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1 Uvod

Pokles organického uhliku v padeé (SOC — soil organic carbon), respektive organické
hmoty (SOM — soil organic matter), kde uhlik je nejzastoupenéjSim prvkem, je obecné
chapan jako hlavni ohrozeni pro trvalou udrzitelnost obdélavani ptidy. Jeho role je klicova
v mnoha produkénich i mimoprodukénich funkcich pidy. Pidni systém je v ptirodnich
stabilnich podminkach povazovan za dlouhodobé udrzitelny. Ubytek uréitych ptidnich
komponent je dynamicky nahrazovan. V ptipad¢€ piirozené ptidni eroze piidy je naptiklad
odnos pudy pfiblizn€ bilancné nahrazovan tvorbou pudy zvétravanim a dalSimi procesy.
Tato rovnovdha je vSak vdisledku wvnéjSich, zejména antropogennich,
zé4sahl ohrozovana a dochéazi k rozvoji fady degradacnich procesii. Témi muze byt
ohroZena 1 zasoba pudniho uhliku v ptid€. Pida ptredstavuje zna¢nou zasobarnu uhliku,
po oceanech druhou nejvetsi, a je tak dilezitym komponentem celého uhlikového cyklu
na Zemi, obzvlasté¢ v kontextu ocekavanych zmén klimatu a vyuziti izemi. Proto je

vyzkumu ptdniho organického uhliku vénovana v posledni dobé& zna¢na pozornost.

Tak tomu je i v pfipad€ redistribuce organického uhliku laterdlnimi pohyby vlivem eroze
pudy. V tomto ohledu pfetrvava v poznani zatim mnoho nejasnosti a mezi védeckou
komunitou panuji rozpory v popisu dynamiky uhliku v riznych fazich erozné-
akumula¢niho procesu. Nékteti autofi zminuji, Ze nedostate¢né poznatky o dynamice
uhliku v pid¢ a procesech spojenych s erozi ptidy predstavuji nejslabsi clanek v obecném
poznani celého uhlikového cyklu. Védeckymi kruhy je tak kladen zvySeny dliraz na dalsi
vyzkum v této oblasti a mimo jiné 1 na vyvoj efektivnich metod mapovani variability
koncentrace a zasob organického uhliku v ptadach. K poznéni téchto nedostatka
v dosavadnich védomostech a posunu poznani piispivaji i nové technologie a postupy. Ty
ovsem s sebou piinaseji nové specifické okruhy problémtl. Mezi hojné rozsitfené zptisoby
vyzkumu pudniho organického uhliku patii napiiklad laboratorni metody spektralni
analyzy. Tyto metody vSak pracuji v prostorové doméné pouze zprosttedkované pies
vyhodnoceni vysledkli v rdmci vzorkovaci sité. Variabilita obsahu organického uhliku,
obzvlasté v komplexnim reli¢fu, mize byt znacna, a to i na malé vzdalenosti. Na lokalni
urovni (jednotlivého pozemku) muze variabilita vlivem laterdlnich pohybii pldy

dosahovat miry variability na Grovni krajiny ¢i regionu. V tomto kontextu je zapotiebi
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etablovat metody, které umozni prostorové mapovani organického uhliku v dostatecném
rozliSeni. To mohou umoznit metody obrazové spektroskopie spadajici do oboru
dalkového prizkumu Zemé v kombinaci s metodami digitdlntho mapovani puid.
Z dosavadnich vyzkumu vyplyva, ze vyuziti téchto technologii, obzvlasté v ramci studia
siln¢ heterogenniho pidniho prostiedi, ma sva specifika. Postupy zpracovani a
vyhodnoceni pomoci téchto metod nejsou v soucasnosti jesté plné vyvinuty, ovéfeny a
etablovany a existuje fada problém, které nebyly dosud pln¢ vyfeSeny. Zamérem této
disertacni prace je tedy zodpovézeni otazky, jak je mozné a s jakou piesnosti vyuzit tyto
metody pro ucely mapovani redistribuce organického uhliku v erozné ovlivnénych
pidach v podminkach Ceské republiky a obecné v podminkach zemédélské krajiny

mirného klimatu



2 Literarni prehled

2.1 Organicky uhlik v pudé a jeho zasoby

Pidni organicka hmota je zastoupena ve vétSin¢ pid pouze v malém mnoZzstvi, v
porovnani s mineralni slozkou piidy (od minimalniho zastoupeni az do cca 30 %). Jeji
pritomnost je vSak velice dilezita pro fyzikalné-chemické vlastnosti ptid a zasadni pro
udrZeni ptdni produktivity a dalSich funkci pidy. Je obecné znamo, ze obsah organického
uhliku v ptdé (tvofi cca 58 % pldni organické hmoty; DlugoB, 2011) méa vliv na
formovani a stabilitu ptidnich agregath a tedy 1 pidni strukturu jako takovou, porovitost,
vodni rezim pid, kationtovou vyménnou kapacitu, pufraéni schopnost pud, aktivitu
pudnich organismu apod. (Banwart et al., 2015; Milne et al., 2015); ve vysledku ma tedy
1 zésadni vliv na urodnost pidy. Snizovani obsahu pidniho organického uhliku vede
k degradaci pidy, zhorSeni jejich funkci a zvySeni emisi CO2 do atmosféry. Obnova,
navyseni a ochrana pidniho organického uhliku se tak z tohoto hlediska stava globalni
prioritou (Banwart et al., 2015; Milne et al., 2015). Na lokalni trovni se obsah a kvalita
pudni organické hmoty stdva vaznym problémem soucasného stavu pud a celkovych
podminek pro zemédélstvi a kvalitu Zivotniho prostiedi, zejména vzhledem k negativni

bilanci vstupii a vystupt organickych latek v ptidé (Bielek a JurCova, 2010).

V soucasné dobé¢ je pudni organicky uhlik studovan hlavné v souvislosti s roli, kterou
muze hrat pii snizovani efektu klimatické zmény v souvislosti se zvySenou hladinou CO»
v atmosféte. S vyjimkou karbondtovych hornin a fosilnich zdroji pfedstavuje ptda
nejvetsi pozemni zasobarnu uhliku — uvadi se mnozstvi piiblizné 2200 Pg C ve svrchnim
metru pudniho pokryvu, z ¢ehoz ptiblizné 1500 Pg piipada na organicky C, coz je zhruba
dvojnasobné mnozstvi, nez je alokovano v atmosféfe a trojnasobné nez ve vegetaci
(Batjes, 1995; Houghton, 1995; Batjes, 1996; Smith et al., 2015). Odhady celkovych
zasob organického uhliku jsou nicméné nejisté (Minasny et al., 2013; Bayer et al., 2015).
Todd-Brown et al. (2013) napiiklad ukazuji rozpéti v zdsobach organického pudniho
uhliku mezi 510 — 2040 Pg C v zavislosti na pouziti typu modelu systému Zemé (Earth

system model). Stejné tak Hiederer a Kochy (2011) uvadéji rozpéti odhada zasob SOC ve
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svrchnim metru pidy mezi 991 — 2469 Pg C (504 — 967 Pg C ve svrchni vrstvé pudy a
487 — 1502 Pg C v podornici). Pida tedy mize ptedstavovat znacny potencial pro
dlouhodobé¢ ulozeni uhliku (tzv. sekvestraci uhliku), nicméné také pro uvoliovani uhliku
do atmosféry v zavislosti na zplisobu vyuziti piidy a zptasobu hospodaieni (Jastrow et al.,
2007; Powlson et al., 2011; Kadlec et al., 2012; Doetterl et al., 2015a). Vlivem riznych
procesti v ptidé dochazi ke ztratdm organického uhliku. Pidy jsou obecné k témto ztratam
nachylné vlivem degradacnich procest ¢i ekosystémovych disturbanci (Frank et al.,

2015).

Houghton (2012) uvadi, Ze mezi roky 1850 — 2005 doslo vlivem kultivace piid k 25-30%
ubytku ptidniho organického uhliku. Smith et al. (2005a) v jejich vyhledu zmény zasob
SOC v evropskych ptdach uvadéji, ze mezi roky 1990 — 2080 mtze vlivem klimatické
zmény sice dojit k zvyseni zasob SOC o 1-7 t.ha!, nicméné v piipadé zapo¢itani zmén
vyuziti pudy spise k celkovému ubytku. V téchto modelovych odhadech jsou vSak znacné
nejistoty (Todd-Brown et al., 2013), zejména vlivem nejasnosti tykajicich se osudu
redistribuovaného  organického uhliku a nedostatecného poznani nékterych
biochemickych procesit v ramci rozkladu a stabilizace organické hmoty v rtiznych
podminkach (sekvestrace v anoxickych podminkach, akumulace ve vodnich
ekosystémech, nahrazeni na erodovanych plochach, apod.) ¢i vlivu zemédélskych
¢innosti na stabilizaci organické hmoty. Vliv klimatické zmény je také zatim zatizen
velkou nejistotou (Schils et al., 2008; Eglin et al., 2010; Falloon et al., 2011; Doetterl et
al., 2015b; Smith et al., 2015) — zvysSeni CO, mlZe vést k vétSimu rstu biomasy a tedy
nahrazeni organického uhliku, ale zvySena teplota miize naopak zvysit rozklad a oxidaci,
zejména v podminkach dne$niho permafrostu (Victoria et al., 2012). Dle Goidts et al.
(2009) je stejné tak samotné hodnoceni zdsob SOC spojeno s velkymi nejistotami, které
mohou ovlivnit detekci Casovych zmén v zasobé SOC, stejné tak identifikaci hlavnich
fidicich sil, které je ovliviiuji. Jednim zdrojem téchto nejistot mohou byt i1 rozdily
v pouzitych analytickych metodach stanoveni koncentrace SOC, vyuzivani
pedotransferovych funkci k odvozeni objemové hmotnosti ¢i nejistoty spojené s pouzitim

geostatistickych modelt (Goidts et al., 2009).

Dle Milne et al. (2015) je odhadovéno, ze v poslednich 25 letech Ctvrtina pidy na svété
trpi degradaci v souvislosti se ztratou organického uhliku. PfestoZze mezi globalné

nejvyznamnéj$imi ekosystémy, které nejvice trpi ztratou organického uhliku, jsou fazeny



raSeliniSté, aridni a semi-aridni oblasti a tropické lesy (Joosten, 2015), pfipadné oblast
permafrostu (Victoria et al., 2012), ibytky SOC v zemédé€lskych ptidach jsou znaénym
problémem i1 v mirném pasmu, byt zde spiSe ve vztahu k padni tUrodnosti a
mimoprodukénim funkcim zeméd¢€lstvi nez ve vztahu k pfispévku ke globalni zméné

klimatu.

Jak uvadégji napt. Victoria et al. (2012), Eglin et al. (2010) ¢i Feller a Bernoux (2008),
soucasné védecké poznani o tom, jak lokdlni plidni vlastnosti a klimatické podminky
ovlivituji zmény v obsahu organického uhliku a jak funguji vSechny toky uhliku v pid¢ a

mezi vnéjSim prostfedim, jsou zatim nedostatecné a Casto se rozchazeji.

2.2 Dynamika a redistribuce organického uhliku v pudé

Distribuce SOC je obecné ovliviiovana variabilitou klimatu (distribuce srazek, teplota)
(Conant et al., 2011), variabilitou pidnich vlastnosti (mate¢ni substrat, textura, obsah a
typ jilovych minerald, vlhkost, teplota) (Doetterl et al., 2015b), topografickou polohou,
typem vegetace a vyuziti pudy (management obhospodafovani) (Joosten, 2015; Stevens
et al., 2015). Zasoby SOC jsou také, zejména v souCasné dob¢, ovliviiovany lidskou
aktivitou — zmény v krajinném pokryvu a vyuziti piidy (napt. odlesnéni), odvodnéni, orba,
management rostlinnych zbytkl, zhutnéni piady, zvysené vyuzivani hnojiv, pesticidl a

dalsich chemikalii apod. (Banwart et al., 2015; Joosten, 2015).

Dynamika organického uhliku v pid¢ je obecné ovliviiovana dvéma protichidnymi
pochody: vytvarenim organického uhliku zejména prostfednictvim vstupl rostlinnych
zbytkli a odumfelych kofenl (nadzemni a podzemni biomasou) a rozkladem organické
hmoty mikrobidlni biomasou vrcholici mineralizaci organického uhliku (heteretrofni
pudni respiraci) (Lal, 2010; DlugoB, 2011; Doetterl et al., 2012). Tyto procesy jsou ve
stabilnim prostfedi vyrovnané. Vlivem piisobeni pfirodnich a zejména antropogennich
faktorti vSak dochazi ke zméné€ rovnovahy, k zvySené mineralizaci organické hmoty, ¢i k
redistribuci organického uhliku laterdlnim transportem (Dlugof3, 2011). Piirozena
vertikalni dynamika organického uhliku je spojena zejména s distribuci ptidni biomasy,
pohybem rozpusténé organické hmoty zejména podél preferencnich cest a bioturbaci
(VandenBygaart et al., 2015). Dynamika ptadniho organického uhliku je nicméné znacné
komplexni zélezitosti 1 v zavislosti na rtznych vlastnostech organické hmoty a pidy,

které ovlivituji miru a podobu procesi mineralizace a chemicko-fyzikalni ochrany
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organické hmoty v ptidé. Organicky uhlik se v pidé nachdzi v riznych forméch
stabilizace — ve volné labilni formé& v ramci nevazané relativné nerozlozené organické
hmoty, ve vazané form¢ v radmci pidnich agregatti a v komplexni formé&, kdy je chranén
silnymi vazbami na mineralni Castice. Pfedmétem redistribuce a mineralizace je pak
hlavn¢ labilni forma, nicméné vlivem eroznich a sedimenta¢nich procesti miize dochazet
k pfechodu mezi jednotlivymi formami (rozruSovanim agregatt ¢i pohibenim a fyzikalni

stabilizaci) (Kirkels et al., 2014).

Zasoby SOC jsou labilni a zranitelné zejména tim, Ze se nachazeji v blizkosti povrchu a
jsou tak predmétem transportu a transformace na rozdil od fyzicky vazanych zasob uhliku
v oceanech a horninach. Pidni organickd hmota je lehkd a ma nizkou objemovou
hmotnost, takze je jednoduse transportovatelnd a diky svému chemickému slozeni
(organické slouceniny) je za piitomnosti kysliku pfedmétem oxidace (Lal, 2003).
Vzhledem k témto vlastnostem dochazi k degradaci SOC zejména plisobenim eroze pidy,
chemické degradace vlivem oxidace a mineralizace spojené napiiklad s orbou ci

odvodnénim a fyzikalni degradaci spojenou s degradaci organickych pad (Joosten, 2015).

Obsah pidniho uhliku ma vysokou prostorovou variabilitu (Minasny et al., 2013). Dle
Goidts et al. (2009) variabilita koncentraci SOC na malém uzemi (v fadu nékolik stovek
metrl) mtize obecné dosahovat stejného rozpéti jako variabilita v regiondlnim métitku a
to 1 vpfipadé orné plidy s relativné homogennim plidnim pokryvem. Dle reSerSe
McBratney a Pringle (1999) se prostorova zavislost pidniho uhliku v ramci pozemku
vyskytuje vrozsahu 20 — 300 m. Variabilita na kratkou vzdalenost je vysledkem
komplexniho plisobeni fady procest. Stevens et al. (2015) tyto procesy rozd¢€luji na ty,
které¢ pisobi téméi spojit€ v prostoru a ovlivitujici rovnovdhu SOC v zavislosti na
topografickych vlastnostech (vodni eroze a eroze zpracovanim pudy, rozdily v teploté a
vlhkosti), a procesy, které pisobi na bazi jednotlivych ptidnich blokt (zptisob obdélavani,
aplikace organickych a dalSich hnojiv, osevni postup, management poskliziovych
zbytkli, zména vyuziti pudy apod.). Stevens et al. (2015) také zdlraziuji nedostatek
vyzkumt prostorové uréenych a systematickych rozdili obsahu SOC mezi jednotlivymi
pudnimi bloky. Zatimco nékteré studie jsou zaméfeny na konkrétni pidni bloky,
vyzkumy na urovni krajiny nejsou dostatecné piesné pro hodnoceni variability mezi
jednotlivymi bloky a jsou ¢asto spojeny s vyuzitim statistickych metod s riznou mirou

nejistoty (Goidts et al., 2009).



K redistribuci pidniho materidlu svazané s redistribuci organického uhliku dochazi
pfedevsim vlivem svahovych pohybt, vodni a vétrnou erozi a erozi zpracovanim pudy
(Van Oost et al., 2003; Kuhn a Armstrong, 2012). Vzhledem k tomu, Ze tyto procesy jsou
vazany na topografické vlastnosti reliéfu, jejich rozlozeni a intenzita jsou zavislé na
pozici v prostoru (Zadorova, 2009; Schwanghart a Jarmer, 2011; Zadorova et al., 2015),
coz samoziejme ovliviiuje i prostorovou variabilitu obsahu organické hmoty. Pozice na
svahu ovliviiuje vSak také dalsi faktory, které maji na variabilitu organického uhliku vliv.
Jedna se napf. o vlhkost ¢i teplotu pady. Pozice také ovliviiuje mnozstvi biomasy vlivem
variability radia¢nich podminek dulezitych pro jeji rozvoj (Hancock et al., 2010).

Na urovni krajiny maji nejvétsi dopad na dynamiku SOC zmény vyuziti pudy a
obdélavani pady spojené se zménami vstupti organické hmoty, s ovlivnénim procesu
mineralizace a s lateralnimi pohyby pudy (Lal, 2004; Van Oost et al., 2007). V ramci
hospodateni na zeméd¢€lské pade jsou obvykle snizeny vstupy organické hmoty do ptdy
oproti piirozenému prostredi vlivem sklizn€ plodin a odvozu posklizinovych zbytki, které
Casto nejsou nahrazovany jinymi vstupy. Vlivem odstranéni pfirozeného ptidniho krytu
je také v nékterych fazich roku pida vystavena plisobeni vodni a vétrné eroze. Vlivem
zemedelské Cinnosti dochazi k ovlivnéni pidnich podminek (teplota, vlhkost) naptiklad
orbou ¢1 odvodnénim a jsou tak ovliviiovany podminky mineralizace organické hmoty.
Konvenéni zplisoby orby zapracovavaji rostlinné zbytky do ptdy, zvySuji kontakt
s minerdlni slozkou, coz vede krychlejSi mineralizaci organické hmoty oxidaci
(Campbell et al., 1996). Konvencni orba a Casté piejezdy po pozemcich kvili pfiprave
pro seti vedou k naruseni piidnich agregati a vystaveni chranéného organického uhliku
mikrobialni ¢innosti, pficemz naruSuji i ptidni biotu a tak ovliviiuji miru mineralizace
uhliku. Orba také ovliviiuje teplotni rezim, ¢imz miZe byt zvySena nachylnost
k fyzikdlnimu rozpadu agregati (Lee et al., 2009). Vlivem orby také dochézi
k redistribuci organického uhliku v rdmci piidniho profilu, naptiklad miSenim svrchnich
pudnich horizonttli s pfiordvanym podorni¢im. Pozitivni vliv minimaliza¢nich technologii
na zasoby SOC, ve smyslu jejich ochrany, nikoli zvySeni, byl prokézan fadou studii (napft.
VandenBygaart et al., 2003; Lee et al., 2009; Awale et al., 2013). Dale byl pozorovan 1
pozitivni vliv bezorebnych technologii na snizeni emisi CO> pii eroznich udalostech
(Chaplot et al., 2012). Nicméné jak uvadéji Kirkels et al. (2014), existuje stale dost
nejasnosti a dal§i vyzkum lateralnich a vertikdlnich toki SOC v ramci orebnich

technologii je zapottebi. Vyuziti primyslovych hnojiv miize mit pozitivni efekt na zasoby
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SOC v ptiidé vlivem zvySeni primarni produkce biomasy (Kirkels et al., 2014), nicméné

jen v ptipadé, pokud jsou zbytky plodin vraceny zpét do pidy (Alvarez, 2005).

2.3 Redistribuce pudniho organického uhliku vlivem erozné-

akumulacnich procesu

Pidni eroze jakozto nejCastéji zminovany faktor redistribuce SOC je intenzivné
studovana jiz zhruba od poloviny 20. stoleti a z geomorfologického pohledu je dobte
popsana. Pohyb SOC zemédé€lskou krajinou prostfednictvim eroze, jeho ovlivnéni
v riznych fazich erozniho procesu a sedimentace a zejména jeho osud nejsou vSak v
soucasnosti pln¢ prozkoumany (Kuhn et al., 2012; Kirkels et al., 2014; Doetterl et al.,
2015a). V poslednich letech je obsahu SOC a jeho dynamice vénovéana znacnd pozornost
vzhledem k faktu, Ze nedostatecné védomosti o transferu uhliku mezi ptidou a atmosférou
pfedstavuji v soucasnosti nejveétsi nedostatek v poznani celého globalniho cyklu uhliku
(Lal, 2003; Sanderman a Chappell, 2013; Kirkels et al., 2014). Jak uvadéji Polyakov a
Lal (2008) ¢i Kirkels et al. (2014), koncepcni vztahy popisujici dynamiku SOC jsou dnes
relativné dobfe popsany a chapany a mezi odborniky panuje shoda v ndzoru na dopad
eroze na obsah SOC. Osud erodovaného, pfemisténého a deponovaného SOC je vSak
v soucasnosti stale pfedmétem odbornych debat. Dle Kuhna et al. (2012) ¢i Doetterla et
al. (2015a) je pIné porozuméni zatim nemozné vzhledem k nedostatku dat, ktera jsou k
dispozici, obzvlasté co se tyce preferencniho plisobeni eroze a procest probihajicich pfi

transportu organické hmoty, jakoz i stability deponovaného materialu.

Dle Lala (2005) existuje rozpor v nazoru na bilanci organického uhliku zejména mezi
sedimentology a pedology (Obrazek 1). Tento rozpor neni v soucasnosti stale plné
dotesen, je znacné diskutovan a zatim mezi védci nedoslo ke konsenzu (Kirkels et al.,
2014; Doetterl et al., 2015a). Dle jedné teorie je SOC uloZeny se sedimenty fyzicky
chranén proti mineralizaci a ten redistribuovany z eroznich ploch je dynamicky
nahrazovany produkci biomasy. Tento proces dle nich vede k sekvestraci (ukladani)
uhliku (Smith et al., 2001; Renwick et al., 2004; Van Oost et al., 2004; Smith et al., 2005a;
Rosenbloom et al., 2006; Berhe et al., 2007; Quine a Van Oost, 2007; Ritchie et al., 2007;
Van Oost et al., 2007; Quinton et al., 2010; Doetterl et al., 2012). Naopak dle druhé teorie
velka ¢ast vodou transportovaného SOC zahrnuje labilni frakci, a tak vlivem eroze

dochazi k zvySené mineralizaci dfive stabilni organické hmoty. Tento proces pak miize
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byt zdrojem atmosférického CO> (Jacinthe et al., 2001; Lal, 2003; Lal et al., 2004a,
2004b).

Eroze v cyklu pudniho uhliku - sekvestrace nebo uvolnéni?

dodatecna sekvestrace C 0 dodatecné uvolnéni C

< : -1 Pg rok

éna C mezi atmosf
SEKVESTRACE{ ‘ pudou viivem

1
Stallard, 1998 NN
Smith, 2001 B

UVOLNENI

|
: Jacinthe, 2001
| D Lal, 2004, 2008
Berhe, 2007 M : M Ito, 2007
Van Oost, 2007 |

|

|

védni obor

- geomorfologie

Obrazek 1: Celkovy vliv redistribuce pidy na cyklus uhliku dle souc¢asnych studii — pfevzato z Doetterl et

al. (2015a).

Vzhledem k vySe zminénému se vyzkum v soucasné dob¢ ve vétsi mite obratil na vyzkum
fungovani procest plisobicich na organicky uhlik v priabehu eroze a po ni. Kuhn et al.
(2009) ¢i Kirkels et al. (2014) naptiklad uvadéji, ze perspektivou feSeni rozdilnych
konceptli je eko-geomorfologicky pfistup zahrnujici geomorfologicky, pedologicky a
biologicky vyzkum faktort spojenych s erozi, transportem a sedimentaci na $irsi Caso-
prostorové bazi. Rada studii se zabyva napf. ptidni respiraci respektive jeji variabilitou
(Bajracharya et al., 2000; Berhe et al., 2008; DlugoB3, 2011; Fiener et al., 2012) ¢i
stabilitou a osudem piidnich agregati v pribehu eroze (Ayoubi et al., 2012; Hu a Kuhn,
2014; Wang et al., 2014a; Chaplot a Cooper, 2015). Dosazené vysledky jsou vSak zatim

neprikazné a cCasto se vyrazné lisi v zavislosti na z4djmové lokalité. Navic jejich



prostorové a ¢asové omezeni komplikuje hodnoceni zasob SOC na irovni povodi, krajiny

1 na globalni urovni (Yadav a Malanson, 2009; Kirkels et al., 2014).

Erozné-akumulac¢ni procesy postihuji organicky uhlik zejména redistribuci po plose
(lateralni tok), sedimentaci v depresnich mistech a na plochach, kde klesa sklon, nebo
transportem do jinych (napf. vodnich) ekosystému a ovlivnénim procesu mineralizace a
vertikalnich tokl v riznych fazich erozniho a sedimenta¢niho procesu (Chaopricha a
Marin-Spiotta, 2014). Mnozstvi a kvalita SOC je ovlivnéna transportnimi procesy
selektivni eroze (vodni, vétrnd) a neselektivni eroze (zpracovanim pudy) a jeho distribuce
je tak uzce svazana s odtokovymi podminkami a topografickou pozici (Kirkels et al.,

2014).

2.3.1 Vodni eroze

Piidni organicka hmota je lehka a ma nizkou objemovou hmotnost (Starr et al., 2000; Lal,
2003), coz pravdépodobné vede k preferenénimu odstranéni SOC béhem eroznich
procest. Nicmén¢ mira preferen¢niho odnosu a obohaceni sedimentti o SOC se vyrazné
1i$i v zé&vislosti na pidnich podminkdch (mensi u jilovitych pid) a charakteristikach
erozni udalosti (Hu et al., 2013; Miiller-Nedebock a Chaplot, 2015). Mira a zpusob
redistribuce SOC zavisi na nosné kapacité transportniho média (Morgan, 2005), v tomto
piipad¢ vody. VEtsi obohaceni sedimentl je tak vazané spiSe na mensi erozni udalosti
charakteru plos$né ¢i meziryhové eroze (Wang et al., 2014a; Fiener et al., 2015). Tento
typ eroze je vSak v redistribuci sedimenti objemové vyznamny spiSe lokaln€ nez v
globalnim a regionalnim méftitku (Kuhn, 2007; Kuhn et al., 2009; Wang et al., 2010a;
Kuhn et al., 2012; Fiener et al., 2015). Dle Kuhna et al. (2009) neni organicky uhlik
transportovany vlivem meziryhové eroze premistovan na velké vzdalenosti a je ukladan
na depozi¢nich plochach v povrchovych vrstvach a je tak vystaven atmosférickym
vliviim. Jak uvade¢ji Jacinthe et al. (2004), uhlik mobilizovany béhem mén¢ intenzivnich
eroznich udalosti maze byt az 2,5krat labiln€jsi oproti velkym udalostem. Pii vétSich
udalostech vSak dochazi k redistribuci podstatné vétsStho mmnozstvi SOC, byt je

v sedimentech v mensi koncentraci (Martinez-Mena et al., 2012).

Erozni procesy spojené s ryhovou a vymolovou erozi jsou svou povahou neselektivni vici
SOC (Van Oost et al., 2004). Vysledné sedimenty maji tedy obdobné charakteristiky jako
pudy na eroznich plochach (Kuhn et al., 2012). Je vSak potfeba brat v tivahu jistou
diferenciaci sedimentll v zavislosti na procesu sedimentace. Koncentrace SOC
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v sedimentech se v dusledku rychlejsi sedimentace t€zSich castic mize zvySovat
s rostouci vzdalenosti od zdrojovych ploch (Kuhn et al., 2009), coz vede k zvysenému
obsahu v rozpusténych sedimentech (Quine a Van Oost, 2007; Wang et al., 2010b). Dle
Lala (2003) je navic na vétsi vzdalenost transportovana leh¢i frakce zahrnujici labilni
slozku SOC. Podil organické hmoty exportované do vodnich ekosystémi a
sedimentované na plose je vSak pomérné nejasny a fada autorli upozoriiuje na vlivy, které
mohou podhodnotit nebo naopak ptecenit tento podil (Kuhn et al., 2009; Hu a Kuhn,
2014).

2.3.1.1 Erozni &asti svahu

Na eroznich Castech svahu jsou zdsoby SOC vodni erozi snizovany v zavislosti na
charakteru erozni udalosti, sklonitosti, délce svahu a konvexité¢ relié¢fu. Fyzické
odstranéni aktivni slozky SOC miize byt doprovazeno zvySenim Urovné mineralizace
vlivem zmén oxidacniho potencialu, zmén teplotnich a vlhkostnich podminek spojenych
s obnazenim hlubsich vrstev ptidy. Zarovent mize dochazet k snizeni produkce biomasy
a tedy k niz§im vstuptim organické hmoty do ptidy (Yadav a Malanson, 2009; Quinton et
al., 2010). Nicméné muze byt zvysSen i potencidl sekvestrace SOC vlivem obnazeni

vrstev, které maji mensi nasyceni SOC (Kirkels et al., 2014).

V ptipadé€, ze na eroznich plochach nedochdzi k dynamickému nahrazovani SOC ve
stejné trovni jako k jeho ubytku, mize ¢asem dochéazet ke zménam SOC v eroznich
sedimentech jak kvantitativnim (troven obsahu SOC v sedimentech), tak kvalitativnim
(pomér stabilni a labilni slozky). Tento proces je spojen s obnazenim spodnich vrstev
pudy na erodovanych plochach, které maji nizsi obsah SOC a obsahuji vice labilni slozky
SOC. Ubytek SOC na eroznich plochich a emise CO, mohou byt tedy v priibéhu ¢asu
niz§i (Liu et al., 2003; Van Oost et al., 2005). Urovei dynamického nahrazovani SOC na
erodovanych plochéch a jeho vliv na cyklus uhliku jsou vSak v sou€asnosti predmétem
diskuzi mezi dvéma vySe prezentovanymi skupinami, pficemz obecné zavéry ziejme
zatim neni mozné vyjadfit. Uroveii nahrazovani SOC je tak zfejmé specificka dle
lokalnich podminek v zavislosti na rovni eroznich procesit a podminek pro primarni

produkci organické hmoty (pfirodni podminky a lidska aktivita) (DlugoB et al., 2012).

Obdobn¢ dilema je prezentovano v souvislosti se zménami mineralizace SOC na eroznich
plochach. Mineralizace muze byt zvySena vlivem zmény podminek - vyssi teplota, mensi

vlhkost (Jacinthe et al., 2001; Lal, 2003; Lal et al., 2004b) nebo naopak snizena vlivem
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mensi dostupnosti SOC v souvislosti s jeho ubytkem (Liu et al., 2003; Quinton et al.,
2010). Mira mineralizace miize byt také ovlivnéna redistribuci ptidnich mikroorganismu

vlivem eroznich procest (Huang et al., 2013).
2.3.1.2 Transportni ¢asti svahu

SOC odstranény vlivem eroze je dale redistribuovan v krajiné prostfednictvim
transportnich procesti. Vlivem rozrusovani a transportu dochazi k rozpadu puadnich
agregatli, coz vede k obnazeni diive fyzicky chranéného SOC a vystaveni vliviim
mineralizace mikrobidlnimi procesy. Stupeii mineralizace b&hem transportu je
v soucasnosti opét predmétem védecké diskuze. Jak uvadi Kirkels et al. (2014), studii
zabyvajicich se mineralizaci SOC béhem transportu je zatim relativné malo. Lal (1995) a
dalsi navazujici prace (Jacinthe et al., 2001; Lal et al., 2004b) uvad¢ji, ze ztraty SOC
mineralizaci béhem transportu mohou dosahnout az 20 %. Prace Quinton et al. (2010);
Renwick et al. (2004); Van Oost et al. (2007) naopak uvadéji, ze podil mineralizovaného
SOC je minimalni. Dle Kirkelse et al. (2014) navic mineralizace béhem transportu zavisi
na typu a délce transportni drdhy a naslednych podminkach depozice (selektivni ¢i

neselektivni), tedy na faktorech, které jsou v soucasnosti stale nedostatecné zhodnocené.
2.3.1.3 Akumulacni ¢asti svahu

Redistribuce SOC vede k jeho koncentraci na depozi¢nich plochéch, pfi¢emz k depozici
muze dojit v prostiedi koluvii, aluvii, pfipadné¢ ve vodnim prostfedi a na zamokienych
plochach. SOC na depozi¢nich plochach je ovliviiovan fadou komplexnich procest
zahrnujicich zmény v mife mineralizace, produkce biomasy ¢i pohibeni SOC.
Mechanismus pohibeni SOC popisuje jeho piesun z aktivni zasoby SOC, kterd interaguje
s biosférou, do pasivni zasoby, kde je relativné dobie chranén proti mineralizaci
(McCarty a Ritchie, 2002; Van Oost et al., 2005; Berhe et al., 2007; Wang et al., 2014b;
VandenBygaart et al., 2015). Pohibeny SOC miize piedstavovat zna¢nou zasobu uhliku
(Van Oost et al., 2005; Zadorova et al., 2011, 2015).

Osud erodované¢ho SOC je zavisly na nékolika faktorech, zejména na podminkach
depozice (pohibeni, odhaleni SOC) ovliviiujicich potencial mineralizace a stabilit¢ SOC
a povaze stabilizacnich mechanismti (Nadeu et al., 2012). Podminky na depozi¢nich
plochach jsou také vyrazné ovliviiovany frekvenci a povahou (velikosti) eroznich a
sedimentacnich procest, které ovliviiuji dobu expozice ¢i pohibeni SOC (Kirkels et al.,
2014; Fiener et al., 2015).
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Zmény miry mineralizace vlivem depozi¢nich procest jsou opét predmétem odbornych
debat zejména mezi skupinami Lal a kolegové versus Van Oost a dalsi (viz vyse). Zatimco
Lal (2003) a Lal et al. (2004b) argumentuji vétSi pfitomnosti labilniho SOC
v sedimentech, kterd mize povzbudit mikrobialni a biologickou aktivitu a tedy zvySeni
mineralizace, druhd skupina (Van Oost et al., 2004, 2005; Berhe et al., 2007; Van
Hemelryck et al., 2010, 2011) argumentuje snizenim miry mineralizace vlivem zmény
podminek v pohibenych sedimentech (mensi teplota, aerace apod.). Navic na depozi¢nich
plochach mohou byt lepsi podminky pro tvorbu agregatii (vySsi koncentrace organické
hmoty a jilti) zvySujici fyzikélni a chemickou ochranu SOC. Jak uvadéji napt. Quinton et
al. (2010); Van Hemelryck et al. (2010) ¢i Van Hemelryck et al. (2011), SOC uloZeny
v blizkosti povrchu ukazuje vys$i miru mineralizace pouze kratkodob¢, coz dle autora

neptedstavuje podstatny objem toki uhliku na trovni krajiny.

Dle Kirkelse et al. (2014) jsou hlavnimi mezerami v povédomi o dynamice SOC na
depozi¢nich plochach zejména omezené vyzkumy hodnotici akumulaci sedimentd,
dlouhodobou stabilitu SOC na téchto plochach a miru mineralizace v zdvislosti na
velikosti a kvalit¢ SOC. Aldana-Jague et al. (2016) dale vidi mezeru v poznani v fidkém
a nespojitém mapovani vertikalni distribuce SOC (s malym rozliSenim, obvykle v jedné

¢1 malo vrstvach) oproti mapovani horizontalni variability s vysokym rozlisenim.
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Obrazek 2: Prehled cyklu uhliku v dynamické erozni krajiné a klicové mechanismy sekvestrace a
uvolnovani uhliku z ptidy — pfevzato z Doetterl et al. (2015a). NPP = ¢ista primarni produkce biosféry (net
primary production), DOC = rozpustény organicky uhlik (dissolved organic carbon), POC = nerozpustény

organicky uhlik (particulate organic carbon)

2.3.2 Eroze zpracovanim pudy

Eroze zpracovanim puady (tillage erosion) oznacuje pohyb plidnich ¢astic po svahu
vlivem pusobeni zeméde€lské mechanizace pii zpracovani pudy. Redistribuce pudy
vlivem tohoto procesu ma za nasledek tedy i redistribuci SOC. Mira redistribuce je zavisla
na pouzité technologii zpracovani ptidy (Morgan, 2005; Quinton et al., 2006), ptidnich
vlastnostech (Van Oost et al., 2009; Quinton et al., 2010) a vlastnostech terénu (Young et
al., 2014). Redistribuce ptidy a SOC erozi orbou obvykle piisobi ztraty na konvexnich
¢astech svahu a akumulaci v konkavnich ¢éastech (Reicosky et al., 2005; Van Oost et al.,
2009), pricemz nedochazi k pfimym ztratdm z pozemk. Dle van Oosta et al. (2005; 2009)

je vysledna redistribuce vlivem zpracovani ptudy tézko rozlisitelna od vlivu pfirozenych
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geomorfologickych procest, nicméné dobie odlisitelnd od vlivu vodni eroze (Doetterl et
al., 2012). Xiaojun et al. (2013) uvad¢ji, ze eroze zpracovanim pidy je v intenzivné
obhospodaiované krajiné¢ dominantni na ptikiejSich svazich, zatimco na mirnéjSich
svazich je dominantnim procesem redistribuce vodni eroze. Déle ve své studii ukazali, ze
eroze zpracovanim pudy nemd na rozdil od vodni eroze vliv na uhlik mikrobidlni
biomasy. Na rozdil od vodni eroze se totiz nejedna o selektivni proces pohybu, a

nedochazi pfi ném k mineralizaci SOC vyvolané timto pohybem (Van Oost et al., 2004).

2.3.3 Vétrna eroze

Vétrna eroze je degradacni proces pudy, jehoz kvantifikace je zalozend spiSe na
ptibliznych odhadech ¢i modelovani. Jednd se o proces, ktery se muze odehravat
nepozorovang, ptiCemz dle Chepila (1960) miize jit o nepozorovatelnou a nezméfitelnou
redistribuci ptidniho materialu v fadu né&kolika desitek t.hal.rok™!. Jelikoz se jedna o
prostorové neohrani¢eny proces zpusobujici transport ¢astic na dlouhé vzdalenosti a
sedimentaci na rozsahlych plochach, je velice tézké tento proces kvantifikovat, coz
piinasi podstatné nejistoty do bilance uhlikového cyklu. Redistribuce SOC vlivem vétrné
eroze neni zahrnuta ve vétSiné bilanci uhliku, nicméné ve skute¢nosti v nich muize
zahrnovat podstatnou ¢ast (Webb et al., 2012; Buschiazzo a Funk, 2015). Jak také uvadéji
Webb et al. (2012), je v soucasnosti velice malé povédomi o typu a osudu vétrem
erodovaného SOC. Dalsi vyzkum k objasnéni rizného dopadu eolickych procest,
transportu a depozice na SOC je zapotiebi s ohledem na miru mineralizace, ztraty SOC

do atmosféry, obohaceni eolickych sedimentl a ztraty ve vodnim prostiedi.

Vétrna eroze je selektivni proces, ktery v zavislosti na sile vétru preferenéné odnasi
nejleh¢i mineralni Castice a organickou hmotu. Obohaceni eolickych sedimenti o SOC
bylo vrizné mife prokdzano v nékolika studiich (napt.: Buschiazzo et al., 2007,
Hoffmann et al., 2008). Dle Buschiazzo a Funk (2015) jsou vétsi koncentrace SOC
v eroznich sedimentech sledovany po orbé, nicméné s casem se sniZzuji vlivem
nedostupnosti erozniho materialu. Jak dale popisuji Buschiazzo a Funk (2015), zvySeny
obsah SOC v eroznich sedimentech mize byt popsan vlivem separace materidlu
v zé&vislosti na rozdilech objemové hmotnosti mezi leh¢i organickou hmotou a tézs$imi
mineralnimi Casticemi, prestoze aerodynamické parametry jsou stejné. Nicméné, jak
upozornuje Lal (2003), razné typy SOC jsou postizeny eroznimi procesy ruzné

v zé&vislosti na jejich velikosti, tvaru a hustoté.
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Buschiazzo a Funk (2015) uvadéji, Ze na dlouhodobé sledovanych plochéach v severnim
Némecku mohou byt s vétrnou erozi spojeny ztraty SOC mezi roky 1990 — 2009
v rozsahu az 25 t.ha™'. V Ceské republice je vétrnou erozi potencialné ohrozeno 25,7 %
vyméry orné pudy (Vyzkumny ustav melioraci a ochrany pudy, 2015). Antropogenni
zasahy, které ovliviiuji miru vétrné eroze, a které v znacné mife zplisobuji tento stav,
spoCivaji zejména v odstrafiovani pfirozenych krajinnych prvkll a zméné pidnich

podminek naruSujicich vodni rezim a agregatovou stabilitu.

2.4 Metody kvantifikace SOC a jeho redistribuce
2.4.1 Klasické metody

Klasickou metodou hodnoceni redistribuce SOC je bodovy odbér a analyza piidnich
vzorkl. Analyzované vzorky mohou byt odebrany v rizné prostorové a ¢asové strukture
provadéna na pudnich vzorcich pfesetych pies 2mm sito s vylou¢enim kofend,
nerozlozenych rostlinnych zbytkl a vétsi fauny. Obsah SOC ¢i SOM miize byt odvozen
metodou ztraty zihanim, elementarni analyzou (dry combustion), Casto provadénou
pomoci automatickych analyzatorti, nebo mokrou cestou titraci po oxidaci organickych
molekul chromsirovou smési jako v klasické metodé¢ Walkley-Black pouzivané
v anglosaskych zemich ¢i Tjurinové metod¢ a riznych jejich modifikacich pouzivané ve
vychodoevropskych zemich (Vinduskova, 2013; Chenu et al., 2015). Tyto metody maji
riznou miru pfesnosti a rizna omezeni (metodicka, cenova, environmentalni apod.), jak
uvadi celd fada praci zabyvajicich se srovnanim jednotlivych metod s riznymi pidnimi
vzorky (Sleutel et al., 2007; Meersmans et al., 2009; Sato et al., 2014). Jak uvad¢ji Goidts
et al. (2009), hodnoty smérodatné odchylky se pohybuji v rozmezi 1,2 — 15,8 % u ztraty
zihanim, 1,6 - 4,2% u metody Walkley-Black a 1,3 - 7,1 % u elementarni analyzy.
V dnesni dobé jsou tak zavedeny viceméné piesné metody pro méfeni uhliku v ptidnich
vzorcich, nicméné jak uvadéji Conant et al. (2010), dokumentovani celkovych zasob SOC
v pude je obtizné vzhledem k prostorové variabilité faktorti urcujicich tyto zasoby (obsah
SOC, objemova hmotnost pidy, hloubka odbéru vzorkl a obsah skeletu). Nepfesnosti
jsou pak zvySovany pfirozenou variabilitou téchto faktord. Naptiklad nepiimé hodnoceni
objemové hmotnosti na zdkladé pedotransferovych funkci mtze dle shrnuti v Goidts et

al. (2009) vést k chybé odhadu zasob SOC v rozmezi 9 — 36 %.
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Dalsim zpiisobem odvozeni hodnot obsahu SOC v pid¢€ jsou nepiimé metody vyuzivajici
napf. simulacni modely nebo spektralni vlastnosti ptid (naptiklad metody LIBS -

Spektroskopie

laserem buzeného plazmatu - Laser Induced Breakdown Spectroscopy, DRIFTS -
Difuzné-reflexni  infraCervend spektroskopie s Fourierovou transformaci - Diffuse
Reflectance Fourier Transform Infrared Spectroscopy, ¢i INS - Neelasticky rozptyl

neutronl - /nelastic Neutron Scattering) (Izaurralde et al., 2013).

Dulezitym prvkem pro hodnoceni variability obsahu SOC je také schéma vzorkovani. Za
prvé se jedna o hloubku vzorkovani. Ta zavisi na Gcelu vzorkovani, nicméné ve vétsiné
studii je vzorkovan orni¢ni horizont do hloubky 30 cm, méné pak do 1 m. Vzorkovani
pod 1 m je spiSe vyjimecné (Minasny et al., 2013; Jandl et al., 2014). Navrh schématu
odbérové sité je pak diillezitym krokem pro postizeni co nejvétsi variability obsahu SOC
a minimalizaci chyb plynoucich ze vzorkovéani. V tomto ohledu je tfeba brat zietel na
pfirodni podminky zkoumaného tzemi a jejich variabilitu a dostupné zdroje pro
vzorkovani a analyzu. Koncepty vzorkovani Ize rozd¢lit na vzorkovéni bez statistického
uréeni v pravidelné siti nebo v ndhodné siti, stratifikované vzorkovani (Minasny et al.,
2013) nebo hnizdovité vzorkovani (nested sampling) se zvysSujicimi se naklady a
piesnosti v tomto potadi (Jandl et al., 2014). Mezi vyuzivanymi metodami Ize zminit
napt. vzorkovani pomoci redukcni pravdépodobnostni metody podminénych Latinskych
hyperkrychli (cLHS - Conditioned Latin hypercube sampling) (Minasny a McBratney,
20006; Penizek et al., 2014), fuzzy shlukovani metodou nejblizsich stiedl - fuzzy k-means
clustering (de Gruijter et al., 2010) apod. Batjes a Wesemael (2015) a Goidts et al. (2009)
doporucuji pii vybéru vhodné vzorkovaci metody vyuzit konceptu minimalni detekované
diference (minimum detectable difference — MDD), kterd umoziiuje vyhodnotit vhodnost
a presnost zvolené metody. V ramci redukce chyb plynoucich z vysoké prostorové
variability na malém prostoru se doporucuje vyuziti smésnych vzorka (Goidts et al.,
2009). Nevyhodou smésnych vzorki je ovSem poskytnuti primérné informace z vétsi

plochy, coz mize naopak vést k redukci ziskané informace.

2.4.2 Pedometrické metody

Pro mapovani plosné variability a vytvofeni spojitych hodnot v prostoru lze vyuzit
pedometrické metody, jakoZto soubor kvantitativnich matematickych a statistickych
metod aplikovanych na pedologické udaje. Bodové udaje ze vzorkovani SOC jsou
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pomoci riiznych interpolacnich metod vyuzivajicich spojitost jevu ¢i prostorovou
zévislost - autokorelaci (geostatistické modely) vyuzity pro odvozeni hodnot
v neméfenych bodech. Vzhledem k vysoké variabilit¢ SOC ve vztahu k podminkam
uzemi je pro interpolaci a odvozeni prostorové distribuce SOC z diskrétnich boda
zapotiebi vyuzit pfesného popisu prostorové heterogenity riznych environmentalnich
faktori namisto pouziti pouze globalniho prostorového trendu. Pro vytvoteni plosnych
map a predikci hodnot v nemétenych bodech je tak vyuzivano empirického ptistupu, kdy
data z omezené¢ho poctu pozorovani zkoumané veliiny jsou modelovana pomoci dat
prostorové rozlozenych proménnych pii vyuziti mnohorozmérnych kalibra¢nich metod.
Rozvoj statistickych néstroj vytézovani dat (data mining), vypocetni sily pocitacti a GIS
a zvysSena dostupnost digitalnich prostorovych dat vedly na konci 20. stoleti k formulaci
principu tzv. digitalniho pidniho mapovani (Digital Soil Mapping - DSM) (McBratney
et al., 2003). DSM ma tfi hlavni komponenty — vstup (zahrnujici pouziti stavajicich dat a
sbér novych dat pomoci statistickych metod vzorkovani), proces (zahrnujici vytvoreni
matematického nebo statistického modelu popisujiciho vztah mezi pozorovanimi a
environmentalnimi proménnymi ¢i faktory prostiedi scorpan) a vystup (ve formé
prostorového pidniho informaéniho systému ve tvaru rastru/gridu predikovanych hodnot
spole¢né s vymezenim nejistoty predikce) (Minasny a McBratney, 2015). Model predikce
je obecné popisovan jako prostorova predikéni pidni funkce, respektive konceptualni
model, napt. scorpan (McBratney et al., 2003), ptipadné model STEP-AWBH (Grunwald
et al., 2015), odvozené ze zndmé Jennyho rovnice vyvoje pidy CLORPT (Jenny, 1941).
Model scorpan je pouzivan pro kvantitativni predikci spojitych piidnich vlastnosti nebo
pudnich tfid na zakladé empirického pozorovani a je aplikovan na environmentalni data
zahrnujici jednotlivé funk¢ni faktory (s-puda, c-klima, o -organismy, r - reliéf,
p — padotvorny substrat, a - vék, n - pozice v prostoru). Castymi podptrnymi daty pro
tvorbu predikénich modelid jsou pak také rizné spektralni charakteristiky pud ziskané
pomoci metod dalkového ¢i pozemniho prizkumu Zemé (Minasny a McBratney, 2015).
Funkce popisujici vztah mezi predikovanymi plidnimi vlastnostmi a vysvétlujicimi
proménnymi pak mize byt ve formé jednoduchého linearntho modelu ¢i
komplikovanéjsiho nastroje vytéZzovani dat (Minasny et al., 2013).

