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Resumo

Algoritmos do novo campo de aprendizado de maquina conhecido como Deep Lear-
ning t€m se popularizado recentemente, mostrando resultados superiores a modelos tradi-
cionais em métodos de classificacdo e regress@o. O histdrico de sua utilizacdo no campo
do sensoriamento remoto ainda ¢ breve, porém eles tém mostrado resultados similarmente
superiores em processos como a classificacdo de uso e cobertura da terra e detecgdo de
mudanga. Esta tese teve como objetivo o desenvolvimento de metodologias utilizando
estes algoritmos com um enfoque no monitoramento de alvos criticos no Brasil por via
de imagens de satélite a fim de buscar modelos de alta precisdo e acuracia para substituir
metodologias utilizadas atualmente. Ao longo de seu desenvolvimento, foram produzidos
tré€s artigos onde foi avaliado o uso destes algoritmos para a detec¢ao de trés alvos distintos:
(a) areas queimadas no Cerrado brasileiro, (b) areas desmatadas na regido da Amazonia e
(c) plantios de arroz no sul do Brasil. Apesar do objetivo similar na produgao dos artigos,
procurou-se distinguir suficientemente suas metodologias a fim de expandir o espago me-
todologico conhecido para fornecer uma base teorica para facilitar e incentivar a adogao
destes algoritmos em contexto nacional. O primeiro artigo avaliou diferentes dimensoes
de amostras para a classificagdao de areas queimadas em imagens Landsat-8. O segundo
artigo avaliou a utilizagdo de séries temporais binarias de imagens Landsat para a detec¢ao
de novas areas desmatadas entre os anos de 2017, 2018 ¢ 2019. O ultimo artigo utilizou
imagens de radar Sentinel-1 (SAR) em uma série temporal continua para a delimitacdo dos
plantios de arroz no Rio Grande do Sul. Modelos similares foram utilizados em todos os
artigos, porém certos modelos foram exclusivos a cada publicagdo, produzindo diferentes
resultados. De maneira geral, os resultados encontrados mostram que algoritmos de Deep
Learning sdo nao so6 viaveis para deteccao destes alvos mas também oferecem desempe-
nho superior a métodos existentes na literatura, representando uma alternativa altamente
eficiente para classificacdo e deteccdo de mudanga dos alvos avaliados.
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Abstract

Algorithms belonging to the new field of machine learning called Deep Learning have
been gaining popularity recently, showing superior results when compared to traditional
classification and regression methods. The history of their use in the field of remote sen-
sing is not long, however they have been showing similarly superior results in processes
such as land use classification and change detection. This thesis had as its objective the
development of methodologies using these algorithms with a focus on monitoring critical
targets in Brazil through satellite imagery in order to find high accuracy and precision mo-
dels to substitute methods used currently. Through the development of this thesis, articles
were produced evaluating their use for the detection of three distinct targets: (a) burnt
areas in the Brazilian Cerrado, (b) deforested areas in the Amazon region and (c) rice fi-
elds in the south of Brazil. Despite the similar objective in the production of these articles,
the methodologies in each of them was made sufficiently distinct in order to expand the
methodological space known. The first article evaluated the use of differently sized sam-
ples to classify burnt areas in Landsat-8 imagery. The second article evaluated the use of
binary Landsat time series to detect new deforested areas between the years of 2017, 2018
and 2019. The last article used continuous radar Sentinel-1 (SAR) time series to map rice
fields in the state of Rio Grande do Sul. Similar models were used in all articles, however
certain models were exclusive to each one. In general, the results show that not only are
the Deep Learning models viable but also offer better results in comparison to other exis-
ting methods, representing an efficient alternative when it comes to the classification and
change detection of the targets evaluated.
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Capitulo 1

Introducao

Deep Learning (DL) ¢ um ramo do campo mais abrangente conhecido como Machine Lear-
ning (ML), ou aprendizado de méaquina, que tem ganhado forte tragdo nos ultimos anos devido
ao potencial dos algoritmos utilizados e a avangos no campo da computacdo que facilitaram sua
implementacao e acessibilidade. Melhorias em hardware, particularmente o advento de unida-
des de processamento graficas (GPUs) com maiores capacidade de processamento reduziram o
tempo necessario de treinamento e aplica¢do destes algoritmos, e a criagdo de frameworks de-
dicados para DL tais como Tensorflow (Abadi et al. 2015), PyTorch (Paszke et al. 2019) e Caffe
(Jia et al. 2014), junto da disponibilizacao de bibliotecas de alto nivel de abstracdo como Keras
(Chollet et al. 2015) simplificou a constru¢ao de modelos, tornando o campo mais acessivel para
o publico leigo.

Estes algoritmos se diferenciam de algoritmos classicos de ML tais como regressoes, arvores
de decisdo e redes neurais rasas em fung@o de sua maior profundidade, complexidade e capaci-
dade de aprender em um contexto multidimensional. Suas estruturas de carater modular podem
conter uma variedade de camadas disponiveis para identificar diferentes tipos de padrdes em
um conjunto de dados. Um fator comum dentre as arquiteturas de DL ¢ o uso de camadas com
filtros convolucionais para a extracdo de padrdes e feicdes que geralmente sdo utilizadas para
formar arquiteturas conhecidas como Convolutional Neural Networks (CNN), ou redes neurais
convolucionais. Devido a capacidade de identificar padroes em ambito multidimensional, este
tipo de arquitetura se popularizou e vém sendo utilizado para a solu¢do de diversos problemas
tais como analise e classificagdo textual (Zhang, Zhao et al. 2015), reconhecimento e classi-
ficacdo de imagens (Simonyan e Zisserman 2015; Chan et al. 2015), reconhecimento de voz
(Zhang, Chan et al. 2017) e andlise de videos (Frizzi et al. 2016). Modelos de DL como CNNs
aprendem através de processos iterativos de treinamento nos quais eles realizam previsdes que
sdo comparadas a realidade (ground truth), produzindo valores de erros que sdo utilizados para
ajustar e otimizar os valores dos filtros e pesos utilizados nas camadas convolucionais e entre
camadas — processo denominado backpropagation — ao longo de diversas geragdes.

Pesquisadores também tém encontrado aplicagdes da tecnologia no campo do sensoriamento
remoto, onde ela tem suplantando as metodologias previamente utilizadas para a solucao de
certos problemas como classificacdo de uso e cobertura da terra (Carranza-Garcia et al. 2019;
Scott et al. 2017), detecgao de objetos (Guo et al. 2018) e detec¢ao de mudancas (Shi et al. 2020).



A classificagdo de uso e cobertura da terra, onde sdo associadas classes semanticas a fragcoes da
superficie terrestre, € atualmente a aplicagdo mais comum de algoritmos de DL (Ball et al. 2017),
possivelmente em funcdo da grande variedade de alvos a serem identificados e da necessidade
de se obter classifica¢oes de alta fidelidade em relacdo a realidade. Estudos tém utilizado estes
algoritmos para a classificagdo de diversos tipos de alvos tais como corpos d’agua (Yu et al.
2017), nuvens (Liu, Zhang et al. 2019), deslizamentos de terra (Ghorbanzadeh et al. 2019) e
paineis e usinas de producao de energia solar (Imamoglu et al. 2017).

A deteccao de mudancgas da superficie terrestre em séries temporais de imagens de satélite
também se encontra entre os usos mais comuns destes algoritmos dadas as suas capacidades
de detec¢do de padrdes e, consequentemente, a capacidade de deteccdo de mudancas nesses
padrdes. Existe uma grande variedade metodologica em estudos de detec¢do de mudangas, em
fungdo do tipo de imagem, da quantidade de imagens e do objeto de estudo (Tewkesbury et
al. 2015), porém o principal fator comum € o que ha uma comparacao entre estados temporais
da superficie. A dimensao temporal nesse tipo de problema representa uma fonte adicional de
informagao para algoritmos de DL, permitindo a identificacdo de padrdes temporais em adi¢ao
aos padrdes espaciais e espectrais. A detec¢ao de mudangas em estruturas urbanas (Liu, Kuffer
et al. 2019), mudancas de uso da terra (Cao et al. 2019) e deteccao de desastres naturais (Liu e
Wu 2016) sdo alguns exemplos do uso destes algoritmos neste campo.

Atualmente uma grande variedade de informagdes pode ser extraida de dados de diferentes
sensores e pesquisadores tém procurado utilizar aquelas que melhor se adaptem a seus objetos
de estudo. Sensores hiperespectrais como o Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS) da Agéncia Espacial Norte-Americana (NASA) oferecem imagens ricas em informa-
¢ao espectral que tém sido amplamente utilizadas em estudos com DL (Zhang, Chan et al. 2017;
Santara et al. 2017; Zhong et al. 2018). O sensor Moderate Resolution Imaging Spectroradio-
meter (MODIS) capta imagens com média resolucdo espectral e baixa resolucao espacial, porém
com resolucao temporal diaria, para estudos com objetos onde se necessita de um acompanha-
mento detalhado da variacao temporal dos dados (Wang et al. 2018). Os sensores a bordo dos
satélites Landsat 5 a 8 da NASA tém média reincidéncia e produzem uma a duas imagens por
més sobre 0 mesmo ponto na terra, porém com média resolugdo espacial e espectral, sendo uti-
lizadas quando o objeto em foco necessita de detalhe espacial e a informacao espectral possui
certarelevancia (Yu et al. 2017; Zeng et al. 2018). Imagens detectadas via radar, tais como Lidar
e o Synthetic Aperture Radar (SAR) a bordo do satélite Sentinel-1 da Agéncia Espacial Europeia
(ESA) sao particularmente tteis em casos onde informagao textural ¢ relevante, além de ofere-
cerem imagens livres de nuvens devido as caracteristicas inerentes a esse tipo de sensoriamento
(Cozzolino et al. 2017; Kang et al. 2017).

Os principais trabalhos de monitoramento por satélite no pais t€ém sido realizados pelo Ins-
tituto Nacional de Pesquisas Espaciais (INPE), através de programas como o Programa de Mo-
nitoramento da Floresta Amazonica Brasileira por Satélite (PRODES), o Sistema de Detecgao
de Desmatamento em Tempo Real (DETER), o Sistema de Mapeamento do uso e Ocupagdo

da Terra, (TerraClass) e o Programa de Monitoramento de Queimadas. Recentemente o projeto



Mapbiomas também tem contribuido com mapeamentos de uso e cobertura da terra no Brasil,
particularmente sobre os impactos do desmatamento na florestal Amazonica. Apesar da con-
fiabilidade e uso frequente dos dados produzidos por agéncias nacionais, existe ainda espago
para o aprimoramento dos métodos de monitoramento ambiental, e estudos mostram que pro-
dutos como o PRODES e mapas de distribuicdo de areas queimadas usados amplamente em
um contexto global possuem uma tendéncia a subestimar a extensao real do problema, seja por
razdes metodoldgicas ou operacionais (Nogueira et al. 2016; Milodowski et al. 2017). Estas
novas tecnologias como DL surgem como possiveis candidatos para a producdo de mapas mais
compativeis com a realidade.

