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RESUMO

Estudos relacionados ao mapeamento digital de @d@S) tem se
tornado importante para a criacdo de mapas basdtal@curacia com maior
rapidez e menor custo. Os mapas base desenvoblddogrande aplicacdo no
manejo do solo em bacias hidrogréaficas podendatszados no planejamento
de atividades de uso da terra, na avaliacdo did&ae do solo, capacidade de
armazenamento de agua, planejamento das ativididagricultura, riscos de
erosdo e manejo dos recursos naturais. No sergidipdmorar as técnicas de
MDS, principalmente em &reas de relevo declivose estudo foi desenvolvido
com base nos seguintes objetivos: avaliar difesemésolucdes do modelo
digital de elevac¢@o (MDE) para predizer atributassolo usando técnicas de
MDS, avaliar o uso da classificacdo do relevo ccesebno geomorphons
combinado com técnicas de MDS para predizer atribdb solo e por dltimo
aplicar essas técnicas de MDS na predicdo da alliidlade ao escoamento
superficial para a sub-bacia hidrografica das PRpsEs&trema, MG. Foram
avaliadas cinco resolucdes espaciais (grids cod0515, 25 e 50 m) para o
MDE desenvolvido a partir de curvas de nivel enmfiio de grid regular. A
resolucdo de melhor desempenho foi utilizada paedizer a variabilidade
espacial de atributos do solo usando MDS. Os atsbdoram preditos
comparando alguns modelos de MDS: krigagem ordindércom regressao e
l6gicas fuzzy baseada no conhecimento. A vulnedstie ao escoamento
superficial foi obtida utilizando um modelo de umi@ que considera a
profundidade do solo, condutividade hidraulica dto ssaturado e parametros
topograficos derivados do MDE. Os atributos do dolmam preditos usando
MDS e aplicados no reconhecimento de areas vuleisréao escoamento
superficial e erosao hidrica na sub-bacia do estDdaesultados mostraram que
a menor resolucéo nao foi a melhor para ser usadldD$ para as condicdes de
relevo desta sub-bacia, sendo a resolucéo de lfeferida. Na predicdo dos
atributos do solo 0 modelo baseado no conhecimentogicas fuzzy que
utilizou geomorphons apresentou melhor desempenh@ dos 9 atributos do
solo estudados (78% de acerto). A avaliagcdo doaeseato superficial indicou
que o més mais critico foi o janeiro com risco Bigante de escoamento em
praticamente toda a sub-bacia. Nos meses consideragdcos (baixa
precipitacdo mensal) o risco € maior proximo a melelrenagem reforcando a
necessidade de manter as areas de preservacameetenao entorno dos rios.

Palavras-chave: Modelo digital de elevacdo. Atobut topogréaficos.
Geomorphons. Légicas fuzzy. Indice de umidade.



ABSTRACT

Digital soil mapping (DSM) studies have become lyeahportant to
create base maps with high accuracy, faster, atidsmiall cost. The base maps
have had huge application on land use planninduatian of soil fertility, water
content, agricultural planning, soil erosion riskand natural resources
management. In an effort to improve the DSM technimainly in steep
landscapes, the objectives of this study were:uaialg different resolutions of
digital elevation model (DEM), evaluating the apption of landscape
classification based on geomorphons combined w&MDRechnics, and to apply
this DSM technics to predict the risk of runoff Bosses watershed, Extrema,
MG, Brazil. Five DEM resolutions were tested (gside of 5, 10, 15, 25, and 50
m) to create a DEM from contour lines on regulaid gormat. The best
resolution was used to predict the spatial vaiigbdf soil properties using
DSM. The following DSM models were tested: ordindmging, regression
kriging, and knowledge-based inference. The rumsk was developed by a
wetness index which uses soil depth and saturateéiitilic conductivity as soil
factors and topographic parameters. The soil factised on runoff risk were
predicted by DSM technics. The results showed tthaaffinest resolution is not
the best for the study relief conditions and theohation of 10 m is preferred. To
predict the soil properties the knowledge-baseerérfce that used geomorphons
had the best performance for 7 of 9 soil propedtegied (78%). Evaluation of
runoff risks indicated that the most critical moifithh runoff risks was January
and in this month the risk was significant for wh@atershed. The dry months
(slow amount of precipitation), the runoff risk whigyger closer the drainage
system, reinforcing the necessity of maintain pernd preservation areas on
the streams boundary.

Keywords: Digital elevation model. Topographic iatites. Geomorphons.
Fuzzy logic. Wetness index.
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PRIMEIRA PARTE

1 INTRODUCAO

Os atributos do solo, assim como as classes des@ol@spacialmente
distribuidos em um padrédo previsivel devido a éristh de relacdo solo-
paisagem. A relacdo solo-paisagem € a resposteodionento da agua sobre e
por meio a paisagem, que percorre toda a topogddimeando-a e sendo
responsavel pela distribuicdo espacial dos sokeus atributos. A relacao solo-
paisagem tem sido a base para o mapeamento tralide solo em todo o
mundo, o qual é apresentado no formato de poligamulo relacionado um
valor do atributo do solo ou uma classe de sola gada poligono. Mapas
baseados em poligonos consideram que a variacaciaspcorre somente no
limite entre as classes tendo cada poligono unrt valiforme (ZHU et al., 1997,
2001). Mesmo que as experiéncias de campo nos anodjue mudancas
abruptas no solo no espaco existem, mais frequentenpercebe-se que elas
sdo graduais e continuas diferentemente dos megmsadios em poligonos
(ZHU et al., 2001).

Avancos no sistema de informacdes geograficos (84S)ultimos 30
anos tém possibilitado o desenvolvimento de nodasicas que usam formato
raster ao invés de poligonos. O formato rasteesgmta a superficie em forma
de uma matriz de células (pixels) organizada etmafine colunas (grid) onde
cada célula contém um valor representando a inftkmalesejada. Mapas de
solo em formato raster podem ser desenvolvidos dasatécnicas de
Mapeamento Digital de Solo (MDS), o qual se baseaigelacdo entre solos e o0s
fatores e processos de formacgéo do solo (climan@mo, relevo, material de

origem e tempo) de acordo com Jenny (1941), quaranias equacgdes do MDS
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como variaveis do modelo (MENDONCA-SANTOS et aD1@). McBratney,
Mendoncga-Santos e Minasny (2003) discutem divensé®dos que tém sido
usados para identificar e representar as relagites solos e seus atributos e
variaveis ambientais. Entre os métodos estao omduinodelos lineares, arvores
de classificacdo e regressado, modelos baseadodgirad fuzzy, redes neurais
artificiais, geoestatistica entre outros.

Entre as varidveis ambientais que representamaes$ade formacao do
solo, o relevo tem sido o mais utilizado. Entrenustivos que fazem com o
relevo seja amplamente utilizado no MDS esta o fldste apresentar alta
variabilidade espacial. Por exemplo, se comparaiias areas contiguas, sob
mesmo clima, mesma vegetacdo (organismos), mesneriahade origem e
mesmo tempo de exposicdo ao intemperismo difictenessas duas regides
terdo as mesmas caracteristicas de relevo. Outnofasitivo ao uso do relevo
no MDS é que as informac¢8es topograficas podenfasimente obtidas do
modelo digital de elevacdo (MDE).

Os MDE sdo amplamente disponiveis e 0 sucessarécigula predicao
dos atributos do solo sdo altamente dependentesitiizacdo do MDE
adequado, o qual sera utilizado para gerar os gardsnque detalham a
topografia (atributos topograficos) (CAVAZZI et ,aR013). A qualidade do
MDE depende da base de dados utilizada para obteslores de elevacéo, do
método de estruturar os dados e da resolucao akjf@rnanho do raster) do
MDE (KIENZLE, 2004; MOORE; GRAYSON; LADSON, 1991 HOMPSON;
BELL; BUTLER, 2001; WILSON; GALLANT, 2000). Normalente, grids
pequenos sao preferiveis, mas nem sempre é a nesitmlha no MDS. O efeito
da resolucdo pode afetar os atributos topografmegjuais serdo usados como
covariaveis no MDS (KIENZLE, 2004; THOMPSON; BELBUTLER, 2001).

Para altas resolugbes (pequeno tamanho do rastesgtributos do terreno
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apresentam um excesso de detalhes que pode imval@zuricia da predicéo,
por outro lado, pequena resolucdo (grande tamaohester) os atributos do
terreno podem apresentar apenas informacdes dgeades perdendo sua
capacidade preditiva (CAVAZZI et al., 2013). A rieggdio também ira variar de
acordo com a morfologia da regido. Geralmenteagaiss planas e suaves nao
necessitam de MDE com alta resolucdo, podendo ugdd muito finas
introduzir artefatos locais e/ou alta capacidadmmdacional para gerar o0s
atributos do terreno (HENGL, 2006).

Apés a escolha adequada do MDE os atributos denrgue irdo
caracterizar o relevo podem ser obtidos. Existeibuabs do relevo calculados a
partir do MDE usando equacdes diferenciais quernmstrado boa correlagéo
com solos podendo ser utilizados no MDS. Estebudtris do relevo também
conhecidos como atributos derivativos do terrerdeposer: declividade, indice
topografico de umidade, plano e/ou perfil de cumaataspecto etc.. Entretanto,
apesar destes atributos caracterizarem a paisamn@o a descrevem em
classes de acordo com a posicao topografica, pape ser crucial na definicao
das relacdes solo-paisagem, uma vez que a maasgisalos ocorre em posicoes
especificas da paisagem em funcdo do caminho peegrela agua. Como
complemento a andlise do relevo Jasiewicz e Stdp{R613) desenvolveram
uma nova técnica de classificacdo da paisagemta paMDE que divide a
topografia em classes de acordo com a posicdo. testdca é chamada
Geomorphons e assim como os atributos derivadagrdeno ela também se
baseia no MDE, porem utiliza uma estrutura maigpkimde dados com baixo
esfor¢co computacional.

Dessa forma, o estudo do MDS tem crescido e temorsado muito
importante para o planejamento de atividades de dasderra com maior

precisdo, menor esforco amostral e maior rapidenoc@ avaliacdo da
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fertilidade do solo, capacidade de armazenamentagde, planejamento das
atividades de agricultura, riscos de erosao e roaiw recursos naturais.

Considerando a necessidade de mapas cada vez reaisop e a
dificuldade de amostragem do solo para o planejtordas praticas de manejo
do solo em bacias hidrograficas este estudo foerdedvido baseado nas
seguintes hipéteses: maior resolucdo espacial d& M&b é sempre a melhor
opcao para ser usado no MDS e a paisagem estainéne relacionada com a
ocorréncia dos solos e seus atributos em &reasle® rdeclivoso. Com base
nestas hipéteses foram definidos os seguintes ividgetavaliar diferentes
resolucdes do MDE para predizer atributos do sekndo técnicas de MDS,
avaliar o uso da classificacdo do relevo com basgeomorphons combinado
com técnicas de MDS para predizer atributos do sglor Ultimo aplicar essas
técnicas de MDS na predicao da vulnerabilidadesaoanento superficial para
a sub-bacia hidrografica das Posses, Extrema, MG.
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2 REFERENCIAL TEORICO

2.1 Mapeamento digital de atributos e classes dolgo

O mapeamento digital de solo (MDS) tem sido bastastudado nos
ultimos anos por permitir que os solos e seusutribsejam mapeados de forma
continua por meio de modelos raster. O MDS levaensideracéo a existéncia
de variagdo dentro da classe de solo em oposic&mpeamento tradicional de
solo que considera que os solos variam apenasandasbentre uma classe e
outra. As técnicas de MDS se baseiam na relacde entos e os fatores e
processos de formacdo do solo (clima, organisnkeyoematerial de origem e
tempo) de acordo com Jenny (1941), que entram queecées do MDS como
covariaveis (MENDONCA-SANTOS et al., 2010). McBreyn Mendonca-
Santos e Minasny (2003) apresentam varios métaawséin sido utilizados na
tentativa de captar a variabilidade dos solos s atibutos com maior preciséo,
incluindo modelos lineares, classificacédo e arvalesegressao, légicas fuzzy,
redes neurais e geoestatistica.

Entre os modelos que séo bastante estudados eemedestaque temos
a geoestatistica que permite mapear os atributa®ldobaseado na correlagdo
entre dois pontos dependentes espacialmente. Astgdistica é aplicada nos
modelos de krigagem para mapear a variabilidadecedpdo atributo de
interesse. Existem mais de um tipo de krigagem,amagis comum e simples é
a krigagem ordinaria que utiliza somente os valanedidos da varidvel como
dados de entrada, sendo mais bem aplicada quartdmagma extensa base de
dados. Para solucionar o problema do tamanho dategem na krigagem
ordinaria tem se hibridos de krigagem que assoc@maridveis com a variavel

de interesse para krigar determinada variavel quaadem uma base de dados
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escassa. Um hibrido que tem mostrado bons ressl#édo krigagem aliado a
regressdao multipla (regressionkriging), que intkxpos dados baseada na
observacdo e também na regressdo entre a variaweVagiaveis (HENGL;
HEUVELINK; STEIN, 2004; ODEH; McBRATNEY; CHITTLEBORUGH,
1995). Muitos estudos tém demonstrado que a krnigagem regressdo tem
apresentando melhor desempenho que a krigagemadedia cokrigagem e a
regressdo mdltipla (HERBST; DIEKKRU; VEREECKEN, B)00ODEH;
McBRATNEY; CHITTLEBOROUGH, 1995; SUMFLETH; DUTTMANN
2008; ZHU; LIN, 2010).

