al goritmus kontrolovanej Kk
s ktorou sa d§ da n triedpkrajinadj pokryarky a désl€inedho pritadi k frigde $
najvyggou hodnotou, resp. neprirad? k ¢giadnej, k e N
stanoveny prah (threshold) [1]. ML je z&visly na pravdepodobnosti rozdelenia tried prvkov. Vybpdou j
ge zohOadRuje varialnl koeficient v rozdeleniach tr
visledky neg ostatn® parametrick® klasifik8tory (na
mi ge produkovaS neuspokojiv® viIsledky
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2. Zaujmové Uzemia

Z8uj mov® Yzemia v tejto gt¥dii tvorildi zani knut ® \
hozg8paldesekeij asepubl i ky (LR), konkr®t ne na hrani i
br. 1) s celkovou vIimerou 26 009 ha. Z j _s

vikom priestore (VVP) Jince. Ostatné plochy boli hospodarsky@y van® Vo j
) LR [16]. VO Brdy bol zriadenl
u 6. Na cel ej pl oche VO vz
j vyugziwazS ipkrleo vplocsv8idkk aozl@hows80ha M.k o Ji nc
VO Ralsko sa achg8dzal v sever T
ec
I ¢
il
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Pougit® d8ta a metodi
3.1 Satelitné snimky

Na spracovanie klasifikacie krajinnej pokryvkyv;zamo vich %zemiach maj¥% voO
sn2mky drugicovlch misi?2 Landsat a Sentinel vyh
misie Landsat, poskytované US Geological Survey (USGS), sme ziskali z portalu EarthExplorer a data
Sentinel, pskytovane European Space Agency (ESA), z portalu Copernicus Open Access Hub. Pre
z§u1mov® Y“zemia boli vybr an®@® abaadsa B $nBnpné @rogiaky mky z
deR, 2016.. 8.
Landsat 8

Z misie Lands at seszonelandyau8(OLITIRS, a to datakypu Le¥ER (Surface
Refl ectance), ktor® s¥% ug pripraven® na pougitie, n
blizkym odhadom spektralnej odrazivosti zemského povrchu (Bottom of AtmospH&®A), akoby
snimané priamo nad zemskym povrchom s absenciou atmosférického rozptylu alebo absorpcie, aj
odstr8nen2?m rugivlich vplyvov osvetlenia a geometrie
11 spektralnych pasmach senzormi Operational Land In{@d) a Thermal Infrared Senzor (TIRS) s
priestorovim rozl2gen2m 30 -2a SIR Oo bns a(htug be. 11e)n. 7D §pt Sosvi §
sn2ma Landsat 8 vyge 400 sn2mok so g2rkou sc®ny 185
12 bitov [13].
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Ralsko

S
- vojensky obvod
7N\ krajska hranica
7\~ &tatna hranica Ceska

Obr. 1 Poloha z8ujmovich Yzem2 v r&mci LR
(dg8tov® zdroje: ArcLR 500 3.2, ArcLR 500 3.3, WMS

Sentinel2

Na zéklade ESA [7] je Sentir@l ¢gi r okop8s mov §, mul tispektr8lna sn
rozl 2gedpor uj aca Copernicus Land Moni toring apli kg§
pédneho krytu, vodnych ploch a tokov. Od roku 2017 v misii Serfinelpr acuj Y4 s %l asne 2 i
satelity posunut® o 180 Asy nucnhire smengejnd®o Bhéag pwd Swingke B
kvl |l omu sa tempor8lne rozl2genie d8§8t zn2gilo z
p&§smach, z toho 4 maj ¥ 10 metrov® priestorov® rozl
metrovlim rozl ke ijd(nt®ehtn. pkB)s.maGpredstavuje 290 km.
rovnaké ako Landsat 8 détal2 bitové. Z portalu Copernicus Open Access Hub boli ziskané snimky
Sentinel2 vo for m8t e Level 1C TOA (Top of adaform&phere),
Level 2A SR na porovnanie so snimkami Lan8sat

3.2 Referenln® d§t a

N a identifik§ciu tr®novac2ch pltch a n8sledn%% kon
sn2zmky. onkr ® ne ortofotomapa od cspfodromenossltugli')opw S
Jej pr|estorov® rozl2genie bolo 12,5 cm, zdrojov® s
konkrétne medzi 28. a 31. augustom v oblasti VO Brdy (rozdiel medzi satelltnyml snimkami a
ortofotomapou maximéalne 4 dni)avoblagtD Ral sko 24. | Yna (rozdiel pribld.i

31. augusta [25].
Pri identifikacii trénovacich pléch a nasledne aj kontrole presnosti klasifikacie v gblasti VO Ralsko a

rozhodovani sa medzi ornou podou a trvalym travnym porastom vo fumkdipor nT ch referen| nT
sme zvolild.@ VeSejnl registr pTdy LPI S, ktor ® o an
charakteristiku jednotlivlich hospod8rsky vyug2vanl c
obdobi.
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Tab. 1 Porovnanie spektralnych pasiem dat Sentine? a Landsat 8

Spe’ktrélne Rozse_ih‘vlnovej Prneosf rIOV;a g Spektralne pdsmo \Y lez(s)a\f/l ej Prmi)St; I’|0V§
pasmo 100ky § m ] (um) (m)
Sentinel -2 Landsat 8

1 ) feor"(")zg’}' 0,43i 0,46 60 1 Coastal/Aerosol 0,43i 0,45 30
21 Blue 0,441 0,54 10 2 Blue 0,451 0,51 30
31 Green 0,541 0,58 10 3 Green 0,531 0,59 30
47 Red 0,651 0,68 10 4 Red 0,641 0,67 30
57 NIR 2 0,691 0,71 20 - - -
67 NIR3 0,731 0,75 20 - - -
771 NIR4 0,771 0,80 20 - - -
81 NIR 1) 0,771 0,91 10 - - -
8ai NIR5 0,851 0,88 20 5 Near Infrared (NIR) 0,851 0,88 30
91 Water vapour 0,931 0,96 60 - - -
107 Cirrus 1,34i1,41 60 9 Cirrus 1,361 1,38 30
117 SWIR1 1,54i 1,68 20 6 SWIR 1 1,571 1,65 30
127 SWIR 2 2,081 2,32 20 7 SWIR 2 2,117 2,29 30
- - 8 Panchromatic 0,50i 0,68 15

10 Thermal Infrared (TIRS) 1 10,601 100

11,19
11 Thermal Infrared (TIRS) 2| 11,50i 12,51 100

Zdroje dat: [6], [12], [27], *s pe kt r 8| ne p Kkgifikdcipougi t ® v

3.3 Metodika prace

Met odi ku pr8ce ilustruje obr. 2. Zal ala z2skanzm
Explorer a Copernicus Open Access Hub, ortofotmapy TopGIS a hranic byvalych VO. Nasledovalo
predspracovanie satelitnych snimok v softvéroch ENVI a SNAP, atmosférické korekcie dat Sentinel
pomocou n8stroja Sen2Co F2,LeveI2ArBOA;, prnevzok@vali kneeldéta ©l1®t a Sent
metrovlm priestorovlim rozl2gen?2m, vybrali vhodn® s
sk¥manl ch Yzem?. Pred samotnlm procesom klasifik®8ci
pokryvky chcemez 2 s k a S kl asi fik8ciou. Triedy s me prevzal
tretej hierarchickej Grovni [3], nApomocné bola aj nomenklatira EAGLE [2]. Nasledne sme vytvorili
modi fi kovan? | egendu, kde sme blyzarelevanthétricdwrmapry netr ad
sukces2vne porasty. ybrali sme 8 tried (tab. 2) :
plochy, travnaty porast, riedku vegetaciu, plochy bez vegetacie a ornti podu (len v pripade VO Ralsko). Po
stanovenivhodnch tri ed sme tr®novacie ploc tifiko
sn2mok, tieg pomocou z2skanlch orto i
plochy nezasahovali do okolitych pixelov, teda obsahovalplenx e | vy | e i .
sme stanovil. na 5 pixelov (pre Landsat 8 d§ta) s
220 pixelov/trieda pre Landsat 8 a 1 400 pixelov/trieda pre Sei@inpel s t | m, ge m i
Landsat8Sentinel2 d8&8ta. Tr®novacie plochy mohli vs
teda kontrole norm8lneho rozdelenia pre |
metody JeffriedMatusita vzdialenosti a transformovany divergencii (JM). Po kontrole vhodnosti
trénovacich pléch sme klasifikovali krajinn pokryvku pomoalg.orltmov ML a SVM v softvéri ENVI

n

5laposk!|l asi fi kal nl mi Yupr avankil avs isfdfktad @rlic hArYepMaap/.§ c\h 5«
vget k yk okvlasns®i fpil ochy mengie ako 0,25 ha, resp. 0,5 h
Sentinel2, resp. Landsat 8. V algorit_me SVM s me pougili
pre parameter C a 100 pre o.o0vAly, shbobdal povisbadkyh
presnossS. Vytvorili sme preto chybov® matice, VYypoC
presnosS, Kappa koeficient s n8slednl m polyypgkp.| 2t an2 m
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‘ Ziskanie dat ‘
{ | 1
‘ Sentinel-2 L1C ‘ ‘ Landsat 8 L2 ‘
v
‘ Sen2Cor ‘
v