Nejcastéji vyuzivané vysvétlujici proménné vyuzivané v modelech pro odvozeni
distribuce SOC jsou terénni atributy, ptidni typ, matecni substrat, typ vyuziti pidy a

klimatické faktory (Hancock et al., 2010; Doetterl et al., 2012; Minasny et al., 2013;
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Grunwald et al., 2015), tedy logicky proménné ovliviujici distribuci SOC v krajiné.
Kazdy z téchto faktorti ovliviiuje rozlozeni SOC v jiném méfitku. V prostiedi erozniho
reliéfu v métitku pidnich blokiti mohou byt chapéany jako hlavni fidici faktor redistribuce
SOC terénni vlastnosti, obzvlasté v ptipadé homogenniho substratu (Ritchie et al., 2007,
Minasny et al., 2013; Zadorova et al., 2015). Terénni vlastnosti jsou obvykle odvozovany
z digitalniho modelu terénu s vyuZzitim nastrojii geografickych informacnich systému
(GIS). Tato data v rizném stupni rozliSeni umoznuji odvozeni prostorove distribuované
informace o charakteristikach reliéfu, pfiCemz pro potfeby precizniho statistického
vyhodnoceni je zapottebi vyuzit modelu s relativn€ podrobnym rozliSenim (Hengl et al.,
2004). Pti modelovani a predikci distribuce SOC, ale i jinych pidnich vlastnosti, je
v modelech pouzivano tfady terénnich atributl jakozto vysvétlujicich proménnych. Lze
vyuzit jak primarnich (nadmoiska vyska, sklonitost, expozice, zakiiveni, sbérna plocha),
tak odvozenych charakteristik relié¢fu (topograficky index — TWI, index sily toku — SPI
apod.). Pfehled vybranych vyzkumu vyuzivajicich terénni vlastnosti pro predikci SOC
piedklada Tabulka 1 uvedena v piiloze.

Celou tfadu pedometrickych metod vyuZzivanych v digitalnim mapovani pid je mozno
rozdélit do skupin metod statistickych, geostatistickych ¢i hybridnich (McBratney et al.,
2000; Penizek, 2005; Grunwald, 2009). Mezi statistické metody vyuZzivané pii predikci
SOC muzeme zatadit napt. klasifika¢ni a regresni stromy (Bou Kheir et al., 2010; Martin
etal., 2011), um¢lé neuronové sité (Li et al., 2013; Tiwari et al., 2015) ¢i obecné linearni
a nelinearni modely (Florinsky et al., 2002; Sleutel et al., 2007; Meersmans et al., 2012;
Lietal., 2013), mezi geostatistické metody, vychazejici z metody krigingu, bézny kriging
— ordinary kriging (Wu et al., 2009; Brodsky et al., 2011b; DlugoB3, 2011; Marchetti et
al., 2012; Tiwari et al., 2015), univerzalni kriging — universal kriging (Veronesi et al.,
2014) ¢1 pravdépodobnostni kriging — probability kriging (Zhang et al., 2013a). Hybridni
metody pak kombinuji vySe zminéné statistické a geostatistické metody — co-kriging

(Odeh et al., 1995; Wu et al., 2009) ¢i regrese

kriging - regression-kriging (Odeh et al., 1995; DlugoB, 2011; Li et al., 2013; Adhikari
et al., 2014).

Dle Lietal. (2013) a Song et al. (2016) jsou nejcastéji pouzivanymi modelovymi piistupy
v predikci SOC vicenasobné linearni regrese, regrese kriging, regresni stromy —

regression trees a umélé neuronové sit¢ — artificial neural networks. Nicméné razné
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metody maji rizné nevyhody a je tedy zapotiebi dbat na vybér spravného modelu,
piipadné otestovat modeld vice. Metody linedrni regrese napiiklad pracuji s linedrnimi
vztahy mezi veli¢inami, které nejsou obvykle v pfirodé¢ dosahovany. Nelinedrni a
logisticka regrese neni naopak vhodna pro kategoridlni proménné. Umél¢€ neuronové sité
pak neposkytuji jednoduSe pochopitelny a vysvétlitelny model. Metody nefizené
klasifikace jako shlukové a faktorové analyzy zachazeji se vSemi proménnymi stejné bez
vyjimky vysvétlované proménné a predikuji pouze spojité proménné (Bou Kheir et al.,
2010). Metody strojového wuceni (machine learning) ptekondvaji nedostatky
parametrickych a neparametrickych statistickych metod, jako je prostorova autokorelace,
nelinearita ¢i preuceni (overfitting), coz zvysuje predikéni schopnost prostorovych
modeld, nicméné vyzaduji pokrocilé znalosti a jejich vyuziti je tak zatim sporadické
(Were etal., 2015; Zadorova et al., 2015). Vzhledem k variabilit¢ modelt a vysvétlujicich
proménnych je tak tteba pro konkrétni ucel nalézt nejvhodnéjsi feSeni, které neni obvykle

zobecnitelné.

Z reserSe  Minasnyho et al. (2013), zabyvajici se studiemi digitdlniho mapovani SOC,
vyplyvaji n€kterd zajimava zjisténi: Pfesnost predikce stoupa logaritmicky se zvySujici
se hustotou vzorkovani. V poloviné studii nebyla provedena nezavisla validace, pouze
kiizova validace (cross-validation) ¢i interni validace a vétSina studii neuvadi zadny

odhad nejistoty predikce, s vyjimkou geostatistického mapovani.

2.4.3 Simulaéni modely

Pii vyzkumu redistribuce SOC je vyuZzivano i riznych simula¢nich model. Modely
umoziuji pokrocilé analyzy dynamiky SOC pomoci modelovani vertikalnich tokt uhliku
v pid€ ¢i simulaci riiznych eroznich scénaiti a to v rlizném prostorovém a casovém
rozliSeni. V soucasnosti existuje celd fada téchto dynamickych modelt. Blizsi ptehled
predkladaji napt.: Shibu et al. (2006); Smith (2006); Plante a Parton (2007); Manzoni a
Porporato (2009); Stockman et al. (2011); Batlle-Aguilar et al. (2011) ¢i Parton et al.
(2015). Vzhledem k velké variabilit¢ modelti jsou rozdé€lovany do nékolika skupin
(Polyakov a Lal, 2004; Smith, 2006) — a) procesni modely (single nebo multi-

kompartmentové') zaméfené na procesy zprostiedkovavajici pohyb a transformaci latek

! Kompartment — morfologicky definovana ¢ast celku se zietelnou vnéjsi hranici, ktera
selektivné ovlivitluje vyménu latek mezi vnéjSim a vnitinim prostorem. Urcitd
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a energie, b) modely orientované na organismy, simulujici transfer uhliku v rdmci
potravni sit¢ pudnich organismi, c¢) kombinované modely piedchozich dvou pfistupti a
d) kohortni modely, uvazujici kazdy vstup rostlinné biomasy jako odd€lenou skupinu
(kohortu?), ktera se kontinualné rozklada (Smith, 2006). Vé&tsina modeldi jsou multi-
kompartmentové procesni modely (Polyakov a Lal, 2004). Dle Watsona et al. (2000) se
nékteré modely zabyvaji jednotlivymi ekosystémovymi komponentami jako ptida, napf.
model RothC (Ranatunga et al., 2001; Smith et al., 2005b; Baranc¢ikova et al., 2010; Eglin
et al., 2010; Falloon et al., 2011), jiné¢ simuluji procesy v celych ekosystémech (napf.
model CENTURY - viz déle), zatimco nékteré jsou zaméfeny na uroveil biomt ¢i
globalni Groven (napi. model OSCAR - Eglin et al. 2010). Tyto modely maji potenciél
pro hodnoceni jak ptirodnich, tak antropogennich zmén v zasobach a dynamice SOC.
Pomoci nich je mozné také extrapolovat vysledky méfeni v ¢ase i prostoru, nicméné by
mély byt nejprve kalibrovany na lokalni podminky a validovany na nezavislych datech.
Dle Lia et al. (2003) ¢i van Oosta et al. (2005) je zapotiebi do modeld 1épe zakomponovat
procesy redistribuce zivin, zmén mineralizace a Casoprostorovou variabilitu SOC. Kuhn
(2013) pak dale zdaraziuje potebu zaclenéni selektivni depozice sedimentovaného SOC.
Tyto navrhy plynou zejména z vysledkl, které ukazuji vyznamné rozdily mezi
simulacemi a pfimym pozorovanim. K tomuto problému pfispivd 1 nedostatek

kvantitativnich dat pro validaci modeli (Van Oost et al., 2009).

VétSina modelil je modularnich, takze umoziluji flexibilni rozsiteni, naptiklad o simulaci
efektu raznych typt eroze. VétSina modela vSak piimo nespecifikuje toky SOC vlivem
eroze, ale umoznuji je zahrnout. Obecny koncept a principy simulace dynamiky SOC
v modelech Siroce popisuji Polyakov a Lal (2004), stejné tak rtizné modely zahrnujici
erozni slozku, jejich blizsi popis, vyhody a nevyhody jejich pouziti a potfebné vstupy do
modeld. Obecné jsou simula¢ni modely pomérné narocné na vstupni data zahrnujici

podrobné informace o pidnich podminkach, klimatickych podminkach a o zptsobu

(koncep¢ni) zona daného systému, jejiz Castice t€hoz typu jsou podrobeny plisobeni tychz

vlivl (procesit).

2 Kohorta - soubor jedincti zrozenych v uréitém casovém tuseku, slouZici ke stanoveni

struktury urcité zivocisné populace, stejnovéka populace
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managementu zem&délskych ploch. Mezi modely, které zahrnuji erozni komponentu a
byly vyuzity pro simulace tokti SOC, patii pfedevsim modely CENTURY (Pennock a
Frick, 2001; Yadav a Malanson, 2009) ¢i EPIC (Izaurralde et al., 2001), ptipadné¢ modely
pouzit¢ pro specifické ucely jako Bouwmantv model (Bouwman, 1989), REM
(Rehabilitation Ecosystem Model) (West a Wali, 2002) ¢i Modifikovany VanVeeniv
model (Voroney et al., 1981). Redistribuce (respektive ztrata) SOC je v modelech
obvykle hodnocena ve vztahu ke ztrat¢ pudy, nejcCastéji vypocitdvané pomoci
empirickych modelt zalozenych na Univerzalni rovnici ztraty puady USLE (¢i jejich
variant RUSLE, MUSLE) (Starr et al., 2000; Polyakov a Lal, 2004). Bohuzel tento pfistup
se zabyva hlavné eroznimi procesy a neni schopen fesit sedimentacni procesy. Tento
problém fesi napt. model EDCM (Erosion-Deposition-Carbon-Model) (Liu et al., 2003).
Nicméné podobné modely analyzuji erozi a depozici oddélen¢ a bodové. Z tohoto diivodu
van Oost et al. (2003) vyvinuli distribuovany model SPEROS-C, ktery je kombinaci
erozniho modelu SPEROS a simula¢niho modelu dynamiky uhliku ICBM (Introductory
Carbon Balance Model) (Fiener et al., 2012, 2015). Tento model fesi jak vodni erozi, tak
erozi zpracovanim pudy (DlugoB et al., 2012). Pro modelovani redistribuce SOC vlivem
eroze zpracovanim pudy se v jinych modelech Casto vyuzivé naptiklad modelu TEP
(Tillage Erosion Prediction) (Lindstrom et al., 2000; Reicosky et al., 2005; Young et al.,
2014).

2.4.4 Spektroskopie

Dal§imi progresivnimi vyzkumnymi metodami pti sledovani obsahu SOC a tedy i jeho
dynamiky v pfirodnim prostiedi jsou metody vyuZzivajici spektralnich vlastnosti
organické hmoty, at’ uz se jedna o méfeni pomoci bodové spektrometrie (jak laboratorné
tak in situ), nebo o vyuziti metod dalkového prizkumu Zemé (DPZ) a analyzy

obrazovych spektralnich dat leteckych a druzicovych snimkd.

Jak uvadéji Bellon-Maurel a McBratney (2011), zacatek vyzkumu vyuziti spektroskopie
v pedologii saha do 80. let 20. stoleti, nicméné v poslednich 10 letech zaznamenal tento
obor zna¢ny nartist pozornosti. Pfehled literatury v této zalezitosti lze najit v n€kolika
publikacich (Viscarra Rossel et al., 2006b; Kusumo et al., 2008; Cécillon et al., 2009; Du
a Zhou, 2009; Ladoni et al., 2010; Reeves, 2010; Stenberg et al., 2010; Gholizadeh et al.,
2013; Nocita et al., 2015).
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Tak jako piidni organickd hmota hraje hlavni roli ve vztahu k mnohym chemickym a
fyzikalnim procesiim v pidnim prostiedi, tak také vyznamné ovliviiuje tvar a podstatu
spektralni kiivky ptdni odrazivosti (Ben-Dor et al., 1999). Organickd hmota je ziejmée
nejvice studovanou pudni komponentou ve vztahu ke spektralni odrazivosti a zaroven
nejlépe predikovatelnou ptidni komponentou ze spektralnich dat ve spektru VNIR-SWIR
(viditelné a blizké infracervené¢ spektrum az kratkovinné infracervené spektrum).
Organickd hmota je dalezitou chromoforou v ramci celého tohoto spektra a v mnoha
pracich byla prokazana vyznamna korelace mezi jejim obsahem v piidé a hodnotami

spektralni odrazivosti (Ben-Dor et al., 1999; Klement, 2014).

Jednim zindikatort klasicky pouzivanych pro mapovani SOC je barva pudy
specifikovana spektralni odrazivosti ve viditelném spektru. Tmavé pady obvykle obsahuji
vice organické hmoty nez svétlé pudy. Toto ztmaveni pidy s vy$sim obsahem SOC je
zpusobeno vlivem organické hmoty a rozdilt ve skladb¢ a kvantité cernych huminovych
kyselin a ptdni vlhkosti (Viscarra Rossel et al., 2006a). Tyto vztahy vSak nejsou
dostatecné robustni pro praktické aplikace, zvlaste v ptipadé velké variability pid

(Viscarra Rossel et al., 2006a).

Spektrum mezi 1650 — 2500 nm je obecné citovano jako nejrelevantnéjsi pro méreni SOC
(Bellon-Maurel a McBratney, 2011). Padni organickd hmota vSak zahrnuje mnoho
komponent a tak miize byt zjisStovana v riznorodych ¢astech spektra (VIS-NIR-SWIR-
MIR). Zakladnimi komponentami organické hmoty jsou slouceniny jako lignin
(spektralni projev napf. v pasmu 2050 a 2351 nm), celuléza (napt. 1370, 1725 a 2347
nm), pektin (napt. 1320, 1582. 1761, a 2111 nm) a huminové kyseliny (napt. 1929 a 1932
nm), které jsou opticky aktivni ve zminénych spektralnich oblastech, pficemz se tyto
regiony mohou navzéajem piekryvat (Summers et al., 2011). Spektralni odezva organické
hmoty je nicméné ovliviiovana také stupném jejiho rozkladu. Vzhledem k pomérné velké
variabilité sloZzeni organické hmoty a existenci fady spektralné aktivnich funkcnich
skupin v organické hmot¢ existuje v rdmci spektra cela fada absorpcnich pasem pro tuto

pudni komponentu. Nékteré z nich jsou uvedeny na obrazku (Obrazek 3).
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Obrazek 3: Chromofory v pud¢ a horninach. Elektronové prechody, vyssi harmonické vibra¢ni prechody
(overtones) ve VIS-NIR spektru a vyssi vibracni pfechody a soucasné vibracni piechody (combination)

ve SWIR spektru (zdroj: Xu et al., 2018 podle Ben-Dor et al., 1999)

Mnoho laboratornich experimentt ukazalo, Ze organicky uhlik neovliviiuje jen odrazivost
v uréitych castech spektra, ale obecné 1 tvar spektralni kiivky. V pfipadé nizké
koncentrace organické hmoty ma spektralni kiivka v rozmezi vinovych délek 0,35 — 1,4
um spise konvexni tvar. Organicka hmota absorbuje energii v celém rozsahu téchto
vlnovych délek, ¢imz se snizuje celkové albedo, ale hlavné se méni celkovy tvar

spektralni kiivky na vice konkévni.
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I kdyz jsou vztahy mezi organickou hmotou a odrazivosti (tedy i barvou) pomérné dobie
a dlouho znamy, samotna kvantifikace SOC je slozita, protoze pidni odrazivost je pfimo
ovlivitovana dalS§imi chemickymi a fyzikalnimi chromoforami jako drsnosti povrchu,
vlhkosti, obsahem Zeleza nebo rtiznych minerala. Vztahy mezi obsahem organické hmoty
a odrazivosti tak mohou byt kvalitné popsany v pfipad¢, kdy pidni vlastnosti nejsou
v prostoru piili§ variabilni. V opaéném ptipadé mohou byt odhady provedené na zékladé

téchto vztahti zna¢né neptesné (Hill a Schiitt, 2000).

Vzhledem ke komplexnosti ptidniho materidlu, projevujici se napiiklad silnymi
chemickymi interakcemi a vzajemnym ovliviiovanim mezi pidnimi sloZkami (oxidy
zeleza, jily, organickd hmota apod.), nelze navic pfi analyze pldniho spektra pouzit
jednoduchych postupli spektralni analyzy, ¢i naptiklad modelti linearniho miSeni
zékladnich elementéarnich prvkl (end members), jako je tomu napiiklad v geologickych
aplikacich. Je tedy zapotiebi vyuziti sofistikovanych analytickych a statistickych metod,

naptiklad metod vicerozmérné analyzy (Ben-Dor et al., 2009).

Kvantitativni spektralni analyza pidy pomoci odrazové spektroskopie tedy vyzaduje
sofistikované statistické techniky pro kvantitativni odvozeni pldnich vlastnosti ze
spektralnich charakteristik (Gomez et al., 2008; Ge et al., 2011). K tomu ucelu jsou
pouzivany rtzné statistické metody. NejCastéji pouzivanymi jsou zejména PLSR —
regrese pomoci casteCnych nejmenSich c¢tvercli (partial least-squares regression)
(Madari et al., 2006; Kusumo et al., 2008; Aichi et al., 2009; Nocita et al., 2011) a dale
napf. SMLR — postupnd vicenasobnd linedrni regrese (stepwise multiple linear
regression), PCR — regrese hlavnich komponent (principal components regression), RT
— regresni stromy (regression trees) ¢i RF - nahodné lesy (random forests). Vasques et
al. (2008), stejn¢ jako Croft et al. (2012) jejich vhodnost pouziti ohodnotili ve vyse
zminéném potadi. V posledni dobé¢ se také objevuje vyuziti metod aplikujicich principy
strojového uceni jako SVMR — regrese pomoci podpirnych vektort (support vector
machine regression) (Gholizadeh et al., 2013) ¢i neuronovych siti (Nowkandeh et al.,
2013; Tiwari et al., 2015). Vasques et al. (2008) a Ladoni et al. (2010)také provedli
pfehled studii zabyvajici se odrazivou spektroskopii SOC, pficemz koeficient
determinace R? se pohyboval mezi hodnotami 0,45 — 0,98 (vétsinou vice nez 0,8), coZ
ukazuje dobrou vyuzitelnost zminovanych metod v predikci obsahu organického uhliku

v pudach. Bartholomeus et al. (2008) nicméné nevyhodu téchto metod (predikénich
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modelll) vidi v jejich komplexnosti a problému s pfesunem na jiné senzory vlivem
riznych spektralnich charakteristik (pozice vlnovych délek, pocet padsem) a na jiné
lokality. Transfer modelt pro vyuziti na jinych lokalitdich maze byt komplikovany i
vlivem nejasnosti, zda model predikuje na zdkladé absorpce organické hmoty nebo
nepiimo na zakladé absorpce dals$imi piidnimi slozkami, jako jsou oxidy zeleza ¢i jilové
mineraly, s kterymi obsah organické hmoty muze korelovat (Bartholomeus et al., 2008).
Nocita et al. (2015b) uvadéji, Ze prestoze je pudni spektroskopie ve svété Siroce studovana
a je mnoho studii, které ukazuji jeji potencial, existuje jen relativné malo ptiklada jejiho
rutinniho uziti. Nejvétsi prekazku pak vidi v problémech s uzitim standardnich protokolt

a propojenim spektralnich knihoven.

Budovani spektralnich knihoven pid je pro budouci vyuziti spektroskopie v pedologii
dalezitym prvkem (Gholizadeh et al., 2013). Spektralni knihovny jsou databdze
namétfenych pudnich spekter a ptidnich vlastnosti, které, pokud jsou robustni (dostate¢ny
pocet dat z Siroké Skaly pid), mohou slouzit ke kalibraci modeld pro odvozeni pidnich
vlastnosti ze spektralnich dat bez nutnosti pofizeni mnozstvi referencnich dat ze
studovanych lokalit (Cécillon et al., 2009; Viscarra Rossel, 2009; Bellinaso et al., 2010;
Brodsky et al., 2011a; Das et al., 2015; Shi et al., 2015). Jak se prokazuje, lepsi vysledky
jsou dosahovany s lokalnimi robustnimi knihovnami nez s vyuzitim rozsahlych knihoven
(Gholizadeh et al., 2013; Stevens et al., 2013). Popisem existujicich spektralnich
knihoven ptd se ve své doktorské praci zabyva Klement (2014).

2.4.4.1 Bodova spektroskopie

Znaéné mnozstvi praci bylo v minulosti zaméfeno na predikci obsahu SOC pomoci
difazni spektrometrie v laboratornich podminkéch, kdy jsou vzorky upraveny (vysusSeny,
rozmélnény) a nasledné je méiena jejich spektralni odrazivost (Ben-Dor et al., 1997;
Brown et al., 2006; Madari et al., 2006; Aichi et al., 2009; Ladoni et al., 2010; Brodsky
et al., 2011b; Gholizadeh et al., 2013; Aldana-Jague et al., 2016). Tento pfistup umoznuje
sledovani spektralnich charakteristik riiznych ptudnich slouc¢enin bez naruseni vnéj$imi
vlivy. O’Rourke a Holden (2011) porovnavali klasické analytické metody kvantifikace
SOC s metodami optické a chemometrické analyzy a konstatuji, ze spektrometrické
metody jsou v pripadé vétsiho mnozstvi vzorkd levnéjsi a Casové méné narocnou
metodou, nicméné neni jimi dosahovand takova analytickd piesnost jako v piipadé

stanoveni pomoci elementarni analyzy (dry combustion). Velmi dobrou predikéni
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schopnost odrazové spektrometrie pfi mapovani SOC uvadéji také napt. Brodsky et al.
(2013), ktefi se zabyvali nejistotami pii pouziti této metody. Srovnanim rdznych
spektrometrt se zabyvali Ge et al. (2011), pfic¢emz uvadéji, Ze druh spektrometru a métici
metoda ovliviiuji naméfené pudni spektrum a kalibraéni modely tedy nelze prenaSet
z jednoho zafizeni na druhé. Pfi méfeni spektrometrem existuji totiz dva druhy chyb,
které znesnadiluji porovnavani spekter naméfenych v riznych podminkach a rGznymi
pristroji. Jedna se o systematické ovlivnéni (kalibrace spektrometru ¢i geometrie snimani)
a nesystematické ovlivnéni (nestabilita spektrometru, nestabilita svételného zdroje,
ovlivnéni atmosférou, zkuSenost uzivatele). Aby bylo mozno riizné naméfena spektra
porovnavat a prendset (vyuzivat v jednotnych spektralnich knihovnach), je tfeba pro
odstranéni téchto vlivii vyuzit standardnich protokolli méteni (Ben-Dor et al., 2015) a

interniho ptidniho standardu (Pimstein et al., 2011; Kopackova a Ben-Dor, 2016).

V pftipad¢ bodového méteni pomoci spektrometra in-situ je nutné pocitat s vlivy rtizné
ptdni vlhkosti, drsnosti povrchu, riznych svételnych podminek, vegeta¢niho krytu apod.,
které zanaSeji do méfeni Sum a komplikuji tak pouziti této technologie (Chabrillat et al.,
2003; Kusumo et al., 2008; Vasques et al., 2008; Nocita et al., 2011; Rienzi et al., 2014;
Ji et al., 2015). Ji et al. (2015) vsak ukazuji, ze efekt environmentalnich faktori na
potizené spektrum lze do jisté miry odstranit pomoci algoritmu standardizace, napiiklad
metodami DS — ptima standardizace (direct standardization) ¢i PDS — ¢astecna piima
standardizace (piecewise direct standardization) a dosahnout tak vyrazné zlepSeni
predik¢ni schopnosti in-situ spektrometrie. Obdobné¢ s riiznou Uspésnosti 1ze vyuzit dalsi
techniky piedzpracovani spekter jako metody MSC — vicendsobna korekce rozptylu
(multiplicative scatter correction), SNV - standardni transformace normalniho rozdéleni
cetnosti (standard normal variate), odstranéni kontinua, derivace spektra ¢i algoritmus
Savitzky—Golay (Gholizadeh et al., 2013). Zpiesnéni predikce SOC z in-situ méfeni
ukazuji dale napt. Nocita et al. (2013), ktefi navrhuji vyuziti normalizovaného indexu
pudni vlhkosti - NSMI (Normalised soil moisture index) pro odstranéni vlivu vlhkosti
pudy. Dalsi vyuziti pfedstavuji napf. Noon et al. (2014), ktefi vyuzili nastroji
spektroskopie pro identifikaci a kvantifikaci jednotlivych frakei ptidni organické hmoty,
nebo Ben-Dor et al. (2008a), ktefi vyvinuli sondu pro méteni spektralnich vlastnosti

v celém pidnim profilu.
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Prehled literatury vyuZzivajici spektroskopickych metod v NIR a MIR oblasti spektra pii
hodnoceni pltdniho uhliku a jejich kritické zhodnoceni ptredkladaji Bellon-Maurel a
McBratney (2011) a novéji pak Gholizadeh et al. (2013). Z jejich zavéri 1ze vyzdvihnout
zejména tyto poznatky:
a. Pfi méfeni na stejnych vzorcich Ize dosahnout lepsich vysledka pti vyuziti
uprava vzorki a proto je jeho pouziti problematictéjsi pfi méfeni in situ.

b. Srostouci rozlohou a heterogenitou zkoumaného uzemi dochazi

ke zvySovani chyby predikce.

c. Kitizova validace pomoci metody /eave-one-out (opakované vynechani
jednoho méfeni) provedena na zavislych vzorcich, obzvlasté v piipadé
jejich malého poctu, vede k pfili§ optimistickym vysledkim.

d. Analyza SOC zneupravenych vzorkil (nevysusené a nepiesaté) miize

dosahnout uspokojivych vysledki.

e. Kalibratni modely zaloZzené na vybranych vlnovych délkach maji
uspokojivé vysledky, z ¢ehoz vyplyva perspektiva pro budouci vyvoj
levnégjSich senzort pro stanoveni organického uhliku.

Prehled studii vyuzivajicich bodovou spektroskopii pfi hodnoceni SOC a charakteristiky
jejich uspésnosti nabizeji napt. publikace Stevens et al. (2006); Viscarra Rossel et al.
(2006b); Bellon-Maurel a McBratney (2011); O’Rourke a Holden (2011). Ptehled

vybranych novéjsich studii v obdobné struktuie nabizi Tabulka 2 uvedena v ptiloze.
2.4.4.2 Obrazova spektroskopie

V poslednich letech je ve vyzkumu ptidnich vlastnosti, véetné analyzy distribuce SOC,
¢im dal vice vyuzivano i obrazové spektroskopie, jakozto prostiedku pro sledovani
spektralnich charakteristik v prostorové doméné. Obrazova spektroskopie mize byt
pouzita v rozlicnych meéfitkach od snimka potfizenych satelitnimi senzory az po
laboratorni snimky. Tato metoda mé nicméné sva specifika a je zapotiebi vyuziti fady
nastroju pro obrazovou analyzu (Ben-Dor et al., 2009; Cécillon et al., 2009). S vyvojem
senzorl (lepsi radiometrické i prostorové rozliSeni) a vyvojem analytickych metod se

moznosti vyuziti obrazové spektroskopie zvyraziuji.
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Jelikoz je ptidni organickd hmota koncentrovana hlavné ve svrchnich vrstvach pudy, které
jsou vystaveny slune¢nimu zafeni, je to vlastnost, ktera je vhodné pro hodnoceni pomoci
této metody (Ben-Dor et al., 2009). Zatim vSak nebylo publikovdno mnoho praci, které
by se zabyvaly pouzitim leteckych nebo satelitnich obrazovych dat pro hodnoceni SOM,
a to hlavné proto, Ze v mnoha piidach je nizky obsah SOM. Tyto studie se objevuji az
v poslednich letech. V casto citované praci Baumgardner et al. (1970) autofi uvadeji, ze
pii obsahu organické hmoty menSim nez 2 % jsou spektralni charakteristiky plidy vice
ovlivitovany dalSimi ptidnimi slozkami, jako naptiklad oxidy Zeleza, a vliv organické
hmoty je tedy obtizné urcit. Nicméné tada studii dochazi k dobré predikci i pii malém
obsahu SOC.

Pfi odhadu SOC pomoci obrazové spektroskopie je zapotfebi mit na paméti, ze stav
povrchu pady muze ovlivnit spektralni signal. Mize byt ovlivnén jak v Case, tak i
v prostoru napiiklad riznou texturou, vlhkosti, drsnosti povrchu, vegeta¢nim pokryvem
¢1 stupném tvorby Skraloupu (jakozto vysledek dopadu vodnich kapek). Tyto faktory pak
ovliviiyji 1 spektralni odezvu SOC. Vyporadani se s nekterymi z téchto vlivl je vSak
potencialné mozné. Jak ukdzali napiiklad Bartholomeus et al. (2011), odstranéni vlivu
fidké vegetace je mozné pomoci metod oddéleni spekter (spectral unmixing), pticemz
vyslednd predikéni schopnost modelu PLSR pii vyuziti rezidudlniho padniho spektra
dosahovala piesnosti jako ve studiich s holou piidou. Nicméné¢ jak uvadéji Hbirkou et al.
(2012), dalsi vyzkum metod na odstranéni vlivu vegetace a rostlinnych zbytka je
zapotiebi. Denis et al. (2014) napiiklad dospéli k lepSim vysledkim predikce
z obrazovych spektralnich dat pomoci metody korekce efektu relativniho zastinéni pidy.
Ebengo et al. (2018) déle naptiklad vyuzili pro zptesnéni predikce SOC ze satelitnich

optickych dat informace o drsnosti povrchu ziskané z radarovych satelitnich dat.

Presnost predikce muze byt zaroven ovlivnéna radiometrickymi a atmosférickymi
pri¢inami ¢i vlivem spektralniho a prostorového rozliSeni potizenych dat. V ptipadé
vyuziti satelitnich dat DPZ je také nutné pocitat s nizSim pomérem trovné signalu a Sumu
(SNR - signal-to-noise ratio), tedy velkym ovlivnénim Sumem u potizenych dat vlivem
kratkého potizovaciho ¢asu nad zkoumanou lokalitou (Ben-Dor et al., 2008b; Gomez et
al., 2008; Grunwald et al., 2015). Vyvstava tak otazka, zda budou sledované rozdily v
obsahu SOC vétsi nez nepresnost analyzy. Croft et al. (2012) vidi metody predikce

obsahu SOC pomoci metod DPZ jako metody, které jsou stale ve vyvoji a nemaji zatim
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potiebnou piesnost. Navrhuji vS§ak metody, které by mohly predikci obsahu SOC zlepsit
— napf. kombinace vyuziti dat DPZ a nékterého erozniho modelu, kombinace s

geostatistickymi metodami ¢i vyuziti spektralnich knihoven.

Zvysena prostorova variabilita ptidnich vlastnosti mlize byt dalSim problémem pro
potencialni vyuziti obrazové spektroskopie. Gomez et al. (2012) naptiklad uvadéji, ze
pravé vysoka variabilita pudnich vlastnosti vedla k velice nizké predikéni schopnosti
jejich modelu zalozeném na hyperspektralnich datech oproti jinym studiim (Selige et al.,
2006; Stevens et al., 2006, 2010). V piipad¢ vysoké variability padnich podminek a vétsi
studované plochy je tak zapotfebi pro vyssi predikéni schopnost pocitat s vétSim
mnozstvim analyzovanych padnich vzorkd. Stevens et al. (2012) ve své studii provedli
zhodnoceni riznych metod validace spektralnich modelli a konstatuji, ze vétSina
vyuzivanych metod kifizové validace silné¢ podhodnocuje chybu validace, obzvlasté na
vetsich studovanych plochach. Autoifi proto doporucuji predchozi analyzu spektralni
variability v obrazovych spektralnich datech ptfed uskute¢nénim vzorkovani. Tento
postup umozni nalezeni lep§iho vzorkovaciho schématu, které lépe charakterizuje

spektralni variabilitu, a proto muize zlepsit kalibracni modely.

Predikce SOC pomoci metod DPZ je vétSinou zalozena na celkovém snizeni odrazivosti
ve viditelné a blizké infraCervené Césti spektra (Chen et al., 2000), nicméné pro tuto
predikci jsou hodnotné i dalsi vinové délky (Chen et al., 2008; Stevens et al., 2008).
Korelace mize byt nalezena i v méfenych agregovanych Sirokych spektralnich pasech
jako napf. u druzice Landsat, coz prokazal jiz naptiklad Da Costa (1979). Spektralni
rozliSeni ovSem vyrazné ovliviiuje kvalitu predikce SOC (Castaldi et al., 2016). Pro
piesné odhady SOC je proto zapotiebi vyuzit data s vhodnym spektralnim rozliSenim
potizena v celé §ifi oblasti VNIR-SWIR (Ben-Dor et al., 1999). V odbornych studiich tak
byla demonstrovana schopnost ur¢eni SOC spiSe pomoci leteckych hyperspektralnich
senzoril (Ben-Dor et al., 2002; Selige et al., 2006; Stevens et al., 2006, 2010, 2012, 2015)
nez pomoci satelitnich dat (napt.: Gomez et al. 2008). JelikoZz vSak satelitni data nabizeji
Siroky prostorovy zabér a moznosti Castého pofizeni snimki, jsou 1 satelitni
hyperspektralni data vyuzitelna pro predikci SOC (Wang et al., 2010a; Anne et al., 2014).
V soucasné dob¢ jsou tyto zdroje dat otdzkou vyvoje, nicméné jejich vypusténi je
planovéano v nejblizSich letech. Na obéznou drahu se tak mohou brzy dostat

hyperspektralni senzory s pomérn€ vysokym SNR a prostorovym rozliSenim od jedné do
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nékolika desitek metri. Mezi né patii némecky Environmental Mapping and Analysis
Program (EnMAP), italsky Hyperspectral Precursor of the Application Mission
(PRISMA), satelit vyvijeny americkou NASA Hyperspectral Infra-Red Imager
(HyspIRI), japonsky Hyperspectral Imager Suite (HISUI), francouzsky HypXIM,
izraelsko-italsky Spaceborne Hyperspectral Applicative Land and Ocean Mission
(SHALOM) nebo ¢insky TianGong-1.

V ptipad¢ potfeby mapovani a kvantifikace obsahu SOC na velké ploSe bez plosné
rozsahlé kalibrace pomoci pudnich vzorkli by dle Mulder et al. (2011) dale mohlo byt
feSenim pouziti spektralnich indexii zalozenych na absorp¢nich prvcich jednotlivych
biochemickych slozek organické hmoty. Tento pfistup je zaloZen na detekci jednotlivych
slozek SOM: celuldza, Skrob, lignin a humusové latky. Pfesné vztahy byly nalezeny napf.
pro indexy zalozené na viditelné oblasti spektra a absorp¢nich znacich spojenych
s celulozou (okolo 2100 nm). Nejpresnéjsi modely zalozené na indexech byly srovnatelné
s vysledky s pouzitim regresnich metod (PLSR) (Bartholomeus et al., 2008). Ackoli se
pouziti indexii zda byt slibné, je jesté potieba je testovat na satelitnich senzorech, které

maji niz§i SNR (Mulder et al., 2011).

Nékteré studie tedy ukazaly, Ze existuje potencial spektralné detekovat SOM pfti vyuziti
obrazov¢ spektroskopie, nicméné tento potencidl stale daleko zaostava za optimalnim
stavem vhodnym pro vyuziti v praxi (Ben-Dor et al., 2009; Das et al., 2015). Vyzkumy,
které vyuzily obrazovou spektroskopii pfi predikci obsahu organického uhliku a nastinily

tak moznosti této techniky, uvadi podrobnégji Tabulka 3 uvedena v pftiloze.
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3 Veédecka hypotéza

Redistribuce organického uhliku vzemi ovlivnéném pldni erozi tGzce souvisi

s parametry reliéfu a ovliviluje optické vlastnosti pidy. Mapovani redistribuce

organickych latek je tak mozné provést na zakladé analyzy spektralnich obrazovych dat

a modelu terénu s vyuzitim metod digitdlniho mapovani ptd.

4 Cile prace

Cilem disertacni prace je analyzovat moznosti predikce a mapovani presunt pidniho

organického uhliku v tizemich ovlivnénych pidni erozi v podminkach Ceské republiky

pomoci progresivnich distan¢nich metod vyzkumu a metod digitdlniho mapovani piad. V

ramci prace je mozno vyd¢lit nékolik dil¢ich cilt:

1.

Pomoci detailniho terénniho prizkumu vybrat a zmapovat zdjmové erozné
ovlivnéné lokality s riznymi dominantnimi piidnimi jednotkami a variabilitou

pudnich vlastnosti.

S vyuzitim analyzy leteckych obrazovych a bodovych hyperspektralnich dat
testovat zplisoby vymezeni obsahu organické hmoty ve svrchnich vrstvach ptdy

a ohodnotit vyuzitelnost satelitnich dat pro tento tcel.

Na zéklad¢ vyuziti terénnich a laboratornich metod, technik dalkového prizkumu
Zemég, zejména obrazové a spektralni analyzy, definovat vztahy mezi spektralnimi
vlastnostmi pudy, eroznim poSkozenim pid, terénnimi parametry reliéfu a

obsahem organické hmoty v pade¢.

S vyuzitim metod digitadlniho mapovani pid vytvofit a ovéfit modely predikce
mnozstvi organické hmoty v pidé v zavislosti na topografické charakteristice

uzemi a spektralnich vlastnostech pud.
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Abstract: The assessment of the soil redistribution and real long-term soil degradation due to erosion
on agriculture land is still insufficient in spite of being essential for soil conservation policy. Imaging
spectroscopy has been recognized as a suitable tool for soil erosion assessment in recent years. In our
study, we bring an approach for assessment of soil degradation by erosion by means of determining
soil erosion classes representing soils differently influenced by erosion impact. The adopted methods
include extensive field sampling, laboratory analysis, predictive modelling of selected soil surface
properties using aerial hyperspectral data and the digital elevation model and fuzzy classification.
Different multivariate regression techniques (Partial Least Square, Support Vector Machine, Random
forest and Artificial neural network) were applied in the predictive modelling of soil properties.
The properties with satisfying performance (R? > 0.5) were used as input data in erosion classes
determination by fuzzy C-means classification method. The study was performed at four study
sites about 1 km? large representing the most extensive soil units of the agricultural land in the
Czech Republic (Chernozems and Luvisols on loess and Cambisols and Stagnosols on crystalline
rocks). The influence of site-specific conditions on prediction of soil properties and classification of
erosion classes was assessed. The prediction accuracy (R?) of the best performing models predicting
the soil properties varies in range 0.8-0.91 for soil organic carbon content, 0.21-0.67 for sand content,
0.4-0.92 for silt content, 0.38-0.89 for clay content, 0.73-089 for Feoy, 0.59-0.78 for F.q and 0.82 for
CaCOg;. The performance and suitability of different properties for erosion classes’ classification are
highly variable at the study sites. Soil organic carbon was the most frequently used as the erosion
classes’ predictor, while the textural classes showed lower applicability. The presented approach
was successfully applied in Chernozem and Luvisol loess regions where the erosion classes were
assessed with a good overall accuracy (82% and 67%, respectively). The model performance in two
Cambisol/Stagnosol regions was rather poor (51%-52%). The results showed that the presented
method can be directly and with a good performance applied in pedologically and geologically
homogeneous areas. The sites with heterogeneous structure of the soil cover and parent material will
require more precise local-fitted models and use of further auxiliary information such as terrain or
geological data. The future application of presented approach at a regional scale promises to produce
valuable data on actual soil degradation by erosion usable for soil conservation policy purposes.

Keywords: soil erosion; imaging spectroscopy; hyperspectral image; soil properties
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1. Introduction

Soil erosion is one of the most significant and widespread forms of soil degradation in Europe [1].
In the Czech Republic, soil erosion of different types (water, wind, and tillage) is identified as the most
severe type of soil degradation [2], which significantly affects soil functions, production of agricultural
crops and the quality of water resources. The degradation risk by erosion is currently relatively well
known at both local and regional scale due to evaluation using erosion models [3]. According to these
calculations, nearly 50% of arable land in the Czech Republic is endangered by water erosion and
about 10% by wind erosion [4]. Nevertheless, the widely applied erosion models (mostly based on
USLE/RUSLE models) only provide the estimation of potential erosion. The calculation of the actual
soil losses due to soil erosion and estimation of real long-term soil degradation are still insufficiently
developed in spite of being essential for policy and management purposes [5,6].

Currently, the assessment of soil degradation by erosion is solved mainly at a local scale using
different methods, e.g., direct field monitoring, observations and measurements obtained from
distributed point datasets (identification of erosion features and soil profile truncation, assessment
of Caesium-137, risk elements and other relevant soil properties) [7-11]. At a regional or global
scale, information on the level of soil degradation by erosion is often based on expert knowledge
approach consisting in the extrapolation of acquired local data using ancillary data. This is due to
the lack of reliable methods, since detailed soil mapping is not financially feasible and it is extremely
difficult particularly at this scale [12]. Nevertheless, estimates based on the physical evidence are much
required [5,13].

Application of remote sensing represents a possible solution in the assessment of soil degradation
by erosion at a regional and global scale. The main advantage of remote sensing methods consists in
the possibility of rapid data acquirement from large areas in a detailed spatial resolution. However,
its potential has not been fulfilled and there are still many theoretical and technical gaps and
unanswered questions [13,14]. Continual progress in measurement techniques, image processing
algorithms, development of computation models, new sensors and new satellite missions have brought
new data and methods. Use of hyperspectral data in the erosion assessment represents a promising
method, particularly in the context of the expectations forthcoming spaceborne hyperspectral
sensors with high signal-to-noise ratio (SNR) and pixel size from one to several tens of metre,
such as German Environmental Mapping and Analysis Program (EnMAP), Italian Hyperspectral
Precursor of the Application Mission (PRISMA), NASA’s Hyperspectral Infra-Red Imager (HyspIRI),
Japanese Hyperspectral Imager Suite (HISUI), French HypXIM, israel-italian Spaceborne Hyperspectral
Applicative Land and Ocean Mission (SHALOM) [15] or Chinese TianGong-1 [16].

Land degradation by soil erosion can be assessed directly using different remote sensing
methods [14,17,18]: (i) spatial delineation of degraded land and erosion features (rills, gullies, and
sediment depositions) using visual interpretation of aerial images [19], computer pre-processing [20-22] or
automatic classification methods [23-25]; (ii) soil loss measurement methods based on digital elevation
models (DEM) comparison (laser altimetry or radar interferometry); and (iii) assessment of soil
degradation stages and monitoring of soils affected by soil erosion and their properties. These methods
are based on classification techniques or use different mathematical and statistical procedures to
assess the correlation between erosion signs and their spectral reflectance [15,26,27]. Soil erosion and
accumulation affect chemical and physical properties of upper layer of soils; thus, spectral reflectance
is changed and eroded soils have different spectral response from non-eroded “healthy” soils [28-34].

Soil properties with direct relation to the spectral signature and with the best prediction
performance on one hand and a high variability due to erosion-accumulation processes on the other
hand include soil organic carbon (SOC) concentration, particle size distribution (particularly clay
content), CaCOj3 concentration, Fe and Al oxides ratio and water content [15,35-40]. Other soil
properties used for determination of erosion-affected areas are soil colour, pH, structure or coarse
fragments content [41-45].
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Imaging spectroscopy or generally analysis of soil spectral characteristics has a great potential
for soil erosion assessment [36,46], as the hyperspectral data, thanks to their high spectral resolution,
allows for more efficient quantification of spectral features in comparison with, e.g., multispectral
data. Thus far, only few studies have employed this method in soil erosion assessment [47-49],
a majority of them in semi-arid conditions [30,33,45,50-52]. Several studies dealt with the monitoring
of specific soil properties related to soil erosion, such as development of soil crust [50] or changes in
soil moisture [47,48]. Hyperspectral data have scarcely been used for distinguishing soils influenced
by soil erosion. Hill et al. [51,52] used linear spectral mixture analysis and k-means clustering for
classification of erosion stages based on skeleton content determination. Schmid et al. [33] distinguished
erosion classes using support vector machine classification method and development of image-derived
endmembers for each erosion class. Lin and Zhou [31,45] have analysed a spectral response of different
eroded soils in subtropical China. They have compared a direct identification of erosion stages
by analysing laboratory hyperspectral data and an indirect identification using prediction of soil
properties; the latter performed better due to mixing and crossover effect among erosion groups.

However, there are still many limitations in the use of the image hyperspectral data for soil
erosion assessment. On one hand, there are restraints connected to data collecting, such as atmospheric
attenuation, signal-to-noise ratio, image resolution and, above all, the Bidirectional Reflectance
Distribution Function (BRDF) effect [36]. On the other hand, the limitations are often caused by
surface characteristics making the direct soil assessment impossible or difficult (soil covered with
vegetation, litter, dust or soil crust). Moreover, the spectral information is considerably influenced by
soil properties (soil moisture, soil roughness, soil texture or size of soil aggregates) and heterogeneity
of environmental settings. This is valid mainly in an erosion relief, where the combination of soil loss
and redeposition may lead to similar soil surface properties in eroded and accumulated soils [52,53].
A successful application of hyperspectral data then requires a very thorough planning of flight
campaigns, precise image corrections and a sufficient amount of reference soil data. In temperate
climate, a multi-temporal approach must be considered when assessing larger areas, as in each period
some of the soils are covered with vegetation.

In spite of the progress in knowledge and algorithms (especially in terms of atmospheric
correction), more studies are needed for refinement of this method and widening its application.

The aim of this study is to analyse the possibilities of imaging spectroscopy using aerial
hyperspectral data for the assessment of soil degradation by erosion on arable land in temperate
agriculture regions with different dominant soil unit. The specific objectives of this work were to:
(1) quantify the prediction performance of selected soil surface properties derived from hyperspectral
data in context of various soil environment, spectral pre-processing methods and regression methods;
and (2) determine erosion classes that represent soils differently impacted by soil redistribution by
applying the predicted soil surface properties as site-specific indicators and input data in classification
models of erosion classes distinguishing.

2. Materials and Methods

2.1. Regional Settings

Four study sites representing the most extensive soil units of agricultural land in the
Czech Republic were chosen. Soil regions are represented by Chernozems and Luvisols on loess
and Cambisols and Stagnosols on crystalline and sedimentary rocks. Locations of the study sites are
depicted in Figure 1. Sites are similar in terms of terrain characteristics (dissected relief including
a set of following terrain units: side valley, toe-slope, plateau and back-slope), land management
(long-term tillage, no conservation practices, plough depth 25 cm, 5-6 course rotation based on the
Norfolk system) and climatic conditions (rain erosivity). All study sites are located within regions
with high rates of both potential and actual degradation by erosion according to Maps of long-term
average annual soil loss by water erosion [3] and database of Monitoring of soil erosion on agricultural
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land [8]. The types of erosion influencing the soil redistribution include mainly sheet and rill erosion
and tillage erosion. Wind erosion is presumed to have a minor impact at the Chernozem site (Sardice).
Environmental settings and details of each locality are given in Table 1.
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Figure 1. Location of the study sites (yellow border) with position of hyperspectral images.

Table 1. Study sites and their characteristics.