Outra abordagem que tem sido utilizada para map#anue solos e
predicdo de seus atributos e que tem apresentasio desempenho sdo as
l6gicas fuzzy (MENEZES, 2011; ZHU; BAND, 1994; ZH#f al., 1997, 2001;
ZHU; LIN, 2010). Esta técnica tem a vantagem dkzati uma amostragem de
solos pequena incorporando a relacdo solo-paisagem conhecimento de
especialistas na modelagem ao invés de usar simgfs técnicas estatisticas.
Este método baseia-se na premissa que o conhecid@aspecialista em solo e
o entendimento das relacdes solo-paisagem atuam gommodelo mental que
pode predizer classes e propriedades do solo (ABRAREOWENS, 2013).

2.1.1Covariaveis

As covariaveis utilizadas no MDS sao aquelas refexdas aos fatores
de formacédo do solo (clima, organismos, relevoenatde origem e tempo).
Para areas pequenas como sub-bacias hidrografieagresentem mesmas
caracteristicas de clima, vegetacdo, material dermore expostas ao mesmo
tempo ao intemperismo somente o relevo ira valdversos estudos tém

mostrado bons resultados nas predi¢es das cksdgbutos do solo usando o
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relevo no MDS. O relevo é representado no MDS peiondos atributos
topograficos que sdo definidos a partir de um nodbbital de elevacdo
(MDE). Portanto, para o sucesso das predi¢cdes ésséio que o MDE seja
capaz de representar o relevo o mais préoximo pelssdvrealidade.

A qualidade do MDE depende do conjunto de dadossdsude nivel
originadas de mapas topograficos, pontos de eleyaizidos de imagens de
satélite ou aerofotografia ou radar) para obteratares de elevag¢éo, do método
de estruturar estes dados (grids regulares, reedhgtiar irregular e contornos) e
a resolucdo espacial (tamanho do pixel ou rast®@ENZLE, 2004; MOORE;
GRAYSON; LADSON, 1991; THOMPSON; BELL; BUTLER, 2001
WILSON; GALLANT, 2000).

Normalmente, grids pequenos sdo preferiveis, mas sempre é a
melhor escolha no MDS. O efeito da resolucdo pofdtara os atributos
topograficos, os quais serdo usados como covasiawei MDS (KIENZLE,
2004; THOMPSON; BELL; BUTLER, 2001). Para altasotagdes (pequeno
tamanho do raster) os atributos do terreno aprsenm excesso de detalhes
gue pode invalidar a acuracia da predicdo, porodaio, pequena resolucéao
(grande tamanho do raster) os atributos do terpaem apresentar apenas
informac®es generalizadas perdendo sua capacidedigiya (CAVAZZI et al.,
2013). A resolugcdo também ir4 variar de acordo eomorfologia da regido.
Geralmente, paisagens planas e suaves nao netesitaMDE com alta
resolucdo, podendo resolu¢cdes muito finas intradarzefatos locais e/ou alta
capacidade computacional para gerar os atributésrceno (HENGL, 2006).

Apés definicdo do MDE adequado para cada regidomomento de
definir os atributos do terreno que seréo as caveis no MDS. Os atributos do
terreno tém mostrado bom desempenho quando apdicadoo covariaveis na
predi¢do de atributos do solo (BOER; DEL BARRIO;IBDEFABRES, 1996;
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MOORE et al, 1993; MOTAGHIAN; MOHAMMADI, 2011; ODH;
McBRATNEY; CHITTLEBOROUGH, 1995; WINZELER et al., 0B8).
Existem diversos atributos do terreno que podemusados no MDS e a
definicdo de quais a serem usados como covariéles®s ser de acordo com a
caracteristica de cada regido.

Os atributos do terreno podem ser agrupados em dai@giorias:
primarios e secundarios. Os primarios séo calcslatieetamente do MDE e
incluem variaveis como; elevacéo, declividade, plarperfil de curvatura, area
de contribuicéo entre outros. Os secundérios eamoltombinacdes de atributos
primarios e podem ser usados para caracterizarriabii@ade espacial de
determinado processo que ocorre na paisagem e @mpéx de atributo
secundario é o indice topografico de umidade (MOGREI., 1993). Estes
atributos derivados de geometria diferencial saderdeénados aplicando
diferenca finitas nos noés interiores do grid mowerdk 3 em 3umidade
(MOORE et al., 1993). Por ser dependente do griianesanho do grid ira
influenciar a acuracia destes atributos, além dis s&ra necessario um grande
esfor¢co computacional para calcular os valoresaga a6 para todos os grids.

Como complemento aos atributos topogréficos deovatb MDE por
geometria diferencial, Jasiewicz e Stepinski (20d8%envolveram um novo
método chamado geomorphons que é capaz de deffaisises da paisagem
como, por exemplo: topo, ombro, varzea, encostarededo, entre outros. Os
geomorphons séo determinados a partir do MDE, par@mutiliza geometria
diferencial. O método de calculo é baseado no temommento de padrdes
usando o conceito de padrbes locais ternarios|(lecaary patterns - LTP)
(LIAO, 2010) para definir as classes de relevo ¢@ixo custo computacional.
Uma vantagem deste método é que ao invés de usamamamho fixo de

vizinhos para coletar os valores de elevacdo paterdinar o LTP,
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geomorphons usa vizinhos com tamanho e formato sguauto adaptam a
topografia local utilizando o principio da linha dsada (LEE, 1991; NAGY,
1994; YOKOYAMA; SHIRASAWA,; PIKE, 2002). Além do msj por nao
requerer muito esforco computacional este método &evantagem de ser

facilmente aplicado a MDE com altas resolucdes.

2.2 Vulnerabilidade ao escoamento superficial

A identificacdo de zonas Umidas, em uma bacia fidfica, permite
conhecer regifes mais ou menos propicias ao esntameperficial, assim
como &reas de maior ou menor potencial de recaggagda. O escoamento
superficial inicia com a saturacdo do solo, o gu@b permite que a agua
continue infiltrando e assim, o excedente escoaesabsuperficie do solo
causando desagregacao e transporte de particulaslute de escoamento
determina o poder erosivo e depende da quantidadehava precipitada, da
capacidade de infiltracdo do solo e da capacidadetencdo do fluxo de 4gua
na superficie do solo (DUNE; LEOPOLD, 1978). A aa@gade de infiltracédo de
agua no solo é vista como processo integrador afasteristicas intrinsecas do
mesmo, modificadas pelo sistema de uso e de manejo.

O escoamento superficial pode ser obtido utilizaindéces de umidade
gue descrevem matematicamente a distribuicdo edpdesse processo na
paisagem. Existem indices de umidade como o irtdjpegrafico de umidade
criado por Beven e Kirkby (1979) que descrevem drgade umidade do solo
na bacia hidrografica baseado unicamente na toffmgsem considerar as
caracteristicas do solo. Esses indices sdo Uteisdquse pretende identificar
topograficamente o caminho percorrido pela agusuparficie do solo, mas nao

podem ser usados para avaliar a capacidade deagdid de 4gua no solo e
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escoamento superficial. Neste sentido, existemosuindices que utilizam
informacfes dos solos e que permitem determinadea@gnmais propicio ao
escoamento superficial. Este é o caso do indicenddade desenvolvido por
O’Loughlin (1986), o qual se baseia em informaciigmgraficas como a area
de contribuicdo a montante e a declividade doreraém de informacgbes a
respeito da percolacédo de agua no perfil do sdagmissividade do solo) para
determinar o padrdo de saturacdo do solo dentrantie bacia hidrografica
permitindo prever as areas mais vulneraveis aoaeseoto superficial. Este
indice considera que o fluxo infiltra até um plalemais baixa condutividade,
em geral o contato solo-rocha, seguindo entdo uminte determinado pela
topografia (OLIVEIRA, 2011). Dessa forma, a topdigraassim como 0s
atributos do solo, desempenha importante papel odelmgem do indice de
umidade para a bacia hidrogréafica necessitandardehase de dados acurada
capaz de descrever o padrao espacial dos dadosrddaeno modelo.
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3 CONSIDERACOES GERAIS

Altas resolu¢bes de modelos digitais de elevacd@EMnem sempre
sd0 necessdrias para uso no mapeamento digitlsdes e atributos do solo. A
resolucdo deve ser suficiente para captar a vhdiatie espacial desejada sem
interferir na predi¢édo da variavel de interesse.

Incorporar a posi¢do na paisagem, para captatiabitettade das classes
e atributos do solo em sub-bacias hidrograficastéasicas de MDS que
utilizam o conhecimento de um profissional de satethora as predicoes.

O MDS permitiu determinar a variabilidade dos afiiils do solo
auxiliando no planejamento de uso do solo em sgtabaomo no célculo da

vulnerabilidade do escoamento superficial e erbsdiaca.
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sujeita a modificacoes)

EVALUATION OF RESOLUTION OF DIGITAL ELEVATION
MODEL TO USE ON DIGITAL SOIL MAPPING AT
WATERSHED WITH STEEP SLOPES*

SUMMARY

Relief, or topography, has been the most successkrvironmental
variable used in Digital Soil Mapping (DSM) for the prediction of soil
properties. This is because the development and téfentiation of soil
and its properties are controlled by water movement and
redistribution through and over the landscape. Morever, relief has
the advantage of being easily represented by topagphic attributes,
derived from digital elevation models (DEM). Normaly, finer grid
resolutions of DEM are desired, but not always ishie best choice in
DSM. Simple and smooth landscape might not need aé resolution
DEM and moreover very fine resolution might introduce local
artifacts or slow down computation of terrain parameters. The
objective of this study was to assess the ability different resolutions
of DEMs developed from contour lines to predict sbiproperties using
DSM techniques in steeply sloping watershed. DEMsith resolutions
of 5m, 10 m, 15 m, 25 m, and 50 m were created fnocontour lines
and evaluated through direct comparison of the orignal data base

part of the Ph.D thesis of the first author, suteditonSoil Science Department at Federal
University of Lavras - UFLA. Research supported ®MPq, Brazilian National Council for
Scientific and Technological Development - Brazil.
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(contour lines) with the DEM predictions, and indirectly through
DEM derived terrain attributes (plan and profile curvature, slope,
and wetness index) and the ability of using theseedvatives, in
combination with DSM, to predict soil properties. Al resolutions
presented similar results when they were compared ith the original

elevations data and when terrain attributes were daved, except for
50m and wetness index. However, when soil properse were
predicted the finest and coarser resolution showedhe worse
performance and 10m had the best precision revealinto be the most
stable and appropriate resolution to use on DSM fothis watershed.

Index terms: Contour lines. Topographic attributes.Soil property.

RESUMO: AVALIACAO DA RESLUCAO DO MODELO DIGITAL DE
ELEVACAO PARA SER USADO NO MAPEAMENTO DIGITAL DE
SOLO EM SUB-BACIA DECLIVOSA.

Relevo ou topografia tem sido a variavel ambiemalis usada no
mapeamento digital de solo (MDS) para a predicaauldutos do solo.
Isto ocorre porque o desenvolvimento e diferen@agés solos e seus
atributos sdo controlados pelo movimento e redisigédo da agua por
meio e sobre a paisagem. Além do mais, o relevaateantagem de ser
facilmente representado por atributos topografidesivados de modelos
digitais de elevacdo (MDE). Normalmente, altas hegties de MDE séo
preferiveis, mas nem sempre € a melhor escolha B&.Msuaves e
simples paisagens podem n&do necessitar de altadugées e também
podem introduzir artefatos locais ou demorar corapignalmente para
derivar os atributos topogréficos. O objetivo costecestudo foi avaliar a
habilidade de diferentes resolu¢cdes de MDE, deseidas a partir de

curvas de nivel, predizer propriedades do solo deaécnicas de MDS
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em sub-bacia hidrografica de relevo declivoso. M@Bm resolugbes de
5m, 10 m, 15 m, 25 m e 50 m foram criados a péd#icurvas de nivel e
avaliados diretamente pela comparacdo da base deosleoriginal

(curvas de nivel) com os MDEs gerados, e indiretdenpor meio dos
atributos topograficos (plano e perfil de curvatydeclividade e indice
topogréafico de umidade) e da habilidade destesbatds combinados
com MDS de predizer atributos do solo. Todas asoluedes

apresentaram resultados parecidos quando comparadogurvas de
nivel originais e quando os atributos topografifoeam gerados, exceto
para a resolucdo de 50m e para o indice topografio umidade.
Entretanto, quando os atributos do solo foram pies)ia menor e a
maior resolucao testada mostraram o pior desempenhaesolucdo de
10 m teve a melhor precisdo revelando ser a mdé&veke apropriada

resolugéo para ser usada no MDS nesta sub-bacia.

Termos de indexacg&o: Curvas de nivel. Atributosgo@ficos. Atributos

do solo.