O monitoramento de plantios agricolas também ¢ um aspecto importante do monitoramento
do Brasil via sensoriamento remoto, seja para fins produtivos ou para fins de conservagdo am-
biental. No entanto, levantamentos de plantios agricolas no pais sao realizados em grande parte
através de mapeamentos manuais por via de interpretacao visual e visitas in situ, resultando em
processos longos e dispendiosos. O arroz produzido no estado do Rio Grande do Sul é exemplo
disto. Sendo um dos componentes principais da sexta basica brasileira, ¢ um dos produtos agri-
colas mais importantes no pais e portanto justifica-se o monitoramento ¢ acompanhamento deste
tipo de plantio. Este processo ¢ realizado atualmente por 6érgaos como a Companhia Nacional
de Abastecimento (CONAB), que realiza mapeamentos de diversos tipos de plantios no pais. O
uso de algoritmos de DL pode surgir como uma alternativa automatizada ou semi-automatizada
com elevado grau de acuracia para substituir os processos utilizados atualmente no pais. Estu-
dos t€ém mostrado que estes modelos sdo capazes de fornecer mapas confiaveis e de baixo custo
de produgao em plantios de graos como soja (Xu, Zhu et al. 2020), milho (Xu, Yang et al. 2021)
e arroz (Park et al. 2018).

Dado o contexto até entdo apresentado, levanta-se a hipotese de que estes algoritmos ofe-
recem uma alternativa de alta acuricia e precisdo para a classificagdo e demarcagdo de areas
criticas nos contextos ambiental e agricola do pais tais como areas desmatadas, areas queimadas
e plantios de arroz — possivelmente produzindo resultados superiores aos métodos utilizados
atualmente. A fim de testar esta hipdtese, o objetivo principal deste trabalho foi a investigagao e
aplicacao de diferentes algoritmos de DL para a deteccdo destes alvos e, ademais, compara-los
com métodos j4 existentes.

Sob uma o6tica global, o numero de estudos utilizando algoritmos de DL junto de dados de
sensoriamento remoto tem crescido cada vez mais. No entanto, estudos realizados no Brasil —
particularmente com um enfoque ambiental e agricola — ainda sdo comparativamente escassos
e uma parte consideravel dos estudos em areas nacionais tém partido de iniciativa internacional
apesar da importincia deste topico para o desenvolvimento ambiental e agricola do pais. Por-
tanto, além de apresentar uma base cientifica para futuros estudos, esta tese surge ainda como
uma fonte de auxilio para incentivar estes passos iniciais na adogao desta tecnologia no pais.

Além deste capitulo introdutorio, neste trabalho constam trés capitulos contendo publica-
¢oes produzidas em paralelo ao longo do desenvolvimento desta tese a fim de testar a hipdtese

levantada e explorar a utiliza¢do destes algoritmos no campo do sensoriamento remoto (Figura



I.1). Estes artigos tiveram como foco trés alvos importantes nos contextos ambiental e agricola
no Brasil. No Capitulo II, a seguir, ¢ apresentado o artigo intitulado “Performance Analysis of
Deep Convolutional Autoencoders with Different Patch Sizes for Change Detection from Burnt
Areas”, no qual foram utilizados algoritmos para a detec¢ao de areas queimadas no Cerrado bra-
sileiro. Em seguida, no Capitulo 3, ¢ apresentado o artigo “Change Detection of Deforestation
in the Brazilian Amazon Using Landsat Data and Convolutional Neural Networks”, onde foi
explorada sua utilizacdo para a detec¢cdo de areas desmatadas na Amazdnia. O ultimo artigo,
de titulo “Irrigated Rice Crop Identification in Southern Brazil Using Convolutional Neural
Networks and Sentinel-1 Time Series”, difere dos demais no tipo de alvo a ser detectado, dando
um enfoque aos plantios de arroz no estado do Rio Grande do Sul. Existem similaridades entre as
metodologias dos trés artigos apresentados, porém procurou-se diferencia-las a fim de expandir
o espago metodoldgico conhecido. Finalmente, encerra-se esta tese com um capitulo de discus-
sdo e um capitulo final onde sdo discutidas as conclusdes encontradas e possiveis procedéncias

no campo do uso de DL no sensoriamento remoto.

Capitulo I
Introdugao, contexto
hipotese e objetivos

Foco ambiental Foco agricola
Capitulo 11 Capitulo 111 Capitulo IV
Areas queimadas Areas desmatadas Plantios de arroz
Imagens Landsat Imagens Landsat Imagens SAR
Anilise de tamanho de amostras Série bi-temporal Série temporal continua
Capitulo V
Discussdo
Capitulo VI
Conclusdo

Figura I.1. Estruturagdo do desenvolvimento desta tese.
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Capitulo 11

Performance Analysis of Deep
Convolutional Autoencoders with
Different Patch Sizes for Change Detection

from Burnt Areas

Resumo: Fogo ¢ uma das principais causas de danos a ambientes naturais em um nivel global.
Estimativas mostram que aproximadamente 4 milhdes de km? de florestas queimam anualmente.
Estudos mostram que no entanto essas estimativas tendem a subestimar a extensao real de areas
queimadas, evidenciando a necessidade de se encontrar métodos mais confidveis para detectar
e classificar estas areas. Esse estudo teve como objetivo analisar o uso de arquiteturas conheci-
das como Deep Convolutional Autoencoders na classificagao de areas queimadas considerando
diferentes dimensdes de amostras. Um Autoencoder simples juntamente das arquiteturas U-
Net e ResUnet foram avaliados. Imagens Landsat 8 OLI+ em trés cenas diferentes em quatro
datas consecutivas foram utilizadas no processo de detec¢ao de areas queimadas. Os dados fo-
ram amostrados segundo quatro estrategias de amostragem diferentes para avaliar diferencas
na performance dos modelos. A fase de treino utilizou duas das cenas disponiveis, enquanto a
fase de validagdo utilizou a cena restante. A mascara de mudanga demonstrando as areas quei-
madas foi criada utilizando o indice espectral Normalized Burn Ratio (NBR) como base. As
classificagdes dos modelos foram avaliadas segundo os indices F1, Kappa e mean Intersection
over Union (mloU). Os resultados mostram que as arquiteturas U-Net e ResUnet ofereceram as
melhores classificacdes com valores médios de F1, Kappa e mloU de aproximadamente 0.96,
representando classificagdes excelentes. Também se verificou que uma amostragem utilizando

um tamanho de janela de 256 por 256 pixels produziu os melhores resultados.
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Performance Analysis of Deep Convolutional
Autoencoders with Different Patch Sizes for Change

Detection from Burnt Areas

Abstract: Fire is one of the primary sources of damages to natural environments globally. Estimates show
that approximately 4 million km? of land burns yearly. Studies have shown that such estimates often
underestimate the real extent of burnt land, which highlights the need to find better, state-of-the-art methods
to detect and classify these areas. This study aimed to analyze the use of deep convolutional Autoencoders in
the classification of burnt areas, considering different sample patch sizes. A simple Autoencoder and the U-
Net and ResUnet architectures were evaluated. We collected Landsat 8 OLI+ data from three scenes in four
consecutive dates to detect the changes specifically in the form of burnt land. This data was sampled according
to four different sampling strategies to evaluate possible performance changes related to sampling window
sizes. The training stage used two scenes, while the validation stage used the remaining scene. The ground
truth change mask was created using the Normalized Burn Ratio (NBR) spectral index through a thresholding
approach. The classifications were evaluated according to the F1 index, Kappa index, and mean Intersection
over Union (mloU) value. Results have shown that the U-Net and ResUnet architectures offered the best
classifications with average F1, Kappa, and mloU values of approximately 0.96, representing excellent
classification results. We have also verified that a sampling window size of 256 by 256 pixels offered the best
results.

Keywords: deep learning; CNN; classification; fire; multitemporal image

1. Introduction

Deep Learning (DL) is the term that refers to the use of multilayered neural networks to
solve complex problems. It is one of the fastest-growing trends in machine learning, data
science, and computer vision. The DL field has become more accessible in the latest years
due to improvements in the understanding of machine-learning theory, coupled with the
increased processing power from the better consumer-grade computer hardware. Within the
full range of deep network architectures, Convolutional Neural Networks (CNN) gained the
focus in recent DL studies. CNNs are multilayer neural networks capable of identifying
patterns in data, both spatial and spectrally wise, and using these learned patterns for
inference to classify data. Studies have shown they possess the ability to solve a wide variety
of problems, such as text classification [1], image recognition [2], video analysis [3], and
speech recognition [4].

Recent DL algorithms have found several applications in geoscience and Remote

Sensing (RS) domains [5,6]. Studies have shown the feasibility and performance of CNNs



for common RS tasks such as land cover classification [7—9], object detection [10,11], image
pansharpening [12,13], change detection [14-17], and many others. These tasks have been
carried successfully with a variety of RS image types, such as hyperspectral [7], multispectral
[11,18], and in simple Red-Green-Blue (RGB) images [19].

Within the scope of land cover classification and change detection, the mapping of areas
burnt by wildfires is crucial because of their ecological, social, and economic impacts [20].
The Brazilian Savanah (Cerrado) is one of the world’s hotspots for biodiversity conservation
and the world’s richest neotropical savanna [21]. It is characterized by the regular occurrence
of fires, either through natural or anthropogenic means, and approximately 170.000 km? of
land within the region have burnt every year on average for the past ten years [22], making
the Cerrado one of the regions most affected by wildfires globally [23].

Since the advent of satellite imagery, researchers have extensively attempted to map
burnt areas as a critical step in understanding and preventing the social and environmental
damage caused by fire [24]. Estimates show that fire consumes up to approximately 4 million
km? of land yearly [25]. In the Cerrado biome, several studies analyze fire events based on
remote sensing data, defining spatial patterns [26-28], temporal frequency [29,30], drivers
of fire occurrences [31,32], and climatic effects [33].

Studies have found that commonly used global burnt area products such as the
MCD64A1 MODIS dataset [34] often underestimate the real extent of the burnt areas [35—
37]. Studies in the Brazilian territory [29,38] detected high values of errors in the MODIS-
MCD45 product (commission error of 36.69% and omission error of 77.04%) and MODIS-
MCD64 product (commission error of 45, 85% and omission error of 64.05%). Machine
Learning (ML) algorithms have been shown to offer better results than such products [39].
Therefore, the current accuracy results of the global fire mapping products show the need for
advances in the detection and classification of the area of fires.

Shallow ML algorithms such as Support Vector Machines (SVM) and Random Forest
(RF) along with shallow fully connected neural networks such as the Multilayer Perceptron
(MLP) have been used to classify and detect burnt areas [39-44]. However, recently these
shallow algorithms were surpassed in most tasks by the deeper, more complex CNNs, which
potential in classifying burnt area is still relatively unexplored. Studies that have applied DL
algorithms to map burnt land have shown promising results [45,46], although several factors
need further investigation, such as the use of different types of architectures and
hyperparameter tuning. Several types of CNNs have been proposed and used for change

detection and land cover classification [9,11,15,19,47]. The architectures known as

10



Autoencoders have shown consistently good results among the many types of CNNs used for
image segmentation [48-51]. Autoencoders use the concept of downsampling and
upsampling feature maps, which makes them very efficient memory-wise and helps detect
both high-level semantic information and low-level spatial detail. Therefore, Autoencoders
offer a good choice of architecture to classify RS data given how memory intensive it can be
and how it is highly dependent on spatial information.