Dominant Soil Unit

; 1 . 2 3 4 5 ; 6
Site Area (WRB 2014) Bedrock/Parent Material MA MAP MAT R Soil Loss
Haplic Stagnosol, Complex of Proterozoic
Prestavlky  0.73 Haplic and Stagnic and Paleozoic rocks 403 650 7-8 46 10(0-106)
Cambisol, Leptosol (schist, granodiorite)
Sardice 1.45 Calcic Chernozem Pleistocene loess 218 550 9-10 49 29 (0-370)

NovaVes 117  Haplic Cambisol Permian-Carboniferous 471 750 6-7 54  8(0-89)
rocks (sandstone, siltstone)

Jigin 134  Luvisols, AlbicLuvisols, by 1000 q0ess 298 650 7-8 47 11(0-185)
Luvic Chernozems

1 Area in km?2; 2 mean altitude in m.a.s.l.; 3 mean annual precipitation in mm; 4 mean annual temperature in °C;

5 factor of rainfall erosivity in MJ-ha—1l.em-h~1; ¢ average annual soil loss by USLE in t-ha~! ~year’1 (mean
and range).

2.2. Flight Campaign (Imaging Spectroscopy) and Image Pre-Processing

Four image scenes were acquired during four flight campaigns from the VNIR (visible and
near-infrared) sensor—Compact Airborne Spectrographic Imager (CASI1500; 370-1040 nm) and SWIR
(short-wavelength infrared) sensor—Shortwave infrared Airborne Spectrographic Imager (SASI600;
960-2440 nm). Both sensors are developed by Itres Ltd. (Calgary, AB, Canada). The sensors are
pushbroom sensors with a Field Of View of 40°. Sensors acquired data in 72 spectral bands in the
VNIR with a full width at half maximum (FWHM) of 10 nm (CASI) and 100 bands in the SWIR with
FWHM = 15 nm (SASI). Sensors were mounted on Cessna 208B Grand Caravan aircraft. The flight
campaigns took place during dry conditions (minimum of five days after last rain), and study fields
were prepared for seeding—ploughed and harrowed without vegetation or litter. Details of individual
flight campaigns are given in Table 2.
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Table 2. Details of individual aerial hyperspectral campaigns.

Site ToAl SZ2 SA3® FA* Atmospheric Condition N. of Strips HF5 SR ¢
" . o o o Slightly cloudy (cumulus)
Piestavlky 7 May 2015 10:23 45 131° 218 visibility 40 km 1 20600 1,2
Sardice  21September201510:52  54°  144° 1430  Sushtly cloudy (cumulus) 1 ~2575 12,31
visibility 40 km
Nova Ves 22 April 2016 11:45 49°  153°  185°  Slightly cloudy (cumulus), 2 ~2266 1,27
Jigin 22 April 2016 11:15 47° 142°  159° visibility 30 km 3 ~2266 1,27

! date and time of acquisition (local time); 2 solar zenith; 3 solar azimuth; 4 flight azimuth; ® height of flight in m
above ground; 6 spatial resolution in m (CASI, SASI).

Data acquisition and pre-processing (geometrical and atmospheric corrections) were realized by
the Flying Laboratory of Imaging Systems (FLIS) [54,55] operated by Global Change Research Institute
CAS (Brno, Czech Republic). The radiometric correction was performed using the RadCorr Ver. 9.2.6.0
(Itres Ltd.) and by means of calibration parameters obtained in laboratory. Data output was given in
radiometric units (WW-cm~2-sr~1.-nm~!). Atmospheric correction was applied to remove the effect of
atmospheric influences and convert radiance values into at-surface reflectance. MODTRAN radiative
transfer model incorporated into the program ATCOR-4 ver. 7.0 was used for this purpose. Algorithm
BREFCOR was used for BRDF effect reduction. The geometric correction and geo-referencing of images
was performed using the Geocor tool (Itres Ltd.), based on data recorded by the on-board GPS/IMU
sensors and digital elevation model. Image data were resampled by nearest neighbour method and
transformed into the UTM map projection.

Image data were masked by bare soil mask (by means of knowledge of study sites and NDVI
computing) and resampled to 6-metre spatial resolution (due to random noise reduction in data and
corresponding to the size of sampling plots) before processing. Spectral bands highly influenced by
the absorption in the atmosphere and bands on the edge of spectra influenced by noise were removed
from the dataset. The data finally include 49 bands for CASI (400-750 and 770-880 nm) and 53 bands
for SASI (1000-1080, 1200-1300, 1490-1770, 2060-2370 nm). Spectral data extraction from data cubes,
as well as other data manipulation, was done using the R software [56].

2.3. Data Collection and Soil Analysis

Soil sampling was carried out during four field campaigns following each flight campaign.
Fifty samples were taken from each site in an optimized network of borings fashioned using cLHS
(conditioned Latin hypercube sampling [57]) stratified random strategy. Terrain attributes and spectral
data obtained within hyperspectral campaign were used as feature space variables. This approach
ensures the cover of maximal variation of each variable. Exact position of sampling sites was measured
by GPS Trimble GeoXM receiver, with a post-processing accuracy of approximately 1m. Soil unit,
profile stratigraphy, soil depth, and thickness of horizons were determined by description of gouge
auger core. The composite soil samples for analysis of SOC, texture classes, CaCO3; and Fe oxides
content were taken from each site at 0-10 cm depth.

The soil samples were air-dried, ground and sieved using 2 mm sieve (ISO 11464: 2006). The basic
chemical and physical soil properties were obtained using standard laboratory procedures. Soil particle
size distribution (5 fractions: less than 0.002; 0.002-0.01; 0.01-0.05; 0.05-0.25; 0.25-2 mm) was obtained
by the pipette method (ISO 11277:2009). SOC was determined as total oxidized carbon and measured
using wet oxidation (ISO, 14235:1998). CaCOj3; content was determined volumetrically after soil reaction
with HCI (ISO 10693, 1995). the amount of oxalate extractable Fe (Feox) by acid ammonium oxalate
extraction [58] and dithionite extractable Fe (Feyq) was extracted by citrate-bicarbonate-dithionite
extraction [59].
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2.4. Statistical Analysis of Soil Properties

Different multivariate regression methods were used to establish relationships between image
spectral data and soil properties. Different pre-treatment and regression methods were tested. Selected
soil properties data were used in regression models as response variables, and spectral reflectance data
(transformed spectra) as predictors. Terrain derivatives were used for A horizon thickness establishing.
The best resulting regression models were then applied on all the image data with the aim of predict
spatial variability of particular soil surface properties and create maps. All spectroscopic and statistical
analyses were implemented in R environment [56].

2.4.1. Pre-Processing

Before performing statistical analyses, mathematical pre-treatments were applied to adjust raw
reflectance spectra. These transformations were performed to improve the prediction accuracy by noise
reduction and mitigation of influence of environment and sensing properties. Continuum removal
(CR), Savitzky-Golay filter (third order polynomial smoothing and 5 bands window widths) with first
(SG 1st) and second derivatives (SG 2nd) [60] and standard normal variate transformation (SNV) were
applied. Reflectance was transformed into absorbance (log (1/R) as well. Transformation of CASI and
SASI spectra were carried out separately as spectra was not acquired with same bandwidth. Bands on
the edge of spectra affected by pre-treatment due to moving window averaging were removed from
final dataset. R package Prospectr [61] was used for spectra pretreatment.

2.4.2. Calibration and Validation

The dataset was divided into training set used for fitting models and validation set used for
assessing the prediction accuracy of each model. Dividing in a 3:1 ratio was performed by random
stratified sampling. The procedure of prediction modelling was carried out using caret package [62] of
the R software. In the first step, the training set was used for fitting the model. Model performance
was assessed through 5-fold cross-validation of the training set. Random search method generated
by caret package, providing the automatic search of parameter values, was used for selecting the
best parameters of models. Single model with yielding smallest root mean squared error of cross
validation (RMSEcy) value was selected for subsequent validation on the validation set. The final
prediction accuracy was assessed with root mean squared error of prediction (RMSEp) and coefficient
of determination (R?). The ratio of standard deviation to standard error of prediction (RPD) was also
calculated alternatively to R2. Goodness of fit was visually inspected through a plot depicting the
observed values against the predicted values.

2.4.3. Multivariate Techniques

Different multivariate techniques successfully used in soil imaging spectroscopy were selected
for testing their ability of soil properties prediction. The tested methods included Partial Least
Square Regression (PLSR) [63], Support Vector Machine Regression (SVMR) [64-66] (using different
kernel functions—linear, polynomic and radial), random forest (RF) [67] and artificial neural
network (ANN) [68]. More information can be found in Heung et al. [69], Vasques et al. [70] or
Gholizadeh et al. [27].

2.5. Assessment of Soil Erosion Classes

Assessment of the different erosion classes on the study sites was performed in several steps:
(1) definition of groups of site-specific erosion classes based on soil data from field campaigns;
(2) assessment of soil properties for distinguishing erosion classes; (3) classification of spatial data into
erosion classes; and (4) validation of results based on comparison with point soil data. Flowchart of
the whole process is depicted in Figure 2.
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Figure 2. Scheme of the method for soil erosion assessment.

2.5.1. Definition of Groups of Site-Specific Erosion Classes

Soil samples data were classified into groups based on description of soil profiles (soil profile
stratigraphy, soil depth or A horizon thickness), field observation (evidence of erosion such as ploughed
subsoil, increase in skeleton content) and expert knowledge of soil erosion evidences in different
pedological conditions on study sites. Setting of defining parameters of each class is site-specific
depending on soil type and parent material. The quantitative setting of each erosion stage at individual
study sites was based on previously performed regional studies [71,72]. Four groups (erosion classes
of soils) were established at each study site (see Table 3):

Non-eroded soils (NE)—unchanged autochthon soils with no or negligible evidence of material
removal or accumulation;

Eroded soils with various stage of degradation—moderately eroded (ME) and strongly eroded
(SE) soils—soil profiles with evidence of material removal and soil profile truncation; and

Accumulated soils (AC) formed by material re-deposition in concave parts of relief—soil profiles
with evidences of accumulation of new material manifested by increased thickness of A horizon or
burial of former surface horizons.

Table 3. Erosion classes distinguished at each site according to soil profile stratigraphy and thickness
of A horizon.

Site EC! Profile Stratigraphy  SD 2 AHT 3 WRB *

Haplic Cambisol (Colluvic),
AC Ap-A-Bw(g)-C >40 Stagnic Cambisol (Colluvic),
Haplic Stagnosol (Colluvic)

Haplic Cambisol, Stagnic
Prestavlky NE A-Bw(g)-(B/C)1-C >50 Cambisol, Haplic Stagnosol

Haplic Cambisol, Stagnic
ME Ap-Bw(g)-B/C-C 35-50 Cambisol, Haplic Stagnosol

SE Ap-(B/C)-C <35 Skeletic Cambisol,

Cambic Leptosol
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Table 3. Cont.

Site EC! Profile Stratigraphy  SD 2 AHT 3 WRB 4
Calcic Chernozem (Colluvic),
AC Ap-A-A/C-Ck >80 Calcic Kastanozem (Colluvic)
5 NE Ap-A-A/C-Ck 50-80 Calcic Chernozem
Sardice Calcic Chernozem
ME Ap-A/C-Ck 30-50 Calcic Kastanozem
Haplic Calcisol,
SE Ap-Ck <30 Calcic Kastanozem
AC Ap-A-Bw-C >40 Haplic Cambisol (Colluvic)
NE Ap-Bw-(B/C)-C >50 Haplic Cambisol
Nova Ves ME Ap-(Bw)-B/C-C 35-50 Haplic Cambisol
Skeletic Cambisol,
SE Ap-(B/C)-C <35 Cambic Leptosol
Haplic Luvisol (Colluvic),
AC Ap-A-Bt-C >50 Luvic Kastanozem (Colluvic),
Luvic Phaeozem (Colluvic)
Ji¢in AR : Haplic Luvisol,
NE Ap-A-Bt-(B/C)-C >60 Luvic Kastanozem
ME Ap-Bt-(B/C)-C 40-60 Haplic Luvisol
SE Ap-(B/C)-C >40 Haplic Calcisol

1 erosion class (AC—accumulated soils, NE—non-eroded soil, ME—moderately eroded soils, SE—severely

eroded soils); 2 30il depth in cm; 3 A horizon thickness in cm; 4 World reference base for soil resources 2014.

2.5.2. Assessment of Soil Properties for Erosion Classes Distinguishing

Each of erosion classes was consequently characterized by a range of values of distinctive soil
surface properties (soil erosion indicators, [30]) having specific spectral reflectance characteristics
that can be obtained using imaging spectroscopy (SOC, texture classes, CaCOs3 and iron oxides).
We presume that in ME and SE, the removal of topsoil and its mixture with subsoil leads to
qualitative and quantitative changes in surface soil properties manifested in spectral reflectance
characteristics [30,33,41,42,73]. However, the soil properties of deposited material can vary significantly
(both topsoil and subsoil material can be accumulated), strongly depending on site-specific conditions
(topography, parent material, soil properties of parental soil, type, intensity and frequency of erosion
events). This fact can significantly influence the information value of surface soil properties and
the corresponding reflectance data and their applicability in defining the AC class [71,73]. For this
purpose, thickness of A horizon was used as an additional indicator for the definition of this class.
The thickness was spatially predicted using the data from borings and derivatives of DEM (altitude,
slope, curvatures, catchment area, and topographic wetness index). The 5 x 5 m? resolution DTM
(DMR 4G®) distributed by Czech Office for Surveying, Mapping and Cadaster—CUZK, obtained using
laser scanning with a total mean height error of 0.3 m was used.

Soil properties applicability to distinguish individual erosion classes was analysed using multiple
range test (parametric and non-parametric, depending on statistics of normality and variability in the
set). Only the properties that showed significant differences in at least two erosion classes (by means
of unique confidence interval) were used for distinguishing the erosion classes. Soil properties which
achieved low prediction accuracy using hyperspectral image processing (R? < 0.5) were not used as
defining parameters.
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2.5.3. Classification of Spatial Data into Erosion Classes

Classification of erosion stages was carried out using fuzzy C-means (FCM) clustering
algorithm [74]. C-means function from R package e1071 [75] was used for clustering execution.
The method creates partitioning of dataset in multivariate space by maximizing similarity between
samples within the same cluster and dissimilarity among different clusters. The probability of cluster
membership of samples is computed. Final classification into classes is based on the highest probability.

Spatial data of previously selected soil properties derived from hyperspectral images and DEM
were used as input data layers. Initial cluster centres were determined as means of soil properties
values for defined erosion classes.

2.5.4. Validation of Results

Summarizing the validation of results was performed by confusion matrix. Overall and individual
class accuracy was obtained for all study sites. Since the independent samples were not available,
point data classes determined under the field campaign were used for the validation.

3. Results and Discussion

3.1. Descriptive Statistics of Soil Samples

Summary statistics and correlation matrix for the soil samples from the study sites are shown
in Tables 4 and 5. The SOC content analysis in topsoil has revealed differences among the study
sites. Low contents were observed at Ji¢in site (Luvisols), where values ranged from 0.7% to 1.41%
(mean 1.03%), the highest variability and low to high contents were observed at Sardice site (range
0.84%-2.62%, mean 1.44%). On the other sites (Cambisols) Nova Ves (range 0.56%-1.44%, mean 1.07%)
and Prestavlky (range 0.61%-1.88%, mean = 1.19%), the content of SOC is low to medium. The soil
texture analysis has revealed silt loam (partially silty clay loam) at Ji¢in site, prevalence of loamy soils
at Sardice site (locally more sandy or clayey), sandy loam and loam at Nové Ves and silt loam and
loam at Pfestavlky. CaCO3 content was analysed only on sites with loess parent material. At Ji¢in site,
presence of CaCO3 was identified only in 3 topsoil samples (~0.1%). At Sardice site, CaCOj3 content
varies from 0% to 10%. Fe oxides in soils extracted by two reagents (Feox and Feg;y,) were analysed
only on Cambisols sites. The content of both was identified higher at Pfestavlky site (Feox mean 0.77%;
Fegjyn, mean 3.59%) than at Nova Ves site (Fegx mean 0.21%; Feg;y, mean 1.24%).

Table 4. Descriptive statistics of soil properties measured in collected soil samples.

Site SOC (%) Sand (%) Silt(%) Clay (%) Feox (%) Feq(%)  CaCOj (%)
Mean 1.19 38.12 49.63 12.26 0.77 3.59
Prestavlky ~ Min 0.61 26.2 30.6 7.5 0.20 1.37
n=45 Max 1.88 59.0 615 20.1 2.19 7.38
SD 0.25 8.37 7.17 322 0.51 1.81
Mean 144 38.91 38.49 226 4.07
Sardice Min 0.84 152 27.5 142 0
=50 Max 2.62 58.3 49.1 483 10.0
SD 0.39 8.34 467 6.80 3.34
Mean 1.07 51.24 37.59 11.16 0.21 1.24
Novd Ves  Min 0.56 29.8 159 6.7 0.11 0.63
n="50 Max 1.44 77.2 56.6 24.7 0.60 2.37
SD 0.17 12.32 9.95 3.57 0.10 0.36
Mean 1.03 12.24 66.12 21.64 0.01
Jigin Min 0.70 7.7 52 14.2 0
=50 Max 141 182 75.0 325 0.1

SD 0.15 241 5.56 5.14 0.03
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Table 5. Correlation matrix of soil properties.

Site SOC Sand Silt Clay Feox
SOC
Sand —0.57 ***
. Silt 0.61 *** —0.93 ***
Prestaviky ¢y —0.04 —0.54 *** 0.18
Feox 0.6 *** —0.52 *** 0.55 *** 0.13
Feyq 0.58 *** —03* 0.39 ** —0.07 0.73 ***
SOC
Sand —0.26
éardice Silt —0.28 * —0.58 ***
Clay 0.51 *** —0.83 *** 0.02
CaCOj3 —0.74 *** —0.17 0.33 * —0.02
SOC
Sand —0.45 **
B Silt 0.45 ** —0.97 ***
Nové Ves Clay 0.3 * —0.75 %% (.57 ***
Feox 0.37 ** —0.65 *** 0.57 *** 0.67 ***
Feyq 0.18 —(0.53 *** 0.43 ** 0.61 *** 0.39 **
SOC
Sand 0.2
Ji¢in Silt -0.2 —0.39 **
Clay 0.13 —0.05 —0.9 ***
CaCO3 0.01 0.12 —0.31* 0.28 *

* correlation is significant at the 0.05 level; ** correlation is significant at the 0.01 level; *** correlation is significant
at the 0.001 level; non-signed values are non-significant.

3.2. Prediction of Soil Properties by Imaging Spectroscopy

Different multivariate techniques (ANN, PLS, RF, SVM) were used to predict soil properties
spatial distribution using raw spectroscopic data and data adjusted by different pre-treatment methods
(log, SG 1st, SG 2nd, CR and SNV). The results of multivariate modelling indicate different prediction
accuracy according to soil properties, number of soil samples used for calibration, study sites,
used multivariate technique and pre-treatment methods. Table 6 summarizes the results of calibration
and validation by prediction models with the highest accuracy according to lowest RMSEp values.
Values of R? and RMSE in training and validation sets for all models and different types of pre-treatment
are shown in Figure S1 (in supplementary material). Plots of measured vs. predicted soil parameters
for the validation datasets are given in Figure 3.

In summary, the best prediction accuracy was achieved for SOC content, where R? value in the
validation set ranged for the best models within sites between 0.8 and 0.91. Consequently, these models
yielded RMSEp between 0.07% and 0.12%. SOC is the most frequently predicted soil property using
hyperspectral imaging data. Reported values of R?> and RMSE for SOC prediction from previous works
are highly variable [37] and depend on many local conditions and used techniques (type of sensors,
corrections, site conditions, size of study area, number of samples etc.). Nevertheless, the prediction
of SOC distribution is generally successful thanks to good spectral response of SOC and the values
reported in similar studies (R?, ranged between 0.65 and 0.96) are comparable to our results [76-79].

Prediction accuracy of textural classes is highly variable among study sites and more variable than
in SOC prediction. R?, and RMSEp values vary between 0.21-0.67 R?, and 2.49%-9.04% RMSEp for
sand content, 0.4-0.92 Rzp and 2.75%-7.06% RMSEp for silt content and 0.38-0.89 R2p and 1.47%-2.88%
RMSEp for clay content. In general, lower value of R, for certain textural class was achieved at the
sites where its content is low. This is, for example, the case of Ji¢in site where a very low prediction
accuracy of sand (R%, 0.21) was assessed. Alternatively, the prediction accuracy of sand and silt
which are not spectrally active in VNIR-SWIR region can be influenced by a correlation between these
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properties and spectrally active properties (SOC, clay, CaCO3 and Fe forms). This is probable at Ji¢in
site where a good model performance for silt (R?, 0.92) can be given by its strong correlation with clay
(R2p 0.89) or at Sardice site where sand (R2p 0.67) is highly negative correlated with clay (R2p 0.89)
(Table 5). Another factor influencing the variability of the prediction accuracy can be a different level
of BRDF effect caused by diverse hyperspectral sensing conditions. This is valid for Pfestavlky and
Nova Ves sites where the BREFCOR corrections have not led to full elimination of BRDF effect. A high
variability of model performances was reported in several studies dealing with texture prediction by
RS [80-85].

Table 6. Accuracy of the best prediction models (the best performing model according to lowest

RMSEp values).
Site SOC Sand Silt Clay Feox Feq CaCOs
my2 SYMI ANN  SVMp  SVMr  SVMp SVMp
SG (2nd) log SG (1st) log log log
RZ, 0.92 0.88 0.88 0.91 0.99 0.63 -
: ff_e;tg‘/vék(i@ RMSE.,  0.08 2.92 278 134 005 110 :
R2p 0.83 0.61 0.40 0.38 0.73 0.78 -
RMSEp  0.12 5.87 5.05 1.96 0.44 1.10 -
RPD 2.08 142 142 1.64 1.16 1.65 -
SVM. PLSSG  SVMI ANN
1 p - -
BM™ sgasy  nd)  sGasy LB log
RZ, 0.87 0.80 0.53 0.90 - - 0.84
n1=36/12(48) RMSEq 017 3.55 3.08 1.90 - - 132
R2p 0.80 0.67 0.49 0.89 - - 0.82
RMSEp  0.16 5.06 3.82 2.88 - - 1.48
RPD 243 1.65 122 2.36 - - 2.26
gl SYMI ANN SMVl  ANNSG SVMr SVMr ]
SG (2nd) raw log (1st) log raw
R, 0.79 0.95 0.89 0.99 0.90 0.72 -
Lo /\ge(s37) RMSEs,  0.08 331 3.23 0.01 004 020 -
R2p 0.80 0.41 0.69 0.41 0.89 0.59 -
RMSEp 0.1 9.04 7.06 147 0.11 0.29 -
RPD 155 136 141 2.43 0.91 124 -
sl SYMp  SVMp  SVMI  SVMp ] ] ]
SG (2nd) raw snv raw
R?%y 0.90 0.01 0.89 0.98 - - -
1 ;lg}q s0) RMSEer 005 2.38 1.79 0.63 - - -
R2p 0.91 0.21 0.92 0.89 - - -
RMSEp  0.07 2.49 2.75 1.92 - - -
RPD 2.14 0.96 2.02 2.67 - - -

I humber of samples used for calibration and validation; 2 best performing model including multivariate

technique and preprocessing method.

Models dealing with iron oxides and CaCOs3 content performed with Rzp 0.73-089 for Fey,
0.59-0.78 for Fegq and 0.82 for CaCOj (only at site Sardice). Feoy, Feq (iron oxides in general) and CaCOj3
are only rarely studied soil properties by imaging spectroscopy. The high to moderate prediction
accuracy for Feoy, Feq and CaCOj is similar [84] or even better [86,87] in comparison to other studies.
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Figure 3. Comparison of predicted and observed values in the validation set of sampling points:
(a) SOC; (b) sand; (c) silt; (d) clay; (e) Feoy; (f) Feq; and (g) CaCOs. Colour of the points identifies the
study site: (red) Pfestavlky; (dark blue) Sardice; (light blue) Nové Ves; (green) Ji¢in.

In conclusion, the analysis showed that the distribution of soil properties in eroded landscapes can
be successfully predicted using the spectroscopic data. The prediction accuracy is adequate in majority
of sites and predicted properties; however, a significant worsening in the model performance was
observed in case of properties with low content [36]. Moreover, the presented models are locally-trained
(for few field blocks in maximum) which increase their prediction capability in comparison with similar
regional models [76].
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Figure 4. Spatial distribution of soil properties at the study sites based on multivariate prediction using
the best performing model.
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Methods of machine learning SVM (71% of cases) and ANN (19%) showed the best prediction
accuracy. At Sardice site, the PLS model (10%) showed the best accuracy for two textural classes
(similar to machine learning models). PLS technique has been traditionally used in many studies
dealing with soil spectroscopy and its ability to prediction of soil properties from spectral data was
proven, but with varying accuracy [36]. In this study, PLS models reveal slightly lower accuracy than
other methods, however not significantly worse. More recently, machine learning techniques have
been used in imaging spectroscopy [30,76,88-91]. Whereas ANN method is not so frequently used due
to the need of a large training dataset, training demands and a tendency to over-fitting, the SVM has
become the most frequent method overcoming the difficulties of the ANN technique [27]. Contrarily
to the mentioned ANN shortcomings, the tendency to over-fitting by ANN was not fully proven in
our study. The problem with over-fitting was observed in RF in all cases. This finding is in contrast
to Viscarra Rossel and Behrens [92] and it is most probably influenced by insufficient optimization
of model parameters by random search method for automatic search of parameter values. General
applicability of SVM as a robust model with low sensitivity to noise in data [76,89] and its ability to
predict soil properties across hyperspectral images with small amount of samples was proven in our
study as the SVM was the method of the first choice in the majority of predicted properties at the
study sites.

Regarding the spectra pre-treatment methods, significant differences of prediction accuracy were
not observed. The majority of the best performing models (33%) used the techniques of absorbance
transformations. Raw data (reflectance), SG (1st), and SG (2nd) were used in 19%, CR and SNV in 5%
of the finally selected models. The methods of pre-treatment performed better (according to R?) than
reflectance and absorbance data in case of SOC and Fe,y prediction at Pfestavlky and Nova Ves sites,
where the conditions of hyperspectral data acquisition were less favourable, which led to stronger
influence of BRDF effect. This effect can be highlighted at these sites by cementing effect of iron oxides
correlated to soil aggregation [36,93].

In case of other properties, the relationship between prediction ability and the use of
a pre-treatment method was not observed. Spatial distribution of all predicted soil properties for all
sites is shown in Figure 4.

3.3. Assessment of Soil Erosion Classes

Four erosion classes were distinguished on the study sites. The highest number of profiles was
identified as non-eroded (11 at Sardice, 29 at Pfestavlky, 30 at Ji¢in and 40 at Nova Ves) except for the
Chernozem site Sardice where 23 profiles were classified as strongly eroded soils. Moderately eroded
soils were identified in 5-8 cases at each site. Accumulated soil class was identified only at Sardice (9)
and Ji¢in (12) sites.

3.3.1. Assessment of Soil Properties for Erosion Classes Distinguishing

Results of selection and assigning soil properties to each erosion class are shown in the Table 7.
The table shows selected soil properties and their centres (means) used for erosion classes classification.
The performance and suitability of different properties for erosion classes’ classification are highly
variable at the study sites. In summary, the SOC content is applicable at every site except for Ji¢in,
where the difference in the values among erosion classes was not significant. At three study sites
(except for Ji¢in), SOC can be used for distinguishing of NE and SE class with significantly the highest
and lowest SOC content, respectively. Potential of SOC for ME classification is low. In contrast to
Schmid et al. [30] a Hill and Schiitt [42] who assessed the erosion stages in semi-arid climate, our study
showed difficulties in distinguishing the AC class using SOC content in topsoil. At Sardice site, the
SOC content in topsoil decreases in AC class. This is due to an advanced stage of erosion degradation
at the study site when loess is exposed in eroded parts of slopes and redeposited in the accumulation
positions [53,72]. Zadorova et al. [94] described this process as a retrograde soil development typical
for the most vulnerable loess regions with dissected relief. Moreover, the combination of preferential
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(interill erosion) and non-preferential (rill and tillage erosion) removal of soil material influences the
resulting variability of SOC distribution in topsoil [95-97].

Table 7. Class centres used for determination of erosion classes by fuzzy C-means method.

Site A Thick. SOC Sand Silt Clay Feox Feq CaCO3
NE * 1.22 SE 35 SE % SE % SE _
Prestavlky  ME * 1.17 37 SE *SE * SE _
SE * 1.10 NE 51 NEME * NEME * NEME _
AC 87 NE,ME,SE 1.32 ME,NE + ME,NE * 17 NE _ _ 4.6 MENE
. ) E 62 AC,ME,SE 1.94 AC,SE + AC * 26 AC _ _ 0.2 AC,SE
Sardice ME 31 ACNE 1.65 AC/SE « AC * 23 } ; 1.1 ACSE
SE 26 ACNE 1.18 MENE * AC * 23 _ _ 6.6 NEME
NE * 111 SE * ME,SE 41 ME,SE * ME,SE 0.23 SE 1.3 ME _
Novaves ME * 0.95 * NE 26 NE *+ NE 0.14 0.96 NE -
SE * 0.89 NE * NE 23 NE * NE 0.13 NE 1.01 -
AC 80 NE,ME,SE * 68 ME 20 ME _ _ _
NE 38 AC * SE 66 ME 21 ME - - -
Ji¢in ME 31 AC * 63 ACNE ¢ ACNE - -
SE 31 A€ * NE 65 27 - - -
ACNE,ME,SE

class with significantly different mean values in indicated erosion classes (Multiple Range Test
Method: 95.0% LSD); * soil properties with prediction accuracy from hyperspectral data R? < 0.5,—not analysed;
bolded values were used for erosion classes classification.

In case of texture, the classification potential of at least one textural class was proven at all the
study sites. However, the accuracy of prediction model for these properties did not reach required
limit of RZ; therefore, only sand at Pfestavlky, silt at Nova Ves and Ji¢in and clay at Ji¢in were used
for classification. At Pfestavlky site, SE was significantly different from NE and ME in sand content.
This result can be expected at sites with high sand content where the fine particles are selectively
removed from the eroded soils. At Nova Ves, high silt content can be used for distinguishing NE
class. AC class was significantly distinguishable from NE at Sardice site by clay content. Iron oxides
applicability was observed only at Nova Ves site.

CaCO; content was analysed only at Sardice site (only negligible amount was observed at
Ji¢in site), where it showed a good potential to distinguish AC class from NE and ME class. The AC
and SE classes were not significantly different, as the CaCOj3 content is similarly high due to truncation
of soil profile and admixture of loess in the plough layer in case of SE class and accumulation of
CaCO;-rich material in case of AC class. The study showed that the CaCO3 content can be used as an
erosion classes indicator only in regions with CaCOj-rich subsoil that is exposed at soil surface due to
A horizon removal or tillage, similarly to [30,33].

Due to poor results of tested soil properties in AC class distinguishing, we used A horizon
thickness as an auxiliary indicator at Sardice and Ji¢in sites, where the AC class was identified.
The A horizon thickness prediction using DEM modelling was previously successfully used in
Zadorova et al. [71,72] for identification of deep colluvial soils. In our study, the A horizon thickness
showed very good potential in AC distinguishing at both sites. It was also significant for NE class in
Sardice; at Jicin site, it did not differ significantly in any other class except for AC.

3.3.2. Classification of Spatial Data into Erosion Classes

Results of classification based on FCM and previously determined class centres are shown in
Figure 5. In total, 1.24 km? of strongly eroded soil was classified. This class is arranged in descending
order; 32.9% at Nova Ves, 29.1% at Sardice, 23.3% at Ji¢in and 16.9% at Ptestavlky. At Ptestavlky site,
the NE class (46.2%) followed by ME class (36.8%) cover the rest of the area. At Nova Ves site, the area
of moderately eroded soil (35.4%) exceeded the area of non-eroded soils (31.7%). At both localities,
SE class can be found only on the most exposed terrain position (in context of both water and tillage
erosion). The pattern of different erosion classes is more complex at Sardice and Ji¢in sites. The AC
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class is present mainly in the terrain concavities (side valleys) closely neighbouring to strongly and
moderately eroded soils at the back slopes (20.7% at Sardice; 13.6% at Ji¢in). Non-eroded soils were
classified in flat and nearly flat relief (plateaus) (22.0% at Sardice; 40.5% at Ji¢in). These findings are in
accordance with previous studies performed in regions with similar conditions. Zaddorova et al. [94],
Schmitt and Rodzik [98] or Terhorst [99] observed a high heterogeneity of soil cover, depth and SOC
stocks and a significant area covered by strongly eroded soils in Chernozem and Luvisol loess regions.
The Cambisol regions on crystalline rocks were typical in terms of less pronounced erosion evidences
with lower incidence of both accumulated soils and soils with severe erosion removal [71].
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Figure 5. Maps of erosion classes at the study sites as derived by means of fuzzy C-means method
using the mean values of selected soil properties as class centres: (a) Pfestavlky; (b) Sardice; (c) Nova
Ves; and (d) Ji¢in.

3.3.3. Validation of Results

The overall accuracy of erosion classes” classification varies across the sites (Table 8). High
accuracy was obtained in Sardice site (82%), moderate accuracy was obtained in Ji¢in site (67.3%).
Prestavlky and Nova Ves achieved 51.1% and 52.6%, respectively. This is regarded as a low accuracy.
Significant deficiencies of the spectral modelling were expressed in case of classification of two
classes of eroded soils (SE and ME). The most frequent classification error is in all sites linked with
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misclassification of moderately eroded class to non-eroded or to strongly eroded class or vice versa.
In general, the moderately eroded class achieved lowest values of both producer and user accuracy.
This problem was also reported in Schmid et al. [30] who identified the majority of misclassifications
in the moderately eroded class. According to the results of classes’ separability and model validation,
distinguishing two classes of eroded soils shows to be too detailed and classification of one class of
eroded soil would be sufficient as the two classes overlap in a number of soil properties. Distinguishing
transitional classes can be performed using the fuzzy classification and comparison of membership
in non-eroded and eroded classes. However, distinguishing of different classes of eroded soils can
be reasonable and bring good results (77% in overall accuracy) in certain conditions as was proven
by Schmid et al. [30] in a large, severely degraded semi-arid region on CaCOj3-rich parent material.
Zadorova et al. [94] reported similar degree of misclassification in case of slightly and strongly
accumulated soils at a Chernozem study site. The slightly accumulated soils showed the lowest overall
accuracy due to aggregating the properties of other classes.

Table 8. Confusion matrix of the erosion stages classification.

Observed Producer User Overal
Site Predicted AC NE ME SE  Accuracy (%) Accuracy (%) Agreement Rate
AC - - - - - -
. NE - 17 5 2 58.6 70.8
Prestavlky ME . 12 » 5 25 125 51.1%
SE - 0 1 4 50 80
AC 8 1 0 0 88.8 88.9
P NE 0 10 1 0 90.9 90.9 80
Sardice ME o 0 6 6 85.7 50 °
SE 1 0 0 17 73.9 944
AC - - - - - -
3 NE - 16 0 0 55.2 100 o
Nova Ves ME B 11 4 3 100 29 52.6%
SE - 4 0 0 0 0
AC 6 0 0 0 50 100
s NE 1 23 3 0 76.7 85.2 o
Jicin ME 0o 6 4 1 57.1 36.4 67.3%
SE 5 1 0 0 0 0

At Prestavlky site, two SE samples were classified as NE. The profiles are situated on the slope
with high amounts of rock fragments on the surface (up to 20%) and evidence of erosion features;
the misclassification to NE class is evident. At Nova Ves site, 4 NE soil profiles were classified as
SE. The pattern of eroded and non-eroded soils is very complex at this site, strongly depending
on the tillage erosion. The site is distinctive by abrupt change of soil depth within short distances.
Misinterpretation of erosion classes at this site can be therefore associated to an insufficient spatial
accuracy of input data (GNSS, hyperspectral, DEM) for the exact delineation of the soil variability at
short distances.

Few misclassifications between SE and AC classes were observed at Sardice (1) and Ji¢in (5) sites.
The misclassified points were situated near the inflex points of the slope where removal, transport and
sedimentation can act in dependence to the intensity and the type of erosion. The resulting surface soil
properties correspond to such a complex process and can overlap in the studied classes. This fact is
proven by the fuzzy membership that is evenly distributed to more erosion classes. Two samples in
the north part of Ji¢in site identified as AC were predicted as SE. This error can be again explained by
the mixed effect; the points are situated in the narrow transitional strip between Luvisol and gleyic
Chernozem nearby the stream.
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The validation of results showed high to moderate potential of used methods for erosion classes’
classification. In our study, the high applicability of spectral data is restricted to Chernozem and Luvisol
loess study sites (Sardice and Ji¢in). This can be attributed to two facts. The first is the homogeneity
of parent material and soil properties of former dominant soil cover at these sites, now changed by
erosion. The observed differences in the soil properties are then closely linked to erosion processes and
thus well performing in the prediction models. In contrast, the variability of soil properties at the sites
on heterogeneous crystalline and sedimentary rocks with more heterogeneous soil cover (Pfestavlky
and Nové Ves) is a result of more co-acting processes and local conditions and is not necessarily linked
to the soil erosion. The second factor is the intensity of the soil cover change due to erosion processes.
Erosion leads to extreme (Sardice) and significant (Ji¢in) redistribution of soil material at the loess
sites and results in development of severely degraded soils with truncated soil profile on one hand
and several metres deep colluvial soils on the other hand [53]. The particular erosion classes are then
very distinctive and form a specific soil mosaic. The intensity of soil erosion at Cambisol study sites is
less pronounced; the accumulation class has not been identified and SE class covers marginal areas.
Thus, the soil properties variability given solely by soil erosion is presumably less significant and the
soil pattern driven by erosion material transport is less evident. Similar results were reported by [71]
who compared the soil units and SOC stock prediction DEM based models in Chernozem, Luvisol and
Cambisol study sites with similar area. They reported a very good model performance in Chernozem
and Luvisol sites and a poor performance at the Cambisol site. The studies from semiarid regions
dealing with soil erosion stages prediction using spectral data [30,33] showed high accuracy of the
model, similar to the results at Sardice site. However, the comparison is not fully relevant according to
differences in site area and conditions.

4. Conclusions

The study demonstrates the potential of different soil properties predicted using hyperspectral
data for the assessment of soil degradation by erosion at four pedologically different study sites
influenced by soil redistribution due to accelerated erosion. The erosion impact at the study sites was
evaluated by distinguishing four erosion classes representing different stages of soil redistribution
by erosion.

The study showed that: (i) soil properties prediction can be successfully performed using spectral
data and adequate prediction method; and (ii) selected soil properties are applicable for the assessment
of soil degradation by erosion. The selected predictive properties, best performing predictive methods
and classification models accuracy differed in the study sites. The accuracy of classification models was
influenced by variability of soil units and parent material. The presented approach was successfully
applied in Chernozem and Luvisol loess regions where the erosion classes were assessed with good
overall accuracy (82% and 67%, respectively). The model performance in two Cambisol regions
was rather poor (51%-52%). At study sites with less pronounced soil degradation, the restriction of
the erosion classes from four to three can bring better results. However, at severely degraded sites,
the limited number of classes may lead to a significant loss of information and decrease in models’
applicability in conservation management. The sites with heterogeneous soil properties and parent
material will require more precise local-fitted models and use of further auxiliary information such as
terrain or geological data.

The key requirement for a successful use of hyperspectral data in soil predictive modelling is
the application of high quality input spectral data with precisely performed corrections and limited
influence of physical factors. The approach presented in the study can be applied exclusively on
bare soil. Thus, the direct observation is in case of temperate agricultural regions limited to periods
with minimum vegetation cover. More images from different periods are needed to cover wider
areas. The study sites selected for the study and the periods of viewing were chosen with aim to
minimize the roughness, wetness and non-photosynthetic vegetation cover. Further research is needed
to find effective methods to filter out these factors and facilitate the use of hyperspectral imaging at
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regional scale, especially in context of increased use of no tillage farming. Implementation of satellite
hyperspectral sensors as well as further research on application of multi- and super-spectral sensors
represent other effective tools in application of presented approach.

The applicability of the presented approach at the global scale has considerable limitations.
To develop and apply a global model of a reasonable accuracy, utilizable for management purposes,
similar conditions (atmospheric, surface roughness etc.) within the flight campaigns or a very precise
image pre-processing (namely the elimination of the BRDF effect) are needed. Thus, regional models
performed at a watershed scale or at a level of a geologic/pedologic/agricultural region represent,
from the practical point of view, a more applicable option as a reasonable accuracy of the models can
be provided more easily.

The presented approach promise, mainly at the local a regional scale, to produce valuable data on
actual soil degradation, present structure of soil cover and redistribution of soil properties due to soil
erosion, that will be usable for soil conservation policy purposes. The acquired data can be directly
used by farmers for adjustment of management practices according to the level of soil degradation by
erosion. At present, such information on real erosion impact on different soils is not available in the
required detail and quality.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/9/1/28/s1,
Figure S1: R2 and RMSE of prediction models for training and validation datasets by study site, multivariate
technique and pre-treatment method.
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ABSTRACT

Soil Organic Carbon (SOC) is a useful representative of soil fertility and an essential
parameter in controlling the soil dynamics of various agrochemicals. Soil texture is also used
to calculate soil ability to maintain water for plant growth. SOC and soil texture are important
parameters of agricultural soils and need to be monitored. Optical satellite remote sensing is
a well-suited technique for surveying large areas and monitoring soil attributes at a high
spatial and temporal interval. The recently-operated Sentinel-2 freely provides the possibility
of useful and routine land observation with the combination of high resolution, novel spectral
capabilities and wide coverage. This study examined the capability of Sentinel-2 in SOC,
clay, silt and sand monitoring and digital mapping to compare to the results obtained from
airborne hyperspectral and lab spectroscopy over the bare soils of four agricultural sites in
the Czech Republic. Soil samples were scanned with an ASD FieldSpec spectroradiometer
in the laboratory. Hyperspectral data from CASI/SASI sensors were also acquired over the
study areas. Smoothing, pre-processing, modelling, validation and final prediction
performance assessment of the datasets were determined. Two cloud-free Sentinel-2 images
were atmospherically corrected and resampled. Combination of 10 extracted bands of the
Sentinel-2 and 18 spectral indices as independent variables were used to train the model.
Prediction models of the soil attributes were developed and validated. Additionally spatial
distribution maps of the attributes were produced. The results showed that the prediction
accuracy based on lab spectroscopy, CASI/SASI airborne and Sentinel-2 in the majority of
the sites was adequate for SOC and fair for clay. However, the Sentinel-2 capability was not
satisfactory for silt and sand assessment. Comparing the SOC and clay maps derived from
the airborne and spaceborne datasets showed a relatively similar trend at both platforms. The
SOC maps confirmed that in areas with high levels of SOC, Sentinel-2 was able to create the
SOC map even more precisely than the airborne sensors. In general, Sentinel-2 showed a
slight decrease of model performances compared to lab spectroscopy and airborne imagery,
but it offers large spatial coverage and more frequent revisit-time, which will considerably
influence obtainment of high-quality soil data.

Keywords: Agricultural soil; Spectroscopy; Hyperspectral data; Superspectral sensor;
Digital soil mapping.

1. Introduction
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Understanding variability of soil attributes allows the improvement of environmental and
agricultural management as well as a more effective usage of resources. The qualitative
information of available soil maps is often not adequate for site-specific management of
water and fertilizers (Castaldi et al., 2016). For these purposes, the quantitative assessment
and mapping of important soil attributes such as soil texture, Soil Organic Carbon (SOC),
soil Nitrogen (N) and soil Moisture Content (MC) over the field is essential.

The emersion of proximal and remote sensing techniques has been documented as efficient
detection methods for assessing and mapping soil attributes (Ben-Dor et al., 2002a; Viscarra
Rossel et al., 2006). Proximal sensing is defined as the use of different sensors to obtain
signals from the object when the sensor’s receiver is in contact with or close to (within 2 m)
the object (Viscarra Rossel et al., 2010). However, remote sensing has been explained as
using electromagnetic radiation in order to acquire information about an object or
phenomenon without physical contact (Elachi and Van Zyl, 2006). The spectral resolution of
the aforementioned optical sensors largely depend on the numbers, sampling and position of
bands. The multispectral sensors offer 3 to 7 bands, the superspectral sensors offer 7 to 20
bands, the hyperspectral sensors offer from 20 to 500 bands and the ultraspectral sensors
offer more than 1000 bands. Laboratory Visible-Near Infrared-Short Wave Infrared (VIS-
NIR-SWIR) spectroscopy using ultraspectral sensors proved to be a suitable alternative
substitute for conventional laboratory analysis of soil chemical parameters including SOC (Ji
et al.,, 2015), N, Phosphorus (P), Potassium (K), Cation Exchange Capacity (CEC), pH
(Viscarra Rossel et al., 2006) and some physical parameters such as soil structure, bulk
density and texture (Bellon-Maurel et al., 2010; Gholizadeh et al., 2014). Several researchers
have also studied the potential of hyperspectral airborne sensors to attain quantitative

assessment of soil parameters. Some have used the HyMap sensor to predict SOC content



(Selige et al., 2006) and soil texture (Gomez et al., 2008). For this purpose, other
hyperspectral airborne sensors such as DAIS-7915 (Ben-Dor et al., 2002b), AHS-160
(Stevens et al., 2010), MIVIS (Casa et al., 2013), CASI and SASI (Zizala et al., 2017) have
also been employed.

The application of multispectral and superspectral satellite remote sensing data into soil
monitoring and digital mapping have advantages over proximal and airborne hyperspectral
remote sensing including improvement of Signal to Noise Ratio (SNR), availability of high-
quality temporal images, comprehensive monitoring of large-scale sites, better classification
of results and data reduction (Gianinetto and Lechi, 2004; Yokoya et al., 2016). Over the last
several years, analysis of data obtained from optical spaceborne techniques derived from
various hyperspectral, multispectral and superspectral sensor imagery has proven to be an
efficient way to assess surface soil characteristics (Castaldi et al., 2016; Danoedoro and
Zukhrufiyati, 2015; Gomez et al., 2018; Vagen et al., 2016; Zhang et al., 2013). The large
frequent data streams provided by spaceborne sensors enables the development of soil
monitoring and mapping techniques from the local to the regional scale in an effective, fast,
frequent and economical way for vast areas (Berger et al., 2012; Malenovsky et al., 2012).
However, the use of satellite data in quantitative soil estimation is still challenging due to
considerable limitations of some of these sensors. For example, Hyperion data suffer due to
the very low SNR in the SWIR region especially around 2200 nm, where the spectral features
of clay minerals are located (Castaldi et al., 2016) or Landsat-8 has low temporal resolution
that brings inefficiency with regard to providing optimal acquisition time images and time-
series studies (Immitzer et al., 2016).

The recently-operated European Space Agency (ESA) superspectral Sentinel-2A was

successfully launched on 23 June, 2015. Sentinel-2 offers exceptional perspectives on land



with a combination of wide coverage (swath width of 290 km), spatial resolution (10-60 m),
and minimum five-day global revisit-time (with twin satellites in orbit) (Drusch et al., 2012;
Immitzer et al., 2016). Sentinel-2 produces useful information for a wide range of land
applications (Malenovsky et al., 2012). Some simulation studies have been conducted to
explore the potential of Sentinel-2 for a variety of land surface parameter estimations. For
instance, Van der Meer et al. (2014) assessed the potential of Sentinel-2 for geological
mapping by simulating a dataset from HyMap airborne hyperspectral image using Sentinel-
2 band characteristics. They confirmed the capability of Sentinel-2 for presenting data
endurance for ASTER in terms of generating reproducible and consistent data, which can
differentiate surface mineralogy. Mielke et al. (2014) studied the potential of OLlI,
synthesized Sentinel-2 and then synthesized EnMap data for mapping the mining areas. They
proved that these data had potential for soil monitoring and mapping. However, these
findings need to be confirmed by real data. Castaldi et al., (2016) used simulated Sentinel-2
data to estimate and compare SOC and soil texture prediction models with Hyperion,
HyspIRI, EnMAP, PRISMA, Landsat-8 and ALI retrieved models. They showed that
Sentinel-2, Hyperion and Landsat-8 provided higher accuracies than the other sensors. The
experiment conducted by Van der Werff and VVan der Meer (2016) in southeast Spain was a
pioneering study in terms of using Sentinel-2 actual data, which showed that the Sentinel-2
mission could provide data continuity for Landsat-8 OLI, when exploring mineralogy at the
Earth’s surface.

Clearly, using Sentinel-2 real data requires to be expended in order to prove its capability for
various soil attributes monitoring and mapping worldwide. To this end, the main objectives
of the current study on the superspectral Sentinel-2 actual data for soil parameters prediction

and mapping in central Europe are assessment of Sentinel-2 capability in SOC and soil



texture monitoring and mapping and comparison of the accuracy of the spaceborne results
with results obtained from other domains, laboratory spectroscopy and airborne
hyperspectral. We strongly expect that this direction will pave the way for using remote

sensing technology from orbit for frequently monitoring soil properties over vast areas.