Introduction

Analysis and prediction of the spatial distributiaand dynamics of
soil properties are important elements in sustdndnd management
(Florinsky et al., 2002). However, sampling soibperties across the
landscape is difficult, time consuming, and expeaskFor these reasons,
soils are generally mapped as classes and thgiepres determined with

limited sampling of each soil class. The use oflitranal soil class
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polygon maps to define soil properties is insuéitiin that soil polygons
fail to express the spatial variation of soil prd@s within the polygon
class, instead expressing soil properties as diseaus class averages
(Moore et al., 1993; Zhu et al., 1997, 2001).

Advances in geographic information systems (GISrahe past 30
years has spurred the advent of new digital soippimy (DSM)
techniques taking advantage of raster, or griddiedasets instead of
traditional polygons. Raster is a matrix of cetds pixels) organized into
rows and columns (or a grid) where each cell costaa value
representing information (ESRI, 2009). These raséesed techniques on
DSM are based on the relationships between soilstla@ factors and
processes of soil formation (clime, organismsgefgparent material, and
time - CLORPT) according Jenny (1941), that entethie equations as
predictor variables (Mendoncga-Santos et al., 20M&ny soil scientists
have studied DSM techniques to improve the pradictpatial variability
of soils properties for a variety of regions in twerld according there
unigue environmental characteristics. McBratnewlef(2003) discussed
various methods that have been used to identiffiogiships between soil
properties and environmental variables includingnedr models,
classification and regression trees, fuzzy memlj@rshodels, neural
networks, and geostatistics. However, the qualitysail information
produced using DSM depends on the accuracy of ieputronmental
variables and development of the model itself. &ehas been the
environmental variable most used in DSM. The remgpms that the

development of soils occurs in response to the thaywater moves
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through and over the landscape (Moore et al., 1998jeover, relief has
the advantage of being represented by topographibides such as
slope, specific catchment area, aspect, plan aofilgrcurvature etc.,
which are derived easily from digital elevation retsd(DEM).

DEMs are widely available and the success and acgupof the
prediction of soil properties are highly dependentfinding the most
suitable DEM from which surface parameters arevedr(Cavazzi et al.,
2013). Quality of the DEM depends on the data sentour lines from
topographic maps, elevation points, photogrammeinalysis from aerial
photography/satellite data, or radar) used to obeéevation values, the
methods to structure these data set (regular gmidsgulated irregular
networks, and contours), and the spatial resolu{gnd size) or the
resulting DEM ( Moore et al., 1991; Wilson & Galta2000; Thompson
et al.,, 2001; Kienzle, 2004). Most of the currendyailable digital
elevation data sets are the product of photogranorddta structured in
regular grids (Moore et al., 1991). Oliveira et @012) found the best
results for regular grids, instead of triangulaitedgular networks (TIN),
developed from contour lines. Other studies hayoeyped regular grids
as better predictors than TINs (Baena et al., 2002eiros et al., 2009;
Chagas & Filho, 2010).

However, even when the data set and method to centipet DEM are
excellent, the issue of defining the best grid Iggan arises. Normally,
finer grid resolutions, smaller cell sizes, of DEMe desired, but not
always is the best choice in DSM (Cavazzi et 811,3). The reasoning to

choose finer resolutions is based on the idea efcibarser grids will
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decrease the detail of information and vice vekawever, resolution
affects the derivation of terrain attributes usedi¢fine relationship and
build models in DSM (Thompson et al., 2001; KienZ2804). At finer
resolutions (smaller grid size), terrain attributeay hold an excess of
detail that invalidate the accuracy of the predittiwhile on the other
hand, at coarser resolutions (larger grid sizepterattributes show only
generalized properties of the land surface, loseg predictive capacity
(Cavazzi et al., 2013). Also, the morphology of #rtea may exaggerate
the effects of resolution. Generally, smooth ars$ leariable landscapes
may not benefit from the use of fine resolution D&dhd, if the fine grid
resolution is too fine, its’ use could introducedbartifacts or excessively
slow down computation of terrain parameters (HeBgD6). Cavazzi et
al. (2013) found best predictive performance aly\fere resolutions as
well as very coarse resolutions. The main diffeesnappointed by these
authors relate to the morphology of the study areaflat homogenous
areas, coarse scales had the best performances fildl scales were
better for steep areas.

Considering the high variability of soil propertigswatersheds with
steep slopes and the necessity of accurate so# foaplanning and land
use management, the accuracy and resolution of DBEdtsy used for
digital mapping purposes becomes very importantsuAsng the
hypothesis that the smallest resolution is not géMie best option for
digital soil mapping, the objective of this studysvto assess different
resolutions of digital elevation model (DEM) to gie soil properties

using DSM techniques in a watershed with steepeslop
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Material and methods

Study area

The study was conducted at Posses watershed (48°4dd 22°51'S),
located in the city of Extrema, southern of Minasx&is, Brazil, covering
an area of approximately 12 kr(Figure 1). The climate of this region,
according to the Koéppen climate classification, Gsvb (temperate
highland tropical climate with dry winters) with erage temperatures
ranging from 13°C to 26°C and an average annudaligatation of 1,477
mm. This watershed is located on the southern dntieoMantiqueira
Mountains Range and has an elevation ranging fr86mOto 1,460m.

The topography at Posses watershed is charactdryzsigep slopes.

N
Sio Paulo A

b Legend

Atlantic Forest (Tropical Rain Forest) A Elevation points

Datum SAD 69 - Zone 235

Figure 1. Study area location, contour lines, elevation i@ind soil

sample distribution.
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The dominant soils classes classified accordingBtazilian Soil
Classification System (EMBRAPA, 2006) are Red-YwlloArgisol
(PVA), Humic Cambisol (CH), Haplic Cambisol (CX),thic Neosol
(RL), and Fluvic Neosol (RY) developed from gneisanite.

Digital elevation models

The data base used to develop and to evaluateidital celevation
models (DEM) were elevation points (control points)d digitized
contour lines both from topographic maps with 1080, scale and 20m
contour intervals (IBGE, 1973). The contour linesrevused to create the
DEM and elevation points were used to verify statidly the accuracy of
DEMSs. Five square grid DEMs, with resolutions o510 m, 15 m, 25
m, and 50 m, were generated using Topo To Rastemamd in ArcGIS
9.3 (ESRI, 2009) which incorporates the version.3.@f ANUDEM
(Australian National University Digital Elevation ddel) developed by
Hutchinson (1989). ANUDEM has been designed to pcedaccurate
DEMs with realistic drainage properties (Kienzl€02). It calculates
ridge and streamlines from contour lines and incrafes a drainage
enforcement algorithm that automatically removeasksiin the fitted
elevation surface (Hutchinson 1989). Sinks are Ipifer which the
neighbors are all higher, so that flow is not pggiad downslope and
their presence will cause discontinuities in tharctel network (Wise,
2000).

All DEMs were developed for the entire City of Etna and clipped
to the Posses watershed.
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Assessment of DEM resolutions

Accuracy assessment of the various DEM resoluteens done in five
steps, divided into direct and indirect assessméditect assessment of
DEMs involved the direct comparison of the genetrddE=Ms with the
original data base (contour lines used to genéngt®EMs and elevation
points). Indirect assessment explored the terréinbates derived from
the DEMs and the application of these derivatives ptedict soll
properties using digital soil mapping techniques.

Direct

1) Presence of sinks: The presence of sinks wagiederat all
resolutions studied and a sink removal algorithns wiaed for further
analysis. Then, all DEMs were filled using the Flptocedure in ArcGIS
9.3 (ESRI, 2009).

2) Accuracy of DEM: DEM precision was evaluated fopt mean
square error (RMSE) using elevation points (conpaihts). Due to the
small number of points that fell inside the Possatershed (Figure 1) the
RMSE was calculated for all City of Extrema usinge tfollowing

equation:

RMSE=

Where: z* is the predicted value, z is the valiolatpoint value, and n

is the number of validation points.
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3) Derived elevation contours: Contour lines fromacle DEM
resolution were derived with the same distance éetwcontours that the
original contours. Then, for each resolution, contdines were derived
from each DEM resolution using ArcGIS 9.3 (ESRIQ2Pand compared
one by one with the original contours in a subavigh 2 x 2 km to verify
if these contours coincide and if there are extstasf interpolation errors
according Wilson & Gallant (2000).

Indirect

1) Terrain attributes: the terrain attributes (TAln and profile
curvature, slope, and wetness index were derivech feach DEM and
were chosen according knowledge of the TAs abildypredict soll
distribution on the landscape. To evaluate tera#tinbutes according grid
size, cumulative frequencies for each terrainkaite were calculated.

2) Soil property prediction: Considering that tewrattributes vary
with changes in rater DEM grid size and those aliens will affect the
correlation between soil properties and DEM denrest, predictions of
sand, silt, and clay were developed for each DEdIteion.

The soil data sand, silt, and clay were randomipmmgad on soil
surface (0-20 cm) in the whole watershed totali6t) 4amples (Figure 1).
The samples were split in two sets: interpolatiom{s with 132 samples
used for model development and 29 for validation.

The DSM technique used to define the covariatestarmutedict soil
properties was stepwise multiple linear regresaiuth the performance of

the models was statistically estimated by RMSE.
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Results and discussion

Before start the assessment of DEM resolution,nilmaber of sinks
and the number of pixels on sinks was verifieddach resolution tested
(Figure 2). Even though the method used to créetéEM for this study
was based on ANUDEM model that has an algorithnnetaove sinks
(Hutchinson, 1989), the results showed that theyewsot removed
completely during the process of creation of DEMI &l resolutions
analyzed presented sinks on stream line. The lestution in terms of
both less number of sinks and less number of pigalsinks is 10 m
followed by 50m. More sinks were produced by regohs of 5 m, 15 m,
and 25 m which had the same quantities of sinkoAsm, 15 m, and 25
m were the resolutions with more number of pixelssmks. In this case,
the number of pixels increased when the pixel deereased. According
Wise (2000), one reason possible to explain thegmee of sinks when
ANUDEM is applied is the nature of the terrain, andparticular the
combination of steep slopes and flat valley whiehadss to the formation
of depressions, especially in the boundaries betwedleys and slopes.
This situation is verified in Posses watershed (@em relief with steep
slopes and valleys where river runs downslope)taedesolution of 10
m showed to be better to develop the DEM in thggar producing less
error than the other resolutions.

This procedure to verify sinks was the first steptlois study. For the
further steps the DEMs had sinks filled.
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Figure 2. Amount of sinks and pixels on sinks for each reoh tested
on Posses watershed.

The statistics for all DEM resolutions are showed Table 1. In
general, the grid sizes studied had statisticsegatliose, but with slight
differences. Resolutions of 5 m and 50 m createdD&th smaller
elevations represented by both lower minimum andimam values. 5
m, 10 m, and 15 m had the same and the smallasts/af mean and SD,
while 25 m and 50 m had higher values for theseesparameters. All
resolutions presented equal CV and, except 50 meg SAMSE. Minor
statistics differences among the resolutions testditate that for this
scale source (1:50,000) and data base (contows) llmes, apparently, no
difference among the pixel size studied to crelaéeDEM. These results
agree with the pixel size recommended by Wilson &ll&nt (2000) for
DEM from fine scales data sources (1:5,000 to D@D), to be applied in
spatial analysis of soil properties.



38

Table 1 Statistics of digital elevation model (DEM) cret using
different resolutions.

Resolution RMSE Minimum Maximum Range Mean SD CV

5m 15 863 1,690 828 1,09259 15
10 m 15 865 1,694 829 1,09259 15
15 m 15 866 1,694 828 1,09259 15
25m 15 865 1,694 829 1,09360 15
50 m 16 862 1,692 830 1,09460 15

RMSE: root mean square error calculated betweemmatstd and
observed values of elevation; SD: standard deviaf®)/: coefficient of

variation; Range: maximum — minimum.

A subarea with 2 x 2 km of each DEM was examineadlranealed that
the larger pixel size had less concordance betweginal and derived
contours (Figure 3). The derived contours for thelpsize of 5 m agreed
so well with the original contours that we cannwtidguish one of each
other. Although the correspondence between derimed original
contours increases with the pixel size they atew&ry small for size of
10, 15, and 25 m. On the other hand, the pixel sfz8B0 m had worst
agreement and besides to generalize the contoursteated peaks
(artifacts) that do not exist on reality. Poorlyatity of DEM besides
affect directly the elevation values also will causrrors on terrain

attributes. The generalization of the shape of &M with coarser
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resolutions (bigger pixel size) produces lower slgpadients on steeper
slopes and steeper slopes gradients on flatteesl¢phompson et al.,
2001). These errors on terrain derivatives aredestred on soil mapping

because they will cause erroneous predictions.

l:l Subarea for analysis |: Posses watershed - Derived contours Original contours

Figure 3.Original contours and derived contours for eacloltg®n in

the subarea (2 x 2 km) for analysis at Extrema,dgli@erais, Brazil.

