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RESUMO

O numero de casos de deslizamento de terra tem aumentado em todo o mundo
em fungao de processos de urbanizagao e ocupagao do territério, além da maior fre-
quéncia de eventos climaticos extremos. Os estudos até hoje realizados mostram
que as redes de convolugéo tém obtido os melhores resultados para segmentagéo
de cicatrizes de deslizamento de terra em imagens de sensores remotos. Porém,
ainda sao necessarias mais pesquisas nesta area, ja que os métodos utilizados
para o pré-processamento das imagens, arquiteturas e calibragdo dos parametros
do modelo ainda representam um grande desafio para se obter modelos acurados.
Este estudo teve como objetivo principal automatizar o processo de segmentagao de
cicatrizes de deslizamento de terra em imagens obtidas por sensores remotos por
meio de técnicas de deep learning utilizando redes neurais convolucionais (RNC). A
regido Serrana do Rio de Janeiro, palco do maior desastre natural do Brasil, ocorrido
em janeiro de 2011, e a regido de Rolante, no Rio Grande do Sul, foram utilizadas
como area de estudo. As imagens utilizadas para treinar os modelos foram obti-
das pelo satélite RapidEye. A pesquisa avaliou a capacidade de generalizagao dos
modelos em areas distintas das de treinamento, além disso, concentrou-se no trei-
namento da rede U-Net, utilizando diferentes métodos de amostragem, dimensdes
de input e datasets, para avaliar como isto impacta na acuracia da segmentagéo
dos deslizamentos de terra. Os resultados sugerem que os modelos treinados com
imagens de maior dimensao (128 x 128 e 256 x 256 pixels) tendem a ser mais acu-
rados em areas similares a area de treinamento, enquanto os modelos treinados
com imagens de menor dimenséo (32 x 32 e 64x64 pixels) tendem a possuir uma
capacidade de generalizagdo melhor, consequentemente, obtiveram os melhores
resultados em areas que diferem das areas de treino. O pds-processamento dos
resultados com operagdes morfolégicas € eficiente para melhorar a precisdo dos
resultados.

Palavras-Chave: Deep Learning, Redes Neurais de Convolugédo (RNC), Ma-

peamento de deslizamentos de terra.



ABSTRACT

The global number of landslides cases has increased due to greater urbaniza-
tion and land use and a higher frequency of extreme climatic events. Since these
events have substantial social and economic impacts on Brazil and worldwide, they
are considered one obstacle to sustainable development, according to the United
Nations (UN). Studies show that convolution neural networks (CNN) achieve the
best results on landslide segmentation in aerial imagery. However, choosing the
best network architecture, preparing the dataset, and tuning the hyperparameters
is still challenging. This study’s main objective is to use deep learning with convo-
lutional neural networks (CNN) to automate the segmentation of landslide scars on
remote sensing imagery. The study area is located in the mountainous range of Rio
de Janeiro state, where, in January 2011, the worst Brazilian Natural Disaster oc-
curred. In addition, the area located in Rolante, in the Rio Grande do Sul state, was
also used as a study area. The images used to train the models were acquired from
the RapidEye satellite. The research focused on evaluating the generalization ca-
pacity of the models em areas that differ from the training area. Moreover, the study
also evaluated how different sampling methods, patch sizes, and datasets impact
the overall accuracy of U-Net on landslide segmentation. The results suggest that
the models trained with the bigger patch sizes (128x128 and 256x256 pixels) tend to
achieve better accuracy in areas similar to the training areas, while models trained
with the smaller patch sizes (32x32 pixels and 64x64 pixels) achieved better gene-
ralization results in areas that are different from the training images. Postprocessing
the results were efficient to increase the precision of the models.

Keywords: Deep Learning, Convolution Neural Networks (CNN), landslide
mapping.
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1 INTRODUGAO E JUSTIFICATIVA

O impacto dos desastres naturais se tornou mais severo nas ultimas décadas,
elevando os custos para a economia dos paises € 0 numero de pessoas afetadas.
O alto crescimento populacional aliado a processos de urbanizacao e ocupagao de-
sordenada favorecem a ocupacgéo de areas de risco e tem grande relevancia para
o0 aumento no numero de vitimas (KOBIYAMA et al., 2006). Além disso, os even-
tos climaticos estdo mais frequentes e extremos, favorecendo uma ocorréncia mais
constante destes desastres.

De acordo com o Marco de Acédo Sendai para a Redugao de Risco a Desastres
2015-2030 (UNISDR, 2015), emitido pela Organizacao das Nacdes Unidas (ONU),
os desastres sdo uma das principais barreiras ao desenvolvimento sustentavel, ja
que, entre 2008 e 2012, os prejuizos econémicos ultrapassaram 1,3 trilhdes de do-
lares, além disso, mais de 700 mil pessoas perderam a vida, 1,4 milhdes de pessoas
ficaram feridas e 23 milhdes de pessoas desabrigadas.

No Brasil, os deslizamentos de terra, inundagdes e enxurradas sdo responsa-
veis por grande parte dos prejuizos gerados por desastres. Segundo o Emergency
Events Database (EM-DAT, 2018), no periodo de 2001 a 2017, sete milhdes de
pessoas foram afetadas e foram registrados aproximadamente 2.500 ébitos e os
prejuizos ultrapassaram R$ 19 bilhdes. Neste cenario, destacam-se os dois maio-
res desastres gerados por movimentos de massa no pais: 0os eventos ocorridos no
ano de 2008 no vale do Itajai, em Santa Catarina, onde mais de 1.5 milhdes de pes-
soas sofreram danos e 120 ébitos foram registrados e o evento de 2011 na regiédo
serrana do Rio de Janeiro, que afetou diretamente mais de 1 milhdao de pessoas e
casou 1.100 obitos.

Deslizamentos de terra sdo caracterizados por movimentos de solo, rocha e/ou
vegetacao ao longo da vertente sob influéncia direta da gravidade. Fatores como
a agua e o gelo podem contribuir neste processo, uma vez que diminuem a re-
sisténcia dos materiais e afetam seu comportamento reologico (TOMINAGA; SAN-
TORO; AMARAL, 2009). Além disso, as condigdes geomorfologicas, pedoldgicas,
geoldgicas, climaticas e hidrologicas originais da area podem atuar como agentes

predisponentes na deflagracdo de movimentos de massa. Sendo as chuvas inten-



sas, erosdo, terremotos e tsunamis os principais fatores desencadeadores deste
processo.

Os modelos de susceptibilidade e risco a deslizamentos dependem de ma-
pas de inventario de cicatrizes de eventos anteriores para serem validados. Porém,
estes mapas sédo escassos e muitas vezes inexistentes ja que o processo de elabo-
racao destes mapas, a depender das dimensdes da area, € lento e ndo apresenta
uma sistematica bem definida sendo, por isso, muitas vezes subjetivo.

Os mapas de inventario devem conter a localizagao, forma, limites, data de
ocorréncia, tipo e outras informagdes do movimento de massa (HERVAS; BOBROWSKY,
2009) registradas em um banco de dados acessivel em plataforma de sistema de
informacgdes geograficas (S1G). Estes mapas podem ser elaborados de maneira ma-
nual, semiautomatica e automatica. Os métodos manuais se baseiam na coleta de
dados de campo e na interpretagdo das cicatrizes em imagens de sensoriamento
remoto. Ja os semiautomaticos e automaticos utilizam algoritmos de classificagao
baseados em objetos e em pixels (DIAS et al., 2021).

Os métodos baseados em pixels buscam classificar individualmente os pixels
de uma imagem com base em sua informagao espectral. Dentre os métodos utili-
zados, destacam-se a classificacdo supervisionada e ndo supervisionada, detecgao
de mudangas e segmentagao baseada em um limite (threshold). Os métodos base-
ados em pixels, apesar de serem 0s mais comuns, muitas vezes nao apresentam
boa acuracia na segmentacao de cicatrizes de deslizamentos de terra, pois n&o con-
sideram informagdes geométricas e contextuais da imagem o que aumenta o ruido
dos resultados (STUMPF; KERLE, 2011; BLASCHKE et al., 2014; ZHONG et al.,
2019; PRAKASH; MANCONI; LOEW, 2020). Ja os métodos baseados em obje-
tos combinam informacgdes espaciais, espectrais, morfoldgicas em uma abordagem
semi-automatica, que depende da experiéncia do especialista, para classificar um
conjunto de pixels de uma imagem (BLASCHKE, 2010). Este método reduz o ruido
da classificacdo e permite que as caracteristicas do deslizamento sejam extraidas
com maior acuracia.

Nos ultimos anos, o deep learning tem se tornado o estado da arte em proble-
mas de visdo computacional, sendo, por isso, cada vez mais utilizado em sensori-

amento remoto para aplicagdes de segmentacdo semantica, deteccédo de objetos e



classificagdo de cenas em imagens de alta resolugdo (GHORBANZADEH; BLAS-
CHKE et al., 2019; PENG; ZHANG; GUAN, 2019; ZHU et al., 2017; LONG; SHE-
LHAMER; DARRELL, 2015; RADOVIC; ADARKWA; WANG, 2017). Porém, existem
poucos trabalhos que utilizam estas técnicas para a detecgédo de deslizamentos de
terra (ZHONG et al., 2019).

Os modelos de deep learning sao avaliados com base na anadlise dos valores
de verdadeiros positivos (VP), falso positivos (FP) e falsos negativos (FN). Com
estes valores € possivel calcular as métricas de precisao, recall, f1-score e indice
de Jaccard que permitem uma analise mais detalhada da performance do modelo.

Ding et al. (2016) utilizaram redes neurais convolucionais (RNC) para detectar
automaticamente deslizamentos de terra em imagens Gaofen-1 (GF-1) com quatro
bandas espectrais e oito metros de resolugao espacial. O método obteve 67% de
acuracia com a taxa de deteccgéo de 72.5% e taxa de falsos positivos de 10.2%.

Chen et al. (2018) utilizaram redes neurais convolucionais profundas em ima-
gens bi-temporais para identificar areas que passaram por mudangas abruptas e,
posteriormente, realizaram uma analise espaco-temporal e avaliaram mudancgas em
um modelo digital de elevagao para identificar os deslizamentos. O método obteve
acuracia superior a 61.1% nas areas avaliadas.

Ghorbanzadeh, Blaschke et al. (2019) utilizaram imagens RapidEye e um mo-
delo digital de elevagcdo (MDE), ambos com 5 metros de resolugao espacial, para
comparar métodos de aprendizado de maquina (redes neurais artificiais, support
vector machines e random forest) com modelos de aprendizado profundo de ma-
quina para segmentar deslizamentos de terra no distrito de Rasuwa, Nepal. Os
resultados obtidos mostraram que a rede de convolugao apresentou o melhor resul-
tado, obtendo um indice de Jaccard de 78,26%. Ainda, as informacdes obtidas do
MDE ajudaram a discriminar as areas urbanas de deslizamentos de terra, porém,
nao melhoraram a acuracia geral do modelo.

Sameen e Pradhan (2019) compararam a performance de redes Residuais
(ResNets) treinadas com informacgdes topograficas que foram fusionadas a informa-
¢des espectrais utilizando redes de convolugcdo com ResNets que foram treinadas
com dados topograficos adicionados como bandas extras em imagens espectrais.

O resultado mostra que os modelos que utilizaram RNCs para fusionar os dados



obtiveram f1-score superior em 13% e indice de Jaccard em 12,96%.

Yu, Chen e Xu (2020) utilizaram indices de vegetagdo e um MDE para obter
areas com potencial a ocorréncia de deslizamentos de terra no Nepal. Posterior-
mente, estes dados serviram para treinar a rede Pyramid Scene Parsing Network
(PspNet) na segmentacéo de cicatrizes em imagens Landsat. O método obteve
65% de recall e 55,35% de acuracia.

Prakash, Manconi e Loew (2020) utilizaram a arquitetura de rede U-Net em
conjunto com a ResNet34 e compararam esses resultados com métodos tradicio-
nais de classificagdo de pixel e métodos baseados em objetos. Os modelos foram
treinados com imagens do Sentinel-2 e com um MDE gerado por lidar. A rede U-
Net + ResNet34 obteve os melhores resultados com um coeficiente de correlagao
de Matthews de 0,495 e taxa de deteccao de 0,72.

Liu et al. (2020) utilizaram a rede U-Net com algumas modificagdes para seg-
mentar escorregamentos de terra gerados apods terremotos. As imagens utilizadas
no treinamento do modelo consistem das bandas RGB, MDE, declividade, aspecto e
possuem resolucao de 0,14 metros. Os resultados mostram que o método utilizado
obteve acuracia de 91,3%.

Shi et al. (2020) combinaram as técnicas de deteccdo de mudangas e redes
neurais convolucionais para detectar escorregamentos de terra nas regioes de Lan-
tau Island e Sharp Peak em Hong Kong. A técnica obteve uma acuracia de 80%.

Qi et al. (2020) utilizaram a rede ResU-Net para mapear escorregamentos de
terra de escala regional automaticamente. Os modelos foram treinados com as
bandas RGB das imagens GeoEye-1 com 0,5 metros de resolugdo. Os resultados
mostram que a ResU-Net obteve resultados superiores, em 9%, em relagao a U-Net.

Ghorbanzadeh, Meena et al. (2020) utilizaram uma rede neural convolucional
e a técnica de Dempster-Shafer (D-S) para avaliar qual a relevancia de dados 6ti-
cos e topograficos na predigdo dos modelos. As imagens utilizadas foram do sensor
Planet-Scope e ALOS. Os resultados mostram que utilizar dados 6ticos em conjunto
com dados de topografia, em especifico o slope, auxiliam a diferenciar os escorre-
gamentos de outros elementos com resposta espectral similar.

Yi e Zhang (2020) desenvolveram a arquitetura de rede convolucional conhe-

cida como LandsNet, que permite que o modelo aprenda caracteristicas dos es-



corregamentos com diferentes dimensdes espaciais. O modelo obteve f1-score de
86,89% e foi superior em 7% e 8% em relacao a ResU-Net e a U-Net, respectiva-
mente.

Meena et al. (2021) utilizaram imagens da Planet-Scope e fatores topograficos
(declividade) parar segmentar, com redes convolucionais, escorregamentos de terra
gerados devido ao sistema de moncdes, na india. A acuracia média aumentou de
65.5% para 78% quando os dados topograficos foram utilizados.

Prakash, Manconi e Loew (2021) avaliaram a capacidade de generalizagdo da
ResU-Net para segmentar escorregamentos de terra em diferentes localidades do
mundo. O método combina imagens de escorregamentos de diferentes areas de
uma maneira progressiva para melhorar a capacidade de generalizacdo destes mo-
delos. Os resultados mostram que a técnica é util para segmentar escorregamentos
em areas que nao possuem inventario local.

Ghorbanzadeh, Crivellari et al. (2021) utilizaram as imagens Sentinel-2 e ALOS
para segmentar escorregamentos em trés areas distintas. O estudo foi o primeiro a
utilizar imagens disponibilizadas gratuitamente com a técnica de deep learning. O
maior valor de f1-score obtido foi de 73.32%.

Ghorbanzadeh, Shahabi et al. (2022) integraram a técnica de deep learning
com a andlise baseada em objetos (OBIA) para detectar os escorregamentos. Os
modelos foram treinados com imagens Sentinel-2. A metodologia consistiu em com-
binar o resultado obtido no modelo de deep learning com a imagem original e aplicar
a técnica de OBIA. O resultado mostra que esse modelo hibrido conseguiu valores
que sao 22% superiores em relacdo a modelos que utilizarem as técnicas individu-
almente.

Os trabalhos até aqui realizados evidenciam que as redes de convolugao apre-
sentam uma maior acuracia para segmentar os deslizamentos de terra, quando com-
paradas a outros modelos de aprendizado de maquina. Além disso, nota-se que é
comum um desbalanceamento entre a classe de interesse (deslizamento de terra)
e a classe negativa (background) nas imagens utilizadas nos treinamentos do mo-
delo, dificultando este processo, ja que sdo necessarias metodologias que permitam
reduzir este desbalanceamento. Em conjunto a isto, os resultados destes trabalhos

ainda indicam que as redes de convolugdo, em problemas de aprendizado super-



visionado, podem aprender representagdes dos dados sem que sejam necessarias
técnicas complexas de pré-processamento. Porém, ajustar os dados de input, confi-
gurar os parametros e arquiteturas do modelo ainda é um desafio, sendo necessario
mais estudos que abordem tais tematicas.

Neste cenario, estudos que avaliem diferentes métodos de amostragem, di-
mensdes das imagens de treinamento, configuragdes e arquiteturas de rede sao re-
levantes, uma vez que existem poucos trabalhos que tiveram tal finalidade. Assim,
este trabalho teve como objetivo principal utilizar as redes neurais convolucionais
para segmentar cicatrizes de deslizamento de terra em imagens de sensores remo-
tos de maneira automatica e avaliar o impacto de diferentes arquiteturas de rede,
métodos de amostragem e dimensdes das imagens de treinamento na acuracia do
modelo. Além disso, um dos focos do estudo foi também entender a capacidade de
generalizagdo desses modelos. Para isso, foram treinados redes totalmente convo-
lucionais (fully convolutional network), U-Net, utilizando imagens RapidEye de Nova
Friburgo e Teresopolis, localizadas na regido Serrana do Rio de Janeiro (RJ), e de
Rolante, no Rio Grande do Sul (RS).

2 OBJETIVOS

2.1 Objetivo Geral
» Segmentar automaticamente cicatrizes de deslizamento de terra utilizando re-

des neurais convolucionais.

2.2 Objetivos Especificos

Avaliar diferentes arquiteturas e parametros de rede;
+ Avaliar diferentes formas de amostragem e dimensdes de input;

 Avaliar o impacto das técnicas data augmentation e informacdes topograficas

na acuracia do modelo;
 Avaliar a capacidade de generalizagao dos modelos;

 Avaliar técncias de pos-processamento dos resultados.



3 ORGANIZAGAO DO TRABALHO

Este trabalho esta organizado na forma de artigos, portanto, sua estrutura con-
tém trés secgbes principais, a saber, fundamentacao tedrica (secéo 4), resultados
(secéo 5) e conclusdes (segao 6). Na secédo de fundamentagao teorica serao apre-
sentados aspectos referentes aos deslizamentos de terra, sensoriamento remoto,
deep learning e operagdes morfoldgicas de pds-processamento. A segao de resul-
tados apresenta um resumo, em portugués, dos dois artigos desenvolvidos durante
esta pesquisa e a referéncia para outros dois trabalhos que foram desenvolvidos em
coautoria com pesquisadores internacionais. Os textos completos, em inglés, estao
na sec¢ao de apéndices (secao 7). A ultima secao corresponde as conclusdes que

foram obtidas durante a pesquisa.



4 FUNDAMENTAGAO TEORICA

4.1 Movimentos de Massa

Os movimentos de massa sao caracterizados como o deslocamento de qual-
quer material terroso ou rochoso sobre a influéncia direta da gravidade. Diversos au-
tores apresentam sistematicas para classificar estes movimentos (VARNES, 1978;
AUGUSTO FILHO, 1992; USGS, 2004). A classificagdo de Augusto Filho (1992)
foi elaborada para caracterizar escorregamentos para o meio tropical e subtropical
umido, tipo climatico que € predominante na regido Serrana do Rio de Janeiro e na
Serra do Mar (DIAS, 2019). Porisso, essa foi adotada neste trabalho. O autor divide
0s movimentos de massa em quatro tipologias: rastejos, escorregamentos, quedas
e corridas. A caracterizagao dos movimentos é feita com base na geometria, meca-
nismo de movimentacgédo, natureza, estado do material mobilizado e comportamento
ao longo do tempo.

Os rastejos (figura 1-A) sdo movimentos lentos e graduais que ocorrem em
terrenos com alta declividade. Fei¢gdes como degraus de abatimentos em encostas,
trincas em paredes e arvores inclinadas podem indicar este tipo de movimento.

As corridas (figura 1-B) ocorrem em velocidades elevadas devido a chuvas in-
tensas que mobilizam uma grande quantidade de material ao longo das drenagens.
Estes movimentos transportam um grande volume de material, por isso, tém alto
poder destrutivo.

Os escorregamentos (figura 1-C) apresentam velocidades médias a altas com
planos de ruptura bem definidos e variavel volume de material transportado. O seu
mecanismo de movimentacao esta associados ao tipo de relevo, solo e rocha, sendo
divididos em trés tipos: cunha, circulares e planares.

Os escorregamentos circulares possuem superficie de ruptura curva que des-
locam grande quantidade de material de forma rotacional. Areas com rochas muito
fraturadas e com solos bem desenvolvidos e homogéneos sdo mais susceptiveis a
sua ocorréncia. Os escorregamentos planares ou rasos apresentam superficie de
ruptura planar que, no geral, coincide com as descontinuidades do material (juntas,
falhas, limites litologicos). S&o processos que ocorrem em porg¢des superficiais da

encosta. Os escorregamentos em cunha estdo associados com solos e rochas com



dois planos de fraqueza.

No presente trabalho, os termos “deslizamento de terra” e, em inglés, “lands-
lides", serao utilizados como sindnimos dos trés tipo de processos de escorrega-
mento (rotacional, planar e cunha).

As quedas (figura 1-D) estdo associadas a movimentacéo de alta velocidade
de materiais rochosos ao longo de uma encosta. Os principais tipos de movimenta-
¢ao agrupados nesta categoria sao: tombamentos de blocos, rolamento de blocos,

gueda de blocos e desplacamento de lascas e blocos de rocha.

A Rastejos B Corridas
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x
__, Fraturas de Tensio,
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Blocos no solo, deslizados
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Escorregamento Planar Escorregamento Circul Escorregamento em Cunha

(Translacional) Direio do Morimesto

Formagio de Degraus segundo o plano de ruputra
de Abatimento x
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Jongo de PO"° espessos. escorregamento encurvada i -
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Figura 1: Tipos de movimento de massa.

Fonte: Adaptado de rc.unesp.br/igce/aplicada/ead/interacao/inter09.html, acessado em

01/02/2022.



4.2 Sensoriamento Remoto

O sensoriamento remoto € uma ciéncia que visa obter imagens da superficie
terrestre por meio da deteccao e medigao quantitativa das respostas das interaces
da radiacao eletromagnética (REM) com os materiais terrestres (MENESES; AL-
MEIDA, 2012). Qualquer objeto com temperatura acima de 0 Kelvin emite REM,
porém, para que uma imagem seja gerada, € necessario que a fonte desta radiagao
possua uma alta taxa de transferéncia de energia. Com isso, o Sol e a Terra sao as
principais fontes naturais de REM utilizadas em sensoriamento remoto (figura 2). O
Sol emite um espectro continuo que vai de comprimentos de ondas menores (ultra-
violeta) a comprimentos maiores (infravermelho préximo e infravermelho de ondas
curtas). Por outro lado, a Terra emite comprimentos de ondas maiores que do sol,
na faixa do infravermelho. Existem alguns comprimentos de onda, como as micro-
ondas, que nao podem ser emitidas por estas fontes, sendo por isso necessario o

uso de fontes artificiais.

emita pelo Sol

Radiacao Eletromagnética Radiagao Eletromagnética
emita pelaTerra

2:';: Raio X Ultravioleta Vi | Infravermelho  Termal Microondas Radio, TV
o o - =) o ~Q o =no... o <) =) o o
2 3 3§38 3z . 8 ¥-.& 388%..9 * 3 ¢ 8
) 3 3 3 35 3 "5 Sc 3 3 c
High
ntensidade
de Energia

A .

Infravermelho 10 l|,,jn'| 70 MM

Ultravioleta

Figura 2: Espectro eletromagnético emitido pelo Sol e Terra.

Fonte: Modificado de https://www.weather.gov/jetstream/absorb, acessado em 23/06/2020.