Within the scope of segmentation in Remote Sensing images, the sampling technique
has been a topic of discussion. The sampling process is generally performed by either placing
random sampling windows or by sliding a sampling window along the image to collect pixel
data in the form of smaller patches [52]. The sliding window technique is much more
common, although there is no consensus on the optimal window size, which seems to depend
on the type of image used and the target analyzed. Varying window sizes have been
investigated in literature for different objects, such as (a) 17 x 17 pixels to detect oil palm
trees in a plantation area from QuickBird image [53]; (b) 50 x 50 pixels to detect vehicles in
aerial images [54], (c) 224 x 224 pixels for the analysis of damaged buildings using aerial
images of 0.5-m resolution [55]; (d) 256 x 256 pixels to classify urban buildings from an
image with 0.075-m resolution [56]; and (e) 400 x 400 pixels resampled to 256 x 256 pixels
to classify urban land cover using high-resolution aerial images [57]. Although studies
consider that the adequate window size should cover the intended target, a window size
sensitivity analysis allows for the detection of the optimal dimension. A study mapping land
cover using RapidEye images [58] tested different window sizes (5, 10, 15, 20, 25, 30, 35,
and 40) and determined the dimension of 30 x 30 pixels as the ideal size. Another study
evaluated different window sizes (60, 80, 100, 120, 140, 160, 180, and 200) to locate cars in
unmanned aerial vehicle (UAV) images [59], concluding that a patch size of 160 x 160 pixels
provided the best total accuracy. Additionally, studies show that some degree of overlap
between windows is beneficial to the classification as it reduces the loss of contextual
information along image patch borders [60].

This study aimed to investigate the use of DL algorithms to map burnt area changes
within the Cerrado region to provide an accurate automated classification method. This
research evaluated three CNN models based on the concept of the Autoencoder architecture:
(a) the basic Autoencoder, (b) the U-Net, and (c) the ResUnet architectures, which propose
improvements over the basic Autoencoder. Furthermore, we tested four sampling strategies

to find optimal sampling window sizes for this specific classification task. In the following
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sections, we describe the study area; our dataset structure, how the models were built, how

they were evaluated and lastly, we present the results found and a brief discussion over them.

2. Methodology

2.1. Landsat data

Our training and testing datasets were created by collecting Tier 1 atmospherically
corrected reflectance data detected by the Landsat 8 OLI+ sensors and pre-processed by the
United States Geological Survey (USGS) agency. This study used bands 2 to 7, which offer
the majority of the spectral information relevant to the detection of burnt lands for the same
30-meter spatial resolution. The training used the Landsat scenes (path-row) 221-71 and 221-
70 (sites A and B), while the validation used scene 221-69 (site C) (Figure 1). The areas fit
into the Cerrado biome and offer detection dates on the same day. The overlapping region
between scenes B and C was excluded from scene B to avoid sharing data between training
and validation.

To detect changes, we selected four different dates in August and September 2017
(August 9 and 25, September 10 and 26). The choice of date was based on the more
significant occurrence of fires in the region during the end of the dry season [37].
Additionally, these dates offered the least amount of cloud cover throughout the year.
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Figure 1. Delimitation of the (A, B) training and (C) validation sites within the Brazilian Cerrado region.
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2.2. Burnt area change mask

The elaboration of the ground truth mask used the Normalized Burn Ratio (NBR)
spectral index (Equation 1), which has been extensively used in research to highlight burnt

areas and assess burn severity [38,61,62].

NBR = NIR-SWIR ’ (1)
NIR+SWIR

where NIR and SWIR are the near and shortwave infrared bands, respectively. The NBR
temporal difference (ANBR) can then be calculated to further highlight the burnt areas
(Equation 2).

ANBR = NBRTl - NBRTZ y (2)

where T1 and T2 are the pre-fire and post-fire images respectively. Specific ANBR threshold
values allow assessing the severity of the burn. In this study, we classified pixels with ANBR
values above 0.1 as burnt areas, regardless of the severity (Figure 2). Common false positives
such as bodies of water and shadows, which are often also highlighted by this approach, were
manually removed from the masks to guarantee that only burnt areas were present. This
approach only detected new-burnt areas between two consecutive images without accounting

for the accumulated burnt area.
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\ o

Thresholded Mask

Figure 2. Visualization of the Normalized Burn Ratio thresholding process to generate the burnt area masks.
From top to bottom, the true color satellite images, the calculated NBR values, the difference NBR between T1
and T2, and the thresholded burnt area mask.

2.3. Data structure

In this study, we used a bi-temporal approach in order to detect burnt area change.
Therefore, images on two consecutive dates were paired and stacked depth-wise, generating
a 12-band file associated with the respective change mask. Given our available images, this
process generated three sets of bi-temporal images for each of the Landsat scenes.

Additionally, since data are structured in a batch by batch basis for deep learning models,
our images had to be restructured and sampled as a 4D tensor containing multiple image
patches and with shape [S x H x W x B] where S is the number of samples, H and W the
height and width of the patches in number pixels and B the number of bands in the bi-
temporal image pair. In this study, we sampled the images through a sliding window of four
different sizes based on power of two (2") numbers: (a) 512 by 512, (b) 256 by 256, (c) 128
by 128, and (d) 64 by 64 pixels (Figure 3).
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Furthermore, we used a 12.5% overlap between sampling windows to reduce the loss of
predictive power near sample edges, an effect that is induced by the padding operation in
convolutional layers and by the lack of contextual information near the patch edges.
Incomplete windows, i.e., with empty pixel values, were discarded. The total number of
samples per image generated through this process was 168, 747, 3140, and 12860,

respectively.

Figure 3. Example of the four different overlapping window sizes used to sample our images for the deep
learning framework. Height and width in pixels of (a) 512, (b) 256, (c) 128 and (d) 64 respectively.

2.4. Deep learning models

The basis for the models used in this study was the Autoencoder model, which consists
of an architecture that downsamples (decodes) the feature maps generated through
convolutional layers to learn features compactly and then upsamples (encodes) them back to
the desired output size. This process usually leads to the loss of spatial information as the
feature maps are downsampled. The U-Net architecture[63] can be considered an evolution
of the basic Autoencoder model, which tries to correct the loss of spatial information through
the introduction of residual connections that propagate the information before being
downsampled towards the upsampling layers. This allows the model to learn low-level detail
while also keeping the high-level semantic information. A further enhancement of the
architecture has been proposed through the insertion of residual connections within the
architecture’s blocks, resulting in what has been called ResUnet [51,64]. These three
architectures have been used to classify remote sensing data before with good results [48—
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51,64]. We adapted and evaluated these three architectures to describe possible differences
when used to detect burnt area changes. Figure 4 describes the general structure of the
models used.

In this study, the architecture of the three models have the same number of layers and
basic structure. Still, they differ in the way the residual connections are used: (a) the
Autoencoder uses no connections at all, (b) the U-Net architecture uses connections only
between blocks from both sides of the structure, and (c) the ResUnet uses connections
between and within the blocks. This allowed us to evaluate the effect of the addition of the
residual connections. The Keras [65] Python framework was used to build and train the

models and to classify the images.
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Figure 4. lllustration of the structures for the architectures used in this study. (a) The full general architecture
and the (b) residual block, (c) convolutional block, and (d) the upsampling block structures. The use of residual
connections determines the model, where the Autoencoder, U-Net, and ResUnet use: no connections,

connections between blocks, and connections between and within blocks, respectively.

2.5. Model training

The three models shared most of the training parameters. To compute loss, we used the
sum of the Binary Cross Entropy (BCE) loss and the Dice loss [66] functions (Equations 3,
4, and 5).
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Final Loss = BCE loss + Dice loss , (3)

where:
BCE loss = — ¥, —(y; *log(§:) + (1 — ;) * log(1 = ) (4)

m
1 2 X * )

Diceloss=1—-—— ) —————
mé&d Xy +Lpi

()

where m is the number of mini-batches, y are the ground truth class values, ¥ are the class
scores from the sigmoid activation, and p are the predicted class values. The Dice loss comes
from the Dice coefficient, also known as F1, which is especially useful for classifications
with uneven class distributions (as in this study). This coefficient equally values positive and
negative cases without the need to set arbitrary weights.

The gradient descent optimization used the RMSprop algorithm with a learning rate of
10 that automatically decreased by a magnitude of 10 every time the loss reached a plateau,
to a minimum of 10, The models were trained with the data from scenes A and B for a total
of 200 epochs, which was enough to stabilize model loss and error for every model instance.
The main differing parameter for model training was the batch size, which varied depending
on the sample size as the available hardware memory constrained it. The batch sizes used
were of 4, 8, 16, and 32 respectively for the window sizes of 512, 256, 128, and 64. Those
were the largest possible batch sizes that allowed us to fit the samples into memory for their
respective window sizes without reducing the number of samples. The model training used a
computer equipped with Nvidia GeForce RTX 2080 TI graphics card with 11 GB of GPU
memory, 16 GB of RAM memory, and an Intel Core i7-4770K CPU.

2.6. Model evaluation

As mentioned before, model validation used the data from scene C. The three main
metrics used to evaluate the models were the F1 measure, the Kappa coefficient, and the
mean Intersection Over Union (mloU) value, represented by equations 6, 9, and 12,

respectively.

Fl=2x Precision XRecall 1 (6)

Precision+Recall

where:

. . True Positives
Precision = — — ) (7)
True Positives+False Positives
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True Positives

Recall = — — (8)
True Positives+False Negatives
Kappa — Po~PDe , (9)
1-pe

where p, is the rate of agreement between the ground truth and the classification, and p, is

the expected rate of random agreement (Equations 10 and 11):

True Positives+True Negatives

bo = True Positives+False Positives+True Negatives+False Negatives ' (10)
_ (TP+FN)*(TP+FP)+(FP+TN)*(FN+TN)
e (TP+FN+TF+FP)2 ' (11)
IoU +10U,---+10U,
mloU = —/—2—1 | (12)

n

where IoU is the area of the intersection divided by the area of the union of the
classification and ground truth for a class, and n is the total number of classes. All three of
these measures range from 0 to 1, where a result of 1 would represent a perfect classification.
In this study, they provide a better quantitative assessment over the traditional accuracy
value, which tends to be misleadingly optimistic in classifications with an imbalanced
number of observations and a large number of background (negative) cases relative to the
foreground (positive) cases [67,68].

In addition, we employed McNemar’s test [69] to evaluate whether the models were
significantly different between each other. This test is a non-parametric test that mainly
evaluates whether the error distribution between two classifications is similar. In this study,
we used the variation of the test based on a chi-square distribution with a single degree of

freedom and continuity correction [70] (Equation 13).

X2 = (Ifiz—forl-1)? (13)
fiztfzr

where f;, and f,; are the frequency of observations in disagreement between two
classifications in a contingency table. A p-value of 0.05 was used as the threshold value,
where lower values indicate that the distributions between two compared models are

significantly different.

3. Results
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Table 1 lists the detailed validation results for the F1, Kappa and mloU measures for
each model, while Figure 5 shows a visual comparison of these measures. The basic
Autoencoder architecture showed the worst results overall, although it showed good F1,

Kappa, and mloU values.