The cumulative frequencies distributions for slopegtness index
(WI), plan (PLAN) and profile (PROF) curvatures ateowed on Figure
4. All terrain attributes showed small differendes resolutions of 5 m,
10 m, and 15 m, which were more pronounced foreslapd WI and
almost imperceptible for PLAN and PROF. The biggealerations
happened from resolution of 15 m towards 50 m.
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WI was the terrain attribute more affected by resoh. Decreasing
the resolution, the WI values increased and hudes skppeared on pixel
size of 25 m and 50 m. The results indicate thaide resolutions Wi
will be overestimated because larger grid sized tersmooth landscapes
increasing the drainage paths and decreasing tlakspdn Posses
watershed due its steep landscape is more commdnp&aks than flat
areas and for this reason WI values should be smdlienzle (2004);
Zhang & Montgomery (1994) reported high influendegod size on WI
that increased when pixel size increased. WI isrgortant covariate on
soil science because it reflects the way of wateves over the surface
influenced by landscape affecting the soil propsrdistribution.

In general, the pattern for slope was larger gmdl size derived
smaller slope values and this tendency was moeetafi by 25 m and 50
m of grid size. As seen for WI this trend refletite effect of large grid
sizes on smooth the relief. Slope of a grid cglfesents an average slope
for the area covered by the pixel increasing DER ghould result in
decreasing ability to resolve the slope topograghgracteristics of
steeper and more dissected topography (Zhang & gbomery, 1994).

PLAN and PROF were the terrain derivatives thatat®d smaller
influence of resolution. Both attributes showedtslidifferences among
the resolutions tested and in general they becanadles with grid cell
sizes above 25 m. According Kienzle (2004) the ichpaof
underestimating plan or profile curvatures is taenestimate dispersion

and convergence areas. The divergence and conweergkow are
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strongly related with the landscape shape, whicti waffect the

distribution of soils and soil properties.
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Figure 4. Effect of DEM resolution on slope, wetness indeW)( plan

curvature (PLAN), and profile curvature (PROF).

For all resolutions studied, terrain attributes asldvation were
assessed by stepwise multiple linear regressionslefine the best
covariates to map sand, silt, and clay for Possssrehed. Sand and silt
had, among all resolutions tested, the same atstaelected by stepwise
and clay showed differences for resolutions of 1&nmd 25 m (Table 2).
On the other hand, Rhad not the same value among the tested

resolutions even when the attribute used was the sBoth, the highest
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and smallest resolution presented the wofsv&ues for sand, silt, and
clay. The best Rvalue for all soil properties studied was the hetson of
10 m. However, the Rvalues were low due the high variability of sadils
this watershed with complex slopes and only sandl @ay revealed
significant linear correlation between covariated aoil properties.
Mapping sand and clay for Posses watershed théutiespof 50 m
and 10 m demonstrated the worst and the best mecisspectively
(Table 2). Once again 5 m did not show good peréorce reinforcing
that the desired quality of DEM depends on its @ppibn and finest
resolution is not always the best choice in DSM chiagree with
Thompson et al. (2001) that suggests that higrsiugon DEM may not

be necessary for generating useful soil-landscagsets.
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Table 2. Summary of results of models developed by stepuirszar
multiple regression and precision (RMSE) of pradictfor sand, silt, and

clay using a training data set (n=132) for fivefel€nt resolutions of
DEM raster.

pri&grty Reséﬁ:;'t'on Attributes selected R teaiisic® ( dzgigl'zl)
5 WI, elevation 30 3.713 11.51
10 WI, elevation 33 4,139 10.83
Sand 15 WI, elevation 32 3.898 11.55
25 WI, elevation 33 4.107 11.17
50 WI, elevation 24 2.905 11.85
5 WI 5 0.627 -
10 WiI 6 0.728 -
Silt 15 WI 5 0.617 -
25 WI 6 0.759 -
50 WI 4 0.456 -
5 WI, elevation, slope 32  4.002 8.47
10 WI, elevation, slope 35  4.329 8.13
Clay 15 WI, elevation 33 4.042 8.25
25 WI, elevation 32 3.956 8.25

50 WI, elevation, slope 26  3.137 8.66

If tstatisic< toriticar ACCEpPt Ry toicar 1.977; H: There is no linear
relationship between soil property and environmentariables.
*Significant at the 0.05 level; WI: wetness index.

Conclusions

1. Different grid sizes of DEM were assessed and egpio verify
the effect of resolution on soil properties preidict The characteristics of
steep slopes on study area affected the DEM madtkhat desired sinks

were created by the DEM on stream line for all hetsans analyzed. In
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this case, the finest resolution was responsibigifeater number of sinks
and pixels on sinks and the coarser resolutioroniyt was better than 10
m of grid size. On the other hand, when sinks villesl, all resolutions
revealed, statistically and visually, the sameguaftexcept for 50 m. The
resolution of 50 m had both the worst precision aodtours derived
besides formation of artifacts.

2. The effect of grid cell size on terrain derivativegre further
investigated by cumulative frequencies and all ltégns demonstrated
slight shifts except for 50 m and WI. WI had a tencly different for the
others terrain attributes reveling that this atttébhis more sensible to
DEM resolution in steep landscapes. When terrainbates and DEM
were applied on digital soil mapping to predictl|spioperties they
revealed that the finest resolution does not imerakie prediction.
Otherwise, the small pixel size together with ceamgsolution showed
worse precision.

3. In general, among all resolutions tested the gizé ®f 10 m
revealed to be the most stable and appropriateséoon DSM for this
watershed. It was capable to delineate relief featand soil properties
with better precision. The knowledge about the @#feof resolution of
input variables on DSM is very important and provkdt the smallest

resolution should not be considered always the djeste.
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ARTIGO 2 Spatial distribution of soil classes and gil properties using

geomorphons and knowledge-based inference in a stee
watershed in Minas Gerais, Brazil

RESUMO

Em bacias hidrogréaficas, o conhecimento da disg@tmudas classes de
solos e atributos do solo é frequentemente requep@ra manejar solos
permitindo 0 seu uso sustentavel. Atributos do sskim como classes de solo
sdo espacialmente distribuidos na paisagem e noamimente distribuidos
seguindo um padrao. Especialmente na regido selstimlo de Minas Gerais,
onde 0s processos erosivos sdo muito ativos demidelevo declivoso; solos
podem ser distinguidos por sua posicdo na paisageanacteristicas do relevo.
O objetivo com este estudo foi avaliar um novo métpara definir classes de
relevo chamado geomorphons combinado com técnieanaheamento digital
de solo para determinar a distribuicdo espaciabtidsutos do solo na sub-bacia
das Posses, Minas Gerais. Diferentes modelos patizer atributos do solo
que incluem ou ndo geomorphons foram comparadoso ckrigagem e
inferéncia baseada no conhecimento. Sete entreatabetos do solo preditos
(78%) tiveram os melhores resultados para erro englosoluto (MAE) quando
geomorphons foram aplicados. Os resultados demastrgue a posicdo da
paisagem mostrou alta influéncia na distribuicdcs dadributos do solo

permitindo o uso dos geomorphons em associacdoncodelos baseados no
conhecimento.

Palavras-ChaveAtributos do terreno. Légicas fuzzy. Krigagem. d&gem com
regressao. Mapeamento digital de solo.
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ABSTRACT

In watersheds, the knowledge about the spatiaildigion of sail
classes and soil properties are frequently reqddstenanage soils allowing for
the most sustainable use. Soil properties as veeball classes are spatially
distributed on landscapes and most commonly didggi in a predictable
pattern. Especially on southern state of Minas SgBarazil, where the erosional
processes are very active due the relief is steeifs can be distinguished by
their landscape position and relief characterisfit® objective in this study was
to evaluate a new way to define landscape typdsccgeomorphons combined
with digital soil mapping techniques to determihe spatial distribution of soll
properties at Posses watershed, Minas Gerais,|Bpéfferent models to predict
soil properties that include or no include geomorghwere compared such as
kriging and knowledge-based inference. Seven of swil properties predicted
(78%) had the best results of mean absolute eM&E) when geomorphons
landforms were applied. The results demonstratad ttie landscape position
showed high influence on soil and properties distion allowing use of
geomorphons in association with knowledge-basecdetsod

Key words:Terrain attributes. Fuzzy logic. Krigir@egression kriging. Digital
soil mapping.
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1 INTRODUCTION

Spatial distribution of soil properties providesestial information that
can be useful for evaluating soil fertility, watstorage capacity, agricultural
planning, and natural resources management. Inrstegtds, the knowledge of
soil properties and the spatial distribution ofl smioperties are frequently
requested to manage soils allowing for the mostagwable use. In a study by
Kar, Kumar e Singh (2009) used the spatial vaiitgbibf hydro-physical
properties associated with morphometric parametersuggest sustainable
cropping systems which were more productive andative in rice areas for a
watershed in India. Wang et al. (2009) and Faral.2012) observed that land
use had a significant effect on the spatial valitgtmf organic carbon content in
different watersheds in the Loess Plateau, ChiaaeB on relationships between
carbon and environmental landscapes factors, Vasgqueal. (2010) identified
soil depth, land use, soil class, stream drainage, geology are the major
factors responsible for regional spatial patterhtotal carbon in a subtropical
catchment. The soil carbon information provideainfation to support current
efforts to avoid loss of carbon, to improve soittifdy, and maintain the
conservation of soil resources in Florida.

Soil properties as well as soil classes are spatidistributed on
landscapes and most commonly distributed in a ptadie pattern. Some
regions have high soil-landscape relationships evhilther areas these
relationships are less evident. In tropical regisnsh as Brazil, where the soil
forming factors are very active, relief plays arpartant role on time control of
exposure of soils on agents bioclimatic (RESENDEIgt2007). On the oldest
surface of relief (plateau), the soils are expdseateathering and leaching for a
longer periods of time and results in the highlyathered tropical soils
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(Oxisols). On the other hand, in youngest and st&tegurfaces, the soils will be
less developed because the erosional processesagrmoil on the slopes and
deposits soils in the toeslope and footslope mowti The subsurfaces
commonly contain cambic horizons and have lessldpreent due to the active
pedogenic processes. More specifically, on soutbtate of Minas Gerais, the
erosional processes are very active due the ridiegfteep and soils can be
distinguished by their landscape position (RESENBE al., 2007). The
following soils can be linked to specific landformi3 highly weathered tropical
soils (Oxisols) can been found on gentle and cantis slopes (summits), 2)
argillic horizons on shoulders and summits of inlag and discontinuous
landscapes, 3) weakly developed and shallow shitetisols and Entisols —
associated with rock outcrop) on very unstable stedp landscapes (shoulders,
backslope), and 4) depositional and alluvial saits deposition areas and
floodplains (footslope, valleys) (RESENDE et ab02).

The strong relationships between soils and landseap the key for
traditional polygon based soil mapping in seveiatg of the world, including
Brazil. However, the polygon based map consideaiapvariation of soils only
occur at the boundaries of delineated polygonss,thaoil properties have
uniform values within each soil polygon (ZHU et d1997, 2001). Even though
field experience shows us that abrupt changes itsf eger space exist, more
often this is gradual and continuous unlike polygpased mapping (ZHU et al.,
2001). Advances in geographic information systeGIS$) over the past 30 years
has allowed for the advent of newer techniquesgusaster instead of polygons.
This raster based technique, commonly called Di@t@l Mapping (DSM), is
based on the relationships among soils and therfaend processes of soll
formation (clime, organisms, relief, parent materiand time - CLORPT)

according to Jenny (1941) that are entered in ¢o@tons as predictor variables
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(MENDONCA-SANTOS et al., 2010). Many soil sciergistave studied DSM
techniques to improve the predictive spatial valitgibof soils properties for a
variety of regions according there unique environtae characteristics.
McBratney, Mendonca Santos and Minasny, (2003)udised various methods
that have been used to identify relationships betwsoil properties and
environmental variables including linear modelgssification and regression
trees, fuzzy membership models, neural networkd, gaostatistics. Zhu et al.
(1997, 2010) applied different approaches to mapsoperties using fuzzy
membership model from the environmental variablésing geostatistics and
fuzzy logic, Menezes (2011) discovered relationstiptween soil classes and
environmental variables while mapping soil properti and predicted
groundwater recharge potential in watersheds irziBrderonese Janior et al.
(2006) applied geostatistics to explain the spatgability of the mechanical
resistance to penetration and gravimetric moisiarea Ferralsol in Brazil.
Oliveira et al. (2012) applied the relationshipsween soil and environmental
variables in linear regression models to prediganic matter content at Salto
watershed in Extrema, Minas Gerais.

To describe the physiographical variability, larefse covariates (terrain
attributes) are derived from a digital elevationdmslo(DEM) which includes
terrain curvature, slope, topographic wetness inééx These attributes are a
function of differential geometry and they do nonsider the occurrence of soll
according landscape position, but only the relafigms among these derivatives
and soil class. In compliment of this methodologlesiewicz and Stepinski
(2013) developed a novel approach to landform ifleason called
geomorphons which is based on the principle ofepattecognition rather than
differential geometry. Geomorphons classify thedfarm using the concept of
local ternary patterns (LTP) (LIAO, 2010) derivifigm a base DEM the 10
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common landform types: peak, ridge, shoulder, spoitpw, footslope, valley,
pit, and flat with a small computational cost (JEBIICZ; STEPINSKI, 2013).
Geomorphons and landscape covariates are easilgraged from a DEM.
Terrain attributes have been used in several studiel have showed good
performance to predict soil properties (BOER; DEL ARRIO;
PUIGDEFABRES, 1996; MOORE et al, 1993; MOTAGHIAN;
MOHAMMADI, 2011; ODEH; McBRATNEY; CHITTLEBOROUGH, 995;
WINZELER et al., 2008).