2. Materials and methods

2.1. Study sites

Four study sites, Piestavlky, 0.73 km? (49°51' N; 14°44'E), Sardice, 1.76 km? (4856 N; 17°1’
E), Novd Ves, 1.17 km2 (5031 N; 15°24' E) and Ji¢in, 0.93 km? (50721 N; 1515 E),
demonstrate the most extensive soil units of agricultural lands in the Czech Republic and
were chosen for this study (Figure 1). The areas are primarily rural and devoted to winter and
spring cereals, oilseed rape, maize and potatoes. The selected sites were representative of
soilscapes, which were homogenous and similar in terms of terrain characteristics, land
management and the climatic conditions (Buol et al., 1973; Schmidt et al., 2010). They were
also characterized by dissected relief with side valleys, toe-slopes, plateaus and back-slopes.
Land management included long-term tillage, no conservation practices, plough depth of 25

cm and 5 to 6 courses rotation based on the Norfolk system.



agr

0 100w
| )

—— —r el -
$loge ) 130 16'0 150

Figure 1. Location of the study areas (yellow borders)

According to the World Reference Base (WRB) for soil resources (IUSS Working Group

WRB, 2014), soils of these regions were characterized mainly as Chernozems and Luvisols

on loess, Cambisols and Stagnosols on crystalline and sedimentary rocks. Table 1 shows the

study sites and data collection details.

Table 1. Study sites and data collection details

Site Are;"‘ Dominant Soil Unit Parent Material Samples SO'I. Alrbo_rne Supers_pectral
(km?) (no.) Sampling Imaging Sentinel-2
Haplic Stagnosol, Prgt?e Topzl(?i)é (;fn d
Piestavlky  0.73 Haplic and Stagnic - 50 6.11.2015 7.5.2015 27.3.2016
. Paleozoic rocks
Cambisol, Leptosol . U
(schist, granodiorite)
Sardice 1.76 Calcic Chernozem Pleistocene loess 50 6.4.2016 21.9.2015 27.3.2016
Permian-
Nova Ves 1.17 Haplic Cambisol Carboniferous rocks 50 26.5.2016  22.4.2016 6.5.2016
(sandstone, siltstone)
Luvisol, Albic
Ji¢in 0.93 Luvisol, Luvic Pleistocene loess 50 5.5.2016 22.4.2016 6.5.2016
Chernozem

2.2. Ground sampling and soil measurements

Two-hundred soil samples were collected using conditioned Latin Hypercube Sampling

(cLHS) stratified random strategy (Minasny and McBratney, 2006). Regarding field size and



the chosen sampling and analysing algorithms (Kuang and Mouazen, 2012; Ramirez Lopez
et al., 2014), the selected sample size had sufficient coverage of the predictor space and was
a suitable indicator for the population in which the models were applied. The position of each
sampling point was recorded by a GeoXM (Trimble Inc., Sunnyvale, California, USA)
receiver with accuracy of 1 m. The soil samples were taken at 0-10 cm depth as composite
samples over an area of 6 x 6 m, air-dried, ground and sieved (<2 mm) and thoroughly mixed
before analyzing (1SO 11464:2006). SOC was measured as total oxidized carbon using wet
oxidation (1ISO 14235:1998). Additionally, soil particle size distribution was obtained by the

pipette method (ISO 11277:2009).

2.3. Laboratory reflectance measurements

Spectral reflectance was calculated across the 350-2500 nm wavelength range using an ASD
FieldSpec 11l Pro FR spectroradiometer (ASD Inc., Denver, Colorado, USA) with a high
intensity contact probe. The spectral resolution of the spectroradiometer was 2 nm for the
region of 350-1050 nm and 10 nm for the region of 1050-2500 nm. Moreover, the radiometer
bandwidth from 350-1000 nm was 1.4 nm while it was 2 nm from 1000-2500 nm. The
instrument ran for about 30 minutes to allow the spectrometer and lamp to warm. Soil
samples were placed in 9 cm diameter petri dishes and formed 2 cm layers of soil. This was
done to avoid beam reflectance from the bottom of the dish due to down-welling solar and
sky radiation penetrating into the soil at approximately 1/2 the wavelength (Jensen, 2007),
which could have an unwanted effect for modifying the soil spectra. Samples were levelled
off using a stainless steel blade to guarantee a flat surface flush with the top of the petri dish
as a smooth soil surface ensures maximum light reflection and a high SNR (Mouazen et al.,

2005). We measured all spectral readings in the centre of the samples (3 replications each)



in a dark room to avoid interference from stray light. The spectroradiometer was optimized
using a white Spectralon™ (Lab-sphere, North Sutton, New Hampshire, USA) prior to the
first scan and after every six measurements (Shi et al., 2016). For each soil measurement, 30

spectra were averaged to improve SNR.

2.4. Hyperspectral airborne imaging spectrometers data acquisition and pre-processing

Hyperspectral data from VIS-NIR (370-1040 nm) CASI (ltres Ltd., Calgary, Canada) and
SWIR (960-2440 nm) SASI (ltres Ltd., Calgary, Canada) sensors were acquired over the
study area. The Field-Of-View (FOV) for both sensors was 40°. Sensors collected data in 72
spectral bands in the VIS-NIR with a Full Width at Half Maximum (FWHM) of 10 nm
(CASI) and 100 bands in the SWIR with FWHM of 15 nm (SASI). The flight campaigns
employing Cessna 208B Grand Caravan aircraft took place on bare soil during dry conditions
(minimum of five days after the last rain). The soils of the study areas were ploughed and
harrowed before seeding and were without vegetation or litter. Details of individual flight

campaigns can be seen in Table 2.

Table 2. Individual aerial hyperspectral campaigns

Site ADT Sz SA FA N. of Strips FH SR
Piestavlky 7.5.2015 10:23 45° 131° 218° 1 ~ 2060 1/2
Sardice 21.9.2015 10:52 54° 144° 143° 1 ~ 2575 1.2/31
Nova Ves 22.4.2016 11:45 49° 153° 185° 2 ~ 2266 1/27
Ji¢in 22.4.2016 11:15 47 142° 159° 3 ~ 2266 1/2.7

ADT: Acquisition Date and Time (GMT+1), SZ: Solar Zenith, SA: Solar Azimuth, FA: Flight Azimuth, FH:
Flight Height above ground (m), SR: Spatial Resolution of CASI/SASI (m).

Flying Laboratory of Imaging Systems (FLIS) was operated by Global Change Research

Institute of the Czech Academy of Science located in Brno, Czech Republic and conducted



the data acquisition and pre-processing (atmospheric and geometrical corrections) (Hanus et
al., 2014, 2016). The radiometric correction was carried out by calibration parameters
obtained in the laboratory using the RadCorr (Itres Ltd., Calgary, Canada). To remove the
noisy effects introduced by atmospheric influences and to convert the radiance units to
reflectance units, the MODTRAN Radiative Transfer Model (RTM) incorporated into the
program ATCOR-4 (ReSe Applications Schlapfer Inc., Zurich, Switzerland) was employed.
Algorithm BREFCOR was chosen as a way to decrease the effects of the Bidirectional
Reflectance Distribution Function (BRDF) (Schlapfer et al., 2014). The geometric correction
and geo-referencing of images were performed using the Geocor (Itres Ltd., Calgary,
Canada) based on the recorded data by the on-board GPS/IMU sensors and Digital Elevation
Model (DEM-DMR 4G® with 5 x 5 m? resolution). Before processing, images were
resampled to 6 m spatial resolution. To isolate the bare soil areas, Normalized Difference
Vegetation Index (NDVI) was used to mask with threshold of 0.2. Moreover, noisy or
troublesome spectral bands on the edge of spectra were also removed. Therefore, 49 bands
for CASI (400-750 nm and 770-880 nm) and 53 bands for SASI (1000-1080 nm, 1200-1300
nm, 1490-1770 nm and 2060-2370 nm) were retained. Spectral data extraction from data
cubes as well as other data manipulation were obtained using the R software (R Development

Core Team, Vienna, Austria).

2.5. Superspectral satellite data pre-processing and indices retrieval

Two cloud-free Sentinel-2 images (Level-1C processing) were downloaded from ESA
Sentinels Scientific Data Hub according to the closest dates for field samplings (Table 1).
The processing Level-1C includes geometric and radiometric corrections with subpixel

accuracy (European Space Agency, 2015). The Sentinel-2 Level-1C was atmospherically



corrected with ESA’s Sen2Cor processor, which was integrated in the Sentinel Application
Platform (SNAP) tool (Shoko and Mutanga, 2017). As Vuolo et al. (2016) described,
Sen2Cor correction is based on the application of Look Up Tables (LUTS), which were pre-
calculated using the libRadtran radiative transfer routines (European Space Agency, 2016).
The nearest neighbor resampling was used since it is computationally efficient and preserves
the input image pixel values (Roy et al., 2016) from the original Bottom of Atmospheric
(BoA) 20 m spatial resolution to the 10 m resolution of Sentinel-2 bands.

Analysis was performed using two sets of remote sensing variables including 10 extracted
bands of Sentinel-2, which are widely used to assess soil properties (Elhag and Bahrawi,
2017; Grinand et al., 2017; Maynard and Levi, 2017; Sanchez et al., 2015) and 18 calculated
spectral indices as covariates, which are expected to improve the prediction capability. Soil
optical properties are mainly influenced by four major factors in remote sensing, which
includes mineral composition, soil moisture, organic matter content and soil texture.
Therefore, in order to indirectly retrieve variables through inter-correlation between target
variables, different groups of spectral indices including vegetation indices (which are
sensitive to organic matter content), water indices (which are sensitive to soil moisture) and
bright-related indices (which are sensitive to soil texture) were calculated (Ben-Dor et al.,
2002b). The employed spectral indices were Normalized Differences Vegetation Index
(NDVI), Transformed Vegetation Index (TVI), Enhanced Vegetation Index (EVI), Soil
Adjusted Total Vegetation Index (SATVI), Soil-Adjusted Vegetation Index (SAVI),
Moisture Stress Index (MSI), Green Normalized Difference Vegetation Index (GNDVI),
Green-Red Vegetation Index (GRVI), Land Surface Water Index (LSWI), Transformed Soil
Adjusted Vegetation Index (TSAVI), Modified Soil Adjusted Vegetation Index (MSAVI),

the Second Modified Soil Adjusted Vegetation Index (MSAVI2), Weighted Difference



Vegetation Index (WDVI), Brightness Index (BI), the Second Brightness Index (Bl2),
Redness Index (RI), Colour Index (CI) and Vegetation (V). The formulas to derive these
indices are shown in Table 3, details of the Sentinel-2 bands used in this study can also be

seen in Table 4. SNAP was used to extract the values of bare soil pixels at the sampling

locations.



Table 3. Derived indices detail

Index Definition Definition based on Sentinel-2 Details Reference
NDVI pNIR — pRed B8 — B4 i Rouse et al.
pNIR + pRed B8 + B4 (1974)
pNIR — pRed ) 12 B8 - B4 1/2 Nellis and
TVI - - - - h
(pNIR + pRed +05 * 100 (38 + B4 + 0'5) x 100 Briggs (1992)
EVI G pNIR — pRed G B8 - B4 G=2.5, C1=6, C2=7.5, Huete et al.
PNIR 4+ C1 x pRed —C2 x pBlue + L B8+C1 X B4—C2 x B2+1L L=1 (2002)
pSWIR, — pRed pSWIR, B11 — B4 B12 Marsett et al.
SATVI X(1+L)-— _—— - — L=1
pSWIR, + pRed + L a+L BrizBa+l TP -3 (2006)
NIR — pRed) X (1+1L -
SAVI (b pRed) x (1+1) (B8 — B4) x (1+1) L=05 Huete (1988)
pNIR — pRed + L B8 — B4+ L
MSI pSWIR, B11 i Rock et al.
pNIR BS (1985)
pNIR — pGreen B8 — B3 Gitelson et al.
GNDVI pNIR + pGreen B8 + B3 ) (1996)
G — pRed B3 — B4
SRVI pGreen — pRe 3 - Tucker (1979)
pGreen + pRed B3 + B4
Lswi pNIR — pSWIR, B8 — B11 ) Xiao et al.
pNIR — pSWIR; B8 — B11 (2004)
a=Soil line intercept
TSAVI s(pNIR —s X pRed — a) s(B8—s X B4 —a) s=Soil line slope Baret and
(ax pNIR + pRed —a X s+ X X (1+sX5)) (@axB8+B4—a Xs+Xx(1+sX5s)) X=Adjustment factor to  Guyot (1991)
minimize soil noise
(1+L)(pNIR — pRed) (1+L)(B8—B4) Qietal.
_ L=1-2 DVIXWDVI
MSAVI (oNIR + pRed + L) (B8 + B4+ L) *NDVEWDV (1994a)
MSAVI2 2% PNIR+1— /(2 xpNIR +1)2 -8 X (opNIR — pRed) 2x B8+1— /(2xB8+1)2—-8 x (B8 B4) Qietal.
5 > (1994b)
B8 Clevers
WDVI pNIR — C X pRed B8 —C x B4 €= (1989)
Bl J(pRed x pRed) + (pGreen X pGreen) (B4 x B4)+ (B3 x B3) i Escadafal
> > (1989)
BI2 J(pRed x pRed) + (pGreen x pGreen) + (pNIR X pNIR) J(B4 x B4) + (B3 x B3) + (B8 x B8) ) Escadafal
3 3 (1989)
RI pRed X pRed B4 x B4 i Pouget et al.
pGreen X pGreen X pGreen B3 x B3 X B3 (1990)
I pRed — pGreen B4 - B3 i Pouget et al.
pRed + pGreen B4+ B3 (1990)
NIR
v P b8 - Hill (2013)

pRed B4




Table 4. Technical details of Sentinel-2 bands used in this study
Spectral Range  Spectral Position Bandwidth Spatial Resolution SNR

Band (nm) (nm) (nm) (m) (at Lref)
B2 458-523 490 65 10 154
B3 543-578 560 35 10 168
B4 650-680 665 30 10 142
BS 698-713 705 15 20 117
B6 733-748 740 15 20 89
B7 773-793 783 20 20 105
B8 785-900 842 115 10 174
B8a 855-875 865 20 20 72
BIl  1565-1655 1610 90 20 100
Bl2  2100-2280 2190 180 20 100

(European Space Agency, 2010)

2.6. Data pre-processing, modelling and prediction performance assessment

Analysis of relationships between spectral data and soil properties was performed using digital soil
mapping method. Spectral reflectance data were used as predictors in multivariate regression
models and selected soil properties data as response variables. One local prediction model per site
was built to analyze the influence of site conditions to predict accuracy.

Data from laboratory and airborne imaging sensors were pre-processed before modelling. Murray
(1988) mentioned that removing outliers improves prediction accuracy. Therefore, the outliers of
the lab spectra were left out using the principle of Mahalanobis distance (H) (Gomez et al., 2012;
Mark and Tunnell, 1985; Shenk and Westerhaus, 1991), applied on PCA-reduced data. The H
statistic recognized outliers, whose spectra were different from other samples that made up the
calibration set (Cozzolino and Moron, 2006). In the present study, the number of removed outliers
from laboratory, airborne and spaceborne datasets were 0-1, 1-4 and 2-4, respectively (depending
on the property). Before using the data in calibration models, the 1 derivative was used as a spectra
pre-processing algorithm. The 1% derivative transformation is very effective for removing baseline

offset. According to some researchers, the 1% derivative transformation gives the best results and



uppermost accuracy among other techniques (Duckworth, 2004; Gholizadeh et al., 2015a, 2015b).
In this study, before all laboratory spectra treatments, the noisy portions between 350-399 nm and
2451-2500 nm were eliminated and the spectra were subjected to Savitzky-Golay smoothing with
a second-order polynomial fit and 11 smoothing points (Ren et al., 2009; Song et al., 2012) in order
to remove the artificial noise caused by the spectroradiometer.

Modelling, validation and final prediction performance assessments were conducted by applying
the same methods for all domains. Spectral modelling was done using Support Vector Machine
Regression (SVMR) with radial basis kernel. The concept of SVMR follows a different approach
of supervised learning and its algorithm is based on the statistical learning theory (Vohland et al.,
2011). It has been shown to strike the right balance between accuracy attained on a given finite
amount of training patterns and an ability to generalize unseen data (Kovacevic, 2009). The
techniques are able to approximate nonlinear functions between multidimensional spaces (Stevens
et al., 2010). It also has the capability to derive a linear hyperplane as a decision function for
nonlinear problems, which can be considered another reason for the method’s selection (Araujo et
al., 2014; Boser et al., 1992). Model performance was assessed through 5-fold cross-validation of
the training set (75% of samples). Division of the training set was used for fitting models and a
validation set was measured by random stratified sampling. The grid search method was employed
for selecting the best parameters of models. A single model with the smallest Root Mean Squared
Error (RMSE) value was chosen for subsequent confirmation of the validation set. The final
accuracy prediction was determined using Root Mean Squared Error of Prediction (RMSEp) and
Ratio of Performance to Deviation (RPD) (Castaldi et al., 2018). RPD is the ratio between the
Standard Deviation (SD) of the reference method against that of the RMSE, (Hbirkou et al., 2012;
Stevens et al., 2008). In this study, the classification system below recommended by Chang et al.

(2001) was used. RPD < 1.0 shows a very poor model and it is not recommended while 1.0 <RPD



< 1.4 expresses a poor model, where only high and low values are detectable. On the other hand,
1.4 < RPD < 1.8 indicates a fair model, which may be used for evaluation and correlation.
Additionally, 1.8 <RPD < 2.0 represents a good model, where quantitative predictions are possible
and 2.0 < RPD < 2.5 displays a very good quantitative model while RPD > 2.5 means an excellent
prediction. For the spectra pre-processing, package Prospectr, and the prediction modelling
procedure, e1071 and caret packages of the R software (R Development Core Team, Vienna,

Austria) were employed.

2.7. Soil attributes mapping

Once the models were validated, an important step was the spatial prediction of soil attributes using
different datasets, which reflects important information of the soil condition. The obtained
regression models were applied on all spatial data (mask by bare soil) with the purpose of predicting
spatial variability of selected soil attributes and creating the geospatial raster dataset. Final maps
of soil properties were produced using QGIS software (QGIS Development Team, 2009, QGIS

Geographic Information System).

3. Results
3.1. Soil attributes descriptive statistics and correlations
General statistical results of soil properties from different study sites including mean, minimum,

maximum, SD and Coefficient of Variation (CV) are shown in Table 5.

Table 5. Statistics description of soil properties
Parameter socC Clay Silt Sand
(%)
Prestavlky (n=45)
Mean 1.19 12.26 49.63 38.12
Min 0.61 75 30.6 26.2




Max 1.88 20.1 61.5 59

SD 0.25 3.22 7.17 8.37

CV (%) 21 26 14 22
Sardice (n=50)

Mean 1.44 226 38.49 38.91
Min 0.84 14.2 275 15.2
Max 2.62 48.3 49.1 58.3
SD 0.39 6.80 4.67 8.34
CV (%) 27 30 12 21

Nova Ves (n=50)

Mean 1.07 11.16 37.59 51.24
Min 0.56 6.7 15.9 29.8
Max 1.44 24.7 56.6 77.2

SD 0.17 3.57 9.95 12.32
CV (%) 16 32 26 24

Jitin (n=50)

Mean 1.03 21.64 66.12 12.24
Min 0.70 14.2 52 7.7
Max 141 325 75 18.2
SD 0.15 5.14 5.56 241
CV (%) 15 24 8 20

Study sites were significantly different in the case of SOC content of topsoil. Low SOC contents
(mean = 1.03 %) were observed at Ji¢in site (Luvisols). However, the highest mean contents were
seen at Sardice (mean = 1.44 %). On the Cambisols sites, Nova Ves (mean = 1.07%) and Pfestavlky
(mean = 1.19%), the SOC contents were low to medium. The soil texture analysis showed silty-
loam and loam at Pfestavlky, loamy soils at Sardice (locally sandier or clayey), sandy-loam and
loam at Nova Ves and silty-loam (partially silty-clay-loam) at the Ji¢in site. The samples displayed
a narrow range of silt, particularly in Ji¢in (52%-75%). However, they widely varied in the case of
sand and clay content. A comparison of attributes’ CV showed that among all parameters, clay had
the highest CV, especially in the Nova Ves and Sardice sites, 32% and 30%, respectively. In
contrast, sand in Ji¢in had the lowest CV (8%), which shows that its distribution is more
homogenous than other parameters.

Matrix correlations were represented to obtain soil properties correlated to each other for every
location (Table 6). Pearson’s 2-tailed test for soil parameters correlations showed that SOC did not
have any significant correlation with other soil properties in Ji¢in but it had a significant correlation

with all other properties in Nova Ves. In this location (Nova Ves), significant correlation was seen



among all parameters. However, the interrelationship of sand with other parameters was negative.

The highest correlation coefficient value of parameters was r =-0.97 for the correlation of sand and

silt in Nova Ves.

Table 6. Correlation matrix of soil properties

Site Parameter soC Clay Silt Sand
soC -0.04"s 0.61" -0.51™"
. Clay -0.04"s 0.18™ -0.54™"
Prestavlky . s -
Silt 0.61 0.18m™ -0.93
Sand -0.51™" -0.54™" -0.93™"
soC 0.51"" -0.28" -0.26m
.. Clay 0.51"" 0.02" -0.83™"
Sardice . . .
Silt -0.28 0.02" -0.58
Sand -0.26m -0.83™" -0.58™"
{e]e: 0.3 0.45™ -0.45™
Nové V Clay 0.3 0.57™ -0.75™"
ovaves silt 045~ 057 -0.97
Sand -0.45™ -0.75™" -0.97"
soC 0.13" -0.2m 0.2
Clay 0.13m -0.9™ -0.05m
Ji¢in ) - -
Silt -0.2m -0.9 -0.39
Sand 0.2 -0.05m -0.39™

" non-significant, *correlation is significant at the 0.05 level, **correlation is
significant at the 0.01 level, ***correlation is significant at the 0.001 level

3.2. Soil variable prediction using laboratory data

The assessment of soil parameters using the laboratory spectroscopy provided good results. All soil

properties (except silt in Sardice, SOC in Nova Ves and sand in Ji¢in) were predicted with RPD

higher than 1.47 (Table 7), which are classified as fair to excellent (SOC and clay in Ji¢in with

RPD > 2.5) models. The statistical accuracy obtained using laboratory spectroscopy measurements

indicated that, for the soil parameters under study, laboratory proximal level predictions could give

a reasonable indicator based on spectra from soil samples. According to the criteria of minimal

RMSE;, and maximal RPD, SOC and clay in Ji¢in with RMSE, = 0.07 and 0.80, and RPD = 2.93

and3.46, respectively, which were considered as the best predicted variables across the different



locations. Overall, the results gained in our lab proved the potential of spectral data for soil texture

and SOC estimation in the examined regions.

Table 7. Performance of prediction at different domains

Laboratory Hyperspectral Airborne Superspectral Spaceborne

Site Parameter RMSE., RMSEp RPD bias RMSE.w RMSE, RPD bias RMSE.y, RMSEp, RPD  bias

SOC 0.12 0.14 1.77 0.03 0.12 0.12 2.05 -0.02 0.14 0.14 1.60 0.03

. Clay 1.93 2.20 1.47 1.16 1.24 1.56 2.05 -0.59 2.87 3.05 127  -0.44
Prestavlky .

Silt 3.77 4.40 1.63 2.02 3.46 5.15 1.40 0.21 571 6.28 1.13 -1.89

Sand 3.69 4.50 1.86 -0.60 3.82 6.35 1.32 -0.59 5.93 8.22 1.02  -0.95

SOC 0.16 0.17 2.13 0.09 0.10 0.20 1.80 0.08 0.23 0.24 170  0.07

. Clay 1.21 2.35 2.05 -1.92 1.47 2.31 2.06 -0.67 3.37 3.47 1.05 -1.13

Sardice Silt 3.74 377 124 -0.06 3.63 363 123 059 427 431 114 -0.28

Sand 4.07 4.09 2.04 1.92 3.17 3.20 2.50 -0.65 5.63 5.96 089 -0.75

SOC 0.08 0.12 1.29 -0.02 0.11 0.13 1.26 0.02 0.08 0.09 173 001

Novi Ves Clay 0.68 1.18 2.08 0.15 1.32 2.25 1.09 0.13 2.51 2.83 155  0.69

Silt 3.56 5.57 1.78 -2.25 4.86 7.36 1.35 -2.44 7.01 8.46 1.10 -1.18

Sand 3.77 6.92 1.78 -2.02 4.98 7.95 1.38 -1.28 7.28 9.15 1.14 -2.78

SOC 0.07 0.07 2.93 0.01 0.06 0.09 1.78 0.03 0.08 0.08 1.92  0.02

- Clay 0.53 0.80 3.46 -0.31 1.66 1.98 1.77 -0.45 1.96 2.57 1.89 1.62

Jicin silt 1.68 248 225 102 2.26 241 240 081 368 390 143 -0.23

Sand 4.64 6.11 1.10 0.38 4.93 6.58 1.03 0.42 5.33 7.54 091 094

3.3. Soil variable prediction using hyperspectral airborne data

Hyperspectral airborne data were used for predicting the selected soil properties (SOC, clay, silt

and sand). The results of calibration and validation by prediction models with the highest accuracy

according to the lowest RMSE, and the highest RPD values have been summarized in Table 7.

Prediction for SOC and clay indicated good predictive models with values of RMSE, ranging from

0.09 to 2.98 and RPD ranged from 1.77 to 2.06 for all locations except Nova Ves, which was the

only location with relatively low RPD. Compared to Sardice and Nova Ves, Pfestavlky and Ji¢in

indicated better results except for sand, which showed very low RPD values especially in Ji¢in.

Generally, estimating soil characteristics from the hyperspectral airborne sensors indicated that



airborne systems with high spatial and spectral resolution were well-adapted to soil assessment

applications in our study area.

3.4. Soil variable prediction using superspectral satellite data

Table 7 also presents the results of SVMR modelling of soil properties using superspectral Sentinel-
2 data. The estimation of soil variables provided rather good results for SOC in all locations, which
was predicted with RMSE, < 0.24 and RPD > 1.60. The statistical accuracy obtained for other
parameters was lower compared to those obtained for SOC. In this case, the clay estimation model
also showed satisfactory prediction accuracy in the Ji¢in site with Luvisol soil. Table 7 shows that
with the exception of the model for silt prediction in Ji¢in from superspectral data, the estimation
accuracy of silt and sand was very low in all locations. This highlights the fact that the superspectral

data from Sentinel-2 were not appropriate for assessing silt and sand in the current study.

3.5. Soil spectral reflectance pattern and models accuracy assessment using different platforms

The average spectral responses of soil samples from three different platforms in all locations are
presented in Figure 2. It can be clearly seen that the spectral shape and position at all three spectra
did not show any noticeable difference. However, spectra based on the lab spectroscopy
demonstrated apparently higher albedo intensity and reflectance values relative to the hyperspectral
airborne and superspectral spaceborne reflectance based on measurement on dried and grounded
samples. The difference between hyperspectral airborne and superspectral spaceborne reflectance
was influenced by sensing slightly different surface conditions based on the dates of acquisition
(Table 1). There were also some differences in reflectance values among study areas, due to the

location’s soil characteristics.
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Figure 2. Average spectra of soil samples as measured by lab spectroscopy, hyperspectral
airborne and supersepectral spaceborne at different locations

Scatterplots in Figure 3 show the results of predicted versus observed selected soil attributes using
three platforms datasets over different locations. The difference in predicting SOC among various
platforms in this study was not that obvious in different study areas (except slightly in Sardice,
between the laboratory and other domains) based on all RMSEP, and RPD parameters and
scatterplots (Figure 3 and Table 7). Visually, a rather non-significant different pattern can be seen
in clay prediction of Prestavlky and Nova Ves based on Figure 3. All platforms datasets for clay
showed overall a similar and acceptable pattern. However, a relative difference is obvious between
laboratory and Sentinel-2 data, which appeared in Sardice and Ji¢in. There were significantly more
scatters in prediction of silt and sand, especially in Nova Ves and Ji¢in, when Sentinel-2
superspectral images were used. For the three studied datasets in the current study, the results

improved with increased spectral resolution from the superspectral to the ultraspectral instruments.



Laboratory Ultraspectral Aerial Hyperspectml Satellite Superspectral
25
2.0
® . e, 7o
1.5~§ A * ; i
3 - 0 o
1.0 )
.00
0.51
5 10 15 20 2505 10 15 20 2505 10 15 20 25
L ]
301 o
. VA
° b4 fo *
. 02" Jo
7 ) o 8/ a0
204 5, - A
z - o2
(@] o %
S e
is) » o ‘. P o
101 1] > ()
0
” 0 10 20 30 0 10 20 30 0 10 20 30
k=) 9,
3 o :
B
& 60 = ot
® SO0 s O a
- < 1..
o o
40.% o Lo ‘. ° g
s » .ﬁ’ o] o .:
3 o ®
204
20 40 60 20 40 60 20 40 60
80
.‘
60 & 3 5 Y (%"
~EMY ZNE o8 'o‘\
0l B 3 - o 687 X i
401 2 N :
2 ° v
20
0.
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Observation

Dataset @ test * train  Test Site ® Prestavlky # Sardice ® Nova Ves # Jicin

Figure 3. Predicted versus observed soil attributes using different platform data over different
locations



3.6. Spatial distribution of SOC and clay using hyperspectral airborne and superspectral satellite
data

The resulting spatial distribution maps of SOC and clay (the properties with adequate prediction
accuracy in this study) derived from the hyperspectral airborne and superspectral satellite data are
illustrated in Figures 4 and 5. In general, from airborne to satellite data, the same tendency and a
coherent spatial distribution were observed. Even the Sentinel-2 with lower spectral and spatial
resolution clearly highlights the different values of SOC and clay contents.

Figure 4 shows that the maps based on Sentinel-2 data displayed low and minimum SOC values
while also detecting the high and very high classes of SOC in Ptestavlky and Sardice with higher
SOC mean value (Table 5) in contrast to the CASI/SASI soil mapping. On the other hand, in
Sardice the Sentinel-2 predicted higher values of SOC (> 2.3%) in the northern and western parts
of the field, which could not be classified with airborne data. This trend did not work for clay maps
in Sardice and did not work for Sentinel-2 nor for airborne CASI/SASI. Additionally, clay contents
with more than 40% were not detectable using the data (Figure 5). However, the lowest predicted
values of SOC as well as low and medium predicted clay contents showed a relatively similar trend

at both platforms.
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Figure 5. Spatial distribution of clay at the study sites using hyperspectral airborne (left) and
superspectral satellite data (right)



According to the SOC maps developed from both airborne and spaceborne sensors at Nova Ves
and Ji¢in (study sites with low mean values of SOC), the low range of 0.5% to 1.3% occupied the
majority of the areas. The moderate values of SOC (1.5% to 1.7%) were detectable only in the map
based on CASI/SASI airborne in Jicin, which were concentrated in small plots in the south of the
site. On the other hand, both airborne and spaceborne sensors could detect the low SOC classes but
Sentinel-2 failed to characterize high levels of SOC in sites with generally low SOC content.
However, the general trends in spatial distribution of maps based on CASI/SASI and Sentinel-2
were still similar not only in SOC maps but also in clay maps. Therefore, Sentinel-2 was able to
differentiate various classes of SOC and clay. Maps based on superspectral satellite data performed
well and were reliable for SOC and clay mapping. However, in SOC maps based on Sentinel-2,

maps were more consistent in areas with a high level of the soil attribute.

4. Discussion

Table 5 shows that soil texture influences the SOC content, which is in agreement with Schlecht-
Pietsch et al. (1994) and Wang et al. (2010) results. Higher SOC contents can be seen in sites with
higher clay amounts (except in Ji¢in) such that increased clay contents were related with increased
aggregation or aggregate stability. This means that with increased soil aggregation, the storage of
SOC is influenced by clay blocking organic materials and making them unreachable for degrading
organisms (Plante et al., 2006). Saffin-Hdadi and Mary (2008) also mentioned that clay content
can protect SOC from decomposition, which means higher clay contents may bring higher SOC
concentrations. Nevertheless, other soil factors such as pH or nutrient content influences SOC
content too. The samples showed a narrow range of silt particularly in Ji¢in (Table 5). Although,

they widely varied in the case of sand and clay contents. The extensive range of clay can be related



to the high variability of the parent material in the region. Large differences were also noticed when
looking at clay content as a function of soil type (Stevens et al., 2010).

Correlation of soil properties for every location (Table 6) were displayed among all locations and
only in Nova Ves, each parameter had significant correlation with all the other properties.
Relationships between SOC and soil texture have been widely studied (Konen et al., 2003; Wang
et al., 2010). However, Goidts and VVan Wesemael (2007) investigated the change of SOC during
50 years in agriculture and found soil texture did not correlate to SOC and was not the driving
factor of SOC change. According to McLauchlan (2006), soil texture may not be significantly
correlated to SOC accumulation rates after cessation of agronomic production. Generally,
correlations between various soil properties can be explained as the combined effects of climate
factors and pedological and lithology processes (Wang et al., 2010).

The prediction performance of ultraspectral laboratory spectroscopy for the studied parameters was
promising (Table 7). Clay and SOC are the most frequently and successfully predicted soil
properties using spectroscopy data (Gholizadeh et al., 2013; Gholizadeh et al., 2016; Wetterlind
and Stenberg, 2010). Presented values of RMSE and RPD for SOC prediction performance from
other studies are highly variable since they are collected with different protocols, sampling
techniques, sample preparation, instrument specifications, spectral acquisition and analytical
algorithms, which can severely affect spectroscopic models (Ben-Dor et al., 2015; Gholizadeh et
al., 2017). Nonetheless, the clay distribution prediction is usually successful due to good spectral
response of the parameter. Adeline et al. (2017) mentioned that the correlation of clay with iron,
which is a parameter with very good prediction performance and an active spectral feature, likely
plays an important role in maintaining acceptable prediction results. In addition, clay content is
controlled by chemical (clay mineralogical abundance) and physical (clay granulometry)

influences, which may help find more fundamental wavelengths in calibration (Adeline et al.,



2017). Prediction for SOC and clay using hyperspectral airborne data also indicated good predictive
models (Table 7) except in Nova Ves, which can be related to the low mean value of SOC and clay
particles. These are 1.07% and 11.16%, respectively, in the location (Table 5). The same RPD
accuracy range for SOC predictions was found in the literature (Selige et al., 2006; Stevens et al.,
2010; Uno et al., 2005). However, due to the large variation of SOC contents, RMSE; values were
higher in our study. For instance, Stevens et al. (2010) obtained RMSE; as low as 1.7 for SOC
measurement using Partial Least Square Regression (PLSR) algorithm and the AHS-160 (Caravan
International Ltd., New York, USA) sensor in the 430-2450 nm range over an area in Belgian
Lorraine, Luxembourg. Table 7 also showed that the prediction results of sand in Ji¢in was very
weak, which may refer mainly to the low mean value of sand in this region. Therefore, a good
prediction of sand seems rather difficult to obtain in this area with silty or silty-clay soils. In other
words, a good local prediction is relatively problematic to gain in this area, where both silty and
clay soils are found to have very different spectral characteristics (Table 5). Casa et al. (2013)
explored the relationships between spectral data from corresponding pixels of MIVIS image and
soil texture using PLSR model. The results provided a model with intermediate prediction accuracy
(1.4 <RPD < 1.8) for sand and clay using MIVIS with high spatial and spectral resolution. Since
PLSR is a linear model and the relationship between soil parameter and reflectance is possibly non-
linear, it is difficult to obtain a good calibration especially a global calibration. Yet such problems
can be solved using the SVMR model, which has the capability to approximate a non-linear
function between multidimensional spaces by utilizing their kernel-based approach (Stevens et al.,
2010).

According to Table 7, the Sentinel-2 images provided relative satisfactory results for estimating
SOC and clay in all locations. However, the silt and sand could not be effectively estimated based

on the superspectral Sentinel-2 data. Castaldi et al. (2016) also investigated the potential of



Hyperion, Landsat-8 and Sentinel-2 satellite imagers for predicting SOC and soil texture from the
European Land Use Cover Area frame Statistical Survey (LUCAS) spectral library and another
dataset from central and southern Italy (PONMAC). The statistical accuracy attained using the
LUCAS library was low and only the clay estimation model using Hyperion data showed suitable
prediction accuracy with RMSE = 7.98 and RPD = 1.62. However, in PONMAC dataset, Sentinel-
2 simulated data provided the best results among the imagers for all properties except for silt. One
of the parameters that affects prediction performance of soil attributes with weak or no spectral
features is their correlation with spectrally active attributes. Therefore, the prediction accuracy of
silt and sand, which are not spectrally active, are extremely dependent on their correlation with
spectrally active parameters such as SOC and clay (Gholizadeh et al., 2016; Zizala et al., 2017).
This is likely at the Ji¢in site, where weak model performance for sand can be related to non-
significant correlation of this parameter with SOC and clay (Table 6). The low mean value of sand
particles (12.24%) in this location can be an additional reason.

As can be seen in Figure 2, the average spectral responses of soil samples from three different
platforms in all locations are characterized qualitatively by observing the positive and negative
peaks, which occur at specific wavelengths. Due to the presence of the same spectrally active
properties in all locations, the spectra of all soil samples were similar (Gholizadeh et al., 2015b).
All sensors showed reflectance baseline values with absorption features at 1400 nm and 1900 nm,
which may be due to the O-H of hygroscopic water. At 2300 nm, this can be assigned to clay
minerals and organic matter (Araujo et al., 2014). However, some differences in reflectance values
and albedo intensity of different sensors were obvious. According to Pimstein et al. (2011),
differences in soil condition, particularly soil humidity status during the data acquisition in various

domains might affect the spectral response. Soil moisture has a significant effect on the



composition and amount of reflected and emitted energy from a soil surface, which reduces the
reflectance over the entire spectrum (Nocita et al., 2013).

The scatterplots in Figure 3 show that the differences in prediction capability of all platforms for
SOC (except slightly in Sardice, between the laboratory and other domains) and clay (except in
Sardice and Ji¢in between laboratory and Sentinel-2 data) was not that obvious. However, the
sensors’ performance in parameters prediction especially for silt and sand decreased in spectral
resolution from the ultraspectral laboratory-based to the hyperspectral and superspectral remote
measurements. The main reason can be attributed to the spectral information content of the sensors.
Furthermore, according to Gomez et al. (2018), the differences between the laboratory
spectroscopy and imaging data measurements including light sources, instrumental noise, spatial
resolution, atmospheric condition and purity of the pixels may clarify these variations. In addition,
since the actual remote sensing data are influenced by several factors including soil roughness, soil
humidity and crop residues of various locations, this difference in predictions can be interpretable.
In other words, imaging spectra may have turbulences, which alter the spectra quality and diminish
the enactment of prediction when the spectral resolution is reduced (Gomez et al., 2018). For
instance, Friedel et al. (2017) used reflectance spectroscopy and Hyperion satellite imagery for
tropical soil estimates in Brazil. They proved that clay-rich soils monitoring was possible using
both techniques even though some issues such as shadow existence limited the performance of
satellite images. Peon et al. (2017) and Rocha Neto et al. (2017) obtained the same trend about the
effect of sensors’ spectral resolution for detecting of SOC and soil salinity, respectively. Moreover,
Steinberg et al. (2016) compared the potential of HyMap airborne and simulated EnMap
spaceborne. They confirmed that, even though both sensors reasonably predicted SOC and clay,
the spaceborne compared to the airborne domain showed a slight decrease in prediction accuracy,

which may be linked to atmospheric correction and spatial resolution. According to Ben-Dor et al.



(2009), Laghacherie et al. (2008) and Zhang and Zhou (2016), the lower prediction capability of
satellite data is mostly associated with environmental conditions, the data collection situation and
the different surface variables interpreted from satellite data at the temporal and spatial data scales.
Laghacherie et al. (2008) stated that improvement in performance of airborne and spaceborne
platforms could be seen in the future using superior techniques for radiometric and atmospheric
corrections of the data.

The maps of SOC and clay created by hyperspectral airborne and superspectral satellite data in
various study areas (Figures 4 and 5) showed generally similar trends in spatial distribution. The
superspectral Sentinel-2 in Piestavlky and especially in Sardice, which had higher levels of SOC
contents, was capable of not only displaying low and minimum SOC values, but also detecting
high and very high classes of SOC that could not be classified with airborne data. The averaging
effect of a larger pixel size might be responsible for this trend (Steinberg et al., 2016). Conversely,
in study sites with low mean values of SOC (Nova Ves and Ji¢in), both airborne and spaceborne
sensors could predict low SOC levels. However, Sentinel-2 was unsuccessful at depicting high
levels of SOC (Figure 4). This difference between aerial and satellite maps might be due to
differences in acquisition date, existence of clouds, masking techniques or better masking effects
(Immitzer et al., 2016; Steinberg et al., 2016) as well as uncertainties from atmospheric correction
in spaceborne data (Richter et al., 2011). Nevertheless, the lowest predicted SOC contents as well
as low and medium predicted clay values highlighted a reasonably similar pattern at both platforms.
Better monitoring and mapping over bare soils, more reliable prediction performance and higher
accuracies can be expected by optimum selection of image and by employing multi-temporal data
(Castaldi et al., 2016; Li et al., 2015; Wulder et al., 2015). In general, estimating soil characteristics
from the superspectral Sentinel-2 supported the validity of comparing Sentinel-2 models to the

airborne models. These results can be interpreted if the SNR, which usually is lower in



hyperspectral sensors than superspectral ones, partly reimburses the disadvantage of the lower
spectral resolution (Castaldi et al., 2016). Higher spatial resolution of airborne sensors is also
considered a plus. However, the large spatial coverage and a frequent revisit-time of Sentinel-2
may compensate these limitations.

It should be noted that there are still some limitations in using spaceborne data, which are mainly
associated with the data acquisition condition (e.g. atmospheric attenuation, vegetation-covered
soils and plant litter), interpretation of different surface variables from satellite data at the temporal
and spatial data scales (e.g. spectral mixing) and lack of standardization and an agreed-upon

protocol. Therefore, further work is needed to deal with the abovementioned limitations and issues.

Conclusions

In this study, the performances of lab spectroscopy along with airborne and spaceborne spectral
imaging to derive selected soil parameters (SOC, clay, silt and sand) were analyzed and compared
in agricultural sites of the Czech Republic. The main aim was to assess the potential of
superspectral Sentinel-2 satellite for predicting and mapping the attributes. The prediction accuracy
based on lab spectroscopy, airborne and spaceborne techniques in the majority of the sites was
adequate for SOC and fair for clay. However, the prediction capability of the Sentinel-2 approach
for silt and sand was not satisfactory. Laboratory and airborne data at a smaller scale and higher
spectral resolution provided better results. Comparing the spatial distribution maps of SOC and
clay derived from the airborne and spaceborne data showed a similar trend at both platforms. The
SOC maps also confirmed that, in areas with a high level of SOC, Sentinel-2 was able to detect
SOC more precisely than the airborne sensors. However, a decrease in the model and map
performances was clear in the case of parameters with low contents. The findings of the current

research showed that superspectral Sentinel-2 allows for the estimating and mapping SOC and clay.



The study also emphasized the importance of the superspectral Sentinel-2 data in soil characteristic
assessments with a frequent revisit-time over larger areas than is currently done with laboratory
and airborne instruments. Certainly, the repeatability of the Sentinel-2 products is still a work in
progress and with the Sentinel-2B, a revisit-time of five-day and the temporal frequency of cloud-
free acquisitions will be further increased. Accordingly, much more data will be freely available in

the near future, which will have a significant influence obtaining high-quality soil data.
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Data on the real extent of soil that is degraded by erosion represent important information Received 26 December 2017
for the purposes of conservation policy. However, this type of data is rarely available for large Revised 9 April 2018

areas. A remote-sensing-based method for identifying of eroded areas at the regional scale Accepted 27 May 2018

has been tested using a combination of time series of free access Sentinel-2 image data, KEYWORDS

airborne orthoimages and ground-truth data. The unsupervised classification ISODATA of the Soil erosion; remote sensing;
Sentinel-2A images has been performed. The minimum distance method has been applied for Sentinel-2; orthoimage;

the assignment of unsupervised classes to four erosion classes using the ground-truth data. unsupervised classification;
The automatic classification of eroded soils achieved an overall accuracy of 55.2% for three Chernozem

distinguished classes. An accumulated class has been eliminated as no unsupervised classes

were assigned to this erosion class. A simplified classification of two classes (strongly eroded

and other soils) reached an accuracy of 80.9%. The overall accuracy of the simplified

classification increased to 86.9% after the visual refinement using orthoimages. This study

shows the potential of the tested approach to produce valuable data on actual soil degrada-

tion by erosion. The limitations of the method are related to the soil cover variability, masking

effect of clouds, vegetation or litter and the spectral separability of individual classes.

Introduction The erosion risk differs significantly in different
soils and geological regions. Our study is located
in the Chernozem region in southern Moravia,
which is one of the most threatened areas in the
Czech Republic (Novotny et al, 2016; Zizala,
Kapicka, & Novotny, 2016). Based on the empiri-
cal models, 84% of the arable land in this region
is under threat from water erosion and approxi-
mately 86% is under threat from wind erosion.
The first study on tillage erosion performed in the
study area (Hrabalikova et al., 2016) also showed
a significant impact of this form of erosion on the
degradation of the soil cover.

Several studies based on field assessments and
measurements of soil erosion indicate a discre-
pancy between modelled values and real field or
plot data (Evans, 1998, 2013; Prasuhn, 2011;
Zizala et al., 2016). The results point out consid-
erable uncertainty in the quantification of real soil
erosion. Moreover, the model-based approaches
show a limited potential in the assessment of the
erosion intensity and the spatial extent of
degraded soils, namely, due to internal drawbacks
of models and inaccuracy and uncertainty in the
input data. However, despite a long-term criticism
of empirical models by erosion scientists
(Boardman, 2007; Evans & Boardman, 2016a,

Soil erosion that causes the loss of a high-quality
soil material is perceived as one of the most
problematic and visible forms of soil degradation
both in Europe (Boardman & Poesen, 2006; EEA
& JRC, 2010; Grimm, Jones, & Montanarella,
2002; Panagos et al., 2016; Stolte et al., 2016)
and on a global scale (FAO and ITPS, 2015).
The total rate of actual soil erosion and the real
extent of eroded areas, however, are often known
only at the local scale based on the information
from spatial limited field campaigns (Evans, 2013;
Verheijen, Jones, Rickson, & Smith, 2009). At the
regional and global scales, information on soil
erosion is available only in the forms of potential
erosion risk, expert-knowledge estimations or
computations using empirical models of potential
soil loss rates (Novotny et al., 2016; Panagos
et al, 2015). The validation using field data is
usually limited (Evans, 2013). According to the
calculations of the potential erosion risk, water
erosion threatens more than 50% of the arable
land in the Czech Republic (Novotny et al.,
2016). More than 10% of the arable soils are
endangered by wind erosion (Podhrazska,
Kucera, Chuchma, Stfeda, & Stfedovd, 2013).

CONTACT Daniel Zizala 8 zizala.daniel@vumop.cz @ Research Institute for Soil and Water Conservation, Zabovfeska 250, Prague, Czech Republic

© 2018 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.


http://orcid.org/0000-0002-7685-7604
http://orcid.org/0000-0001-9380-7986
http://orcid.org/0000-0002-0848-0075
http://orcid.org/0000-0002-5654-1522
http://www.tandfonline.com
http://crossmark.crossref.org/dialog/?doi=10.1080/22797254.2018.1482524&domain=pdf

2 D. ZIZALA ET AL.

2016b; Favis-Mortlock, Boardman, & MacMillan,
2001), their application is, due to the lack of
reliable and accessible data on real erosion, cur-
rently essential for soil conservation policy pur-
poses. Thus, applicable and cost-effective methods
for real erosion assessment and monitoring are
necessary. Methods based on remote sensing pro-
mise to be suitable for this purpose; the remote
sensing represents a cost-effective tool applicable
at the regional scale.

Remote sensing has been used in erosion studies
for acquiring input data for erosion models, for an
indirect assessment of soil erosion using the analysis
of vegetation cover and for a direct identification of
erosion features and soil degradation stages (Luleva,
2013; Shoshany, Goldshleger, & Chudnovsky, 2013;
Vrieling, 2007). Indirect methods commonly provide
input data for erosion models, whereas direct meth-
ods enable identification and delineation of indivi-
dual erosion features (rills, gullies and sediment
depositions) (Fadul, Salih, Imad-Eldin, & Inanaga,
1999; Martinez-Casasnovas, 2003), or eroded and
accumulated areas (Alatorre & Begueria, 2009;
Fulajtar, 2001; Kolejka & Manakos, 2000; Sarapatka
& Netopil, 2010).