A radiacao eletromagnética refletida pelos alvos terrestres deve ser captada
por sensores instalados em plataformas de aquisi¢cao (satélites, aeronaves, bases
de observacgéo, etc), para que seja gerada uma imagem de sensoriamento remoto

(figura 3) . Para isso, a radiagéo eletromagnética que parte de uma fonte (A), aqui
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o sol sera utilizado como exemplo, deve atravessar a atmosfera (B) e chegar a um
alvo na superficie terrestre (C) e, apés interagir com este alvo, retornar a um sensor
(D), atravessando novamente a atmosfera, porém agora no caminho ascendente. O
sensor registra o valor de radiancia, emitancia e retroespalhamento dos alvos ' em
pixels cujos valores sao discretizados em numeros digitais (MENESES; ALMEIDA,
2012). Posteriormente, existem estagdes terrestres (E) que registram o sinal digital
enviado pelos satélites e o convertem em uma imagem digital, também conhecida
como raster. Antes da disponibilizagao destas imagens (G), em geral, sdo realizadas

corregdes atmosféricas, geométricas, radiométricas e de realce (F).

D

( e X
0\ = %

NS

c Q -
1

Figura 3: Processo de aquisigao de uma imagem em sensoriamento remoto.

Fonte: elaborado pelo autor.

A intensidade da interacido entre a REM e o alvo é definida por seu compri-
mento de onda. As interagdes no nivel macroscdpico ocorrem em maiores compri-
mentos de onda (com menor energia), que nao geram interacées em niveis atdbmi-
cos. Comisso, as interagdes ocorrem apenas nos niveis superficiais, o que favorece

a identificagao de caracteristicas morfoldgicas dos alvos como textura e rugosidade

A radiancia é a medida da densidade de fluxo radiante que se propaga em uma diregéo definida
por um cone elementar naquela diregdo. A emitancia mede a energia emitida por um corpo por
segundo e unidade de area. O retroespalhamento é a reflexdo dos sinais em sua diregéo de partida.
(MENESES; ALMEIDA, 2012).
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(JENSEN, 2009). Ja os menores comprimentos de onda carregam energia sufici-
ente para gerar transi¢goes nos niveis de energia dos atomos e moléculas dos alvos.
Desta forma, uma vez que materiais de diferentes composi¢cdes apresentam dife-
rentes absortancia e reflectancia®, a parte que é refletida desta interagdo carregara
uma assinatura espectral que contém informagdes sobre a composigao do objeto
(MENESES; ALMEIDA; MELLO BAPTISTA, 2019).

A analise espectral dos materiais permite que, em sensoriamento remoto, se-
jam realizadas interpretacdes que levam em conta ndo apenas a morfologia do ma-
terial, mas também sua reflectancia. Porém, para a escolha da imagem adequada
para realizar esta interpretacao, € necessario avaliar a resolugao espacial, espec-
tral, radiométrica e temporal do sensor que sera utilizado, ja que estes fatores sao
limitantes a esta analise.

A resolugao espacial se refere ao intervalo amostral, e por consequéncia, ao
tamanho do menor objeto passivel de ser identificado em uma imagem. Por defini-
¢ao, so é possivel detectar um objeto quando seu tamanho é igual ou maior que o
tamanho do elemento de resolugcao no terreno.

A resolucao espectral define a largura das faixas do espectro eletromagnético
que sao adquiridas por um sensor. Um sensor tem uma melhor resolugdo espec-
tral quando adquire um maior numero de bandas situadas em diferentes regides
espectrais e com larguras estreitas, permitindo uma caracterizagdo mais detalhada
da reflectancia de um determinado alvo.

A medida da intensidade de radiancia da area de cada pixel define a resolugéo
radiométrica. O numero digital gerado no sensor é quantizado na forma de numero
de digitos binarios (bits). Imagens com uma maior quantidade de bits, por exemplo
16 (2%) bits, registram maiores detalhes visuais em relagdo a imagens com menores
resolugdes radiométricas de 2, 4 e 8 (21, 22, 2°) bits.

O tempo de revisita do sensor em determinada area define sua resolucao tem-
poral. Uma vez que existem variagcdes sazonais que podem afetar a resposta es-
pectral dos alvos, é fundamental avaliar a resolugao temporal de uma imagem para

se realizar uma caracterizagao espectral adequada. Além disso, para geragao de

2A reflectancia é calculada por meio da razéo entre a radiancia e a irradiancia (quantidade de
energia incidente naquela area). (MENESES; ALMEIDA; MELLO BAPTISTA, 2019)
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séries temporais que avaliam mudancgas ou evolug¢des na superficie terrestre, a re-
solucao temporal tem um papel importante.

A resolucao espacial do sensor € um dos fatores mais importantes na escolha
de imagens para analisar e segmentar deslizamentos de terra, uma vez que s6 é
possivel identificar com clareza as feigbes geradas por estes eventos em imagens
que apresentam resolugao que seja similar a dimensao da cicatriz que € gerada no
solo apds um deslizamento. A resolugao temporal também favorece a identificagéo
dos deslizamentos ja que é possivel, por meio de analises temporais e subtracdes
entre as bandas de imagens obtidas em diferentes datas, identificar areas que pas-
saram por um maior processo de mudanga. Porém, uma vez que os deslizamentos
nao apresentam respostas espectrais caracteristicas que permita distingui-los de
objetos com reflectancia similar, como solos expostos, telhados e rios com elevada
carga de fundo, comumente séo utilizadas rotinas complexas de pré processamento
de imagens e algoritmos de classificacdo na tentativa de acelerar e facilitar este pro-
cesso identificagao.

As técnicas de classificagao digital de imagem visam implementar um processo
de decisao que permita ao computador atribuir certo conjunto de pixels a uma de-
terminada classe. A classificagao baseada em pixel e baseada em objetos sdo os
métodos de classificagdo de imagens mais utilizados. Recentemente, a técnica de
deep learning (segao 4.3), utilizada neste trabalho, esta sendo cada vez mais utili-

zada para classificar imagens em sensoriamento remoto.

4.2.1 Classificagao Baseada em Pixels

A classificagao baseada em pixels busca classificar individualmente cada pi-
xel de uma imagem com base em seu padrao espectral. Este processo é o mais
comum em sensoriamento remoto, podendo ser realizado de maneira supervisio-
nada ou nao supervisionada (JENSEN, 2009). Na classificagdo supervisionada o
analista deve fornecer ao algoritmo amostras que contenham informagdes espec-
trais da classe de interesse. A partir destas informacgdes, que sao utilizadas como
parametros de entrada no sistema de classificagdo, os algoritmos buscam classifi-
car os pixels com comportamento espectral semelhante. Os algoritmos comumente
utilizados sdo o de maxima verossimilhanca (MaxVer), método do paralelepipedo e

distancia euclidiana, Support Vector Machines (SVM), AdaBoost, XgBoost e Deep
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Learning. Ja na classificagdo n&o supervisionada o algoritmo busca agrupar pixels
similares em grupos (clusters). Cada grupo é considerado como representativo da
distribuicdo de probabilidade de uma determinada classe. Dentre as técnicas mais

utilizadas em sensoriamento remoto destaca-se a K-means.

4.2.2 Classificagao Orientada ao Objeto

A classificagdo baseada em objetos, Geographic Object-Based Image Analy-
sis (GEOBIA), nao classifica individualmente cada pixel, mas esta técnica agrupa
pixels que apresentam similaridades espectrais, morfologicas e texturais em obje-
tos primitivos. Para isso, € necessario que a imagem seja particionada em regides
(segmentacdo) que sdo posteriormente associadas a uma classe. E fundamental
que a etapa de segmentacao seja bem realizada, ja que as caracteristicas dos obje-
tos ali delimitados serao utilizadas pelo algoritmo para segmentar objetos similares
(BLASCHKE, 2010).

As técnicas de GEOBIA geralmente sao indicadas em imagens de alta reso-
lucdo espacial, ja que estas imagens apresentam um nivel maior de detalhe visual,
0 que aumenta a variabilidade espectral em um unico alvo, gerando ruidos no pro-
cesso de classificagao por pixels. O agrupamento em objetos engloba esta variagéo
de cada classe e, consequentemente, gera resultados menos ruidosos e com maior
qualidade (ESMAEL et al., 2015).
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4.3 Deep Learning

O deep learning é uma técnica de aprendizado de maquina em que se busca,
por meio de redes neurais artificiais profundas, descobrir de maneira autbnoma, isto
€, sem programacao explicita, regras e parametros a respeito de um conjunto de da-
dos que possam fornecer uma representagcdo adequada para o problema em ques-
tdo (YAN; YOSHUA; GEOFFREY, 2015). O termo “aprendizado profundo” deriva
da grande quantidade de camadas escondidas (hidden layers), localizadas entre a
camada de entrada (input) e a camada de saida (output).

Os modelos podem ser treinados de maneira supervisionada, ndo supervisio-
nada e reforgada. Neste trabalho, foi utilizado o método supervisionado, ja que as
imagens utilizadas no processo da rede foram previamente classificadas, servindo
como um guia para o treinamento do modelo.

A escolha da arquitetura de rede esta condicionada ao problema em questéo.
Uma vez que o objetivo deste trabalho € classificar os pixels da imagem nas classes
escorregamentos de terra e background, caracterizando o problema de segmenta-
¢ao semantica, a arquitetura conhecida como U-Net (RONNEBERGER; FISCHER;
BROX, 2015) foi utilizada.

4.3.1 Redes Neurais Artificiais

As redes neurais artificiais foram desenvolvidas inspiradas na estrutura hie-
rarquica e interconectada do modelo biolégico neural (GOODFELLOW; BENGIO;
COURVILLE, 2016). Estas redes sao representadas por um empilhamento de neuré-
nios os quais juntos definem uma camada. Os neurdnios estao totalmente interli-
gados (fully connected) a neurdnios de camadas adjacentes por meio de conexdes
que sao controladas por pesos. Durante o treinamento destas redes, busca-se ca-
librar o valor destes pesos uma vez que sao eles que expressam a relevancia da
informacao computada para a predicao final.

Os neurdnios sao as unidades basicas de uma rede neural e tém o papel de
realizar operagdes lineares em que pesos (w) sdo multiplicados por um valor de en-
trada (x) e adicionados a um valor de bias (b) (NG et al., 2014) . O valor obtido em
cada neurbnio é multiplicado pela fungao de ativagao nao linear () que favorece o
aumento do grau de liberdade da fungdo computada. Consequentemente, permite

o aprendizado de padrdes complexos e néo lineares expressos nos dados (equagao
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1 e figura 4). Os pesos s&o valores que variam durante o processo de treinamento
da rede e vao sendo calibrados para definir os valores mais relevantes para a pre-
dicdo do modelo. Ja o valor de bias funciona como uma constante que permitira o
deslocamento da fungéo de ativagdo (KELLEHER, 2019).

y=oa(w-zx+Db) (1)

Bias

T o— Wy Funcéo de

\j\ Atlvagao Saida
Camadas de Entrada | 2 o /\/ -y

T3 o— W3

Pesos

Figura 4: Operacao realizada em cada neurdnio de uma rede neural artificial.

Fonte: elaborado pelo autor.

O processo de transmissao de informacao, ou forward propagation, em uma
rede de varias camadas e neurdnios, também conhecida como multi-layer percep-
tron (figura 5), ocorre por meio de calculos de produtos escalares em cada camada
da rede e passagem de informacao para todos os neurénios da camada seguinte
(KELLEHER, 2019). E importante ressaltar que uma vez que o output de uma ca-
mada anterior se torna o input da préxima camada, as computacdes vao se tornando
sucessivamente mais complexas e abstratas a medida em que avangam até o ultimo

neurdnio da rede.
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Camada Camada
Entrada Escondida -1 Escondida -2 Saida

)

Vetor a

Figura 5: Rede neural de multiplas camadas.

Fonte: elaborado pelo autor.

Para elucidar este processo, vemos que o neurénio a4,(") (figura 5) ira computar
um produto escalar entre o vetor que contém os pesos (w), que estao ligados a
estes neurdnios, e o vetor (a), que contém os inputs (advindos dos inputs x1, x2,
x3) e adiciona-los a um valor de bias (b) (eq. 2). A este resultado sera aplicada uma
funcao de ativagao (a). Posteriormente, a informacgao calculada é transmitida para
todos os neurdnios da camada seguinte (a1,?) que realizara uma operacgao similar
(eq. 3), porém, agora o input representa valores computados pelos neurbnios da
camada anterior (a("). O calculo realizado em cada camada pode ser generalizado
conforme a equacgédo 4. Onde "L’ representa a camada em que o neurdnio esta
localizado e "W” a matriz que contém os pesos ligados a cada neurdnio, sendo

cada linha desta matriz correspondente a um neurdnio da rede.

al, 'V = a(w® - a® 4+ p1) (2)

al,'? = a(w® - o™ + 1) (3)
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Em redes que utilizam o processo de treinamento supervisionado, como a des-
crita neste trabalho, o ultimo neurdnio € responsavel por calcular um valor escalar
que permitira avaliar se o valor determinado pelo modelo é igual ou proximo ao valor
esperado. Essa comparacao entre o valor esperado e o previsto pelo modelo é re-
alizada por uma fungao de custo. Com base nessa funcéo, ocorrera o processo de
propagacao reversa (backward propagation) que por meio do calculo do gradiente
dos pesos ira ajusta-los, em cada época de treinamento 3, visando reduzir o valor
da funcao de custo.

A funcéo de custo (J) € uma funcéo diferenciavel que é utilizada para mensurar
a qualidade da predi¢ao que esta sendo realizada (CHARU, 2018). A funcdo de erro
meédio quadratico sera utilizada aqui como exemplo para simplificar a explicagao.
Na sessédo 4.3.3 a fungao de entropia cruzada binaria utilizada neste trabalho &
explicada. Na equacao 5, "w” representa todos os pesos da rede, "b” os valores
de bias, "n” o total de dados de treino e "y’ o valor de saida da rede, "Y” o valor

esperado. Note que nessa fungéo o valor nunca é negativo e se aproxima de zero

a medida que o valor predito pelo modelo se aproxima do valor esperado.

S = 5 Sl = VP )

Apés o calculo da fungao de custo, tem inicio a etapa de backward propagation
em que os gradientes das fungbes computadas em cada neurdnio séo calculados
de maneira reversa, isto €, da camada de saida da rede até a primeira camada
escondida com base na regra da cadeia do Calculo. A regra da cadeia € utilizada
aqui, pois uma vez que as fungcdes computadas nos neurbnios sdo compostas de
fungdes computadas em neurdnios anteriores, a diferenciagcao deve seguir a logica
da equacdo 6, em que a derivada da fungao externa ( f(x) ) é multiplicada pela
funcao interna ( g(x) ). O intuito deste processo é calcular o gradiente de cada
neurbnio e com isso mover os parametros (pesos) da rede na dire¢ao negativa do

maior gradiente para reduzir o valor da fungcao de custo.

3Uma época de treinamento é definida quando todos os dados disponiveis s&o utilizados no trei-

namento do modelo.
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A figura 6 mostra uma rede neural simplificada com apenas uma camada es-
condida que auxiliara a ilustrar todo o processo de treinamento. Na etapa de forward
propagation o neurdnio aq,(") ird computar a soma ponderada dos pesos (w) pelos
valores de entrada (x), expressa na equacao 7. O neurdnio a,,") realizard o mesmo
processo conforme descrito na equacao 8. Ao final, o resultado passara por uma
funcao de ativagao («). O neurdnio de saida (y) ira receber o resultado dos neur6-
nios anteriores (a;,!" e a,,() e realizara o calculo conforme descrito na equagéo 9.
Ao final, a funcao de custo sera calculada utilizando o valor escalar obtido na saida

da rede e o valor esperado (V).

Camada

Entrada Escondida -1 Saida Funcio de

Custo

arV=a(wy.xs + wp. Xo +b)

X1

Forward
Propagation

Xp y=a(ws.a1(" ; wg a(V +bp)

a2(1) =a(w3.Xq + Wg. Xo+b)

Figura 6: Etapa de forward progation.

Fonte: elaborado pelo autor.

ap, (Y = a(wr.xl + we.ze + by) )
as, Y = a(ws.xq + wa.z2 + by) ®)
y— a(w5.a1,( D 4 we.ag, (D + b) (9)

Apds o calculo do valor da funcédo de custo, tem inicio a etapa de backpro-

pagation que sera explicada em detalhes, pois trata-se da parte mais complexa e
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crucial para o funcionamento de uma rede neural. Assim, a funcdo de custo (J) é

derivada com relagao aos pesos (w), seguindo a regra da cadeia (eq. 10):

g—iz(y—Y)”:z(y—?)-y’—Y (10)
A derivada da funcéo y (eq. 9) seguira as mesmas regras ja que também se trata
de uma fung&do composta. O calculo ocorre de acordo com a equagéo 11. Note que
Y é uma constante, portanto, deixa de existir nessa fungao ja que sua derivada é
zero.

(9] 9 / ¥ !
f =y = V) = (= V)alws.ar, )+ we.ay, D + o) )

Para prosseguir com a derivagao é necessario definir a fungéo de ativagao («). As-
sim, visando facilitar o entendimento, a funcéo sigmdéide (eq. 12) sera considerada
em todos neurénios 4.

a(wlz +b) = (12)

Prosseguindo com os calculos (eq. 13) e derivando a fungao em relagéo a ws,
os valores de wg e do bias (b) sao considerados constantes, portanto, seu valor é 0
(zero). Ja o valor da derivada de ws € 1 (um), pois, conforme a regra da identidade,

a derivacéo se da em relacdo a este valor (eq. 14)

oJ ~
a—w = (y — Y)o/(wg,.al,( 1) + ’wG.ag,( 1) + bg).(w5.a1,( 1) + U)ﬁ.a,g,( 1) —+ bg)/ (13)
g—J = (y — Y)o! (ws.a1, Y + wg.a,( V) + by).al! (14)
w

Sabendo que a derivada da fungao sigmoide é definida conforme a equagéo 15 e

substituindo "z” por "ws.aq,( V) + wg.a2, V) + by”, se obtém a equacéo 16:

o =a(z).(1-a(2)) (15)

Oa
o a(ws.ar, Y + wg.az, Y + by).(1 — a(ws.ar, Y + wg.a, P + by)) (16)

“Neste trabalho, a fugdo sigmoide foi utilizada apenas no ultimo neurdnio da rede. Nos demais

neurdnios a fungéo Rectified Linear Unit (ReLU) foi utilizada. Ambas as fungdes estdo explicadas

em detalhes na segéo 4.3.2.
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Note que as equagdes desta fungao correspondem justamente ao valor com-

putado na camada de saida da rede (y), assim, pode-se substituir este valor e obter

a equacgao 17. Juntando o resultado desta derivagdo com o que foi obtido anterior-

mente, chega-se na equacao 18.

O
6_w = y-(l - y)
oJ ~
o (y = V)y.(1 - y).alV

(17)

(18)

Este resultado define o gradiente do peso ws (eq. 19) e analogamente o gra-

diente de wg (eq. 20). Note que apenas o valor a,(!) é diferente, em fungédo da

derivagao da equacéao (14) em relagdo a wg € ndo mais a ws. O pensamento ana-

logo pode ser realizado para neurdnios que se encontram em camadas escondidas

anteriores (Fig. 7).

~

Vws = (y—Y).y.(1 - y).agl)

~

Vws = (y—Y).y.(1— y).a(zl)

Vuws = (y—¥).y. (1 - y).w5.agl)(1 - a(ll))zz
Vw; = (y—Y).y. (1 —y). ws. agl)(l - a§1))m1

Vws = (y—Y).y. (1 —y).al"

oJ
ow

Backpropagation

Vwg = (y—Y).y. (1— y).aél)

Vwg = (y—Y).y. (1 -1y). wﬁ.agl)(l - agl))mg

Vws = (y—Y).y. (1 - y).wﬁ.agl)(l - agl))ml

Figura 7: Etapa de backpropagation.

Fonte: elaborado pelo autor.

—— =(y-Y).0o' (ws. a1,V +wg. az,V +b2).a(11

)

(19)

(20)

Note que o calculo do gradiente permite determinar qual a direcdo que ira di-

recionar a funcéo de custo a ter seu valor reduzido, porém € importante notar que a
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magnitude deste ajuste ndo pode ser definida pelo processo de derivagéo, assim o

parametro conhecido como learning rate definira esta magnitude (figura 8).

Learning
Rate - 1

é ea’/?//)g
Qe

w

Figura 8: Impacto do valor de learning rate no processo de otimizagao.

Fonte: elaborado pelo autor.

O learning rate ( o ) € um valor estabelecido durante o processo de treinamento
que determina qual a magnitude do ajuste que o algoritmo de otimizacao gradient
descent ° realizara nos pesos de cada neurdnio (eq. 21).

oJ

w=w—a-2L 1)

ow
Com os ajustes nos pesos realizados, o processo de treinamento se repete

por um numero pré-determinado de épocas ou até que uma determinada condi¢ao
seja cumprida. A definigdo deste valor e a calibragdo de outros parametros (hyper-
parameters) estao diretamente ligados a performance do modelo. Tais parametros

sao definidos manualmente e buscam evitar que o modelo apresente overfitting (ver

SPara facilitar a explicagéo, o otimizador conhecido como gradient descent sera utilizado neste
exemplo, porém, existem otimizadores mais avangados como o Adaptive Moment Estimation (Adam)

que foi utilizado na pesquisa e esta explicado em detalhes na seg¢ao 4.3.5.
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secado 4.3.6), isto &, permitir que o modelo realize predigdes corretas em dados que

nao foram utilizados em seu treinamento.

4.3.2 Fungodes de Ativagao

As fungdes de ativacao sao fungdes diferenciaveis que transformam o sinal de
input em output, adicionando um componente nao linear a esta transformacédo. Tal
resultado guia o processo de ativagao ou nao ativagdo de um neurénio. Na etapa
de backpropagation, a diferenciagao destas fungdes auxiliam o processo de optimi-
zacao dos pesos. As fungdes sigmoide, tangente hiperbdlica (TanH), unidade linear
retificada (ReLU), Leaky ReLU e unidade linear exponencial (ELU), geralmente sado
as mais utilizadas como funcdes de ativacao. Neste trabalho foram utilizadas as
funcdes RelLU e sigmaide.

A funcédo sigmoide (figura 9), ou logistica, transforma seu input, que se encon-
tra no dominio dos numeros reais, em valores que estédo no intervalo (0,1). Assim,
geralmente ela é utilizada no neurénio final em problemas de classificagdo binaria.
A derivada apresenta o valor maximo (0.25) quando o valor de input é zero e a me-
dida que o valor diverge de zero em ambas as diregdes, a derivada se aproxima de
zero.

Funcdo Sigmdide
1 101
0.8

0.6 1

Figura 9: Gréfico da fungéo sigmodide e de sua derivada de primeira ordem.

Fonte: elaborado pelo autor.

A funcédo ReLU (figura 10) mantém apenas os elementos positivos do input e

transforma os valores negativos em zero. Devido a simplicidade desta transforma-
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¢ao nao linear, e boa performance em problemas de predicéo, esta fungao € comu-
mente utilizada nos neurénios localizados nas camadas escondidas (QUINN et al.,
2019). Esta fungao apresenta derivada de valor zero quando o input é negativo e

um (1) quando o valor é positivo.

Funcdo RelLU

— Rel(2) = maz(0. z) 61

[e—— Rt’LU’(:) —J0 x<0
1 x>0

Figura 10: Grafico da fungdo RelLU e de sua derivada de primeira ordem.

Fonte: elaborado pelo autor.

4.3.3 Funcgao de Custo
A funcao de custo (J) é utilizada para mensurar a qualidade da predigdo que
esta sendo realizada. O treinamento de modelos supervisionados tem como objetivo
minimizar o valor desta fungdo. Em problemas de segmentacao binaria € comum o
uso da fungéo de entropia cruzada binaria (eq. 22). Nesta equacgéo, Y representa o

valor esperado, Y o valor predito pelo modelo, N o nimero de amostras.

=—%Z (—log(Y) + (1 = Y)(~log(1-Y)) (22)

4.3.4 Learning Rate
A atualizagao dos pesos entre os neurénios é feita pelo algoritmo de otimiza-
¢ao, visando encontrar um valor minimo, que pode ser local ou global, da fungéo
de custo. A dimens&o do ajuste é controlada pelo learning rate, por isso, € im-
portante encontrar um valor ideal de learning rate, ja que valores muito elevados

podem dificultar a convergéncia, enquanto valores baixos podem levar muito tempo
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para convergir (figura 11).