‘ Sentinel-2 L2A F‘ Prevzorkovanie ‘

Vyber tried krajinnej

Vyber spektralnych pokrvvky
pasiem
v vaer trenmgovych ‘
‘ Ziskanie hranic VO H Orezanie ‘ pléch
* »
‘ Statistické testovanie

‘ Proces

klasifikacie }<f

v

‘ Maximum Likelihood ‘
T

v

‘ Support Vector ‘

Machine
T

Post-klasifikané
Gpravy

Hodnotenie presnosti

Obr. 2Metodika prace

Tab. 2 Charakteristika klasifikalnlTch tried
Kl asi fi CLC/EAGLE .
triedy ekvivalent Opis
triedy
vodné plochy 5.2.1. vodné plochy jazer8 a vodn® n8drge vo vn]
listnaté lesy 3.1.1. listnaté lesy Yazemi a aspoR skor@ramblismatykhrlgsdve m
ihlilnat|3.1.2. ihlilnalaspoR s 30% pokryt2m koruna
zastavané 1.1.1. suvisla zastavba suvisly a neslvisly typ zastavby,zd opr avnej in
plochy 1.1.2. neslvisla zastavba boli len arealy letisk
1.2.4. arealy letisk
travnaté porasty (2.3.1. luky a pasienky oblasti hustého pokrytia travnatym porastom, ktoré st
3.2.1. prirodzené luky poOnohospod8rsky vyug2van® 1|
alebo aredly prirodzenych travnych porastov s rozptylenymi
krikmi
orna poda 2.1.1. nezavlalvgetky poOnohospod&8rske ptdy
orna poda obilniny, strukoviny, priemyslové plodiny, okopaniny a krmiva

riedka vegetéacia

3.2.2. vresoviska a slatiny

3.2.4. prechodné lesokroviny

3.3.3. aredly s riedkou
vegetaciou

sukcesivna vegetéacia pritomna v miestach prechodu novo
vznikajlceho lesa z travnatého porastu, hlavne v miestach
nevyugzvanl ch vojensklch pri
vy Sag e n ®hnamiésmch ayznamnych vresovisk a
krovisk na tzemiach byvalych dopadovych ploch; do tejto
triedy spadaj ¥% aj plochy 1| e
charakteristické riedkym zastdpenim drevin resp. vyskytom
drev2n n2zkej vigky

bez vegetacie

*EAGLE: 1.2.4. holé pody

dopadové plochy a plochy strelnic pokryté holou pédou bez
veget 8cie (zast¥Ypenie veget

mi esta po Sagbe stromov

Zdr oj

[ 2]

*

a

(31,

\'

pr2pade zmieganlichale§khliada preaagdegttedo

zastupenia dreviny, ** trieda odpoveda triede 1.2.4 holé pédy z nomenklatiry EAGLE
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4. Vysledky

Vgetky klasifik8cie krajinnej pokrTvky dosiahli ce
za v e Omvysledok ftab.l 3). Na zéklade predpokladov a v Uvode spomenutych vyskumov sa
ol ak8vala vyggia presnosS klasifik8cie algoritmom S
vo VO Ralsko sme algoritmom SVM do sréeatddlnehobedug gi e pr e
pre d§8§ta Landsat 82 @r0, PopgrideéntdBg| nSelma imedu) . Pr i
rozlilnlm spektr8l nym a _priestorovim rozl?2gen2m sme
datach Sentine? sm vpgigéstorovIim (10 _ m) a spektr8&8l nym (
datam Landsat 8 (30 m a 6 pasiem). Zistili sgn@ o u §gr a@ 2 Imi vstuphychdataz § r aovreak€ho
algoritmu sa vysledky klasifikacie na uzemi VO Brdy menia lerevyznamne. Naopak, na uzemi VO
Ral sko proi pougit? algoritmu SVM nad oboma typmi
percentu8l neho bodu v prospech d§t Landsat 8) , ted
presnosti dosiahnuté v_klasifikaciach¥s dost at ol ne vysok®, proi s k Yama n 2
kl asifikalnTch tried treba pozmrasmemasSS. Jge niektor ®

Tab. 3 PresnosS klasifik§&ci e-2algotitmanmaML accgM nami Landsa

Uzemiach VO Brdy a Rakko
Vstupné data a algoritmy

Uzemie Landsat 8 Sentinel -2
ML SVM ML SVM
VO Brdy 88,86 92,57 88,29 93,43
VO Ralsko 86,00 91,25 87,00 87,50

Pri hodnoteni vysledkov porovnanim jednotlivych tried krajinnej pokryvky sa na uzemi VO Ralsko
prejavili podobnosti visledkov pougltzm rovnak®ho a
cel kovej presnosti (tab. 3), poug2vateOsklich presno:
jednotlivych tried krajinnej pokryvky (tald).

Tab. 4 Podiel jednotlivych tried krajinnej pokryvky v %
] o VO Brdy VO Ralsko
Trlesioaklr(xf(l;nej Landsat 8 Sentinel -2 Landsat 8 Sentinel -2
ML | SYM | ML | SVYM | ML | SYM | ML | SVM
vodné plochy 062 | 062| 052| 061| 019| 018 | 0,16 | 0,16
listnaté lesy 9,15 | 14,99 | 20,18 | 20,90 | 12,76 | 9,34 | 13,60 | 9,72
i hli| nat ® 6976 | 69,67 | 62,93 | 64,10 | 64,32 | 69,92 | 64,23 | 71,02
zastavané plochy 0,20 0,08 0,44 0,07 2,91 1,55 3,32 1,83
travnaty porast 264 | 251 | 258| 256 | 870 | 842 | 859 | 898
orna péda - - - - 0,71 0,94 0,73 0,93
riedka vegetacia | 13,13 | 10,30 | 9,48 | 9,51 | 4,84 | 7,93 | 470| 592
bez vegetéacie 4,50 1,83 3,87 2,25 5,57 1,71 4,67 1,44
V poug2vateOsklich presnostiach pougit2m algorit mu
(len v pr2pade Ilistnatlch | esov 6 percentu8lnych bc
klasifikacie krajinnej_pokryvky (obr. 3), konkrétne v olilash listnatych lesoHrad ans k!l ch bul 2 n a
Hrad]lansklch sthDn v z8padne|] |l asti VO, v okol?2 wvrch
VO a v oblasti blTvalej Sagby ur8nu, na juh od obce
ajni ggie zast Ypenie plltch bez veget8cie vytvorenlch
cviliska Gidlov a z8roveR vyggie zastYpenie pltch [
Yaz em2 VO. Len klasifik8cia vadckryl csh ppolutgciht 2m8 rwes@raik |
r oz | ialgoritmovh
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Brdy
Maximum Likelihood Support Vector Machine Maximum Likelihood Support Vector Machine
Landsat 8 Lndsats _Sentinel-2 Sentmel 2
Ralsko
Maximum Likelihood Support Vector Machine  Maximum Likelihood Support Vector Machine
Landsat 8 Landsat 8 Sentlnel-z Sentinel-2
vodné plochy - ihlicnate lesy travnaté porasty - riedka vegetacia -~ vodny tok
listnaté lesy - zastavané plochy - orna pdda - bez vegetacie ~ “ \_~ hranica VO
Obr. 3 Vystupy klasifikacie krajinnej pokryvky VO Ralsko v roku 2016 zo snimok Landsat 8 a S@ndilgelritmami
Maximum Likelihood a Support Vector Machine
NaGzemiVOBrdysatakT r aznT trend podobnosti neprejavil, avg
napr. pougi t2m jedn®ho typu d8t s% veOmi podobn® po.
pr2loha 5 ag 8). Konkr ®t ne i de2 ldorélpii metodeaML 8VMe sy kIl as
dosiahli hodnoty podielu rozlohy v rozmedzi2@ 1 % a i hl i | natl civO%espv =z dS§t
Sentinel2i 63 ag 64 % (tab. 4) Podiel Ilistnatlch | esov (
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viewmul iroei §geemu d§t, kto
ov, resp. bol i agregoval
e olividng na akél om Yzem
h -2h e zB aweag eetOf1a®i g ez viylgays ief
ez veget8cie pri pougit?2