Table 1. Evaluation metrics for each instance of the models separated by the time sequence and window sizes.

Best results in each column highlighted in bold text.

08-09 to 08-25 08-25 to 09-10 09-10 to 09-26 Average

Model Kappa Fl1 mloU Kappa Fl1 mloU Kappa F1 mloU Kappa F1 mloU

Autoencodersa 0.823 0.825 0.849 0.844 0.845 0.865 0.849 0.851 0.868 0.839 0.840 0.861

Autoencoderizs  0.848 0.850 0.868 0.845 0.846 0.865 0.854 0.856 0.872 0.849 0.850 0.868

Autoencoderss  0.863 0.865 0.879 0.865 0.866 0.881 0.868 0.870 0.883 0.865 0.867 0.881

Autoencoders;z  0.870 0.872 0.885 0.876 0.877 0.889 0.879 0.881 0.892 0.875 0.877 0.889

U-Netes 0.889 0.890 0.900 0.920 0.920 0.926 0.922 0.923 0.927 0910 0911 0.918
U-Netizs 0.903 0.904 0912 0.942 0.942 0945 0944 0.945 0.947 0930 0.930 0.934
U-Netzse 0.962 0.963 0.964 0.959 0.959 0960 0.960 0.961 0.962 0.960 0.961 0.962
U-Nets12 0.939 0.940 0.943 0.940 0.940 0.943 0.954 0.955 0.956 0.945 0.945 0.948
ResUnetes 0.809 0.811 0.839 0911 0.912 0918 0.925 0.926 0.930 0.882 0.883 0.896
ResUnetizs 0.921 0.922 0927 0.942 0.942 0945 0.950 0.950 0.952 0.937 0.938 0.941
ResUnetzse 0.953 0.953 0955 0.963 0964 0965 0.962 0963 0964 0.959 0.960 0.961
ResUnetsa2 0.843 0.844 0.864 0.924 0.925 0930 0.882 0.884 0.894 0.883 0.884 0.896
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Figure 5. Visual comparison of the performance measures between the trained models for each time sequence
and the average values with varying sample window sizes.

The U-Net and ResUnet architectures showed similar results. Despite performing better
on average, the U-Net showed worse results in the time sequences of 08-25 to 09-10 and 09-
10 to 09-26.

The models trained with samples with a size of 64 by 64 showed the worst results overall.
The basic Autoencoder was the only model to show an improvement still when the window



size was increased to 512 by 512. The ResUnet model showed a more marked loss of
performance, increasing the window size to 512 by 512. Using a window size of 256 by 256
resulted in the best F1, Kappa, and mloU values for both the U-Net and ResUnet models.

In most cases, the models produced more false positives than false negatives (Figure 6).
Improvements in the performance measures seemed to stem mainly from decreases in the
number of false-positive predictions as the window sizes grew to 256 by 256. Comparatively,
the number of false negatives varied little. However, the ResUnet model showed a noticeable
increase in false negatives with the window size of 512 by 512. The time sequence between
08-25 and 09-10 showed the lowest amount of incorrectly classified pixels, which is

explained by the fact that this sequence also showed the lowest extent of burnt areas overall.
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Figure 6. Error distributions in number of pixels for all model instances by time sequence and sample window

size.

McNemar’s test shows that when compared, most models have significantly different
error distributions, which means the observed differences in the results did not occur at
random (Table 2). The only models found to be statistically similar were the 256-window U-

Net and ResUnet. The differences in error distributions are also visually noticeable in the
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classification maps, particularly at the edges of burnt area patches. While the basic

Autoencoder misclassified large groups of pixels, the U-Net and ResUnet models showed

misclassifications mostly as very small groups or single pixels.

There were no noticeable differences between time sequences despite the physical and

phenological changes (Figures 7, 8, and 9). The models automatically masked water bodies

and most shadows, which are spectrally similar to burnt areas. However, burnt area patches

with cloud cover in either image in a sequence were still sources of error in the classifications.

Despite that, cloud shadows in unburnt lands were still correctly classified as negatives in

most cases. Both the U-Net and ResUnet models were able to classify unclouded patches of

burnt land with a low occurrence of errors.

Table 2. p values of the McNemar's test for comparing model classifications. Values under 0.05 indicate the

error distribution from the two compared models are significantly different. (* indicates models that were

statistically similar).

Autoencoder U-Net ResUnet
Model/Window
64 128 256 512 64 128 256 512 64 128 256 512
64
&
§ 128 <0.001
g
5 256 <0.001 <0.001
<
512 <0.001 <0.001 <0.001
64 <0.001 <0.001 <0.001 <0.001
- 128 <0.001 <0.001 <0.001 <0.001 <0.001
Z
> 256 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
512 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
64 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
E 128 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
=)
&
o 256 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.089* <0.001 <0.001 <0.001
512 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
4. Discussion

Results have shown that the DL models evaluated offer excellent classification results

when used to detect burnt area changes. Even the worst model using the Autoencoder
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architecture with a sample window of 64 by 64 resulted in F1, Kappa, and mloU values over
0.8, which can already be considered a good result. The addition of residual connections
between the decoding and encoding layers in the U-Net significantly improved the results. In
contrast, the ResUnet’s addition of connections within individual blocks gave marginal
improvements and only in some cases. Visually, the Autoencoder’s lack of connections
translated in a noticeable loss of spatial information in the form of less detailed contours
between the positive and negative classes. Overall, the U-Net architecture showed the best
results, although not much higher than the ResUnet architecture, which was superior in the
time sequences with greater extensions of burnt land. Regions with clouded patches of burnt
land were among the primary sources of errors in the classifications as occasionally, the
models misclassified the cloud shadows as extensions of the burnt land patches, generating
false positives. Despite that, the models correctly classified regions without mixed burnt
areas and cloud shadows and automatically masked objects commonly detected as false
positives through ANBR thresholding, therefore reducing the need for human intervention.
The presence of cloud cover is one of the main limitations when using Landsat data for
change detection as it is a common occurrence that impacts both the creation of a ground
truth mask and the training of the models. Radar data can be used instead but at the cost of a
significant loss of spectral information and possibly accuracy [71]. Studies have been carried
using CNNs and Synthetic Aperture Radar (SAR) data to detect burnt areas with results
similar to those found in this study [46,72] although in much smaller extents. Our bi-temporal
approach was similar to that used by the Brazilian Institute of Space Research (INPE) to
produce official burnt area reports [73]. However, our use of DL architectures instead of a
thresholding process produced a much lower rate of false positives (commission errors) and
false negatives (omission errors). Furthermore, DL models can be trained incrementally with

new training data and further improve results, although up to a specific limit.
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Figure 7. Example of a classified burnt area patch of the August 9 to August 25 sequence. On top, the false-
color Landsat images (R: band 6, G: band 5 and B: band 4) along with the change mask and on the bottom the

model classifications coded by prediction type.
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Figure 8. Example of a classified burnt area patch of the August 25 to September 10 sequence. On top, the false-
color Landsat images (R: band 6, G: band 5 and B: band 4) along with the change mask and on the bottom the

model classifications coded by prediction type.
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Figure 9. Example of a classified burnt area patch of the September 10 to September 26 sequence. On top, the
false-color Landsat images (R: band 6, G: band 5 and B: band 4) along with the change mask and on the bottom

the model classifications coded by prediction type.




Increasing the sample window size improved the results despite simultaneously
decreasing the training batch sizes, although only up to 256 by 256 in the case of the U-Net
and ResUnet models. The size of 512 by 512 worsened the results, particularly for the
ResUnet model, which showed results close to the same model using the 64 by 64 samples.
The cause can be attributed to the lower batch size used. Studies have shown that smaller
batch sizes can introduce more noise in the training gradients, leading to a loss of
generalizability and, therefore, less accuracy [74,75]. However, the window size of 64 by 64
showed the worst results overall, even using the largest batch size, which shows that there is
possibly a balance between sample window size and batch size. This problem is ultimately
limited by the quantity of memory available in the graphics card, which determines the
number of samples, the size of samples, and the batch size that can be used in the same
training process. In addition, increasing the model complexity (e.g., by increasing the number
of layers or filters) can exponentially increase the memory required for training. Remote
sensing data can be highly memory intensive, especially at higher spatial and spectral
resolutions, making the process of optimizing the training parameters for DL models
challenging with consumer-grade hardware.

The loss of performance with smaller window sizes is also related to the size of the object
at hand. While small window sizes might cover the full extent of small objects, they cannot
fully cover larger objects, leading to less information about the relationship between the
object of study and its surroundings. Given the way convolutional networks function, the
information within each image patch is highly important. In this study the extent of burnt
areas ranged from single pixels (900m?) to several square kilometers, and, as seen in Figure
3, the smaller window sizes created several image patches with low or no background-
foreground context, i.e., without enough information about the burnt area border dynamics.
Despite that, the results show that the sampling window does not necessarily need to cover
the full extent of the object of detection, corroborating with results found in other studies
[59].

5. Conclusions

In this study, we evaluated three Deep Learning models to detect burnt area changes in
3 bi-temporal Landsat image pairs: a basic Autoencoder, U-Net, and ResUnet. All three
networks were based on the same principles but with differences in the use of residual
connections. The training and validation of the models used Landsat data from scenes within

the region of the Brazilian Cerrado. The models were trained with four different sample
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window sizes in pixels to verify performance differences: 64 by 64, 128 by 128, 256 by 256,
and 512 by 512.

Results have shown that the architectures used are a reliable automated way to map burnt
area changes between bi-temporal image pairs in the Cerrado. However, the U-Net and
ResUnet models were superior to the basic Autoencoder as the introduction of residual
connections significantly improved the results. The sample window size of 256 by 256 pixels
showed the best results for the U-Net and ResUnet models, and further increasing it produced
worse results for both of these models. The model evaluation considered the F1, Kappa, and
mloU measures, of which the 256 by 256 window U-Net model achieved the best overall
results with average values of 0.960, 0.961, and 0.962 respectively. The ResUnet model had
slightly worse results on average, but slightly better results in two of the three time sequences
evaluated. McNemar’s test verified the possibility that the differences between classifications
were not statistically significant, and only the U-Net and ResUnet models using 256x256-
pixel samples were found to be similar while every other model was statistically unique.