Muito baixo Correto Muito Elevado

IW) || / IW || | JW) | \ |
| | \ ",‘ <" ‘J‘

=

7 's 7
Quando o valor do v Um valor adequado de v Um valor muito elevado
Learning Rate é muito Learning Rate permite de Learning Rate gera
baixo o processo de op- que o modelo chegue mudangas drasticas nos
timizagao pode levar em um ponto minimo valores dos pesos, o que
muito tempo até clegar rapidamente. dificulta a convergéncia
em um ponto minimo. do modelo.

Figura 11: Impacto de diferentes valores de learning rate na convergéncia do
modelo.

Fonte: Modificado de https://www.jeremyjordan.me/nn-learning-rate/, acessado em
20/06/2020.

4.3.5 Funcgao de Otimizagao

A funcao de otimizagédo tem como objetivo ajustar os pesos da rede neural, vi-
sando reduzir a fungao de custo. A fungao Adaptative Movement Estimation (Adam)
(KINGMA; BA, 2014) foi utilizada nesta pesquisa. Este algoritmo foi desenvolvido
para acelerar o processo de otimizacao e é considerado o melhor para diversos pro-
blemas em que se utiliza a técnica de deep learning (BUDUMA; LOCASCIO, 2017).

A funcdo Adam é um algoritmo que utiliza caracteristicas dos algoritmos Adap-
tive Gradient Algorithm (AdaGrad) e Root Mean Square Propagation (RMSProp) e
com isso consegue realizar um ajuste para o valor de learning rate dinamicamente
para cada parametro da rede. Além disso, guarda o decaimento exponencial do
quadrado dos gradientes anteriores. Tais caracteristicas facilitam a convergéncia
dos modelos, ja que um valor de learning rate fixo é desvantajoso quando a fungéo
de custo se aproxima de valores minimos e guardar o valor dos decaimento dos
gradientes melhora a eficiéncia computacional e a efetividade do algoritmo (GOOD-
FELLOW,; BENGIO; COURVILLE, 2016). Para uma explicagdo matematica mais

detalhada recomenda-se a leitura de Kingma e Ba (2014).
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4.3.6 Overfitting e Underfitting
Ao treinar um modelo € importante que este apresente boa capacidade de
generalizagdo, isto €, classifique corretamente dados que nao participaram do pro-
cesso de treinamento. Para isto, comumente o dataset é separado em dados de
treino, validacao e teste. Estes dados sao utilizados para avaliar se esta ocorrendo

o processo de undeffitting ou overfitting (figura 12).

Underfitting Balanceado Overfitting
o ° ’ .." ”0 o .".‘-.--,‘\' . ‘..’0
0 *% %o o®® e v Ve
e o e o e ’
o ®e Fe
. s ;

Figura 12: Processo de oveffitting e undetfitting.

Fonte: Modificado de https://www.educative.io/edpresso/overfitting-and-underfitting,
acessado em 20/06/2020.

O underfitting, ou alto bias, ocorre quando o modelo obtido comete muitos
erros ao ser avaliado nos dados em que foi treinado. Isto mostra que o modelo
utilizado é muito simples ou ainda que os dados apresentados sao insuficientes para
o0 modelo aprender representagdes relevantes ao problema. A utilizacdo de redes
mais complexas — por exemplo, uma rede neural com mais camadas escondidas —
pode ser uma alternativa para resolver este problema.

Por outro lodo, no overfitting, ou alta variancia, o modelo comete poucos ou
nenhum erro nos dados de treino, porém ao ser avaliado em um dado de teste o
erro é alto. Isto pode evidenciar que o modelo é muito complexo, permitindo o ajuste
perfeito aos dados de treino, ou que a quantidade de dados de treinamento néo é
suficiente. Para reduzir o overfitting, € comum o uso de camadas de regularizagéo
(dropout e batch normalization), data augmentation e transferéncia de conhecimento
(transfer learning) (BURKOQOV, 2019).
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4.4 Redes Neurais Convolucionais

Redes Neurais Convolucionais (RNC) (Convolution Neural Networks - CNN)
foram desenvolvidas inspiradas no modo de funcionamento do sistema de visédo
animal. Conforme descrito pelos trabalhos de Hubel e Wiesel (1959) e Marr (1982),
0 cortex visual possui uma organizagdo complexa de células que atuam como fil-
tros em diferentes sub-regides do campo visual. Este processo de filtragem ocorre
de modo hierarquico em que as informagdes mais complexas de um objeto como
profundidade e volume sao construidas a partir de caracteristicas mais simples tais
como bordas, curvas e vértices. Estes primeiros modelos serviram de base para o
desenvolvimento das RNC.

As redes convolucionais sao consideradas como um tipo de rede neural arti-
ficial de multiplas camadas (LECUN et al., 1989). Assim, seu processo de treina-
mento € analogo ao das redes neurais artificiais. Porém, os neurdnios nas redes
convolucionais sao representados por pequenos filtros e ndo estao totalmente co-
nectados uns aos outros. Tais caracteristicas permitem que estas redes mantenham
a estrutura espacial dos dados de entrada, ndo sendo necessario transforma-los
em um vetor. Além disso, as representacdes apreendidas sao locais, ao invés de
representagdes globais como nas redes densas (CHOLLET, 2017). Com represen-
tacdes locais 0 modelo pode detectar um mesmo padrao em diferentes posicoes
da imagem. Ainda, as representacdes obtidas apresentam uma hierarquia de com-
plexidade, em que as camadas iniciais da rede se especializam em detectar feicdes
simples, a saber, bordas verticais, bordas horizontais e vértices, e as camadas mais
profundas combinam estas informacgdes para obter padrbes sucessivamente mais
complexo e abstratos.

A arquitetura de uma rede de convolugao é composta por uma intercalagéo de
camadas de convolugéo e pooling. As camadas de convolugédo sdo pequenas ma-
trizes de numeros reais, em geral de dimensdes impares (3x3, 5x5, 7x7), que funci-
onam como filtros, também conhecidos como kernels. Estes filtros se deslocam por
todas as dimensdes da imagem realizando produtos escalares que geram um mapa
de caracteristicas (feature map) da imagem em analise. O treinamento deste tipo
de rede visa calibrar os valores destes pesos para que os filtros obtenham caracte-

risticas relevantes que permitam identificar determinado elemento na imagem. Em
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contrapartida, as camadas de pooling sao utilizadas para reduzir o custo computa-
cional ja que diminuem a dimensao espacial do mapa de caracteristica obtido pelas
operacgdes de convolugao e auxiliam a remover valores redundantes e preservar os
mais relevantes. Para isso, pequenas janelas moveis, geralmente de dimensdes
pares (2x2, 4x4, 6x6), deslocam-se por toda a imagem extraindo o valor maximo

dos elementos englobados por esta.

441 Camadas de Convolugao
As camadas de convolugdo atuam como pequenos filtros que se deslocam
por toda a imagem realizando produtos escalares (figura 13). O resultado desta
operagao passa por uma fungao de ativagéo nao linear que gera um mapa de ca-
racteristica que contém representagdes abstratas dos dados de entrada. Os mapas
gerados pelos diversos filtros presentes em uma camada sdo empilhados formando

um tensor cuja profundidade é igual ao numero de filtros.

- o
-

- -
- -

a b c | Tty 7T ===--- a+2b+3d| b+2c+3e
1 2 ] e + 4f
d e f 3.0 4 |7
............. e L d+2e+3g| e+2f+3h
+4h + 41
g h i
Entrada Filtro Saida

Figura 13: Operacao de convolugéo.

Fonte: elaborado pelo autor.

As camadas de convolugao tém como input uma matriz tridimensional que
possui largura, altura e profundidade. A largura e altura representam as dimensdes
espaciais da imagem, ja a profundidade caracteriza a quantidade de canais de cor®
presentes na imagem. Os filtros de convolug&o que irdo operar nesta imagem, tam-
bém apresentarao trés dimensdes, sendo que a largura e a altura representam as
dimensdes espaciais do filtro e a profundidade sera a mesma da imagem de input,

permitindo que este filtro opere ao longo de todo o volume da imagem (figura 14).

8Em sensoriamento remoto a profundidade é equivalente a quantidade de bandas espectrais pre-

sentes no sensor.
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Figura 14: Operacéo de convolugdo em uma imagem RGB.

Fonte: elaborado pelo autor.

O filtro ird se movimentar ao longo da imagem com base no stride que € um
parametro que define qual o deslocamento lateral, em pixels. O controle deste para-
metro em conjunto com o padding, que representa a adigdo de pixels nas bordas da
imagem, define qual sera a dimensao de largura e altura resultante de cada camada

de convolugao (eq. 23).

(w— K +2P)
S

Nesta equacao, "O” representa a dimensao de saida da operagao de convo-

O:

+1 (23)

lugdo, "W” a dimenséo (altura ou largura) do dado de entrada, "K” a dimensao do

filtro, "P” o valor de padding e ”S” o valor do stride.
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4.4.2 Camadas de Pooling

As camadas de pooling reduzem a dimensao espacial dos mapas obtidos nas
camadas de convolugdo. Essa operagédo tem como objetivo reduzir o custo com-
putacional e, além disso, realcar os valores que mais ativaram os kernels. Concei-
tualmente, esta operagao € similar a de convolugao, porém, os filtros, ao invés de
realizarem transformacgdes lineares, extraem o maior valor (max pooling) ou o valor
médio (average pooling) dos elementos englobados pela janela de filtragem. Além
disso, comumente as janelas de pooling apresentam dimensao 2x2 e stride 2 para

reduzir o mapa de caracteristicas pela metade.

Mapa de Caracteristicas

3 0 0 009
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Figura 15: Operacgdes de Max Pooling e Average Pooling

Fonte: elaborado pelo autor.

4.4.3 Camadas de Dropout
O dropout (SRIVASTAVA et al., 2014) é uma técnica utilizada durante a fase
de treinamento da rede que envolve a desativagao aleatoria com probabilidade p de
uma parcela de neurénios do modelo. A ideia desta técnica é reduzir a complexidade

do modelo, consequentemente, o overfitting.

4.4.4 Camadas de Batch Normalization
O batch normalization (IOFFE; SZEGEDY, 2015) é uma técnica utilizada para
estabilizar a distribuicdo dos dados, em um grupo (batch) de amostras, antes do
input destes valores na proxima camada. Para isso, calcula-se a média acumulada
dos outputs de uma determinada camada e este valor é divido pelo desvio padrao
do grupo. Segundo Santurkar et al. (2018) este procedimento suaviza o “terreno”
da fungao de optimizagao, o que permite o uso de maiores valores de learning rate

€ uma convergéncia mais rapida do modelo.

30



4.5 Segmentagao Semantica

A segmentagcao semantica € definida como um problema de classificagdo em
que se busca classificar, em classes pré-definidas, os pixels de uma imagem. Em
modelos supervisionados, deve-se realizar uma classificagao prévia dos pixels das
imagens de treino, que posteriormente servira como base para a geragdao de uma
mascara que indicara as classes correspondentes de cada pixel. Estaimagem deve
apresentar as dimensdes de largura e altura da imagem de treino. Uma vez que
se busca classificar cada pixel da imagem, o resultado deve apresentar a mesma
dimensao espacial das camadas de input. Assim, as redes utilizadas para segmen-
tacao geralmente utilizam apenas camadas convolucionais em sua estrutura, sendo
conhecidas como redes totalmente convolucionais (fully convolutional networks).

As redes totalmente convolucionais comumente apresentam uma estrutura
que contém um caminho contracional (encoder), o qual € responsavel por captu-
rar o contexto da imagem, porém né&o leva em conta a localizagao espacial do pixel
classificado. Para recuperar a posicao espacial sdo realizadas operacdes de up-
sampling e concatenagdo em uma rede de expansao (decoder). Em arquiteturas
como a U-net existem conexdes que ligam as representagdes obtidas durante o

caminho contracional ao caminho extensional por meio de concatenacgoes.

4.51 U-Net

A U-net (RONNEBERGER; FISCHER; BROX, 2015) (figura 16) € uma rede de
segmentacéo totalmente convolucional desenvolvida com intuito de ser treinada de
ponta a ponta (end-to-end) com poucas imagens. Esta rede classifica cada pixel da
imagem por meio de uma arquitetura do tipo encoder-decoder. A posi¢cao espacial
da classificagéo € recuperada na etapa decoder por um processo de upsampling,
através de convolugdes transpostas e concatenacdo dos mapas de caracteristicas,
localizados em posi¢des simétricas no caminho contracional. E devido a esta sime-

tria, similar a letra “U”, que a rede possui 0 nome de U-net.

31



2 1024 512 t; -

e e
’ &S a3

tow ' ¥

Figura 16: Arquitetura de rede U-net.

Fonte: Modificado de Ronneberger, Fischer e Brox (2015).
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4.6 Operagoes Morfolégicas

As operagdes morfolégicas foram utilizadas neste trabalho para melhorar os
resultados obtidos pelos modelos de deep learning. Uma vez que explicagdes de-
talhadas sobre a teoria matematica morfolégica fogem ao escopo deste trabalho,
recomenda-se a leitura de Gonzalez e Woods (2008) para explicagdes com maior
rigor e detalhe matematico. Nesta sec¢éo, o foco principal sera explicar o efeito de
cada uma das operagdes morfoldgicas nas mascaras binarias que resultam dos mo-
delos de deep learning.

A morfologia matematica surgiu em fungao de pesquisas conjuntas de G. Mathe-
ron e J. Serra que utilizaram a Teoria dos Conjuntos para definir suas operagdes.
Com isso, a descrigdo completa de uma imagem binaria é caracterizada pelo con-
junto de todos os seus pixels pretos (MATHERON; SERRA, 2002). As operacgdes
morfologicas consistem em percorrer a imagem com um elemento estruturante e
quantificar a forma que este se encaixa na imagem. Assim, podem ser realizadas
operagodes de erosao, dilatacao, abertura e fechamento (fig. 17). Estas operagoes
sdo tipicamente aplicadas na remocéao de imperfeigdes introduzidas durante a seg-

mentacao.
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Figura 17: Operacdes morfologicas

Fonte: elaborado pelo autor.

O elemento estruturante € uma matriz que possui apenas valores "1’e "0”e que
possui dimensdes menores que a imagem sob analise. Seu pixel central, ou origem,
percorre cada elemento da imagem identificando o pixel que sera processado e
sua vizinhanga. O efeito do processamento € similar a um processo de filtragem e

depende da forma do operador que esta sendo usado (fig. 18).
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Figura 18: Elementos estruturantes com diferentes dimensées e formas.

Fonte: elaborado pelo autor.

4.6.1 Erosao e Dilatagao
A operagao de eroséo € utilizada para escurecer aimagem por meio da amplia-
¢ao do plano de fundo (pixels pretos) o que auxilia a remover componentes menores
que o elemento estruturante, além disso, ajuda a separar componentes conectados.
Pode-se definir a erosado pela equacao 24, em que A S B representa a erosao de A

por B e "Z” todos os pontos em que B, trasladados por z, contém A.

A© B ={z|(B). € A} (24)

A dilatagado auxilia a clarear a imagem, remover os ruidos das mascaras e
conectar pequenos buracos (pixels pretos) que se localizam em meio aos pixels
brancos. Esta operacido pode ser definida conforme a equacao 25, em que A ® B
representa a operacgao de dilatacdo de A por B e "Z” representa todos os desloca-
mentos em que B (reflexdo de B sobre sua origem) e A se sobrepdem em ao menos
um elemento (GONZALEZ; WOODS, 2008).

~

A® B ={z|[(B), N A] C A} (25)
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4.6.2 Abertura e Fechamento

As operacgdes de abertura geralmente auxiliam a suavizar os contornos de um
objeto, quebrar pequenas ligagdes entre os componentes e eliminar o ruidos das
imagens. Ja as operacgdes de fechamento também auxiliam a suavizar os contornos
dos objetos, porém, ao contrario das operagdes de abertura, elas auxiliam a juntar as
componentes com pequeno espagamento, eliminar buracos em objetos e preencher
vazios em seus contornos (GONZALEZ; WOODS, 2008).

A operacao de abertura pode ser definida conforme a equagao 26. Assim, a
abertura de A por B é a eroséo de A por B seguido por uma dilatagao. Similarmente,
o fechamento de A pelo elemento estruturante B é definido como a dilatagéo de A

por B seguido pela eroséo do resultado por B (eq. 27).

AeB=(A®B)oB (26)

AoB=(AeB)® B (27)
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5 RESULTADOS

A metodologia e os resultados obtidos neste trabalho foram organizados em
dois artigos cientificos. O artigo intitulado “Landslide Segmentation with U-Net: Eva-
luating Different Sampling Methods and Patch Sizes” foi elaborado durante o pri-
meiro ano de pesquisa e disponibilizado no ArXiv na forma de preprint . Ja o artigo
elaborado durante o segundo ano de pesquisa e intitulado “Landslide Segmentation
with Deep Learning: Evaluating Model Generalization in Rainfall-Induced Landsli-
des in Brazil” foi submetido na revista indexada Natural Hazards. A segao abaixo
apresenta um breve resumo destes dois trabalhos. Os textos completos podem ser
consultados nos apéndices 7.1 e 7.2, respectivamente. Outros dois trabalhos tam-
bém foram realizados em coautoria com pesquisadores da Universidade de Salz-
burg,na Austria, e da Universidade de Wuhan, na China. Estes trabalhos podem ser

consultados no apéndice 7.3 e 7.4.

5.1 Landslide Segmentation with U-Net: Evaluating Diffe-
rent Sampling Methods and Patch Sizes

O objetivo desta pesquisa foi avaliar como os diferentes métodos de amostra-
gem e as dimensdes das imagens de treinamento impactam a acuracia dos modelos
de deep learning durante a segmentacao de escorregamentos de terra. As imagens
utilizadas para o treinamento e teste dos modelos s&o da regido de Nova Friburgo,
no Rio de Janeiro (RJ) e foram obtidas do sensor RapidEye. Foram também utili-
zados modelos digitais de elevagao fornecidos pela Alaska Satellite Facility com 15
metros de resolugdo.. As imagens foram amostradas em dimensdes com 32x32,
64x64 e 128x128 pixels utilizando grids regulares com sobreposi¢cado de 30% entre
as grades e de maneira randémica. O processo de data augmentation também foi
utilizado para aumentar a quantidade de amostras de treinamento artificialmente.
Os modelos foram treinados utilizando a rede totalmente convolucional conhecida
como U-Net. Os resultados mostram que os algoritmos que utilizaram imagens com
maiores dimensdes obtiveram maiores valores de precisao, f1-score e indice de Jac-
card, enquanto os modelos treinados com menores dimensdes obtiveram maiores
valores de recall. Além disso, os modelos que utilizaram amostragem randémica

obtiveram maiores acuracias nas areas de teste avaliadas.
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5.2 Landslide Segmentation with Deep Learning: Evalua-
ting Model Generalization in Rainfall-Induced Landsli-

des in Brazil

O trabalho teve como objetivo segmentar cicatrizes de escorregamentos de
terra em areas distintas da area de treinamento. Foram avaliadas quatro diferentes
dimensdes de imagens de treinamento (32x32, 64x64, 128x128 e 256x256 pixels)
para compreender qual o impacto da dimens&o da imagem de treinamento na ca-
pacidade de generalizagdo do modelo. A rede U-Net e as imagens RapidEye e o
modelo digital de elevagao (MDE) da missao SRTM foram utilizados no treinamento
dos modelos. A area utilizada para o treinamento corresponde a regido de Nova
Friburgo (RJ) e as trés areas utilizadas para avaliar os modelos se localizam em
Nova Friburgo (RJ), Petrépolis (RJ) e Rolante (RS). Os resultados mostram que os
modelos treinados com imagens de maior dimensao tendem a se especializar na
deteccdo dos escorregamentos que estdo presentes na area de treino. Assim, os
algoritmos treinados com imagens de menor dimens&o apresentam melhor capaci-
dade de generalizacao para as diferentes areas da area de treinamento, ja que os
modelos ndo aprendem padrdes especificos da area de treinamento. Os resulta-
dos foram pds-processados com diferentes técnicas de processamento de imagens
(erosao, dilatagao, abertura e fechamento) e notou-se que o pds-processamento

dos resultados € uma maneira eficiente para aumentar a precisao dos resultados.
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6 CONCLUSOES

As analises e resultados obtidos nesta pesquisa evidenciam que a técnica de
deep learning apresenta grande potencial para segmentar de maneira automatica
os escorregamentos de terra. Porém, em fungdo da complexidade do problema
em questdo e da variedade de configuragdes e arquiteturas que a técnica de deep
learning apresenta, os resultados obtidos evidenciam a importancia da dimensao
das imagens de treinamento, dos métodos de amostragem e das configuragdes do
hiperparametros (hyperparameters) dos modelos.

A dimensao das imagens de treinamento € um dos parédmetros mais relevan-
tes, ja que de acordo com a natureza do problema que se pretende resolver, ela
parece ser um fator limitante. Em problemas em que se deseja segmentar escor-
regamentos em areas similares a area de treino, as maiores dimensdes analisadas
(128 x 128 pixels, 256 x 256 pixels) obtiveram os melhores resultados, pois os mode-
los tornam-se mais especializados nos dados da area de treinamento. No entanto,
em problemas em que se busca segmentar escorregamentos em areas distintas da
area de treinamento, as dimensdes menores (32x32 e 64x64 pixels) sdo mais efici-
entes uma vez que o modelo aprende padrées mais “locais” dos escorregamentos
e da cena e acaba ndo compreendendo caracteristicas mais “globais” da cena e
especificas da area de treinamento.

O método de amostragem das imagens também é fundamental para buscar re-
duzir o desbalanceamento entre a classe de interesse (positiva) e a classe de back-
ground (negativa). O método utilizado se baseou na selecéo por localizagdo que
se mostrou eficiente para eliminar as areas que nao apresentam a classe positiva
e, consequentemente, equilibrar a quantidade de amostras com a classe negativa
(mais abundante), permitindo a convergéncia do modelo.

Os hiperparametros da rede como o batch size, variagdes de arquitetura e valor
de learning rate também sao diretamente responsaveis pela acuracia dos resultados
obtidos. E fundamental testar diversas combinacdes de valores entre esses para-
metros, em um processo conhecido como grid search, para encontrar a combinagao
mais eficiente para o problema em questao.

As operacdes de pos-processamento sao eficientes para melhorar a precisao
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dos resultados obtidos, porém, ndo existe uma operagéo que seja superior a outra,
€ preciso testar diversas combinacdes entre elas para encontrar o melhor resultado.