4. Diskusia a zaver

V nagej gt Y%dioirovomlad oilesOemn® presnosti klasifik®8c
i fikal nl mi algor|tmam| SVM a ML s vyug|t2m voO

y pl yvRuj Yace spr8vny viber a pougiti
e krajinnej pokrlvkyvje vhodn8 identifik
nal en®i csky mwshiodngtabi oddel i i j
ie met-dou JM. Jej spojenie ana
ylok v jednotlivych spektralnych pasmach poskytuje takmer ko kn®@ d
en® tr®novacie pl ocHkayifikeie.n a h mo
ii krajinnej pokryvky boli relativne uspokojivé e | kov® pr esnosti
a predpokl adu al gporre kamuasl SaviMy ocreil tknouvso
. Predpokl ad o vf2J§gd&gejvymrge sm opsrtiie
rozl2gen?m oproti d8tam Landsat 8 s
®%\ba ay aj presnosti jednotl!l irvdzlhogearie

podielu pléch jednotlivych tried krajinnej pokryvky na celom tzemi VO sme zistili tieto
a %Yzem?2 VO Ral sko poymgdiarﬁlsaobja)/mpodobr[@s‘s‘uo al gori
v nielen v celkovej a pou 2vateOske,j p
i i j krTvky. Ni ektor ®
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Prilohy 1i 8 Chybové matice vysledku klasifikacii Priloha 1:
Landsat 8 s algoritmom ML vo VO Brdy

g 3 f 2.2 s 5 3 € ::
Trieda krajinnej pokryvky E_ % _ % E g § § % E % 2 e S;f
S| 5| =|ERER%e e Bacd
S = —
vodné plochy 50 0 0 0 0 0 0| 50 100
listnaté lesy 0| 44 4 0 0 2 0| 50 88
ihlilnat® 0 0| 50 0 0 0 0| 50 100
zastavané plochy 3 1 3| 38 0 0 5| 50 76
travnaty porast 0 1 0 0| 45 4 0| 50 90
riedka vegetacia 1 6 2 0 1| 40 0| 50 80
bez vegetacie 0 0 0 4 1 1 44| 50 88
celkom 54 52 59 42 47 47 49| 350
PresnosS spraq 93| 85| 85| 90| 96| 85 90 *88,86
Kappa koeficient ) 0.87
*cel kov8 presnossS
Priloha 2: Landsat 8 s algoritmom SVM vo VOBrdy
2| |e c o €7
o JrEl SlT |3 B |z 3E| 5| cee
Trieda krajinnej pokryvky S g = 5 g |e g ?‘} gl - 22
2|7 N - > = sy
vodné plochy 50 0 0 0 0 0 0| 50 100
listnaté lesy 0| 44 3 0 0 3 0| 50 88
ihlilnat® 0 4 46 0 0 0 0| 50 92
zastavané plochy 0 0 0| 46 0 0 4| 50 92
travnaty porast 0 0 0 0| 48 2 0| 50 96
riedka vegetéacia 0 2 2 0 2| 44 0| 50 88
bez vegetacie 0 0 3 1 0 0 46| 50 92
celkom 50| 50 54| 47| 50| 49| 50| 350
PresnosS sprac| 100| 88 85 98 96| 90 92 92,57
Kappa koeficient 0.913
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Priloha 3: Sentinel2 s algoritmom ML vo VO Brdy

> g f 2.l 3 3 5) : ~
Trieda krajinnej pokryvky % E g - g E g § % % 3 é é e g’f
"R g| =|8RERTE T E 8 aeT
vodné plochy 50 0 0 0 0 0 0| 50 100
listnaté lesy 0| 44 4 0 0 2 0| 50 88
ihlilnat® 0 1 49 0 0 0 0 50 98
zastavané plochy 8 0 21 26 0 0 14| 50 52
travnaty porast 0 0 0 o 44 6 0| 50 88
riedka vegetacia 0 1 0 0 1| 48 0| 50 96
bez vegetacie 0 0 0 1 0 1 48| 50 96
celkom 58| 46| 55| 27| 45| 57 62| 350
PresnosS spra 86| 96 89 96 98| 84 77 88,29
Kappa koeficient 0.863
Priloha 4: Sentinel2 s algoritmom SVM vo VO Brdy
> g - |2 N L= 3 i” —
Trieda krajinnej pokryvky % g % < E .% E g § % % E %., § e S§
23| EITF(45|E3% 8 T g| 3| io®
vodné plochy 50 0 0 0 0 0 0| 50 100
listnaté lesy 0| 44 2 0 0 4 0| 50 88
ihlilnat® 0 0| 50 0 0 0| 50 100
zastavané plochy 0 0 0| 45 0 0 5| 50 90
trdvnaty porast 0 0 0 0| 47 3 0| 50 94
riedka vegetacia 0 1 2 0 1| 45 1| 50 90
bez vegetéacie 0 0 1 1 0 2 46| 50 92
celkom 50| 45| 55| 46| 48| 54 52| 350
PresnosS spral 100] 98| 91| 98| 98| 83 88 93,43
Kappa koeficient 0.923
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Priloha 5: Landsat 8 s algoritmom ML vo VO Ralsko

E:’ g il \%>\%ﬂ5 § so| 8| ¢ ::A
Trieda krajinnej pokryvky o| 2| ~|s E sS| 9 § 3 E 5| 2| ° Sc’f
S| £| =|8= 82 | =8 8| 8| fo°
g = _|N o
vodné plochy 50 0 0 0 0 0 0 0 50 100
listnaté lesy 0| 43 6 0 0 0 1 0 50 86
ihlilnat® 0 2| 48 0 0 0 0 0| 50 96
zastavané plochy 1 0 1| 33 5 4 2 4| 50 66
travnaty porast 0 0 0 0| 44 5 1 0| 50 88
orna péda 0 0 0 0 0| 50 0 0| 50 100
riedka vegetéacia 0 4 2 0 5 0 39 0| 50 78
bez vegetacie 0 0 0 8 0 3 2| 37 50 74
celkom 51| 49 57 41 54| 62 45| 41| 400
PresnosS spral| 98| 88| 84| 80| 81| 81 87| 90 86,00
Kappa koeficient 0.84
Priloha 6: Landsat 8 s algoritmom SVM vo VO Ralsko
> c c
Trieda krajinnej pokryvky '§ S g - %% 3 s E E ?‘,’ 3 ?‘,’ % - z\>/
k] N7 S| >| > & a
vodné plochy 49 0 0 1 0 0 0 0| 50 98
listnaté lesy 0| 48 2 0 0 0 0 0| 50 96
ihlilnat® 0 1| 49 0 0 0 0 0| 50 98
zastavané plochy 0 0 0| 45 2 0 0 3 50 90
travnaty porast 0 1 0 0| 45 3 1 0| 50 90
orna péda 0 0 0 0 1| 48 0 1 50 96
riedka vegetacia 0 6 0 0 7 o 37 0 50 74
bez vegetéacie 0 0 0 1 1 4 0| 44| 50 88
celkom 49| 56| 51| 47| 56| 55| 38| 48| 400
Presmps%covat| 100| 86| 96 96 80| 87 97| 92 91,25
Kappa koeficient 0.9
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Priloha 7: Sentinel2 s algoritmom ML vo VO Ralsko