The basic principle of the identification of
eroded and accumulated (AC) soils is based on
the assumption that the spectral reflectance of
eroded or AC soils has different attributes than
non-eroded (NE) “healthy” soils. These differ-
ences are caused by changes in the chemical and
physical properties of the upper layer of soils due
to the processes connected with soil removal, soil
transportation and accumulation (Chabrillat et al,,
2014; Chappell, Zobeck, & Brunner, 2005;
Conforti et al., 2013; Dematté & Focht, 1999;
Lin, Zhou, Wu, Zhu, & Dang, 2014; Schmid
et al.,, 2012, 2016; Zizala, Zddorovd, & Kapicka,
2017). Soil properties affected by erosion pro-
cesses that have a spectral response in soil spectra
at the same time can be identified as spectral soil
erosion indicators. These properties are either
affected by the preferential removal and transpor-
tation of light surface particles, such as soil
organic matter content and soil texture (Schmid
et al.,, 2016), or are related to the removal of
topsoil and its mixture with subsoil, such as the
content of carbonates (Curzio & Magliulo, 2010b;
Zizala et al, 2017), content of iron oxides
(Chabrillat, 2006; Frazier & Cheng, 1989; Lin
et al., 2014; Mathieu, Cervelle, Rémy, & Pouget,
2007), or content of coarse fragments (Hill,
Mégier, & Mehl, 1995; Hill, Mehl, & Altherr,
1994; Hill & Schiutt, 2000). The possibility and
accuracy of the delineation of eroded soils using
spectral images is highly dependent on the inten-
sity of the erosion processes on the one hand, and

on the corresponding changes in the spectral
characteristic of disturbed soils on the other hand.

Remote sensing methods, traditionally used for the
detection of eroded areas, include the visual interpre-
tation of aerial images based on the interpretation of
the soil colour and its changes related to the erosion
processes (Fulajtar, 2001; Fulajtar, Jenco, & Saksa,
2016; Servenay & Prat, 2003). Recently, the progress
in satellite data and digital RS utilization, including
computer pre-processing of images (Fulajtar, 2001;
Kolejka & Manakos, 2000; Sarapatka & Netopil,
2010) and the development of automatic classifica-
tion methods (Alatorre & Begueria, 2009; Curzio &
Magliulo, 2010a;  Martinez-Casasnovas,  2003;
Mohammadi & Nikkami, 2008), has enabled the ana-
lyses of larger areas in a time-saving manner, and the
quantification of the classifications’ accuracy.
Spectra-based per-pixel classification methods are
easily implemented (Li, Zang, Zhang, Li, & Wu,
2014). However, their application can be problematic
in cases of a significant, within-class spectral varia-
bility and mixture effect of different surfaces, parti-
cularly in conditions of a highly heterogeneous soil
cover. Fulajtar (2001) noted that additional ancillary
data is needed for the classification of erosion pat-
terns with required accuracy, and other authors have
also recommended a combination of automatic clas-
sification approach and visual interpretation (Bacova
& Krasa, 2016; Pilesjoe, 1992; Sarapatka & Netopil,
2010; Smetanovd, 2009). The application of the fuzzy
classification (Meléndez-Pastor, Pedrefo, Lucas, &
Zorpas, 2017), the spectral mixture (sub-pixel) analy-
sis (Haboudane, Bonn, Royer, Sommer, & Mehl,
2002; Rabah & Farah, 2016; Schmid et al., 2016) or
the object classification (“spatio-contextual” image
classification) (Mayr, Rutzinger, Bremer, & Geitner,
2016; Nobrega et al., 2006; Wang, Huang, Du, Hu, &
Han, 2013) represents another solution to overcome
the above mentioned difficulties related to the pixel-
based methods (Li et al., 2014). Simultaneously, using
higher resolution data in the spectral domain (hyper-
spectral data) promises an increase in the accuracy of
the classification of erosion-degraded soils (Chabrillat
et al., 2003, 2014; Haubrock, Chabrillat, & Kaufmann,
2004, 2005; Hill et al., 1994; Schmid et al., 2016;
Zizala et al, 2017). The further development and
wider application of this method can be expected
with the forthcoming spaceborne hyperspectral sen-
sors, such as German EnMAP, Italian PRISMA,
Japanese HISUI, Israel-Italian SHALOM or Chinese
TianGong-1 (Dematté et al., 2015). So far, multispec-
tral Landsat series and SPOT data or high resolution
data, such as IKONOS and QuickBird have been the
most commonly used satellite data in soil erosion
research (Luleva, Van Der Werff, Van Der Meer, &
Jetten, 2012; Sepuru & Dube, 2017; Vrieling, 2006).
Newly launched satellites, such as Landsat-8 and



Sentinel-2 with their improved spectral, radiometric
and spatial characteristics provide freely available
multi-temporal data suitable for soil erosion map-
ping. The verification of their applicability is cur-
rently required.

Despite the progress in the classification methods
and development of new types of optical sensors, the
still-existing gaps in our knowledge limit a regular
use of these methods for the assessment of eroded
soils.

Several main limitations can be distinguished: (i)
Assessment of large areas with field plots character-
ized by varying soil conditions (soil moisture, soil
roughness, soil covered with vegetation, litter, dust
or soil crust). It is necessary to use a multi-temporal
approach and methods enabling a reduction of these
effects. So far, most of the studies have focused on
local scale assessment (Sepuru & Dube, 2017), and a
substantial progress at regional and global scaled
research is needed. (ii) Indispensability of precise
atmospheric corrections and masking of the clouds
and their shadows. (iii) Heterogeneity of environ-
mental settings, especially of the soil cover structure
(occurrence of different soil types and parent mate-
rial,  historical  human-induced  disturbances
(Zadorova, Penizek, Zizala, Matéjovsky, & Vanék,
2018). (iv) Specificities related to the erosion/accu-
mulation process. Erosion and redeposition of soil
material may lead to similar soil surface properties
of eroded and AC soils (Zadorova et al., 2013, 2015).
(v) Lack of historical data and related difficulties in
the determination of original soil thickness, soil prop-
erties and erosion impact even at a local scale.

The aim of this study is to assess the potential of a
combined use of time series of optical multispectral
images from newly launched Sentinel-2 satellites, and
time series of aerial orthoimages and field data for the
(i) identification of the erosion spatial pattern at the
regional scale and, (ii) delineation of the soils
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impacted by soil erosion processes at the regional
scale. This study presents a multi-temporal classifica-
tion approach, assessing the erosion-related soil pat-
tern at a larger spatial extent compared to previous
studies. The presented approach promises to produce
a practical method usable in a frequent monitoring of
degradation of soils due to erosion in large agricul-
tural areas.

Regional settings

The study is located in the agricultural region in
South-East Moravia, Czech Republic (Figure 1).
The study area represents a region with the highest
degradation risk by erosion on one the hand, and
with some of the most fertile soils in the Czech
Republic on the other hand. The area is delimited
by longitudes 16.64 and 17.37E and latitudes 48.83
and 49.27N. The limits of the study area corre-
spond with the occurrence of the Chernozem soil
type and with boundaries of a region characterized
by an undulating topography. The study area cov-
ers approximately 1,222 km?. Arable land covers
815 km? (66%) of the study area. The area has
undulating relief with an elevation ranging between
163 m a.s.l. and 477 m a.s.l.; the mean slope at the
arable land is 4.2° (with a standard deviation of
3.08°), but it reaches up to 20° in the steepest
parts. The climate is characterized by a mean
annual precipitation of 540 mm and a mean annual
temperature of 8.4°C. The area is formed by upper
Eocene molasse facies (sandstones, conglomerates
and marls) and Oligocene sandstones covered by a
Pleistocene loess layer with a variable depth ran-
ging from several metres up to several tens of
metres (Chlupa¢, Brzobohaty, Kovanda, & Stranik,
2002).

Calcic Chernozem on loess is the original dominant
soil type in the study area. During the centuries of

51°0"

50°0"

49°0°

Study Site ¥ &

Figure 1. Location of the study site (red border) with position of tile satellite image and detail of the erosion pattern on arable

land.
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Figure 2. Impact of different types of erosion on the fields within the study area (a) water erosion, (b) wind erosion, (c) tillage

erosion.

agricultural practices, the soil cover has been transformed
into a diversified mosaic of different soil units along with
variable erosion and deposition processes (Figure 2). In
addition to the former Chernozems, which are currently
preserved in places with minimal slope, Haplic Calcisols
have developed on steep slopes and slope shoulders
(Hrabovska, 2013; Vopravil et al, 2011; Zadorova,
PeniZek, Sefrna, Rohoskova, & Bortivka, 2011). By con-
trast, deep colluvial soils have been formed in concave
parts of the slopes (Zadorova et al., 2013, 2011; Zddorova
etal,, 2015). The intensive response to soil erosion can be
attributed to several factors: a high erodibility of soils
determined by their silty texture, a segmented landscape
locally with high inclination, the excessive size of farmers’
fields caused by forced collectivization of agricultural
land in 1950s, an inappropriate management of arable
land (intensive cultivation of crops susceptible to erosion,
lack of manuring), and the destruction of landscape ele-
ments with an anti-erosion effects and unfavourable
weather conditions (frequent episodes of drought)
(Fukalova, Stredova, & Vejtasova, 2014; Krasa, Stredova,
Dostal, & Novotny, 2014).

Materials and methods
Soil data collection

The soil data contained in the datasets used for cali-
bration and validation purposes originate from
recently performed field campaigns carried out in
the study area. The first part of the dataset is repre-
sented by the data acquired from field campaigns,
where soil cover was surveyed in detail. All sites are
characterized by high spatial variability of soil cover
in response to soil erosion. Although the area is
limited, all defined erosion and accumulation classes
were found. This subset contains information from
three local field campaigns:

e 50 samples from the site Sardice field survey
performed in 2016 (Hrabalikova et al., 2016;
Zizala et al., 2017),

e 75 samples filtered using stratified random sam-
ple selection from 600 samples acquired within

the detailed campaign at the site Poresice in
2009 (Brodsky, Vasat, Klement, Zadorova, &
Jaksik, 2013; Vasit, KodeSov4, Klement, &
Jaksik, 2015; Zadorova et al., 2011) and

e 78 samples from the site Oulehle surveyed in
2016.

This part of the dataset was used as a calibration
set for the classification, or more precisely, as support
data for supervised cluster categorization during
post-processing after unsupervised classification.
The second part of the dataset contains data from a
sparse sampling campaign that was performed across
the study area in 2016 and 2017. The sampling points’
locations were selected from the database of an his-
torical soil campaign, “Systematic soil survey of agri-
cultural land in Czechoslovakia”, carried out between
1960 and 1970 (Némecek, 1967; Zadorova & Penizek,
2011). The selection was performed using a stratified
random strategy. The terrain attributes and spectral
data were used as feature space variables for stratifi-
cation. This part of the dataset, containing 115 sam-
ples, was used for validation purposes. The positions
of all samples were measured by GNSS with a post-
processing sub-meter accuracy. The information
about soil profiles-soil unit, soil depth, profile strati-
graphy and thickness of horizons was obtained by the
description of a gouge auger core. The distribution of
soil samples is depicted in Figure 3.

All soil samples from both datasets were classified
into four classes with various stages of degradation by
erosion. The determination of each class was based
on the observation of soil erosion evidence on the
sampling sites and the descriptions of the soil pro-
files. Four established classification classes consist of
three erosion classes and one accumulation class.
According to Zizala et al. (2017), the groups are
defined as follows:

e NE soils - autochthon soils with a negligible

evidence of soil loss or accumulation;

¢ Eroded soils with various stage of degradation —

moderately eroded (ME) and strongly eroded
(SE) soils - soil profiles with an evidence of
soil loss and soil profile truncation; and



W Chernozem
B phaeozem
[ Fluvisol
[0 Luvisol
Cambisol
Regosol

Figure 3. Soil samples distribution in study area.

e AC soils - soil profiles with an evidence of accu-
mulation of new material and with increased
thickness of the A horizon or burial of former
surface horizons.

Soil samples were classified into erosion classes accord-
ing to the description of soil profiles. The samples with
the profile stratigraphy corresponding to the character-
istics of the original Calcic Chernozems were classified
as NE soils (59 samples in the calibration dataset and 26
samples in the validation dataset). These soils particu-
larly cover the areas with minimal slope (0-2°). Calcic
Chernozems occurring in the areas with increased slope
and having significantly reduced thickness of A horizon
were classified as ME (41 samples in the calibration
dataset and 34 samples in the validation dataset). Soils
with the truncated profiles were determined in the
exposed areas with steep slopes (water erosion influ-
ence) and in the areas with high slopes gradients (tillage
erosion influence). The profile stratigraphies of these
soils corresponded to the Haplic Calcisol and were
classified as SE soils (77 samples in the calibration
dataset and 36 samples in the validation dataset). Deep
colluvial soils with thick humus horizons were identi-
fied in the slope concavities, mainly in the toe-slopes,
slope depressions and side valleys. These soils were

Table 1. Details of Sentinel-2 images.

e validation set ~ Erosion class
+ calibration set -NE
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Oulehle

classified as AC (26 samples in the calibration dataset
and 19 samples in the validation dataset).

Images and image pre-processing

Sentinel-2 satellite images were used in the study. The
time series of the seven Sentinel-2A MSI imagery
(processing Level-1C) from 2015, 2016 and 2017
were downloaded from the Copernicus Open Access
Hub (Table 1). The product Level 1C includes radio-
metric and geometric corrections with sub-pixel accu-
racy (European Space Agency, 2015). These data were
processed to a Level-2A (atmospherically corrected)
data product using Sentinel-2 Toolbox (Sentinel
Application Platform, SNAP v5.0) with an integrated
Sen2cor processor (Sentinel to Correction, v2.3.1).
All Level-2A data were pre-processed in Envi 5.4.1 to
obtain a layer stack of 10 spectral bands (10 and 20 m
resolution bands), resampled to the resolution of 10 m for
all bands by the nearest neighbour method, and co-regis-
tered. The data from each image was masked as follows:
the arable land mask, cloud cover mask and bare soil
mask. The arable land mask was delimited by field
boundary polygons obtained from the Land parcel iden-
tification system (LPIS — © Ministry of Agriculture of the

No. Tile Sensing time Sun zenith? Sun azimuth?® Clouds [%]®  Thin cirrus [%]°  Cloud shadow [%]° Bare soil [%]°
1 33UXQ  2015/08/30 10:05 41.21 162.92 4.90 12.90 0.05 27.99
2 33UXQ 2015/09/29 10:06 52.06 168.94 40.24 0.83 11.82 14.64
3 33UXQ 2016/05/23 9:54 30.22 155.73 2.04 17.54 0.05 10.72
4 33UXQ 2016/09/30 9:50 53.06 166.10 744 4.85 1.9 31.38
5 33UXQ 2017/03/29 9:50 47.32 159.70 6.66 5.73 0.73 58.44
6 33UXQ 2017/04/21 10:00 38.21 162.80 16.23 8.75 2.14 18.07
7 33UXQ 2017/05/18 9:50 31.22 156.46 8.90 7.73 0.05 13.58

@Mean sun angle.
bBased on L2A quality indicators
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Czech Republic). The cloud mask was obtained from the
scene classification maps of the L2A product. The classes
of clouds (low, medium and high probability), thin cirrus,
cloud shadows, dark areas, saturated pixels and defective
pixels, were extracted and reclassified into one layer. For
detecting the bare soils for each image scene, the “soil
line” concept was implemented (Baret, Jacquemoud, &
Hanocq, 1993a; Baret, Jacquemoud, & Hanocq, 1993b;
Richardson & Wiegand, 1977), and the relationship
between band 8 (Near-infra Red) and band 4 (Red) was
explored. On the basis of the brightness detection, all
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pixels marked in the scatter plot tool were detected and
visualized in the image.

Classification

A preliminary assessment of the spectral purity of the
training samples showed very poor spectral separabil-
ity of some classes based on the ground-truth training
samples. The statistics and analysis of variance showed
that the calibration set is inappropriate for supervised
classification purposes (Figure 4). Therefore, an
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unsupervised clustering algorithm ISODATA -
Iterative Self-Organizing Data Analysis (Tou &
Gonzalez, 1974) mixture with supervised cluster cate-
gorization Minimum Distance Method was used for
the classification of the erosion classes. Due to possibly
different soil conditions on each image, each satellite
image was classified separately. All post-processed
classified rasters were merged into one final classifica-
tion synthesis using the recalculation according to the
most frequent class value for each pixel of the classified
area.

The main advantage of the automatic image clas-
sification is the speeding up of the data processing. It
is a relatively simple, time-saving and inexpensive
method that can be used for large areas (Gdémez,
White, & Wulder, 2016). In comparison with the
supervised classifications that require a certain
amount of representative training samples, the unsu-
pervised classification algorithm is not dependent on
training samples and their spectral separability
(Sepuru & Dube, 2017). Moreover, unsupervised
methods provide the opportunity to identify clusters
that could not be identified with the training samples.
It is guaranteed by internal algorithms in case of
unsupervised classifiers.

The ISODATA clustering technique uses the mini-
mum spectral distance measurements to form clusters
in an image. Different numbers of temporal clusters
were generated with the following modelling para-
meters: number of classes (min: 8; max: 12), max-
imum number of iterations (30), change threshold
(5%), minimum number of pixels in a class (1,000),
maximum class standard deviation (1), minimum
class distance (5), and maximum number of merge
pairs (2). Once this classification was completed, the
automatic cluster categorization Minimum Distance
Method, based on a calibration point dataset, was
applied to the clusters to define the erosion classes
(NE, ME, SE, AC).

Refinement using aerial orthoimages

The time series of aerial survey orthoimages from
years 2003, 2006, 2009, 2012 and 2015 (© Czech
Office for Surveying, Mapping and Cadastre) were
used for the refinement of the classification
synthesis for the whole study area. The final clas-
sification raster was converted to a vector polygon
layer. The area of 500 m*> was set as the minimum
mapped unit. On a scale of 1: 10,000, it is repre-
sented by a 5 x 1 mm? rectangle. It represents a
trade-off compromise between the operational
costs and the map informational requirement
(resolution of map). Polygons with an area of
less than 500 m? (5 pixels) were removed. These
could be a product of noise genereted during the
classification process.
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The classification assessment showed that the dis-
crimination of the ME from other classes was not
satisfactory (Figure 4 and Table 3). Accordingly, only
the SE class was considered for the final identification
of the eroded areas. On the basis of the visual inspec-
tion over multi-imagery scenes, individual polygons
were modified and refined. The geometry of the fea-
tures was adjusted according to the elements visible on
orthoimages.

Validation of results

An independent validation dataset comprising 115
soil samples distributed across the study area was
used for validation. A confusion matrix was calcu-
lated for both the classification synthesis and visual
refinement of the output using point soil data as a
ground truth. The user’s and producer’s accuracy, the
overall accuracy and kappa coefficient were calculated
to evaluate the final classification synthesis.

The flowchart of the whole process is depicted in
Figure 5.

Results

Seven Sentinel-2A images were used for the classifi-
cation. The images were masked by an arable soil
layer, cloud non-affected pixels and bare soil pixels
identified by the soil line concept. The extent of the
bare soil for each image scene is depicted in Table 2.
The maximum bare soil extent (53.4% from the total
arable land) was obtained in September 2016; a sig-
nificant extent of the bare soil was identified also in
September 2015 and April 2017. The minimum bare
soil extent (18.1% from the total arable land)
occurred in May 2017. The final bare soil extent of
the classification synthesis covered a total area of
733.6 km?, which was 90.1% of the total arable land
of the study area.

The final synthesis map with erosion classes was
produced using the ISODATA classification and clus-
ter categorization Minimum Distance Method
(MDM) performed on the Sentinel-2 images. Due to
the high spectral heterogeneity of the AC soils and
their very poor spectral separability from other
classes (Figure 4), the AC was not assigned to any
ISODATA class by the MDM. Therefore, only three
eroded classes were determined (NE, ME, SE). In
total, there are 6,711 arable land fields within the
study area. The SE soils cover 18%, the ME soils
cover 38% and the NE soils cover 44% of the total
area.

Figure 6 shows the descriptive statistics of the
classified erosion classes in respect to the spectral
characteristics derived from the Sentinel-2 images.
The overall values of the spectral data correspond
to the general shape of the spectral curves of the
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Figure 5. Flowchart of the processing images to eroded soil assessment.
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Table 2. Bare soil masks description and classification results for Sentinel-2 image data set.

Erosion classes
representation (%)

No.  Sensing time  Bare soil extent [km?] Bare soil extent from the total arable land [%] NE ME SE
1 2015/08/30 10:05 249.3 30.6 58 26 16
2 2015/09/29 10:06 358.7 441 37 42 21
3 2016/05/23 9:54 1171 14.4 40 38 21
4 2016/09/30 9:50 4345 534 32 51 17
5 2017/03/29 9:50 345.7 42,5 57 28 15
6  2017/04/21 10:00 248.9 30.6 58 25 17
7 2017/05/18 9:50 147.4 18.1 43 44 12

Final synthesis 733.6 90.1 44 38 18

Chernozem soils. The results show low reflectance
values in the visible wavelengths (B2, B3, B4
bands), with a gradual increased reflectance
towards the infrared wavelengths (B5, B6, B7, B8

Table 3. Confusion matrix of the erosion classes classification.

and B8A). The highest values were obtained from
the SWIR region (B1l and B12). The NE soils
have a lower reflectance than the ME and SE
soils in every spectral band, except for the NE

Ground truth

NE ME SE AC Classification overall Producer Accuracy (%)
Classifier NE 22 19 7 13 61 36.1
results ME 4 1 9 4 28 39.3
SE 0 4 20 2 26 76.9
AC 0 0 0 0 0 -
Truth overall 26 34 36 19 115
User Accuracy 84.6 324 55.6

Overall accuracy (%) 55.2
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Figure 6. Descriptive statistics of reflectance values in the classified erosion classes.

and ME in the SWIR region where the difference
is not significant.

The validation based on ground-truth data showed a
low overall accuracy of the classification (see Table 3). It
reached 55.2% (Kappa coefficient 0.34). The main mis-
classification is connected with an incorrect classifica-
tion of ME to NE (19 cases). Other classification errors
are represented by misclassifications between SE-NE (7
cases) and SE-ME (13 cases). The AC soils were classi-
fied mainly as NE soils (13 cases); in the six cases, they
were assigned to eroded soils (ME and SE).

The overall accuracy increased significantly after
an adjustment of the erosion classes. The perfor-
mance of the classification scheme in distinguishing

two classes (SE and other soils) was satisfactory.
The overall accuracy reached 80.9% (Kappa coeffi-
cient 0.52). When considering each single image,
the images captured in early spring months -
March and April - showed better overall accuracy
(83.3-86.7%) than the images acquired in autumn
(73.1-77.8%).

Finally, the samples-independent refinement of the
SE was performed using orthoimages. The overall
accuracy of the SE class classification reached 86.9%.
Only one SE sample was misclassified into the other
category and 10 samples of NE and ME were classified
as SE (see Table 4). There were 4 from 19 AC samples
that were located within the area of the SE class.

Table 4. Confusion matrix of the erosion stages classification based on refinement.

Ground truth

NE ME SE AC Classification overall Producer accuracy (%)
Orthophoto refinement results SE 1 9 35 4 49 714
Others 25 25 1 15 66 98.5
Truth overall 26 34 36 19 115
User Accuracy - - 97.2 -
Overall accuracy (%) 86.9

Aerial Orthophoto

c
2
£~

S
&

a
¥}
Q

non-arable land

moderately eroded soils Il strongly eroded soils [ strongly eroded after refinement

Figure 7. Delineation of eroded classes using the unsupervised classification and the refinement based on visual interpretation

of orthoimages.
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A delineation of erosion classes using the unsuper-
vised classification and SE class refinement is shown
in Figure 7. Generally, the classification shows that a
highly diversified soil cover formed in the areas that
were originally covered with Chernozems. In both
cases, the SE class was distinguished on the most
exposed terrain positions in terms of tillage and
water erosion. The ME class was classified on the
milder slopes and positions with lower slope gradi-
ents adjacent to the SE class. The NE class was dis-
tinguished on plateaus and low slopes up to 2°.

Discussion

The main goal of this study was to analyse the pos-
sibilities of a direct delineation of eroded soil in
agricultural land at a regional scale using optical
multispectral images. Up to now, the majority of
studies dealing with the direct delineation of eroded
soils in agricultural land have been performed at a
local scale, usually on small study sites consisting of
one or few agriculture fields (Bacova & Krasa, 2016;
Fulajtar, 2001; Kolejka & Manakos, 2000; Sarapatka &
Netopil, 2010; Smetanovd, 2009). Other studies that
have focused on the direct detection of eroded areas
have delineated highly eroded non-agricultural areas
characterized by bare soil or rock outcrops, such as
badlands (Alatorre & Begueria, 2009; Begueria, 2006;
Liberti et al., 2009; Pérez & Garcia, 2017; Servenay &
Prat, 2003). In these regions, different methods of
eroded soils’ delineation, based mainly on the land
cover classification, have been applied.

The results of the unsupervised classification of
three degradation stages of soils showed a low overall
accuracy of up to 55.2%. The accuracy is lower than
that observe in studies performed at a local scale.
Floras and Sgouras (1999) used Landsat 5 images
for a k-means supervised classification of land
cover, including eroded soils in marls, and reached
an overall accuracy of 83.94%. Fulajtar (2001) reached
the accuracy of 60% of the unsupervised classification
of eroded soils on loess using a SPOT panchromatic
image at the local scale. Similarly, Sarapatka and
Netopil (2010) used the unsupervised classification
of aerial photographs for the delineation of eroded
soils on loess at the local scale. Kolejka and Manakos
(2000) used a single Landsat 7 image for the delinea-
tion of SE soils in different geosystems.

In the present study, the main source of the
classification error is connected with the incorrect
classification of the ME class. A similar problem of
distinguishing more erosion classes, especially the
transitional classes between the NE and SE classes,
has been reported in the literature (Schmid et al.,
2016; Zadorova et al., 2011; Zizala et al., 2017). The
ME class has achieved the lowest values of both
user and producer accuracy. The main

misclassification has been determined in the classi-
fication of ME to NE and vice versa. The results
showed that distinguishing between these classes is
very problematic using the present approach. The
reasons for these inconclusive results lie in the
character of the ME class. The ME class is charac-
terized by a decrease of the A horizon thickness,
but not under the depth of tillage. The tillage
operations do not cause mixing of the humic A
horizon with the contrasting subsoil (A/C horizon
or loess). Thus, the properties of the topsoil are not
significantly affected by soil removal, in contrast
with SE soils, and the spectral differences of the
NE and ME classes are observable with difficulties.
The performance of the ME delineation can be
potentially increased using fuzzy methods, object-
oriented classification methods or data with a
higher spectral resolution, such as hyperspectral
data (Schmid et al., 2016; Zizala et al., 2017).

A preliminary assessment of the spectral purity of the
training samples in this study showed very poor spectral
separability of the classes based on ground-truth sam-
ples. According to Sepuru and Dube (2017), the low
separability of classes limits the applicability of the
supervised classification methods, particularly in spec-
trally complex erosion areas. The methods of machine
learning, such as Support vector machine or the deter-
mination of a set of endmembers for different soil
erosion and accumulation classes, represent a possible
solution to overcome the limitations of the supervised
classification methods (Schmid et al., 2016).

Despite the low accuracy of the automatic classifi-
cation, the study showed a potential for the applied
approach to distinguish SE soils from NE soils.
Nevertheless, it still has many limitations. The use
of refinement of the eroded classes based on the
visual interpretation of time series of aerial orthoi-
mages leads to the increase of the classification accu-
racy, as was shown in the present study. However, the
visual interpretation represents a time-consuming
and subjective method that is limited to the visible
RGB spectra (Fulajtar, 2001; Sarapatka & Netopil,
2010). The main difficulty lies in the fact that the
level of soil degradation changes gradually. However,
the operator must assess the crisp boundaries of the
erosion classes.

Moreover, the accuracy of the erosion classification
may also be influenced by other factors. The pattern of
the spectral reflectance differs due to not only the
erosion processes but also the characteristics influen-
cing the spectral response, which are soil moisture, the
geometric properties of the soil surface (roughness)
and the variability of other soil properties, such as
soil texture, soil aggregate sizes or the presence of a
soil crust (Ben-Dor & Dematté, 2015; Dematté et al.,
2015; Goldshleger, Ben-Dor, Lugassi, & Eshel, 2010;
Schmid et al., 2016). Additionally, spectral satellite



data are influenced by different light beam geometries
according to the date of acquisition (solar zenith and
azimuth). This joint effect cannot be completely elimi-
nated by image corrections.

The multi-temporal approach represents a possible
solution to map soil properties in temperate regions.
First, the soil composite concept presented by Diek,
Fornallaz, Schaepman, and de Jong (2017) or Rogge
et al. (2018) can be applied. Second, each image can be
processed separately to overcome the issue of different
surface and geometry conditions. This approach was
used successfully in this study. Nevertheless, a refer-
ence study is needed to compare both approaches.

The classification can be even more difficult in the
case of the combined influence of more erosion and
sedimentation processes. The study area is character-
ized by the combined effect of water, tillage and wind
erosion. This combination of soil redistribution pro-
cesses leads to a highly complex erosion pattern and,
for example, similar soil surface properties of the
eroded and AC soils (Hill et al., 1995; Zadorova
et al., 2013; Zizala et al., 2017).

The variability of soil types is also an important
restraint in the assessment of larger areas. The ero-
sion processes ongoing in soils with different strati-
graphy and properties can result in significantly
different spectral properties of the soil surface
(Sarapatka & Netopil, 2010; Schmid et al., 2016;
Smetanovd, 2009; Zizala et al., 2017). The present
approach is therefore limited to pedologically homo-
genous areas.

The direct classification approaches of arable soils
can also be limited by the masking effects of vegetation,
litter or cloud cover on images. Therefore, especially in
the condition of a temperate climate, a multi-temporal
approach must be applied to avoid problems related to
masked surfaces in large areas (Gomez et al., 2016;
Meléndez-Pastor et al, 2017; Topaloglu, Sertel, &
Musaoglu, 2016). Our study confirmed that the use of
periodically acquired images, such as time series of
aerial orthoimages or satellite data with continuous
acquisition of images from Sentinel-2 or Landsat satel-
lites, is appropriate. In our study, the mask consisting of
the LPIS, cloud mask, and bare soil mask was created.
The main difficulty was associated with the bare soil
mask. The spectral behaviour of the vegetation cover
and the bare soil is, in some cases, very similar, and the
distinguishing of the litter cover is also problematic
(Sarapatka & Netopil, 2010). The time series of seven
images covering the spring-autumn period were used.
Then, it was possible to identify almost 90% of the area
with bare soils by the concept of the bare soil line. Every
single image was characterized by certain specifics in
vegetation cover. The sparse vegetation cover often
occurred in the spring (March, April, and May).
Through the summertime (August), only a very small
area was covered by the bare soil. The presence of crops
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during the phase of harvesting (cereals, corn) was typi-
cal for September’s images. These fields covered with
ripened crops and stubble fields had the spectral char-
acteristics similar to SE areas in the VIS/NIR domain
and could not be identified by the soil line methods.
They were removed manually. Therefore, a more com-
plex approach is needed to increase the accuracy of the
bare soils’ identification (Richardson & Wiegand,
1977). Additionally, other more accurate methods (e.g.
fmask - Zhu, Wang, & Woodcock, 2015) for the iden-
tification of the areas affected by clouds influence need
to be tested.

Conclusions

The present study tested the potential of the proces-
sing of time series of Sentinel-2 images and aerial
orthoimages to assess the erosion stages of agricul-
tural soils. The assessment has been performed at a
regional scale, in a study area comprising hundreds of
square kilometres. The impact of erosion at the study
sites was evaluated by an unsupervised classification
of satellite images combined with the visual interpre-
tation of aerial images.

This study reveals that the applied approach enables
the accurate distinction of NE and SE soils. However,
the performance of method for more detailed classifi-
cation of different erosion stages, including transi-
tional classes (ME soils), was not satisfactory. An
automatic unsupervised classification achieved an
overall accuracy of 55.2% for distinguishing two
eroded (strongly and moderately) and a NE class,
and 80.9% for only one eroded class. The accuracy of
the classification reached 86.9% after a visual refine-
ment based on the orthoimages. Despite this high
accuracy of the visual interpretation method, there
are still many limitations, and more automatic and
objective approaches need to be developed and tested.
Moreover, some considerable limitations and gaps
were identified in the automatic classification. The
practical and routine implementation of this approach
entails several problems related to soil cover variabil-
ity, the masking effect of different objects (clouds,
vegetation, litter), or the spectral separability of indi-
vidual classes. Therefore, further research is required,
especially in terms of the automatic selection and pre-
processing of the images, reduce and overcome the
negative effects of the masking properties, and a pro-
gressive statistical method should be applied in the
classification process. The applicability of the pre-
sented approach is also limited to the pedologically
and geologically homogeneous areas. A different
approach, enabling the distinguishing of diverse spec-
tral characteristics of degraded soil on different parent
materials, should be adopted in heterogeneous areas.

Our study focused on the applicability of the pre-
sented multi-temporal approach at a larger spatial
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extent compared to previous studies. Although the
accuracy achieved by the automatic classification was
not satisfactory and the method requires further testing
and improvements, the presented approach promises to
produce valuable data on the actual degradation of soils
by erosion. This type of information, available at the
regional scale, is strongly needed for conservation pol-
icy purposes, and therefore, further progress in improv-
ing this approach is required.
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Subsoil has been recognized as large reservoir of soil organic carbon in recent years. In our study, we investigated
deep colluvial soils as a potentially important source of SOC due to high mass redistribution driven by soil erosion.
Three agriculture plots from the Chernozem, Luvisol, and Cambisol regions were studied to assess the SOC
storage in topsoil (0-25 cm), at 2 m depth (0-200 cm), and over the total soil depth (0-450 cm) as a function
of relief. The study is based on 558 borings, and soil profile description and classification to facilitate the colluvial

Keywords: . . . . . . .
Soﬁv; rganic carbon soil delineation. Among these locations, SOC content was measured at 230 sampling points. Prediction of the SOC
Colluvial soil stock for the plots was based on support vector machine algorithms using digital elevation model derivatives

as predictors. Total SOC stock varied among the study plots. The highest relative SOC stock was measured in
the Chernozem (CH) plot (144.7 t-ha~'), while at the Luvisol (LU) plot, it reached 68.4 t-ha~! and was
73.4t-ha~ ! at the Cambisol (CM) plot. The role of colluvial soils regarding their spatial extent and SOC stock dif-
fers among the studied plots. Colluvial soils at the CH plot represent an important soil cover both spatially (13%)
and by the volume of SOC stock (37%). A moderate importance of colluvial soils is determined for the LU plot (12%
of SOC stock), and a low importance for the CM plot (5% of SOC stock). SOC stock contained in topsoil and subsoil
differs in each plot. In the Luvisol and Cambisol plots, more than one half of SOC is retained in topsoil (53.4%,
60.3%). In contrast, more than two thirds of the SOC stock (73.1%) occurs in subsoil in the Chernozem plot.
Moreover, 19.0% of the total SOC stock occurs at depths below 2 m. This finding indicates the importance of

Terrain attributes
Digital elevation model
Czech Republic

the incorporation of deep colluvial soil horizons in SOC stock estimations.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

The organic carbon stock in soils represents one of the largest terres-
trial reservoirs of this substance (Chaopricha and Marin-Spiotta, 2014).
Processes driving SOC flow in dynamic landscapes have been widely
studied during the last two decades (Doetterl et al., 2012b; Polyakov
and Lal, 2004; Van Oost et al., 2007). Some of the works have demon-
strated that the SOC redistribution during erosion transport and the
consequent terrestrial sedimentation play an important role in the
global carbon cycle, and in the spatial variability of various physical
and chemical soil features (Berhe and Kleber, 2013). Furthermore, soil
erosion and deposition processes have significant implications for SOC
persistence in the terrestrial biosphere (Berhe and Kleber, 2013; Van
Hemelryck et al., 2010). Most of the understanding of the processes
related to SOC storage and release is limited to the topsoil (0-30 cm)
(Chabbi et al., 2009; Chaopricha and Marin-Spiotta, 2014). The dynam-
ics and amount of SOC stored in deep soil horizons were not well under-
stood and quantified for a long time. In recent years, subsoil and even

* Corresponding author.
E-mail addresses: zadorova@af.czu.cz (T. Zadorova), zizala.daniel@vumop.cz
(D. Zizala), chumant@natur.cuni.cz (T. Chuman).
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0016-7061/© 2015 Elsevier B.V. All rights reserved.

deep and buried soil horizons have been recognized as large reservoirs
of carbon that are responsive to climatic-environmental processes
(Chaopricha and Marin-Spiotta, 2014; Paul et al., 2006). The sensitivity
of the subsoil carbon pool to land use changes was unknown until
recently (Don et al., 2007). Studies from different environments show
a dynamic response of deep SOC pools to land cover management
(Devine et al., 2011; Harrison et al,, 2011). Recent investigations of sub-
soil SOC have focused mainly on its chemical composition, persistence
(Chabbi et al., 2009; Rumpel et al., 2004), bioturbation or burial, and
its vertical transport through preferential flow-paths (Chaopricha and
Marin-Spiotta, 2014; Wilkinson et al., 2009). Most of the studies
assessing the spatial distribution of SOC stock in the landscape limit
their computations to the topsoil, the upper 50 cm (Cambule et al.,
2014; Lopez-Fando and Pardo, 2011; Schwanghart and Jarmer, 2011;
Simbahan et al., 2006), or the upper 100 cm (De Gryze et al., 2008;
Don et al,, 2007; Fang et al.,, 2012; Han et al., 2010; Khalil et al., 2013).
Only a few studies have assessed the SOC stocks in deeper soil horizons,
namely those situated in Chernozem regions, where deep A horizons
are common (Kalinina et al., 2011; Liu et al.,, 2011; Vasques et al.,
2010; Xi et al, 2011).

Deep SOC is often present in specific parts of the landscape where
colluvial soils are formed. Colluvial soils form on concave slopes because
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of sedimentation of eroded topsoil material on agricultural land. Their
soil profiles are characterized by the presence of a deep humus horizon
(or less frequently of a horizon formed by slope sediment with varying
SOC content) resulting from sedimentation of eroded topsoil from over-
lying soils in the landscape. The process of colluvial soil formation is a
direct consequence of soil loss by water and tillage erosion conditioned
by its position in the landscape. SOC storage in such deep colluvial
humus-rich soils has not yet been studied (Zadorova et al., 2011b). Pro-
file development and the thickness of colluvial soil depend on various
factors, mainly on soil conditions and properties, the parent material,
the source of colluvial material (rich in organic matter or SOC depleted),
terrain character and land management (Zadorova et al., 2013). Colluvi-
um several metres thick and rich in organic matter commonly occurs in
loess regions and develops from humus-rich soils, mainly Chernozems
(Poreba et al., 2011; Zadorova et al., 2011b, 2013; Zglobicki, 2013)
and Luvisols (Fuchs et al., 2010; Kadereit et al., 2010; Lang and
Honscheidt, 1999; Rodzik et al., 2014). Shallower colluvial soils with a
stratified profile have been reported from areas formed by Luvisol and
Cambisols in the Czech Republic (Zadorova et al., 2014).

Techniques for SOC stock estimation can be divided into two groups
(Cambule et al., 2014; Mishra et al., 2010): the traditional way of point
SOC density measurement in a layer, and multiplying by the layer area.
Recently, a landscape modelling approach analysing the spatial variabil-
ity of SOC stocks with respect to variations in environmental co-
variables has been applied in various studies at a local and regional
scales (Cambule et al., 2014; Doetterl et al., 2012a; Simbahan et al.,
2006). Environmental characteristics, such as terrain, geology, soil
type, and land use and management are important variables when
assessing and quantifying processes of soil erosion and deposition, and
their impact on spatial variability of soil properties (e.g., De Gryze
et al.,, 2008; Florinsky et al., 2002; McBratney et al., 2003). Predictors
used as explanatory variables in SOC stock quantification most often
comprise land use type, soil and parent material type, climatic factor
(precipitation), terrain attributes, or soil reflectance (Cambule et al.,
2014; Hancock et al., 2010; Van Oost et al., 2012). Each of the factors
influences the soil mass redistribution at different scales. Terrain attri-
butes can be considered as the main ruling factor at a plot scale, namely
in tilled plots with homogenous parent material. Because of the lack of
information on the relationship between terrain and deep humus-rich
sediments, our study aims to:

(i) assess and quantify the role of colluvial soils in SOC storage in
three different soil regions; and

(ii) estimate the potential use of topography as an explanatory factor
in SOC stock modelling.

Our study is based on the following hypotheses: 1) quantitative ter-
rain modelling can be applied for the SOC prediction and the colluvial
soil delineation and 2) the proportion of SOC retained in colluvial soils
will vary in different soil regions.

2. Regional setting

Three study plots, which represent the most extensive agricultural
land soil units in the Czech Republic, were chosen. Their locations are
depicted in Fig. 1. Plots that are similar in terms of terrain, land manage-
ment and climatic conditions (rain erosivity) were selected to assess the
influence of soil development and characteristics on soil mass redistri-
bution. All of the plots are situated on arable land with analogous land
management (long-term tillage, no conservation practices), plough
depth (25 cm) and crop rotation (5-6 course rotation based on the
Norfolk system). Plots were chosen with the aim of covering typical col-
luvial terrain positions (toe-slopes and side valleys). They are character-
ized by dissected relief and include the following set of terrain units:
side valley, toe-slope, plateau and back-slope. Climatic conditions differ
among the plots by annual precipitation rates and temperatures, but

belong to the same region in terms of rainfall erosivity factor (Janecek,
2012). Soils at all of the three plots have identical texture classes (silt
loam). Each of the plots has homogenous geology and climatic condi-
tions. Soil cover heterogeneity within the plot is according to erosion
processes. The resulting erosion catena consists of unchanged autoch-
thon soils, eroded soils in the steep parts of the landscape, and colluvial
soils formed by sediment material in the lower parts of the plots (Fig. 2).
Plot 1 (CH plot) is situated in the SE of the Czech Republic (48.967°N,
16.882°E). The area is covered by a Pleistocene loess layer with variable
thickness (Chlupac et al., 2002). Climate is characterized by a mean an-
nual precipitation of 542 mm and a mean annual temperature of 8.4 °C.
The research was carried out on an agricultural parcel (6 ha) that com-
prises a complex slope system with different terrain units: a plateau
(slope 0-0.5°), a steep middle part (up to 19°) formed by a back-slope
and a side valley, and a toe-slope. The mean slope of the plot is 7°. The
side valley represents a major line of concentrated runoff emptying
into a colluvial fan at the toe-slope. The back-slope is interrupted by a
road that separates it from the floodplain. Plateau areas with no erosion
are covered by Calcic Chernozem. Chernozems with a truncated mollic
horizon cover areas with increasing slope (2-8°). Regosols (ploughed
exposed loess material) cover the steepest parts of the slopes. Colluvial
Chernozems and colluvial soils with deep A horizons are formed in con-
cave parts of the landscape (Zadorova et al., 2011b). Colluvial soils with
a 100-250 cm thick A horizon rich in organic matter have developed in
the side valley, whereas the deepest colluvial profiles are formed by a
mixture of loess and humus-rich material in the top 300 cm, and
humus-rich material at 300-400 cm depth was found in the toe-slope.

Plot 2 (LU plot), which is represented by Luvisols, is situated in
Central Bohemia (50.457°N, 14.509°E). The parent material is Pleisto-
cene loess (Chlupac et al., 2002). The mean annual precipitation is
588 mm and the mean annual temperature is 8.2 °C. The study plot
(15 ha) is characterized by two perpendicular side valleys (north-
south and east-west) connected in the south-west part of the plot. Ad-
jacent slopes reach up to 17°. Large flat upper parts (0-0.5°) occur in the
south, north-east and north-west sections of the plot. The mean slope of
the plot is 5°. Haplic Luvisol is the dominant soil unit at the study plot.
Regosols and Calcisols are formed in the steepest parts of the plot. Accu-
mulated forms of Luvisol and colluvial soils with a maximum thickness
of 100 cm have formed in the depositional areas of the landscape
(Zadorova et al., 2014). A stagnic colour pattern at the bottom of the
soil profile develops in the lowest part of the plot.

Plot 3 (CM plot; 33 ha) represents a Cambisol region (49.616°N,
14.367°E). The parent material is formed from Paleozoic contact meta-
morphic greywacke and siltstone (Chlupac et al., 2002). The climate is
cooler (7.1 °C), with higher annual precipitation (659 mm) than in the
other two regions. The study plot is represented by a slope system
with two side valleys divided by a distinct elevation. The plot has a
marked north-south slope, with a maximal gradient of 20°. The flat
parts (0-2°) are situated in the south part of the plot adjacent to a
road. The mean slope of the plot is 7°. Cambisols cover both the flat
parts and the lower and middle slopes. Leptic Cambisols and Leptosols
are found on the steepest slopes. Colluvial soils with maximum depths
of 100 cm form at the base of the accumulation positions. As in the LU
plot, stagnic properties developed in the CM plot in the soils occurring
at the confluence of the two side valleys.

Detailed information on terrain, climatic and soil characteristics of
the three plots are shown in supplementary materials.

3. Methods
3.1. Terrain sampling and soil analyses

Soil sampling was conducted within two campaigns. The CH and CM
study plots were sampled (Fig. 1) on an optimized network of borings

and deep cores, projected using the conditioned Latin hypercube
sampling (cLHS) approach (with terrain attributes as feature space
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Fig. 1. Location and sampling scheme of the three study plots.

variables). A regular design (30 x 30 m) was used in the case of the LU
plot. The marginal distribution of terrain attributes is well represented
by all three sampling designs. For CH and CM plots, this is achieved by
using cLHS which ensures full coverage of the range of each variable
by maximally stratifying the marginal distribution. High density sam-
pling is used at the LU plot. As documented by the probability distribu-
tions and box plots of the terrain attributes of initial and sampled
locations, which are available as supplementary material, there is no
clear difference between the three plots. Soil unit, profile stratigraphy,
soil depth, and thickness of horizons were determined in each boring/
core. For SOC analysis, samples were taken every 25 cm of the borings.
Two hundred and thirty samplings were conducted (50 in CH, 67 in
LU and 113 in CM). In addition, another 328 borings were made, and
profiles were described to facilitate the colluvial soil delineation at the
study plots. At each site, pits representing each soil unit were dug, and
soil samples were taken from each 25 cm up to 150 cm for bulk density
analysis.

Names of soil units used in this paper are based on the national clas-
sification Czech Taxonomic Classification System of Soils (CTCSS;
Némecek et al., 2011). Soil units defined in the national classification
better suit the description of soil cover structure after a long-term redis-
tribution. The colluvial soil unit represents soil where the thickness of
colluvial material exceeds 30 cm (CTCSS; Némecek et al., 2011). In real-
ity, colluvial soil has an A horizon that is more than 30 cm thicker than
the A horizon of soil with an unchanged soil profile. Correlation of stud-
ied soil units with the World Reference Base for Soil Resources 2006
(WRB 06; IUSS Working Group WRB, 2006) is described in Table 1.
Zadorova and Penizek (2011a) provide detailed information about the
correlation between CTCSS and WRB 06.

Soil organic carbon content was measured using wet oxidation (ISO,
14235:1998). Wet oxidation (K,Cr,0,) was followed by potentiometric

titration with ferrous ammonium sulphate. Bulk density was measured
according to ISO, 11272:1998. All soil sample analyses were run as
triplicates.

3.2. Digital elevation model assessment

The stereo-photogrammetry based DEM was providedasa 1 x 1 m
grid (provider Georeal Ltd.) and was smoothed and filtered using a
Gaussian filter in SAGA GIS. Terrain attributes used in the analysis repre-
sent a standard set of morphometrical attributes, widely used in
pedometrical studies of soil property prediction (e.g., Florinsky et al.,
2002; McBratney et al., 2003; Zadorova et al., 2011b, 2014). Terrain
attributes calculated from the DEM using integrated algorithms imple-
mented in SAGA GIS (Fig. 3) include: altitude (ALT), slope (SLP), plane
curvature (PLANC), profile curvature (PROFC), catchment area (CA),
topographic wetness index (TWI), topographic position index (TPI)
(Jenness, 2006; a relative measure of a cell's elevation in comparison
to its neighbourhood), LS factor (LS), convergence index (CONVIN),
and altitude above channel network (ALTCHN).