Existem algumas limitagdes do trabalho realizado que merecem ser ressalta-
das para servir de motivacao para estudos futuros. As imagens utilizadas no pro-
cesso de treinamento dos modelos foram apenas do satélite RapidEye, portanto,
ainda existem duvidas com relagao a capacidade de generalizagado da técnica de
deep learning para segmentar os escorregamentos em imagens obtidas por dife-
rentes sensores. Autores como Prakash, Manconi e Loew (2021) e Ghorbanzadeh,
Crivellari et al. (2021) realizaram alguns estudos seguindo essa dire¢ao, porém exis-
tem ainda poucos trabalhos e as conclusdes sao incipientes para avaliar de maneira
ampla o potencial nesse tipo de aplicagado. Outro fator que merece atengao é a re-
solugéo espacial do modelo digital de elevacao (MDE) utilizado nesta pesquisa. Os
dados utilizados sdao da missdo SRTM, com 30 metros de resolucédo espacial, e
do SRTM da Alaska Satellite Facility, reamostrado para 15 metros de resolugio.
Assim, uma vez que os dados apresentam resolugdes distintas das imagens Ra-
pidEye utilizadas (5 metros), em nenhum dos estudos realizados observou-se me-
Ihora significativa nos modelos ao utilizar estes MDEs. Os autores Liu et al. (2020),
Ghorbanzadeh, Meena et al. (2020) e Meena et al. (2021) observaram melhoras
na segmentacgéao utilizando fatores topograficos em conjunto com os dados 6ticos,
porém, ainda nao existem trabalhos que avaliem se os dados topograficos também

auxiliam na capacidade de generalizagao dos modelos de deep learning.
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7 APENDICE

7.1 Landslide Segmentation with U-Net: Evaluating Diffe-
rent Sampling Methods and Patch Sizes
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ABSTRACT

Landslide inventory maps are crucial to validate predictive landslide models; however, since most
mapping methods rely on visual interpretation or expert knowledge, detailed inventory maps are still
lacking. This study used a fully convolutional deep learning model named U-net to automatically
segment landslides in the city of Nova Friburgo, located in the mountainous range of Rio de Janeiro,
southeastern Brazil. The objective was to evaluate the impact of patch sizes, sampling methods, and
datasets on the overall accuracy of the models. The training data used the optical information from
RapidEye satellite, and a digital elevation model (DEM) derived from the L-band sensor of the ALOS
satellite. The data was sampled using random and regular grid methods and patched in three sizes
(32x32, 64x64, and 128x128 pixels). The models were evaluated on two areas with precision, recall,
f1-score, and mean intersect over union (mloU) metrics. The results show that the models trained
with 32x32 tiles tend to have higher recall values due to higher true positive rates; however, they
misclassify more background areas as landslides (false positives). Models trained with 128x128 tiles
usually achieve higher precision values because they make less false positive errors. In both test areas,
DEM and augmentation increased the accuracy of the models. Random sampling helped in model
generalization. Models trained with 128x128 random tiles from the data that used the RapidEye
image, DEM information, and augmentation achieved the highest f1-score, 0.55 in test area one, and
0.58 in test area two. The results achieved in this study are comparable to other fully convolutional
models found in the literature, increasing the knowledge in the area.

Keywords Deep Learning - Fully Convolutional Networks (FCN) - Nova Friburgo - RapidEye - Landslide mapping

1 Introduction

Natural hazards are more frequent and harmful in recent years due to unplanned urbanization, climate change, and
population growth [Kobiyama et al., 2006, Hong et al., 2017, Alexander, 2008, Zhong et al., 2019]. According to the
Sendai framework for disaster risk reduction 2015-2030 [UNISDR, 2015], between 2008 and 2012, those hazards
affected more than 25 million people, with an economic loss of about 1.3 trillion dollars, impeding the progress towards
sustainable development.

Landslides commonly cause victims, damages to human habitations, and economic losses. Therefore, the study
of landslide detection has been considered a critical area of research in remote sensing [Hong et al., 2017]. However,
despite the importance highlighted by many authors, detailed landslides inventories are still lacking [Mondini et al.,
2019, Guzzetti et al., 2012]. Landslide inventory maps are used to prepare and validate landslide susceptibility models,
evaluate risk and vulnerability, study erosion and geomorphology, and document the impact of a landslide disaster
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[Van Westen et al., 2008]. Limited and incomplete data may be a source of bias for these studies since model success
depends directly on inventory accuracy.

Landslides inventory maps usually are prepared by using remote sensing imagery with high (HR) and very-high
(VHR) resolution [Zhong et al., 2020]. The landslides can be recognized in an aerial image manually by visual
interpretation, semi-automatically, or automatically by using algorithms for object image analysis (OBIA) and pixel-
based classification. Manual classification of landslides is the prevailing method [Xu, 2015, Yu et al., 2020], but,
for large areas, it is time-consuming. OBIA methodologies classify landslide areas by grouping objects with similar
spectral, spatial, hierarchical, textural, and morphological properties [Blaschke, 2010]. Nevertheless, the assignment
of those parameters is highly dependent on the analyst experience. Pixel-based methodologies classify each pixel of
the image based on its spectral information. However, geometric and contextual information present in the image is
ignored, increasing the salt-and-pepper noise in the results [Stumpf and Kerle, 2011, Blaschke et al., 2014, Zhong et al.,
2019, Prakash et al., 2020].

In recent years, deep convolution neural networks (DCNN) achieve state-of-art results in applications such as
semantic segmentation, object detection, natural language processing, and speech recognition [Ghorbanzadeh et al.,
2019, Peng et al., 2019, Zhu et al., 2017, Long et al., 2015, Radovic et al., 2017]. However, only a few studies have
used DCNNss for landslide detection [Zhong et al., 2020].

Ding et al. [2016] used DCNN on GF-1 (Gaofen-1) images with four spectral bands and eight-meter resolution,
achieving an overall accuracy of 67%, a detection rate of 72.5%, and 10.2% of false positive rate. Chen et al. [2018]
used DCNN on bi-temporal images to evaluate areas with drastic changes and combined a spatial context learning
(STCL) and information from a digital elevation model (DEM) to detect landslide areas. The method yield an accuracy
of more than 61% on the evaluated areas. Ghorbanzadeh et al. [2019] compared state-of-art machine learning methods
and DCNN on RapidEye images and a DEM, with five meters of spatial resolution. The DCNN that used only spectral
information and small windows was the best model achieving 78.26% on the mean intersect over union (mloU) metric.
Sameen and Pradhan [2019] compared residual networks (ResNets) trained with topographical information fused using
convolutional networks with topographical data added as additional channels. The models trained with the fused data
achieved f1-score and mloU that were superior by 13% and 12.96% compared to the other models. Yu et al. [2020]
used the enhanced vegetation index (EVI), DEM degradation indexes, and a contouring algorithm on Landsat images
to sample potential landslide zones with less class imbalance distribution. The trained fully convolutional network
(PSPNet) achieved 65% of recall and 55.35% of precision. Prakash et al. [2020] used Lidar DEM and Sentinel-2 images
to compare traditional pixel, object, and DCNN methods. The deep learning method, U-net with ResNet34 blocks,
achieved the best results with the Matthews correlation coefficient score of 0.495 and the probability of detection rate of
0.72.

DCNNeE, in supervised learning problems, can learn to identify patterns on the training data without the need for
complex operations to extract features or preprocessing methods. However, choosing the best network architecture,
preparing the training dataset, and tuning the hyperparameters is still a challenge [Pradhan et al., 2017, Sameen and
Pradhan, 2019]. Landslides scars dataset usually have an imbalanced class distribution with more pixels belonging to
background objects, such as urban areas, vegetation, and water, than landslide scars [Yu et al., 2020]. Therefore, since
landslide scars have different shapes and sizes, sampling methods and patch sizes may affect the model accuracy as it
can be a way to reduce the class imbalance between the positive and the negative class.

This research aims to evaluate how different datasets, sampling methods, and patch sizes impacts on the landslide
segmentation accuracy of U-net. To achieve that, we trained 288 models with landslide optical information from a
RapidEye satellite and topographical information from a DEM derived from the Phased Array type L-band Synthetic
Aperture Radar (PALSAR) sensor of the ALOS satellite. The models were trained with images patched in three
different sizes (32x32, 64x64, 128x128 pixels), and sampled using random and regular grid sampling methods. Data
augmentation was also tested. The study area is in the city of Nova Friburgo, located in the mountainous range of Rio
de Janeiro, Brazil. The models were evaluated in two test areas with f1-score, recall, precision, and mean intersect over
union (mloU) metrics.

The main contributions of this research are as follows:

e Broad comparison between patch sizes, sampling method, and datasets.

e Evaluation of U-net architecture for semantic segmentation of landslides.



A PREPRINT - JULY 15, 2020

2 Study Area

In January 2011, an extreme rainfall event (350 mm/48h) triggered at least 3500 translational landslides that killed
more than 1500 people and disrupted all major city facilities in the mountainous region of Rio de Janeiro, Brazil. This
event is considered the worst Brazilian natural disaster [Avelar et al., 2013].

The mountainous region of Rio de Janeiro encompasses the municipalities of Nova Friburgo, Teresopolis, Petrépo-
lis, Sumidouro, Sao José do Vale do Rio Preto and Bom Jardim (Fig. 1). The study area is in the municipality of Nova
Friburgo, which was severely damaged by the disaster.

Nova Friburgo is in the geomorphological unit of Serra dos Orgdos. The geological units have a WSW-ENE trend,
and the elevation ranges between 1100 and 2000 meters above the mean sea level [Dantas, 2001]. The geology consists
mainly of igneous and metamorphic rocks such as granites, diorites, gabbros, and gneisses [Tupinambad et al., 2012].
According to Koppen’s climate classification scheme [Koppen, 1936], the climate is subtropical highland (Cwb) with
dry winter and mild summers. The annual mean precipitation is 1585.62 mm, with most of the rainfall in November,
December, and January [Sobral et al., 2018].
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Figure 1: A) Location of the study area in southeastern Brazil. B) Location of the Mountainous Range in the Rio
de Janeiro State. C) Mountainous Range of Rio de Janeiro with the study area highlighted in blue. D) True color
composition of the RapidEye image over Nova Friburgo, with the segmented landslides in yellow. The image was

acquired on 2011-08-13.

3 Methodology

The spectral information from a RapidEye image and topographical information from a digital elevation model (DEM)
derived from the ALOS’s Phased Array L-band Synthetic Aperture Radar (PALSAR) were used to evaluate the
performance of the U-net on landslide segmentation. The models were trained with images in three different window
dimensions (32x32, 64x64, 128x128 pixels) that were sampled using random and regular grid methods. Random
rotation, vertical, and horizontal flip were used for data augmentation. In total, 288 models were trained (Table 1).

The model’s performance was evaluated in two test areas by using the mean intersect over union (mloU), f1-score,
precision, and recall metrics. The proposed methodology involves the following steps: (1) data preprocessing, (2) model
training (3) model evaluation.
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Table 1: Number of trained models on each dataset.
# of Models Dataset

72 RapidEye

72 RapidEye + Augmentation

72 RapidEye + DEM

72 RapidEye + DEM + Augmentation

3.1 Data Preprocessing

3.1.1 RapidEye

RapidEye consists of a constellation of five identical satellites with high-resolution sensors with a 6.5 meters nominal
ground sampling distance at nadir. The orthorectified products are resampled and provided to users at a pixel size of 5
meters. The data are acquired with a temporal resolution of 5 days in five spectral bands: blue (440-510 nm), green
(520-590 nm), red (630-685 nm), red-edge (690-730 nm), near-infrared (760-850 nm) [RapidEye, 2011].

This work used the raw digital number (DN) of a 3A product (orthorectified, radiometric, and geometric corrections)
with an area of 625 km?. The image was acquired on 13 August 2011 and downloaded from the Planet Explorer website
[Planet Team, 2017].

3.1.2 ALOS/PALSAR

The Phased Array type L-band Synthetic Aperture Radar (PALSAR) is one of the three observation sensors of the
Advanced Land Observing Satellite (ALOS). PALSAR data is acquired at an off-nadir angle of 34.3 degrees in a
Sun-synchronous Sub-recurrent Orbit (SSO) with a 46-day recurrent period.

In this study, we used the radiometric terrain correction (RTC) product with 12.5 meters of spatial resolution
obtained from the Alaska Satellite Facility (ASF) [DAAC, 2015]. The image was acquired on 28 January 2011. The
data were resampled to 5 meters pixel resolution with bilinear interpolation method, to match the spatial resolution of
the RapidEye image, using GRASS GIS version 7.2.2 [Neteler et al., 2012, GRASS Development Team, 2017].

3.1.3 Data Labeling

The landslides were manually labeled in the RapidEye image using QGIS version 3.8 [QGIS Development Team, 2009].
The segmented landslides were validated with Google Earth Pro version 7.3 [Google, 2019] and by comparison with
the landslide map produced by [Netto et al., 2013]. In total, 1007 landslides were extracted from the scene, with area
ranging from 200.32 m? to 78117.35 m? (638.51 m? average).

3.1.4 Test Areas

The model’s accuracy was evaluated in two test areas with 1024x1024 pixels (Fig. 2). In the first area, agriculture
and grazing are predominant, while in the second, native vegetation and human settlements predominate. Ninety-six
landslides were extracted from the first area and ninety-one from the second.

3.1.5 Binary Mask

The landslide scars polygons from the train and test areas were rasterized with Rasterio [Gillies et al., 2013—] and
Numpy [Oliphant, 2006] Python libraries, to generate a binary mask with the same dimensions of the original scene.
The pixels assigned with the value 1 (white pixels) correspond to the landslide scars class and the value O (black pixels)
to the background class.

3.1.6 Sampling Methods and Patch Sizes

The data was sampled by using random and regular grid methods in three different sizes: 32x32, 64x64, 128x128 pixels
(Fig. 3).

The grid method used the bounding coordinates and the image resolution (5 meters) to generate a vector grid.
The squares over the grid have an overlap of 20%. The random sampling used the same procedure to generate 5000
sampling square polygons. A select-by-location operation was used to select only the polygons intersecting landslides.
This ensures that all sampled images will have at least a small portion of a landslide scar, reducing class imbalance. The
code used was adapted from the Keras-Spatial library [Terstriep, 2019].
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Figure 2: Location of test areas and their binary masks. White pixels represent the manually segmented landslides and
black pixels the background.
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Figure 3: Sampling methods (left) and results obtained for each patch size (right).



A PREPRINT - JULY 15, 2020

3.1.7 Data Augmentation

The Albumentation library [Buslaev et al., 2018] was used to augment the data by using random rotations around 90°,
vertical, and horizontal flips. Table 2 shows the sizes of all the datasets used to train the models.

Table 2: Number of samples from all the datasets and patch sizes used to train the models.

Dataset Size (pixels) Regular Sampling Random Sampling
RapidEye 32x32 3541 1740
64x64 2264 2368
RapidEye + DEM 128x128 1565 3653
RapidEye + Augmentation 32x32 9912 4872
64x64 6336 6628
RapidEye + DEM + Augmentation  128x128 4380 10228

3.2 Model Training
3.2.1 Model Architecture

U-net [Ronneberger et al., 2015] is a fully convolutional network developed for the segmentation of biomedical images.
This type of architecture does not use fully connected layers in their structure; instead, they have an encoder-decoder
architecture with just convolutional layers. The encoder path is responsible for classifying the pixels, but without
taking the spatial location into account. The decoder path uses up-convolutions and concatenation to recover the spatial
location of the classified pixels and return a mask with the same dimensions of the input image.

In this study, we evaluated the U-net architecture (Fig. 4) in three different values of initial filters: 16, 32, and 64
filters. The convolutional blocks on the encoder path have two 3x3 convolutional layers, activated with ReLu non-linear
function, and followed by a max-pooling operation that reduces the spatial dimension by 2. In each convolutional block,
the number of filters increases by 27, where n is the block’s position. On the decoder path, 2x2 up-sampling operations
increase the data’s spatial dimension to allow the concatenation of feature maps with the same dimension from the
encoder path. Then, the concatenated data serve as input for two convolutional layers before another up-sampling
operation.
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Figure 4: U-net architecture. Filters increase by 2" in each convolutional block.

3.2.2 Hyperparameters

The models were trained for 200 epochs with a fixed learning rate of 0.001. The initial tests also evaluated 0.01 and
0.0001 learning rate values, but the model’s accuracy was lower than the models trained with a learning rate of 0.001.
Binary cross-entropy and Adam were used as the loss and optimization function, respectively. The models were trained
with four different batch sizes (16, 32, 64, 128 samples). The model’s weights were just saved when the validation loss
function decrease to reduce the overfitting.
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The models were trained on Google Colaboratory virtual environment [Google, 2018] with Keras [Chollet et al.,
2015] and Tensorflow [Abadi et al., 2015] Python libraries. 30% of each dataset was used as validation data.

3.3 Evaluation Metrics

The model’s performance was evaluated over two test areas by using f1-score, recall, precision, and mean intersect over
union (mloU) metrics. Those metrics are based on true positives (TP), false positives (FP), and false negatives (FN). TP
are pixels correctly classified as landslides. FP represents the pixels incorrectly classified as landslides, and FN the
pixels incorrectly classified as the background [Ghorbanzadeh et al., 2019, 2018, Guirado et al., 2017]. The models that
were trained with DEM as an additional channel were evaluated on test areas with an additional DEM channel.

3.3.1 Precision

Precision (Eq. 1) defines how accurate the model is by evaluating how much of the classified areas are landslides. The
metric is useful for evaluating the cost of false positives.

Precisi True Positives )
recision =
True Positives + False Positives

3.3.2 Recall

Recall (Eq. 2) calculates how many of the actual positives are true positives. This metric is suitable to evaluate the cost
associated with false negatives.

Recal True Positives @)
ecal =
True Positives + False Negatives

3.3.3 F1-Score

F1-score (Eq. 3) combines precision and recall to measure if there is a balance between true positives and false negatives.

Precision * Recall
F1— =2
Seore * Precision + Recall 3)

3.3.4 Mean Intersect Over Union (mIoU)

Mean intersect over union (Eq. 4), also known as Jaccard Index, computes the overlapping of areas between the ground
truth (A) and the model prediction (B) divided by the union of these areas. Then, the values are averaged for each class.
A value of 1 (one) represents perfect overlapping, while O (zero) represents no overlap.

ANB _ True Positives

IoU = =
mo AUB  True Positives + False Positives + False Negatives

“)

The result section shows for each dataset, sampling method, and patch size the models with the highest F1-Score
and mloU. The complete results are available in the Supplementary Material. The model generalization was evaluated
by averaging the mloU values from both test areas.

4 Results and Discussion

The models were evaluated on two test areas with precision, recall, f1-score, and mIoU metrics. The results (Fig. 5)
shows that the models trained with the RapidEye+DEM and RapidEye+DEM+Augmentation datasets achieved the best
results in all evaluated metrics in test area one. The models trained with 32x32 tiles had the lowest precision (0.24) over
all the datasets, while models trained with regular 64x64 and random 128x128 tiles from the RapidEye+DEM dataset
achieved 0.67 and 0.66 of precision. The recall was higher for the models trained with 128x128 regular tiles (0.68) and
32x32 random tiles (0.65). The model trained with 128x128 random tiles from the RapidEye+DEM+Augmentation
dataset achieved the best f1-score (0.55) and mIoU (0.38).
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Figure 5: Precision, recall, f1-score and mloU of the models with the highest f1-score and mloU in test areas one (left)
and two (right).

In test area two, the dataset had a smaller influence over the results; however, models trained with RapidEye+DEM+
+Augmentation dataset also achieved the best results. The model trained with 128x128 random tiles achieved the
highest precision (0.62), f1-score (0.58), and mIoU (0.41). Just recall was higher for the 32x32 regular tiles (0.70).

Precision evaluates the cost of false positives, while recall evaluates the cost of false negatives. At test area one
(Fig. 6, left), the 32x32 models had lower precision meaning that they misclassify more background areas as landslides
(false positives). Similar results occur at test area two (Fig. 6, right), but 64x64 models also had low precision values.
Recall varied among the datasets; nevertheless, in both test areas, the models trained with 32x32 tiles achieved high
results. Therefore, these models classified more landslide areas as landslides (true positive), reducing false negatives.

The F1-score value will always show a positive correlation with mIoU; however, mloU tends to penalize incorrect
classifications more quantitatively than f1-score. In both test areas, the models trained with random 128x128 tiles from
the RapidEye+DEM+Augmentation dataset had the best f1-score and mIoU. In the test area one, this model achieved
0.55 of f1-score and 0.38 of mIoU. While in test area two, it achieved an f1-score of 0.58 and mIoU of 0.41. Comparing
with the RapidEye dataset, where these models had the worst performance, the f1-score and mloU increased 0.2 and
0.16 in test area one, and 0.16, 0.14 in test area two.

When the test areas are evaluated individually, the sampling method seems to be less critical than the dataset to the
overall accuracy of the models. However, by averaging the mloU score of both test areas, it can be seen (Table 3) that
random sampling outperformed the regular sampling. Thus, random sampling helped in increasing the generalization
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Figure 6: Results of the models with the highest mIoU on each test area. In test area one (left), the image shows
the models trained with 32x32 and 64x64 regular tiles from the RapidEye+DEM dataset, and 128x128 random tiles
from the RapidEye+DEM-+Augmentation dataset. In test are two (right), the image shows the models trained 32x32
and 64x64 regular tiles from RapidEye+DEM dataset, and the 128x128 model trained with random tiles from the
RapidEye+DEM-+Augmentation dataset.

capacity of the models. Moreover, similar to what was observed in each test area individually, models trained with
DEM and DEM+Augmentation had a better performance.

Table 3: Results of the models with the highest average mIoU.

Sampling Size Test Areal-mloU Test Area2 - mloU Average mloU Dataset
Random 32 0.26 0.32 0.29 RapidEye+DEM
Random 64 0.29 0.31 0.30 RapidEye+DEM+Augmentation
Random 128 0.31 0.41 0.36 RapidEye+DEM+Augmentation

The results (Fig. 7) of each model from table 3, shows that the 32x32 model predicted, in both test areas, 0.36
and 0.38 km? of true positives, 0.82 and 0.59 km? of false positives, achieving the highest values. While the model
trained with 128x128 tiles predicted the smallest true positive areas (0.26 and 0.32 km?), false positive areas (0.29 and
0.20 km?), and larger false negatives (0.30 and 0.27 km?) and true negatives (25.37 and 25.42 m?) areas. The model
trained with 64x64 tiles achieved values in between those two models, with 0.29 and 0.36 km? of true positives; 0.46,
0.57 km? of false positives; 0.27 and 0.23 km? of false negatives, and true negative of 25.19 and 25.05 km?.

The results of all evaluated models suggest that the models trained with smaller window sizes tend to understand
the local context better. Thus, they classify more landslides correctly, achieving higher true positives and lower false
negative values. However, as they are trained with small tiles, the scene’s global context, which helps differentiate the
background areas, is lost. As a result, they misclassify more background areas as landslides (false positives). On the
other hand, models trained with the larger window sizes, in general, understand the global context better, reducing
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Figure 7: Results of the models with the best generalization results (Table 3), for each patch size, on test area one (left)
and two (right).

the false positive errors. Nevertheless, they classify a smaller number of pixels representing landslide scars correctly,
increasing the number of false negatives.

Areas with similar spectral responses to landslides such as rivers with increased bedload, gravel roads, grazing,
and agricultural areas are more common in area one than area two. Therefore, the models usually make more false
positives errors in this area. In area two, the most common false positive mistakes were due to human settlements.

10
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5 Conclusions

This study’s main objective was to assess how the datasets, sampling methods, and patch sizes impact the overall
performance of U-net on landslide segmentation. Our study suggests that the use of DEM and augmentation helped
increase the overall accuracy of the models. Random sampling helped in increasing model generalization. Models
trained with 32x32 patches classified more landslides areas correctly, thus, achieving higher true positive areas and
lower false negatives. However, they also predict more false positive areas directly impacting precision, f1-score, and
mloU values. Contrarily, models trained with 128x128 tiles make less false positive errors and predict more areas
correctly as background. Nevertheless, they also misclassify more landslide areas, increasing the number of false
negatives and reducing the recall value. 64x64 tile models achieved results that lie in between the 32x32 and 128x128
models.

In our study, the use of the digital elevation model as an additional channel helped improve the accuracy of the
models. This results differs from the ones obtained by Sameen and Pradhan [2019] and Ghorbanzadeh et al. [2019].
However, since both authors used DEMs with higher spatial resolutions and the models were trained with different
architectures and smaller tiles than the ones used in this research, more study is needed to address the most effective ways
to use DEM with deep learning models. The 128x128 random model trained with the RapidEye+DEM+Augmentation
dataset achieved the best performance in this research. The F1-score, 0.55 and 0.58, achieved in both test areas, is
comparable to U-Net + ResNet34 evaluated by Prakash et al. [2020], which achieved 0.56 of f1-score, and the PspNet
tested by Yu et al. [2020] that achieved f1-score of 0.6. Future studies should explore multi-input models that can be
trained with different input sizes; and evaluate different post-processing segmentation techniques to increase the quality
of the results.

Computer Code Availability

All the codes used in this research are available on GitHub: https://github.com/lpsmlgeobr/Landslide_
segmentation_with_unet.