> >
< & <l © © <
[3) g —S ol TS Q c oS |
N 2| 9| -|Z5|€8| 2128 |yg| g| »°8
Trieda krajinnej pokryvky |l 8| —|8€8|z5| w22l Tl ->>
S| & galge| (=8 9] 3] o™
Bl 2| <N = o > = & o
> - —
vodné plochy 50 0 0 0 0 0 0 0 50 100
listnaté lesy 0| 46 0 0 1 0 3 0 50 92
ihlilnat® 0 0 50 0 0 0 0 0 50 100
zastavané plochy 1 0 o 33 3 3 1 9 50 66
travnaty porast 0 0 0 0| 46 2 2 0| 50 92
orna péda 0 0 0 0 2| 48 0 0| 50 96
riedka vegetacia 0 6 2 0 4 o 38 0 50 76
bez vegetacie 0 0 1 4 2 4 2| 37 50 74
celkom 51| 52| 53| 37| 58| 57| 46| 46| 400
PresnosS spra 98 88| 94| 89 79| 84| 83| 80 87,00
Kappa koeficient 0.851
Priloha 8: Sentinel2 s algoritmom SVM vo VO Ralsko
> >
- > <. c
8| 2| — % >2 4 :g cB| 8| g v
) T . 2| 9| -|z2G|E@ a|ZECINE|l 2| oY
Trieda krajinnej pokryvky © 5 _|80o|>5 |0 Zlal T -2
S| & @e|Se| £|=8 9] o o™
8l 2| |8 |7 S > > & a
S - —
vodné plochy 46 0 0 3 0 0 0 1 50 92
listnaté lesy 0| 46 1 0 0 0 3 0| 50 92
ihlilnat® 0 2| 48 0 0 0 0 0| 50 96
zastavané plochy 0 0 0| 39 2 1 1 7 50 78
trdvnaty porast 0 0 0 0| 47 1 2 0| 50 94
orna poda 0 0 0 0 1| 47 0 2| 50 94
riedka vegetacia 0 4 3 1 4 0| 38 0| 50 76
bez vegetacie 0 0 0 1 ol 10 ol 39 50 78
celkom 46 52 52 44 54 59 44 49| 400
PresnosS sprac| 100| 88 92 89 87| 80| 86| 80 87,50
Kappa koeficient 0.857
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Summary

Evaluation of remote sesing methods and data for land cover classification: case studies of
former military training areas Brdy and Ralsko

The main goal of this study was to crassnpare accuracies of land cover classifications using Maximum
Likelihood and Support Vectdachine classifiers with different data: Landsat 8 and Ser2ingb study areas were
chosen military training areas Brdy and Ralsko in Czechia (Fig. 1 and Fig. 2). Starting with data acquisition, through
data preprocessing, we paid attention to carefuthoose classes of land cover, collect training areas and then to
statistical test of these data. Methods Jefflfledusita distance and transformed divergences were evaluated as the
best approaches to the statistical testing of training areas. Thersgedia the classification process in software
ENVI using mentioned supervised classifiers and continued withgposessing by eliminating saindpepper noise
and smoothing the results according to minimal mappingi uné set minimal mapping unit @25 ha for Sentinel
2 and 0.5 ha for Landsat 8 data. The last step of the processing was accuracy assessment. In this step we generated 50
random points from every class of the result and we compared them with orthophotos, then results were summarised
in error matrix, counting overall accuracies, user and producers accuracy and Kappa index (Appe8dixes 1

The results were relatively satisfyiiigpverall accuracies were higher than 85%, but we need to consider partial
accuracie®f separatelassestoo. Overallmoreaccurateesultswerereleasedn military trainingarea Brdy what we
can attribute to his more homogenous area with lower human impact without arable lands, lower ratepéatmal
(without solar power plants) and more monotonous foaesas than in military training area Ralsko (Fig. 3).
According to our hypothesis, classification results with SVM classifier overtook the results with ML in all cases. The
second hypothesis, better results by Sen@mddhta than with Landsat 8, was prdysartiallyi only in the case of ML
classifier.

Fig. 1 Location of study areas within Czechia Fig. 2
Methodology

Fig. 3 Land cover classification outputs using Maximum Likelihood and Support Vector Machine classifiers with
Landsat 8 an&entinel2 data for military training areas Brdy and Ralsko in 2016

Tab. 1 Comparison of Sentir2land Landsat 8 spectral bands Tab. 2
Description of classification classes

Tab. 3 Classification accuracy (in %) above Landsat 8 and Seftuath by ML ad SVM classifiers in military
training areas Brdy and Ralsko

Tab. 4 Share of individual land cover classes (in %) Appendixgs 1
Error matrix of the classifications assessment

Prijaté do redakcie: 13. jula 2018
Zaraden® do tlale: december 2018
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Abstract: The objective of this paper is to assess WorldView-2 (WV2) and Landsat OLI (L8) images in
the detection of bark beetle outbreaks in the Sumava National Park. WV2 and L8 images were used
for the classification of forests infected by bark beetle outbreaks using a Support Vector Machine (SVM)
and a Neural Network (NN). After evaluating all the available results , the SVM can be considered the
best method used in this study. This classifier achieved the highest overall accuracy and Kappa index
for both classified images. In the cases of WV2 and L8, total overall accuracies of 86% and 71% and
Kappa indices of 0.84and 0.66 were achieved with SVM, respectively. The NN algorithm using WV2
also produced very promising results, with over 80% overall accuracy and a Kappa index of 0.79. The
methods used in this study may be inspirational for testing other types of satelli te data (e.g., Sentinel
2) or other classification algorithms such as the Random Forest Classifier.

Keywords: neural network; support vector machine; Landsat 8; WorldView -2; Czechia; forest
disturbances

1. Introduction

The use of remote sensingmethods for the monitoring of forests represents a very widespread and
traditional discipline. Remote sensing (RS) is used for a number of reasons, including the acquisition of
compatible data on large territorial units and the possibility of using multisp ectral information to
determine the health status of vegetation and its development [1,2]. RS also allows for the mapping of
forested and deforested areas, biomass estimation, forest stand classification, fire damage detection or
damaged and dry forest ide ntification [3,4]. Monitoring forest stands by remote sensing enables one to
record data even from hard-to-reach places unsuitable for field research. Measurements can also be
repeated periodically, ensuring not only the timeliness of the data but also the ability to evaluate
changes that have occurred in the area [5]. Currently, a wide range of different types of satellite data is
available, which differ in spatial, temporal and spectral resolution (e.g., Landsat, Sentinel, MODIS). This
offers numerous opp ortunities for testing the individual types of satellite data for monitoring forest
vegetation [6].

Evaluations of the state of and the changes in forest vegetation using RS have been presented by
many studies in various regions of Europe, e.g., Slovakia, such as [7], or in the High Tatras National
Park and its surroundings (e.g., [8]). Complex evaluations of the changes in forest areas and their
consequences in the Carpathian region have been presented by, e.g., [AL1]. Landsat data were used in
the above-mentioned studies. Landsat images are freely accessible and useful in the analysis of large
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scale forest ecosystems. On the other hand, high spatial resolution data, e.g., WorldView2 (WV2), make
it possible to detect more details in the forest landscape sich as forest density and forest roads. Immitzer
and Atzberger [12] used WV2 and the Random Forest algorithm for forest classification in the Austrian
province of Burgenland. Carle et al. [13] evaluated the benefit of WV -2 spectral bands for mapping
vegetation in a small river delta in coastal Louisiana, USA.

The dramatic die-off of spruce stands (Norway spruce, Picea abief..) Karst.) resulting from bark
beetle Ips typhograpusutbreaks is a phenomenon experienced in many mountainous regions of Europe
[14]. Both airborne [15] and satellite images (e.g., [16]) are used to evaluate forest stands after an insect
attack. An example of the use of WV2 is a work on the early detection of a bark beetle invasion in central
Austria [12]. The researchers conducted aRandom Forest classification determining the areas of forests
that were healthy, under attack or dead. The Sumava National Park in Czechia has been struggling with
long-term problems with disturbances, whether they be wind calamities or subsequent bark beetle
invasions in Czechia. This national park, thanks to its overlap into the German Bavarian Forest, is very
often examined by Czech authors [1# 20] as well as foreign authors (e.g., [21]).

Choosing the appropriate classification method and defining a suit able definition of categories is
an important aspect in assessing the condition and extent of the damaged forest. Many studies primarily
focus on the pixel method used by Meddens et al. [15] or White et al. [22], who used it to detect a bark
beetle red-attack. DeRose et al. [23] evaluated the affected forest with vegetation indexes from Landsat
images, and the subsequent pixel classification achieved a total accuracy of 8082%. Hicke and Logan
[24] focused on the classification of 3 categories using the maimum probability classifier: healthy trees,
damaged trees and grasslands. The study successfully separated the red attack trees from the healthy
trees and the grasslands, thanks to the RGI (Red Green Index) index and the use of reflectivity in the
green zone. The overall classification accuracy was 86%. In recent years, the area of statef-the-art
classifiers, such as Support Vector Machines (SVMs), Neural Networks (NNs) or Object-Based
Classification (OBIA), has been intensively developed in connection with the development and
availability of data with better spatial and spectral resolutions. Latifi et al. [25] used OBIA to classify
Landsat images for an 11year period in the Bavarian National Park to map the related forest mortality
classes. The SVM methad was successfully used by Hart and Veblen [26], who classified a bark beetle
forest from satellite and aerial photographs.