The Cerrado biome is an important region given its biodiversity, but it is constantly under
the threat of destruction through fires and deforestation. We recommend that future studies
investigate more uses of current Deep Learning techniques to provide better solutions for the
detection and mitigation of these threats. In addition, certain spectral vegetation and burn
indexes that have been shown to possibly improve the detection of burnt land [76,77] were
not used in this study and could be investigated in future works. A few other suggestions for
further studies of the theme arose from certain limitations found in this study. We recommend
an investigation of the effect of training batch sizes along with sample window sizes. The
batch size is an essential factor in the model performances but is limited by memory, along
with several other parameters relevant to DL models. Secondly, the presence of cloud cover
in Landsat images is a source of error. Radar data partly solves this problem at the expense
of spectral information. Therefore, the possibility of the use of mixed sensor data for burnt
area mapping should be investigated. Researchers might also find it interesting to compare
the performance of DL algorithms to shallow ML algorithms in a direct approach to further

highlight the difference in performances.
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Capitulo III

Change Detection of Deforestation in the
Brazilian Amazon Using Landsat Data and

Convolutional Neural Networks

Resumo: O mapeamento do desmatamento € um passo essencial no processo de manejo de flo-
restas tropicais, fornecendo base para um melhor conhecimento do processos de desmatamento
e suas implicagdes. Considerando-se que existe amplo espago para melhorias no processo de
elaboragdo de mapas de areas desmatadas por via de imagens de satélite, o objetivo deste estudo
foi testar e avaliar o uso de algoritmos de Deep Learning (DL) para este fim, especificamente
através de Redes Neurais Convolucionais (CNNs). Apesar da ampla aplicacao de algoritmos de
DL no campo do sensoriamento remoto, seu uso para mapear desmatamento ainda ¢ relativa-
mente inexplorado. Neste estudo os algoritmos foram utilizados para mapear areas desmatadas
em regides com imagens em anos consecutivos, especificamente entre 2017 € 2018, e entre 2018
e 2019. Trés arquiteturas CNN presentes na literatura foram utilizadas para classificar as mu-
dangas: SharpMask, U-Net e ResUnet. Adicionalmente essas arquiteturas foram comparadas a
dois algoritmos tradicionais de Machine Learning (ML): Random Forest (RF) e Multilayer Per-
ceptron (MLP). Resultados apds validagao indicam que os modelos de DL foram melhores na
maior parte das medidas de avaliagdo, incluindo os indices Kappa, F1 e mean Intersecion over
Union (mloU). O modelo ResUnet obteve os melhores resultados em geral, com um valor de
0.94 em todas as trés medidas em ambas as sequencias anuais. Visualmente, os modelos de DL
forneceram classificagdes com areas desmatadas melhor definidas e ndo necessitou de nenhum
tipo de pos processamento para remocao de ruido, diferentemente dos modelos tradicionais de
ML.

Artigo publicado na revista Remote Sensing, 2020. DOI: 10.3390/rs12060901
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Change Detection of Deforestation in The Brazilian
Amazon Using Landsat Data and Convolutional Neural

Networks

Abstract: Mapping deforestation is an essential step in the process of managing tropical rainforests. It lets
us understand and monitor both legal and illegal deforestation and its implications, which include the
effect deforestation may have on climate change through greenhouse gas emissions. Given that there is
ample room for improvements when it comes to mapping deforestation using satellite imagery, in this
study we aimed to test and evaluate the use of algorithms belonging to the growing field of Deep Learning
(DL), particularly Convolutional Neural Networks (CNNs), to this end. Although studies have been using
DL algorithms for a variety remote sensing tasks for the past few years, they’re still relatively unexplored
for deforestation mapping. We attempted to map the deforestation between images approximately one
year apart, specifically between 2017 and 2018 and between 2018 and 2019. Three CNN architectures
available in literature — SharpMask, U-Net and ResUnet — were used to classify the change between
years and were then compared to two classic Machine Learning (ML) algorithms — Random Forest (RF)
and Multilayer Perceptron (MLP) —as points of reference. After validation, we have found that the DL
models were better in most performance metrics, including the Kappa index, F1 score and mean
Intersection over Union (mIoU) measure, while the ResUnet model achieved the best overall results with
a value of 0.94 in all three measures in both time sequences. Visually the DL models also provided
classifications with better defined deforestation patches and did not need any sort of post-processing to

remove noise, unlike the ML models which needed some noise removal to improve results.
Keywords: Deep learning; CNN; classification; change detection; deforestation

1 Introduction

Deforestation is one of the primary sources of concern regarding climate change as it is
one of the largest sources of greenhouse gas emissions in the world, second only to the burning of
fossil fuels [1]. Within the region of the Brazilian Amazon, studies have shown that deforestation,
in conjunction with forest fires, can make up for up to 48% of the total emissions [2]. It also bears
substantial implications regarding the conservation of ecosystems and their biodiversity in the

region, and it has been linked to the loss of species [3] and general loss of ecosystem stability
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through fragmentation [4]. Locally, estimates also show that unchecked deforestation could lead
to reductions in seasonal rainfall [5] and into the savanization of the environment [6].

Remote sensing imagery has been instrumental in the process of keeping track of
deforestation in the Amazon. The Brazilian National Institute for Space Research (INPE) releases
annual deforestation and land use information derived from satellite imagery data through their
Program for Deforestation Monitoring (PRODES) and TerraClass projects [7,8], which have been
widely used for monitoring, research and policymaking. Carbon emission estimates from
deforestation are also dependent on land use and land-use change data [1]. However, they are likely
to be underestimated due to the omission of illegal logging data in official reports [9].

Change detection is one of the most common goals within the field of remote sensing. It is
defined as the process of analyzing and quantifying the state of an object or phenomenon at
different times [10], and it is consequently an essential tool in the processes of understanding and
tackling deforestation. The changes present in the images can be semantic (of the object under
analysis) or noisy (variations in lighting, shadows, among others) [11]. Therefore, the challenge in
change detection is to use a method that establishes features that minimize noisy changes and
emphasize the semantic changes that are intertwined. Typically, the final map of change detection
techniques is a binary classification that contains unchanged and changed regions.

Several literature reviews and classifications of digital change detection techniques have
been proposed [10,12-18], evidencing a growing expansion of approaches and algorithms in this
research area. Tewkesbury et al. [18] provide a synthesis of change detection methods, distinctly
considering the unit of analysis (pixel, kernel, image-object overlay, image-object comparison,
multi-temporal image-object, vector polygon, and hybrid) and the method used to identify the
change (layer arithmetic, post-classification change, direct classification, transformation, change
vector analysis, hybrid change detection).

Change detection methods based on Machine Learning (ML) algorithms typically use
direct classification [18], which takes a set of stacked temporal images as input and uses complex
nonlinear functions to determine changes. In this approach, it is not necessary to use pre-
classification techniques that seek to define the best measures to detect changes (such as temporal
subtraction, data transformation and change vector analysis). In long-term time series, the direct

classification based on ML is predominant [19,20].
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Deep learning (DL) has recently attracted increasing attention from remote sensing
researchers because of its ability to automatically extract features from the image dataset; high-
level semantic segmentation; nonlinear problem modeling; and mapping in complex environments
[21]. DL has shown great potential in remote sensing, producing state-of-the-art results in different
types of remote sensing data processing [22]: image registration [23-26], land-use and land-cover
classification [27-30], object detection [31-34], image fusion [35-38], semantic segmentation [39-
42], and precision evaluation [43]. DL has also been used for change detection techniques, showing
superior performance with greater precision in comparison to classic ML methods [44]. The
capacity for pattern recognition in the three dimensions of the image (special, spectral, and
temporal) makes DL algorithms especially effective when used to change detection with common
and recurring patterns [45]. DL-based change detection methods have been applied to different
targets such as: urban [46-49], land use/land cover [50-52], landslides [53], among others. Among
DL algorithms, the convolutional neural network (CNN) is the leading architecture [22]. CNNs
differ from traditional ML algorithms by being able to identify patterns within an n-dimensional
context with multiple abstraction levels through convolutional filters and use them for inference.

Peng et al. [54] propose a subdivision of DL-based change detection methods, considering
three units of analysis: (1) feature [55-57]; (2) patch [58-61]; and (3) image [62,63]. In the case of
image-based DL change detection, the learning for the segmentation of the changes comes directly
from the bi-temporal image pairs, reducing the effect of the pixel patches [54]. In this approach,
the U-Net architecture has been successfully employed [63,64].

The objective of this study was to investigate the use of CNNs for the detection of
deforestation within the Brazilian Amazon to verify the hypotheses that DL algorithms are a viable
and possibly better alternative in comparison to classic ML algorithms when it comes to mapping
deforestation. Like many anthropogenic changes in the landscape, deforestation follows specific
spatial patterns with support geometric or regular configurations and usually develop around
official or unofficial roads, forming a dendritic or “fishbone” distribution [65]. Despite being a
prime target for the application of DL algorithms, the number of studies related to deforestation is
still small given the variety of types of algorithms available. In order to investigate the use of DL
for deforestation detection, three different CNN architectures were used to classify deforested

areas yearly and then compared to two classical ML algorithms as points of reference.
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2 Material and methods

2.1 Training and test sites

In this study, we selected three regions within the Brazilian Amazon as study sites. These
scenes encompass major deforestation centers that have developed along the “TransAmazon” (BR-
230) [66,68] and “Cuiaba-Santarem” (BR-163) [69-71] highways (Figure 1). In the Amazon, roads
are the driving forces for the spatial distribution of deforestation in the Amazon, where most
deforestation occurs in the neighborhood of the main highway [72,73]. Widely discussed in the
literature, the opening of roads in the Amazon forest favors the establishment of settlements,
attracts migrants, facilitates the extraction of resources, increases the profitability of livestock and
agriculture, and establishes access to wood [74-78].

The training used two scenes (Sites A and B), and validation utilized the remaining scene
(Site C). We defined a bi-temporal approach for modelling and obtained Landsat 8/OLI imagery
for each site for the years of 2017, 2018, and 2019, with approximately one year between each
observation. Multitemporal images from the similar periods of the year reduce variations in the
phenology and sun-terrain-sensor geometry. The images acquired were from the dry season to
minimize cloud cover and reduce noise (Table 1). Tier 1 Landsat images were used as they offer
consistent georregistration within prescribed image-to-image tolerances of less than 12-meter
radial root mean square error (RMSE) and are therefore appropriate for time-series analysis

(https://www.usgs.gov/land-resources/nli/landsat/landsat-collection-1).
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Figure 1. (a) Location of the study sites within the Amazon region with sites A, B and C as true color

composite Landsat images taken from June (C) and July (A and B) 2018.

Table 1. Acquisition dates for each site and corresponding Landsat scenes.

Acquisition date
Site Landsat Scene
2017 2018 2019

A 227 63 July 18 July 21 July 24
227 _65 July 18 July 21 July 24
C 230_65 June 21 June 24 July 13

2.2 Deep learning models
This research used three different DL architectures available in the literature: U-Net [79],
SharpMask [80], and ResUnet [81]. While the U-Net and SharpMask algorithms were not

developed for classification with remote sensing data in mind, studies have found that they are not
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only suitable but offer state-of-the-art results [82—84]. These algorithms share similarities, being
based on architectures known as autoencoders with the addition of bridges or residual connections.
Autoencoders downsample of the feature maps generated through convolutional filters while
incrementally increasing their number to learn low-level features compactly, and then upsample
them back to the original input shape for inference. This process can be further enhanced using
connections bridging the downsampling and upsampling steps (Figure 2) to propagate information.
These connections help speed up training and reduce the degradation of data by combining both
low-level detail and high-level contextual information. Low-level spatial detail is essential for
change detection and land cover classifications, and that is the main reason behind the choice of

this specific type of architecture for this study.

Skip connection
A i 4

Skip connection

Input Prediction
|| = —

H W o
—_— X — X .
2 W 8 8 A W
H W v v H W
2% 2.7
S >

HxWxF HxWxF

Figure 2. Simple representation of an autoencoder architecture with the addition of skip connections. H, W
and F represent the height, width, and number of filtered feature maps respectively. In this study H and W

are both 200 pixels, while F depends on the specific model architecture.