3.3. Colluvial soil delineation

Soil units (three at each plot — colluvial soil, non-eroded original soil
and eroded soil) were determined at each sampling point of the original
dataset. Spatial delineation of soil units was then modelled using the
support vector machine (SVM) approach in classification mode. The
support vector machine algorithm constructs a linear hyperplane or
set of hyperplanes in a high- or infinite-dimensional feature space as
the decision function for non-linear problems, and then applies a
back-transformation in the non-linear space. In other words, it applies
a simple linear method to the data but in a high-dimensional feature
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Fig. 2. Scheme of soil profile development and SOC concentration distribution at the stud-
ied plots. The white line indicates the SOC concentration (%) in the soil profiles.

space that is non-linearly related to the input space. Good separation is
achieved by the hyperplane that has the largest distance to the nearest
training data point of any class (the so-called functional margin)

because in general, the larger the margin, the lower the generalization
error of the classifier. SVM can be used for classification, regression, or
novelty detection tasks. For a detailed description, see Vapnik (1999)
and Boser et al. (1992). To choose the most appropriate predictor vari-
ables (terrain attributes), we performed the best subset selection,
which ensures that the very best combination of predictors is used.
This consists of fitting separate SVM models for each possible combina-
tion of predictors, and selecting among them a single best model using
5-fold cross-validation (the best is defined as having the highest overall
accuracy).

Finally, to assess the predictive ability of the single SVM model a test
set validation is performed. It involves randomly dividing the available
set of observations into two parts: a training set and a test set, in a 3:2
ratio. The model is fit to the training set, and the fitted model is then
used to predict responses for the observations in the test set.

The prediction accuracy of the final model is expressed as the overall
probability (%) that the classifier has labelled the image pixel into the
true class (i.e., the probability of a reference pixel being correctly classi-
fied), and as Cohen's kappa coefficient (), which is a statistical measure
of inter-rater agreement that takes into account the possibility of agree-
ment occurring by chance (Cohen, 1960). k >0.80 represents strong
agreement and good accuracy, 0.40 < k < 0.80 represents middle accura-
cy, and Kk <0.40 represents poor accuracy. In this study, we use a radial
basis kernel contained in the e1071 R package for the SVM modelling
(Meyer et al., 2012). Because SVM is very sensitive to proper settings
of input parameters, each particular calibration was tuned for
hyperparameters using the tune framework in e1071, ie., by
performing a grid search over specified parameter ranges.

3.4. Assessing SOC stock

SOC stock assessment comprised the following consecutive steps at
each study plot:

i. SOC stock assessment for sampling points
ii. Prediction of the spatial distribution of SOC stock
iii. Total SOC stock calculation
iv. Assessment of the colluvial soil contribution to the total SOC stock.

3.4.1. SOC stock assessment at the sampling points
SOC stock was assessed using the widely applied equation
(e.g., Cambule et al., 2013; Wang et al., 2010):

SOCyoe = z(soc % px Hx 10‘1)

where SOCq;cx is the SOC stock at the sampling point (kg-m™2), SOC is
the SOC content (%) in different soil layers, p is the bulk density in differ-
ent soil layers (g-cm™3), and H is the soil layer thickness (cm).

SOC content was measured for each 25 cm thick layer, whereas bulk
density was assigned to each 25 cm thick layer according to its presence
within a given soil unit and soil depth. Bulk density measured in the
125-150 cm layer was also attributed to the layers below this depth,

Table 1
Soil units distinguished at the plots and their correlation in WRB 06.
REGION Soil unit Count Profile Ap + A hor.depth (cm) WRB 06
CH plot Chernozem (CE) 33 Ap-A-Ck 30-80 Calcic Chernozem (Siltic)
Colluvial soil (CO) 26 Ap-A-Ck 80-425 Colluvic Calcic Chernozem (Pachic, Siltic)
Regosol (RG) 68 Ap-A-Ck 20-30 Haplic Calcisol (Siltic)
LU plot Luvisol (LU) 73 Ap-Bt-C 25-50 Haplic Luvisol (Siltic)
Colluvial soil (CO) 15 Ap-A-Bt-C 55-100 Luvic Phaeozem (Colluvic, Siltic)
Regosol (RG) 24 Ap-C 25-50 Haplic Calcisol (Siltic) Haplic Regosol (Arenic)
CM plot Cambisol (CA) 20 Ap-A-Bw-C 25-50 Haplic Cambisol (Siltic)
Colluvial soil (CO) 206 Ap-A-(Bw)-C 55-100 Colluvic Regosol (Humic)
Leptosol (LP) 93 Ap-A-C 25-50 Haplic Regosol (Skeletic)
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Fig. 3. Soil unit distribution at the three study plots (CH, LU and CM plots).

as the bulk density has constant values at 100-150 cm. SOC stock was
assessed for the whole soil profile and for component depth intervals
including topsoil (25 cm) and 200 cm.

Principal component analysis (PCA) was applied to show the
structure of the dataset and reveal possible correlations between the
variables.

3.4.2. Prediction of the spatial distribution of SOC stock

The spatial distribution of SOC stock was converted to raster by
support vector machines in regression mode using terrain attributes
as predictor variables in the same way as previously performed with
soil delineation (Section 3.3), i.e., by testing all possible combinations
of predictors. Due to climatic, geological and land use homogeneity of
the studied plots, only terrain attributes were considered. Each particu-
lar calibration was again tuned for optimal hyper-parameters using a
grid search over specified parameter ranges. The best combination of
predictors was selected by minimizing the root mean squared error
(RMSE) of 5-fold cross-validation. To assess the predictive ability of
the final model, an independent set of validation samples (Fig. 1) was
used. The resulting prediction accuracy is given as the coefficient of de-
termination (R2,,;) and root mean squared error (RMSE,,;). To show
what range of predicted values could be expected with a pre-defined
probability, confidence intervals at the 95% confidence level were com-
puted. These were computed by multiplying RMSE,,; by 1.96 and first
adding it to the estimates (upper 95% bound), and second subtracting
it from the estimates (lower 95% bound). To visualize the goodness of
fit, the observed values were plotted against the predicted values.

3.4.3. Total SOC stock calculation
Total SOC stock was assessed by summing the grid cells from the
prediction map for each study plot.

3.4.4. Assessment of colluvial soil contribution to the total SOC stock

Assessment of the colluvial soil contribution to the total SOC stock
was conditioned by their delineation. Colluvial soil delineation is de-
scribed in Section 3.3. The SOC stock in colluvial soil as a percentage of
the total SOC stock was computed by summing the grids appertaining
to this soil unit.

Analyses were run in R software (R Development Core Team, 2014),
and the final maps were prepared in ArcGIS 10.1.

4. Results and discussion
4.1. Delineation of colluvial soils

At each study plot, the area of colluvial soils was extracted from the
maps of soil units constructed by the SVM algorithm. Table 2 shows the
predictors used in the best performing model, the overall accuracy (%),
and the overall accuracy corrected for agreement by chance (&), in addi-
tion to detailed model settings. TPI and LS were chosen in all three cases,
while other predictors (ALTCHN, CONVIN, ALT and SLP) were used at
two study plots. TWI and CA were not applied in any models.

The overall accuracy is good for all of the study plots (from 0.80% to
0.88%). However, the Cohen's kappa (k) indicates that the overall accu-
racy is rather moderate, but it still can be considered as good for the CH
plot for which k equals 0.80. According to K, the best accuracy of classi-
fication (0.80) was achieved for the CH plot, and it was a bit worse for
the LU (0.66) and CM plots (0.55).

Soil unit delineation is depicted in Fig. 3. In the CH plot, Regosols are
the dominant soil unit, while Chernozems are present only in small
areas at the plateau. In the LU and CM plots, the non-eroded or only
slightly eroded soils prevail, and soils with a truncated profile (Regosols
and Leptosols) cover only the steepest parts of the terrain. The area
represented by colluvial soil is shown in Table 2. It reflects the erosion-
sedimentation processes at the plots and counterweights the area of
eroded soils. This area forms a significant part (13.45%) of the soil cover
in the CH plot, whereas its area is moderate (8.78, 3.03%) in the LU and
CM plots.

4.2. SOC stock assessment

4.2.1. SOC stock at sampling points

Table 3 depicts the summary statistics of the SOC stock at the sam-
pling points in the three study plots. The highest mean value of total
SOC density was observed in the CH plot (19.60 kg-m™2) with a range
of values from 3.84 kg-m~2 to 68.20 kg-m~2. The LU and CM plots
have similar total SOC stock values. Lower mean values (8.07 kg-m~2)
were observed in the LU plot, despite having a thicker A horizon. The
highest SOC topsoil stock values were determined in the CM plot
(4.56 kg-m™2).

In the CH plot, the range of values is exceptionally broad if we take
into account the small area of the study plot. This is due to the extreme
diversity of the soil depth, which ranged from 25 cm down to 475 cm.
Maximum SOC stock was observed in the deep colluvial soils situated
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Table 2

SVM models for soil unit assessment: selected predictors, model settings, overall accuracy (%), and overall accuracy corrected for agreement by chance (k) and resulting area proportion of

colluvial soils.

Plot Predictors Model settings (classification mode)

Prediction accuracy CO (% of total area)

Kernel Gamma Cost

Tolerance

Epsilon Overall accuracy (%) K

CH ALTCHN Radial 1 100 0.001
CONVIN
ALT
LS
PROFC
TPI

LU CONVIN
ALT
LS
PLANC
SLP
TPI

M ALTCHN
LS
SLP
TPI

Radial 0.1 10 0.001

Radial 0.1 10 0.001

0.1 0.88 0.80 13.45

0.1 0.84 0.66 8.78

0.1 0.80 0.55 3.03

at the toe-slope. Similar SOC stock in the LU and CM plots is caused by
high SOC concentrations in CM topsoil. The lowest variability of values
observed in the LU plot can be attributed to the absence of extremely
deep or shallow profiles.

Fig. 4 shows the distribution of the dataset in the PCA biplot,
reflecting the relationship between SOC stock, soil units and terrain at-
tributes. The distribution of sampling points in the CH plot expressed by
probability ellipsoids shows the isolated position of colluvial soils. The
spatial distribution of colluvial soil is strongly negatively related to
ALT, SLP and CONVIN, while their positive relationship with TWI and
CA is weaker. SOC stock is negatively related to TPI, CONVIN, ALTCHN
and SLP, while PROFC, PLANC and CA have very weak control on SOC
stock distribution. There are slight differences between the SOC stock
in topsoil, in the 200 cm interval, and in the whole profile. The weakest
relationship with terrain was observed in topsoil that strongly negative-
ly correlates only with SLP. SOC stock in the 200 cm depth interval is
strongly negatively related to TP and ALTCHN and is less strongly relat-
ed to SLP and ALT. The relationship with SPL is more pronounced for
SOC stock in the whole profile.

For the LU plot, PCA analysis showed different terrain control of the
SOC stock and soil unit distribution. Colluvial soil again has a specific po-
sition, related to high values of CA and TWI, and low values of PLANC.
SOC stock is correlated with the same attributes as colluvial soil. SLP,
PROFC and ALT have weak relationships with SOC stocks.

In the CM plot, the position of colluvial soil is less isolated than in
the other two plots. Their position is controlled mainly by PLANC, CA,
TWI and CONVIN. SOC stock in topsoil is negatively related to SLP,
although the total SOC stock is related mainly to CONVIN, PLANC,
TWI and CA.

Table 3
SOC stock in the sampling points (kg-m~2) in the three plots.
Mean Minimum Maximum Std. dev. Coef. var.
25cm
CH plot 3.76a 1.79 6.41 1.15 30.66
LU plot 3.67a 2.56 5.11 0.53 1434
CM plot 4.56b 143 9.77 0.94 20.63
Total
CH plot 19.6a 3.84 68.20 18.44 94.12
LU plot 7.30b 3.77 14.56 2.25 30.90
CM plot 8.07b 143 19.53 3.99 49.43

(Mean values followed by the different letters (a, b, ¢) in the same column are significantly
different at P < 0.05 according to Multiple range test).

4.2.2. SOC stock spatial distribution

The final models resulting from the selection of the best performing
model are described in Table 4. These were further applied to the study
plots to visualize the spatial distribution of SOC stock at different soil
layers.

Performance of the models varies significantly among the plots and
depth intervals. It is high in the CH and LU plots, but moderate or rather
poor in the CM plot. In the CH plot, the model computing the total SOC
stock explains 93% of the SOC stock distribution; coefficients in compo-
nent depths are slightly lower. The best performance was obtained in
the LU plot, where the prediction model explains 99% of the SOC stock
variability in the whole profile and 83% in topsoil. The lowest prediction
model performance was estimated in the CM plot. The model explains
only 23% of topsoil SOC stock and 63% of total SOC stock. Prediction ac-
curacy is visualized in Fig. 5 as a comparison of predicted and observed
values in an independent set of sampling points. Significant differences
in the prediction accuracy were determined in the three plots. The low-
est RSME,.; of total SOC stock (0.28 kg-m ™2, representing 4.09% of the
mean) was reached in the LU plot. The highest RSME,,; of total SOC
stock was determined for the CH plot (2.85 kg-m™2), which represents
a 19.35% proportion of the mean prediction. In the CM plot, RMSEy,, is
2.38 kg-m~ 2, representing 32.42% of the mean.

The mean values of SOC stocks at given depths with confidence in-
tervals of the best performing model are shown in Table 4. The studied
plots do not significantly differ in terms of SOC stock in the topsoil. The
highest SOC stock was found in the CM plot (4.21 kg-m™2). SOC stock
differences among the studied plots are much more apparent with
increasing soil depth compared with the SOC stock differences in the
topsoil. The CH plot has double the total SOC stock (14.47 kg-m~2)
compared to the other two localities (6.84 kg-m~2 in LU plot,
7.34 kg-m~ 2 in CM plot).

Studies assessing the SOC stock in comparable environments gener-
ally have similar or slightly higher values for luvic and cambic soils.
Studies from mollic soils on loess reported varying results, as the envi-
ronment of these soils is highly variable. Xi et al. (2011) estimated the
SOC density in deep soils (up to 1.8 m) in a loess plain in Northeast
China at 12.4-19.8 kg-m~2, which is comparable to our results. Howev-
er, SOC density in the deep Voronic Chernozems formed under typical
steppe conditions is significantly higher. Kalinina et al. (2011) estimated
the SOC density in the topsoil of such a Chernozem at 7 kg-m~?2, and
18.5 kg-m~2 in the first 50 cm. Yang and Wander (1999) estimated
SOC density in a Luvic Phaeozem at 9.3 kg-m™2 in the first 90 cm.
Wiesmeier et al. (2013) present mean values of 9.0 kg-m ™2 for the
whole soil profile in a large region of Bavaria covered by an association
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Fig. 4. PCA biplot of SOC stock, terrain attributes and soil units at the three study plots, with percentage of explained variance of principal components and normal probability ellipsoids.

of cambic/luvic/stagnic soils. Very similar results (9.4 kg-m™? for clayey
soils and 11.3 kg-m~2 for loamy soils) were obtained by Doetterl et al.
(2013) for the first 100 cm in a transect that is represented by Luvisols,
Cambisols and Arenosols in Luxembourg. High SOC concentrations in A
horizons in Cambisols can be attributed to less favourable conditions for
soil organic matter mineralization, leading to the accumulation of
humus. High SOC concentrations in Cambisol topsoil and even in cambic
horizons have been described in large areas of the Czech uplands
(Némecek and Tomasek, 1983).

In the LU plot, both the coefficient of determination (0.99) and pre-
diction accuracy achieved convincing values, showing a high potential
for usefulness of a model based on terrain predictors at this plot. A

broad range of values and lower density of testing profiles caused higher
prediction errors in the CH plot. This is also expressed by a broad confi-
dence interval of SOC stock means at the CH plot. The validation resultin
the CM plot can be considered as poor, and corresponds to the low
explaining variance of the model, showing low potential for applying
terrain attributes as model predictors at the CM plot. In most cases,
studies discussing the reliability of SOC stock modelling, using RSME, .|
in proportion to mean values, are held in large areas and thus compari-
son is difficult (Cambule et al., 2013; Mishra et al., 2010). When compar-
ing to studies performed at a detailed scale, our results appear better in
the LU and CH plots, and similar or worse in the CM plot. Simbahan et al.
(2006) estimated SOC stocks in Nebraska for fields of approximately 50
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SVM models for SOC stock assessment: selected predictors, model settings and prediction accuracy.

Plot SOC Predictors Model settings (regression mode)

Prediction accuracy

Kernel Gamma Cost Tolerance Epsilon

2
Reval

Mean (confidence intervals®) (kg-m~2) RMSE,, (kg-m~2) RMSE,, (% of mean)

CH 0-25cm ALT
ALTCHN
CA
PROFC
SLP

TWI
ALT
PLANC
TPI

ALT
ALTCHN
TPI

ALT

CA
CONVIN
PLANC
TWI
ALT
CONVIN
PLANC

Radial 1 100 0.001 0.1 091

25-200 cm Radial 100 0.001 0.1 0.85

Total Radial 0.1 10 0.001 0.1 0.93

LU 0-25cm Radial 100 0.001 0.1

Total Radial  0.001 100 0.001 0.1

CM  0-25cm CA Radial 0.1 1 0.001 0.1 0.23

Total Radial 0.1 10 0.001 0.1

3.89 (3.16-4.64) 0.36 9.23

13.59 (3.14-20.31)

20.39

14.47 (6.03-22.15) 2.85 19.35

3.65 (3.32-3.99)

6.84 (6.05-7.54)

421 (2.68-6.17)

21.14

7.34 (2.68-12.01) 3242

¢ 95% confidence level.

to 65 ha using different geostatistical methods, with a resulting RSME,,
proportion of 17% to 30% of the mean. Minasny et al. (2006) assessed
SOC stocks in the Loir Namoi Valley in Australia (1500 km?), with an
estimated RSME,,; proportion to the mean of 30-140%.

Fig. 6 shows the SOC stock maps in the study plots for different soil
depth intervals. We can assume that the largest SOC storage concen-
trates in the landscape positions defined by low slope (CH plot), con-
cave curvature (LU plot), high values of hydrologic indexes indicating
higher soil moisture (LU, CM plots), and low values of topographic
indexes (ALTCHN and TPI) indicating strong geomorphic control of
SOC storage (CH plot).

In the CH plot, maps of component depth intervals illustrate the con-
secutive filling of the side valley and the toe-slope with sediments. The
highest SOC storage in topsoil is concentrated in the plateau with a non-
eroded mollic horizon and low material removal. Topsoil of colluvial
soils occurring in toe-slopes consists of a mixture of eroded A horizons
and SOC-depleted material transported from truncated slopes. The
SOC stock increase in the 200 cm depth interval is most significant in
the side valley filled by material originating from an eroded mollic hori-
zon. This trend is less pronounced in the toe-slope where the first
200 cm of the soil profile consists of sediments with a high proportion
of eroded loess. The total SOC stock increases abruptly in the toe-
slope, where the deepest colluvial soils occur. This distribution is sup-
ported by PCA analysis: total SOC is dependent on SLP, ALT and TP, as
the highest rates occur in the low flat positions in the toe-slope, al-
though SOC stock in the 200 cm interval is more strongly related to
TPI and less so to SLP. In the LU plot, the highest SOC stock in both the
topsoil and in the total depth interval is concentrated in concave parts
of the plot, represented by the two side valleys. The highest storage is
evident in the joint of the drainage lines defined by the strongest sedi-
mentation of material and the highest potential soil wetness. A strong
relationship of SOC stocks with TWI and PLANC was also shown in
PCA analysis. Similar to the CM plot, the total SOC stock in the LU plot
corresponds to the two lines of concentrated runoff (high TWI), but
the topsoil SOC stock does not relate significantly to the terrain units.

The high SOC stock is not necessarily connected only to colluvial soil
but also occurs in Cambisols. This fact may correspond to locally in-
creased SOC concentrations in topsoil out of the main accumulation
area. Studies relating SOC storage with various environmental factors
detected different variables explaining the spatial distribution and
values of SOC density. Doetterl et al. (2013) showed the significance of
curvature and TPI for subsoil SOC stock in loamy soils in Luxembourg,
and relate this to steep and sloping terrain with very strong local geo-
morphic control. This is in accordance with our results from the CH
plot, where the influence of TPI and ALTCHN on SOC density increased
with increasing soil depth. Wiesmeier et al. (2013) showed a marked
importance of soil moisture, represented by TWI, for the spatial distri-
bution of SOC storage in Luvisol and Cambisol regions in southeast
Germany. Furthermore, Doetterl et al. (2013) identified TWI as the
most important factor in soils with higher clay contents. In our study,
we also identified TWI as an important terrain attribute used in the pre-
diction of SOC stock in LU and CM plots.

4.3. Role of colluvial soils in SOC stock

Colluvial soils play a very different role in the SOC stock at the three
plots (Tables 5a and 5b). In the CH plot, colluvial soil forms an important
part of the soil cover. Comparing SOC stock among the soil units for
topsoil, only Regosols differ significantly from the other soil units
(3.4 kg-m~2). Mean SOC stocks in topsoil of CO and CH are practically
identical (4.5 kg-m™2). More than 37% of total SOC stock is retained in
colluvial soils that form 13.5% of the plot area. The mean total SOC
stock in the CO is 40.4 kg-m~2, while CH has 11.2 and RG only
10.4 kg-m™~ 2. SOC stock retained under 200 cm was estimated at 19%.
In contrast with the CH plot, the increased SOC stock of CO soils is evi-
dent in the topsoil in the LU plot. The CO topsoil SOC stock
(4.2 kg-m™2) statistically differs from both LU (3.6 kg-m~2) and RG
(3.5 kg-m™2). Colluvial soil retains 12% of the total SOC stock, which
is almost double that of the areal proportion of the soil unit. More
than half (53.4%) of the total SOC stock is stored in topsoil. In the CM
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Fig. 5. Comparison of predicted and observed values in an independent set of sampling points.

plot, the topsoil SOC stock of CO soils (5.0 kg-m™2) is statistically higher
than that the overall SOC stock in the CM (4.5 kg-m~2) and LP
(4.4 kg-m~?2) plots. Topsoil contains 60.3% of the SOC stock. Colluvial
soils represent only a marginal soil unit, occupying 3% of the plot area,
but represent 5.1% of the total SOC stock in the plot.

In all of the studied plots, significant differences in the SOC stock in
colluvial, stable and erosional positions were estimated. Significant
SOC density differences in erosional and depositional parts of the terrain
have been analogously identified in several studies, mostly to the depth
of 100 cm. Shukla and Lal (2005) studied differences in SOC stock (0-
50 cm) in erosion, deposition and undisturbed positions on Luvisols in
Ohio. They observed a significant SOC density decrease in eroded
areas of the studied sites (4.0 kg-m™2) in comparison to stable
(5.0 kg-m~2) and depositional areas (5.6 kg-m~2). Doetterl et al.
(2013) identified a significant difference in SOC density between

erosional and depositional areas only in subsoil. De Gryze et al. (2008)
measured a SOC density increase from 3.8 kg-m~2 to 6.9 kg-m~2 in
erosional and depositional areas of a luvic/cambic soil cover. These eval-
uations correspond to the results obtained for the LU and CM plots.
Values and differences among the three terrain positions identified in
the first 100 cm of the CH plot (17.1 kg-m~2 for colluvial soils,
9.8 kg-m~2 for Chernozems and 5.4 kg-m~2 for Regosols) far exceed
any of these estimations.

The mass of SOC stock retained in colluvial soil differs substantially
in the studied plots. In the CH plot, the role of colluvial soils significantly
increases with increasing depth. This is evident from both comparison
of SOC stock among the soil units and from evaluations of total SOC
stock in the plot. Due to their extreme depth, even higher SOC stock
could be expected, but we must take into account that the top 100-
200 cm of the deepest colluvial profiles is formed by mixed material
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Fig. 6. Maps of the SOC stock distribution (kg-m™2) at component soil depth intervals; a) CH plot, b) LU plot, c) CM plot.

from the original mollic horizon and loess material, which is relatively
poor in organic matter. However, colluvial soil at the Chernozem plot
represents a vast pool of organic matter, retaining a large amount of

SOCin very deep layers that are rarely included in the SOC stock estima-
tions (Chaopricha and Marin-Spiotta, 2014). Note that almost one fifth
of organic matter occurs under the depth of 2 m, which is widely
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Table 5a
Total and proportional SOC stock in the three plots in colluvial soil and in the component
depth intervals.

% from total SOC % from total area SOC stock (t-ha™—1)

CH plot

25 cm 26.9 100 39.0
200 cm 81.0 100 135.9
Total 100 100 144.7
Colluvial soil 376 135 404.0
LU plot

25 cm 534 100 36.6
Total 100 100 68.4
Colluvial soil 12.0 8.8 93.2
CM plot

25 cm 60.3 100 421
Total 100 100 734
Colluvial soil 5.1 3.0 122.8

considered as the lower limit of a soil profile definition (USDA, WRB).
We came to the same conclusions as Chaopricha and Marin-Spiotta
(2014), who refer to the importance of incorporating deeply deposited
organic matter into SOC dynamics research, pointing out its large
amounts and potential biological activity. Such high SOC stock beneath
2 m can be attributed to the deep colluvial horizon, with maximum SOC
concentrations occurring under the depth of 2 m (Fig. 1). Zadorova et al.
(2013) used detailed geochemical analysis to prove that this deep layer
of high SOC content, occurring between 2 and 4.5 m, represents a buried
mollic horizon of a former Chernozem, and thus the former soil surface.
In addition, we must take into account that large amounts of material
have been washed out from the plot during annual heavy rainfall
events. Zadorova et al. (2013) averaged the sedimentation rate in the
region over the last 200 years at 3 cm/year. This represents an order of
magnitude difference from the sedimentation rates estimated in other
studies from loess regions in central Europe (Zglobicki, 2013; Bluszsz
et al.,, 2007; Dotterweich et al., 2013). Reasons for such massive sedi-
ment transport can vary: the high erosion vulnerability of this Cherno-
zem type (silty texture, rather low organic carbon content and weak
soil structure due to intensive cultivation), and also the dissected, hilly
terrain with steep slopes, numerous side valleys and terrain rills atypical
of loess topography forming level relief (if not forming gully systems).
In the LU plot, the increased SOC content in the CO is evident even in
topsoil, which is in contrast with the CH plot. This can be attributed to
two processes: selective enrichment of SOC, and higher soil moisture
in the concave part of the plot, leading to a decreased SOC mineraliza-
tion rate (e.g., Doetterl et al., 2013). The difference in the CO SOC stock
is more pronounced when considering the total SOC stock. Although
the parent material is loess, as in the CH plot, erosion and deposition
processes have not led to intensive soil material removal and subse-
quent formation of deep humus-rich colluvial profiles. The soil removal
is limited mostly to topsoil. This is evident in the high SOC storage in
topsoil, the small area covered with colluvial soils with depths reaching
only to 70-100 cm, and the limited truncation of the Bt horizon in the
steep parts of the plot. Zadorova et al. (2014) attribute this fact to the
specific profile of Luvisols with an argic horizon, characterized by a de-
veloped and stable structure, representing a scarcely erodible layer
protecting the underlying highly erodible loess material. Similarly,

Kodesova et al. (2009) studied the stability of soil structure in a Luvisol
with similar soil properties, and reported a weak soil structure sensitive
to intensive rainfall in the A horizon, and a well-developed soil structure
with high aggregate stability in the argic (Bt) horizon.

In the CM plot, almost two thirds of the SOC stock is retained in top-
soil, which is the highest proportion among the studied plots. This is due
to generally high SOC content in the plough layer and the fact that the A
horizon is predominantly limited to the plough layer (excluding CO
soils). Colluvial soils represent only a marginal soil unit. The majority
of the humus-rich profiles are concentrated in the side valleys, but
their area is limited. As in LU, higher soil moisture in areas with colluvial
soils causes increased SOC storage. Despite a markedly dissected relief
and long and steep slopes, the soil pattern driven by erosional material
transport is less evident than in the other two plots. It is debatable as to
why the erosion effect is less intensive in the CM plot, which has the
largest contributory area and the steepest slopes, particularly when
we take into account the fact that other environmental factors are sim-
ilar to those in the other two plots (e.g., soil texture, land use, climate). A
possible explanation can be derived from its soil structure. Jirku et al.
(2013) and Kodesova et al. (2009) found that the soil structure of
Cambisols studied at an agricultural plot in Central Bohemia was stable
even during intensive rainfall events. Kodesova et al. (2009) attribute
this observation to a higher amount of organic matter and mostly to
the presence of free iron oxides acting as cementing agents.

5. Conclusions

The study demonstrates how colluvial soils contribute to the total
SOC stock at three pedologically different areas, which are influenced
by soil redistribution due to accelerated erosion.

* The role of colluvial soils, with respect to their spatial extent and SOC
stock, differs in the studied plots. The CO at the CH plots represents an
important portion of the soil cover, both spatially (13%) and by vol-
ume of SOC stock (37%). CO has a moderate importance at the LU
plot (12% of SOC stock) and a low importance at the CM plot (5% of
SOC stock). The averaged SOC stock retained in colluvial soil signifi-
cantly exceeds the mean SOC stock at each study plot. The SOC stock
retained in colluvial soils and their spatial extent correspond to the in-
tensity of soil mass redistribution. At the three plots with similar envi-
ronmental settings (terrain, land management, climate), it is mostly
soil characteristics and profile development, which are typical for
each classification unit, that resulted in different degrees of impor-
tance of colluvial soil.

SOC stock differs significantly for topsoil and subsoil in each plot. In
Luvisol and Cambisol plots, more than one half of SOC is retained in
topsoil and only marginal stock is contained below 50 cm, while
more than two thirds of SOC stock occurs in subsoil in the Chernozem
plot. Approximately 19% of the total SOC stock is below 2 m. This find-
ing indicates the importance of the incorporation of deep and buried
soil horizons in SOC stock estimations.

The study demonstrated the high potential for the use of terrain vari-
ables as predictors in SOC stock modelling. However, significant dif-
ferences in model performance have been identified among the
studied plots. The best results were obtained in the LU plot, where
both determination coefficients and prediction accuracy reached
very good values. The model performance was also satisfactory in

Table 5b
Mean SOC stock (t-ha~"') in different soil units at the three study plots.
Soil unit 25 cm Total Soil unit 25 cm Total Soil unit 25 cm Total
CH plot Cco 45.0a 404.0a LU plot co 41.5a 93.2a CM plot Cco 49.7a 122.8a
CH 45.2a 112.0b LU 36.2b 66.7b CM 44.5b 72.0b
RG 34.3b 103.7¢ RG 35.0c 61.7¢ LP 441c 66.2¢

(Mean values followed by the different letters (a, b, ¢) in the same column are significantly different at P < 0.05 according to Multiple range test).
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the CH plot. The model showed its limitations in the CM plot, where a
high uncertainty and low prediction accuracy resulted from a general-
ly weak relationship between terrain and soil redistribution.

PCA analysis and the use of predictors in prediction models revealed
probable terrain attributes influencing the colluvial soil occurrence
and SOC distribution in the plots. SOC stock in the highly dynamic en-
vironment of the Chernozem plot is driven mostly by intensive lateral
sediment fluxes, indicated by terrain attributes such as slope and TPI.
In Luvisol and Cambisol plots, the strong relationship with curvature
and TWI corresponds to the combined process of sedimentation and
soil moisture control on SOC concentration.

In summary, the results of the study revealed the significant influ-
ence of soil forming processes, resulting in different soil types, on the
role of colluvial soil in total SOC stock, inter-site and in-depth variability,
and topsoil/subsoil distribution of SOC stock at the three study plots.
The results emphasize the importance of including deep soil sediments
in total SOC stock estimation, mainly in plots with intensive soil mass
redistribution. Our results suggest that the delineation of colluvial
soils can identify areas with high potential deep organic carbon storage
and thus improve the precision of our knowledge of SOC stock and its
distribution in the agricultural landscape.
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Abstract

ZADOROVA T., ZizaLa D., PENiZEK V., CEJKOVA S. (2014): Relating extent of colluvial soils to topographic de-
rivatives and soil variables in a Luvisol sub-catchment, Central Bohemia, Czech Republic. Soil & Water Res., 9:
47-57.

Colluvial soils, resulting from accelerated soil erosion, represent a significant part of the soil cover pattern in
agricultural landscapes. Their specific terrain position makes it possible to map them using geostatistics and
digital terrain modelling. A study of the relationship between colluvial soil extent and terrain and soil variables
was performed at a morphologically diverse study site in a Luvisol soil region in Central Bohemia. Assessment
of the specificity of the colluviation process with regard to profile characteristics of Luvisols was another goal
of the study. A detailed field survey, statistical analyses, and detailed digital elevation model processing were the
main methods utilized in the study. Statistical analysis showed a strong relationship between the occurrence of
colluvial soil, various topographic derivatives, and soil organic carbon content. A multiple range test proved that
four topographic derivatives significantly distinguish colluvial soil from other soil units and can be then used for
colluvial soil delineation. Topographic wetness index was evaluated as the most appropriate terrain predictor.
Soil organic carbon content was significantly correlated with five topographic derivatives, most strongly with
topographic wetness index (TWI) and plan curvature. Redistribution of the soil material at the study site is
intensive but not as significant as in loess regions covered by Chernozem. Soil mass transport is limited mainly
to the A horizon; an argic horizon is truncated only at the steepest parts of the slope.

Keywords: digital elevation model; digital soil mapping loess; soil erosion; soil organic carbon

Colluvial soils form part of a mosaic of soil units in
the soilscape, influenced by long-term erosion. Sedi-
mentation of eroded humus-rich material forms deep
fertile soils with more or less evident stratification of
layers. Their close relationship with specific terrain
units makes them a good object for digital soil mapping.
Although their real spatial extent is not known, the
ubiquitous occurrence of soil transport indicates that
the extent of colluvial soils may be large (ZADOROVA
et al. 2011). Formation of these soils is tightly con-
nected with agricultural exploitation of the landscape
and intensification of agriculture production. So far,
a method for mapping of colluvial soil was developed

for small catchments in Chernozem regions (ZADORO-
VA et al. 2008, 2011), using geostatistics and fuzzy
methods based on detailed terrain analysis. Colluvial
soil mapping in loess-derived Luvisols is another step
in the delineation of this soil unit and should be stud-
ied namely due to the large area of Luvisols and their
generally high agricultural productivity. Luvisols, in
comparison with e.g. loess-derived Chernozems, have
a highly heterogeneous soil profile, namely in terms
of the particle size distribution and soil structure.
Thus, a different and more complex functioning of
soil removal and sedimentation can be presumed. The
presence of a dense, clay-rich argic horizon with highly
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developed and stable soil structure can represent a
significant threshold in erosive intensity and influence
the resulting area and form of colluvial soils. The ef-
fect of soil aggregate stability, clay content, and soil
organic matter on erosion vulnerability was studied
by LE BissoNNAIs (1996), BRoNick and LAL (2005),
CANTON et al. (2009). Aggregate stability is a critical
component of soil erodibility since it controls the soil
dispersion and surface seal development. The level
of aggregation and stability of aggregates increases
concurrent with increasing organic matter content,
surface area of clay minerals, and cation exchange
capacity (BRoNICK & LAL 2005).

Soil organic carbon (SOC) distribution due to soil
erosion is intensively studied (e.g. LAL 2001; RITCHIE
et al. 2007). The general distribution of humus and
its content in the colluvial profile reflects the specific
sedimentation processes at the study plot. Increase
in SOC in the colluvial horizon indicates preferential
transport of material from A horizon. Decrease in
SOC, on the other hand, indicates sedimentation
of subsoil material and thus more intensive erosion
(ZADOROVA et al. 2013).

Research on Central European loess colluvial soils
is extensive. Soil redistribution in Luvisols as a result
of erosion was described e.g. by TERHORST (2000),
Krimowicz and UziAak (2001), or WoLF and FAUST
(2013). Most of the studies concentrate on the structure
of soil profiles along the studied transects. Other stud-
ies in Luvisol areas use colluvial soils as geoarchives
due to their wide distribution and continuous pres-
ence for at least 7000 years (LANG & HONSCHEIDT
1999; LEoroLD & VOLKEL 2007; KADEREIT et al. 2010;
KLIMEK 2010; POREBA ef al. 2011).

Mapping of colluvial soils is based on topography
and digital terrain modelling (ZADOROVA et al. 2011).
Quantitative terrain data are widely applied in studies
concerning how landscape position influences soil
properties. Slope, curvature, catchment area, and
topographic wetness index (TWI) are the most fre-
quent variables. The various properties investigated
include: soil depth (ODEH et al. 1995; PEN{ZEK &
BorUVKA 2006), thickness of horizons (FLORINSKY
etal.2002; VANWALLEGHEM et al. 2010), particle size
distribution (ODEH et al. 1995; PENiZEK & BORUVKA
2004), organic carbon content (SCHWANGHART &
JARMER 2011), soil unit delineation (ZADOROVA et
al. 2008, 2011). In Luvisols, few studies focus on soil
depth and horizonation using terrain predictors.
YouNG and HAMMER (2000) studied a number of
attributes and their relationship with the depth of
Bt horizon in a loess-mantled landscape in Missouri.
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The A horizon depth was studied by MOORE et al.
(1993) or MARTIN and TiMER (2006). VANWAL-
LEGHEM et al. (2010) studied the spatial variability
of soil horizons in a natural forested area.

The presented study forms a part of a complex
research concerning colluvial soil delineation in
different soil and parent material conditions. This
study directly continues from the study of a Cher-
nozem region presented in ZADOROVA et al. (2011).

The particular objectives can be defined as follows:
() to evaluate the relationship between the colluvial
soil extent and selected topographic derivatives using
different statistical methods, (ii) to define topographic
derivatives with values specific for colluvial soils,
which distinguish them from other soil units, and
(ii7) to assess the specificity of the colluviation process
at the study plot with regard to profile characteristics
of Luvisols. Soil profile structure and organic carbon
distribution will be used for this aim.

MATERIAL AND METHODS

Study site. The study was situated in Central Bohe-
mia (Czech Republic), in the PSovka River watershed
(Figure 1). The wider area is underlain by Creta-
ceous sandstones covered by a Pleistocene loess layer
(CHLUPAC et al. 2002). Haplic and Albic Luvisols are
the original dominant soil units. Detailed research was
carried out on a section of an agricultural parcel. The
study plot is characterized by intensive topography
dominated by two perpendicular side valleys (north-
south and east-west) connected in the south-west
part of the site (Figure 2). These two concave units
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Figure 1. Localization of the study site (left) and the network
of borings (white dots — soil profile description, grey dots
— soil profile description and soil organic carbon analysis)
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together with a significant rill in the east part of the
plot represent the main accumulation positions at
the plot. The adjacent slopes are relatively steep (up
to 12°), while the south, north-east, and north-west
parts of the plot are formed by flat terrain.

Methods. The study plot was investigated by soil
sampling based on a regular grid (15 x 15 m) with
1 m deep auger observations (in total 119 bores)
(Figure 1). The following soil characteristics were
determined: soil unit, soil depth, soil profile stra-
tigraphy. Samples for analysis of soil organic carbon
content were taken from half of the borings (66 bor-
ings, grid 30 x 30 m).

The soil organic carbon content was measured using
the dichromate redox titration method (SKJEMSTAD
& BAaLDOCK 2008).

The topographic derivatives were obtained from
the digital elevation model (DEM) derived from the
airborne laser scanning procedure. The DEM was
provided in 1 x 1 m point grid (provider GEODIS
Ltd., Brno, Czech Republic), interpolated and filtered
by Gaussian filter in SAGA GIS software. Computed
topographic derivatives represent a standard set of
terrain variables used for the soil-terrain mapping
(MOORE et al. 1993; ODEH et al. 1995). The topo-
graphic derivatives were calculated using integrated
algorithms implemented in SAGA GIS from the
DEM: altitude (ALT), slope, plan, profile, and mean
curvature (PLANC, PROFC, MEANC), catchment
area (CA), altitude above channel (ALTCHN), and
topographic wetness index (T WI). Particular topo-
graphic derivatives were selected to be comparable
with the study on colluvial soil delineation carried
outin a Chernozem region (ZADOROVA et al. 2011).

Correlation between the soil characteristics and
terrain derivatives was assessed by Pearson’s (normal
distribution variables) and Spearman’s (other) coef-
ficient. Multiple Range Test (parametrical and non-

parametrical) was used for all topographic derivatives to
find out which of them are characteristic for the colluvial
soil unit. It means that for colluvial soil there exists a
unique confidence interval of topographic derivative
value that significantly differentiates colluvial soil from
other soil units. This analysis enabled the choice of a
reasonable number of appropriate topographic deriva-
tives to distinguish the colluvial soil from other units.
Principal component analysis (PCA) was applied to
display the structure of the data set and reveal possible
inter-correlations between the variables. All statistical
calculations were performed using the software R.
Names of soil units used in this paper are based on
the national classification Czech Taxonomic Classifi-
cation System of Soils (CTCSS; NEMECEK et al. 2011).
Their correlation with World Reference Base for Soil
Resources 2006 (WRB 06; IUSS Working Group WRB
2006) and CTCSS is described in Table 1. Detailed
information on correlation between CTCSS and
WRB 06 is given in ZADOROVA and PENiZEK (2011).
Soil units defined in the national classification are
better suited for the soil cover pattern description
after a long-term redistribution as they, opposite to
the WRB, reflect the process of soil formation and
can be used to differentiate particular erosion and
accumulation stages of the soil profile.

RESULTS AND DISCUSSION

Soil cover pattern. The soil cover pattern exists as
a diverse mosaic of soil units due to intensive mate-
rial redistribution caused by both water and tillage
erosion. Five soil units, and/or subunits, were identi-
fied (Figure 3). Luvisols cover mainly the upper flat
parts of the plot and lower slopes. The A horizon is
restricted to the plough layer or reaches a maximum
0of 5-10 cm below. The eluvial horizon forms part of
the plough layer. The argic horizon is well structured

&= Plan curvature
(m/m)

0.105

0.045

Figure 2. Digital elevation model and selected topographic derivatives; TWI — topographic wetness index
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Table 1. Soil units names used in the paper and their correlation in World Reference Base for Soil Resources (WRB 06)

Soil unit WRB 06 CTCSS Profile A horizon depth (cm)
LU Haplic Luvisol Hnédozem modaélni A-Bt-C A <30

LUac Luvic Phaeozem Hnédozem modélni akumulovana A-Bt-C A >30,<60

CcO Luvic Phaeozem Colluvic Koluvizem modélni A-Bt-C A > 60

RG I:I:‘lghz gzgzgi Regozem modalni A-C A<30

RGac Haplic Kastanozem Regozem modélni akumulovana A-C A >30,<60

LU - Luvisol; LUac — accumulated Luvisol; CO — colluvial soil; RG — Regosol; RGac — accumulated Regosol; CTCSS —

Czech Taxonomic Classification System of Soils

(polyhedric and prismatic structure) but its thick-
ness varies significantly from 10 to 60 cm (Figure 4).
Luvisols differ according to their accumulated forms
in the concave parts of the terrain, mainly at the
outer parts of the main side valleys. The A horizon
is deeper (30-60 cm), but the eluvial horizon is not
present. Colluvial soils develop exclusively in the
bottom parts of the two side valleys. The A horizon
exceeds 60 cm in thickness, in majority of profiles
it is more than 80 cm thick (Figure 4). In a similar
terrain arrangement, the thickness of colluvial hori-
zons is fundamentally smaller than in Chernozems
(ZADOROVA et al. 2011), namely because of generally
shallower A horizons in Luvisols and the presence
of a stable Bt horizon. Colluvial layers bury argic
horizons indicating the original presence of Luvisols
at the valley bottom. Steep slopes adjacent to the
side valleys are covered by Regosols with an eroded
profile. Regosols located close to the accumulation
area have deep A horizons (up to 60 cm) but lack
an argic horizon. This profile evolution corresponds
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to the consecutive filling of the valleys bottom and
accumulation of the soil matter at adjacent slopes.
A strong influence of tillage erosion can be assumed
in these profiles.

A very similar soil cover pattern was identified
by TERHORST (2000) with Albic Luvisol at the flat-
topped ridges, Regosols and Rendzinas at the slopes,
and thick colluvial layers and buried Luvisols at the
valleys bottom. KLimowicz and Uz1iAk (2001) esti-
mated an average colluvial horizon thickness of 90
cm in the wider area of Polish loess-derived Luvisols.
WoLr and FAusT (2013) reported severe truncation
of Luvisol profiles at the slopes and colluvial sedi-
ment up to 1 m thick in accumulation positions. In
contrast, at a comparable study site in a Chernozem
region (ZADOROVA et al. 2011), the area with exposed
parent material is negligible.

Relationship between soil units and topographic
derivatives. Tables 2 and 3 show the relationship
between each of the identified soil units and topo-
graphic derivatives. Results of PCA analysis are

Profile stratigrapgy
A B

B AB_|BC
EmACTIC
TWI
. 18.08

212

Figure 3. Soil units dis-
tribution at the study site
(left) and soil profile stra-
tigraphy (right)
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Figure 4. Interpolated soil horizons thickness (cm)
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depicted in Figure 5. Component 1 and component 2
explain 77% of the data variability. Mean values
for each soil unit were generated for each involved
topographic derivative (Table 2). In the majority of
cases, mean values for colluvial soil lie in a differ-
ent part of the interval than other soil units. This is
noticeable in the case of ALT, slope, PLANC, CA,
TWI, and ALTCHN (Figure 6). As the PCA analysis
showed a strong inter-correlation of TWI and CA,
only TWI will be used for the next analysis. Multiple
range test for aggregated soil units (colluvial soil,
Luvisol, and Regosol) proved significant differences
between colluvial soil and other soil units in all of the
above mentioned variables except for slope (Table 3).
Colluvial soils can then be delineated using these

topographic variables. The most marked difference
was determined in the case of TWI (Figure 6) This
is an expected result as TWI has a high potential
in the delineation of areas with different intake of
sediments (FLORINSKY 2002; ZADOROVA et al. 2011).
The significance of ALT and ALTCHN shows that the
occurrence of colluvial soil is restricted to the lowest
parts of the relief. PLANC also showed significant
differences between colluvial soil and other soil units,
indicating their development in the concave side
valleys. PCA analysis also shows the isolated posi-
tion of colluvial soils and their strong relationship
with the above mentioned topographic derivatives.
On the contrary, mean and profile curvature has no
influence on the differentiation of soil units. With
accumulated forms included, the differences were
not significant for any of the derivatives (Table 3).
This is caused mainly by the group of accumulated
Luvisols having the properties typical of colluvial soil
and Luvisol. PCA analysis shows this polarity as the
profiles are aggregated in two distinct groups. Stand-
ardized means of topographic derivatives relevant for
soil units can be compared with an analogous study
conducted in a Chernozem region (ZADOROVA et
al. 2011). In colluvial soil, the means of profile and
mean curvature are very similar while the mean of
slope is markedly lower in the case of the Luvisol
area (0.38 in Luvisol area, 0.52 in Chernozem area)
and the mean of TWT is higher in the Luvisol area
(0.58 in Luvisol area, 0.44 in Chernozem area). The
differences are caused mainly by different terrain
configuration in both study sites when the colluvial
soil in Chernozem region reaches up to the backslope
positions with high slope. A relatively high value of
slope in the case of Luvisol (0.59) proves that the
extent of these soils is not limited to the flat areas and
that the Luvisols are stable even at low and middle
slopes (in contrast to Chernozems that are preserved
exclusively at the flat positions). The MRT revealed

Table 2. Standardized means of topographic derivatives for each soil unit

Soil unit ALT SLOPE MEANC PLANC PROFC CA TWI ALTCHN
LU 0.593 0.513 0.378 0.344 0.575 0.001 0.248 0.206
LUac 0.428 0.495 0.323 0.302 0.625 0.007 0.340 0.084
CcO 0.263 0.3848 0.365 0.275 0.506 0.149 0.585 0.040
RG 0.547 0.6428 0.432 0.412 0.514 0.001 0.196 0.216
RGac 0.344 0.706 0.425 0.367 0.592 0.001 0.226 0.117

LU - Luvisol; LUac — accumulated Luvisol; CO — colluvial soil; RG — Regosol; RGac — accumulated Regosol; ALT —
altitude; SLOPE - slope; MEANC — mean curvature; PLANC — plan; PROFC - profile; CA — catchment area; TWI —
topographic wetness index; ALTCHN - altitude above channel
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Table 3. Differentiation of soil units based on topographic derivatives (Multiple Range Test Method: 95.0% LSD)

Soil unit ALT SLOPE MEANC PLANC PROFC CA TWI ALTCHN
Aggregated soil units

LU A A A A A A* A
CO B* A A B* A B B* B*
RG A B* A AC A A (o A
Soil units and subunits

LU A AB A AB A A A A
LUac B AB A A A B AB AB
CO BC A A B B B
RG AB A B A A AC

RGac ABC B A AB A AB AC AB

LU - Luvisol; LUac — accumulated Luvisol; CO — colluvial soil; RG — Regosol; RGac — accumulated Regosol; ALT —
altitude; SLOPE — slope; MEANC — mean curvature; PLANC — plan; PROFC — profile; CA — catchment area; TWI —
topographic wetness index; ALTCHN - altitude above channel; *soil unit forms a distinguished group

the most important difference in the case of curvature
(mean and profile); it was one of the most significant
derivatives for the distinction of colluvial soils in the
Chernozem region but it had a very low potential in
the Luvisol area. Catchment area and TWI showed
high potential for colluvial soil delineation in both
study areas. Opposite from the Luvisol area, altitude
was not a significant parameter in the Chernozem
area where colluvial soils also reached higher parts
of the study plot. In the Chernozem region, colluvial
soil could be unified with accumulated Chernozem
using some topographic derivatives and thus a wider
accumulation area could be delineated. At the Luvisol
study site, the colluvial soil and accumulated Luvisol

PC2
o

“PROFC

Soil units @ RG @ RGa @ LUac @ LU @ CO

-3 0
PC1
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do not form a homogeneous group in any case. The
wider accumulation area defined by colluvial soil
and accumulated Luvisol cannot be properly defined
using the topographic derivatives.