The objective of our study was to evaluate the usefulness of very high spatial resolution images
(1.84m WV2) and high spatial resolution images (30-m Landsat 8) to identify bark beetle outbreaks
from satellite data using advanced per-pixel methods based on machine learning methods. The main
aims are based on the current topics discussed in the literature, which focus on testing the individual
types of data and classification methods [274 29]. This study fills a gap that earlier studies have not
handled: using WV2 in such a forest affected by bark beetle outbreaks. The longterm impact of the
forest attack by the spruce bark beetle in the Sumava National Park offers an ideal opportunity to test
different classification approaches and to assess the forest stand damage using remote sensing data of
various spatial and spectral resolutions. The reason for comparing Landsat 8 (L8) and WV2 data was
the unique timing of the acquisition of both types of data. Both images were acquired within one month
in the autumn of 2015. The classification methods used are SVM and NN, which have been tested for
input parameters, training areas, and other import ant parameters (e.g., number of iterations and
background layers). The monitored categories are determined on the basis of field research, the
suitability of the data inputs, a search for relevant studies and also the requirements of potential end
users, such as hydrologists, foresters or management employees of the Sumava National Park. The next
goal is to calculate the total area of the classified categories and to evaluate a spatial distribution of the
categories in the case study. To recapitulate, the tudy deals with these goals:

1 to evaluate and compare the applicability of the commercial, very high spatial resolution images
(1.84m WV2) with the freely downloaded, high spatial resolution images (30 -m L8) for the
identification of forest damage (affected by the bark beetle outbreaks);

1 to compare the results of the classification of forest vegetation using the advanced classification
algorithms of SVM and NN based on machine learning methods;
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1 to define the most relevant parameters of SVM and NN (e.g., number of iterations, background
layers, kernel function, penalty parameter) for the highest accuracy to be achieved in the
classification of land cover;

1 to propose a classification system with definitions of categories to distinguish between the
individual stages of decay and forest regeneration after a spruce bark beetle attack;

1 to interpret the results of the classification and define the positives and weaknesses of the used
data and classification methods.

2. Area of Interest

The area of interest in this study is the central part of the Sumava National Park, focusing on sites
with a significant amount of decay of mountain spruce trees due to the overgrowth of the spruce bark
beetle. The Sumava National Park, situated in the south to south-west of Czechia, is the largest national
park in Czechia, established in 1991, and has a total area of 680 k& The surveyed area in the Sumava
National Park copies the boundary of the provided WV2 image and covers 105 km2 (see Figure 1).

study area 0 50 100km
1 NP Sumava

I large protected area Data sources: _
ArcCR 500: Digital geographic database (2019)

| region of Czechia ACPK CR: Large protected areas (2019)

0 5 10km

Figure 1. Study area.

The elevation in the area of interest reaches, on average, 1100200 m above sea level. The main
landscape cover in the Sumava National Park is mountain spruce forests, peat bogs and mountain
meadows. Most of the landscape has been influenced to a greater or lesseextent by the economic
management of forests in the past, in particular by logging or livestock grazing. Although these
activities lasted for a long time, we can still find scattered forest remains in the Sumava National Park
[20]. The natural representation of spruce in the Sumava NP used to be around 51% but, during the last
250 years, the activity of spruce has gradually increased to about 80%. Spruce, thus, prevails in
conditions where fir and beech trees prevailed in natural forests. In addition to s pruce trees, there are
many other specific plant and animal species in the Sumava NP; therefore, a special environmental
protection regime has been established.
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The core area of Sumava has been influenced by spruce bark beetle attacks for a long time. Afte
1990, the range of assaults began to rise mainly due to the recurring calamities and a series of dry and
PEUOQwal EUUwWUT EVwUDPT OPI PEEOUOGawUIl EVUET EwUT T wi OUT U0z UwUI
2003 was favorable for the development of the bark beetle and led to a re-weakening of spruce stands
[3]. There was a large number of fallen trees that succumbed to the windstorm Kyril in January 2007.
The fallen trees then became a suitable place for bark beetle attacks, and their populations increased
radically [3]. The current state of the forest stands is strongly influenced by these calamities.

3. Materials and Methods

3.1. The Satellite Data Used

The first data source in our study is the multispectral images of WorldView -2, taken on 17
September 2015, under a cloudless sky. The acquisition of the WV2 data was finally successful in
autumn 2015, since the first request for the acquisition of the WV2 data for Sumava was submitted in
March 2013 to the official distributor of WV2 data. The re sulting composite image was embedded in the
UTM coordinate system (band 33) of the WGS-84 ellipsoid in the Ortho-Ready Standard (OR2A)
version. WV2 offers a very high spatial resolution with 8 spectral bands. These 8 spectral bands are
coastal, blue, green yellow, red, red edge, 2 near infrared (NIR) bands. The spatial resolution is 46 cm
for a panchromatic image and 1.84 m for a multispectral image (Table 1).

The second type of data used was Landsat 8 (L1TP) with a panchromatic spatial resolution of 15 m
for multispectral images of 30 m. Landsat images, due to their availability since 1972 and their free
distribution, are among the most widely used remote sensing data images for RS. For this reason, the
Landsat data were used in order to compare them with the commercial data of WV2. The L8 image used
was taken on 12 October 2015, i.e., less than one month after WA2 acquisition. Landsat 8 OLI has 7
spectral bands, including 4 visible bands (coastal, blue, green and red), 1 NIR and 2 shortwave infrared
bands (SWIR 1 and SWIR 2), see Table 2.

Table 1. Spectral bands of WorldView -2.

Band NameofBand 1EOT T wi UC1EOT 1 wU

1 COASTAL 0.40 0.45
2 BLUE 0.45 0.51
3 GREEN 0.51 0.58
4 YELLOW 0.59 0.63
5 RED 0.63 0.69
6 RED EDGE 0.71 0.75
7 NIR 1 0.77 0.90
8 NIR 2 0.86 1.04

Table 2. Spectral bands of Landsat 8.

Band NameofBand 1EOT T wi UC1EOT | wU

1 COASTAL 0.43 0.45
2 BLUE 0.45 0.51
3 GREEN 0.52 0.6
4 RED 0.63 0.68
5 NIR 0.85 0.89
6 SWIR 1 1.56 1.66
7 SWIR 2 2.1 2.3

3.2.Classification System

The area under investigation is of a very heterogeneous nature with a large number of different
forest forms, whether bark beetle-affected or healthy. Prior to classifying the images, it was necessary
to specify a classification systeam (legend) and define each class in detail. The designated definition of
categories was based primarily on the literary sources [17,20] dealing with a similar theme, field
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research and the requirements of foresters and workers of the Sumava National Park. Above all, by
using the Landsat multispectral data or WV2 with high spatial resolution, the effort was made to
establish detailed definitions of categories depicting the individual species and health of the forest trees.
A total of 9 categories were determined, of which 3 categories are nonforest, and 6 categories classify
the forest vegetation. A detailed description of the categories is presented in Appendix 1.

3.3. Data Preprocessing

3.3.1. Orthorectification

The provided WV2 data were supplied by the p rovider at the Ortho -Ready Standard (OR2A) level.
The data were radiometrically and geometrically corrected. However, at the OR2A level, no correction
for the topographic relief is performed. For this reason, the image had to be ortho -rectified before use.
A method of rational polynomial functions was used. The principle of this method is the approximation
of the orbital satellite model using multidimensional polynomial functions. The input parameter values
are supplied together with the satellite data in t he form of special metadata as Rational Polynomial
Coefficients (RPCs). This method can be performed with or without a very small number of control
points. Since the obtained data already contained an added coefficient file (* rpb), this method of ortho -
rectification was performed in the ENVI software, where ortho -rectification can be performed by
rational function coefficients directly for the WorldView sensor (RPC Orthorectification workflow). A
digital terrain model is needed to perform the function. For the purpose of this study, the digital terrain
model (DMR 5G) from the Czech Office for Surveying, Mapping and Cadastre was selected. The model
is based on the data acquired by altimetry airborne laser scanning with an accuracy (mean height error)
of 0.3m [30].

3.3.2. The InSitu Data

A field survey was carried out in the case study at a similar time to when both datasets were
acquired. The field data collection took place from 8 to 9 October 2015, i.e., 21 days after the WV2 image
was received. The contol points for each type of forest cover/class were determined and tracked by a
GPS (Global Position System). The points were collected using the Trimble Geoexplorer 6000 Geo XT
GPS with an accuracy of £0.5 m. For the purposes of accuracy assessment, 80 imts were collected
representing different types of forest. The land cover of the points, collected in the field, was defined
based on the classification system (see Appendix 1) and subsequently checked using a publicly available
orthophoto acquired in 2015 (WMS orthophoto services). Only the points that clearly characterized the
category were included.