The overarching hypothesis for this research is ldradform has very
strong influence on occurrence of soils and prageron steep landscapes at
Minas Gerais, Brazil. The objective in this studgsato evaluate the pattern
recognition application of geomorphons combinedhwiiSM techniques to
determine the spatial distribution of soil propestiat Posses watershed, Minas
Gerais, Brazil.
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2 MATERIAL AND METHODS

2.1 Study area

The study was conducted at Posses watershed (¥8°4dd 22°51'S),
which is located at the city of Extrema, southefriviinas Gerais, Brazil, and
covers an area of 12 km2 (Figure 1). The climathisregion, according to the
Kodppen climate classification, is Cwb (temperagghkand tropical climate with
dry winters) with average temperature ranging frda8fC to 26°C and an
average annual precipitation of 1,477 mm the wefiesod is from October to
March and the dry period from April to SeptembeneToriginal ecosystem in
this watershed was Atlantic Forest (Tropical Raire$t), which was has largely
been replaced by pastures (> 70% of area). Thieralad is located on
southern end of the Mantiqueira Mountains Rangé wiévation ranging from

968 m to 1,420 m, and characterized by steep relief
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Figure 1 Study area location, biome, and soil semmlistribution on the
elevation (m) map at 10m resolution

The dominant soils classes classified accordingBtazilian Soil
Classification System (EMPRESA BRASILEIRA DE PES@u4I
AGROPECUARIA - EMBRAPA, 2006) are Red-Yellow Argig®VA), Humic
Cambisol (CH), Haplic Cambisol (CX), Lithic Neog#tL), and Fluvic Neosol
(RY) developed from gneiss-granite.

2.2 Field sampling and laboratory analysis

The surface soil (0-20 cm) was randomly sampledtha whole
watershed for a total of 141 disturbed samplesl&idundisturbed samples (20

samples from soil survey and 141 randomly sampB@turbed samples were
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collected by dig the soil profile without presertke soil structure and

undisturbed samples were sampled using the Uhiamgler to preserve the soil
structure. A (GARMIN eTrex Vista) global positiogirsystem (GPS) was used
to get the coordinates of all the sample locatidsese samples were split in
two sets. The first was an interpolation set (1igudbed samples and 132
undisturbed samples) and the second was a validagb(29 disturbed samples
and 29 undisturbed samples) (Figure 1). The vididsset was approximately
20% of the total samples and was used to checidtwracy of the interpolation

data set predictability.

Analysis of the undisturbed samples included ssifitland clay content
using the Hydrometer Method (GEE; BAUDER, 1986)gamic matter (OM)
according to Walkley and Black (1934), and partidensity (PD) by the
Pycnometer Method (BLAKE; HARTGE, 1986). Methodg fanalyzing the
undisturbed samples were saturated hydraulic cdivityc (Ksat) using a
permeameter of constant load (LIMA et al., 199Qjkkdensity (BD) based on
soil samples of known volume (BLAKE; HARTGE, 198@)icroporosity
(MIC) which corresponds to the moisture retainedap tension of 0.006 MPa,
determined by a porous plate apparatus (DANIELSSONTHERLAND, 1986),
macroporosity (MAC) obtained from the differencevibmen total porosity (TP)
and MIC, and TP calculated from the values of BE &D using the equation
according to EMBRAPA (1997).

2.3 Prediction of spatial variability of soil propeties

To verify the performance of models that combinengerphons with
DSM technics, soil properties (sand, silt, clay, OBD, TP, MIC, MAC, and
Ksat) were predicted by models using geomorphodsnaadels that do not use
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geomorphons. Two types of models were chosen:sstafi models and
knowledge-based inference. The statistical model®wriging (MATHERON,
1971) which is a powerful interpolator based on sgatistics that allows
predicting complex spatial patterns by considesnd variables have a spatial
structure (regionalized variables). This methodsustistics to calculate the
unsampled areas by modeling the spatial dependbatgeen neighboring
observations as a function of their distance (TH@®@R; BELL; BUTLER,
2012). The knowledge-based inference used was LSaitl Inference Model
(SoLIM), based on fuzzy logic (ZHU; BAND, 1994; ZHé&t al., 1996, 1997,
2001; ZHU, 1997) which uses expert knowledge ofeeigmced soil scientist to
formalize the relationship between soil charactieds and environmental
variables.

2.3.1 Environmental variables

Due to the relatively small size of the study ards Jenny equation
factors: climate, organisms, and parent materiateweonsidered constants.
Considering the time is related with landscape @iah, which varies among
different regions, the factor relief was considetedbe the major driver of
pedogenesis and therefore was used as environmemiables. A base digital
elevation model (DEM) with 10m of resolution wasedsto develop the
landscape covariates (Chapter 1).

Two sets of environmental variables created froniVDiere used: The
terrain attributes (TA) that refer to the enviromts variables are developed by
differential geometry and include (a) Slope defirmdthe gradient or rate of
change of elevation; (b) SAGA wetness index (Wl)ichihis a wetness index
similar to the topographic wetness index (TWI) (BEEV; KIRKBY, 1979). This
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index is based on a modified catchment area calonlawhich does not
consider the flow as very thin film (BOHNER et &0Q02); (c) Plan curvature
(PLAN) which is defined as being transverse to stepe and measures the
convergence or divergence and hence the concentratiwater in a landscape
(MOORE et al., 1993); and (d) Aspect which is defiras the orientation of the
line of steepest descent and is usually measurddgrees clockwise from north
(WILSON; GALLANT, 2000) (Figure 2a).

The other environmental covariate describing tarreas Geomorphons
(GEOM). This classification identifies landformspgs based on concept of
local ternary patterns (LTP) (LIAO, 2010) which lats a line-sight
neighborhood (LEE, 1991; NAGY, 1994; YOKOYAMA; SHESAWA; PIKE,
2002) instead of a fixed-scale window to extradbrimation about the surface
(JASIEWICZ; STEPINSKI, 2013). Geomorphons were ki from a single
scan of the DEM using two parameters as input: lgoklistance (L) of 50 cells
(500m) and flatness threshold (t) of 1 degree (fig@b). Of the ten
geomporphons landforms available only six were geted for Posses
watershed (Figure 2b). The software used to develmp environmental
variables were SAGA GIS 2.0.8 (BOHNER et al., 2013YcGIS 9.3
(ENVIRONMENTAL SYSTEMS RESEARCH INSTITUTE - ESRI0R9), and
GRASS GIS 7.0 (NETELER; MITASOVA, 2008). The codar fprocessing
geomorphons can be found at University of Cincinf2413).
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Figure 2 Environmental variables: (a) slope (%)tnges index (WI), plan
curvature (PLAN), and aspect, and (b) Ilandform sype
(geomorphons), for the Posses watershed, MinassG8mazil.

2.3.2 Kriging

Kriging determines values for points with unknowralues and
correlating these points and their neighbors thnotige semivariogram by
obtaining weights of varying distances (MATHERON96B8, 1971). The
semivariogram is a curve representing the degreeonfinuity of a variable
using the following expression (MATHERON, 1963):
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oy 1 n 3 2
AN = Sy 2l 49~ (s 1]

Where y(h) is the estimated value of semivariance betweers i
points z(s) and z(s+h); z(s) and z(s+h) are vatfiesriable z at the positions s
and s+h, respectively; and n(h) is the number obpa points separated by the
same distance h.

After the calculation of the semivariogram, ordin&riging (standard
version of kriging) could be used to predict thd pooperties for the Posses
watershed using the following equation (MATHERONG3, 1971).

A

As)=2. A 4s)

Where 2(50) is the estimated value for a locatiog) (3ot sampled; z(s

is the variable sampled; andare the weights associated with the semivariance
of the sampling points. The weights sum to unitg isondition which indicates

unbiased estimation.

Commonly, exhaustive field sampling for soils iguied for ordinary
kriging (OK) because points sampled closer to oraleer will be more related.
However exhaustive field sampling is not always sifde due high cost of
sample analysis, people hours and time requirem8atmie hybrids of kriging
have been applied to minimize intense sample ngecls as regression kriging
(RK). The regression kriging combines multiple &neegression and ordinary
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kriging (BISHOP; McBRATNEY, 2001; HENGL; HEUVELINKROSSITER,
2007; ODEH; McBRATNEY; CHITTLEBOROUGH, 1994, 1993HU; LIN,
2010). Three steps to predict soil properties by R#s used: 1) stepwise
multiple linear regression model between the tavgeiable and environmental
variables was developed; 2) the residuals from ipialtlinear regression
between the target variable and environmental bkasawere interpolated using
ordinary kriging; 3) the regressed values and kfigesiduals were added
together at unknown value as the predicted val@3EH; McBRATNEY .;
CHITTLEBOROUGH, 1995).

All of the geostatistical analysis (stepwise mudifinear regression,
semivariograms, OK, and RK) was determined in theemironment (R
DEVELOPMENT CORE TEAM, 2010).

2.3.3 SoLIM

SoLIM is a predictive approach to soil mapping ths¢s a combination
of expert knowledge of the soil scientist and datalysis to input information
about soils and their related environmental vaesblThis application used
within a GIS environment results in fuzzy membeps{similarity) maps (ZHU
et al., 1997, 2001) based on fuzzy membershipifitzeton. Fuzzy membership
maps can be hardened which generates a soil clapsomthe highest fuzzy
membership values for a given point (ZHU, 1997)this study, the Rule-Based
Reasoning (RBR) inference was used to define tta¢ioaship between values
of an environmental variable and a given soil ci@sU; BURT; DU, 2010).
Three different options to create membership mapsewested on the Posses
watershed which considered the dominant soil ctatiss occur in the research
area (PVA, CX, CH, RL, and RY) according to thd sarvey:
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1) Terrain attributes (TA): Soil survey (Figure ZIyhformation,
knowledge of the soils occurrence, and terrainbaites (elevation, slope, WI,
PLAN, and aspect) (Figure 2a) to define the soilimmment relationships as
rules (RBR) was used for this option;

2) Geomorphons (GEOM): Rules were defined basedahsurvey
(Figure 1) information and the knowledge of thel $mndscape relationships,
where each soil class was associated with the damdtypes (Figure 2b).
However, for landform slope (Figure 2b), it was possible associate just one
soil class because more than one soil class (CH,R8/A, RL) occurs on this
landform type. In this case, the terrain attribuséspe, elevation, and PLAN
were used together with geomorphons to defineulesy

3) Geomorphons (GEOM) combined with terrain attigsu (TA)
(GEOM-TA): In this case, the rules were definedngssoil survey (Figure 1)
information, TA (Figure 2a), and GEOM (Figure 2bjsing the knowledge of
the soils occurrence on landscape and soil datanv#tion from soil survey,
geomorphons landform was associated with eacltkas. Then, slope, PLAN,
and elevation were used to define the soil-envireminrelationships as rules
(RBR).

Thus, after creating the membership maps, thepsoperties maps for
sand, clay, OM, BD, TP, MIC, MAC, and Ksat could developed according
the following linear and additive weighting funati¢ZHU et al., 1997):

1 n Kk
Z k=1 S']

D 1=%
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Where Vij is the property value at location (i,j)ijk is the fuzzy

membership value at (i,j) for soil class k, n is thtal number of soil classes® V

is the typical property value of soil on class k.

To define the typical property value of soil insdak for TA, GEOM,
and GEOM-TA three different tests were applied (Z&tll., 2010). (1) Highest
membership (HM) used the average property valuesrgbd at a field location
that corresponded to the highest fuzzy memberslipevior each soil class for
all field observations; (2) Regression membersRil) tested a multiple linear
regression between observed soil properties at fiat the fuzzy membership
values to predict the soil property value at a gikecation; (3) Typical (T) used
the average property values observed at fieldilmecdior each soil class.

2.4 Models assessment

The prediction was assessed by comparing the peeldi@lues with the
correspondent values from the validation set thnotige mean absolute error
(MAE) which should be closest to 0.