Data Availability

The RapidEye image used in this study (Image ID:2328825) was acquired from Planet (www.planet.com) through
Planet’s Education and Research Program. The ALOS PALSAR DEM (Tile 26708) is available from the Alaska
Satellite Facility (ASF) Distributed Active Archive Center (DAAC —https://search.asf.alaska.edu/).
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Abstract: Automatic landslide mapping is crucial for a fast response in a disaster scenario and
improving landslide susceptibility models. Recent studies highlighted the potential of deep learning
methods for automatic landslide segmentation. However, only a few works discuss the generalization
capacity of these models to segment landslides in areas that differ from the ones used to train the
models. In this study, we evaluated three different locations to assess the generalization capacity
of these models in areas with similar and different environmental aspects. The model training
consisted of three distinct datasets created with RapidEye satellite images, Normalized Vegetation
Index (NDVI), and a digital elevation model (DEM). Here, we show that larger patch sizes (128 x 128
and 256 x 256 pixels) favor the detection of landslides in areas similar to the training area, while
models trained with smaller patch sizes (32 x 32 and 64 x 64 pixels) are better for landslide detection
in areas with different environmental aspects. In addition, we found that the NDVI layer helped
to balance the model’s results and that morphological post-processing operations are efficient for
improving the segmentation precision results. Our research highlights the potential of deep learning
models for segmenting landslides in different areas and is a starting point for more sophisticated
investigations that evaluate model generalization in images from various sensors and resolutions.

Keywords: deep learning; landslides; U-Net; automatic segmentation

1. Introduction

Landslides are one of the most frequent and destructive natural hazards worldwide.
They are responsible for causing infrastructure damages, economic losses, and victims,
mainly when it occurs near human habitation [1-3]. In recent years, increased deforestation,
unplanned urbanization, climate change, and population growth have enhanced the impact
of these events on human lives and infrastructure [4-8]. In 2021, according to the Emergency
Event Database (EM-DAT), landslides were classified as the second most costly disaster and
caused 40 billion dollars of economic losses in Germany alone and 234 deaths in India [9].

In South America, Brazil concentrates around 40% of all fatal landslides in the conti-
nent [2]; several events that occurred in the past few decades in the country led to social
and economical losses [10-12]. Therefore, landslide detection studies have been considered
critical in remote sensing [5]. However, despite the importance highlighted by many au-
thors, detailed landslide inventories are still scarce [13-15]. Asia/Oceania and Europe lead
the publication of studies about landslide inventory construction [16-19]. Nevertheless,
several countries, such as Brazil, lack common procedures to recognize landslide features
on the landscape [20]. Landslide inventory maps are used to prepare and validate landslide
susceptibility models [16,21-24], evaluate risk and vulnerability [25-31], perform geormor-
phometric (geomorphology) studies [29,32-39], and evaluate landslide events [40]. Limited
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and incomplete data may be a source of bias for these studies since model success depends
directly on inventory accuracy [41,42].

Landslide inventory maps are usually prepared using high (HR) or very high (VHR)
resolution remote sensing imagery [7]. Detection of landslides can be performed manu-
ally by aerial image visual interpretation [43-49], semi-automatically, or automatically by
using object-based image analysis (OBIA) algorithms [49-51] and pixel-based classifica-
tion [52,53]. Manual classification of landslides is the prevailing method [14,54,55], but is
costly, exhaustive, and time-consuming, almost impracticable for large areas. OBIA is an
alternative method for HR and VHR image analysis. The method is based on objects rather
than individual pixels [56]. Object-based approaches have two main steps: segmentation
and classification [56,57]. Subsequently expert knowledge can be added to the analysis.
After segmentation, several object characteristics can be used to classify landslide areas,
such as spectral, spatial, hierarchical, textural, and morphological [56]. Pixel-based methods
classify each pixel of the image based on its spectral information, ignoring geometric and
contextual information, which increases the salt-and-pepper noise in the results [58-60].

In recent years, deep convolutional neural networks (DCNN) have achieved state-
of-the-art results in applications such as semantic segmentation, object detection, natural
language processing, and speech recognition [61-65]. However, only a few studies have
used DCNNs for landslide detection [7].

The recent literature covers topics that evaluate how different architectures affect the
model accuracy; the impact of patch size, sampling, and different layers in the results,
and the generalization capacity of deep learning models to detect landslides in different
areas. Sameen and Pradhan [66] compared residual networks (ResNets) trained with
topographical information fused by convolutional networks with topographical data added
as additional channels. The models trained with the fused data achieved f1 score and
mean intersection over union (mloU) that were superior by 13% and 12.96% compared to
the other models. Ghorbanzadeh et al. [61] compared state-of-the-art machine learning
methods and DCNN using RapidEye images and a DEM, with five meters of spatial
resolution. The DCNN that used only spectral information and small windows was the best
model, achieving 78.26% on the mloU metric. Yi and Zhang [67] evaluated the LandsNet
architecture in two test areas with different environmental characteristics. The results were
optimized with morphological operations and the proposed approach yielded an f1 score
of 86.89%. Yu et al. [55] used the enhanced vegetation index (EVI), DEM degradation
indexes, and a contouring algorithm on Landsat images to sample potential landslide zones
with less class imbalance distribution. The trained fully convolutional network (PSPNet)
achieved 65% of recall and 55.35% of precision. Prakash et al. [60] used lidar DEM and
Sentinel-2 images to compare traditional pixel-based, object-based, and DCNN methods.
The deep learning method, U-net with ResNet34 blocks, achieved the best results, with
the Matthews correlation coefficient score of 0.495 and the probability of detection rate of
0.72. Prakash et al. [68] evaluated a U-Net in a progressive training with different image
spatial resolutions and sensors that used a combination of landslide inventories to predict
landslides in different locations around the world. The highest Matthews correlation
coefficient achieved was 0.69.

DCNNs, in supervised learning problems, can learn to identify patterns on the training
data without the need for complex operations to extract features or pre-processing methods.
However, choosing the best network architecture, preparing the training dataset, and
tuning the hyperparameters is still a challenge [66,69]. Landslide scar datasets usually have
an imbalanced class distribution, with more pixels belonging to background objects, such
as urban areas, vegetation, and water, than landslide scars [55]. Therefore, since landslide
scars have different shapes and sizes, sampling methods and patch sizes may affect the
model accuracy as it can be a way to reduce the class imbalance between the positive and the
negative class. Moreover, to the best of our knowledge, only Prakash et al. [68] evaluated
the generalization capacity of deep learning models. However, the scenes used to evaluate
the models usually are in vegetated areas, where the contrast between the landslide scars
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and vegetation allows the models to distinguish the landslides. Moreover, only Yi and
Zhang [67] tested post-processing operations to improve the segmentation results.

Thus, the objective of this study is to evaluate model generalization and post-processing
techniques with models trained with different datasets and patch sizes in scenes with vary-
ing spatial complexity. The main contribution of this paper is as follows:

¢ Evaluation of model generalization in areas with different scene complexity in Brazil;
*  Evaluation of binary opening, closing, dilation, and erosion as post-processing techniques;
e  Evaluation of how different patch sizes affect model generalization;

¢  Evaluation of different datasets on model generalization.

2. Study Areas

The study areas (Figure 1) were located in Rio de Janeiro (R]) and Rio Grande do Sul
(RS) states in the southern part of Brazil. The areas located in the city of Nova Friburgo (R]
state) were used to train the deep learning models and were considered as test area 1 (TA1).
The area close to the city of Teres6polis, which is also located in R] state, was used as test
area 2 (TA2); and test area 3 (TA3) was located close to the city of Rolante (RS state).

Brazil

B Train and Test Areas 1e 2 Test Area 3 B Landslides 0 05 1 15km
e

Figure 1. Location of the train and test areas used to train and evaluate the deep learning models.
(a) Location of the train and test areas in Brazil. (b) Train Area. (c) Test Area 1 (TA1). (d) Test Area 2
(TA2). (e) Test Area 3 (TA3).

2.1. Nova Friburgo and Teresopolis

The mountainous region of Rio de Janeiro encompasses the municipalities of Nova
Friburgo, Teres6polis, Petrépolis, Sumidouro, Sdo José do Vale do Rio Preto, and Bom
Jardim. In January 2011, an extreme rainfall event (140 mm/h) triggered at least 3500
translational landslides that killed more than 1500 people and disrupted all major city
facilities in this mountainous region [11]. This event is considered the worst Brazilian
natural disaster [70].

Nova Friburgo and Teresépolis are in the geomorphological unit of Serra dos Orgdos.
The geological units have a WSW-ENE trend, and the elevation ranges between 1100 and
2000 m a.s.l. [71]. The geology consists mainly of igneous and metamorphic rocks such as
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granites, diorites, gabbros, and gneisses [72] (Figure 2a). According to Koppen's climate
classification scheme [73], the climate is subtropical highland (Cwb), with dry winters and
mild summers. The annual mean precipitation is 1585.62 mm, with most of the rainfall in
November, December, and January [74].

2.2. Rolante

The Rolante River Catchment has a drainage area of 828 km?, with altitudes varying
from 19 to 997 m a.s.1 [75]. The area is inserted in the geomorphological unit of Serra
Geral, with a predominance of basaltic rocks and sandstones (Figure 2b). The climate is
characterized as very humid subtropical, with precipitation annual average between 1700
and 2000 mm. On 5 January 2017, an extreme precipitation event (272 mm in four hours)
triggered at least 300 shallow landslide events in the area [75-78]. The flash flood caused by
the material that moved from the slopes into the Mascara river (a tributary of the Rolante
River) reached Rolante city.

Legend

Mountaineous Region
of Rio de Janeiro

Diorites, Granites

Granite
Paragneiss
Gneiss

. Gabbro
. Quartzite

1 Train and Test Area 1
2 Test Area 2

Municipalities along
Rolante River catchment

3 TestArea3

—— e—
0 5 10 15km

Figure 2. Simplified geological maps of the study areas. (a) Geological map of the mountainous
region of Rio de Janeiro. (b) Geological map of the Rolante River area.

3. Methodology

The methodology applied in this study consists of four parts: pre-processing, training,
evaluation, and post-processing (Figure 3). In the pre-processing step, the data were
prepared to serve as the input to the U-Net models. Three different datasets were created
to train the models. The sampling was done with regular grids in four different patch
sizes: 32 x 32,64 x 64,128 x 128, 256 x 256. Augmentation consisted of random rotations,
vertical and horizontal flips, and was used to keep the sample size the same among
the different patch sizes. The training was done using the Tensorflow 2.0 Python Deep
Learning Framework and used grid search to find the optimal hyperparameters. The
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evaluation step used precision, recall, f1 score, and mean intersection over union (mloU)
to evaluate the accuracy of the models and their generalization capacity. The models
were tested in three different areas with different scene complexities and locations. The
post-processing step consisted of evaluating binary opening, closing, dilation, and erosion
morphological operations.

Test Test Test

Areal Area 2 Area 3

Dataset Dataset Nova Friburgo Terescépolis Rolante
2 3 (RJ) (RJ) (RS)

e <® <®
Rasterized Labels
\Z
A4
Data Normalization Rasterized Labels
A4
Select-by-Location Data Normalization
\
Image and Label Patching /
v
Data Augmentation = U-NET Models Training —> Prediction e Evaluation —> Binary Opening, Closing, Dilation, Erosion
Training Evaluation Post-Processing

Figure 3. Workflow used to prepare the dataset and train, evaluate, and post-process the deep
learning models and the results. “R”, “G”, “B”, “Red-Edge”, and “NDVI” represent the bands red,
green, blue, red-edge, and the normalized vegetation index, respectively.

The data used in this study consist of the spectral information from the RapidEye
satellite and topographical data from the Shuttle Radar Topography Mission (SRTM-[79]).
RapidEye consists of a constellation of five identical satellites with high-resolution sensors
with a 6.5 m nominal ground sampling distance at nadir. The orthorectified products
are resampled and provided to users at a pixel size of 5 m. The data are acquired with a
temporal resolution of 5 days in five spectral bands: blue (440-510 nm), green (520-590 nm),
red (630-685 nm), red-edge (690-730 nm), near-infrared (760-850 nm) [80]. The SRTM
acquired interferometric radar data with dual antennas and provided data with 1 arc-
second (30 m) spatial resolution. The mission used single-pass interferometry radar to
acquire two signals simultaneously by using two different radar antennas. Differences
between the two signals permit the calculation of surface elevation [81].

This work used the RapidEye 3A product (orthorectified, radiometric, and geometric
corrections) and was acquired from the Planet Explorer website [79]. The acquisition dates
of the training and test images are in Table 1. The SRTM product was the 1 arc-second
global (30 m).

Three datasets were generated to train and evaluate the deep learning models. All
the datasets used the five RapidEye bands. However, dataset 1 used only those five
bands, while in dataset 2, the elevation information was added as an extra channel in
the image, and in dataset 3, the Normalized Difference Vegetation Index (NDVI) [82] was
calculated (Equation (1)) using the red and the near-infrared (NIR) bands and added as an
extra channel.

NIR — RED
NDVI = IR T RED (M)

The landslides were interpreted from the RapidEye and Google Earth Pro version
7.3 imagery and validated with [10,75] to minimize interpretation errors. Table 1 shows
the number of landslide polygons interpreted in each scene. Later, the landslides were
rasterized using the Rasterio Python library [83] to a binary mask, on which “1” represents
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the landslides and “0” the background. The satellite images were normalized to convert all
the pixel values into a 0-1 range interval. All the image pixel values were divided by 2 (16
bits image). Data normalization helps in model convergence and is a common procedure
in the machine learning field.

Table 1. Train and test images acquisition date, and the number of landslides present on each scene.

Images Acquisition Date Number of
(RapidEye/SRTM) Landslides
Train Area (Nova Friburgo) 10 January 2021011/423 September 455
TA1 (Nova Friburgo) 10 January 2021011/4 23 September 4
TA2 (Teres6polis) 20 January 2021011/4 23 September 117
TA3 (Rolante) 13 March 201234 23 September 110

The data were sampled with regular grids in four sizes: 32 x 32, 64 x64, 128 x 128,
256 x 256 pixels. Patching the data in different sizes is an important step to address the
differences in the shapes and sizes of the landslides [61]. Moreover, since the patch sizes
are directly correlated with the balance between the positive (landslides) and the negative
(background) classes, training the models with different sizes is crucial to determine the
optimal size for the best model performance in the study areas. A select-by-location
operation was used to select only the polygons intersecting landslides. This process
ensures that all sampled images will have a small portion of a landslide scar, reducing
class imbalance.

Data augmentation allows the use of the annotated data more efficiently during the
training phase [67,84]. In this work, because the data were sampled in different patch sizes,
the smaller patch sizes have more samples than the larger ones. Hence, comparing the
models trained with varying patch sizes may not be fair as the different sample sizes may
affect the training of the deep learning models [4]. Thus, to keep the same sample size for
all the models, augmentation processes of random rotations and vertical and horizontal
flips were performed in the sampled data with patch sizes of 64 x 64, 128 x 128, and 256 x
256 pixels.

3.1. U-Net

U-Net [85] is a fully convolutional network developed for the segmentation of biomed-
ical images. This type of architecture does not use fully connected layers in their structure;
instead, they have an encoder—decoder architecture with just convolutional layers (Figure 4).
The encoder path is responsible for classifying the pixels without taking the spatial location
into account, while the decoder path uses up-convolutions and concatenation to recover
the spatial location of the classified pixels and return a mask with the same dimensions of
the input image.

The convolutional blocks on the encoder path have two 3 x 3 convolutional layers,
activated with the Rectified Linear Unit (ReLU) function, and followed by a max-pooling
operation that reduces the spatial dimension by 2. The dropout layer was used with a
0.5 probability after each max-pooling to randomly deactivate some of the layers of the
network as a method to reduce the overfitting.

The convolutional layers are responsible for creating feature maps of the input image to
allow the model to predict the landslide. During the training step, the 3 x 3 kernels present
in these layers are calibrated to find specific features of the landslides. The nonlinear
activation function ReLU was calculated according to Equation (2). The use of ReLU
increased the degrees of freedom of the computed function, which allows the model to
learn nonlinear patterns present in the data [86]. The max-pooling layers with 2 x 2 kernels
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translate around the image, obtaining only the highest values and reducing the image
dimensions by half. This operation is essential to reduce the computation cost and to
preserve the values with the highest relevance. Dropout [87] layers are commonly used in
the training phase to reduce the complexity of the model and, consequently, the overfitting
with random deactivation of the layers with a p probability. In the architecture used in this
study, the dropouts were implemented after each max-pooling layer in the encoder path.
On the decoder path, 2 x 2 up-sampling operations increase the data’s spatial dimen-
sion to concatenate feature maps with the same dimension from the encoder path. Then, the
concatenated data serve as input for two convolutional layers before another up-sampling
operation. At the last layer, a sigmoid function converts the output into a binary mask. The
2 x 2 kernels of the transposed convolutions learn how to increase the dimensions of the
feature maps during the training step and increase the size of the feature maps by 2. The
sigmoid function (Equation (3)) converts the values to the 0-1 range at the last layer.

ReLU = max(0, x) 2)
00) = 1 (3)

Legend

|’| Input Image - (32x32xn*, 64x64xn,
128x128 xn, 256x256xn)

Convolution + ReLU
H Max-Pooling
Dropout

- -+ Concatenate
| Transposed Convolution

m Convolution + Sigmoid

Output Mask - (32x32, 64x64,
128x128, 256x 256)

*n is the number of channels in each dataset

Encoder Path Decoder Path

Figure 4. U-Net network architecture.

The models were trained for 200 epochs with a dynamic learning rate of 0.001 that
reduces by 0.1 in a loss function plateau. Binary Cross Entropy and Adam function were
used as the loss and optimization function, respectively. The models were trained with
four different batch sizes (16, 32, 64, 128 samples). The model’s weights were saved when
the validation loss function decreased to reduce the overfitting. The models were trained
on Keras [88] and Tensorflow 2.0 [89] Python libraries. Moreover, 30% of each dataset was
used as validation data. The training was held in a NVIDIA™ GeForce RTX 2060 GPU
(8 GB memory, NVIDIA, Santa Clara, CA, USA).

3.2. Validation Metrics

The model’s performance was evaluated over two test areas by using the f1 score,
recall, precision, and mean intersection over union (mloU) metrics. These metrics are
based on true positives (TP), false positives (FP), and false negatives (FN) [61,90,91]. TP
are pixels correctly classified as landslides. FP represents the pixels incorrectly classified
as landslides, and FN the pixels incorrectly classified as the background. The models that
were trained with DEM and NDVI as an additional channel were evaluated on test areas
with an additional DEM and NDVI channel. Precision (Equation (4)) defines how accurate
the model is by evaluating how many of the classified areas are landslides. The metric
is useful for evaluating the cost of false positives. Recall (Equation (5)) calculates how
many of the actual positives are true positives. This metric is suitable to evaluate the cost
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associated with false negatives. The f1 score (Equation (6)) combines precision and recall to
measure if there is a balance between true positives and false negatives. Mean intersection
over union (Equation (7)), also known as the Jaccard Index, computes the overlapping of
areas between the ground truth (A) and the model prediction (B) divided by the union of
these areas. Then, the values are averaged for each class. A value of 1 (one) represents
perfect overlapping, while 0 (zero) represents no overlap.

True Positives

Precision = 4
True Positives + False Positives @)

True Positives
Recall = 5
eca True Positives + False Positives ©®)

Precision * Recall
f1-Score = 2« Precision + Recall ©)

ANB True Positives

IoU = =
o AUB  True Positives + False Positives + False Negatives

@)

3.3. Post-Processing

In this study, post-processing morphological operations were used to optimize the re-
sults. Binary opening, closing, erosion, and dilation operators were evaluated individually
and combined to find the greater improvement (Figure 5). The binary opening helps in re-
moving minor errors that do not represent landslide candidates. Meanwhile, closing, which
consists of a dilation followed by erosion, fills the holes inside predicted landslides [67].
Erosion is a mathematical morphological operation that erodes the boundaries of the fore-
ground to shrink the landslide candidates and enlarge the background. Dilation opening
helps in removing small noises (i.e., “salt”) in the landslide prediction and connects small
dark cracks. This tends to open background gaps between the landslides [92]. Several
parameters were tested to find the optimal configuration for the post-processing operations.
The best structuring element was a 3 x 3 square and the interaction was done until the
results did not change anymore.

Original

LLH

Erosion Dilation

oo J OO

Opening Closing

o0 Joe

Figure 5. Morphological operations used to post-process the segmentation results.
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4. Results and Discussion

The models were trained with four different patch sizes. In general, models trained
with all patch sizes learned the feature maps to detect the landslides. The result shows
(Figure 6) that the models trained with 32 x 32 and 64 x 64 pixels achieved the best f1 scores
in TA2 (0.53) and TA3 (0.60). In contrast, models trained with 128 x 128 pixels patches
achieved the best f1 score results in TA1 (0.52). Since TA1 is located close to the training
area, the results show that the models trained with larger patches became better in detecting
landslides similar to the training images. This occurs because the patches with greater
dimensions facilitate the understanding of the global scene context. Consequently, the deep
learning model specialized in detecting landslides with similar spectral and morphological
characteristics to the training images. On the other hand, the models trained with the
smaller tiles learn the local context of the landslide better. Therefore, they make excessive
predictions (low precision), reducing the f1 and mloU in TA1. However, they achieve better
results in TA2 and TA3.

Ghorbanzadeh et al. [61] and Soares et al. [93] evaluated samples with different patch
sizes to address the difference in landslide shapes. Ghorbanzadeh et al. [61] conclude that
the patch sizes affected the results in a non-systematic way. Meanwhile, Soares et al. [93]
observed that models trained with larger patches achieved higher precision and lower
recall. Similar results were observed by Prakash et al. [68], where the authors trained the
models with 224 x 224 pixels and obtained results with bias towards high precision and
lower recall. In this study, the results show that the models tend to achieve better precision
and lower recall rates with larger patch sizes. Moreover, comparing the results achieved, it
is possible to see that this pattern is more evident in TA1 than the other areas. Thus, once
models trained with larger patch sizes become highly specialized in detecting the shape
and spectral characteristics of the training area, they tend to achieve better precision in
those areas and have worse results in the regions that differ from the training regions.

64x64 128x128 256x256 Diagram Interpretation

Precision K Recall

1- Perfect prediction

2- Balanced prediction
(similar precision and recall)

3. Excessive prediction
(low precision)

4- Conservative prediction
(low recall)

Legend

— Dataset 1 - RapidEye
-=- Dataset 2 - RapidEye + Elevation
... Dataset 3 - RapidEye + NDVI

Figure 6. F1 score, precision, recall, and mlIoU results of the best segmentation models trained with
different patch sizes.

Dataset 3 achieved more balanced results than the other datasets, while dataset 1
achieved better f1 and mloU scores in most models. The higher balance of dataset 3 may be
related to the extra NDVI band. NDVI is a band normalization computation with values
that range from 0 to 1 and are comparable even in different images. Consequently, it
provides information that facilitates the model generalization. Furthermore, dataset 1 has
a lower dimensionality (five bands); therefore, according to the Hughes Phenomena [94],
it needs less data to train the model than the other datasets with higher dimensionality
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Test Area 1

Test Area 2

Test Area 3

(six bands). The topographical data do not improve the results, which are in accordance
with the results obtained by Sameen and Pradhan [66]. This may be related to the greater
dimensionality of dataset 3 and the SRTM spatial resolution (30 m).

Spectral indices, such as NDVI, are commonly used in remote sensing to help in
the interpretation of the spectral signatures of various objects [95]. The correct selection
of features based on these indices is crucial in improving traditional machine learning
algorithms [96-98]. However, there is a tradeoff between the number of samples and the
dimensionality of the data [99]. The extra bands with spectral indices may not improve
the algorithm’s performance if the dataset is not large enough to overcome the Hughes
Phenomena. Moreover, the deep learning convolution operations may learn to calculate the
NDVTIin the training process from the spectral bands, and the extra band will be redundant.
To the best of our knowledge, only the study of Ghorbanzadeh et al. [100] evaluated the
impact of using spectral bands and topographic factors (slope, aspect, plan curvature,
elevation). However, in this study, the NDVI was used as the basis for landslide detection
and was not evaluated; the model architecture used is a classification network that predicts
in a pixel-wise manner. For fully convolutional networks, such as U-Net, still, no study
evaluates each band’s impact on the model performance.