While similar in principle and structure, the chosen architectures differ in depth and
complexity. Table 2 shows a summary of the number of layers and the total number of parameters
in each model after adapting them for this study. Some of the inner workings of each model are
also different. For example, the U-Net and SharpMask algorithms downsample the feature maps
through a pooling operation, whereas the ResUnet architecture does downsampling by using a
stride of 2 between convolutional filter windows. Another example is how the models use skip

connections in different ways, where both U-Net and SharpMask use exclusively long connections
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(linking the downsampling and upsampling sides of the architecture) while ResUnet makes use of
long and short connections (between convolutional blocks).

Table 2. Total number of layers and parameters in each DL architecture used in this study.

Architecture Layers Parameters

U-Net 69 1,933,866
SharpMask 114 221,386
ResUnet 93 2,068,554

2.3 Data structure

The Landsat dataset consisted only of bands 1 through 7, as they share the same spatial
resolution and contain most of the spectral information. Our initial training data was a bi-temporal
cube stacking the base image and next year's image, constituting 14 bands. We maintained this
data structure for the RF and MLP algorithms, where each pixel is an observation, and each band
is a variable. The datasets had to be restructured for the DL algorithms due to the inner workings
of CNNs and due to hardware memory constraints. To build and train the models in this study, we
used the Keras [85] python library, a high-level wrapper for the well-known Tensorflow library
[86]. When working with three-dimensional image data, Keras accepts inputs in the form of a four-
dimensional array with shape (samples, sample rows, sample columns, channels). To convert our
images to the correct format, we extracted patches through 200x200 pixel windows with a 10-pixel
overlap on each side (Figure 3). This process generated a total of 844 samples per site per time

sequence, with a total of 3376 training samples and 1688 test samples.

42



200px

H 10px
L
r

Figure 3. Example of the patch extraction method to prepare the datasets for the DL algorithms.

2.4 Ground truth
To create our ground truth masks, we used INPE’s PRODES data (available at

http://www.dpi.inpe.br/prodesdigital/dadosn/) for the years of 2018 and 2019 as a visual guide and
then refined it by remapping the deforestation polygons on a smaller scale. PRODES data is
commonly used for deforestation reports and studies have used it before when modelling and
studying deforestation dynamics [87, 88]. The changes were mapped using digitizing tools from
the QGIS software [89] at 1:30000 scale and subsequently transformed into binary raster files with
0 and 1 as absence—presence codes, respectively. In this process, we mapped changes exclusively

to the natural forest, regardless of the land cover type in the following year (Figure 4).

43



Figure 4. Example of the change mapping in three locations between (a) 2017 and (b) 2018 and the respective

(c) rasterized deforestation mask.

2.5 Hyperparameters

The RF model only needed two hyperparameters set, the number of trees to build (ntree)
and the number of variables randomly sampled as candidates at each split (mtry). Those were set
to 500 trees, and 3 variables, respectively. The structure of the MLP algorithm consisted of a
simple 3-layer network containing an input layer, a hidden layer with 256 nodes, and an output
layer. The DL algorithms and MLP shared the same hyperparameters for training. Focal loss [84]
was used as the loss function as it excels in classification problems with an uneven number of
observations in each class, as is the case of our object of study. For gradient descent optimization,
we used the Adaptive Moment Estimation (ADAM) algorithm [90] with incorporated Nesterov
Momentum (NADAM) with a learning rate of 2e-3, §; of 0.9 and S, of 0.999. The number of

epochs was set to 250 and the batch size to 16 to fit the training process into memory.

2.6 Modeling approach
Given the context of our main methodological steps described in the previous sections, a
top-down view of our modeling approach is described in Figure 5. In addition to the DL algorithms,

two classical ML algorithms — Random Forest (RF) and a simple Multilayer Perceptron (MLP)
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architecture — were used as a reference point for the assessment of the DL models. Both models
have been extensively researched for land cover classification, and change detection in remote

sensing data with their performance is well documented [91,92].
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Figure 5. Flowchart of the modeling approach taken in this study.

Performance
metrics

2.7 Accuracy assessment

The accuracy metrics were calculated using exclusively the test site data to avoid the
possibility of biased results due to overfitting. The classification results were compared to the
ground truth mask for the test site in order to calculate the accuracy measures. Given that
deforestation related change is typically a rare phenomenon, the change — no-change ratio is highly
imbalanced [93, 94]. Therefore, change detection research usually shows a predominance of
invariant areas, causing a bias in some accuracy metrics. For example, overall accuracy is
relatively high on most change maps [95]. The Precision and Recall measures (Equations 1 and 2)

were used to offer more insight in the distribution of errors in the classifications, along with three
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other measures besides accuracy: F1 score (also known as Dice coefficient), Kappa index, and
mean Intersection over Union (mloU) measure (Equations 3,4 and 5 respectively). These measures
are often used to evaluate DL and ML classifications and are better suited for classifications with

imbalanced datasets than overall accuracy as they equally weight classe distributions.

Precisi True Positives (1)
recision =
True Positives + False Positives

Recall = True Positives ”
ecatt = True Positives + False Negatives @

Precision X Recall
F1=2x — 3)
Precision + Recall

Po — Pe
1- Pe
where p, is the rate of agreement between the ground truth and the classification and p, is the

Kappa = (4)
expected rate of agreement due to chance.

_ IoU; + IoU, --- + IoU,
n

(5)

mloU

where [oU is the area of intersection divided by the area of union between the classification and
ground truth for a class and n is the total number of classes. Lastly, McNemar’s test [96] was used

to evaluate the statistical significance of differences between the classifications.

3 Results

Quantitatively the DL models showed a clear advantage over RF and MLP (Table 3). The
ResUnet model had the best results in regards to every measure with the exception of Precision in
the 2017-2018 time frame. The SharpMask and U-Net models, showed similar but slightly inferior
results. In comparison, the RF model showed the worst results in most measures, although the
performance measures still indicate a good classification. It should be noted that the RF and MLP
classifications exhibited a considerable amount of impulse noise (“salt-and-pepper” type), and a
majority filter was applied to reduce the noise and improve the classification both visually and
quantitatively. The DL models did not require any post-processing steps as they produced
classifications with virtually no noise. All models showed very high overall accuracy, but, as

explained previously, this measure should be carefully considered as the ratio between the change
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and no-change classes is highly imbalanced and it is mostly explained by the larger, no-change

class. McNemar’s test results indicate that despite the seemingly similar results, the model

classifications were all significantly different from each other (Table 4).

Table 3. Performance measures for the model validation results for the 2017-2018 and 2018-2019 sequences.

Best results in the column in bold text.

2017 -2018 2017 - 2019
Model Overall Overall
F1 Kappa mloU Precision Recall F1 Kappa mloU Precision Recall
Accuracy Accuracy
RF 0.8014 0.8003 0.8332 0.9414 0.6976 0.9979 0.8902 0.8892 0.9000 0.8877 0.8928 0.9979
MLP 0.8926 0.8920 0.9024 0.9282 0.8597 0.9987 0.9101 0.9093 0.9167 0.9314 0.8898 0.9983
Resunet 0.9432 0.9428 0.9459 0.9252 0.9619 0.9993 0.9465 0.9460 0.9487 0.9358 0.9574  0.9990
Unet 0.9112 0.9106 0.9179 0.9223 0.9003 0.9989 0.9339 0.9332 0.9373 0.9175 0.9508 0.9987
Sharpmask 0.9223 0.9218 0.9274 0.9173 0.9274 0.9990 0.9337 0.9331 0.9372 0.9218 0.9460 0.9987

Table 4. McNemar's test p-values between model classifications. Values bellow p=0.05 indicate the differences between

classifications are statistically significant.

2017 -2018 2018 -2019
MLP ResUnet RF  SharpMask U-Net| MLP ResUnet RF  SharpMask U-Net
MLP
ResUnet <0.001 <0.001
RF <0.001  <0.001 <0.001  <0.001
SharpMask  <0.001 <0.001  <0.001 <0.001 <0.001 <0.001
U-Net <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

RF’s higher precision in the 2017-2018 frame can be explained by the low amount of false

positives produced. Conversely, however, it produced a very high number of false negatives within

the same frame (Figure 10). The ResUnet model had the lowest number of misclassified pixels in

both time sequences. It also produced the least number of false negatives out of all the models.

When looking at the number of false-positive cases, the DL algorithms did not show a large

difference over the ML models. In regards to false negatives, however, they showed a clear

advantage. The reduction of false-negative classifications is a considerable advantage of the DL

models over the classic ML algorithms, given that underestimating the extent of deforestation is a

less desirable outcome than its overestimation.
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Figure 6. Error distributions in the (a) 2017-2018 and (b) 2018-2019 time sequences in total pixel numbers.

The models detected roughly the same deforestation sites at the validation site across both
time sequences (Figures 6 and 7). However, the DL models provided more detailed classifications
within smaller scales, particularly around feature edges. Moreover, all models were able to classify
“easy” deforestation patches with less complex spectral mixtures (Figure 8), but the classification
of the ML algorithms degraded as the spectral signatures within the patches increased in
complexity (Figure 9). RF showed a higher tendency to produce false negatives both visually and

quantitatively.
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Figure 7. Deforestation masks according to the (a) ground truth and classifications produced by the (b) RF,

(c) MLP, (d) SharpMask, (e) U-Net and (f) ResUnet models in the 2017-2018 sequence.

49



Legend:

B True Negative
B ralse Positive

B False Negative
[ True Positive

Figure 8. Deforestation masks according to the (a) ground truth and classifications produced by the (b) RF,

(c) MLP, (d) SharpMask, (e) U-Net and (f) ResUnet models in the 2018-2019 sequence.
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Figure 9. First example location within the test site with the (a) ground truth and classifications made by the

(b) RF, (c) MLP, (d) SharpMask, (e) U-Net and (f) ResUnet models in each time sequence.
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Figure 10. Second example location within the test site with the (a) ground truth and classifications made by the (b)
RF, (c) MLP, (d) SharpMask, (e) U-Net and (f) ResUnet models in each time sequence. The yellow rectangle highlights

an example of a “hard-to-classify” deforestation patch.

The total deforested area was slightly higher than the ground truth in the SharpMask and

ResUnet predictions in both time sequences (Table 5). The opposite was true for the MLP
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prediction, which slightly underestimated the total area in both time spans. The RF model
underestimated the total deforested area by a very large portion (almost 40km?2 or a 26% decrease
in area) in the 2017-2018 sequence due to a large amount of false negative predictions, but despite
that it came closest to the ground truth area in the 2018-2019 sequence, although, that does not

necessarily mean the predicted areas were the same as ground truth.

Table 5. Total deforested area according to the ground truth and each model’s prediction.