Not only the mean values but also the variability and
range of the values of each soil unit are important. The
variability of values in colluvial soils, Luvisols, and
Regosols is rather low as these soil units are depend-
ent on particular landform units. On the contrary, the
accumulated sub-units have a high variability of ter-
rain attributes as they occur in transitional positions
where both mass transport and deposition can occur.
Very similar results in variability have been reported
from the Chernozem region (ZADOROVA et al. 2011).

Figure 5. Principal com-
ponent analysis biplot
LU - Luvisol; LUac — ac-
cumulated Luvisol; CO —
colluvial soil; RG — Rego-
sol; RGac — accumulated
Regosol; ALT - altitude;
SLOPE - slope; PLANC
— plan; PROFC - profile;
MEANC - mean cur-
vature; CA — catchment
area; ALTCHN - altitude
above channel; TWI -
topographic wetness in-
6 dex; SOC - soil organic

3
carbon
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Figure 6. Mean values of selected topographic derivatives with confidence intervals for soil units (Multiple Range Test —

LSD: 95% confidence interval)

LU — Luvisol; CO — colluvial soil; RG — Regosol; ALT — altitude; PLANC - plan; ALTCHN - altitude above channel;

TWI - topographic wetness index;

Correlation of soil depth and horizon thickness
with topographic derivatives was performed (Table 4).
Soil depth and horizon thickness are closely linked
with the soil unit. However, soil units with different
erosional stages can have a similar thickness of some
soil horizons; e.g. a deep A horizon is typical not only
of colluvial soil and accumulated Luvisol, but also
of accumulated Regosol. A shallow A horizon can
occur not only in Regosol, but also in stable Luvisol.
A horizon thickness significantly correlates with a
number of topographic derivatives: ALT, PLANC,
TWI, and ALTCHN. The strongest relationship in
the case of ALTCHN (-0.47) and TWI (0.38) clearly
shows the accumulation of humus material at the
bottom of the side valleys. On the contrary, cor-
relation of A horizon depth and slope is not sig-
nificant. Such a weak correlation has been reported
also in FLORINSKY et al. (2002) or ZADOROVA et al.
(2011). A very weak relationship between MEANC
(=0.14) and PROFC (0.08) and A horizon thickness
is surprising and is in contrast with the findings of
ZADOROVA et al. (2011). Thickness of B horizon
correlates only with three topographic derivatives:
TWI, PLANC, and slope. In this case, the closest
correlation was found in the case of slope (-0.44).

This can be explained by the presence of a deep
undisturbed Bt horizon in the upper flat parts of the
study plot covered by the most developed Luvisols.
Lastly, soil depth is related significantly to PLANC,
TWI, and slope. Low dependency on altitude and
ALTCHN corresponds with the occurrence of deep
soils both in the low parts of the valleys bottom and
at the upper flat parts of the study plot.

The above-mentioned results confirmed known
facts about topographic influence on the thickness
of the horizons and soil depth at the agricultural
areas (e.g. MOORE et al. 1993; FLORINSKY et al. 2002;
ZADOROVA et al. 2011). The fact that the very close
relationship between Luvisol profile stratification
and topography is a specificity of agricultural land
was reported by VANWALLEGHEM et al. (2010). Their
research situated in a natural forest area showed that
the dependence of soil depth on terrain units is very
low and that the variability of soil horizon thickness
is not related to the variability of topography.

Soil organic carbon distribution. The process of
erosion and the following sedimentation of eroded
material cause a significant redistribution of the or-
ganic carbon within the studied plot. The three maps
(Figure 7) show the distribution of SOC content at
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Table 4. Differentiation of soil units based on soil organic
carbon (SOC) content at various depths (Multiple Range
Test Method: 95.0% LSD)

SOC (depth, cm)

Soil unit

0-20 20-40 40-60
Aggregated soil units
LU A A A
CcO B* B* B*
RG A A A
Soil units and subunits
LU A A A
LUac AB AB AB
CO B B B
RG A A A
RGac AB AB A

LU — Luvisol; LUac — accumulated Luvisol; CO — colluvial
soil; RG — Regosol; RGac — accumulated Regosol; *soil unit
forms a distinguished group

three different soil depths. The highest SOC concen-
tration at all of the three depths was observed in the
two side valleys. However, differences can be seen in
these two accumulation units. In the first 40 cm, high
organic matter content (more than 2%) is described in

depth 2040 cm |

depth 40—-60 cm

e

- 1.3-1.5

0 100

54

the majority of the north-south valley while the SOC
content in the east-west valley is lower. At the depth
of 60 cm and more, the SOC content is higher in the
east-west valley proving the deeper A horizon in this
part (shown also in Figure 4). Another isolated area
of high SOC content is formed at the flat undisturbed
part of the study plot. The soils covering steeper
slopes have significantly lower SOC content in both
topsoil and deeper horizons. The SOC distribution
indicates the erosional-sedimentation processes at
the study plot. Soil mass is primarily eroded from
the slopes adjacent to the side valleys. The erosion
is more intensive at the southern part of the plot; the
soil profiles in the east-west valley are deeper and the
plough layer contains less humus. In the late phase
of erosion the colluvial horizon is built also by the
material eroded from subsurface soil horizons poor
in organic matter which are successively excavated by
erosion. However, this process leading to retrograde
soil development is weak in comparison with subse-
quent burying of A horizons known from Chernozem
or Cambisol regions (ZADOROVA et al. 2008, 2011).

The relationship between SOC content, soil units,
and topographic derivatives was statistically evaluated.
Colluvial soil is distinguished by its SOC content at
all three profile depths in the case of aggregated soil
units. This means that the SOC content in colluvial

Humus content (%)

s
[ Jos-o7 [17-19
|:| 0.7-1.0 - 1.9-2.0
l:l 1.0-1.3 - >2.0

200 m

S Y S E— |

Figure 7. Interpolated organic matter content at various depths
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soil is markedly higher than in other soil units (Table 4).
This is in contradiction with findings from the Cher-
nozem region, where the SOC content in the upper
parts of the colluvial horizon was significantly lower
than in the undisturbed Chernozem (ZADORO-VA et
al. 2013). All units and subunits included, colluvial soil
cannot be reliably distinguished as the accumulated
Luvisol stands between colluvial soil and Luvisol.

SOC content is significantly correlated with sev-
eral variables (Table 5). The strongest relationship
was indicated between SOC content and A horizon
thickness and soil depth. This is comprehensible as
the greatest soil depth represents the accumulated
soils. TWIand PLANC are positively correlated with
the SOC content at all three depths while SLOPE
and ALTCHN are negatively correlated.

The results showing SOC as a function of soil
redistribution and topography correspond with long-
term studies on SOC distribution in the landscape
(e.g. RiTcHIE et al. 2007). TWI showed the highest
potential for the SOC mapping as it delineates areas
with high potential accumulation and soil moisture.
Findings of SCHWANGHART and JARMER (2011) and
WIESMEIER et al. (2013) correspond with our results.

CONCLUSION

The statistical relationship between colluvial soil
extent and terrain and soil parameters was studied
at a diversified study plot in a Luvisol region with
the aim of finding topographic variables suitable for
colluvial soil delineation.

Colluvial soils cover a significant part of the soil
mosaic at the study site in the Luvisol area. Colluvial
horizons reach a maximum thickness of 80 cm and
their extent is limited to two perpendicular side
valleys. Luvisols with a fully developed soil profile
occur not only at the flat parts of the plot but also at
low and middle slopes (up to 9°). The steepest parts
of the plot are covered by Regosols.

Statistical analysis showed a significant relation-
ship between colluvial soil extent and various terrain
and soil variables. Multiple range test proved that
four topographic derivatives (TWI, ALT, PLANC,
ALTCHN) significantly distinguish colluvial soil
from other soil units and can be then used for col-
luvial soil mapping. The most marked difference was
determined in the case of TWI. TWI and ALTCHN
also showed the strongest correlation with A horizon
thickness and soil depth.

Soil organic matter redistribution is strongly de-
pendent on erosion processes and shows a significant
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relationship with numerous topographic derivatives
(PLANC, TWI, ALTCHN, slope). SOC content dis-
tinguishes colluvial soil from other soil units proving
intensive accumulation in the concave positions.

Redistribution of the soil material at the study site
is intensive but not as pronounced as in Chernozem
areas. The soil removal is limited mainly to the A hori-
zon; the argic horizon is truncated only at the steepest
parts of the slope where the parent material is exposed.
This finding is supported by relatively shallow colluvial
horizons, a high SOC content in the plough layer of
colluvial soils meaning a weak admixture of mineral
soil material and also by a large extent of undisturbed
or weakly disturbed Luvisols at the study plot. These
results can be attributed to the specific profile of Luvisols
with the well-structured argic horizon representing a
stable and hardly erodible layer.

The study showed that the colluvial soils developing
in Luvisol areas can be delineated using topographic
derivatives as the relationship between colluvial soil
and topography is significant. The delineation model
proposed in the Chernozem region will be applied
in the next step of the research.
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Abstract

Lynchets represent a traditional landscape element in agricultural landscapes having multiple
functions in soil material redistribution, water retention, biodiversity and landscape character. They
act as a barrier to translocated soil matter, and they can store a significant amount of soil material
and soil organic carbon. Lynchets developed in many regions during formation of agriculture
landscape as field boundaries or path networks. Further management led to unleveling of the fields
and development of lynchets. During the 20th century, a large number of lynchets disappeared in
Central and Western Europe due to land consolidation, intensification and industrialization of
agriculture. This study was performed at a large agricultural study plot with dissected relief (Central
Czechia) with the aim of assessing the influence of former but now completely levelled lynchets on
actual soil stratigraphy, depth, soil organic carbon stocks and structure of soil units. The soil profiles
in 20-m-long transects perpendicular to former lynchets were analysed, and statistical relationships
between the positions above, in and below the former lynchets were assessed. The results showed high
variability of studied soil characteristics in the areas of former lynchets. Statistically significant greater
A horizon thickness (50-100 cm) and SOC stock (12.7 kg/m?) were observed in the location of a
former lynchet, where colluvial soils were identified. Other areas of accumulation were identified
below a lynchet, at the former break-in-slope. The strip above a lynchet was identified as a sediment
delivery area, having a partly truncated soil profile. SOC concentration and SOC stock in A horizon
did not differ significantly in the positions in, above or below a lynchet.

Keywords: Land use, land consolidation, soil redistribution, soil erosion, soil thickness

soil erosion and accumulation processes such as ridges and

Introduction

Structure of the soil cover, spatial arrangement of soil units
and characteristics of a soil profile result from a long-term
pedogenetic process mirroring a specific set of soil-forming
factors and conditions (McBratney et al., 2003). In an
undulating relief, terrain morphology plays an important
role in soil formation, mainly due to controlling the
redistribution of water and soil matter (Wang et al., 2010).
Tillage and other agricultural practices historically changed
the landscape morphology and soil cover due to enhanced
soil erosion, landscape fragmentation and soil translocation
by tillage. The soil redistribution within field limits led to the
formation of anthropogenic landforms that relate to local
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furrows, headlands and lynchets (Chartin et al, 2011;
Nyssen et al., 2014). In this process, field borders act as
barriers to tillage- and water erosion-induced soil matter
fluxes, especially when they are covered in vegetation
(Govers et al., 1994; De Alba, 2003).

In Europe (most commonly in Central Europe and
Western Europe), a mosaic of fields of a few hectares lined
by a diverse mosaic of landscape elements was formed over
centuries, due to fragmented ownership and diversity in crop
cultivation. Lynchets (in some studies referred to as to
cultivation or ploughed-on terraces) represent the most
common landscape element, providing an example of an
anthropogenic landform resulting from agricultural practices.
An example of such a landscape with preserved agricultural
landforms (SW Romania) is provided in Figure 1. A lynchet
is a linear landform shaped by the progressive accumulation
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Figure 1 Agricultural landscape with preserved landscape elements
(Iynchets, groves and solitaire trees) in SW Romania.

of soil material by water or tillage translocation upslope of a
field border (Follain et al., 2007, Chartin et al., 2011). Bell
(1992) refers to the term lynchet as the morphological
response on a hillslope to the presence of field boundaries in
cultivated landscapes. The prehistoric and historical lynchets
have resulted from the soil redistribution due to repeated
tillage, even with simple implements, and water erosion
(Stolz, 2011; Nyssen et al., 2014).

The lynchet is formed of two major parts: a gentle slope in
the accumulation part of the lynchet, where a colluvium
develops, and an associated break-in-slope of different height
below the field border (Salvador-Blanes et al., 2006; Chartin
et al., 2013). Nyssen et al. (2014) depict the development of
a lynchet by a process where the topsoil is removed from the
upper part of the interlynchet area, sometimes down to the
parent material and then redeposited in the lynchet, where it
forms a triangular wedge with the thickest deposit of
colluvium at the position of the lynchet’s shoulder. The
Iynchet increases gradually in depth and width. It develops
from a few centimetres high terrain undulation to a distinct
landform of height of tens of centimetres up to 1-2 m.
Examples of initial and mature stages of a lynchet
development are shown in Figure 2. Often, it is vegetated.
The young lynchets are mostly grassed over; mature massive
lynchets are covered with trees and shrubs.

Lynchets have multiple functions in the agricultural
landscape. Primarily, they act as a barrier to translocated soil
material and as such represent an effective anti-erosion
element. They divide the slope and slow down the surface run-
off (Vieira & Dabney, 2011). Each lynchet usually acts as a
line of zero flux (Van Oost et al., 2000). Despite their limited
width, they can store a significant amount of material and soil
organic carbon (Walter et al., 2003; Follain et al., 2007),
depending on the thickness of the colluvium formed in the
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accumulation part of the lynchet, and thus represent an
important pool of sequestrated SOC in the landscape. Apart
from their functions in material redistribution, they provide
important biological corridors and places of increased
biodiversity in tilled land, and they retain the surplus run-off
increasing the amount of water retained in the watershed and,
last but not least, represent a key landscape component
resulting from long-term agricultural management. A
common occurrence of lynchets in the agricultural landscape,
both historical and present, has been described worldwide: in
France (Chartin et al., 2011; Froehlicher et al., 2016),
Belgium (Nyssen et al., 2014), Poland (Patro et al., 2008),
Germany (Moldenhauer et al., 2010; Stolz, 2011; Larsen
et al., 2016), Spain (Poesen et al., 1997), North America
(Vieira & Dabney, 2011), South America (Dercon et al.,
2007) and Africa (Lewis, 1992; Nyssen et al., 2000), most
often in undulating dynamic landscapes with a prevalence of
small farms. In Great Britain (Favis-Mortlock et al., 1997)
and Denmark (Nielsen & Dalsgaard, 2017), prehistoric
lynchets have been studied related to Celtic settlements. In
some studies, lynchets are referred to as field balks (Tesaf
et al., 2008; Stolz, 2011) or ploughed-on terraces (Patro
et al., 2008).

During the 20th century, a large part of the area of
lynchets disappeared from FEurope. This was due to
intensification and industrialization of agriculture, logically
demanding larger agricultural fields. The land consolidation
was initialized in the first decades of the 20th century
(Dotterweich, 2013) and was intensified during its second half
(Foucher et al., 2014). The process was evident over the
whole of Europe. Since the early 1950s, agriculture
collectivization and land consolidation became a political
instrument of newly established communist regimes in
countries of Central and Eastern Europe (Jepsen et al., 2015).

In Czechia, the forced collectivization of agricultural land
resulted in spatial enlargement of fields to the extent of several
hundreds of hectares and the destruction of thousands of
hectares of vegetation in lynchets, groves and alleys (Beranova
& Kubacdk, 2010). The ploughing up of lynchets, which until
then had been the most frequent anthropogenic landform
feature in the agricultural landscape, was the most visible
representative of the idea of a collective ownership. It was a
practical, political and psychological action. Technically, the
destruction of lynchets differed according to the technological
equipment of each farming cooperative. Tractors with heavy
ploughs and bulldozers were usually used. The ploughing up,
as it was depicted in a number of photographs and political
agitation movies and periodicals (Figure 3), was performed
along the lynchet, starting at the upper part of the lynchet.
The material was redistributed mostly downwards with the
aim of levelling the terrain and filling up the area under the
break-in-slope. During the following years, mostly all the
terrain undulations — remnants of the former lynchets — were
levelled by intensive tillage and cannot be recognized even
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Figure 2 Lynchets in initial (left) and mature (right) stage of development. Black lines represent cross sections of depicted lynchets.

from high-resolution DEMs (Zadorova et al., 2015). The
process of land consolidation and destruction of linear
landscape elements with antierosional functions had, in the
regions with dissected relief and vulnerable soil cover, a
massive impact on the erosional stability of the landscape and
led to severe erosion (Van Rompaey et al., 2003). A parallel
even from other Central European countries is difficult to find
(Zadorova et al., 2013).

Nowadays, we can see a slow and mainly local
reformation of the lynchet system in Czechia, mainly owing
to the return of nationalized land into private ownership or
the division of large fields belonging to the modern
agriculture cooperatives. Simultaneously, intentionally built
lynchets are being reintroduced into the erosion-affected
areas as an effective tool within the erosion control measures
of a complex land consolidation programme (Figure 4).
They are formed mainly on large, sloping agricultural blocks
to slow down the surface run-off water and retain surplus
water and material on the field. The antierosion lynchets are

Figure 3 The destruction of lynchets as an act of a political
propaganda in the 1950s (Sperk, 2013).

designed as contour-oriented landforms combining a low
vegetated terrace and an adjacent shallow ditch (State Land
Office, 2014).

© 2018 British Society of Soil Science, Soil Use and Management
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The aim of this study was to identify the remnants of the
former lynchets in this soil and assess their influence on the
soil stratigraphy, depth, soil organic carbon stocks and
structure of soil units.

Regional setting

The study plot is situated in Central Bohemia, in the vicinity
of the town of Sedlcany (Vysoky Chlumec municipality) in

the geomorphological region of Central Bohemian uplands
(Figure 5). The area of the plot is 33 ha (49.616°N,
14.367°E), and altitude varies from 459 to 542 masl. The
parent material is formed from Palacozoic contact
metamorphic greywacke and siltstone (Chlupac et al., 2002).
The climate is cool (mean annual temperature of 7.1 °C),
with mean annual precipitation of 660 mm. The study plot is
represented by a slope system with two side valleys divided
by an elevation (Figure 6). The plot has a marked

Figure 4 Newly built lynchets constructed within antierosion arrangements.

Germany

Austria Slovakia
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Figure 5 Location of the study plot with the study transects marked out.

© 2018 British Society of Soil Science, Soil Use and Management




—— Transects ——Transects

altitude slope
-542.9 masl - 25.8°
{|ID]F p—

459.5 masl 0.1°

Past lynchets in recent soil cover 5

—Transects

twi
-15.7

1.1

Figure 6 Seclected terrain attributes at the study site (according to Zadorova et al., 2015).

north—south slope, with a maximal gradient of 25°. The flat
parts (0-2°) are situated in the south part of the plot
adjacent to a road. The mean slope of the plot is 7°.
Cambisols cover both the flat parts and the lower and
middle slopes. Leptic Cambisols and Leptosols are found on
the steepest slopes. Colluvial soils with maximum depths of
100 cm form at the base of the accumulation positions.
Stagnic properties developed in the soils occurring at the
confluence of the two side valleys (Zddorova et al., 2015).

Methods
Identification of former lynchets

The localization of former lynchets was based on visual
analysis of historical field boundary maps (stable
municipality from 1842) and orthorectified aerial pictures.
Figure 7 shows the field mosaic and the process of
advancing elimination of lynchets in different years. The
character of the ‘baroque’ landscape with a mosaic of small
fields and numerous landscape elements is shown in the first
map from 1842. The situation in 1949 depicts the land use
before the collectivization and establishing of the
Agricultural Cooperative. Slow enlargement of single fields
and disappearance of lynchets is evident during the 1950s.
Nevertheless, the landscape character was maintained
including the presence of the main lynchets. The most
intensive land consolidation took place in the late 1960s and
1970s. In 1976, the study locality was merged into one block
and all the lynchets were eliminated. The last landscape
element, a vegetated part of the side valley, disappeared in
1980s. The last aerial photograph shows the present
situation; the former lynchets, though not detectable in the
field, are still visible due to the identification of patterns
from the air.

Six main lynchets selected for the study are shown in
Figure 5. In field, the former lynchets were localized using a
differential GPS device. The auger observations (soil profile
stratigraphy, A horizon thickness) were realized every 2 m in

transects A-F perpendicular to the selected lynchets
(Figure 5). Soil thickness, soil stratigraphy and soil type
were recorded. Mixed samples for analysis of soil organic
carbon were taken every 20 cm from the auger drillings to
the depth of 1 m.

Soil organic carbon content was measured using the wet
oxidation method (ISO, 14235:1998). Wet oxidation
(K,Cr,O7) was followed by potentiometric titration with
ferrous ammonium sulphate.

SOC stock was assessed wusing the widely applied
equation (e.g. Wang et al., 2010; Zadorova et al., 2015):

SOCyoek = E(SOC x p x H/10) 1

where SOCyocx 18 the SOC stock at the sampling point (kg/
m?), SOC is the SOC concentration (%) in different soil
layers, p is the bulk density in different soil layers (g/cm?),
and H is the soil layer thickness (cm). SOC content was
measured for each 20-cm-thick layer. Bulk density was
assigned to each 20-cm-thick layer according to previous
measurements already utilized in Zddorovd et al. (2015).

For the statistical analysis, the set of points was divided
into three parts: subset of points located in the area of the
former lynchet (LYN), subset of points located above the
lynchet (UP_LYN) and subset of points located below the
lynchet (DOWN_LYN) (Figure 8).

Statistical analysis was used to find out whether the
observed soil characteristics differed significantly in each of
the subsets. Firstly, the Shapiro-Wilk test of normality and
Levene’s test of equality of variances have been applied to
select the appropriate analysis of variance. In the case of
normal data distribution and equal variances, the parametrical
one-way ANOVA was applied to assess the significance of
differences among the subsets. In case of a significant
difference, the post hoc Tukey’s test was applied to find out
which of the subsets differed significantly. Analogically,
nonparametrical ANOVA (Kruskal-Wallis analysis of
variance) and post hoc Dunn’s test were used in case of non-
normal data set distribution or nonequal variances.

© 2018 British Society of Soil Science, Soil Use and Management
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Figure 7 Character of land use and
localization of lynchets and field borders in
different  years according to  aerial

EEEN B T photographs and old maps.
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Principal component analysis (PCA) was applied to display
the structure of the data set. All statistical calculations were
performed using the software R (R Core team, 2014).

Results

The soil profile stratigraphy in the studied transects is shown
in Figure 9. The plots show the line of terrain, sequence of

Down_LYN LYN UP_LYN

Original ynche! S2PE..-

’
7
7
]

Figure 8 Cross section of a lynchet with location of the three
studied positions.

Transect A

Past lynchets in recent soil cover 7

soil horizons in each auger boring and the distribution of A
horizon thickness. Localization of former lynchets is marked
with arrows. Figure 10 shows summary statistics for the
observed characteristics in the three positions.

The profile stratigraphy shows marked differences
according to the position of profile within a transect. The
majority of profiles have A-Bw-(B/C)-C stratigraphy with
different thickness of each horizon and are classified as
Cambisols. Some of the profiles, classified as Leptosols, are
truncated with A-C stratigraphy. Some profiles are formed
by a thick humus horizon with the thickness exceeding
50 cm and can be classified as colluvial soils. The thickness
of the A horizon fluctuates between 25 cm (plough layer)
and 100 cm. Table 1 gives the differences in A horizon
thickness between three positions according to former
lynchet. According to analysis of variance, the differences in
the three positions are significant. Significantly greater values
of A horizon thickness (range 40-100 cm, mean 71 cm) were
observed in the area of the former lynchets, ranking the
majority of observed profiles into colluvial soils. The values
decrease in both directions away from the lynchets. The
shallowest A horizons were observed in the upper parts of
the transects, in the potential accumulation area of former
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Figure 9 Soil profile stratigraphy in the studied transects.
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Figure 10 Summary statistical indicators in the three studied positions (median, upper quartile, lower quartile, upper Whisker, lower Whisker

and outliers).

lynchets. The values range from 25 to 50 cm (mean 35 cm),
and some of the profiles are truncated with A-(B/C)-C
stratigraphy. In contrast, the position below the former
lynchet shows larger amounts of humus material with A
horizons thickness from 30 to 100 cm (mean 47 cm). In
transect E, we observed thicker A horizons below the former
lynchet than in the lynchet itself.

Soil organic carbon concentration in the plough layer in
the three positions shows similar trends as in the case of A
horizon thickness, but the differences are not significant for
any of the positions (Table 1). The values in LYN and
DOWN_LYN positions are very similar, and the UP_LYN
position shows smaller SOC concentrations. The situation is
different in subsoil, where the difference between each
position increases. The profiles situated in the lynchet area
have significantly greater SOC concentration in the analysed
depths between 40 and 100 cm. At 20-40 cm depth, a
significantly smaller concentration was observed at the
UP_LYN position.

SOC stock was assessed for the topsoil and entire soil
profile. In the topsoil, the SOC amount deposited in each
position did not differ significantly; the largest mean stocks
were observed in the lynchets (3.89 kg/m?), whereas the
smallest values were observed in the UP_LYN position
(3.60 kg/m?). The SOC stock in the entire profile (0—100 cm)
showed significantly greater values in LYN position (mean
12.74 kg/m?) and significantly ~smaller the
UP_LYN position (6.53 kg/m?).

Results of PCA analysis are depicted in Figure 11.
Component 1 and component 2 explain 80.1% of the data
variability. The plot shows a significant influence of A
horizon thickness, total SOC stock and SOC concentrations
in deeper parts of the profile on the variability in the data
set. In contrast, SOC concentration and stock in the topsoil
had less significance in the data set distribution. The lynchet
position is clearly distinguishable in the plot forming an

values in
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isolated cluster, while the positions out of the lynchet are
partially overlapping.

Discussion

The results showed high wvariability of studied soil
characteristics in the areas of former lynchets. The deep
humus horizons (50-100 cm) and occurrence of colluvial
soils in the lynchet positions depict the amount of organic
matter that has been accumulated behind and in the lynchets
since the period of their formation. This is consistent with
studies assessing the A horizon thickness distribution
according to lynchet position. Chartin e al. (2011) described
mean soil thickness 1.08 m in the lynchet areas with greater
variability in soil thickness perpendicularly to lynchets than
along their axes. These results indicate increases in soil
thickness from the upslope to the downslope of a lynchet.
Vieira & Dabney (2011) and Ghazavi et al. (2008) show
similar soil accumulation in positions above and in the
lynchet, but a significant decrease below the lynchet, where
the soil removal processes prevail. This is in contradiction to
our results, as we observed deeper soils with larger SOC
concentrations in positions in and below the lynchet. The
shift of the material from the area above to the area below
the lynchet can be explained by two different events: the
primary abrupt and short-term impulse and secondary long-
term processes. The first distinct intervention in the material
distribution was the destruction of the lynchet itself. One of
the aims of ploughing up the lynchets was, apart from the
primary consolidation of smaller fields into bigger plots, the
decrease in relief roughness to be easily accessed by heavy
machinery. This was only possible by the collapsing of the
Iynchet edge and movement of material downslope, into the
former erosion position below the lynchet. Once the lynchets
were destroyed and the slope was smoothed and elongated,



Past lynchets in recent soil cover 9

Table 1 Position-specific differences in mean values of studied soil characteristics (A horizon thickness, SOC concentrations and SOC stock in
different depths) in the three landscape positions. (a) Statistical analysis of variance. (b) Mean, standard deviation and position-specific
differences in mean values of studied soil characteristics

Position

Analysis of variance

Post hoc test

(@)

A horizon thickness (cm)

SOC (%) 0-20 cm

SOC (%) 20-40 cm

SOC (%) 40-60 cm

SOC (%) 60-80 cm

SOC (%) 80-100 cm

SOC stock 0-25 cm (kg/m?)

Total SOC stock (kg/m?)

Kruskal-Wallis test
chi-squared = 40.095, df = 2,
P =0.000

Kruskal-Wallis test
chi-squared = 4.770, df = 2,
P =0.092

One-way ANOVA

df =2, F=10.06

P =0.000

Kruskal-Wallis test
Chi-squared = 23.957, df = 2,
P =0.000

Kruskal-Wallis test
chi-squared = 23.167, df = 2,
P =0.000

Kruskal-Wallis test
chi-squared = 20.645, df = 2,
P =0.000

Kruskal-Wallis test
chi-squared = 4.7697

df = 2,

P =0.092

Kruskal-Wallis test
chi-squared = 28.138, df = 2,

DOWN_LYN-LYN P = 0.001
DOWN_LYN - UP_LYN P = 0.001
LYN - UP_LYN P = 0.000

DOWN_LYN-LYN P = 0.550
DOWN_LYN - UP_LYN P = 0.004
LYN - UP_LYN P = 0.000
DOWN_LYN-LYN P = 0.002
DOWN_LYN - UP_LYN P =0.070
LYN - UP_LYN P = 0.000
DOWN_LYN-LYN P = 0.001
DOWN_LYN - UP_LYN P = 0.168
LYN - UP_LYN P = 0.000
DOWN_LYN-LYN = 0.000
DOWN_LYN - UP_LYN = 0.813
LYN - UP_LYN = 0.000

DOWN_LYN-LYN = 0.007
DOWN_LYN - UP_LYN = 0.007

P =0.000 LYN - UP_LYN = 0.000
LYN DOWN_LYN UP_LYN

Position Mean (SD) Mean (SD) Mean (SD) Position-specific differences in mean values
(b)
A horizon thickness (cm)* 70.79 (19.28) 47.12 (13.31) 35.19 (6.72) LYN>DOWN_LYN>UP_LYN
SOC (%) 0-20 cm 1.50 (0.16) 1.48 (0.18) 1.38 (0.17) LYN=DOWN_LYN=UP_LYN
SOC (%) 2040 cm* 1.22 (0.34) 1.09 (0.29) 0.74 (0.33) LYN=DOWN_LYN>UP_LYN
SOC (%) 40-60 cm* 0.93 (0.25) 0.46 (0.30) 0.28 (0.17) LYN>DOWN_LYN=UP_LYN
SOC (%) 60-80 cm* 0.78 (0.40) 0.20 (0.23) 0.09 (0.09) LYN>DOWN_LYN=UP_LYN
SOC (%) 80-100 cm* 0.47 (0.51) 0.05 (0.20) 0.03 (0.09) LYN>DOWN_LYN=UP_LYN
SOC stock 0-25 cm (kg/m?) 3.89 (0.42) 3.83 (0.46) 3.60 (0.45) LYN=DOWN_LYN=UP_LYN
Total SOC stock (kg/m?)* 12.74 (2.55) 8.53 (8.53) 6.53 (1.51) LYN>DOWN_LYN>UP_LYN

*Significantly different mean values according to analysis of variance at P < 0.01. Position-specific differences in mean values according to post
hoc tests, positions with symbols < and > are significantly different at P < 0.01.

the soil material redistribution significantly increased; partly
due to enhanced run-off, partly due to intensive tillage.
Chartin et al. (2013) simulated the erosion processes after
land consolidation and lynchets destruction and indicated
that the tillage erosion generated 95% of soil redistribution
movements at the plot. They noted that land consolidation
contributed to the acceleration of soil redistribution within
the field through the conversion of depositional areas into
sediment delivering areas. Similarly, Follain e al. (2006)

assessed the movement of soil particles over a long-term
horizon (100-1200 yrs) with or without the presence of
lynchets at the studied site. The results showed that the
absence of former lynchets led to the removal of soil
material from the formerly accumulation areas above the
lynchet to the formerly eroded areas below the lynchet.

In contrast to soil and A Thorizon thickness, the
concentration of SOC in the first 40 cm does not show
significant differences in relation to the profile position,

© 2018 British Society of Soil Science, Soil Use and Management
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PC2 (20.6% explained var.)

2.

Down_LYN -@-LYN -@-UP_LYN

-2 0 2
PC1 (59.5% explained var.)

although we observed larger values in and below the lynchet.
The differences between LYN and both UP_LYN and
DOWN_LYN positions become significant in the deeper part
of the profiles, reflecting the different amount of accumulated
material and correlating with A horizon thickness. In the 40—
100 cm depth, the difference between the positions out of the
lynchets (UP_LYN and DOWN_LYN) gradually decreases.
Follain et al. (2007) correlated the SOC content at various
depths with primary terrain parameters and geographical
distance from the hedges (both present and past). The
majority of the higher values were concentrated in the areas
of present hedges and in a strip of 20 m along the hedges; the
values decreased with increasing geographical distance to the
hedge. The previous hedges did not have any significant
influence on SOC concentration variability. The insignificant
increase in SOC topsoil concentration in the lynchet areas
can be attributed to long-term agricultural usage at the plot
and rapid mineralization and homogenization in the topsoil
due to tillage.

The study confirmed the large potential of lynchets in
carbon sequestration as observed by Follain et al. (2006,
2007), Walter et al. (2003) and Chartin ef al. (2013): the
large SOC stocks in the areas in and below the lynchet
significantly exceded the adjacent values and demonstrate
considerable SOC storage in these positions, even several
decades after their destruction. The SOC stocks in the
lynchets and along the lynchets are comparable with the
SOC stocks in the two side valleys, forming the main
accumulation area at the study plot, where the 80-100 cm
deep colluvial soils prevail (Zadorova et al., 2015).

Another issue connected with the redistribution of soil
characteristics due to former anthropogenic structures
(particularly lynchets and field borders) is that it can vastly
influence the effectiveness of mathematical models simulating

© 2018 British Society of Soil Science, Soil Use and Management
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biplot.

component

the spatial variability of soil cover and properties (Follain
et al., 2007). In particular, it is the case of models that use
terrain properties as explanatory variables in their predictions.
Zadorova et al. (2015) simulated the distribution of SOC
stock at the presented study plot, using DEM-based prediction
methods (support vector machine). Based on the result of this
study, in the areas of former lynchets, the SOC stock was
significantly underestimated. The reason was a zero effect of
former lynchets on recent relief resulting in omitting these
areas from the model. The root mean square error (RSME)
for the between predicted and recently observed SOC stocks
was 3.71 kg/m?, exceeding the RSME of the model itself
(2.38 kg/m?) given in Zddorovd er al. (2015). Moreover, the
RSME varied significantly according to the position: it was
small in the UP_LYN positions (1.83 kg/m?), similar to model
error in the DOWN_LYN positions (2.80 kg/m?), but very
large in the LYN positions (6.17 kg/m?). The DEM-based
model performed well in the positions out of the lynchets, but
was not satisfactory in the lynchet positions. The presented
study proves that, in the areas where lynchets previously
existed, the models predicting soil cover variability should
assess the zones of former lynchets and field borders as areas
of abrupt local change in soil properties.

Conclusions

The results of the study showed that, tens of years after their
destruction, the former lynchets still influence the spatial
distribution of the depth of soil A horizon, stratigraphy and
carbon storage in agricultural land.

The areas of former lynchets and strips along them
represent localities with increased soil depth and A horizon
thickness and spots of significant carbon storage. Compared



to the localities with existing lynchets or other linear
landscape elements, the main storage of SOC is related to
the positions in place of the former lynchet and below it,
where the break-in-slope was filled during the destruction of
the lynchet. The following period of intensive tillage leads to
other redistribution of soil material, namely the removal of
soil from the past accumulation positions above the lynchet,
where we have not observed any significant increase in soil
depth or SOC stock. The three positions (in, above and
below the lynchet) showed significant differences in A
horizon thickness, total SOC stock and SOC concentration
in deeper parts of the soil profile. In contrast, SOC
concentration and SOC stock in topsoil did not differ
significantly. In each of the positions, specific soil units were
classified, according to the soil profile stratigraphy.

The study demonstrated that the colluvia developed within
the lynchets represent an important pool of organic carbon
in an agricultural landscape with SOC stocks comparable to
the natural accumulation areas (toe slopes, side valleys). We
presume that their reformation, whether deliberate due to
retransformation of agricultural blocks or purposeful within
an antierosion arrangement, can prevent an enhanced loss of
organic matter from the agricultural fields and establish a
new important pool of organic carbon in the farmland.

The comparison with the previous research predicting the
SOC stock at the study plot found that the models
predicting soil cover variability should assess the zones of
former lynchets and field borders as areas of abrupt local
change in soil properties.
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6 Sumarni diskuze

Ve vyzkumu ovlivnéni dynamiky SOC eroznimi procesy je stale fada nedostatecné
dotesenych védeckych otazek. Nejistoty panuji zejména v ovlivnéni SOC v riznych
fazich erozniho procesu a sedimentace a nedostatecném poznani nékterych
biochemickych procestt v ramci rozkladu, stabilizace a nahrazovéani organické hmoty
v erozné-akumula¢nich podminkach (Kuhn et al., 2012; Kirkels et al., 2014; Doetterl et
al., 2015a). Procelkové porozuméni v této oblasti a odstranéni nejistot ve
veédeckych zavérech mohou ptispét nejen vyzkumy popisu procest tvorby a mineralizace
SOC, ¢i popisu osudu erozi transportované piipadné akumulované organické hmoty na
bazi biochemického vyzkumu, ale také vhodné zplisoby podrobného plo§ného mapovani
redistribuce SOC. K tomuto ucelu mohou slouzit metody digitadlniho mapovani puad
s vyuzitim dat déalkového prizkumu Zemé. Mapovani SOC pomoci progresivnich
pedometrickych a spektroskopickych metod je vSak obecné problematické v oblastech
s vysokou variabilitou pldnich vlastnosti, kterd se Casto vyskytuje pravé v erozné
ovlivnénych oblastech. Pfedmétem této prace bylo tedy nalézt zpusoby podrobného
mapovani redistribuce SOC, koncentrace a zasob SOC jak v erodovanych, tak
v akumulaénich &astech terénu v podminkach Ceské republiky a popsat a zhodnotit
moznosti a presnosti jejich vyuziti. Pfedlozené vysledky prezentované souborem
publikovanych recenzovanych c¢lanka ukazuji, Ze zminéné metody pro mapovani
variability a redistribuce SOC lze v podminkach zemédélskych ptid CR vhodné uplatnit.
VyuZiti a nasazeni téchto metod vSak obecné neni trividlni, vyzaduje Siroké znalosti
feSené problematiky, nejen v oblasti véd o piade, ale i technické dovednosti pro
zpracovani dat (GIS, statistika, programovani v R) a znalosti o0 moznostech, vyhodach a
nedostatcich pouziti metod pro konkrétni ucely (Minasny, 2018; Minasny a Ma, 2018).
Poznatky plynouci z ptedstavenych vysledkii vtomto ohledu pfispivaji k rozsifeni
védomosti potiebnych k jejich uplatnéni a jako takové budou v nasledujici pasazi
diskutovany s cilem kriticky zhodnotit a posoudit jejich relevanci pro budouci nasazeni

na riznych trovnich mapovani SOC.

Uroven variability SOC na lokélni urovni mize dosahovat v zavislosti na ptic¢innych

faktorech zna¢nych hodnot odpovidajicich mife variability na regionalni irovni (Goidts
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et al., 2009; Stevens et al., 2015). Ve vSech zajmovych lokalitach vybranych na zaklad¢
potencialni erozni ohroZenosti byla v ramci detailniho terénniho prizkumu shledana
rozmanita mozaika pudnich jednotek a wvelkd wvnitropolni heterogenita jako
pravdépodobny dusledek intenzivniho plsobeni redistribuce materidlu erozné-
akumula¢nimi pochody. Vyslednd erozni katéna zahrnovala relativné neovlivnéné
autochtonni pidy (Cernozemé, hnédozemé, kambizemé), erodované pidy na sklonitych
Castech (regozemé¢, rankery) a koluvialni pidy v nizSich a plochych castech svahu
charakteristick¢é akumulovanym eroznim materidlem a vSechny ptechodné typy.
Soucasné¢ koncentrace SOC v orni¢nim horizontu dosahovala zna¢né variability, varia¢ni
rozpéti dosahovalo na jednotlivych lokalitach velkych hodnot od 0,71 do 1,78 % SOC
(¢ernozem - 0,50-1,75 - Brumovice; 0,84-2,62 - Sardice, hnédozem - 0,7-1,41 - Ji¢in,
luvizemé - 0,70-1,40 - Vidim, kambizem - 0,44-2,22 - Chlumec; 0,61-1,88 - Prestavlky;
0,56-1,44 - Nova Ves). Vertikdlni rozlozeni uhliku v profilu se ale muze velice
dynamicky ménit 1 v zavislosti na zmén¢ stratigrafie profilu, pfi¢emz v akumulovanych
pudach je profil zdsob uhliku zna¢né heterogenni, zavisly na mistnich podminkach
(Zadorova et al., 2013). Piesné prostorové a 3D mapovani je tedy zapotiebi s ohledem na
urceni presnych zasob uhliku v padach. Jak ukdzaly predkladané vysledky, prostorova ¢i
hloubkové generalizace miize vést k znacnym chybam v odhadech celkového mnozstvi
zasob uhliku. VétSina studii zasob uhliku byla nicméné sméfovana pouze na orni¢ni
horizont, ptipadné svrchnich 50 cm (L6pez-Fando a Pardo, 2011; Schwanghart a Jarmer,
2011; Cambule et al., 2014) az 100 cm (Don et al., 2007; De Gryze et al., 2008; Fang et
al., 2012; Khalil et al., 2013). I v hlubsich koluvialnich pidach mize byt koncentrovana
znacna zasoba uhliku (Zadorova a Penizek, 2018), cemuz vénovala pozornost dosud jen
omezena ¢ast studii (Tang et al., 2010; Meersmans a Quine, 2013; Chaopricha a Marin-

Spiotta, 2014; Wang et al., 2014b).

Vzhledem k velké heterogenité jednotlivych zmapovanych ploch byly v ramci studia
moznosti mapovani obsahu SOC v pudach Ceské republiky testovany pedometrické
piistupy s vyuzitim riiznych druhl podplirnych dat v zavislosti na zdrojich variability
SOC v pudach. Nicméné¢ 1 pfi vyuziti stejnych vstupnich dat (vysvétlujicich proménnych)
je v ramci ruznych pidnich podminek efektivita a pfesnost metod digitdlniho mapovani
pud rtizna praveé v zavislosti na zdroji variability SOC v pudach. Pokud jejim zdrojem
jsou hlavné vlastnosti, které 1ze dobie a piesné popsat vstupnimi daty (deterministicka

proménlivost), napf. terénnimi vlastnostmi, tak lze redistribuci organického uhliku
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predikovat pomérné piesné. Jestlize je variabilita ovlivnéna zvySenou heterogenitou
Spatné prostorové mapovanych faktorti, napt. plidnich substratd, je predikce zatiZzena vetsi
chybovosti. Zdrojem variability mohou byt také jiné pticiny, které je nemozné podrobné
mapovat (napf. vlivy vétrné eroze — Sardice, eroze orbou — riizné sméry pojezdu, ¢ ostatni
vlivy ¢innosti ¢loveéka — rizné zplsoby obhospodatovani pozemkt, vliv historického
vyuziti uzemi apod.). S vétSim vlivem této, z pohledu modelu stochastické proménlivosti,
variability. Jak napft. ukéazaly vysledky predkladané studie Zadorova et al. (2018) - Clanek
5.6, staré krajinné prvky, které jiz desitky let nejsou soucasti krajiny, stale ovliviluji
distribuci zasob uhliku v zemédélskych ptdéach. Studie ukdzala, ze v ramci modelovani
je nutno tyto struktury zahrnout do navrhu modelu a vzorkovaci sité, jinak mohou modely
znacné realné podhodnotit zasoby uhliku a to 1 bez toho, aby se to projevilo ve statistikach
prokazujici efektivitu predikéniho modelu. Obdobné zavéry piedkladaji i Follain et al.,
(2007). V ptipadé, ze vzorkovaci sit’ tyto struktury ndhodné postihne a nejsou zohlednény
v modelu, mize naopak dojit k nadhodnoceni zasob a nizsi predikéni schopnosti modelu.
Proto je zapotiebi zohlednit ptipadné vlivy jiz v ramci navrhu vzorkovaci sité a ptipravy
podptirnych dat. Pti vétSim plosném zabéru mapovani na regiondlni tirovni je jiz nutné
brat v uvahu i variabilitu zplisobenou rtiznou historii hospodateni na pozemcich, ktera se

projevuje ve zvySené variabilit¢ SOC na Grovni krajiny (Stevens et al., 2015).

Specifikem erozné ovlivnénych oblasti je zvySena variabilita koncentrace a zasob SOC
zpusobena riznorodym plsobenim erozné-akumula¢nich procesti a vlivem riznych
lokalnich podminek pro transport, sedimentaci a mineralizaci SOC. Rlizna kombinace
preferen¢niho (plosna a meziryhova eroze) a nepreferencniho (ryhova eroze, eroze
zpracovanim pudy) odnosu organické hmoty v zavislosti na podminkach stanovisté
ovlivituje rizné obohaceni sedimentu o SOC (Hu et al., 2013; Chaplot et al., 2015;
Miiller-Nedebock a Chaplot, 2015). Vysledkem jsou znac¢né rozdily v redistribuci SOC
ve svrchni vrstvé pidy. V oblastech s intenzivnim eroznim poskozenim miize navic
dochézet k odnosu jiz podorni¢nich horizonti s men$im obsahem organické hmoty a pfi
akumulaci tohoto materidlu k retrogradnimu vyvoji koluvidlnich pid. Tento efekt byl
popsan na urovni terénniho prizkumu zejména ve studovanych ¢ernozemnich oblastech,
ale taktéz v kambizemnich. Na rozdil od zjisténi Schmid et al. (2016) a Hill a Schiitt
(2000) tak akumulované pidy mohou mit nasledné snizeny obsah organického uhliku

v povrchové vrstvé oproti pivodnim autochtonnim ptidam. V rdmci prezentované studie
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(Zizala et al., 2018 - &lanek 5.3) se tento popsany efekt projevil pii vyuziti dat DPZ ve
velmi slabé spektralni separabilité eroznich a akumula¢nich forem ptd identifikovanych
pii terénnim prizkumu. Pti predikénim mapovani se zminéné efekty projevily ve vyS$im
podilu nevysvétlené variability popsané modely a tedy snizenou predikéni schopnosti
modelid v zavislosti na vertikalnim rozliSeni mapovani (Zadorova et al., 2015 - ¢lanek
5.4). Zatimco vliv terénnich vlastnosti na redistribuci 1ze modely popsat, stochasticka
proménlivost spojena zejména se zpusobem hospodaieni a charakterem srazkovych
udalosti, ovliviiujicich intenzitu a opakovanost erozné-akumula¢nich udalosti, muze
zpusobovat snizenou efektivitu modelti, obzvlasté v predikcich zasob a koncentraci ve
svrchni vrstvé pady. V ramci intenzivniho pisobeni procest vétrné eroze mize dochazet
k dalsi vyrazné redistribuci ptidniho materialu a organického uhliku, kterd vede k dal§imu

zvyseni komplexity vysledné redistribuce znesnadiujici prostorové predikce.