MA

E= Z?zd Az(sj )_ Z(Sj )|

N

Where n is the number of validation pointE;(sj) is the estimated

values at point j; and (sj) is the validation value at point j.
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3 RESULTS AND DISCUSSION

Considering the large number of potential environtalevariables, the
stepwise multiple linear regression was used tifyéne best multiple linear
regression model to use on regression kriging (Rible 1). Results showed
low linear correlation between soil properties a@dtain attributes represented
by the small Rvalues that ranged from 0.07 to 0.4. Also, for pheperties BD,
TP, and Ksat were not possible to develop the firregression equations
because no one of environmental variables showelation with these soil
properties. Even though some studies has showédRaormally outperform
OK even with small R values (BISHOP; McBRATNEY, 2001; MENEZES,
2011; MOTAGHIAN; MOHAMMADI, 2011) none of these s#ies has tested if
the linear correlation is significant. It might Wwibe relevant to consider the
possibility that an apparent trend in the datallissory and reflects only
sampling variability (SAMUELS; WITMER; SCHAFFNER,022). In this
study the Student’s t test was applied to make thatehas not linear correlation
between soil properties and environmental variablige small R values on
Posses watershed. So, Student’s t test provedhasand and clay have linear
relationship with environmental variables allowithg use of the RK to predict

these properties.
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Table 1  Stepwise multiple linear regression moddsveen soil properties
and environmental variables for Posses watershddadViGerais,

Brazil
Sand Silt Clay oM MIC MAC
Parameters
%
Intercept -40.62 36.29 81.81 5.24 40.67 13.36
Slope - - - - - -
Wi 3.27 -0.86 -1.94 -0.16 - -
Elevation 0.04 - -0.02 - - -
PLAN 1,112.37 - -959.1  -114.92 1,186.93 -1,230.80
R? 0.40 0.08 0.29 0.17 0.08 0.07
sample size 132 132 132 132 112 112
traple” 1.977 1.977 1.977 1.977 1.984 1.984
tstatistic 4.976 0.915  3.455 1.967 0.842 0.736

*Significant at the 0.05 level. Ifstisi< tane Accept H. Hq: There is no linear
relationship between soil properties and envirortalerariables. Organic matter (OM);
microporosity (MIC); macroporosity (MAC); wetnessdex (WI); plan curvature
(PLAN).

The semivariograms fitted for each soil propertyvesdl as for the
residuals of multiple linear regression are presgimin Figure 3. All, variables,
except Ksat presented some spatial dependencallbnated kriging of the soll
properties. Ksat presented pure nugget effect (ggmnce random) which
means the data are independent and they have tial siggendence. The spatial
dependence is a requirement in geostatistics bedhis method requires that
the relationship between the value at one pointaarydsample value depends on
the distance between the two positions (CLARK, 1979

Another important observation is that all experitaésemivariograms
presented nugget effect represented by the disuotytiat the origin of the
experimental semivariograms (MATHERON, 1963). Thifect reflects the
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spatial variability not captured by the field samgl It also suggests that the
field sampling was limited which reduces the apiltb capture all of the
variability that exists for those variables havmmgonsequential increase of the
variance with the reduction of samples (MATHERONT71).

Subsequently, it was not possible to capture théastructure for Ksat
resulting in pure nugget effect which probably cbbk resolved or improved
with a bigger sampling pool. Studies have showedKhkat is highly variable
making it difficult to study spatially by using g&atistics (MENEZES, 2011,
MOUSTAFA, 2000). The use of nonlinear transformasgioto get spatial
structure by modeling Ksat through geostatisticysis may be a viable option
(HERBST; DIEKKRUGER, B; VEREECKEN, 2006; MENEZES,0P1).
However, when data are transformed using nonlitreasformations the shape,
frequency, distribution, mean, and standard deviatif the data change after
transformations affecting the data (SAMUELS; WITMEBCHAFFNER,
2012). Thus, for this study, transformations weog utilized and the original
structure of data was maintained to avoid changesaa structure. It is not
make sense change the structure of the data iffamus is analyzing the
variability of the data.
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Figure 3 Experimental semivariograms (points) aghigariogram estimated

by the models (lines) of soil properties

3.1 Assessment of prediction models

Table 2 shows the mean absolute error (MAE) valoespredictive

models suggesting good performance of the geomaghonly silt and MIC
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did not provide statistically significant prediati® with geomorphons. SoLIM
proved to be more robust than kriging because # tha best predictor for all
soil properties, except silt. Kriging requires eganumber of samples to obtain
all the variability for any given data set and heeoless predictive when the
study area is a watershed with steep landscapereSalve this issue and
improve the results RK can be applied if lineaatienship exists between target
variable and environmental variables (BISHOP; McBRKY, 2001; ODEH;
McBRATNEY; CHITTLEBOROUGH, 1994, 1995). In this sty RK
improved the results of KO only for sand and OK \is@ster to predict clay.
According to Hengl, Heuvelink and Rossiter (200 Hew auxiliary information
is available RK outperforms OK because it expltiits extra information, but
this auxiliary information should explain part diet variation in the target
variable. However, this was not the case in thissfor clay, due the lower?R
values. Also, Zhu and Lin (2010) support the notilbat RK outperforms OK
when the relationship between soil property andirenmental variables are
strong (B> 0.6). Bishop and Mcbratney (2001) found greatecision of the
models when them had bigger correlation betweegetavariable and the
secondary variable. Soils in this watershed hagh Bpatial variability and low
linear relationship between topographic variablee do the high level of
erosion. To improve these models it requires adaith sampling data set for
kriging, however, the minimal data set for thisdstinad resulted in the a weaker
estimate when using KO and RK as compared to (&ahdM.

SoLIM was used to overcome the sample limitatioasalise it applies
expert knowledge of soil-landscape relationshipd iarloes not require linear
relationships (ZHU et al., 2001, 2010). Moreoves|.B1 had its performance
improved when geomorphons were applied as enviratahevariable for all

properties except for MIC and silt. These resuliggest that relationships
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between soils and landform do exist in this regibey are not linear, and they
can improve the models when landscape positionoissidered. They also
showed that the geomorphons worked better whenciassd with terrain
attributes for sand, clay, BD, MAC, and Ksat. Thes$es watershed has a steep
slope and high relief which is a result of eroslqgracess and geomorphons has
provided a good covariate for representing the koidscape relationships.
MENDONCA-SANTOS et al. (2010) found strong corriatbetween organic
carbon, soil type, and its position on this langscan Rio de Janeiro, Brazil
which coincides with the results of this study.

Comparing the different options tested to define typical property
value per soil class, the results showed that th@verage property values
observed at field location for each soil class neapperformed better. Seis of
nine (66%) of the soil properties had better penfomce when T was used. HM
also showed good results and had the best valugg\&fin 33% of the results.
On the other hand, RM did not predict soil progesrths accurately when used in
SoLim. The RM was limited to use only for sandt, silay, and OM because the
linear regression between membership maps and BDMIC, MAC, and Ksat
were not significant. Zhu et al. (2010) concludeattRM works well over areas
where soil environmental relationships are more glarated and HM can serve
as a viable option for soil property prediction oVarge areas. However our
results do not agree with these conclusions. Téeeiso use RM is because the
linear correlation is required and it was not plissfor the majority of the soil

properties studied.
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Table 2 Mean absolute error (MAE) for predictiondals

Model Sand Silt Clay OM BD TP  MIC MAC Ksat
KO 21 096 277 054 0.012 0.31 0.72 0.19 -
RK 1.85 - 3.05 - - - - - -
TAum 046 180 226 0.31 0.004 0.18.04 0.22 0.94
TARM 0.58 186 244 0.31 - - - - -
TAT 0.50 1.74 223 0.38 0.004 0.18 0.33 0.15 1.02

GEOMywm 0.23 203 1.79 029 0.002 0.05 0.18 0.23 1.16
GEOMgm 0.62 227 166 0.31 - - - - -
GEOM 1.36 288 1.52 0.23 0.003 0.02 0.53 051 1.74
GEOM-TA4jw 0.46 190 1.43 0.30 0.003 0.26 0.44 0.18 0.93
GEOM-TAgy 0.68 240 1.72 0.30 - - - - -
GEOM-TAr 0.05 198 2.03 0.34 0.001 0.18 0.15 0.03 1.17

KO: ordinary kriging; RK: regression kriging; TAHMterrain attribute as rule and
highest membership as typical property value; TARMrain attribute as the rule and a
regression membership as the typical property valéd: terrain attribute as the rule
and the average value as typical property valueQKHM: geomorphons as the rule
and highest membership as the typical propertyejdBEOMRM: geomorphons as the
rule and regression membership as the typical prppalue; GEOMT: geomorphons as
the rule and the average value as the typical ptyppealue; GEOM-TAHM:
geomorphons and terrain attribute as the rule aghebt membership as the typical
property value; GEOM-TARM: geomorphons and thedierattribute as the rule and a
regression membership as the typical property yaBEOM-TAT: geomorphons and
other terrain attribute as the rule and the averadee as the typical property value;
OM: organic matter; BD: bulk density; TP: total psity; MIC: microporosity; MAC:
macroporosity; Ksat: saturated hydraulic conduttivi

3.2 Prediction of soil properties and soil classes

The soil classes and soil property maps can beeddw Figure 4. The
hardened map (soil map) for this watershed wadeniassing membership maps
developed by GEOM-TA model due its better perforogafor five of nine
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(56%) soil properties studied. For soil properttes final maps chosen was one
with the best prediction among the models studie@ach property.

The soil map reflected the erosional and disseatiprocesses occurring
in this watershed with demonstrated shallow sdilat tpredominate on the
erosional segments in more than 60% of the arg. @bCX, 10% of CH, and
8% of RL. The rest of the area is occupied with ai&nimg of PVA (27%) and
RY (11%) formed by the sediments on valleys, fagsl and toeslope. This
region had its dissection process initiated (MOTT@RI; FRANZMEIER,
2002) on Medium Tertiary when Mantiqueira Mountarenge uplifted (KING,
1956). Then, the weathered and deepest soils fobafeile the uplifting during
more luvial climatic conditions due the dissectiprocess renewed soils as
PVA, CX, CH, and RL are resulting on the surfacthimithis steep landscape.

MAC (%)

' High ; 14

Low - 11

Figure 4 Soil map (hardened) and spatial distrdvutof soil properties for
Posses watershed

Note: (CH: Humic Cambisol (Inceptisols); CX: HaplCambisol (Inceptisols); PVA:
Red-Yellow Argisol (Ultisol); RL: Lithic Neosol (Bisol); RY: Fluvic Neosol
(Fluvent); OM: organic matter; BD: bulk density; Tiotal porosity; MIC:
microporosity; MAC: macroporosity; Ksat: saturategiraulic conductivity).
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4 CONCLUSIONS

Soil properties in this watershed presented lowedin correlation
between soils and environmental variables. Thep alsowed weak spatial
dependence between samples requesting greater nafpeints sampled for
kriging. However, the minimal data set for this dstuhad resulted in an
improvement of the accuracy of maps when SoLIM wesed demonstrating
superiority over kriging methods.

Soil properties as well as soils classes are diged according to
landscape position which has been the result obi@moprocesses which
modifies the landscape by parallel slope retreaé Aighest sand content, Ksat,
and BD is on RY. This region due the higher preaimn, deeper and
weathered mantle, and intense dissection is higitdgled by streams that are the
primary process carrying fine sandy sediments ¢oldhvlands. Clay, OM and
MAC followed the same pattern: higher OM where ¢ty content is high and
lower content of OM and clay on steep slope. HoweB® as well as TP and
MIC did not show extreme variations in their distrions for the watershed, but
represented smaller areas with more concentratfothase properties when
compared to the rest of the watershed. For TP itfteekt values were on PVA
located at lower elevations while the highest Ml@lues were at higher
elevations and on steeper slopes. These soilsgumgegranular structure and in
general are clayey, except RY. The granular stracttesults in higher
permeability and the OM helps to maintain the gaitticles in the aggregates
(OM works as cementing agent on the aggregatesiciregl susceptibility to
erosion; however on steep slopes these aggregatasigture, releasing the soil
particles that can rearrange forming crusts ancaging their erodibility.
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In general, the landscape position showed highuémite on soil and
properties distribution allowing use of geomorphoims association with
knowledge-based models. These results confirm {pethesis that landform
has very strong influence on occurrence of soild @noperties on steep
landscapes at Minas Gerais. The soil position nddeape should be considered
to map soils as well as to suggest managementiggacin steep sloping

landscapes in tropical regions.
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ARTIGO 3

Normas da revista Pesquisa Agropecuaria Brasileir@versdo a ser
submetida, sujeita a modificacdes)

Mapeamento digital de atributos do solo para predigo da vulnerabilidade
ao escoamento superficial na sub-bacia hidrogréficdas Posses, Minas

Gerais

Resumo —O objetivo com este estudo foi comparar o desenpeith
SoLIM (Soil land inference modelpara dois conjuntos de variaveis
topograficas no mapeamento digital dos atributosalo: condutividade
hidraulica do solo saturado e profundidade do sdldorizonte A+B) e
utilizar o melhor modelo para definir areas vulnerd ao escoamento
superficial. O estudo foi conduzido na sub-bacia Basses, Extrema,
MG e o SoLIM foi aplicado para os seguintes comgarde covariaveis:
1) Atributos do terreno (AT): declividade, plano devatura, elevagao e
indice topografico de umidade e 2) Geomorphongieuabs do terreno
(GEOM): declividade, plano de curvatura, elevagadice topografico de
umidade combinados com a classificacdo do relevo meio dos
geomorphons. A metodologia mais precisa foi apfcad predicdo das

areas vulneraveis ao escoamento superficial poio rdei indice de
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umidade que considera a area de contribuicdo aamienta profundidade
do solum e a condutividade hidraulica do solo saloir O conjunto de
covariaveis GEOM foi o melhor conjunto para predigas dois atributos
do solo analisados. O mapeamento da vulnerabilidgad@scoamento
superficial mostrou que os meses mais criticos samamento sdo de
novembro a marco. O novo modo de classificacdoailsagem para ser
usado no MDS demonstrou ser eficiente para moaslgrocessos que
ocorrem em sub-bacias hidrograficas podendo selousa avaliagdo do
escoamento superficial.