Evaluating the histogram of the best model results in each test area (Figure 7) and it is
possible to see that in TA1, the model prediction achieves higher true and false positive
rates than the other test areas. Meanwhile, in the other test areas, false negative results
were higher. This pattern shows that despite the models” generalization capacity, the areas
with different environmental and spectral characteristics from the training area made the
model more restrictive. Therefore, fewer landslides are predicted correctly, and the number
of false negatives is greater. Prakash et al. [68] observed a similar pattern, where the models
trained with different study areas were biased towards high false negatives. Thus, the false
positives of TA1 may represent landslides missing in the ground truth inventory, which
does not directly represent a poor result.

Test Areas Prediction Result Analysis

[ True Positive
B False Positive
[ ] False Negative

Figure 7. Segmentation results of each test area and result histograms showing the number of pixels
representing true positives, false positives, and true negatives. These results correspond to the
prediction of the model trained with 128 x 128 pixel tiles and dataset 3 for TA1; the model trained
with 32 x 32 tile pixels and dataset 1 for TA2, and the model trained with 64 x 64 pixels and dataset
1 TA3.

The complexity of the scene is also an essential factor in evaluating the generalization
capacity of the models. In previous studies [61,67,68], the test areas are usually vegetated
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areas around the landslide scars. Models trained and tested with these scenes may not
be efficient to detect landslides in urban areas due to the higher complexity of the scene
and may not be feasible for applications in disaster scenarios. In Qi et al. [98], the authors
noticed that the deep learning models had difficulties distinguishing roads and buildings
from landslides. In this study, the test areas were chosen to represent areas with different
characteristics and complexity. As shown in the histogram of Figure 8, the scores of the
models evaluated on TA1 and TA2, which are close to Nova Friburgo and Teresépolis, were
reduced by false positives caused by roads and the roofs of the houses. The errors occur
in areas with similar spectral responses to the landslides. Since the spatial resolution of
the RapidEye images used in this study is 5 m, the model cannot differentiate the shape of
the landslides from rivers with increased bedload, areas with bare soil, roads, and roofs.
Consequently, the models made these mistakes in all areas. It was expected that the models
trained with the DEM layer would overcome the misclassification of the drainage and
urban areas since these areas usually have different terrain morphological attributes such
as slope and aspect. Probably, these errors occurred due to the coarse resolution of the
available DEM (30 m), which cannot clearly detach objects and generalizes the terrain. In
Ghorbanzadeh et al. [61], the authors used a 5 m DEM and observed that the DEM helped
in differentiating the human settlement areas.

Errors Baresoil {load

EII

Landslide
C

Roof |l

0 1000 2000 3000 4000

0 2000 4000 6000

Pixels

Figure 8. Comparison of the most frequent errors made by the deep learning models during landslide
segmentation and histograms showing the number of pixels for each error category. Images with
lower resolution (left) are from the RapidEye satellite, and images with higher resolution (right) are
from Google Earth.

The post-processing operations were efficient in improving the precision of all test
areas. The precision values improved from 0.56 to 0.64 in TA1, 0.57 to 0.65 in TA2, and
0.64 to 0.81 in TA3 (Figure 9). The results of all operations are given in the Supplementary
Material Table S1. These results show that the post-processing techniques are efficient in
removing the model’s systematic errors and are efficient for improving the segmentation
precision results.
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Figure 9. F1 score, recall, precision, and mIoU of the best segmentation results of each test area after
the post-processing operations. The data used for the post-processing operations correspond to the
prediction of the model trained with 128 x 128 pixel tiles and dataset 3 for TA1; the model trained
with 32 x 32 pixel tiles and dataset 1 for TA2, and the model trained with 64 x 64 pixel tiles and
dataset 1 for TA3.

The morphological operations were evaluated individually and in combination; Table 2
shows the best three combinations” average results for each test area. TA2 and TA3 achieved
the best results with the same operations (dilation; closing/dilation; erosion/opening/closing),
while in TA1, the operations that yielded the best results were opening; erosion/dilation;
and dilation/erosion/opening. Such similarity in the post-processing of TA2 and TA3 and
the difference with TA1 may be related to the environmental differences in the training
area and the prediction pattern of the model. TA3 achieved better precision results in
comparison with the other test areas. This difference seems to be related to each area’s
landslide characteristics and the model results. Therefore, post-processing operations
cannot be generalized and different operations should be tested to find the optimal solution.

Table 2. Best post-processing operations and results for each test area. The best results were cal-
culated by summing all the result values. Values in bold represent the best results before the
post-processing operations.

Area Operation Recall Precision F1-Score mloU

TA1 - 0.57 0.47 0.52 0.35
Opening

TA1 Erosion + Dilation 0.48 0.56 0.52 0.35
Dilation + Erosion + Opening

TA2 - 0.50 0.57 0.53 0.36
Dilation

TA2 Closing + Dilation 0.44 0.65 0.53 0.36
Erosion + Opening + Closing

TA3 - 0.56 0.64 0.60 0.42
Dilation

TA3 Closing + Dilation 0.48 0.81 0.60 0.43

Erosion + Opening + Closing

5. Conclusions

This study evaluated the generalization capacity of deep learning models and post-
processing techniques. The results show that the patch size highly affects the prediction
accuracy in areas that are different from the training zone. The larger patch improved the
test area results that were close to the training area because larger patches favor a global
comprehension of the scene. Consequently, the model becomes specialized in detecting
landslides similar to the ones used for the training. On the other hand, the models trained
with the smaller patches achieved better results in TA2 and TA3 in locations different from
the training zone. This is because the models trained with smaller patches understand the
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local context better; they can predict the landslides in a more satisfactory way in different
locations. Nevertheless, they also tend to be more restrictive and make more false negative
errors. The complexity of the scene is directly correlated with the performance of the
models. Therefore, comparing results obtained from different authors, and from different
data acquisition methods, such as lidar and Remote Piloted Aircrafts (RPA), may not be
reasonable since each training and test area has its own characteristics and complexities.
In this way, to better evaluate the machine and deep learning models, a future effort
should be made towards an open dataset to evaluate landslide deep learning models.
Such open datasets are standard in other computer vision studies such as ImageNet [101],
MNIST [102], EuroSat [103] UC Merced Land Use Dataset [104], AID dataset [105], and
Brazilian Coffee Scene [106]. Post-processing the results is an efficient step to improve the
precision of the segmentation results. The TA3 results improved by 0.17 after combining
binary erosion, opening, and closing. The best method to post-process the results will
depend on the landslides’ characteristics and the model results. Therefore, one should
test different combinations and parameters in a semi-supervised way to find the optimal
solution. The use of spectral indexes seems to help in balancing the precision and recall of
the models and improving model generalization. Since spectral indexes have comparable
ranges that facilitate model convergence, the calculation of these indexes is important for
predicting landslides in areas with different characteristics from the training areas. Future
work should evaluate whether the use of these indexes also facilitates landslide detection
in images from different sensors and resolutions.
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Landslide detection in the Himalayas using
machine learning algorithms and U-Net

Abstract Event-based landslide inventories are essential sources
to broaden our understanding of the causal relationship between
triggering events and the occurring landslides. Moreover, detailed
inventories are crucial for the succeeding phases of landslide risk
studies like susceptibility and hazard assessment. The openly
available inventories differ in the quality and completeness lev-
els. Event-based landslide inventories are created based on man-
ual interpretation, and there can be significant differences in the
mapping preferences among interpreters. To address this issue, we
used two different datasets to analyze the potential of U-Net and
machine learning approaches for automated landslide detection
in the Himalayas. Dataset-1is composed of five optical bands from
the RapidEye satellite imagery. Dataset-2 is composed of the Rapi-
dEye optical data, and ALOS-PALSAR derived topographical data.
We used a small dataset consisting of 239 samples acquired from
several training zones and one testing zone to evaluate our models’
performance using the fully convolutional U-Net model, Support
Vector Machines (SVM), K-Nearest Neighbor, and the Random
Forest (RF). We created thirty-two different maps to evaluate and
understand the implications of different sample patch sizes and
their effect on the accuracy of landslide detection in the study area.
The results were then compared against the manually interpreted
inventory compiled using fieldwork and visual interpretation of
the RapidEye satellite image. We used accuracy assessment met-
rics such as F1-score, Precision, Recall, and Mathews Correlation
Coefficient (MCC). In the context of the Nepali Himalayas, employ-
ing RapidEye images and machine learning models, a viable patch
size was investigated. The U-Net model trained with 128 X 128 pixel
patch size yields the best MCC results (76.59%) with the dataset-1.
The added information from the digital elevation model benefited
the overall detection of landslides. However, it does not improve the
model’s overall accuracy but helps differentiate human settlement
areas and river sand bars. In this study, the U-Net achieved slightly
better results than other machine learning approaches. Although it
can depend on architecture of the U-Net model and the complex-
ity of the geographical features in the imagery, the U-Net model
is still preliminary in the domain of landslide detection. There is
very little literature available related to the use of U-Net for land-
slide detection. This study is one of the first efforts of using U-Net
for landslide detection in the Himalayas. Nevertheless, U-Net has
the potential to improve further automated landslide detection in
the future for varied topographical and geomorphological scenes.

Keywords Landslides - U-Net - Deep learning - Machine learning -
Himalayas

Published online: 23 February 2022

Introduction

Loss of property and human life due to earthquake-triggered
landslides is significantly high and is expected to increase due
to climate change (Froude and Petley 2016; Gariano and Guzzetti
2016). About 47,000 earthquake-induced landslide casualties were
reported from 2004 to 2010 (Petley 2012). Earthquake-induced
landslides (EQIL) have direct and indirect long-term socioeco-
nomic and environmental effects (Fan et al. 2018). The direct and
indirect effects of landslides, for example, through the formation
and breakout of landslide dams, are a significant natural hazard in
the mountain regions of the Himalayas (Dhital 2015). Studies show
unprecedented loss to both human lives and the economy in the
Himalayan regions due to landslides, contributing up to 30% of the
world’s total landslide-related damage value (Dahal and Hasegawa
2008; Haigh and Rawat 2011). In Northern India, for example, dur-
ing the recent 2021 Uttarakhand landslides, 24 people were killed by
landslides and around 150 were missing (Meena et al. 2021a). A large
number of people are affected in the Himalayan regions by small
and large-scale landslides, especially during the monsoon seasons
(Khanal and Watanabe 2005; Thapa and Dhital 2000; Upreti and
Dhital 1996). Although landslides often occur in remote areas, the
resulting catastrophic flash floods from landslide dam outbreak
cause extensive damage to settlements, hydroelectric projects, and
agriculture fields in the downstream areas (Meena and Tavakkoli
Piralilou 2019).

To better analyze the frequency and distribution of landslides,
there is a growing demand for event-based inventories that can be
used to determine the probability of landslide occurrence in space
and time as a basis for hazard and risk assessment. There is still
insufficient information on landslide occurrences for many areas
to make reliable hazard maps (Reichenbach et al. 2018). Landslide
susceptibility and hazard modeling require accurate and complete
landslide inventory datasets. This inventory dataset is usually used
for training hazard models to find potential landslide-prone areas
(Guzzetti et al. 2012).

The accuracy and completeness of landslide inventory data-
sets are essential for making spatial predictions for future events
(Hakan and Luigi 2020). The mapping of event-based landslide
inventories in remote and mountainous areas makes remote sens-
ing data the primary source of information for mapping these
events (Chen et al. 2018).

In terms of detecting landslide boundaries with remote sensing
images, classification methods like pixel-based, feature-based, and
object-based techniques can be employed (Lu et al. 2020; Su et al.
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2020). While pixel-based methods only extract features by classi-
fying each pixel, they do not take the spatial-context into account.
However, feature-based methods (like gray level co-occurrence
matrix and principal component analysis) (Whitworth et al. 2002)
and object-based image analysis (OBIA) explicitly leverage the spa-
tial information from satellite images (Bacha et al. 2020; Holbling
et al. 2012; Martha et al. 2010). During the last decade, deep-learning
models and other machine learning models, particularly Convolu-
tional Neural Networks (CNNs), have been applied successfully in a
broad range of image segmentation and object detection purposes
(Ding et al. 2016; Ghorbanzadeh et al. 2020; Jin et al. 2019; Liu et al.
2019; Shi et al. 2020).

The use of CNN models has yielded promising results for clas-
sification of aerial images (Bui et al. 2019; Ghorbanzadeh et al. 2021,
2020; Meena et al. 2021b; Yu et al. 2017). Numerous studies using
CNN have been conducted for landslide detection (see Table 1).
Many authors used CNN models for automated landslide detec-
tion in mountainous regions using multi-temporal high-resolution
remote sensing data, mono-temporal medium-resolution image
data (Chen et al. 2018), where others optimized their models and
compared with existing baseline models such as Fully Convolu-
tional Networks (FCNs) (Lei et al. 2019). Hyperspectral data for
landslide detection was first investigated by Ye et al. (2019). In recent
studies, different topographical factors like elevation and its deri-
vates like slope, aspect, and curvature combined with remote sens-
ing data for landslide detection were explored to improve landslide
detection (Sameen and Pradhan 2019; Liu et al. 2020b; Prakash et al.
2020).

Deep learning models usually require large amount of training
data to detect objects efficiently. However, since landslide inven-
tories are generated for small areas using manual interpretation
and fieldwork, such inventories commonly have just a few samples
and present a limitation for the training of deep learning models
(Chen et al. 2020; Liu et al. 2020a; Qi et al. 2020) Therefore, in this
study, the main objective was to evaluate and compare the perfor-
mance of the machine and deep learning models trained with a
small dataset composed of only 239 landslide polygons (55 polygons
for training and 184 polygons for testing purposes). The fully con-
volutional U-Net deep learning model and other machine learning
models were trained with data from a 5-m RapidEye optical satellite
imagery and resampled 12.5-m ALOS PALSAR digital elevation data
for landslide detection.

Study area

The study area is located in Rasuwa district Nepal, which is situ-
ated in higher Himalayas and is one of the highly affected regions
after the 2015 Gorkha earthquake (see Fig. 1). Most of the study
area falls in the Langtang national park and there are several
hydropower plants projects along the Trishuli River. After the 2015
Gorkha earthquake, a series of landslides triggered by the earth-
quake caused damage to hydro powerplants, agricultural land, and
human settlements. On 15 April 2015, during the Gorkha earthquake,
more than 8o people were killed due to EQILs and flood events
near the Mailung village hydropower plant camps. Several attempts
have been made by local authorities and foreign institutes to study
impact of landslide on human settlements and hydro powerplants
in the region. However, in many inaccessible hilly areas, field visit
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was not feasible hence remote sensing tools can help supplement
the field visits. The study area is highly affected by monsoonal rains
and every year several deep-seated landslides get reactivated such
as the one near Ramche village.

Data used and methodology
Datasets

The landslides were visually interpreted as polygons from RapidEye
imagery acquired on 04 November 2016 (Planet Labs Inc.) and field
observations. The data has 5 m spatial resolution in five spectral
bands: blue (440-510 nm), green (520-590 nm), red (630-685 nm),
red-edge (690-730 nm), and near-infrared (760-850 nm) (RapidEye
2011).

A total of 239 landslide polygons were mapped in the entire
study area, 55 in the training zones and 184 in the test zone (the
training zones are yellow and testing zones are red in color in
Fig. 1¢). For training the model, 117 sampling points were manually
selected along the centerline of the landslide polygons present in
the training zone. Other 57 points were selected outside the land-
slide polygons to represent non-landslide samples (see Fig. 1c).
Therefore, a total of 174 sampling points were used to train the
models. Those points were used as the centroid to generate the
training patches of four sizes: 16 X 16, 32 X 32, 64 X 64, and 128 X 128
pixels (Fig. 2).

Two datasets were created to train the models. Dataset-1 consists
of the five spectral bands (RGB, red-edge, NIR) from the RapidEye
satellite. The Dataset-2 consists of the same five bands and two
extra topographical bands (elevation and slope). The elevation and
slope data were acquired from a digital elevation model (DEM),
resampled to 5-m spatial resolution, derived from Phased Array
type L-band Synthetic Aperture Radar (PALSAR) of the Advanced
Land Observing Satellite (ALOS).

All the models used the same training data to compare the
results from the models properly. The deep learning algorithms
were trained using the Python libraries TensorFlow 2.0 and the
machine learning using Scikit-Learn.

Classifiers
U-Net model

U-Net (Ronneberger et al. 2015) is a state-of-art deep learning
model used for semantic segmentation tasks. This model has an
encoder-decoder architecture similar to the letter “U” (Fig. 3). The
encoder path is composed of blocks of two 3 x 3 convolutional lay-
ers followed by a 2 X 2 max-pooling layer. The convolutional layers
are 3 x 3 moving windows that translate around the image, calcu-
lating a dot product that can be summarized by Eq. 1 (Zhang et al.
2018):

0 =6(0"' « W+ bh (1)

where O'~ refers to the output of the (I-1)th layer, W' represents
the weights and b’ represents the bias. ¢ indicates the non-linear
activation function. The rectified linear unit (ReLU) was used as the
activation function in this research. ReLU is commonly used as the
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Fig. 1 A Location of the study area in Nepal, B landslide training and
testing zones in the study area, and € sampling points along the
center line of the landslide polygons (black) and non-landslide class
(purple)

activation function because it is more efficient than other functions
and reduces the gradient vanishing problem during the training
step (Wang et al. 2019). The function returns o when the input is
negative and the same input value if it is positive. The max-pooling
layers keep only the maximum values from the feature maps gen-
erated from the convolution operation. Thus, after a max-pooling

\ Landslides

operation, the spatial dimension of the feature map is reduced to
half of the input size.

The decoder path recovers the spatial location by using up-con-
volutions and concatenations from the encoder path (Ronneberger
et al. 2015). The up-convolution layers increase the dimensions of
the feature maps. The layers’ output is concatenated with the feature
map from the symmetrical position in the encoder path. In the last
layer, a sigmoid function was used to output the class predictions
in a o0-1 probability range. A threshold of 0.5 was used to deter-
mine the positive (>o0.5) and the negative (<o0.5) classes after the
prediction.

Several papers describe and explain the U-Net structure and
how convolutional neural networks are trained (Ghorbanzadeh
et al. 2019a, b; Prakash et al. 2020; Wang et al. 2019). In this study,
we use a fully convolutional neural network that is capable of calcu-
lating per-pixel probability of comprising a landslide. Unlike previ-
ous work conducted by Ghorbanzadeh et al. (2019a, b) where they
used a classical convolutional neural network to generate patch-
wise landslide classification, the neural network used in our study
is more efficient for landslide segmentation problems as the result
is a binary output with the same size as the input image (Prakash
et al. 2020, 2021; Qi et al. 2020). The network hyperparameter tuning
process considered different number of filters (8, 16, 32), learning
rates (0.01, 0.001, 0.0001), and batch sizes (8, 16, 32). The learning
rate value was reduced by a factor of 0.1 when the validation loss
function reaches a plateau for more than twenty epochs. The mod-
els were saved only when the validation loss function decreased as
an attempt to avoid overfitting.

Support vector machine (SVM) model

SVM is a machine learning method that uses kernel functions to
map the dataset into a higher dimension to determine a hyperplane
that separates the training data feature spaces (Cortes and Vapnik
1995). The margining of the hyperplanes, also known as support
vectors, is maximized to be the closest to the training features. This
method gained popularity for landslide mapping due to accurate
results, even with small datasets and unknown statistical distribu-
tions (Moosavi et al. 2014; Mountrakis et al. 2011; Pawluszek and
Borkowski 2016).

The classification result is affected by the kernel function (e.g.,
linear, sigmoid, polynomial, radial basis). Thus, various kernel
functions were evaluated to find the best classifier.

K-nearest neighbors algorithm (KNN) model

K-nearest neighbors is a machine learning algorithm that uses the
training data to find the feature space’s K-closest neighbors. The
algorithm outputs a class probability that reflects the uncertainty
with which a given individual item can be assigned to any given
class (Marjanovic et al. 2009). In this study, the distance between
the feature space points was calculated using the Euclidean distance
method. An optimal K value was determined by testing K in a 1-10
range.
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well-represented depending on the patch size. Moreover, since
the negative class is usually more frequent than the positive class
in remote sensing imagery, larger patches may negatively influ-
ence the model because they can increase the imbalance between
the positive and negative class (Ghorbanzadeh et al. 2019a, b).

In this work, the patches used to train the models were con-
stituted by a multiple of 16 pixels since this is a condition to
effectively train the U-Net model. The models were trained with
16 X 16, 32 X 32, 64 X 64, and 128 X 128 pixel patches to compare
and evaluate how the different patch sizes affect the accuracy of
the model. The models were also trained with 256 x 256 pixels
patches. However, since the results were inferior compared to the
other patch sizes, only the results achieved with the mentioned
patch sizes were considered in the “Results” section.

Results

The machine and deep learning models were trained using only
174 samples to evaluate and compare the performance of the algo-
rithms using small datasets. In total, sixteen result maps were
generated for each dataset (dataset-1 and dataset-2). The result
maps (Figs. 4a, b; 5a, b; 6a, b; 7a,b) are named based on the algo-
rithm, the patch size, and the dataset used to train the algorithm.
Therefore, the map U-Net_16_5 and U-Net_16_7 (Fig. 4a and b)
correspond to the U-Net deep learning algorithm trained with
the 16 X 16 patch size using the dataset with five optical bands
(dataset-1) and seven bands (dataset-2), respectively. The best
results were achieved by U-Net models with a learning rate of
0.001; SVM models trained with a polynomial kernel function
and a scalable gamma parameter (y); KNN models trained with
nine neighbors; and RF models with 200 trees and depth 8.

Figure 8 portrays the differences in the areas of the landslides
detected with the different machine learning models with respect
to the influence of the topographical information from dataset-2.
As seen in Fig. 8D, the total area in most of the models is relatively
higher in dataset-2 than dataset-1 when compared against the
manually interpreted ground truth area. This difference is because
of the detection of false positives as an influence from the slope
and elevation in dataset-2. Although there are improvements in the
built-up area and river sand bars, the model gets confused and gen-
erates false positives in forests and agricultural areas.

The models were evaluated based on precision, recall, F1-score,
and Matthews Correlation Coefficient (MCC) metrics, which are
calculated using the value of true positive (TP), false positives (FP),
and false negatives (FN) (Fig. 9). Precision (Eq. 2) calculates the
proportion of pixels correctly classified as landslides. Recall (Eq. 3)
value represents the number of pixels that was correctly classified
as landslides from the total pixels representing landslides.

.. T
P = ——7 X100
recision = o5 (2)
TP
Recall = ———— x 100
= TPy EN )

Fi-score (Eq. 4) is a harmonic mean between precision and
recall; therefore, the highest values of Fi-score correspond to
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models with better performance. Landslide datasets usually
have an unbalance between the positive (landslides) and nega-
tive (background) classes. Thus, the MCC (Eq. 5) metric is better
for comparing imbalanced datasets (Baldi et al. 2000).

2 X precison X recall

Flscore = X 100 (4)

(precision + recall)

TP x TN — FPxPN

MCC = X
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

100 (5)

The results show that among the models trained with data-
set-1, the U-Net 128,5 model achieved the highest MCC (71.06) and
Fi-score (71.12). Nevertheless, compared with the other algorithms,
the MCC results are just 0.63,1.59, and 2.65 higher than the SVM,
KNN, and RF algorithms (Table 2). SVM 1285 achieved the highest
precision (80.28), while U-Net 16,5 had the highest recall (83.94).

The U-Net also had better performance in dataset-2 (Table 3).
However, in dataset-1, the model trained with 128 X 128 patch size
achieved the best F1-score and MCC, while in dataset-2, the model
trained with 16 X 16 patch size achieved the highest F1-score (69.42)
and MCC (69.70). The patch size seems to be more relevant to data-
set-2 since all the models trained with 16 X 16 patch size achieved
the best results. In dataset-1, the SVM and KNN trained with the
16 X 16 patch size also had the best results; however, the best U-Net
and RF model was trained with 128 x 128 and 32 X 32 patch size,
respectively.