Z vysledkl prezentovanych studii vyplyva, ze obecné nejvetsi zdsoby SOC se koncentruji
v pozicich neovlivnénych eroznimi pochody, tedy na ploSindch s neerodovanymi
organomineralnimi horizonty a nevyraznym pohybem materidlu a zejména
v akumulacnich polohach na patdch svahi a dnech upadii a bocnich udoli. Z hlediska
terénnich parametri jsou tyto polohy definované nizkym sklonem, konkdvnim
zakiivenim, vysokymi hodnotami hydrologickych indext indikujicimi vyssi ptdni
vlhkost, a nizkymi hodnotami topografickych indexi indikujicimi silnou
geomorfologickou zavislost zasob SOC. Tyto vysledky koresponduji s vysledky dalSich
vyzkumu (Ritchie et al., 2007; Schwanghart a Jarmer, 2011; Doetterl et al., 2013;
Wiesmeier et al., 2014), kdy autofi uvadéji zavislost zdsob SOC na pozici v reliéfu,
zakitiveni a vlhkostnim indexu. Na zéklad€ vysledkti bylo nicméné zjisténo, ze hodnoceni
zasob a koncentrace SOC v erozn¢ ovlivnénych pidach v riznych pidnich regionech
nelze provadét na zakladé modeld vyuzivajici konkrétni terénni vlastnosti, kterymi by
bylo primérné¢ mozno popsat redistribuci SOC v ploSe, respektive vysledné rozlozeni
zasob SOC. Redistribuce, jak vyplyvé z vyse uvedeného, je velice mistné€ specificka (site-
specific). Pouziti obecnych modell je tak nesnadné a pro ptesnou prostorovou predikei je
potieba velké mnozstvi vstupnich vzorkt. Predikéni schopnost modeltl zalozenych pouze
na terénnich vlastnostech se vyznamné lisi v zavislosti na lokalit¢ a hloubkovém intervalu
feSené¢ zasoby SOC. V Cernozemnich a luvizemnich lokalitich modely popisuji

variabilitu z vice jak 80 % (kdy nejlépe popisujicimi proménnymi je piispévkova plocha
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a topograficky vlhkostni index), zatimco u kambizemnich oblasti jen 63 % u celkové

zasoby a pouhych 23 % u zasoby ve svrchni 25cm vrstvé.

Faktor reliéfu je spolecné s dal§imi funkénimi faktory z koncepéniho hlediska chapan
jako jeden z pidotvornych faktorti, ktery méa zna¢ny vliv na redistribuci SOC v krajing.
Jak jiz bylo dfive uvedeno, redistribuci SOC vsSak nelze plné mapovat pouze pomoci
téchto faktorGi vzhledem k problematice jejich pfesného prostorového zmapovani a
dostupnosti téchto dat. Vysledky (ZiZala et al., 2017 - &lanek 5.1; Gholizadeh et al., 2018
- Clanek 5.2) stejné tak jako fada recentnich studii (Franceschini et al., 2015; Stevens et
al., 2015; Steinberg et al., 2016; Castaldi et al., 2018) prokazaly, ze vhodnymi
podplirnymi daty pro predikéni modelovani tak mohou byt spektralni data, nejlépe
obrazova spektralni data, tedy materialy dalkového priizkumu Zemé. Tato data nepopisuji
faktory ovliviiujici redistribuci, ale zprostfedkovavaji informaci, ktera je jiz disledkem
redistribuce, tzn. zménénou spektralni informaci. Data DPZ tak popisuji soucasny stav
ptdniho pokryvu a mohou popsat sloZzku variability, kterou neni mozné popsat jinym
dostupnym zpisobem. Vyuzivana opticka data DPZ ze své podstaty fesi pouze svrchni
¢ast ptidniho pokryvu, a je tedy mozné je vyuzit jen pro mapovani obsahu SOC ve svrchni
vrstvé pudy, pfipadn€ v orni¢nim horizontu, pokud uvazujeme homogenizaci vrstvy

vlivem orby, ¢i jako podplrnou informaci pti mapovani zasob SOC.

Pro ucely ovéfeni moznosti mapovani redistribuce organického uhliku byla vyuzita
zejména letecka hyperspektralni data, kterd spliuji pozadavky na vysoké prostorové i
spektralni rozlideni. Vysledky (Zizala et al., 2017 - ¢lanek 5.1; Gholizadeh et al., 2018 -
Clanek 5.2) ukazaly, ze vyuziti téchto spektralnich dat pro mapovani koncentraci SOC ve
svrchni vrstvé mizZe byt velice vhodné. Modely koncentrace SOC popisovaly 80 — 91 %
(R2=0,80 — 0,91) variability v zavislosti na ptidnich podminkach, pfi¢emz stiedni chyba
predikce se pohybovala mezi 0,07 a 0,12 % SOC. Tyto vysledky jsou srovnatelné
s vysledky dosazenymi v obdobnych studiich (Uno et al., 2005; Selige et al., 2006; Hively
etal., 2011; Hbirkou et al., 2012; Stevens et al., 2012; Denis et al., 2014). SOC je obecné
hyperspektralnich dat (viz Tabulka 3 v pfiloze). Uvadéné hodnoty ptesnosti predikce
SOC (R? a RMSE) z pfedchozich studiich jsou nicméné velice variabilni a nelze je plné
srovnat s vysledky ze studii v CR s ohledem na velkou heterogenitu lokalnich podminek

(charakteristiky povrchu pltidy — vlhkost, drsnost povrchu, vegeta¢ni zbytky), poctu
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vyuzitych vzorkli pro kalibraci, velikosti sledované plochy, charakteristik pouZzitych
senzortl a geometrie snimani ¢i pouzitych technik predikce. Zatim maly pocet studii v této
problematice tak neumoziuje provadet zobeciujici zaveéry o pri¢inach kolisani presnosti
predikce. Doporuceni tak mohou byt stanovena pouze na bazi expertnich odhadl a
hypotéz a nikoli z vysledkt statisticky ovétenych porovnani. Z predkladanych vysledkt
nicméné vyplyva, ze predikéni schopnost model koncentrace SOC je ovlivnéna nejen
vnéjSimi parametry spojenymi s pofizenim dat, ale i lokalnimi podminkami. Provedené
experimenty ukazaly, Ze v substratové homogennich oblastech, kterymi je napt. sprasova
oblast jizni Moravy, se vyuziti dat DPZ v digitdlnim mapovani pid ukdzalo jako velice
pfesné. Nicméné i pii nizkych obsazich a v substratové heterogennéjSich oblastech je
stale predikéni schopnost modeltl vysoka, vyssi nez u jinych plidnich komponent a
s mensi variabilitou. Obecné lze tedy urcit hypotézu, ze lepsi predikéni schopnosti je
dosahovéno tam, kde je obsah SOC vysoky a ma ve spektru zna¢ny vliv a ptidni vlastnosti
(napf. v zavislosti na substratu) jsou vice homogenni. Obdobné zavéry jsou prezentovany
1 v dalSich studiich (Gomez et al., 2012; Vaudour et al., 2016a; Castaldi et al., 2018).

Byt’ hyperspektralni data prokéazala své vyhody pti mapovani SOC, je jejich pofizeni pro
praktické vyuziti pomérné financné narocné a vyzaduje naro¢né zpracovani. Jak vSak
ukazala analyza vyuziti volné dostupnych dat z druzic Sentinel 2 (Gholizadeh et al., 2018
- Clanek 5.2), tak i tato data jsou vhodna pro mapovani SOC. Predikce pomoci téchto dat
dosahovala obecné niz§i presnosti (RMSE 0,08 — 0,24 % SOC a R?=0,57—0,89),
nicmén¢ vysledky jsou stadle vyhovujici, obzvlast¢ v kontextu analyzy prostorové
distribuce, kdy se prokazalo, ze 1ze mapovat stejné prostorové trendy jako s vyrazné
pfesn¢jSimi  hyperspektralnimi leteckymi daty. Vysledky jsou opét srovnatelné s
vyzkumy v jinych ¢astech svéta vyuzivajicimi satelitni data (Ray et al., 2004; Ballabio et

al., 2014; Castaldi et al., 2016).

Vyuziti spektralnich obrazovych dat na riizné trovni ma ale fadu omezeni. Pro mapovani
pudnich vlastnosti je lze vyuzit pouze na holé pudé. Pfimé pozorovani pidy je tak
v podminkach mirného klimatu omezeno na obdobi s minimem vegetace (jaro, podzim).
V souvislosti s mozaikou péstovanych plodin a stfidani ozimych a jarnich plodin
v osevnich postupech a honech a s vyskytem oblacnosti je mozné na jednom snimku
zachytit holé piidy jen na n€kolika piadnich blocich. Pro hodnoceni ve vétSim ploSném

rozsahu je tak zapotiebi vyuZit Sir$i ¢asové fady snimkd, jak bylo pfedstaveno ve studii
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(Zizala et al., 2018 - lanek 5.3). Multitemporalni analyza pro regionalni predikci ptidnich
vlastnosti vyzaduje tedy bud’ vytvofeni kompozitu (mozaiky) holych puad dle napf.
konceptu Dieka et al. (2017) ¢i Rogge et al. (2018), nebo zprocesovani kazdého obrazu
oddélené kvili minimalizaci vlivu geometrickych podminek (vyuZito ve studii ZiZzala et
al., 2018 - c¢lanek 5.3). Satelitni a letecka data jsou totiz ovlivnéna riiznou geometrii
snimani v zavislosti na dob¢ akvizice (vyska a azimut Slunce, smér letu). Odstranéni,
respektive minimalizace tohoto efektu vyzaduje provedeni preciznich korekci obrazu.
Spektralni informace ziskana ze satelitnich ¢i leteckych snimki je rovnéz ovliviiovana
pudni vlhkosti, geometrickymi parametry povrchu pidy (drsnost povrchu) a variabilitou
dalich ptdnich vlastnosti, jako jsou textura, velikost ptidnich agregéti ¢i pfitomnost
ptdniho skraloupu (Goldshleger et al., 2010; Ben-Dor a Dematté, 2015; Dematté et al.,
2015; Schmid et al., 2016). Obzvlasté pii pouziti v regionalnim mapovani je potiebné
najit postupy, které umozni minimalizaci téchto vlivi, jakozto i vlivii nefotosyntetizujici
vegetace na povrchu ptdy (rostlinné zbytky), obzvlasté v kontextu zvySeného pouzivani
metod bezorebnych technologii. V pfedkladanych studiich (Zizala et al., 2017 - ¢lanek
5.1 a Gholizadeh et al., 2018 - ¢lanek 5.2) vyhodnoceni probihalo na lokalni Grovni, na
blocich s provedenou ptedset’ovou ptipravou (holéd ptida s minimalizaci drsnosti povrchu)
a suchym povrchem (minimalné¢ 5 dni po poslednim desti) a vyhodnoceni vlivu

zminénych parametra tak nebylo mozné.

Metody digitalniho mapovani pid, které byly pro mapovani a predikci redistribuce SOC
pouzity, jsou obecné zavislé na kvalité¢ vstupnich dat a pouzitych statistickych metod.
Vstupnimi daty v piipadé predkladanych studii byly na jedné strané (vysvétlujici
proménné) hlavné data DPZ a terénni vlastnosti. Obé datové sady 1ze vyhodné€ vyuzit pro
predikci koncentrace ¢i zasob SOC nebo klasifikaci riizné saturovanych pad. Pro dosazeni
nejlepSich vysledktit mapovani a predikce je vSak vhodné vyuzit kombinace vSech
relevantnich dat. Dalsi doplnéni mohou ptfedstavovat napt. vysledky eroznich ¢i jinych
environmetalnich modeli ¢i kombinace regresnich metod s geostatistickymi metodami
v podobé regrese krigingu, kdy je pfi zachovani podminek (normalni rozdéleni rezidui)
mozné geostatisticky modelovat prostorovou korelaci rezidui modelu. Tyto moznosti jsou

vSak pfedmétem dalSiho planovaného testovani.

Ditlezitym aspektem mapovani je cilové rozliseni jak v horizontalnim méfitku, tak i ve

vertikalnim (mapovani orni¢ni vrstvy, celého profilu, jednotlivych horizontl). Obecnou
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snahou pifi mapovani pidnich vlastnosti je dosdhnout co nejvétsi prostorové presnosti.
S rozvojem metod sbéru digitalnich dat ptichazi i vyvoj v prostorové presnosti dat, ktera
jsou nasledn¢ pouzita jako doplitkova data v predik¢nich modelech. V soucasnosti je tak
mozno pouzit velice piesna data. Jak nicméné ukazuji diskuze mezi odborniky a vysledky
soucasnych studii, lepSi pfesnosti Casto byva dosazeno pifi vyuziti dat s men$im
prostorovym rozliSenim (Hannam, 2017; Malone, 2017; Samuel-Rosa, 2017). Pfi
predikci paidnich vlastnosti prezentované v predkladané studii (Zizala et al., 2017 - ¢lanek
5.1) se ukazalo, ze je vyhodnéjsi pouzit smésné vzorky z plochy odpovidajici rozliSeni
cilového mapovani nez vyuzit bodovych odbéri. Tomuto faktu je zapotiebi prizplsobit i
metodu terénniho vzorkovani. Kvalitu vyslednych modelt zasadné ovliviiuje i pocet a
rozmisténi vzorkl (vysvétlovana proménnd) (Brus et al., 2011; ten Caten et al., 2013;
Biswas a Zhang, 2018). Optimalni pocet vzorka je nicméné velice obtizné predem
stanovit. Obecné se da doporucit pro vetsi tzemi s vEtsi heterogenitou piidnich podminek
volit vétsi pocet vstupnich vzorkl. S poctem vzorkl obecné vzriistd efektivita modelil a
piesnost finalnich map (Brodsky et al., 2013), nicméné findlni pocet je vzdy
kompromisem mezi naklady na vzorkovani a dostatecnou cilovou presnosti. Rozmisténi
vzorkll je pfedmétem fady metod zaloZenych na statistickych ¢i modelovych analyz.
Cilem by vzdy v§ak mélo byt optimélni pokryti geografického prostoru a zaroven pokryti
kovaria¢niho prostoru. Pro digitalni mapovani ptd je nejcastéji doporucovana metoda
vzorkovani pomoci redukéni pravdépodobnostni metody podminénych Latinskych
hyperkrychli (cLHS) (Minasny a McBratney, 2006; Penizek et al., 2014). Tato metoda
je ptesto i kritizovana (LieB3, 2017a, 2017b), Ze jeji schopnost zachytit heterogenitu a tedy
pedodiverzitu krajiny je velice limitovana a jeji pouziti pti vzorkovani mize v disledku

vést k vychylenym (biased) predikénim modeltim.

Na poctu vstupnich dat a charakteristice studovanych zéavislosti zavisi 1 vhodny zpiisob
vybéru pouzité statistické regresni metody. Castym zptsobem je vybér optimalniho
modelu na zaklad¢ zkuSenosti ¢i expertniho odhadu. Jak ukézaly prezentované studie, pro
danou ulohu a prostor nemusi existovat jediné¢ optimalni feSeni. Vysledky testovani
riznych vicerozmérnych metod ukazaly riznou miru predik¢éni schopnosti v zavislosti na
pudnich podminkach, po¢tu vzorka pouzitych pro kalibraci ¢i pouzité metod¢ ptipravy
dat. Vhodnym piistupem je tak otestovat vice modell, z nich vybrat ten s nejlepsi
predikéni schopnosti nebo modely kombinovat s vyuZzitim né&jaké ensemble metody.

Vysledky testovani v ramci piedkladanych studii ukéazaly, Ze pro sady s malym poctem
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vzorkt (30 - 50) 1épe vyhovuji metody SVM ¢i neuronové sité, u metody ndhodnych lest
(random forest) dochazi k pfeuceni a neni tedy vhodna pro malou sadu dat. Nicméné se
stoupajicim poctem vzorkl je tato metoda velice vhodna a Casto v soucasnych studiich
vyuzivana (Viscarra Rossel a Behrens, 2010; Stevens et al., 2013; Veronesi et al., 2014;
Were et al., 2015). Linearni metody jako testovand metoda PLSR nedosdhly pfi mapovani
SOC s pomoci mensiho poctu vzorkil, kdy se vyskytuji Casto nelinearni vztahy ve
vicerozmérném prostoru proménnych, takové presnosti jako nelinearni metody. Presto je
tato metoda v predikénim mapovani a obecné pii vyuziti spektralnich dat stale Casto
pouzivana (Hbirkou et al., 2012; Siegmann et al., 2012; Denis et al., 2014; Pascucci et
al., 2014; Franceschini et al., 2015; Vaudour et al., 2016a; Castaldi et al., 2018). Jeji
vyhodou je snazsi interpretabilita oproti snizené az nemozné u nelinedrnich metod
strojového uceni. Vysledky navic prokézaly, ze pokles v predikéni schopnosti oproti
nelinearnim metoddm nemusi byt zasadni. Prezentované studie se nicméné zaobiraly
pfevazné lokalné trénovanymi modely (pro jeden az nékolik pidnich blokl), ¢imz jsou
vysledky zkresleny a predik¢ni schopnost téchto modelt je tak pravdépodobné vyssi, nez
by tomu bylo u regionalnich modeld (Stevens et al., 2012; Vaudour et al., 2016a).
Soucasné studie Casto pracuji pravé na bazi jednotlivych pldnich bloka a studie v
regionalnim méfitku jsou zatim sporadické a zatizeny vekou chybovosti (Goidts et al.,
2009; Stevens et al., 2015). Kalibrace empirickych modeli je totiz u¢inna predevsim
lokalné a jejich aplikace na jiné podminky ¢i oblasti je Casto obtizna ¢i nemozna (Casa et
al., 2013a; Castaldi et al., 2018) a vyzaduje velky pocet vstupnich vzorkl. Stevens et al.
(2012) pro trénovani regiondlnich modelii navrhuji inovativni metody kiizové validace,

které mohou optimalizovat kalibraci téchto modelti, jakozto jedno z moznych feSeni.

prezentované¢ vysledky, dulezitym aspektem v kvalit¢ modeli vyuzivajicich
hyperspektralni data maze byt i zplisob pfedzpracovani dat. Jeho vyznam na jedné strané
stoupd s vyssim spektralnim rozliSenim dat, respektive s vyssi mirou Sumu v datech (nizsi
pomér signal to noise), tam kde je zapotiebi miru Sumu omezit a tedy data zhladit. Metody
piedzpracovani spekter rovnéz mohou slouzit k maskovani vlivu environmentalnich
faktori na spektralni absorpcni pasy a zlepsit tak vysledky predikénich modelii. Tento
efekt 1ze vhodné vyuzit pti laboratornim zpracovani, kde je jiz efekt environmentalnich
faktord vlivem standardizace vzorkil (vysuSeni, analyticka jemnost) ¢astecné odstranén.

Nicméné v rdmci sledovani in-situ (coz se déje v pripadé¢ metod DPZ) mohou fyzikalni
160



charakteristiky, které maji vliv na celkovy posun albeda, pfinaset dal§i dilezitou
informaci (napft. vlivem korelace mezi obsahem SOC a tvorbou agregatu, vlhkosti apod.).
Z vysledkt predkladanych studii vyplyva, ze metody predzpracovani spekter (hlavné
metoda Savitzky-Golay) dokazi redukovat vliv nevhodnych podminek pii potfizeni

leteckych hyperspektralnich dat.

Jak je z predeslé diskuze ziejmé, testované metody mapovani redistribuce SOC mohou
dosahnout velice ptesnych vysledkil, nicméné jejich uchopeni a aplikace neni trivialni, je
naro¢na zejména z hlediska pottebné kvalifikace, datového a softwarového vybaveni a
velice Casoveé ndrocnd zejména ve fazi pripravy dat. Pfinosy téchto metod jsou vSak
ziejmé a v porovnani s tradi¢nimi metodami mohou piinést presnéjsi, prostorove
distribuované vysledky s mensimi naklady. I pfestoze se metody digitdlniho mapovani
et al., 2017) vyvolavajici diskuze nad korektnim vykladem nejen vysledki, ale i
jednotlivych ptistuptt (Heuvelink, 2017; Rossiter, 2017). Pii analyze pfesnosti metod je
tak tfeba dbat zvySené pozornosti na spravnou interpretaci vysledkl a statistickych
ukazatelli presnosti predikce a hledat zplsoby jak optimalné validovat, respektive
ohodnotit modely, stanovit nepfesnosti a nejistoty v nevzorkovanych prostorech a
analyzovat Sifeni chyb v modelech. Jak totiz ukazuje srovnani soucasnych védeckych
studii, fada praci neudavéa adekvatni miry piesnosti (napf. bias) a nezaobird se externi
validaci (Selige et al., 2006; Stevens et al., 2008; Gomez et al., 2012; Kanning et al., 2016
oproti Hbirkou et al., 2012; Stevens et al., 2013) ¢i jinym zplisobem kvantifikace chyby
v nevzorkovanych mistech a srovnani a vyvozovani adekvatnich podlozenych zavért je

tak velice obtizné.
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7 Zaver

Tato disertacni prace predlozend formou souboru publikovanych ¢lankt svymi vysledky
ukdzala, Ze metody digitdlniho mapovani pid s vyuzitim dostupnych spektralnich
obrazovych dat a modelu terénu lze uplatnit pro mapovani redistribuce organického
uhliku i v erozné ovlivnénych pidach v riznych ptidnich podminkach Ceské republiky.
Na zakladé podrobného terénniho prizkumu byla popsana vysoka lokélni variabilita
koncentraci a zasob uhliku ovlivnénych erozné-akumula¢nimi pochody dosahujici miry

variability na Grovni krajiny a lokalni specifi¢nost redistribuce v riznych podminkach.

S pomoci leteckych hyperspektralnich dat se podafilo sestavit predikéni modely pro
mapovani distribuce obsahu organického uhliku ve svrchni vrstvé ptidy s trovni piesnosti
na zakladé validace R?> = 0,80 — 0,91 a RMSE = 0,07 — 0,12 % SOC. Pii testovani
satelitnich multispektralnich dat pro stejné ucely bylo dosazené mensi presnosti (R? =
0,57 - 0,89 a RMSE 0,08 — 0,24). Bylo vSak prokéazano, ze s jejich vyuzitim 1ze mapovat
stejné prostorové trendy jako s vyuzitim prostorové 1 spektralné¢ presnéjSich dat.
Vzhledem k nakladiim a technickym pozadavkiim na zpracovani hyperspektralnich dat
se volné dostupna satelitni data jevi jako vhodnd alternativa pro mapovani SOC. Z
hlediska ptidnich podminek bylo obecné dosazeno lepSich vysledkli v oblastech s vétsimi
koncentracemi uhliku a s mens$i variabilitou ptidnich vlastnosti, napf. v oblastech

s homogennim plidnim substratem (sprasové oblasti).

S vyuzitim morfometrickych dat odvozenych z digitdlniho modelu terénu je mozno
vytvofit predikéni modely nejen koncentrace organického uhliku ve svrchni vrstvé pady,
ale 1 zésob uhliku v celém plidnim profilu. Prostorové modely zdsoby SOC v celém
profilu dosahovaly ptesnosti R?=0,62 0,99 a RMSE = 0,28 —2,38 kg'm 2. Modely
zasob SOC pouze v orni¢nim horizontu dosahovaly méné ptesnych a vice rozkolisanych
vysledki (R?=0,23 — 0,91 a RMSE = 0,17 — 0,89 kg-m2). Vysledna piesnost je znaéné
mistné specifickd v zavislosti na mife piisobeni dalSich faktori ovlivitujici redistribuci a
dynamiku SOC nespjatych piimo s pozici v terénu (srazky, zptisob hospodaieni apod.).

Predlozené vysledky tak potvrdily inicidlni hypotézu a vyuzité metody predikéniho
modelovani ukazaly, ze jak s vyuzitim pouze terénnich dat, tak pouze s vyuZzitim
spektralnich obrazovych dat Ize mapovani SOC provést s vysokou mirou piesnosti.
Soucasné vyuziti obou typl dat vjednom predikénim modelu slibuje dalsi zvySeni

predikéni schopnosti. Popsané metody se tak mohou stat vhodnym nastrojem pro analyzu
162



redistribuce ptdniho uhliku a studie ovlivnéni kolob&éhu uhliku v pidé, moznosti
sekvestrace €i studie ovlivnéni uhliku béhem erozn¢ akumulaénich procesti na lokalni
urovni. Uplatnéni ovSem mohou nalézt i v Sir§Sim kontextu regionalniho a celostatniho
mapovani. Potfebnd data pro mapovani na této urovni jsou jiz dnes dostupna a v blizké
budoucnosti Ize ocekavat dalsi vyvoj napt. v souvislosti s vypusténim novych satelitnich
hyperspektralnich senzori (EnMAP, PRISMA, SHALOM). Dalsi moZnosti jsou spojeny
s vyuzitim star§ich padnich dat, tzv. ,,legacy dat“. V ramci Ceské republiky se jedna
zejména o data Komplexniho prizkumu zemédélskych ptd, ktera budou brzy k dispozici
v digitalni podob¢. Jejich vyuziti paralelné s poznatky z pfedkladané prace je planovano
v bézicim vyzkumném projektu ,,Vytvofeni podrobnych aktualnich map pldnich
vlastnosti CR na zakladé vyuziti dat Komplexniho priizkumu piad a metod digitalniho
mapovani pud*.

V ramci prace byla nicméné popsdna fada omezeni, kritickych ptfedpokladi a nejistot
spojenych s aplikaci pouzitych postupti. Metody nejsou stale dostatecné etablovany a je
tedy zapotiebi se adekvatné vénovat minimalizaci vSech rizik spojenych s vyuZzitim dat,
disledné kvantifikaci chyb, nejistot a pfesnosti predikénich modeld. Budouci vyzkum by
mél byt zdrovenn zamétfen na rozvoj metod slouzicich k minimalizaci faktorti negativné
ovliviiujicich vyslednou pfesnost mapovani a k rozvoji metod souvisejicich s uplatnénim
popsanych principti pii mapovani v regionalnim méfitku. U spektralnich obrazovych dat
se jedna zejména o metody redukujici vliv maskujicich faktora (vegetace, vlhkost, drsnost
povrchu, zrnitost) a metody multispektralni analyzy. U nastroja digitdlniho mapovéni se
pak jedna o vyvoj vmetodich kalibrace modelti, optimalizaci jednotlivych
vicerozmérnych metod, pfipadné metod urcovani vlivu vstupnich proménnych na popis
vysledné variability.

S vyvojem digitalnich metod je rovnéz spojena tendence k zanedbavani klasického
pedologického terénniho prizkumu, ktery je ovSem nezbytny. Je nutné ziskavat aktualni
analytické informace o pidnim prostfedi a to v dostatecné kvalité i kvantité, protoze ty,
jak bylo ukazano, zna¢né ovliviuji kvalitu vysledkii, a nespoléhat se jen na dostupna
star$i pidni data. Prezentované metody je tak nutné chéapat jako podptrné nastroje, které
ovSem mohou pfinést jinak tézko ziskatelné a ndkladné informace, které jsou velice
potiebné v kontextu ochrany ptidy pfed degrada¢nimi vlivy, udrzitelnosti hospodatreni na

pudé a adaptace na ocekavané klimatické zmény. Pouziti téchto metod neni trivialni,
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vyzaduje Siroké znalosti a schopnosti v oborech jako statistika, geoinformatika, pedologie

a je tedy velice vhodné je studovat a vyuzivat v rdmci Sirsi tymové spoluprace.
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Tabulka 1: Pfehled vybranych vyzkumu vyuzivajicich terénni vlastnosti pro predikci SOC

Autor Predikovana  Pocet Terénni vlastnosti Dalsi charakteristiky Rozliseni  Plocha Pouzité R? predikce RMSEP

veli¢ina vzorku DMT (m) s,tudoyaného metody [* ' kiiZova [* RMSEcv]

uzemi validace]
Song et al. Obsah SOC 548 Sklon, expozice, Pudni typ, land use, prim. roéni 30 50 810 km? MLR, GWR, 0,8% 0,84* 1,85* 1,76%
(2016) Do 20 cm zaktiveni, TWI srazky, pram. rocni teplota, Cina GWRR, 0,84%*; 1,76*; 1,67%;
sluneéni radiace, NDVI KED, 0,87*; 0,85* 1,73*
GWRSK
gke!
Xin et al. Obsah SOC 180 Nadmof. vyska, sklon, Land use, prim. ro¢ni srazky, - 72 km? MLR, OK, 0,31% 0,2% 3,47* 4,14%
(2016) Do 20 cm CA, TWI NDVI Cina IDW 0,19* 4,48* g-kg'!
Rodriguez- Obsah SOC 463 Nadmof. vyska Mat. substrat, land use, pram. 25 29 574 km? PLSR, MLR, 0,78; 0,75; 3,48; 3,73;
Lado 3 Do30cm roéni srazky, prum. ro¢ni a Galicie PCR 0,66 4,36 %
Martinez- meésicni  teplota, potencialni
Cortizas evapotranspirace, vodni bilance,
(2015) index kontinentality
Were et al. Zasoby SOC 320 Sklon, zaktiveni, Land use, prim. roéni srazky, 30 650 km? SVM, ANN, 0,64; 0,61, 145; 1,54,
(2015) do 30 cm expozice, TWI pram. ro¢ni teplota, NDVI Kefa RF 0,53 1,83 kg'm?
Ceddia et al. Zasoby SOC 96 Sklon, zaktiveni, Pudni textura 5 80 km? OK, ICOK, - 1,99, 2,00,
(2015) dolm expozice, CTI Amazonie HCOK 1,91 kg m
Veronesi et al.  Zasoby SOC 435 Sklon, zakiiveni, Pudni typ, land cover, geologie 50 13 948 km? UCK 0,36* -
(2014) Celkové expozice Anglie
Wiesmeier et Zasoby SOC 1460 Nadmof'. vyska, Pudni substrat, ptdni typ, land 25 70 549 km? RF 0,39 9 kg m?
al. (2014) do1m expozice, sklon, wuse, prim. ro¢ni srazky, prim. Bavorsko
zaktiveni, CA, TWI ro¢ni teplota

Adhikari et al.  Obsah SOC 40250 Nadmot. vyska, sklon, Pudni typ, land use, geograf. 30 43 000 km? RK 0,61; 0,63; 1,73; 1,73;
(2014) (0-5,5-15,15- expozice, FA, TWI, regiony, typ krajiny, prim. ro¢ni Dénsko 0,51; 0,50; 4,57, 3,63;

30 3’0_60 ’60- AAC, délka svahu, srazky, slune¢ni radiace, 0,28 3,02 gke?

y ’ hloubka tdoli

100 cm)



Autor Predikovana  Pocet Terénni vlastnosti Dalsi charakteristiky RozliSeni  Plocha Pouzité R? predikce RMSEP
veli¢ina vzorku DMT (m) s,tudoyaného metody [* ' kiiZova [* RMSEcv]
uzemi validace]
Lietal. (2013) Obsah SOM 5620 Sklon, CA, TWI Pudni typ, land use, prim. ro¢. 1000 9,6 mil. km? ANN, MLR, 0,019 - 21,8 28.4;
Do 30 cm srazky, pram. ro¢. teplota, Cina RK 0,597 28,05
akumul. teplota nad 10 °C, rel. o
vlhkost, sluneéni radiace, NDVI gke
Doetterl et al. Zasoby SOC 100 Sklon, zaktiveni, TPI, Pud. textura, koncentrace C ve 5 500 km? LMM 0,53-0,88 1,52-2,02
(2013) Dolm FA, FL, TCI sv,r?h. vrstvé pudy, pram. roéni Lucembursko (0,36-0,66)  (0,43-0,78)
srazky a teplota, sezonalita o
(do 20 cm) teploty a srazek kg'm
Zhang et al. Obsah SOM 469 Nadmot. vyska, sklon, Pudni typ, textura, land use 25 2 230 km? OK, RK, - 1,33; 1,26;
(2012) Do 25 cm expozice, LS, TWI, SPI Cina SMLR 0,83
Dlugof8 et al. Obsah SOC 92 Nadmot. vyska, sklon, Dlouhodoba eroze puidy —vodnia 6,25 4.2 ha Némecko RK, OK - 0,12*; 0,19%;
(2010) (0-25,55- zakfiveni,  expozice, orbou z modelu 0,13* %
50 50’_90 cm) CA, TWI, SPI WaTEM/SEDEM 0.12% 0.20*:
0,15* %
Afshar et al. Obsah SOC 91 Nadmof. vyska, sklon, - 3 9 ha OK 0,96* 1,74*
(2010) Do 30 cm expozice,  zakiiveni, fréan a2
CA, TWI, STI gxg
Florinsky et Obsah SOC 210 Nadmot. vyska, sklon, - 15 6,75 ha MLR 0,37* 0,47* %
al. (2002) Do 30 cm expozice,  zakiiveni, USA
CA, TWI, SPI

Poznamky: CA - prispivajici plocha (catchment area), TWI — topograficky vihkostni index, TPI — topograficky pozicni index, LS — LS faktor z USLE, TCI — topograficky konvergencni index, FA —
akumulace odtoku, FL — délka odtoku, STI — transportni index sedimentii, SPI — index energie vodnich tokii, AAC — vyska nad tokem, CTI — slozeny topograficky index, NDVI — normalizovany diferencni
vegetacni index

SVM — support vector machine, RF — random forest, ANN — artificial neural networks, LMM — linear mixed effect model, MLR — multiple linear regression, SMLR — stepwise multiple linear regression,
GWR — geographicaly weighted regression, GWRR - geographically weighted ridge regression, KED — kriging with external drifi, GWRSK - simple kriging with GWR, PLSR — partial least squares
regression, PCR — principal component regression, OK — ordinary kriging, ICOK — isotopic co-kriging, HCOK — partially heterotopic cokriging, IDW — inverse distance weighting, LMM — linear
mixed effect model, RK — regression kriging, UCK — universal co-kriging



Tabulka 2: Pfehled vybranych soucasnych studii vyuzivajicich bodovou spektroskopii pii hodnoceni SOC

Autor Predikovan  Pocet Spektrometr Spektralni Radiometrick Plocha studovaného Pouzité metody R? predikce RMSEP
a veli¢ina vzorki rozliSeni é rozliSeni  Gzemi [* kiiZovd [* RMSEcv]
(nm) (nm) validace]
Liu et al, SOC 252 ASD FieldSpec 350-2500 3-10 Cina Co-LSSVMR 0,81 2,95 g'kg'!
(2017) 3
Shi et al. SOM 2732 ASD Fieldspec 350-2500 3-10 Cina PLSR, local-PLSR, scL- 0,50, 0,69; 0,74  0,84; 0,66; 0,6 %
(2015) ProFR PLSR
Ji et al. SOC 124 Fieldspec Pro 350 —2500 3-10 11 poli (0,25 — 1 ha) PLSR 0,71 1,32 g'kg!
(2015)* FR Cina
Gao et al. SOC 100 ASD FieldSpec 350 —2500 1 10 lokalit (0,02 —200 ha) ~ PLSR, SVMR 0,79; 0,86 2,33; 1,84
2014 Pro FR o
( ) ro Cina g'kg!
Peng et al. SOC 298 ASD FieldSpec 350-2500 1 3 lokality (kazda cca 100 SVMR, 0,73, 0,62 2,78;2,83 g'kg'!
2\ % 910y &5
(2014) 3 km?) Cina PLSR
Stevens et SOC Cca 20 XDS Rapid 400-2500 0.5 23 stata EU PLSR, BRT, RF, 0,86 73 g'kg’!
al. (2013) 000 Content SVMR, MARS, CR
LUCAS Analyzer
Gmur et al. SOM 39 ASD FieldSpec ~ 325-1075 3 Washington, Oregon RT 0,98%* 0,02* %
(2012) USA
Brodsky et SOC 181 ASD FieldSpec 350-2500 - 2 pole PLSR 0,72; 0,89 0,22; 0,14 %
al. (2011b) 3 CR
Nocita et al. SOC 113 ASD Fieldspec- 350-2500 1 130 km transekt PLSR 0,93 2,87 g'kg’!
(2011) Pro Jizni Afrika

Poznamky: * méreni In-situ (jinak laboratorné),

RT — regression trees, PLSR — partial least square regression, BRT — boosted regression trees, RT — regression trees, RF — random forest, SVMR — support vector machine regression, MARS —
multivariate adaptive regression splines, CR — cubist regression



Tabulka 3: Prehled studii vyuZzivajicich obrazovou spektroskopii pii predikci obsahu SOC

Autori Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni Prostorové  Plocha Pouzité R? predikce RMSEP
velifina vzorki radiometrické rozliSeni studovaného  statistické [* kiiZova [* RMSEcv]
rozliSeni (m) tuzemi metody validace]
Castaldi et SOC 84 a54  Letadlo Hyperspektralni  APEX 313 pasem 2.5 462 a 145 km> PLSR - 1,5a4,9 g'kg™!
al. (2018) 400-2500 nm Belgie a
Lucembursko
Bhunia etal. SOC 50 Satelit Multispektralni ™ 7 pasem 30 323 km? MLR 0,71%* 1,11 %
(2017) Landsat 4- VNIR-SWIR Indie
5
Mondal et SOC 210 Druzice Multispektralni ~ LISS-III 4 pasma 23,5 20 km? RK - 0,28 %
al. (2017) IRS-P6 VNIR-SWIR
Steinberg et SOC 81 Letadlo Hyperspektralni ~ AHS-160 Vyuzito 20 2,6 7 km? PLSR 0,74 2,2 g'kg'!
al. (2016) pasem v VNIR Lucembursko
" " " Satelit Hyperspektralni EnMAP - 242 pasem 30 " " 0,67 2,8 g'kg’!
simulovany 420-2450 nm
Kanning et SOC 40 Letadlo Hyperspektralni ~ AISA- 367 pasem 3 80a 120 ha PLSR 0,89%* 0,27 %*
al. (2016) DUAL 400-2500 nm Némecko
Vaudour et SOC 267 Letadlo Hyperspektralni ~ AISA-Eagle 126 pasem 1 221 km2 Bootstrap 0,25 3,73 24,49 g'kg'!
al. (2016) 400-1000 nm Francie PLSR
Franceschin SOM 89 Letadlo Hyperspektralni  ProSpecTIR 357 pasem 1 100 ha PLSR 0,33 3,82 g'kg'!
i et al, V-Ssensor 4002500 nm Brazilie
(2015)
Stevens et Pouzito vysledki (Stevens et al., 2012)
al. (2015)
Tiwari et al. SOC 65 Satelit Hyperspektralni  Hyperion 220 pasem 30 189 km? ANN 0,93 0,04 %
@uls) LE0-I VNIR-SWIR Indie



Autofi Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni a Prostorové  Plocha Pouzité R? predikce RMSEP

veli¢ina vzorki radiometrické rozliSeni studovaného statistické [* kFiZova [* RMSEcv]

rozliSeni (m) tuzemi metody validace]
Matarrese et SOC Letadlo Hyperspektralni CASI 1500 288 pasem 0,2 Italie Korelace 0,85 -
al. (2014) 380-1050 nm druhé
derivace a
SOC
Pascucci et SOC 65 Letadlo Hyperspektralni ~ TASI 600 32 pasem 1 3 pole (2-3,5 PLSR,CR 0,24*;0,53* 0,31%; 0,26* %
al. (2014) 8000 — 11500 ha)
nm Italie

Denis et al. SOC 165 Letadlo Hyperspektralni ~ AHS-160 63 pasem 2,6 42 km? PLSR 0,96* 3,68* gkg'!
(2014) 430-2540 nm Lucembursko
Castaldi et SOM 72 Satelit Hyperspektralni  Hyperion 220 pasem 30 29 ha PLSR, - 0,41%*; 0,27* %
il (5 el ALI VNIR-SWIR Ttalie GILs
Ballabio et SOC 90 Satelit Multispektralni ~ ETM+ 8 pasem 30 9 251 km2 SVMR 0,81* -
al. (2014) Landsat VNIR-SWIR Kypr
Anne et al. Lehké frakce Satelit Hyperspektralni  Hyperion 220 pasem 30 Florida PLSR 0,67*;0,93* 4,67* %; 6,72*
(2014) SOM, EO-1 Multispektralni  TM VNIR-SWIR g'kg!

Labilni SOC Landsat
Lu et al. SOC 49 Satelit Hyperspektralni ~ Hyperion 220 pasem 30 ~300 km? PLSR, 0,63*; 0,5 1,6* g'kg!
(2013) EO-1 VNIR-SWIR Cina SMLR
Zhang et al. SOM 28 Satelit Hyperspektralni  Hyperion 220 pasem 30 ~300 km? PLSR 0,74 0,66 %
(2013b) EO-1 VNIR-SWIR Indiana USA
Casa et al. SOC 72 Satelit Hyperspektralni ~ CHRIS 37 pasem 17 29 ha RK - 1,06 a 1,16 g-kg'!
) LELOIE, 442-1019 nm Ttalie PLSR
Nowkandeh  SOM 40 Satelit Hyperspektralni ~ Hyperion 220 pasem 30 100 km? SMLR, 0,47; 0,53 0,78; 0,33 %
etal. (2013) EO-1 ANN



Autofi Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni a Prostorové  Plocha Pouzité R? predikce RMSEP
velifina vzorki radiometrické rozliSeni studovaného  statistické [* kiiZova [* RMSEcv]
rozliSeni (m) tuzemi metody validace]
VNIR-SWIR Iran
Stevens et SOC 456 Letadlo Hyperspektralni ~ AHS-160 63 pasem 2,6 420 km? PLSR, 0,79%; 3,9% 4,0% 3,8%*
al. (2012) 430 — 2540 nm Lucembursko PSR, 0,78% 0,81* g kg!
SVMR

Siegmann et SOC 32 Letadlo Hyperspektralni ~ AISA- 367 pasem 3 2 pole (100 a PLSR 0,93* 2,48* g'kg'!
al. (2012) DUAL 400-2500 nm 21 ha)

Némecko
Hbirkou et SOC 204 Letadlo Hyperspektralni  HyMap 126 pasem 4 4 pole2,5-9ha PLSR 0,83 1,1 g'kg!
al. (2012) 450-2500 nm Némecko
Gomez et al. SOC 95 Letadlo Hyperspektralni  HyMap 126 pasem 5 24,6 km? PLSR 0,02* 2,6% g'kg'!
(2012) 400-2500 nm Francie
Gerighausen SOC 20,38,11 Letadlo Hyperspektralni  HyMap 128 pasem 4 ~200 km? PLSR 0,62; 0,71, 2,13; 1,64; 1,61
etal. (2012) 450-2480 nm Némecko 0,45 gkg!
Schwanghar  SOC 61 Letadlo Hyperspektralni  HyMap 126 pasem 6 23 km? PLSR* 0,77* 0,13* %
t a Jarmer 420-2480 nm Spanglsko
(2011)
Hively et al. SOM 315 Letadlo Hyperspektralni  HyperSpecT 178 pasem 2,5 6 poli (7,1 — PLSR 0,75* 0,5 %
(2011) IR 400 — 2450 nm 14,6 ha)

USA
Bartholome  SOC 68 Letadlo Hyperspektralni ~ AHS-160 63 pasem 2,6 12 ha PLSR 0,43-0,53 2,42 -3,05 g'kg'!
us et al 430 - 2540 nm Belgie
(2011)
Roberts et SOM 217 Letadlo Multispektralni  digital 3 pasma 0,3 6 poli (13-25 MLR 0,8 43 g'kg'!
al. (2011) sensor Green. red. NIR ha)

system T USA



Autofi Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni a Prostorové  Plocha Pouzité R? predikce RMSEP
velifina vzorki radiometrické rozliSeni studovaného  statistické [* kiiZova [* RMSEcv]
rozliSeni (m) tuzemi metody validace]
Jarmer et al. SOC 53 a80 Satelit Multispektralni ™ 7 pasem 30 1 800 km? MLR 0,91* a 283* a 2]11*
(2010) Landsat 5 VNIR-SWIR Izrael 0~ g'kg!
Jaber et al. SOC 303 Satelit Hyperspektralni ~ Hyperion 220 pasem 30 134 km? ANN 0,79* 11,3 t-ha’!
@ 1505 VNIR-SWIR Tllinois, USA
Stevens et SOC 325 Letadlo Hyperspektralni ~ AHS-160 63 pasem 2,6 420 km? PLSR, 0,88; 0,89; 3,22;3,13;4,20
al. (2010) 430 — 2540 nm Lucembursko LK 0,84 kel
SVMR g'xg
Wang et al. SOM - Satelit Hyperspektralni  Hyperion 220 pasem 30 96 km? MLR 0,56-098  0,28-0,43 %
(i) E VNIR-SWIR Cina
Zhang et al. SOM - Satelit Hyperspektralni  Hyperion 220 pasem 30 Indiana, USA  PLSR 0,89 -
@y LE0-I VNIR-SWIR
Chen et al. SOC - Letadlo Multispektralni ~ NASA 15 pasem 2 7 poli SMLR 0,63 0,22 %
(2008) ATLAS VNIR-SWIR
Stevens et SOC 110 Letadlo Hyperspektralni ~ AHS-160 63 pasem 2,6 10 poli PLSR - 6,96 g'kg'!
al. (2008) 430 — 2540 nm Belgie
Patzoldetal. SOC 9 Letadlo Hyperspektralni  HyMap 128 pasem 4 9 poli PLSR 0,74* 1,6* gkg!
(2008) 450-2500 nm Némecko
DeTar et al. SOM 173+14  Letadlo Hyperspektralni  AVNIR 60 pasem 1,2 72 +63 ha MLR 0,49 0,08 %
(2008) 8 429-1010 nm Kalifornie
Zheng SOM 70 Satelit Hyperspektralni  Hyperion 220 pasem 30 3 lokality (420 PLSR 0,74 1,42 %
(2008) EO-1 VNIR-SWIR — 824 km?)
USA
Luo et al. SOM 60 Satelit Hyperspektralni  Hyperion 220 pasem 30 42.8 km? MLR 0,78 0,45 %
(2008) EO-1



Autofi Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni Prostorové  Plocha Pouzité R? predikce RMSEP
velifina vzorki radiometrické rozliSeni studovaného  statistické [* kiiZova [* RMSEcv]
rozliSeni (m) tuzemi metody validace]
VNIR-SWIR Cina
Gomez et al. SOC Satelit Hyperspektralni  Hyperion 220 pasem 30 cca 17 km? PLSR 0,49%* 0,8* %
(A 1505 VNIR-SWIR Australie
Jarmer et al.  SOC 77 Letadlo Hyperspektralni  HyMap 126 pasem 6 Spanglsko MLR* 0,79%* 0,11* %
(2007) 450-2500 nm
Selige et al. SOC, 72 Letadlo Hyperspektralni  HyMap 128 pasem 6 700 ha MLR, 0,89 0,22%*; 0,29*
(2006) textura VNIR-SWIR Némecko PLSR
Stevens et SOC 138+10  Letadlo Hyperspektralni  CASI-2 96 pasem 6; 2,5 2 lokality PLSR 0,85 51 ¢gkg!
al. (2006) 0 405-950 nm Belgie
Chen et al. SOC 45 Letadlo Multispektralni ~ NASA 15 pasem 2 2 pole MLR 0,81 -
(2006) ATLAS VNIR-SWIR USA
Uno et al. SOM 50 Letadlo Hyperspektralni  CASI 72 pasem 14 30 ha ANN, 0,74%; 0,59*  0,49*; 0,59* %
(2005) VNIR Kanada MLR
408 — 947 nm
Bajwa a SOM - Letadlo Hyperspektralni RDACS/H- 120 pasem - 4 pole PLSR 0,66 -
Tian (2005) 3 471-828 nm USA
Toure a SOM 100 Letadlo Hyperspektralni ~ CASI-2 96 pasem 2,5 50 km? MLR 0,85-0,88 0,27-0,37 %
ggéf)n 405-950 nm Belgie
Stevens et SOC 138 Letadlo Hyperspektralni  CASI-2 96 pasem 6 13 poli 35 km> PLSR 0,87 0,34 %
al. (2004) 405-950 nm Belgie
Ray et al. SOM 35 Satelit Multispektralni  IKONOS 4 pasma 4 4.43 ha SMLR 0,73 -
O IKONOS VIS-VNIR Indie



Autofi Predikovana  Pocet Nosi¢ Typ senzoru Senzor Spektralni a Prostorové  Plocha Pouzité R? predikce RMSEP

veli¢ina vzorki radiometrické rozliSeni studovaného statistické [* kFiZova [* RMSEcv]
rozliSeni (m) tuzemi metody validace]
Touré a SOM 135 Letadlo Hyperspektralni  CASI-2  + 2,5 14 poli (50 SMLR 0,83 0,33* %
Tychon SASI km?)
(2003) Belgie
Ben-Dor et SOM 62 Letadlo Hyperspektralni  DAIS-7915 72 pasem 8 20 km? MLR 0,83 0,02 %
al. (2002) 400 - 2500 nm Izrael
Chen et al. SOC 28+32 Letadlo Barevny Skenovany RGB 2 115 ha MLR 0,98 -
(2000) barevrll(y Georgie
snime (USA)
Hill a Schiitt SOC 92 Satelit Multispektralni  TM 7 pasem 30 Cca 20 km? MLR 0,89* -
(2000) Landsat VNIR-SWIR Spanélsko
(Varvel et SOM 2200 letadlo Barevny Barevny RGB + NIR ~1 Nebraska korelace R~0,5
al., 1999) snimek USA

Poznamky: Sed¢ podbarvené pole ukazuji studie vyuzivajici satelitni data, # - Model vytvoreny nad laboratorné zmérenymi daty a preneseny na obrazova data,

MLR — multiple linear regression, SMLR — stepwise multiple linear regression, PLSR — partial least square regression, ANN — artificial neural network, PSR — penalized-spline signal regression,
SVMR — support vector machine regression, OLS — ordinary least squares regression, LMEM — linear mixed effect model, CR — cubist regression, RK — regresni kriging
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