3.3.3. Classification Methods

Per-pixel classification approaches were used for this study. As the name suggests, the basic image
element entering the classfication is the pixel, to which each decision rule applies. In this study,
advanced classification algorithms of neural networks and support vectors were used [31]. Both
algorithms are also controlled by non-parametric classifications, which means that there is no
presumption of a normal data distribution. This fact is the biggest advantage of the given classifications
[32]. One of the basic principles of SVM is the conversion of the input space into multidimensional space,
where the classes can be separad from each other linearly. The SVM algorithm seeks to find the
optimal hyperplane that separates the data into a predefined number of classes according to the training
set [33]. In essence, the SVM is a binary classifier, but there are procedures by whie a method can be
adapted to query multiple classes. We call these two approaches one versus one and one versus all
[31,34].

The use of the Support Vector Machine classifier includes not only a suitable selection of the
training set but also a selection of suitable parameters entering the classification. In the ENVI software,
it is possible to select the type of kernel function (linear, radial basis function -RBF, sigmoid and
x00aO00OO0OPEOAOWEOE WP U WD UWEOUOwWx OUUD E Griean anh® BBF fubktiodd), | wwwY E O
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the penalty parameter and the threshold value. The parameters chosen for the process in this work (see
Table 3) are mainly based on our own testing as well as combinations used in previous studies, e.g.,
[35,37].

Table 3. Applied support vector machine (SVM) parameters for Landsat 8 (L8) and WorldView -2 (WV2)

images.
Combination Kernel Function Gamma Parameter  Penalty Parameter  Threshold Polynomy
1 RBF 10 50 0 -
2 RBF Default 1 90 0 -
3 RBF Default 1 100 0 -
4 polynomial Default 1 90 0 6
5 polynomial Default ? 100 0 6

1Default value| UBE x Uil OOw+EOEVUE D wWOwmwiduPduwkiié aiyid ®E k 61 O0 w6 OUC

Neural networks represent algorithms that try to mimic processes occurring in the nervous system,
where a network of specialized neural cells, neurons, processes the signal and converts it into
information [32]. The neural network classification method forms a layer of neurons according to the
input spectral bands that enter it. The output layer then consists of neurons, each of which is one of the
classified classes. The neural network classification uses the baclpropagation algorithm for training.
The ENVI program [36], where the classification was conducted, allows one to select the following
parameters that can influence the outcome and neural networking process: Training Threshold
Contribution (TTC), Training Rate (TR), and Training Momentum (TM).

The parameters in question greatly influence the behavior of the entire process, so sufficient
attention has been paid to their selection. The parameters chosen for the processing of data in this work
(see Table 4) are mainly based on our own testing as well as inspired by a study carried out in 2012
using SPOT data [37]. Testing the values of iterations and the TTC parameter was the most significant
point for the definition of the combinations used in this study.

All the spectral bands of WV2 and L8 OLI, except coastal and panchromatic, entered the
classification. So, a wide multispectral potential was used for both datasets: visible bands, NIR bands,
the red edge of WV2 and the SWIR of L8. The coastal band is useful for imaging shallow water and
tracking fine atmospheric/aerosol particles like dust and smoke [2] so is not a relevant band for the
purpose of this study. The training set for the classification was collected using the orthophoto. The
selection of points was then also verified using vegetation indices and combinations of spectral bands
of satellite images (mainly using WV2). Representative points were found for each class of the
classification. The number of training points for each class ranged from 11 (for the classes of C2, E and
F) to 27 for the class of dead forest (see Table 5 and Appendix 10).

Due to the very heterogeneous character of the landscae, the resulting classification using WV2
images manifested the sccalled salt and pepper effect with a high number of isolated pixels. For this
reason, a filtering was applicated on WV?2 classification because of its suppression of the salt and pepper
effect. After testing the individual filter methods, the median filter with a 5 x 5 grid was used.

Table 4. Applied neural network (NN) parameters to L8 and WV2 images.

Combination Traini.ng Threshold Training :I'rAai‘nin~g o terations Number of
Contribution (TTC) Rate (TR) , OOl OUUQuw Background Layers
1 0.2 0.2 0.4 1000 1
2 0.3 0.2 0.5 1000 1
3 0.1 0.2 0.5 1000 1
4 0.2 0.2 0.4 5000 1
5 0.3 0.2 0.5 5000 1

3.3.4. Accuracy Assessment and Result Presentation

Classification accuracy was assessed based on error matrices (overall accuracy, producer accuracy,
user accuracy and the Kappa index). The accuracy of the classifications was evaluated using the points
collected in the field, which can be used in the SW ENVI 4.7 for Ground Truth ROIs. Field measurements
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were focused on the forest categories (healthy forest, affected forest, regenerating forest, dead forest
and clear-cut forest). The categories of wetlands, permanent grasslands, water bodies and artificial
surfaces were generated over the orthophoto and WV2 data using a visual interpretation. So, 80 points
were collected by in-situ collection and 29 points by visual interpretation of the orthophoto and WV2
data. For the number of points for all the classes, ®e Table 5 and Appendixes 2,3 and 10.

Table 5. Training and control points.

Class Al A2 A3 A4 B C1l C2 E F Total
Number of Training Points 25 24 20 27 16 23 11 11 11 168
Number of Control Points 20 16 12 17 10 15 6 7 6 109

Note: The points of water bodies (Category E) were excluded from the accuracy assessment of the
Landsat classification because the water bodies were not classified by Landsat (low spatial resolution of
Landsat).

Finally, the total area of the individual classes and the ratio of the class area to the total area of the
case study were calculated, and a spatial distribution of the classification classes was evaluated using a
comparison of the classification maps.

4. Results

In this chapter, the results of the WV2 and L8 multispectral image classifications are described and
compared. The classification was performed using the SWM and NN algorithms to define the
parameters for the most accurate results.

4.1. Evaluating the Accuracy of Classifications

The overall classification accuracy and the calculated Kappa index for each parameter combination
are given in Tables 6 and 7.

Table 6. Overall accuracy and Kappa index classification of SVMs.

WorldView -2
Overall Accuracy (%) Kappa Index

Landsat 8
Overall Accuracy (%)

SVM
Combination

Parameters
Gamma Parameter Penalty Parameter

Kernel Function Kappa Index

1

[SIFSEANN]

RBF

RBF

RBF
polynomial
polynomial

10
Default *
Default *
Default *
Default

50
90
100
90
100

Polyonomy

6
6

76.15
84.40

86.24

0.73
0.82
0.82
0.82
0.84

68.63
69.61

70.59

0.64
0.65
0.66
0.66
0.66

1Default Value| + EOEUE U wWO wmwwé wY® ok O EOHIOE 5 B b

Table 7. Overall accuracy and Kappa index classification of NNs.

NN

Parameters

WorldView -2

Landsat 8

Combination

Training Threshold Contribution

Training Rate

Training Momentum

Iteration

Overall

Accuracy (%)

Kappa Index

Overall

Accuracy (%)

Kappa Index

1

oA wN

0.2

1000
1000
1000
5000
5000

80.73
81.65
81.65
81.65
78.90

0.78
0.79
0.79
0.79
0.76

67.65
68.63
69.61
64.71
65.69

0.63
0.64
0.65
0.59
0.60

The overall SVM classification accuracy varies between 76.15% and 86.24% for WV2 and between
68.63% and 70.59% for L8 according to the selected parametecombination. As we can see, the best
results were achieved using Combination 5, where a polynomial function was applied. The worst results
are shown in Combination 1, where the gamma parameter and the parameter penalty have been
significantly adjusted for the RBF function. If we compare the accuracy of the satellite data used, the
accuracy is higher in the WV2 image than in the L8 image.

If we compare the results of the SVM algorithm with the NN algorithm (Tables 6 and 7), we can
see that the overall accuracy values of NN are generally 2.5% lower on average. For both images, the
highest overall accuracy and Kappa index were achieved when Combination 3 was selected. Very
similar overall accuracy values were achieved by both the images of WV2 and Combinations 2 and 4,
respectively. As can be seen, despite the increase in the number of iterations, there was no improvement
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in the results and, thus, no higher accuracy. Conversely, in Combination 5, WV2 has the overall lowest
accuracy.

It is clear from the results of the classification that categories Alt 4 are the worst separable classes
(see Appendixes 2 and 3). The A2 class of forest was, in many cases, confused with the category of dead
forest A4. This fact is, of course, associated \vith a very wide (fuzzy) boundary between the two classes,
mainly in terms of class definition (spectral characteristics, see Appendix 9). The best user accuracy
results for the A3 category were achieved by the SVM method applied to the WV2 image. For the
category of regenerating forest A3, classes Al, A4 and C1 or C2 were most commonly confused. SVM
and NN classifications based on WV2 distinguished class B with nearly 100% accuracy. On the other
hand, a lower accuracy was achieved using the L8 image.