Comparing the results of both datasets, the models trained with
dataset-1 achieved better results compared to the same algorithm
over dataset-2. The U-Net 128,5 was the best overall model among
both datasets. Similar to what was observed by Ghorbanzadeh et al.
(20193, b) with machine learning models trained in the same area,
the topographical layers helped differentiate human settlement
areas, which have identical spectral responses to landslides; how-
ever, the models generate more false-positive in the steeper areas.
Visually evaluating the segmentation of each algorithms (as seen in
Fig.10), the U-Net segmentation is smoother and more continuous,
with greater similarity in comparison to the manual annotations
than with the other ML methods. SVM, KNN, and RF results show
similar segmentation patterns and mistakes.

Discussion

The U-Net deep learning model achieved the best results in this
study based on the metrics used to evaluate the models. However,
the MCC and Fi-score values were similar among all the models.
The results highlight that U-Net can achieve robust results even
with few training samples. However, since the machine and deep
learning achieved similar accuracies, all the algorithms have similar
behavior with a small dataset, and it is impossible to define a bet-
ter algorithm based on the accuracy metrics. However, similarities
between the manual annotations and the U-Net model results are
noted in terms of landslide prediction smoothness and continuity,
demonstrating better segmentation results than the other models.
The models evaluated by Ghorbanzadeh et al. (2019a, b) in the same
study area were trained with a bigger dataset composed of 3500
samples, which was augmented to 7000 samples. In that study, the
CNN model achieved the best results with an Fi-score that was



Fig.4 alandslide detection
results using U-Net model in
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detection results using U-Net
model in sampled area in the
test zone using dataset-2
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Fig.5 alandslide detection
results using SVM model in
sampled area in the test zone
using dataset-1. b Landslide
detection results using SVM
model in sampled area in the
test zone using dataset-2
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Fig.5 (continued)
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Fig.6 alandslide detection
results using KNN model in
sampled area in the test zone
using dataset-1. b Landslide
detection results using KNN
model in sampled area in the
test zone using dataset-2.
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Fig.6 (continued)
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Fig.7 alandslide detection
results using RF model in sam-
pled area in the test zone using
dataset-1. b Landslide detec-
tion results using RF model in
sampled area in the test zone
using dataset-2.
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True Class 5.73% greater than the best machine learning model. The signifi-
- cant differences in the author’s accuracy between the machine and
Landslides Others deep learning models highlight the importance of the dataset size.
/ /' In this study, despite the slightly higher accuracy achieved by the
n U-Net, the deep learning algorithms were computationally more
% expensive, needing a GPU (GeForce RTX 2060, 8 GB memory) for
- TP F P the training process, while the machine learning algorithms only
7 -g used the CPU (Intel I7 10700 K).
©| © The patch size is an important parameter to find the best algo-
(@) / rithm since it affects the model’s accuracy. The U-Net trained with
'8 b the optical data showed a similar pattern to what was observed by
o] / / Soares et al. (2020), where the U-Net models trained with smaller
b o) patches (32X 32) yield a greater recall while the models trained
g %) N with the bigger patches (128 X 128) achieved a greater precision. The
o g / FN / T models trained with bigger patches became more restrictive (made
= fewer false-positive errors) than the models trained with smaller
o patches. Nevertheless, this pattern was not observed in the U-Net
// / models trained with the topographical dataset and on the results
Z achieved by the machine learning models.

The topographical data does not improve the results of the mod-

Fig.9 Confusion matrix showing true class and predicted classes of
landslides and other features and four different evaluation metrics

els in this study. This may be related to the resampled DEM used
and the samples. Since the dataset is composed of 174 samples, the
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Table 2 The results of landslide detection in the study area based on
the different ML and U-Net model for dataset-1; accuracies are stated
as precision, recall, F1-measure, and MCC. The best values are in bold

Table 3 The results of landslide detection in the study area based on
the different ML and U-Net model for dataset-2; accuracies are stated
as precision, recall, F1-measure, and MCC. The best values are in bold

odel Precision Recall Fi-Score McCC odel Precision Recall F1-Score MCC
U-Net 46 5 57.20 83.94 68.03 68.99 U-Net 46 7 61.46 79.74 69.42 69.70
U-Net 325 57.88 81.99 67.85 68.56 U-Net 327 59.31 80.44 68.28 68.75
U-Net ¢, 5 67.19 71.09 69.09 68.83 U-Net g, ; 62.07 77.11 68.78 68.88
U-Net ;54 5 76.59 66.38 71.12 71.06 U-Net ;54 5 60.27 78.17 68.35 68.58
VM6 5 1Y 65.95 70-51 70-43 SVM 46 5 72.20 66.52 69.24 69.04
SVM33; 5 74.96 62.62 68.23 68.25 SVM 3, 5 66.74 67.34 67.04 66.74
SVM ¢4 5 72.43 60.65 66.02 66.00 SVM ¢4 7 68.80 63.19 65.88 65.64
SVM 128 5 80.28 55.84 65.87 66.71 SVM 128.7 71.32 61.03 65.77 65.69
KNN 165 67.79 7177 69.73 69.47  KNN 145 66.24 72.58 e 69.05
KNN 3, 5 73.66 62.47 67.60 67.57 KNN 3, 5 69.37 66.47 67.89 67.62
KNN 64 5 73.36 61.39 66.84 66.84 KNN 647 70.25 63.29 66.59 66.39
KNN 124 5 73.64 60.00 66.16 66.24 KNN 16 7 7177 58.72 G 64.63
RF 16.5 58.70 76.54 66.44 66.69 RF 16.7 70.22 68.67 69.44 69.17
RF 32 5 76.64 61.52 68.25 68.41 RF 35 5 69.80 66.81 68.27 68.01
RF ¢4 5 72.82 60.42 66.04 66.06 RF 64 7 69.95 60.04 64.62 64.51
RF 126 5 73.91 59.73 66.07 66.17

models were not exposed to various topographic features. There-
fore, the pattern learned with the training samples may not repre-
sent the test area, and consequently, the results were worse. Moreo-
ver, the Hughes Phenomenon (Hughes 1968), also known as the
Curse of Dimensionality in the field of machine learning, may also
be related to the inferior results with the topographical dataset.
Since the dataset with two extra topographical bands has a higher
dimensionality, a greater number of samples are needed to improve
the models’ accuracy. The small number of samples used to train
the models was not enough for the classifier to reliably classify the
landslide areas; therefore, the classification performance degraded
with the higher dimensional data. This phenomenon may also jus-
tify why the models trained with 16 X 16 patch size (smaller patch,
with lower dimensionality) achieved the best results within this
dataset.

\ Landslides

The training and test area used in this study have landslides with
similar spectral characteristics. Therefore, this may also explain the
comparable results achieved with the machine and deep learning
models. However, since machine learning algorithms are trained
using a one-dimensional vector with pixel values, the spatial pat-
tern of the landslides, such as the shapes, is not learned by those
models. Consequently, it is expected that the deep learning method
achieves better results in areas with different spectral characteris-
tics than the machine learning algorithm because those models are
trained with two-dimensional patches that keep the spatial infor-
mation of the images. According to the literature, the U-Net like
architectures achieve the best results for segmenting landslides in
test areas with similar spectral characteristics to the training zones,
and test areas with different spectral characteristics highlighting
their generalization capacity and good accuracy on landslide seg-
mentation (Qi et al. 2020; Prakasha et al. 2020; Soares et al. 2020; Yi
et al. 2020; Prakasha et al. 2021).



Fig. 10 Enlarged maps of
sub-area from the test zone.
Landslide detection results are
overlayed on the inventory
data
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Fig. 10 (continued)
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Conclusions

This work evaluates different machine and deep learning model
performances trained with small datasets and different patch
sizes for landslide segmentation. The U-Net deep learning model
achieved the best results on dataset-1 and dataset-2. However, all
the models achieved similar MCC and Fi-scores, highlighting
that deep learning models achieve comparable results to machine
learning algorithms with small datasets. The extra topographic
features (slope and elevation) did not improve the models’ results
but yielded improved detection of false-positive such as built-up
areas, an error in riverbeds. In this study, U-Net has slightly better
results than other machine learning approaches. Although it can
depend on the model architecture and the complexity of geograph-
ical features in the imagery, the U-Net model is still preliminary
when considered for landslide detection. A reason for the U-Net
model to perform better is because of the encoder-decoder and
skip-connection structure of the model that preserves the struc-
tural integrity of the output results even with lower training data
(Ronneberger et al. 2015). This exhibits the notion of actually using
lesser training data, which is generally the case for new events, and
can be then used in training and detecting landslides for newer
events.

This study is one of the first efforts of using U-Net for land-
slide detection in the Himalayas. Nevertheless, U-Net has the
potential to further improve automated landslide detection in
the future as U-Net excels in producing good results as stated
above in regard to the architecture structure but also that since
the output is a segmentation result, we are provided with the
information of the landslide boundary and the delineation of
the landslide body as well. Further adjusting of the encoder part
of the model, we can add deeper layers like Virtual Geometry
Group (VGG) and Residual Neural Network (ResNet-50) (Simonyan
and Zisserman 2014; He et al. 2016) to further improve the
results and thereby detecting more landslides with fewer false
positives as model complexity overall tends to overcome such
artifacts.

The use of only spectral bands can be a limitation for landslide
detection since geological and the degree of saturation of the soil
directly affect the targets’ spectral response. Therefore, areas with
higher soil saturation may present darker colors while less satu-
rated areas will have light colors. Moreover, rocks with different
weathering conditions will show different spectral responses. Thus,
to avoid algorithm misclassifications and improve the results, fur-
ther studies need to use images covering a more comprehensive
range of time and different seasons. This way, the models can learn
and predict a broader range of spectral responses of the landslides
and achieve better results.
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Abstract—Landslides have caused tremendous damage
to human lives and property safety. However, the complex
environment of mountain landslides and the vegetation coverage
around landslides make it difficult to identify landslides quickly
and efficiently using high-resolution images. To address this
challenge, this article presents a feature-based constraint deep
U-Net (FCDU-Net) method to detect rainfall-induced mountainous
landslides. Usually, the vegetation in the landslide area is severely
damaged, and the vegetation coverage can indirectly reflect the
spatial extent of the landslide. Meanwhile, the texture features of
high-resolution images can characterize the surface environment
of landslide hazards to a certain extent. We first introduce auxiliary
features of normalized difference vegetation index and gray-level
co-occurrence matrix into the proposed method to further improve
the detection performance. Then, to minimize the information
redundancy of these features and the image, we combine Relief-F
and Deep U-Net to screen the optimal features to effectively identify
accurate and detailed landslide boundaries. Compared with tradi-
tional semantic segmentation methods, the FCDU-Net method can
capture fine-grained details in high-resolution images and produce
more accurate segmentation results. We conducted experiments by
applying the proposed method and other most popular semantic
segmentation methods to a high-resolution RapidEye image in Rio
de Janeiro, Brazil. The results demonstrate that the FCDU-Net
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method can achieve better landslide detection results than the other
semantic segmentation methods, and the evaluation measures of
Precision, F1 score, and mean Intersection-over-Union are as high
as 88.87%, 81.17%, and 83.19%, respectively. Furthermore, we
quantitatively analyze the effect of the convolution input window
size on the performance of FCDU-Net in detecting landslides. We
believe that FCDU-Net can serve as a reliable tool for fast and
accurate regional landslide hazard surveys.

Index Terms—Auxiliary features, deep convolutional neural
networks (DCNNs), feature selection, high-resolution image,
landslide detection.

1. INTRODUCTION

S A common geological disaster, landslides cause immea-

surable damage to infrastructure and seriously threaten
the safety of human life and property [1]-[3]. Therefore, ef-
ficiently and accurately locating of landslide areas is crucial
for emergency rescue and disaster warning. Landslide inventory
data is the main resource for landslide research at different
scales [4]. The training and testing of landslide prediction begins
with the creation of a landslide inventory map [5]. Traditional
landslide inventory mapping methods mainly rely on field survey
and visual interpretation of aerial images [6], but it requires
personnel with professional knowledge to complete it, wastes
a lot of manpower and material resources, and cannot meet the
needs of efficient and accurate positioning of landslides.

Remote sensing data can cover hundreds of square kilometers,
providing rich image data for disaster observation. Optical and
radar remote sensing images have been widely used to observe
the landscape changes of landslides [7]—-[12]. Traditional image
processing techniques mainly detect landslides on remote sens-
ing images through statistical methods [10] and semi-automatic
methods [13]. However, these methods need to obtain the image
features of the landslide area in advance by artificial means, and
also require a lot of parameter modulations, and the process is
complicated.

Satellite images are significant for identifying landslides fol-
lowing large-scale events, especially when the disaster occurs in
remote or hard-to-reach areas [14]. Generally, landslides can be
automatically identified in aerial photographs, high-resolution

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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and very-high-resolution remote sensing images by using pix-
elwise identification methods and object-based information ex-
traction (OBIE) methods [15]. Among them, pixelwise methods
can overcome the shortcomings of human interpretation, and can
be mainly separated into two main categories: supervised learn-
ing and unsupervised learning. The former includes discrimi-
nant analysis, feature analysis, maximum likelihood analysis,
support vector machine, etc., and the latter includes iterative
self-organizing data analysis technique algorithm and K-means.
These pixelwise methods were used to identify landslides in
Taiwan and compared with visual interpretation results [16].
After discussing six different image fusion methods, Marcelino
et al. [17] proved that the intensity-hue-saturation technique can
better preserve the information of the original image and used
it to identify landslide scars. In addition, the change detection
technique allows the extraction of landslides from images at
different time phases [18]-[25]. The pixelwise methods only
exploit the spectral features of different materials in the image
without considering the geometric and contextual information
in the image. Therefore, these methods are prone to “pepper and
salt” noise in the resultant map. However, OBIE-based methods
can consider multiple features, such as spectral (pixel value,
hue, color, etc.), spatial (landslide area size, shape, contour,
etc.), and background features [26], which are widely used for
landslide detection using airborne and satellite images [27], [28].
For example, Martin et al. [29] took the image segmentation
result as the basic unit and established landslide recognition con-
straints based on shape, texture, and adjacent features, and the
classification accuracy reached 65%. Based on FORMOSAT-2
images and DEM data, Rau et al. [30] identified landslides in
the mountainous areas of central and southern Taiwan through
multilevel segmentation and hierarchical semantic network, and
achieved good experimental results. Meanwhile, conventional
classification methods such as support vector machine [31]
and random forest [28] have also been introduced into the
OBIE-based landslide detection, and their effectiveness has been
verified. However, some empirical parameters of OBIE rely too
much on experts and the degree of automation is low. Thus, there
are still certain limitations in practical applications [32], [33].
Convolutional neural networks (CNNs) can effectively cap-
ture abstract features from the original image [34]. In recent
years, CNNs have attracted extensive attention and applications
in the fields of large-scale image recognition, target detection,
and semantic segmentation due to their advantages of local
receptive, weight sharing, and connection sparsity [35]-[38].
However, only a few articles have used CNNs for landslide
detection based on remote sensing image [2]. Ding et al. [39]
first used texture and spectral features to remove the interference
of background features such as buildings, water bodies, and
vegetation, and then used CNNs to capture remote sensing image
information before and after the landslide and calculated the
Euclidean distance of the two features to determine whether
there is a landslide on the image. Yu et al. [40] first screened
out candidate images with landslides from remote sensing im-
ages through a shallow CNN, and then used a region growing
algorithm to determine landslide boundaries and centers. Ghor-
banzadeh et al. [1] performed different numbers of convolutions
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and different levels of feature fusion on remote sensing images
of southern Nepal. To further reduce the influence of background
on the image, Ji et al. [2] developed a deep convolutional neural
network (DCNN) for end-to-end landslide target detection. Yi
et al. [41] constructed a cascaded end-to-end DCNN to intel-
ligently detect earthquake-triggered landslides. Qin et al. [42]
applied distant domain transfer learning and traditional CNNs
for landslide detection.

In summary, traditional feature extraction methods and CNNs
have been used for landslide detection in high-resolution images.
However, only a few articles have used deep learning techniques
to detect landslides in areas with complex terrain, especially
those triggered by extreme weather such as heavy rain. We
believe that the task of detecting landslides in mountainous areas
caused by heavy rainfall still faces the following challenges.
First, the background of remote sensing images with moun-
tainous terrain is very complex, including quarries, terraces,
slopes, and riverbeds, which may be similar in characteristics
to landslides and easily interfere with detecting them. Second,
landslides usually appear at different scales on remote sensing
images, and the length of landslides may vary from a few meters
to several kilometers. Finally, there are obvious seasonal changes
in remote sensing images of mountainous areas, and the specific
characteristics of coverage in different seasons may make it
difficult to identify landslides.

To fill a gap in the previous articles, we present a feature-based
constraint deep U-Net (FCDU-Net) method to map rainfall-
induced landslides in remote areas with mountainous terrain.
The main contributions are summarized as follows:

1) We only need to acquire postdisaster optical remote sens-
ing imagery and process landslide data through data aug-
mentation strategies, without inputting other data such as
topographic factors and multitemporal images.

2) Deep U-Net (DU-Net) is used as a prediction model for
landslide detection. Since it combines the advantages of
U-Net and DenseNet, it can capture fine-grained details
in high-resolution images and produce more accurate se-
mantic segmentation results than most popular networks.

3) The FCDU-Net method combines auxiliary features with
the original image to improve the identification accuracy
of landslides. Usually, the vegetation in the landslide area
is severely damaged, and the vegetation coverage can
indirectly reflect the spatial extent of the landslide. Mean-
while, the texture features of high-resolution images can
characterize the surface environment of landslide hazards
to a certain extent. On this basis, normalized difference
vegetation index (NDVI) and gray-level co-occurrence
matrix (GLCM) are input into the network as auxiliary
features. Furthermore, to minimize the information re-
dundancy of these features and the image, we combine
Relief-F and DU-Net to screen the optimal features for
subsequent processes, and effectively identify accurate
and detailed landslide boundaries.

The rest of this article is organized as follows. Section II
introduces the study area. Section III describes the auxiliary
features used in this article and the modified DU-Net method.
Section IV analyzes landslide detection results of different
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Fig. 1.

methods. Section V discusses the effectiveness of the proposed
method. Finally, Section VI concludes the article.

II. STUDY AREA AND DATA

The study area is located in the Nova Friburgo mountains
in Rio de Janeiro, Brazil, as shown in Fig. 1. In January
2011, a heavy rainfall event of 350 mm/48 h occurred in Nova
Friburgo, triggering at least 3500 translational landslides with
a total area of about 5.56 km?, and more than 1500 people
died from the rainfall-induced landslides [43]. The landslide
inventory map of the study area was manually generated by
experts from high-resolution satellite images based on shape
and tone information, and validated using Google Earth Pro and
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22°14'0"S
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‘-k‘

42°31'30"W 42°28'15"W
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Location of the study area and annotated rainfall-induced landslides (red polygons).

compared with landslide maps produced by other scholars [44].
The high-resolution image used in this article was acquired by
the RapidEye sensor on August 13, 2011. It has 5000 x 5000
pixels and five bands in the range of 440-850 nm, with a spatial
and temporal resolution of 5 m and 5.5 days, respectively. In the
image, 816 landslides caused by heavy rainfall were marked
as solid polygons of different sizes, ranging from 200.32 to
78117.35 m?, as shown in Fig. 1.

III. METHODOLOGY

A. Auxiliary Features

1) NDVI: NDVI, aremote sensing index reflecting the status
of land vegetation cover, has been widely employed in land use
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TABLE I
CALCULATION FORMULA OF TEXTURE FEATURE FACTOR

Texture feature factor Formula
N-1
Mean Mea = z i-P,
i,j=0
N-1 )
Variance Var =Y i-P_(i—Mea)
i,j=0
QP
Homogeneit Hom = -
seneny Lo l+(i—j)
N-1 2
Contrast Con=) (i-j)-P,
i,j=0
N-1
Dissimilarity Dis= ) i-F, |i - j|
i.j=0
N-1
Entropy Ent = z i-R/ In P,]
i,j=0
N-1 R
Second Moment Sec = Z iP,
i,j=0
sy i—Mea)(j—Mea
. Cor:Zi-P[./.( )(j )
Correlation P \/Varl Var,

and land cover change. In the study of landslide identification,
it is generally believed that the vegetation coverage inside the
landslide body will change with the movement of the landslide.
Therefore, this article introduces the index to strengthen the
distinction between vegetation areas and nonvegetation areas

NIR — R
NIR + R

where NIR and R represent the reflectivity in the near-infrared
band and in the red band, respectively.

2) GLCM: The GLCM is a classic analysis method that ex-
tracts texture features by calculating the conditional probability
density between gray levels of an image, and is widely used for
information extraction of remote sensing images. The texture
of the landslide is significantly different from the surrounding
geological environment. In order to synthesize the information
of each band and reduce the dimensionality of data, the principal
component analysis is used on the original image, and eight
GLCM texture features of the first principal component are
calculated. Table I lists the texture features of high-resolution
images used for deep learning modeling. The Mean indicates
how regular the texture distribution is. The stronger the regu-
larity, the greater the mean. Variance is the difference between
each pixel and the mean. If the gray value of the pixel changes
greatly, the variance value is larger. Homogeneity is a measure
of uniformity within a local area. In this area, the more uniform
the image distributed, the greater the homogeneity. Contrast
represents how the matrix values are distributed and to what
extent local variations in the image reflect the sharpness of the
image and the depth of the grooves in the texture. The greater
the contrast, the deeper the grooves, and the sharper the effect.
Dissimilarity is similar to Contrast. In a local area, the higher
the contrast, the stronger the dissimilarity. Entropy is a measure

NDVI = (1)
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of the randomness of the information contained in an image.
Entropy is greatest when all means in the GLCM are equal or the
pixel values show the greatest randomness. Therefore, the higher
the entropy value, the more complex the grayscale distribution of
the image. The second moment represents the uniformity of the
grayscale distribution of the image and texture thickness. When
the image texture is fine and the grayscale distribution is uniform,
the second angular moment is larger. Correlation refers to the
similarity of the grayscale of the image in the row or column
direction. The texture reflects the local grayscale correlation of
the image. The larger the value is, the greater the correlation.

B. Deep Convolutional Neural Networks

1) Fully Convolutional Network: To apply deep learning
CNNs to semantic segmentation, a full convolutional network
(FCN) was proposed [45], which replaces the last part of the
CNN with a convolution layer (a kernel of size 1 x 1), allowing
prediction of two-dimensional dense class label maps [46]. The
semantic segmentation effect of point-to-point classification is
achieved by restoring the feature map to the input size while
preserving the spatial structure of the image. It modifies the fully
connected layers of deep CNNs (AlexNet, VGG, GoogleNet,
etc.) for image classification into convolutional layers, and pro-
poses an end-to-end semantic segmentation model.

2) U-Net: U-Net was proposed to improve the situation
where the target edges are not fine enough in the resultant
segmentation map [47]. In this network, the number of channels
of the feature map is doubled during each downsampling proce-
dure to allow more feature information (e.g., boundaries, colors,
shapes, etc.) to propagate among the convolutional layers, while
this number is halved during each upsampling procedure. The
skip connection is performed and the stacking operation of
dimensional concatenation to fuse feature maps of different
scales. This process preserves more high-resolution details to
help restore the spatial resolution of the output map and improve
segmentation accuracy [48]. This network has been widely used
in target extraction from remote sensing images [49]-[51].

3) DeepLabv3+: DeepLabv3+ was proposed to use atrous
convolutions to improve segmentation performance [52].
Specifically, it uses atrous convolutions [53] with different
strides [54]. The receptive field is expanded through atrous
convolution without increasing the network training parameters
and reducing the resolution of the output feature map. In essence,
DeepLabv3+ fuses the shallow features of the encoder with the
deep features of the atrous spatial pyramid pooling [55] module
to output more accurate semantic segmentation results. Shallow
features can provide better object details, and deep features
can provide more abstract semantic information and location
information of objects. The fusion of the two features can output
higher precision semantic segmentation results.

To better compare the aforementioned methods, Table II lists
their advantages and disadvantages.