Deforested Area (km?) Difference from Ground Truth (%)
Reference
2017 - 2018 2018 - 2019 2017 - 2018 2018 - 2019

Ground Truth 152.73 233.44 -—- -—-

RF 113.17 234.79 -25.90 +0.58
MLP 141.45 223.01 -7.39 -4.47
SharpMask 154.40 239.56 +1.10 +2.62
U-Net 149.10 241.90 -2.38 +3.62
ResUnet 158.78 238.84 +3.96 +2.31

Processing times varied from model to model but MLP and the DL models offered faster
training and prediction times than RF, mainly due to the fact that the Tensorflow framework uses
the computer’s Graphical Processing Unit (GPU) for parallel processing instead of the Central
Processing Unit (CPU) which is traditionally used for ML. Using an NVIDIA GTX 1070 GPU
and a batch size of 16, the total training time ranged from approximately 40 minutes for the simpler
MLP model (around 10 seconds per epoch) to almost 3 hours for the more complex ResUnet model
(approximately 40 seconds per epoch). Given the size of the datasets, RF took approximately 6
hours to train using parallel processing with an Intel Core 15-4690k processor. The difference in
processing times was particularly considerable when using the models to classify the images after
training. The DL models and MLP classified the test scene within seconds, whereas RF took almost

an hour to complete the task.

4  Discussion
The CNN architectures used in this study showed a clear advantage to the classic ML
algorithms, both quantitatively and visually, regarding deforestation mapping. Similarly, a

comparative study of methods developed by [97] for wetland mapping found that deep learning

53



methods (Completely Convolutional Networks and Patch-based Deep CNN) obtained better
accuracy than RF and Support Vector Machine. The authors found that CNN may produce inferior
performance when the training sample size is small, but it tends to show substantially higher
accuracy than conventional classifiers using a larger training sample size. We assume the
difference in performance between the DL and traditional ML methods stems from the former’s
capability to understand both the spatial and spectral context, whereas the regular ML models
inherently only see the spectral information.

Although the current methodologies to detect deforestation with DL architectures vary
widely, studies are in agreement that they produce excellent classification results [98-100]. Other
analogous studies that investigated the use of DL for single class classifications seem to
corroborate with this trend, although there is a large variation between the choice of targets and
architectures [34,101-103]. While choice and development of architectures for certain targets is a
relevant topic for future research, we have found that autoencoder networks with residual
connections seem to be a good starting point for classifications in remote sensing imagery as they
can take advantage of spatial and spectral information in a very efficient manner.

Despite their advantages, DL algorithms are still not as accessible or as easy to use as
classic ML models. Besides needing specific hardware for training, they require a relatively large
quantity of samples, and developing ground truth masks for specific targets can be challenging and
time-consuming in large extents as both spatial and spectral context is strictly needed, whereas the
traditional ML algorithms work with simpler sampling schemes and can produce reasonably good
results with a much smaller sample size. Therefore, the process of building a model for broader
use (i.e., country-wide monitoring) can be complicated. However, these models have another
advantage in the fact that they can be incrementally trained, meaning they could be gradually
provided with new samples to update the model weights and improve their classifications with
time. With that said, the “black box” nature of these networks can make them undesirable for those
who might wish to know and disclose their internal workings such as public and governmental
entities. Despite that, through our findings, we believe that with enough development, DL
algorithms can provide a viable automatic solution for mapping deforestation in the Amazon
alongside projects such as INPE’s PRODES and TerraClass.

It should be noted that while the models showed good capability for generalization within

our region of study, we cannot assert that they would achieve the same results in different areas in
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which deforestation is a common occurrence. A broader reaching model would necessarily need
samples from different regions to account for the possible spatial and spectral variability from one
region to another. Further research should be carried to study the applicability of the models for
similar targets in different areas. In addition, while Landsat data is enough for annual deforestation
mapping between dry seasons, more frequent monitoring is virtually impossible as clouds are
present above the forest canopy during most of the year, and the ground reflectance cannot reach
the satellite’s optical sensors. One solution would be the use of radar data to be able to cross the
cloud cover. As such, we also recommend the investigation of the use of radar data and DL

algorithms to detect deforestation within a shorter time-frame.

5 Conclusions

In this study, we proposed the use of existing DL architectures to detect yearly changes in
the vegetation cover in the region of the Brazilian Amazon, successfully achieving our goal.
Results show that these algorithms are a viable alternative to classical ML algorithms, with the
improvement of all performance measures and clear advantages, such as faster prediction times
and lack of noise in the classifications. The SharpMask, U-Net, and ResUnet models showed
similar results. However, ResUnet achieved the best values of accuracy, Kappa, F1, and mloU,
and the least amount of errors overall. Visually the DL algorithms also produced classification
masks with well-defined deforestation patches, while the ML models showed an evident loss of
quality in harder to classify patches, with a tendency to produce false negatives and salt-and-pepper
noise that needed to be filtered. One of the main shortcomings of CNNs seems to be the necessity
of a 1:1 ground truth regarding the extent of the area of study as the spatial context is critical. In
contrast, simpler ML models can be trained on a point-by-point basis (e.g., random sampling points
within the extent). Developing a whole ground truth can be an extensive process. However, we
have achieved very good results with a relatively small sample size with very little augmentation
in the form of overlapping sample patches. The additional bands in remote sensing data may
facilitate the detection of targets with less samples but that supposition needs further research.
Furthermore, considering the models were validated by being applied to an independent dataset,
the performance measures show that they have very good potential for generalization. DL is still
a growing technology, particularly in the remote sensing field as not even popular libraries such
as Keras and Tensorflow have built-in tools for dealing with multi-band satellite imagery, but

researchers are slowly adapting and developing better architectures specific for remote sensing
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data. The architectures used in this study performed well in our specific task, although they were

developed for entirely different targets. Therefore, these algorithms do not necessarily need to be

tailored for specific cases and can even work interchangeably between fields of research.
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Capitulo IV

Irrigated Rice Crop Identification in
Southern Brazil Using Convolutional
Neural Networks and Sentinel-1 Time

Series

Resumo: O arroz ¢ uma das fontes basicas de alimentacdo, com milhdes de toneladas produzi-
das e consumidas todos os anos. Portanto, 0 mapeamento de plantios de arroz ¢ essencial para o
processo do seu manejo agricultural. Esse estudo teve como objetivo a classificagdao de plantios
de arroz no sul do Brasil utilizando séries temporais de radar SENTINEL-1 e modelos de Deep
Learning (DL), comparando duas arquiteturas (U-Net e LinkNet) e quatro estruturas basicas de
construgdo dessas arquiteturas (ResNet-34, ResNeXt-50, DenseNet-121 e VGG16). As séries
temporais incluiram um total de dez imagens mensais cobrindo todo o ciclo de plantio do arroz
na regido. As redes utilizadas foram adaptadas para uso com as séries temporais, permitindo
a extracao de padrdes em todos os tempos ao longo da série. Este estudo também avaliou trés
conjuntos de dados utilizando trés combinacdes de polarizacdes de radar: (a) somente VV, (b)
somente VH e (¢) VV e VH em conjunto. Além da acuracia geral, foram utilizadas medidas para
avaliar os modelos: o indice F1, a drea abaixo da curva Precision—Recall (AUPRC) e a medida
mean Intersection over Union (mloU). Os resultados mostram que o conjunto de dados usando
ambas as polarizacdes produziu os melhores resultados, seguido dos dados com somente VH e
por ultimo os dados com somente VV. Modelos utilizando somente a polarizagdo VV mostraram
resultados consideravelmente piores que os demais (aproximadamente 10% menos mloU que
somente VH e 15% menos comparado aos dados VV+VH). Através desta avaliagdo, a arquite-
tura LinkNet utilizando a estrutura ResNeXt-50 mostrou os melhores resultados com acuracia
de 0.98, F1 de 0.93, AUPRC de 0.93 e mloU de 0.91, revelando que modelos de DL podem ser

utilizados para o mapeamento de plantios de arroz utilizando imagens de radar.

Artigo publicado narevista Remote Sensing Applications: Society and Environment, 2021. DOI:
10.1016/j.rsase.2021.100627
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Irrigated Rice Crop Identification in Southern Brazil Using
Convolutional Neural Networks and Sentinel-1 Time Series

Abstract

Rice is one of the world’s staple food sources, with millions of tonnes produced and consumed every year.
Therefore, mapping rice paddies is essential for agricultural management and ensuring food security. This
study aimed to classify rice crops in southern Brazil using the SENTINEL-1 SAR time series and deep learn-
ing models, comparing two architectures (U-net and LinkNet) and four backbones (ResNet-34, ResNeXt-50,
DenseNet-121, and VGG16). The time series construction considered ten images, each for a month, covering
the rice planting cycle. The Convolutional Neural Network architectures were adapted to use multi-band data,
allowing the extraction of features from all-temporal images. This approach provides capturing spatiotemporal
information from rice plantations, which favors its detection. Besides, the research evaluated three data sets
considering the polarizations: (a) VV-only, (b) VH-only, and (¢) both VV and VH (VV+VH). The classifi-
cation accuracies used to measure the performance of the models were the overall accuracy, F1-measure, area
under the precision-recall curve (AUPRC), and the intersection over union (IoU). Results show that the VH+VV
polarization combination yielded the best results, followed by VH-only and VV-only. The VV-only polariza-
tion had significantly worst results (nearly 10% less IoU than VH-only and nearly 15% less IoU compared to
VV+VH). The results show that rice fields can be successfully classified with deep learning models and through
our evaluation the LinkNet architecture with the ResNeXt-50 backbone showed the best results with an accuracy
0f 0.98, F1 0of 0.93, AUPRC of 0.93, and IoU of 0.91.

Keywords: deep learning, semantic segmentation, land cover classification, agriculture, SAR

1. Introduction

Rice is one of the world’s staple food sources. In 2020, global rice production was approximately
514 million tonnes (FAO, 2021a), with a dominance of Asian countries such as China and India.
Among the world’s top 10 producers, Brazil is the only non-Asian country, producing an average of
approximately 12 million tonnes of rice per year (FAO, 2021b). Most of the Brazilian rice production
comes from irrigated rice produced in the state of Rio Grande do Sul, encompassing 80% of the
country’s production (CONAB, 2020).

The spatial analysis and dynamics of rice production are fundamental for defining long-term de-
velopment strategies and decision-making aimed at food security and sustainable agricultural systems.
In this context, remote sensing data acquired by orbital sensors became an indispensable tool for of-
fering low-cost, efficient, and quick solutions for crop mapping, particularly through free public data
obtained by platforms such as the Landsat and Sentinel satellites (Chaves et al., 2020). In the mapping
of rice culture, one of the primary approaches is the phenological analysis based on optical or radar
time series, distinguishing the crops by its main planting stages (Dong et al., 2016; Kuenzer & Knauer,
2013; Mosleh et al., 2015; Van Niel & McVicar, 2004; Zhao et al., 2021). Rice cultivation through
the lowland method typically has agronomic flooding phase in which a continuous or periodic layer

of water covers the soil to control weeds and pests. This chronological variation of the water-soil-rice
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components is a critical factor for identifying the crops due to the differences in spectral and textural
responses received by satellite sensors.

Many propositions have considered optical time series in rice paddy mapping, such as multispec-
tral data from the LANDSAT-8 and SENTINEL-2 satellites (Qin et al., 2015; Dong et al., 2016; Zhou
et al., 2016). However, a permanent challenge in studies with optical sensor data is the geographical
and temporal discontinuity due to cloud cover that impacts the detection of the rice paddy’s diagnos-
tic phases (Chen et al., 2020). Agronomic flooding that lasts only 1-2 months in the rainy season is
difficult to appear in optical images due to weather conditions. Therefore, the radar data has the ad-
vantages of being cloudless, independent of sunlight, day and night data acquisition, and uninterrupted
monitoring of the entire crop cycle. Although multitemporal radar images have been used since the
1990s to map rice (Le Toan et al., 1997; Liew et al., 1998; Kurosu et al., 1997), it had historically
fewer applications than optical images. One of the main reasons was the acquisition cost of dense
Synthetic Aperture Radar (SAR) time series covering large rice regions. This condition changed with
the advent of Sentinel-1 satellite images with global coverage, free access to data, and high temporal
resolution from the two-satellite constellation with a 6-day revisit cycle at the equator.