Termos para indexagdo geomorphons, atributos do terreno,

condutividade hidraulica do solo saturado, profdade do solum.

Digital soil properties mapping to predict runoff risks at Posses
watershed, Minas Gerais
Abstract — The objective of this study was to compare theqgoarance
of SoLIM (Soil land inference modeffor two sets of environmental
variables on digital mapping of saturated hydrawdanductivity and
solum depth (A + B horizons) and to apply the mastel on runoff risk

evaluation. The study was realized on Posses wagrsViG and the
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SoLIM was applied for the following sets of covdniss: 1) terrain
attributes (AT): slope, plan curvature, elevatiow aopographic wetness
index. 2) Geomorphons and terrain attributes (GEOMdpe, plan
curvature, elevation and topographic wetness indermbined with
geomorphons. The most precise methodology was eappb predict
runoff areas risk through the wetness index basedomtribution area,
solum depth, and saturated hydraulic conductiv@£OM was the best
set of covariables for both properties, so this th@sDSM model used to
predict the runoff risk. The runoff risk showedfttttze critical months are
from November to March. The new way to classify ldredscape to use
on DSM demonstrated to be efficient tool to modeicpss that occur on
watersheds and can be used to forecast the ruskff r
Index terms:geomorphons, terrain attributes, stgdrahydraulic
conductivity, soil depth.
Introducéo

A identificacdo de zonas Umidas, em uma bacia pidfica,
permite conhecer regides vulneraveis ao escoansrgerficial, assim
como areas de maior ou menor potencial de recazgagda devido a

infiltracdo de agua no solo. O escoamento supakfmiorre quando o
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solo saturado ndo permite que a agua continudramfdo e assim, o
excedente escoa sobre a superficie do solo causdeghgregacdo e
transporte das particulas de solo. O volume escdatirmina o poder
erosivo e depende da quantidade de chuva prea@pitedcapacidade de
infiltracdo do solo e da capacidade de retencadldm de agua na
superficie do solo (Dunne & Leopold, 1978).

O escoamento superficial pode ser obtido utilizaftices de
umidade que descrevem matematicamente a distrio@gpacial desse
processo na paisagem. Existem indices de umidad® am indice
topografico de umidade criado por Beven & Kirkby979) que
descrevem o padrdo de umidade do solo na baciaghédica baseado
unicamente na topografia sem considerar as caistatas do solo. Esses
indices sdo uteis quando se pretende identificpogi@ficamente o
caminho percorrido pela agua na superficie do sols ndo podem ser
usados para avaliar a capacidade de infiltracdoaglea no solo e
escoamento superficial. Neste sentido, existem osutindices que
utilizam informacg6es dos solos e que permitem deterr aonde é mais
propicio ao escoamento superficial. Este é o castndice de umidade

desenvolvido por O’Loughlin (1986), o qual se basem informacdes
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topograficas como a area de contribuicdo a monermeleclividade do
terreno além de informacdes a respeito da peravldeagua no perfil do
solo (transmissividade do solo) para determinaadrgo de saturacdo do
solo dentro de uma bacia hidrografica permitindever as areas mais
vulneraveis ao escoamento superficial. Este inclicsidera que o fluxo
infiltra até um plano de mais baixa condutividadm geral o contato
solo-rocha, seguindo entdo um caminho determinagla fopografia
(Oliveira, 2011). Dessa forma, a topografia assoma os atributos do
solo desempenha importante papel na modelagemditze ide umidade
para a bacia hidrografica necessitando de uma dasgados acurada
capaz de descrever o padrao espacial dos dadosrddaeno modelo.

Os dados topograficos sdo facilmente obtidos poro nu®s
modelos digitais de elevacdo (MDE) enquanto quein&@srmacoes
detalhadas a respeito da variabilidade dos soldemaser conseguidas
por meio da predicdo das classes e atributos dausitizando técnicas de
mapeamento digital de solo (MDS). O MDS tem sidstdnate estudado
nos ultimos anos por permitir que o0s solos e sdtibutbs sejam
mapeados de forma continua por meio de modealster que levam em

consideracdo a existéncia de variacdo dentro dsseclale solo em
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oposicao ao mapeamento tradicional de solo quedsrasque 0s solos
variam apenas nas bordas entre uma classe e MdBratney et al.
(2003) apresentam varios métodos que tém sidaadibs na tentativa de
captar a variabilidade dos solos e seus atribubms maior precisao,
incluindo modelos lineares, classificacdo e arvalesegressao, logicas
fuzzy, redes neurais e geoestatistica.

As logicas fuzzy tém mostrado éxito na predicdoattéutos
relacionados a solos (Zhu & Band, 1994; Zhu et18197, 2001; Zhu &
Lin, 2010; Menezes, 2011). Esta técnica tem a gantade utilizar uma
amostragem de solos pequena incorporando a retatégpaisagem e o
conhecimento de especialistas na modelagem ao imeésusar
simplesmente técnicas estatisticas. Este métodoakses na premissa que
o conhecimento do especialista em solo e o entamiondas relacbes
solo-paisagem atuam como um modelo mental que pi@tkizer classes
e propriedades do solo (Ashtekar & Owens, 2013)rnmdémente, a
relacdo solo-paisagem é obtida por meio dos atisbuto terreno
derivados do MDE. Os principais atributos do tesrasados no MDS sé&o
declividade, plano e perfil da curvatura, indicpagrafico de umidade,

entre outros derivados do MDE por meio de geomealifarencial.
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Muitos estudos tém mostrado bom desempenho de oodele usam
esses derivativos do terreno nas correlacdes padacfio de atributos do
solo (Moore et al., 1993; Odeh et al., 1995; Bdealge 1996; Winzeler et
al., 2008; Motaghian & Mohammadi, 2011). No entam® atributos do
terreno derivados de geometria diferencial ndondefi as classes do
relevo que sdo fundamentais no mapeamento de fwWEs.em muitas
regibes, onde ha boa relagdo solo-paisagem a ac@réas classes de
solo estd intimamente relacionada a sua posicagamsagem. Em
complemento a estas metodologias de derivagcdo dobutas
topogréaficos, Jasiewicz & Stepinski (2013) desevsi@m um novo
procedimento para classificar a paisagem baseadeconhecimento de
padrbes, em vez de geometria diferencial chamademgehons.
Geomorphons usam o conceito de padrdes ternacass|@LTP) (Liao,
2010) para classificar o relevo em classes como,egemplo: cume,
ombro, vale, varzea, depressfes, plano etc. ar tiMDE e com
reduzido custo computacional (Jasiewicz & Stepiriabi 3).

Este trabalho € um estudo de caso na sub-baciaghédica das
Posses, Minas Gerais, o qual teve como objetivasnparar o

desempenho de modelos de logicas fuzzy que usammogpbons e
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modelos que né&o usam gormorphons na predicao dbstas do solo
para aplicar no célculo do indice de umidade endtefis areas mais
vulneraveis ao escoamento superficial.
Material e métodos

O trabalho foi desenvolvido na sub-bacia das PodSesema,
MG, que possui 1.196,7 hectares e encontra-se astreoordenadas
46°14'W e 22°51’S e entre as altitudes de 968 aQLm (Figura 1). Esta
regido encontra-se na porcao sul da Serra da Ment&) apresentando
relevo declivoso e bastante movimentado. O usootin@edominante €
pastagem extensiva com auséncia de praticas cewcgamnstas. Esta
bacia esta incluida como bacia piloto do ProgransaRor de Agua da
Agéncia Nacional das Aguas (ANA), o qual visa remap bacias
hidrograficas com foco nos recursos hidricos (AN#08) sendo a
primeira sub-bacia a ter o Projeto ConservadorAdams implantado no
municipio de Extrema de acordo com a Lei Municipal 2.100/05.
Dentre as acBes do Conservador de Aguas estd gdmedia erosio
hidrica e implantacdo das areas de preservacacapene (APP). As
APPs no entorno da rede de drenagem e nascen&s fostaladas na

sub-bacia em 2007 (Figura 1). O clima da regidooétigo Cwb
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(mesotérmico de verdes brandos e suaves e estiagerimverno),
segundo Koppen. A temperatura média anual € 181dp o més mais
guente e 0 més mais frio temperaturas médias d& Z5,e 13,1 °C,
respectivamente, com ocorréncia de geadas anua&neeirecipitacao

média anual de 1.652 mm.
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i o R MDE Uso atual do solo g
: . High : 1462.6 B Acricultura &
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- I rioresta Nativa
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[ sub-bacia das Posses 7 Fe
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e — —, 202238
(®  Estagdes pluviométricas daANA A

Figura 1. Localizacdo da area de estudo (A), perfis modaistos
amostrais para condutividade hidraulica do soloradb (Ksat), estacdes
pluviométricas da Agéncia Nacional de Aguas (ANpdelo digital de
elevacédo (MDE) com resolugéo de 10 m (B) e usd dtuaolo incluindo
as areas de preservacao permanente (APP) (C).

Utilizando 21 perfis modais descritos durante atgamento de

solos foram reconhecidas cinco classes de solcopiedntes na sub-
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bacia das Posses: Argissolo Vermelho-Amarelo (PVB3mbissolo
Haplico (CX), Cambissolo Humico (CH), Neossolo lLitdé (RL) e
Neossolo Flavico (RY).

Os atributos do solo estudados foram profundidaoles@lum
(horizonte A + horizonte B) e condutividade hidiéaldo solo saturado
determinada em laboratorio usando amostras indefiam e
permeametro de carga constante conforme Lima €1290). Os dados
de profundidade do solum (PROF) foram obtidos d@rleamento de
solos da sub-bacia totalizando 21 perfis modais@ndutividade do solo
saturado (Ksat) foi amostrada aleatoriamente era todub-bacia num
total de 141 amostras indeformadas (Figura 1).

Para os dois atributos estudados as amostras f@paradas em
dois grupos: treinamento dos modelos e validacdonttmlelos. Os dados
do treinamento foram utilizados para gerar os nuzdde predicdo dos
atributos enquanto que os dados de validacao fatdimados apenas na
validacdo dos modelos. Considerando a baixa quatgide pontos para
avaliar a profundidade do solum em relacdo a odaséi de pontos
usados na amostragem da Ksat, o nimero de pontmoupara a

validacdo dos modelos foi diferente. Para PROFiouaados 30% dos
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dados na validacdo enquanto que para a Ksat fotidimados 20% dos

dados para validacdo dos modelos. Todos os pontostados, para 0s
dois atributos estudados, tiveram suas coordergaiagaficas coletadas
usandagglobal positioning systeliGPS) GARMIN eTrex Vista.

O mapa de classes e atributos do solo PROF e paat,a sub-
bacia das Posses, foi desenvolvido por meio de uétoduo de
mapeamento digital de solo que combina o conhedordm especialista
e logicas fuzzy. Para isso, $oil Land Inference ModglSoLIM) foi
utilizado para formalizar as relacdes entre osss@oas covariaveis
(relacdes solo-paisagem) e criar os mapas de sguaitle (Zhu & Band,
1994; Zhu, 1997; Zhu et al., 1996, 1997, 2001).dQI8& € um modelo
de similaridade baseado em logicas fuzzy que ge@asicontinuos no
formato raster. Neste método, cada pixel € assioghor um vetor de
valores de similaridade que descrevem o grau diéasidade entre o solo
local e a unidade taxondmica (classes de solo), (Z9@i7). Para isso sao
utilizadas covariaveis que representam a formagéeotb na regiao de
interesse e que auxiliam na determinacdo dos Bntéeonomicos entre

uma classe e outra.
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Para este estudo foram consideradas como varidosigente
aquelas relacionadas ao relevo, por consideramgugemais fatores de
formacao do solo (clima, organismos, material dgeon e tempo) sao o
mesmo para toda a sub-bacia. Portanto, as covariatibBzadas foram
obtidas a partir do MDE de grades regulares cowmiuge&o de 10 m. Os
mapas de similaridade foram gerados de duas manegaforme as
covariaveis utlizadas: 1) AT: os atributos do ¢eo elevacao,
declividade, plano de curvatura e SAGA indice toabgo de umidade
foram usados como covariaveis e 2) GEOM: as cladsegomorphons
foram combinadas aos atributos do terreno elevadgdividade, plano
de curvatura e SAGA indice topografico de umidamtaa covariaveis. O
SoLIM gerou mapas de similaridade no sistema dernmicoes
geogréficas (SIG) utilizando logicas fuzzy defironpara cada pixel um
valor de similaridade variando de O (nenhuma shdidale) a 1 (alta
similaridade). Utilizando o processo conhecido comawdening cada
pixel foi assinalado com o maior valor de similadd para visualizagcéao

do mapa de solo (Zhu et al., 1996; Zhu et al., 2010
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De posse dos mapas de similaridade os atribute®ldoPROF e
Ksat utilizando AT e GEOM foram definidos de acomon a equacéao
(Zhu et al., 1997):

2 SOV

\/ll n Sk
zk::]_ 1j
Onde Vij € o atributo do solo na localizac&o iﬁ, € o valor de

similaridade na localizacdo i,j para a classe de kpn é o total de
classes de solo €& o valor tipico do atributo do solo para classsalo
k. Os valores tipicos para cada atributo estudadddfinido pelo valor
médio dos atributos, por classe de solo, contidograpo de treinamento
do modelo.