C. Feature Selection Based on Relief-F

Relief-F is a multiclass feature selection algorithm based
on mathematical statistics, calculating the weights of each
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TABLE II

COMPARISON OF CHARACTERISTICS OF THREE SEMANTIC SEGMENTATION METHODS

Algorithm Characteristics Advantages Disadvantages
It replaces the fully connected layers FCN solves the problems of repeated . .
. . . . The deconvolution process is
in the CNN model with fully storage and convolution computation . o .
FCN . . . . coarse and insensitive to image
convolutional layer for pixel-level caused by the use of pixel blocks in .
o . . details.
dense prediction. traditional segmentation networks.
. . . On the basis of FCN, a decoding The network structure is complex,
It uses skip connections to stitch the . . .
. network is added to effectively fuse the number of parameters is large,
feature maps of the encoding network . .
U-Net . low-level and high-level features to and the  object  boundary
onto the corresponding feature maps ; . . ; .
. restore the spatial dimension and segmentation performance is not
of the decoding network. . . .
boundary information of the image. good.
The computational cost is high,
It use the ASPP module to process The receptive field is enlarged, and some position information of the
DeepLabv3+ multi-scale contextual content more feature information can be pixels is lost, and the local
information for optimization. extracted. consistency of the feature map is
affected.
Ux"") Ux™ Ux'?) Ux'?)
Fig. 2. Input and output of the first layer of DU-Net.

feature variable and rank the magnitude of the weight values
by randomly selecting samples [56]. The Relief-F method can
determine the relative importance of the features to landslide
occurrence, and it evaluates the value of features by considering
the correlation between features and categories [57].

The Relief-F algorithm first selects a random sample R from
the dataset D, and then selects k nearest neighbor samples from
the similar and different classes of the sample R. In the feature set
F, if the distance between samples of different classes is greater
than that of samples of similar classes in one feature, the feature
is conducive to classification, and its weight is increased. The
process repeats n times to take the mean of all the results as the
final weight value of each feature. Finally, the feature weight is
defined as follows:

1 1
w(Fy)=w (Fy) = — ;;1|Rj — hil + —n,kﬂ;wIRj — mj|
(2)

where w(Fj;) is the weight value of the jth feature, k is the
number of nearest neighbor samples, Y, ;| R; — h;| indicates
the sum of the distances between the selected k similar class
neighbor samples and the sample R on the jth feature, and
> menr | Rj —my| represents the sum of distances between k
heterogeneous nearest neighbor samples and the sample R on
the jth feature.

D. Deep U-Net Architecture

DU-Net [58] can effectively combine the advantages of tradi-
tional U-Net [47] and DenseNet [59], using skip connection

to combine low-level and high-level information in U-Net,
while using dense connection to enhance feature propagation in
DenseNet. In U-Net, the feature maps of the encoder are received
directly in the decoder. However, in DU-Net, the redesigned
dense skip connections change the connectivity of the encoder
and decoder subnetworks, and the number of convolutional
layers depends on the network level. For example, as shown in
Fig. 2, the layer-jumping path between nodes x*° and x-3 is com-
posed of dense convolutional blocks with three convolutional
layers. Each convolutional layer is preceded by a connection
layer that merges the output of the previous convolutional layer
from the same dense block and the corresponding upsampled
output of the lower dense block. The DU-Net structure can
capture subtle information, obtaining better output than U-Net.
Therefore, the use of DU-Net for semantic segmentation of
remote sensing images has great application value.

The formula for DU-Net’s dense skip connection is given by

a—1,b
xa,b _ {H (l‘ ) )

H{[[z%*],

b=0 3
U (l.a+17b71)}} b>0 ( )
where % represents the output of the b th node of the a th layer
of the network, and H (-), U (-), and [-] represent convolution
operation, upsampling operation, and concatenation operation,
respectively. When b = 0, the node only takes as input from
the downsampling layer of the upper layer. There are two inputs
passed to the node with b = 1, both of which come from the
encoding subnetwork and are two consecutive layers. When
b + 1 inputs are passed to a node with b > 1, b of those inputs
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Fig. 3. Architecture of DU-Net.

come from the output of the previous node in the skip path
consistent with that node, while one more input is obtained
from a skip path lower than that node after an upsampling
operation.

We propose an FCDU-Net method to detect landslides, which
fuses spectral bands, NDVI, GLCM texture features, and uses
the Relief-F algorithm to filter out positive factors from auxiliary
features and uses the DU-Net model for feature extraction and
training. Fig. 3 shows the DU-Net architecture, consisting of
an encoding structure, a decoding structure, and dense skip
connections. The feature maps of the same layer have the same
size, and from top to bottom, they are the first to fifth layers.
According to [58], three, two, and one convolutional modules
are included between the first, second, and third layers of the
encoder—decoder path, respectively. Each convolution module is
composed of two sets of convolutional layers with a kernel size of
3 and a rectified linear unit. The overall feature fusion structure
of DU-Net is in the shape of an inverted pyramid. Each layer of
the pyramid is equivalent to a dense block, and the features are
transferred backward through dense skip connections. Among
different layers, the features are deeply aggregated from top
to bottom, which shortens the semantic gap when the encoder
features and decoder features skip and connect, and improves
the feature learning ability of the model.

E. Flowchart of Landslide Inventory Mapping

Fig. 4 illustrates the overall flow of the proposed method.
First, training samples are generated through data preprocessing,
including image normalization, feature selection, and landslide
data processing. The proposed method is supervised and trained
based on the training dataset and real samples. Meanwhile,
the model is continuously calculated and analyzed based on
validation data to ensure satisfactory generalization to unknown
datasets. After the validation loss reaches the minimum value,
the training process terminates. The model inference process
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adopts the edge-ignoring prediction method [60], and the pros
and cons of the model are evaluated based on the test dataset.

1) Data Preprocessing: Data preprocessing mainly includes
image cropping, normalization, and preparation of landslide
training datasets. Different features of the target often have
different dimensional units, which will affect the results of data
analysis. To eliminate the influence between indicators, image
normalization is usually required to make the data indicators
in the same order of magnitude and facilitate the training of
deep CNNss. In this article, each channel of the original image
is normalized by Min—Max normalization so that the input has
a similar distribution. Due to the diversity of landslide shapes
and sizes, multiple input window sizes are used for landslide
detection. First, an n-band high-resolution image and a single-
band rasterized ground-truth label layer are stacked to form
a (n+1)-channel array to ensure that feature transformations
remain in the image. We then scan the image using a sliding
window algorithm to generate training patches, as shown in
Fig. 5.

To better train a deep learning network, it is necessary to select
asufficient number of samples to train the network. If the number
of training image sets is small, the scenes contained in these
image data may be relatively homogeneous, and the network
model cannot learn features extensively, so the generalization
ability of the trained model is not strong. Inspired by previous
articles in similar fields [61], [62], we use a data augmenta-
tion strategy to generate more training samples. Next, these
patches are expanded horizontally, vertically, and diagonally,
which increases the invariance and robustness of the network to
such deformations. All training samples are generated from the
training area, and images from the test area are not used during
training.

2) Model Training: Using a small-batch training strategy,
only a small portion of the training dataset is used as input in each
iteration to avoid local minimizing of training errors and achieve
rapid convergence in the parameter optimization process [63].
In addition, the scales of landslides are different. We randomly
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Fig. 4. Flowchart of this article.

Image

Fig. 5.

selected three test areas. The total training area contains 749
landslides (88%) and test area contains 98 landslides (12%). For
imbalanced datasets, this may result in the minority categories
being easily ignored since classifiers are usually designed to
optimize overall accuracy (OA) [64], [65]. Dice loss [66] is
especially proposed as a loss function for medical images with
too large proportion of background information and too small
proportion of foreground information, resulting in imbalance of
positive and negative sample categories. Taking into account the
difference in landslide and background proportions, this article
uses the weighted dice loss. Specifically, we weight the losses

Sliding window

Cropped raster tiles

Flowchart of cropping a high-resolution image to generate raster tiles through scanning the image using a sliding window.

for different categories and calculate the weight for each class.
The higher the frequency, the smaller the lower of the category.

3) Model Validation and Inference: During training, 30%
of each dataset is used as validation data, and they are not
augmented to evaluate the generalization ability of DCNNs. In
this article, a threshold of 0.5 is chosen to classify the results into
binary classes. Specifically, if the predicted probability value of
a certain pixel is greater than 0.5, the pixel is considered to be
a landslide unit, and the pixel with a probability value less than
0.5 is a nonlandslide unit. Next, we conduct model testing to
analyze the quality of the network. In particular, we select a
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Sketch map of model inference. (a) Test area image. (b) Cropping the image. (c) Inference results are directly spliced together. (d) Direct splicing results.

(e) Splicing inference results while ignoring the edges. (f) Edge-ignoring inference result.

robust model that does not overfit in the training dataset, and
evaluate it qualitative and quantitative through visual inspection
and different objective metrics.

What is more, the automatic landslide detection model uses
datasets from the test area for evaluation. The test area image is
sliced into a series of smaller images to be input to the network
for inference, and the prediction results are merged into a mosaic
to fully cover the original range, as shown in Fig. 6. Direct
stitching prediction methods often result in splicing traces, af-
fecting landslide inventory mapping. In this article, we perform
edge-ignoring prediction, i.e., cropping overlapping images and
adopt the edge-ignoring strategy when splicing. In Fig. 6(e)
and (f), the actual cropped image is predicted to be A, then the
stitching result is a. The percentage of a in area A is r, and the
overlap ratio of adjacent cropped images is 1 — /7, where the
value of ris 0.5.

F. Accuracy Evaluation

To quantitatively analyze the effectiveness of the proposed
method, the experiments calculate several evaluation measures
of Precision, Recall, and F1 score (F1). Precision indicates that
the correctly recognized landslides are divided by the aggregate
number of landslides recognized by the model. Recall means that
the correctly recognized landslides are divided by the aggregate
number of actual landslides. F1 is used as a standard measure
of model performance, which represents the harmonic average
of the measures of Precision and Recall. Besides, two statistical
measures of Kappa and OA are applied to evaluate the predictive
ability of different landslide inventory mapping methods. The
aforementioned measures are given by

. Tp
Precision = ——— 4
Tp + Fp @

Tp

Recall = ——— 5
Tp + Fyn ©)
Fo—2x prec?s?on X recall ©)

precision + recall

Pc - Pexp
K = - = 7
appa = —— Py (7
P (Tp+ Fn)(Tp+ Fp)+ (Fp+Tn) (Fn +Tn)
o (Tp + Ty + Fy + Fp)?

(®)

Tp + 1T
Overall Accuracy = PN ©)

Tp+Fp+1In+ Fn

where T'p and Ty represent the number of positive and negative
samples correctly classified by the model, respectively, and Fp
and F'y denote the number of positive and negative samples in-
correctly classified by the model, respectively. P is the observed
agreement rate meaning the percentage of type consistent frac-
tions in the two datasets, and Py, is the expected probability of
change agreement. The Kappa coefficient is generally calculated
to be between —1 and 1, but usually between O and 1. The higher
the F1, the better the prediction.

Mean Intersection-over-Union (mloU) is a commonly
adopted validation metric in computer vision. The intersection
and union of the predicted area and the true area are obtained, and
mloU is the ratio of these two components. In this article, these
two sets are the landslide interpretation map and the landslide
prediction map. The value ranges from O to 1, where 1 means
the best result. The measure of mloU is given by

m

]. PZZ
— Y py 7
m‘f'l; I o Py + 20

mloU = (10)

Pji — Py
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where m = 1 in this article and m + 1 is the number of classes.
P; represents the number of real 7, but predicted to be j.

IV. RESULTS

A. Experimental Settings

To illustrate the performance of FCDU-Net in landslide
inventory mapping, four deep CNNs were compared, including

- T - T -
42°38'0"W  42°34'45"W  42°31'30"W 42°28'15"W

42°33'45"W 42°34'30"W 42°33'45"W
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I [nventory
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Landslide inventory mapping results by different DCNN methods. (a) FCN. (b) DeepLabv3+-. (c) U-Net. (d) DU-Net. (e) FCDU-Net.

FCN, DeepLabv3+, U-Net, and DU-Net. All deep CNNs were
performed on Linux platform using Tensorflow-based Keras
framework, and the training and testing process was carried
out on a deep learning machine with 64G CPU memory. Cal-
culations were performed using two NVIDIA GeForce RTX
2080Ti GPUs (12 GB RAM) in the NVIDIA CUDA Toolkit
10.1 environment. Experiments all restarted training the network
without involving any pretrained model weights. The commonly
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Fig. 8. ROC curves of different methods using the test set.

used Adam optimizer [67] was chosen to update the hyperparam-
eters in the network. Through extensive experiments, 0.001 was
used as the learning rate. To avoid overfitting, an early-stopping
measure is used to save network parameters when the validation
loss curve reaches a minimum. During the training phase, a
maximum of 200 training epochs were conducted. To balance
training time and model inference performance, a batch size of
64 was chosen. All experimental hyperparameters, training data,
and other variables were set identically.

B. Landslide Inventory Mapping Results

All the mentioned deep learning methods were trained using
the training dataset, and tested on three subareas of the study
area. Referring to previous articles and landslide distribution,
all methods used an input window size of 128 x 128. Fig. 7
shows landslide detection maps for the five DCNN methods.
It is clear from Fig. 7 that FCN and DeepLabv3-+ produced
more omission errors in the upper left and lower right corners
of the study area, respectively. In contrast, the DU-Net model
had fewer false positives and false negatives, compared to U-
Net. Fig. 7(e) shows that FCDU-Net has a good recognition
for small landslides that are indistinguishable to the naked eye,
degree. The landslide boundaries inferred by FCDU-Net match
the true distribution of landslides better than U-Net and DU-Net.
The visual inspection results show that FCDU-Net has the best
prediction performance.

Fig. 8 plots receiver operating characteristic curves of the
five models. The area under the curve (AUC) is a quantitative
measure of the accuracy of each method in distinguishing cat-
egories. In this article, the two categories are landslide areas
and nonlandslide areas. Theoretically, the minimum value of
AUC is 0 and the maximum is 1. Moreover, the closer the AUC
value is to 1, the better the model’s ability to identify samples of
different classes. As can be seen from Fig. 8, the AUC values of
all the models are above 0.95, indicating that DCNN can exhibit
very satisfactory predictive ability. Furthermore, the FCDU-Net

2653

method outperforms the other methods with the highest AUC
value of 0.983.

Table III lists the detection accuracy evaluations of different
methods for Precision, Recall, F1, mloU, Kappa, and OA,
demonstrating the quantitative assessment accuracy of each
method based on the test dataset. It can be observed that
FCDU-Net has the highest mIoU at 83.19%, which is about 7%
higher than U-Net (76.47%). In addition, FCDU-Net achieves
the highest Precision, Recall, F1, Kappa, and OA values. Except
for Recall, the FCN model performs worse than the other three
models in terms of all other statistical metrics.

C. Parametric Analysis

1) Influence of Convolutional Input Window Size: To analyze
the influence of convolutional input window size, we conducted
landslide detection experiments using FCDU-Net with different
convolutional input window sizes. Specifically, the size of 128
x 128 was used as the large input window size of the model,
while the sizes of 64 x 64 and 96 x 96 were considered as
two different versions of the small window. On this basis, 3060,
1880, and 1296 training samples of size 64 x 64, 96 x 96, and
128 x 128 were derived, respectively. Fig. 9 shows landslide
detection maps for two landslide subareas in the study area using
FCDU-Net with three different input window sizes. It can be
seen that different convolutional input window sizes can reflect
the geological environmental conditions of different scales of
landslides. As a result, the model can extract different spatial
contextual information during training.

To quantitatively analyze the usability of the FCDU-Net
method with three different input window sizes, a confusion
matrix is used to calculate the four evaluation measures men-
tioned in Section III-B, as listed in Table IV. The size from 64
x 64 to 96 x 96 improves Precision, but results in lower Recall,
mainly because the larger input window has a negative impact
on the classification of random points distributed in the landslide
polygon. Some randomly distributed points will be close to the
boundary of the landslide area. As a result, the nonlandslide area
will increase with the size of the input window. However, the
lowest F1 and Kappa were obtained based on the size of 96 x
96. In short, FCDU-Net with 128 x 128 can perform better on
all evaluation metrics compared to other sizes.

2) Influence of the Relief-F Feature Selection: To verify the
effectiveness of DU-Net integrated with Relief-F, the feature
importance (FI) of each auxiliary feature is shown in Fig. 10.
The higher the FI value, the more important the conditioning
factor is to modeling. As can be observed from Fig. 10, the
NDVTI factor reached the highest FI value. The correlation with
landslide occurrence raises as the value increases. Therefore, the
conditioning factors that obtained the first three FI values were
selected for subsequent modeling.

In this section, we compare the landslide detection perfor-
mance of DU-Net and FCDU-Net. All experiments used only
an input window size of 128 x 128. The test area covers a variety
of land use types such as roads, shrubs, woodlands, and houses,
and soil landslides mainly occur in woodlands and grasslands.
Each landslide varies in shape and size, and some landslides have
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Fig. 10.  Feature importance of each auxiliary feature factor using Relief-F.

TABLE III
DETECTION ACCURACY ASSESSMENTS BY DIFFERENT METHODS IN ALL TEST AREAS

Methods mloU  Precision Recall F1 Kappa 0OA
FCN 69.41%  54.92%  68.07% 60.79% 58.34% 95.33%
DeepLabv3+ 72.23%  68.96%  61.39% 64.96% 63.11% 96.47%
U-Net 76.47%  72.41%  71.24% 71.82% 70.25% 97.02%
DU-Net 7827%  76.63%  72.38% 74.44% 73.05% 97.35%
FCDU-Net  83.19% 88.87% 74.70% 81.17% 80.21% 98.15%

The highest accuracies are indicated in bold in each statistical measure.
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Landslide detection maps of two test areas obtained by DU-Net and FCDU-Net. (a) DU-Net on test area 1. (b) FCDU-Net on test area 1. (¢) DU-Net on
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Fig. 12.

spectral signatures similar to bare soil, posing a great challenge
to landslide detection. Fig. 11 shows the landslide inventory
mapping results for DU-Net and FCDU-Net. It can be seen
from Fig. 11(a) and (c) that most of the large landslides can be
distinguished from the background by DU-Net, and the bound-
aries of some slender landslides can also be accurately identified.

Performance of DU-Net and FCDU-Net in terms of statistical measures.

However, the results reveal some incomplete and overdetection
of small-scale landslides for two reasons. One is the serious
imbalance between landslide and nonlandslide samples, and the
other is due to the impact of imaging techniques or vegetation
coverage, some small landslides cannot be detected by remote
sensing images alone. From Fig. 11(b) and (d), we can observe
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Fig. 13.
were not recorded in the previous landslide inventory data.

TABLE IV
PERFORMANCE OF FCDU-NET USING DIFFERENT INPUT WINDOW SIZES

Sizes Recall  Precision F1 Kappa
64x64 73.32%  71.94%  72.62% 71.07%
96x96 65.79%  7790%  71.34% 69.87%

128x128  74.70%  88.87%  81.17% 80.21%

that the entire landslide map in both figures is satisfactory,
reducing the number of overidentified and incorrectly identified
landslides, and most of the landslide scars are consistent with
the boundaries of the true inventory data. shows the performance
of DU-Net and FCDU-Net in terms of five statistical measures
Fig. 12previously mentioned in Section III-B. As can be seen
from this figure, FCDU-Net performs more balanced in all test
domains, and FCDU-Net is better than DU-Net in terms of the
statistical measures. Specifically, the Precision of FCDU-Net is
88.87%, which is more than 12% higher than that of DU-Net
(76.63%), and the F1, mloU, and Kappa of FCDU-Net are all
5% higher than that of DU-Net.

Very-high-resolution images from Google Earth overlapped with the landslide detection results by FCDU-Net. Figures (a)—(d) denote landslides that

V. DISCUSSION

Landslide inventory mapping is the key to emergency res-
cue and landslide disaster loss assessment [68]. Meanwhile,
improving the efficiency of spatial prediction is also important
for technical experts to obtain detailed landslide disaster distri-
bution. Therefore, this article compares several DCNNs such as
FCN, DeepLabv3+, U-Net, and DU-Net for landslide detection.
Furthermore, we evaluate the impact of using different input
window sizes on prediction accuracy and ensemble performance
of DU-Net and Relief-F.

Generally speaking, high-resolution images have fewer avail-
able spectral bands, the spectral distribution of objects in the
image varies greatly, and the spectra of different objects overlap
each other. However, the geometry and textural information of
the object displayed in the image are more obvious. Landslides
are usually covered with vegetation. Therefore, it is necessary
to combine spectral features with other auxiliary features for
landslide detection. Based on the results by Relief-F, NDVI,
texture features of Entropy, and Second Moment are the eigen-
factors because they represent the characteristic properties and
structural information of the landslide. The experimental results
show that FCDU-Net achieved higher prediction accuracy than
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DU-Net alone because the filtering factor of Relief-F has a pos-
itive impact on the detection model and reduces the prediction
bias of the model.

To further improve the effectiveness of the proposed method,
we apply FCDU-Net to other high-resolution images to identify
potential or unlabeled landslide hazards. As shown in Fig. 13,
FCDU-Net can manually infer unlabeled landslides in different
test areas, which further proves that it can perform well in
landslide detection. Furthermore, DCNNS5 play an active role in
updating or supplementing existing landslide databases as they
can detect areas that were previously neglected.

In previous articles, some scholars began to explore the appli-
cation of deep learning or transfer learning in landslide inventory
mapping [69]-[74]. A comprehensive quantitative comparison
is not conducted herein due to differences in image size and
geographic location. They used OBIE, change detection, or
long time series detection algorithms, and included several topo-
graphic factors (e.g., DEM and its derivatives). For example, Lu
and Ma [70] combined transfer learning with OBIE to achieve
edge extraction for large landslides. Shi et al. [72] proposed a
new integrated method combining DCNN and change detection
for efficient landslide mapping in the Hong Kong area. Ghor-
banzadeh et al. [74] showed that topographic factors such as
elevation, slope, and plane curvature can improve the prediction
performance of deep learning networks. In contrast to these
articles, we did not use high-resolution DEM and any postpro-
cessing methods. The excellent performance demonstrates the
effectiveness and robustness of the proposed method.

Through comparative analysis, the application of DCNN
methods has greater advantages. Specifically, they require less
manual fine-tuning than traditional methods and can be easily
used in new domains that require only a small amount of train-
ing data. Moreover, the trained DU-Net will allow continuous
processing and segmentation of high-resolution images, driving
the development of software for continuous detection of new
landslides.

One of the aims of this article is to explore the effect of
landslides at different scales on the detection accuracy of deep
learning methods, so we have adopted the strategy of different
convolutional input window sizes for the proposed FCDU-Net
method. The experimental results demonstrate that FCDU-Net
with the convolutional input window size of 128 x 128 can
perform the best. It can found that multitemporal or long time
series data may be required to train the proposed method to well
remove the seasonal changes in mountainous areas. However, by
integrating NDVI and eight GLCM texture features with spectral
bands in the original image, this article proposes a strategy for
landslide feature extraction in high-resolution remote sensing
images in southern latitudes in winter, and we will investigate
the generalizability of this method in the future.

VI. CONCLUSION

In this article, we propose an effective FCDU-Net semantic
segmentation method. The FCDU-Net training model has the
advantages of fewer parameters and lower error probability,
and can be put into use quickly. To validate the effectiveness
of the proposed method, we apply it to landslide detection in

2657

remote areas of the Novo Fribourg Mountains. In addition, we
also analyze the influence of different convolution input window
sizes on the landslide detection results. The experimental results
demonstrate that FCDU-Net using an input window size of 128
x 128 can produce the best performance and achieve higher
prediction results than classical methods of FCN, DeepLabv3+-,
U-Net, and DU-Net. Therefore, FCDU-Net has greater appli-
cation potential in the landslide inventory dynamic mapping
system, which will expand the landslide database and promote
the subsequent studies of landslide susceptibility mapping. In
the future, we will increase landslide samples from other rainfall
events and continue to train the proposed model to enhance its
robustness to other disaster areas.
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