4.2.Comparison of the Area and Spatial Distribution of the Classification Classes

The relative representation of classes is given by the ratio of the class area to the total area of the
classified area. The percentages of the representation of the individual land cover classes of the resulting
WV2 image classifications are shown in Figure 2. As we can see in this figure, the biggest differences
between the classification results can be found in categories A2, A3, A4 and C1. Both the A1 and A2
categories are sinilar in both classifications SVM and NN. Class A3 is about 6% lower in the SVM than
the NN. However, at the expense of this category, the area of forestry clearings and openings C1 is
increased. For the SVM and NN algorithms, we see that category E is highy overestimated. This fact
can be explained by the numerous shadows in the image that were included in the water surface.

40

35

30

25 |

I | | | I | s -
Al A2 A3 A4 B C1 Cc2

F

SVM Landsat 8

m NN Landsat 8
SVM WorldView-2
NN WolrdView-2

20 +

15

Figure 2. Relative representations of classes in SVM and NN classifications.

When comparing the resulting areas for L8 and WV2 data (see Figure 2 and Appendixes 4 8), it is
evident that the largest area on the classified data is occupied by the category A3, and the smallest area
by C2 and F. There is a high variation in the size of class B. The area of category B is almost doubled on
the classified L8 images compared to the WV2 ones. This phenomenon is probably due to the specificity
of this category, which does not reach large areas, and could be defined by the data with a high spatial
resolution. The Landsat data with a lower spatial resolution could not accurately detect this category.
As a result, the relative area of category Al, A2, or A4, which is mostly in the vicinity of class B, is
dropped and part of its area is assigned to this class. The strong drought phenomenon also played a
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role, with category B (normally occurring soil moisture) in the images having almost identical spectral
characteristics to category Al and A3.

5. Discussion

The main aim of the study was to evaluate the possibilities for the classification of forest stands
affected by disturbances in the Sumava National Park. For this purpose, WV2 and L8 satellite images
taken at a very similar time in 2015 were selected and compared. The next goal was to evaluate and
compare the results of SVM and NN classifications based on the input satellite data.

The resulting classification is based on a definition of categories that was primarily designed to
distinguish between the observed stages of decay and forest regeneration after the spruce bark beetle
attack. The classifiation classes, thus, reflect the state of vegetation in the Sumava National Park in
2015, and their definition is based on findings from a field survey, results of similar studies and experts
from the Sumava National Park. The forest stands were divided in to the following categories: A healthy
forest, an affected forest, a dead forest, a regenerating forest and a cleacut forest. This distinction is
important from an environmental point of view, from the perspective of decision -making processes in
forestry, and in nature and landscape protection. The most important aspect in determining the classes
was the purpose of using the classification outputs. In the case of this study, the requirements of
foresters and conservationists for forest stand monitoring an d the requirements of physical geographers
and hydrologists were accepted.

This study proved a high potential of the multispectral satellite data for research on forest vegetation
affected by bark beetle outbreaks. Near infrared (NIR) and short-wave infrar ed (SWIR) bands are crucial for
distinguishing the individual forest categories and for the evaluation of the health of forest vegetation [1,17].
From the point of view of evaluating the accuracy of the classification of individual classes, a problematic
classification was assumed for the classes of the affected (A2), dead (A4) and regenerating forest (A3). In
these classes, the spectral characteristics may be similar, making it more likely to be confused among
themselves or, for example, with the category of clear-cut forest (C1). This assumption was confirmed,;
however, the classification of WV2, which has a higher spatial resolution, brought better results than L8.
Most precisely, these categories were distinguished by the SMV classification based on WV2,see the error
matrix tables in Appendix 2. Besides, due to the small area/size of local water bodies, it was not possible to
classify these areas with respect to the Landsat 30 x 30 m spatial resolution. When classifying a Landsat image
with a lower spatia | resolution, the water bodies class could not be classified. From the point of view of the
classification, negatives of higher resolution data are shadows, which are more visible in the WV2 image.

For the classification methods, the SVM and NN methods wer e selected for classification based on
previous studies that dealt with forest classification, e.g., [9,15,37]. These methods were applied to the
WV2 and L8 satellite imageries (commercially x freely downloaded date). After evaluating all the
available results, the SVM can be considered a better method than NN. This classifier achieved the
highest overall accuracy and Kappa index for both classified images. In the case of WV2 and L8, total
overall accuracies of 86% and 71% and Kappa indices of 0.84 and 0.6@vere achieved with SVM,
respectively. The NN algorithm using WV2 also produced very promising results, with over 80% overall
accuracy and a Kappa index of 0.79. Due to the very heterogenic character of the forest in the case study,
the achieved accuracy ould be considered as acceptable, although some previousstudies e.g., [24]
achieved a higher accuracy. However, these studies did not focus on such damaged and heterogenic
forests.

The testing of the appropriate parameters for the classification of both algorithms became an
important step. The choice of the parameters for the SVM and NN classifiers was based primarily on
our own testing and the studies already carried out to address a similar topic in the given area. Some of
the results reported [37] were confirmed in this study based on different data, especially, the fact that
accelerating the process of training the NN network does not lead to better results. The highest accuracy
of NN brought the adjustment of the Training Threshold Contribution to 0.1 and 1000 Iterations. In the
SVM algorithm, the choice of values for the parameters offered was mainly influenced by the selected
Kernel function. RBF and polynomial functions were selected for testing. The polynomial function
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provided a better accuracy than RBF. After evaluating all the available results, SVM can be considered
as a better method than NN. This classifier achieved the highest overall accuracy and Kappa index for
both classified images. Similarly, in the case of the most important classes fromthe perspective of forest
growth (forest management) Al1t4, using SVM, the best results were achieved for both the user and the
processing accuracy. The NN algorithm of WV2 also produced very good results, with over 80% overall
accuracy. In the L8 image, he effect of the lower spatial resolution in class B and F classifications is
evident.

An important part of the classification is certainly the creation of a training set and control points.

It is essential that the training points for each class are eveny spatially distributed. At the same time, it
is also necessary that the control points of the classification are measured at the similar time as the
acquisition [32]. In the case of this work, the control points of the forest categories were collected se\eral
days after the acquisition of the WV2 data. The calculation of the accuracy of the classifications was
based on the control points that were measured using a GPS device (80 points were measured in the
forest vegetation). These points were supplemented by the points derived from the orthophoto and
WV2 multispectral data, e.g., water bodies, artificial areas. The final number of checkpoints was 109
points for WV2 and 102 for Landsat 8. In order to verify the results of this study, it would be useful to
consider collecting more control points in the future, especially for forest stands.

The disadvantage of pixel classification is the so-called salt and pepper effect. For some
suppression of this effect, a median filter with a 5 x 5 grid was used. However, this method did not
remove all the small areas (single pixels), and its implications could influence the resulting scores in the
accuracy assessment and the comparison of L8 and WV2 images. This is one of the great advantages of
the OBIA object classification, where it is not necessary to solve the problem of single pixels thanks to
the initial segmentation.

Comparing the results of the classification and accuracy assessment of the WW2 and L8 images,
the effect of the better spatial resolution is evident for the WV2 image. The SVM classification of this
image achieved better accuracy for the forest classes (Al4) as well as the other classes than the
classification based on L8. In particular, the forest categories (healthy, affected, regenerating and dead
forests) are very relevant from the ecological and forest management point of view, so the ability of
WV2 to separate these categories is very significant. A combination of the very high spatial resolution
and the suitable spectral resolution, with 8 visible and near infrared bands in the WV2 image, seems to
be crucial for the classification of the forest categories affected by disturbances. On the other hand, the
archive of Landsat data is free and provides a long-time series of data (since the 1970s). Sot is possible
to analyze L8 data using time series methods and to investigate changes in forests based on the
multitemporal data of L8.

Based on the results of our case study, it was confirmed that WV2 data had better abilities in the
classification of disturbed forest than L8 data. WV2 is useful in small-scale case studies due to the better
spatial resolution with a suitable spectral resolution (visible, red edge and NIR bands) see [12,13].
According to the results of many studies [9,11,17], Landsat data are suitable for large-scale case
studies/regions. Landsat data also enable the evaluation of changes in the forest vegetation over a long
term period. In general, the most important factors for an evaluation of the data used in a classification
are the purposes and objectives of the study (classification system, scale, requirements of the enelsers
etc.). Obviously, WV2 data were more significant and useful than L8 for the purposes of this study.