Os dois métodos utilizados para predizer as classdsbutos do
solo (AT e GEOM) foram comparados utilizando a iadrada do erro
médio quadratico (RMSE) que fornece a precisao maigio sendo

melhor quanto menor o seu valor.

RMSE:,/—ZZI(T1 -2

Onde z é o valor do atributo estimado, z é o valor ddbato

observado que né&o foi usado no modelo e n € o mideeamostras.
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Apos escolha do melhor método para predicao dimitis PROF
e Ksat a vulnerabilidade ao escoamento superfi@ed a sub-bacia das
Posses pode ser determinada. A vulnerabilidade s@oamento
superficial foi obtida por meio do indice de umidado solo (W)
desenvolvido por O’Loughlin (1986). Para valores\Wesuperiores a 1
considerou-se que existem condi¢Oes suficientes gaturar e ocorrer
fluxo superficial e para valores menores ou igudl, aleclarou-se que
toda a agua da chuva infiltrou no solo, ndo haveégl@ disponivel para
0 escoamento superficial e, portanto, reduzindoopgmsédo a erosao e
transporte de sedimentos e aumentando a infiltrdgdagua no solo e
recarga de agua. O indice W mensal foi calculada fmla a sub-bacia
das Posses de acordo com a equagao:

W = (Q/T)[a/(bsef)]

Onde W é o indice de umidade do sdalifnensiongl Q é a
precipitacdo mensal (s T é o valor da transmissividade do solé én
1), a corresponde & area de contribuicdo a mon(enf)e b é o tamanho
do pixel (m) e sefi é o seno da declividade (radianos). A razao Q/T
corresponde ao controle hidrolégico, enquanto adaaa/b*sefi

corresponde ao controle morfolégico (Dietrich & ¥dih, 1993).
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Os dados de precipitacdo mensal utilizados séaergés ao
periodo de janeiro de 2009 a dezembro de 20lldasbtem cinco
estacbes pluviométricas da Agencia Nacional das aAg@ANA)
distribuidas na sub-bacia conforme Figura 1.

A transmissividade do solo foi obtida com base mapas de
condutividade hidraulica do solo saturado (Ksatjaundidade do solum
(PROF), preditos por meio do MDS, que tiveram mamecisao,
conforme equacdo adaptada de Montgomery; DiettigB4):

T= Ksat PROF

Onde T é a transmissividade do solo?(s'); Ksat é a
condutividade hidraulica do solo saturado (i) £ PROF é a
profundidade do solum (m).

A é&rea de contribuicdo de cada célyaé€l) do MED foi obtida
multiplicando o fluxo acumulado definido pelo métoBx (Tarboton,
1997; Oliveira et al., 2012) pela area de cadal@4ll00 nf), segundo
Moore et al. (1993):

A =n
Onde A corresponde a area de contribuicéd),(m é o fluxo

acumuladofgixel) en é a area dpixel (m?).
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Resultados e Discussao

Os dois atributos do solo analisados Ksat e PR@fatin melhor
precisdo quando os atributos do terreno elevaggarérl), declividade,
plano de curvatura, SAGA indice topografico de wad&le geomorphons
(Figure 2) foram combinados (método GEOM) (FiguyaRBara Ksat a
diferenca na precisdo entre as duas metodologiasadgs ndo foi tdo
evidente quanto para o atributo PROF. Isto mosteayPROF foi mais
influenciada pela posicdo na paisagem do que a IGsattributo Ksat
sofre interferéncia de fatores antrépicos alémfdmses que conduzem a
formacédo do solo, enquanto que PROF est& intimamwelgcionado com
os fatores de formacdo do solo e que sdo afetpdosjpalmente, pela
posicdo na paisagem. A sub-bacia das Posses aprestavo bastante
movimentado e declivoso dirigido pelos processdgras de erosdo que
ocorrem nesta area devido a sua localizacdo naabded Serra da
Mantiqueira. Com o movimento da &gua sobre a paimsadesde o
soerguimento da Serra da Mantiqueira os solos besendolvidos e
profundos como Latossolos que ali foram formadderaormente deram
lugar a solos menos desenvolvidos e menos profuodpse faz com que

a relacéo solo-paisagem seja mais marcante quamejpacado com Ksat
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gue sofre influéncia do uso atual do solo, o quahgicamente pastagem
(> 70%) nesta sub-bacia. O uso de pastagens maéjadas com
constante pisoteio do gado destr6i 0os macroporanemiando a

propor¢cdo de microporos e reduzinho a percolac&gda no solo.
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Figura 2. Declividade (A), SAGA indice topografico de umigafWI)
(B), geomorphons (C), plano de curvatura (D).
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Figura 3. Condutividade hidraulica do solo saturado (Ksatedninada
pelo método GEOM (A), Ksat determinada pelo métadid (B),
profundidade do solum (PROF) determinada pelo neeBEOM (C) e
PROF determinada pelo método TA (D).

Devido a melhor precisdo do método GEOM para peedas

atributos do solo estudados, este também foi o doééscolhido para

gerar 0 mapa de solos para a sub-bacia (Figur®el)acordo com os
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resultados a maior parte da sub-bacia (55%) € cstapor Cambissolos.
Os Cambissolos tém sua ocorréncia vinculada ass &leadeclives
acentuados que proporcionam deflivio severo e ullifadles de
mecanizagcdo. Dessa forma, tornam-se vulneraveigr@messo erosivo
sendo restritos a cultivos anuais que requerem remimtervencoes e
sendo preferivel para o uso com pastagens, rethonestos e algumas
culturas permanentes protetoras do solo, desde agieguadamente
manejadas, utilizando préaticas especiais de coas@&ovdo solo, uma vez
que, mesmo sob este tipo de vegetacdo, essesssmosuscetiveis ao
processo erosivo (Silva et al., 2013).

O segundo solo de maior ocorréncia na sub-baciAmgissolo, o
qual é mais desenvolvido, mais profundo e tambéns mesistente a
erosao que os Cambissolos. Entretanto, apesaridgenistente a erosao
o Argissolo ainda € muito susceptivel a perdas ale devido ao
gradiente textural entre o horizonte A e B levanekies solos a
degradacdo quando préaticas conservacionistas etwabe&lo solo sdo
ausentes.

Associado ao Argissolo e Cambissolos temos o N&m&stdlico

gue apresenta afloramentos de rochas impossilititgne seja cultivado.
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Este solo encontra-se em 8% da sub-bacia e deweteuso destinado
apenas para protecdo e abrigo da fauna e florasti®; recreacdo e
turismo ou armazenamento de agua em acudes (Lepath1991).

E por fim temos o Neossolo Fluvico associado a dedérenagem
(areas de declive suave) da sub-bacia. Este oclfgadh area da sub-
bacia e recebe todo o sedimento erodido das arsemtante o que faz
com que esse solo tenha sua evolucao retardadatantp, auséncia de

estrutura tornando-o muito susceptivel a erosaadgssbamento.
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1 1

A <
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Figura 4. Mapa das classes de solo (A) e porcentagem daoéatgemda
por cada classe (B) na sub-bacia das Posses, Extk@G
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A analise da vulnerabilidade do solo ao escoamsuperficial
mensal revelou que 0s meses mais criticos sdo demiwo a marco
(Figura 5). De acordo com o indice utilizado neéstbalho para avaliar o
escoamento quando o grau de saturacdo do solmiécsigte o risco de
erosao e transporte de sedimentos € alto (Olivedral). Nos meses de
dezembro e janeiro praticamente toda a sub-badé@ s risco de
erosdo, exceto os topos de morro. Alids, os topsmdrros nao
apresentaram vulnerabilidade ao escoamento e wgccerosdo em
nenhum dos meses analisados indicando que estess @@ importantes
na infiltracdo de agua e abastecimento do lenedlifro.

Durante os meses de maio a agosto, o qual € adpedlmseca na
regido com precipitacdo média mensal inferior and é possivel
observar que a saturagéo do solo é significantestenproximo a rede de
drenagem. Isto evidencia a importancia das APPsnaagens do ribeirdo
das Posses, pois o risco de erosdo nessas angdsrdedurante todos os
meses do ano necessitando que o solo esteja plofegimanentemente
evitando que as erosdes nas bordas do rio aumenessoreamento dos

mananciais interferindo no abastecimento de agua.
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Os meses de abril e setembro sdo os meses ded@m@sitre o
periodo de seca e o periodo de chuva na sub-bagieesentaram maior
vulnerabilidade nas areas de maiores declivesipdlmente nas areas de

cabeceira.

Janeiro
398 mm/més

Fevereiro /
144 mm/més gy

Margo Abril

y Junho
202 mm/més (&g 105 mm/més (e

53 mm/més

Maio
24 mm/més

Julho
47 mm/més

Agosto
31 mm/més

Setembro
80 mm/més

Outubro
127 mm/més

Dezembro :
254 mm/més &S

4

Novembro
185 mm/més

S N
Datum SAD69 .
Zona 238 Escoamento superficial 0051 E A

Figura 5. Vulnerabilidade mensal ao escoamento superficial e
precipitacdo media mensal para a sub-bacia dagfdM6&.

Na Tabela 1 encontram-se as porcentagens da arsabedzacia
das Posses vulneraveis ao escoamento superficiatado com o uso
atual do solo. O més mais critico ao escoamenterfcipl que € o0 més
de janeiro apresentou maior parte das areas deuligra com risco

insignificante de ocorrer escoamento, aproximadéenertade das areas
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de eucaliptos, pastagem e floresta nativa com sgguficante e a outra
metade com risco insignificante e cerca de 70% && Aom risco
significante de escoamento. Isso mostra que as ARplantadas pelo
Conservador de Aguas s&o muito (teis na consendi;&olo, pois estéo
alocados na sub-bacia em areas criticas a erosaateltodo o ano.

Em geral, nos meses de maior vulnerabilidade aoaesento e
erosdo (novembro a margo) 0S usos pastagem e AR fque se
encontram nas éareas de maiores risco. As pastageasdo bem
manejadas auxiliam na reducdo da eroséo hidrideetBnto, de acordo
com Oliveira et al. (2008), as pastagens na sulabdas Posses se
encontram em avancado estagio de degradacao nacdssile um plano
de manejo adequado que garanta 0 uso sustentessdsdeastagens,
principalmente, por elas se encontrarem nas ar@@s susceptiveis ao

escoamento superficial e erosdo do solo.
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Tabela 1. Porcentagem da area da sub-bacia das Possesawvelnao
escoamento superficial de acordo com o0 uso atusbldo

Mes CsScoamento Agric.) Euc.® Past® Floresta  \ppis)
superficial Nativa
Jan Insignificante 73 55 48 50 32
" Significante 27 45 52 50 68
Fev Insignificante 92 81 75 77 58
" Significante 8 19 25 23 42
Mar Insignificante 89 77 70 71 51
" Significante 11 23 30 29 49
Abr Insignificante 96 86 83 83 67
" Significante 4 14 17 17 33
Mai Insignificante 100 94 96 95 87
" Significante 0 6 4 5 13
Jun Ins_igr_1i_ficante 100 91 91 90 79
" Significante 0 9 9 10 21
Jul Ins_igr_1i_ficante 100 91 93 91 81
" Significante 0 9 7 9 19
Ago Ins_igr_1i_ficante 100 93 95 94 85
" Significante 0 7 5 6 15
Set Ins_igr_1i_ficante 98 89 87 86 72
" Significante 2 11 13 14 28
out Ins_igr)ificante 94 84 80 80 64
" Significante 6 16 20 20 36
Nov Ins_igr)ificante 90 78 71 73 53
" Significante 10 22 29 27 47
Dez Ins_igr)ificante 85 70 63 65 45
"~ Significante 15 30 37 35 55

WAgricultura, “Eucalipto, “Pastagem, “Area de preservacéo
permanente.

Conclusbes
1. Os dois atributos do solo analisados condutividade&iulica do solo

saturado (Ksat) e profundidade do solum (PROF)rdimemelhor
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precisdo quando os atributos do terreno declividgdano de
curvatura, SAGA indice topografico de umidade, &iéw e
geomorphons foram combinados.

Devido a melhor precisdo do método GEOM para peedizs
atributos do solo estudados, este também foi odoétscolhido para
gerar o0 mapa de solos para a sub-bacia e esteeafm@s55% da
area com Cambissolos (Cambissolo Haplico e HUmi2é¥% de
Argissolo Vermelho-Amarelo, 8% de Neossolo Litéliedl1% com
Neossolo Flavico.

Os meses de maior vulnerabilidade ao escoamentofmigd foram
0s meses de novembro a marco, abril e setembrsespagam maior
risco na é&rea de cabeceira enquanto que 0Ss mesesaida
precipitacdo (maio a agosto) o risco de escoamsuperficial e
erosdo se deram proximo a rede de drenagem.

Nos meses de maior vulnerabilidade ao escoamentrosdo
(novembro a margo) os usos pastagem e APP foram sque
encontram nas areas de maiores risco devendo s¢idasaas APPs

e conservadas as pastagens.
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