With regard to the application of the classification methods to the Sumava National Park, it is not
possible to say with certainty whether similar results would be achieved in other territories. In order to
generalize the presented conclusions, it would be necessary to test the whole procedure on more than
one areaof interest. The best transferable method could be the SVM algorithm, which requires an
appropriate training set, and within which it is relatively easy to define input parameters. NN methods,
meanwhile, require more experience of the processor especiallyin terms of detailed knowledge of data
and territory. Anyway, it would be useful to test other combinations of parameters with the
classification methods in different case studies. An evaluation of vegetation indices as input data in
classification could be another way of investigating this thematic in depth.
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As for testing other types of data, it would undoubtedly be useful to include Sentinel -2 or
Planet.com data (PlanetScope, SkySat) in the testing. The availability of new types of data since 2015,
when the data used for this study were collected, has increased dramatically. So, this study can be taken
as an inspiration for future studies that will use more modern data types or different classification
algorithms such as the Random Forest Classifier.

6. Conclusions

The objective of this paper was to assess the WorldView2 and Landsat 8 images along with the
Support Vector Machine and a Neural Network classifier in the detection of bark beetle outbreaks in
the Sumava National Park. Based on the accuracy asessment and achieved results, the Support Vector
Machine can be considered as a more suitable method than the Neural Network. The most relevant
parameter leading to the highest accuracyis the Kernel function in the SVM algorithm. The polynomial
of the Kernel function provided a better accuracy than RBF. The classification system used was
primarily designed to distinguish between the observed stages of decay and forest regeneration after a
spruce bark beetle attack. This distinction is important from an e nvironmental point of view, from the
perspective of decision-making processes in forestry and nature and landscape protection. The methods
used in this study may be inspirational for testing other types of satellite data (e.g., Sentinel-2) or other
classification algorithms in different case studies.
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Appendix 1

Healthy forest (Class Al)

This class is a healthy, undamaged forest, where no signs of damage or attack by the bark beetle are
evident. The forest vegetation in this category includes trees with a higher representation density | crowns
form a continuous canopy. As a result, trees from approximately 5 m in height are included in the category.
Not only a coniferous but also a deciduous forest was found in the studied area.

Figure Al. Aerial photo and photo of class Al.

Affected forest (Class A2)

The categay of affected forest vegetation includes mature spruce trees that already show
significant signs of bark beetle damage. Trees in this category have a higher representation density
(about 50t 70%), but a large proportion of branches/needles are already infected. The class includes the
red-attack and gray-attack phases. In most cases, the redhttack stage is at the time of its transition to
the gray-attack phase. The dying trees (rusty and brownish) are surrounded by mostly dead, gray trees.
The bedrock of the attacked forest is formed by grasses, fallen branches or trunks, moss growths and
blueberries.

Figure A2. Aerial photo and photo of class A2.

Regenerating forest (Class A3)

The regenerating forest class is very heterogeneous in terms of thewhole territory. It is generally
characterized by small spruce trees at a density of about 10 trees per 0.25 ha. These young trees, up to
about 5 m tall, are unevenly spread between the isolated stumps of dead trees, and the canopy of crowns
is not yet visible. The underlying ground is mostly composed of tall grasses, mosses, and fallen logs.
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Figure A3. Aerial photo and photo of class A3.

Dead forest (Class A4)

The forest stands in the dead forest are characterized by stumps of dead mature treeghat no longer
have any living branches and are very sporadically distributed over a given area. There are a large
number of dead trunks, branches, and windblown material on the ground. Dry trees are largely due to
the strong winds. The underlying ground i s made up of high grasses.

Figure A4. Aerial photo and photo of class A4.

Wetlands (Class B)

Mountain peat bogs or moors (wetlands) are a specific class for the Sumava National Park. The
dominating vegetation in the meadows is dwarf mountain pines and water-loving plants. The area of
the wetlands is waterlogged and typically has a specific oval or round shape since the vegetation lines
the sprawling water surface.
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Figure A5. Aerial photo and photo of class B.

Clearcut forest(Class C1)

Forest clearings and meadows characterize wild grasses on areas without any living trees. Stumps
or dry branches can be found in the areas. The areas of the forest clear cut by foresters are also included
in the class.

Figure A6. Aerial photo and photo of class C1.

Permanent grasslands (Class C2)

In the category of meadows, we use agriculturally used areas of mowed grasslands mostly in the
vicinity of the development.

Figure A7. Aerial photo and photo of class C2.
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Water bodies (Class E)

This category includes larger streams and watercourses in the image areas. Above all, it is the
Roklansky stream or the Vydra and the small lakes. The category also includes shadows appearing on
the image, due to similar spectral characteristics.

Figure A8. Aerial photo and photo of class E.

Artificial surfaces (Class F)

The area is located in a relatively small area, mostly in a scattered form. The category also includes
paved areas, e.g., parking or communication areas.

Figure A9. Aerial photo and photo of class F.
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Appendix 2
Table Al. Accuracy Assessment Matrix SVM| Combination 5.
WorldView -2
Reference/ a2 A3 A4 B CL C2 E F Toal Percent
Classified Data
Al 18 0 1 0 0 0 0o 0 o0 19 17.43
A2 0 11 0 1 0 0 0o 0 o0 12 11.01
A3 2 0 9 0 0 1 0o 0 o0 12 11.01
Ad 0 5 1 15 0 1 0o 0 o0 22 20.18
B 0 0 1 0 10 0 0o 0 o0 11 10.09
c1 0 0 0 1 0 13 1 0 0 15 13.76
c2 0 0 0 0 0 0 5 0 0 5 459
E 0 0 0 0 0 0 o 7 0 7 6.42
F 0 0 0 0 0 0 0 0 6 6 5.50
Total 20 16 12 17 10 15 6 7 6 109  100.00
Percent 18.35 14.68 11.01 15.60 9.17 13.76 550 6.42 550 100.00
Landsat 8
Reference/ AL A2 A3 A4 B Cl C2 F Total Percent
Classified Data
Al 13 0 0 0 0 0 0 o0 13 12.75
A2 0 14 0 3 0 0 0o 1 18 17.65
A3 4 0 11 4 1 1 0 0 21 20.59
Ad 0 2 0 8 0 3 0 0 13 12.75
B 3 0 1 0 9 0 0 0 13 12.75
c1 0 0 0 2 0 10 3 1 16 15.69
c2 0 0 0 0 0 1 3 0 4 3.92
F 0 0 0 0 0 0 0 4 4 3.92
Total 20 16 12 17 10 15 6 6 102 100.00
Percent 19.61 15.69 11.76 16.67 9.80 14.71 5.88 5.88 100.00
Appendix 3

Table A2. Accuracy Assessment Matrix NN | Combination 3.

WorldView -2
Reference/
N Al A2 A3 A4 B Cl Cc2 E F Total Percent
Classified Data
Al 18 0 0 0 0 0 0 0 0 18 16.51
A2 0 11 0 2 0 0 0 0 0 13 11.93
A3 2 3 10 2 1 1 0 0 0 19 17.43
A4 0 2 2 10 0 1 0 0 0 15 13.76
B 0 0 0 0 9 0 0 0 0 9 8.26
C1 0 0 0 2 0 13 1 0 0 16 14.68
Cc2 0 0 0 0 0 0 5 0 0 5 4.59
E 0 0 0 0 0 0 0 7 0 7 6.42
F 0 0 0 1 0 0 0 0 6 7 6.42
Total 20 16 12 17 10 15 6 7 6 109 100.00
Percent 18.35 14.68 11.01 15.60 9.17 13.76 550 6.42 5.50 100.00
Landsat 8
Reference/ AL A2 A3 A4 B Cl C2 F Total Percent
Classified Data
Al 11 0 0 0 0 0 0 0 11 10.78
A2 0 14 0 3 0 0 0 1 18 17.65
A3 4 0 10 4 1 1 0 0 20 19.61
A4 0 2 2 7 0 1 0 0 12 11.76
B 5 0 0 0 9 0 0 0 14 13.73
C1 0 0 0 1 0 11 2 0 14 13.73
Cc2 0 0 0 0 0 2 4 0 6 5.88
F 0 0 0 2 0 0 0 5 7 6.86
Total 20 16 12 17 10 15 6 6 102 100.00
Percent 19.61 15.69 11.76 16.67 9.80 14.71 5.88 5.88 100.00
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Appendix 4

- Healthy forest
I Affected forest

Regenerating forest

Dead forest

- Wetlands
- Clear-cut forest

Permanent grasslands

I water bodies
- Artificial surfaces

Figure A10. Classification SVM, WorldView -2, 2016, NP Sumava.
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Appendix 5

Figure A11l. Classification NN, WorldView -2, 2016, NP Sumava.
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