Different algorithms have been used to SAR time series-based rice classifications considering
the different growing stages demarcated by distinct SAR backscatter values: (a) low values in the
period of flooding/transplantation due to the presence of water, (b) significant increase during the
plant growth period, and (c) decrease after the harvesting phase due to the land surface. Initially, rice
mapping used simpler methods such as threshold-based segmentation (Bouvet & Le Toan, 2011; Chen
et al., 2007; Yang et al., 2008) and maximum likelihood technique (Kurosu et al., 1997; Choudhury
& Chakraborty, 2004). A second phase establishes the machine learning (ML) domain, producing
greater precision in higher dimensional feature space than traditional parametric classifiers. Among
the main ML methods used in the rice paddy classification are decision tree (DT) classifier (He et al.,
2018; Nguyen et al., 2015, 2016), rule-based classifier (Nelson et al., 2014), Random Forest (RF)
(Chen et al., 2020; Lasko et al., 2018; Singha et al., 2019; Subbarao et al., 2020), and Support Vector
Machines(SVM) (Gao et al., 2018; Hoang et al., 2016; Li et al., 2012; Minh et al., 2019). Some studies
compare the different ML techniques such as SVM and RF (Mansaray et al., 2020; Son et al., 2018;
Park et al., 2018); DT and RF (Bazzi et al., 2019); DT, SVM, and K-nearest neighbor (k-NN) (Kiiciik
etal., 2016); and DT, SVM, k-NN, and quadratic discriminant analysis (Chang et al., 2021).

Most recently, deep learning (DL) techniques bring significant improvements in digital image
processing due to the high ability to learn and represent data at various abstraction levels, being the
state-of-the-art for computer vision problems (Liu et al., 2020; Guo et al., 2018). In remote sensing,

DL gained high popularity demonstrated by recent reviews (Ball et al., 2018; Ma et al., 2019; Yuan
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et al., 2020; Zhu et al., 2017). The DL algorithms overcame the ML methods, presenting better crop
classification results, mostly due to their ability to extract and recognize textures and shapes in multi-
dimensional data (Kussul et al., 2017; Zhong et al., 2019). The few DL studies on rice mapping based
on SAR time series highlights temporal profile analysis, in which the most used methods are the
unidimensional convolutional neural networks (1D CNN) and different models of Recurrent Neural
Networks (RNN): Gated Recurrent Unit (GRU), Long Short-Term Memory (LSTM), Bidirectional
LSTM (Bi-LSTM) fully connected recurrent neural networks (FCRNNs), and Domain-adapted RNNs
(DARNNSs) (Criséstomo de Castro Filho et al., 2020; Jo et al., 2020; Ndikumana et al., 2018; Zhao
etal., 2019).

However, these DL approaches using sequential data analysis consider only temporal informa-
tion, disregarding rice plantations’ spatial pattern demarcated by homogeneous morphology and irri-
gation channels that descend through the terraces. In this context, the Convolutional Neural Networks
(CNNs) over spatial dimension allows an efficient semantic segmentation based on textural attributes.
The CNNs use convolutional layers to aggregate neighboring pixels’ values through matrix opera-
tions, being well-suited for remote sensing data’s spatial nature (Li, 2019; Wei et al., 2019; Cao &
Zhang, 2020). These architectures use a downsampling-up sampling process that learned both high-
level semantic information and low-level detail in a very memory-efficient way. A variety of recent
studies have successfully classified and detected changes in land use using CNN algorithms and SAR
data (Liu et al., 2017; Mehra et al., 2020; Tiwari et al., 2020; Zhang et al., 2020). Nevertheless, the
number of similar rice detection studies is still small, and aspects of the classification process remain
relatively unexplored given the ample number of choices, such as optimal architectures, variables, and
data structure.

The objective of this study was to evaluate CNN models for irrigated rice crop mapping in a south-
ern region of Brazil using the SENTINEL-1 time series. The research compared two architectures
(U-net and LinkNet), and 4 backbones (ResNeXt-50, ResNet-34, DenseNet-121, and VGG16). We
also compared three datasets: vertical-vertical (VV) polarized bands, vertical-horizontal (VH) polar-
ized bands, and both polarizations (VV+VH). Lastly, we also offer a brief analysis of the backscatter
behavior of the rice crops along its agricultural cycle. The main contribution of this study lies in the
proposal of a novel method of automatic, high accuracy classification of lowland rice crops that is free

of cloud cover using publicly available radar data.
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2. Material and methods

2.1. Study Area

Our area of study encompassed two rectangular areas around the central region of the state of Rio
Grande do Sul, Brazil’s southernmost state (Figure 1). The first area was reserved as the training
site and is situated between longitudes 53°53.287” and 53°03.837” west, and latitudes 29°99.327” and
29°51.544’ south. The second site was used exclusively to test the models, and is situated between
longitudes 53°54.491° and 54°03.941” west, and latitudes 29°81.219° and 30°29.001” south. Both

areas covered approximately 2500 km? of land.
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Figure 1. Location of the (A) training and (B) test sites in the state of Rio Grande do Sul.

The region is among the top rice-producing spots in the country and according to Brazil’s Instituto
Rio Grandense do Arroz (IRGA, available at https://irga.rs.gov.br/safras-2), which is responsible for
accounting rice production within the state, rice planting typically starts in September and ends in the
first two weeks of December, while the harvest of the plants happens between mid-December and

May of the following year.

2.2. Ground truth data

The ground truth (GT) data of the irrigated rice crops that we used was produced by the Brazilian
National Supply Company (CONAB, available at https://www.conab.gov.br/info-agro/safras). This
GT map was created by experts through visual interpretation and analysis of the phenological and
spectral behavior of crops in Sentinel-2 images obtained between August 2019 and May 2020 (Fig-
ure 2), supported by the use of high-resolution Google Earth Pro imagery. While the region is also
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known to produce soybean and corn crops, the rice fields offer a significantly distinct phenological
behavior that helps manually map this particular crop. We obtained this map as a shapefile, which

was subsequently converted into binary raster data for compatibility with the DL models.

Figure 2. Ground truth map for the training area over a true color SENTINEL-2 image.

2.3. Sentinel-1B data

In this study, we used Sentinel-1B SAR data in interferometric wide swath (IW) mode, ground
range detected (GRD). The acquisition of images was done through the Google Earth Engine (GEE)
platform (Gorelick et al., 2017), which offers pre-processed 10 meter resolution dual-polarization
(VV and VH) C-Band imagery with the thermal noise removal, radiometric calibration, and terrain
correction steps already applied. We selected the first monthly image between August 2019 and May
2020 to coincide with the time window of our ground truth data, totaling ten sets of images (Table 1)
given the typical revisit time of 12 days for Sentinel-1 images. We evaluated three data sets composed
of single and dual-band polarizations (VV-only, VH-only, and VV+VH). Furthermore, we used the
complete time series between August 2019 and June 2020 to briefly analyze the backscatter evolution

in rice crops and their planting and harvest seasons.

2.4. Data structure

The training of the DL models considered spatiotemporal samples composed of smaller patches

with vertical and horizontal dimensions of 256 x 256 pixels and depth of 10 for the single polar-

70



Table 1. Detailed sensing dates of the SENTINEL-1B images used in this study.

Image Set Month Year Day Unique ID
August 2019 05 6A0A

—_

2 September 2019 10 B326
3 October 2019 04 9FD9
4 November 2019 09 C69C
5 December 2019 03 SEDD
6 January 2020 08 7CD8
7 February 2020 01 8EDD
8 March 2020 08 E363
9 April 2020 01 C51A
10 May 2020 07 9A39

ization datasets and 20 for the dual-polarization dataset. The preparation of samples used a sliding
window approach with a slight overlap (32 pixels) between patches. This process generated a total
of 528 training patches, considering an image with 4,888x5,393 spatial dimensions (approximately
2636km?). The same process was applied to generate the testing samples, yielding the same number
of images. We randomly selected 20% of the test samples (105 patches) to be used for the validation
of the models during training. Therefore, the total number of samples for the model training, valida-
tion, and testing were 423 (40%), 105 (10%), and 528 (50%), respectively, with individual each patch
containing a total of 655,360 data pixels in the case of the single polarization datasets and 1,310,720

in the case of the dual-polarization dataset.

2.5. Deep learning models

In this study, the models considered two basic architectures: U-Net (Ronneberger et al., 2015) and
LinkNet (Chaurasia & Culurciello, 2017). Both architectures have encoder and decoder paths. The
encoder path is usually a CNN for extracting features, and the decoder is responsible for recovering the
original image dimensions. Despite their similarity (Figure 3), these architectures present two main
differences: (a) the LinkNet has extra convolutional layers in the upsampling path; and (b) LinkNet
weight propagation uses the addition operation, while the U-Net architecture concatenates the feature
maps.

We considered four backbone types for each architecture: VGG16 (Simonyan & Zisserman, 2014),
ResNet-34 (He et al., 2016), DenseNet-121 (Huang et al., 2018), and ResNeXt-50 (Xie et al., 2017),
totaling eight combinations. The models were build using the Segmentation Models python package
(Yakubovskiy, 2019), which offers pre-built model architectures and backbone structures using the
Keras and Tensorflow frameworks.

The backbone structures yield different results since they vary in complexity (number of parame-

ters), depth (e.g., ResNet-50 and ResNet-101), and the type of connections. The most suitable struc-
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Figure 3. General structure of the (a) U-Net and (b) LinkNet architectures. Adapted from Yakubovskiy (2019)

ture is often a tradeoff between computational and predictive power. Regarding the total number of
parameters, the VGG16 is the simplest, followed by ResNet, DenseNet, and, lastly, ResNeXt. The
backbones present different characteristics: VGG16 is mostly composed of MaxPooling, and convolu-
tional layers (Figure 4a); the ResNet and DenseNet modules use residual connections, which improves
the propagation of information and reduces problems such as vanishing gradients (Figures 4b and 4c);

and the ResNeXt structure (Figure 4d) introduces the concept of cardinality to its convolutional blocks

which further increases the complexity of the models.
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Figure 4. Modified (a) VGG16, (b) ResNet, (c) DenseNet and (d) ResNeXt modules used to build the downsampling path

of the networks in this study.

We applied random horizontal and vertical flip augmentation strategies to increase the number of
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samples synthetically and avoid overfitting. Moreover, the present study used a computer equipped
with an NVIDIA GTX 1070 graphics card and an 8-core AMD 3700X processor.

Regarding hyperparameters, we used: (a) the RMSprop optimizer; (b) 100 epochs; (¢) batch size of
16; and (d) learning rate starting at 10~%, configured to automatically decrease by 10! every time the

loss plateaued to stabilize the final weights. Lastly, the loss function used was the Dice loss (Equation

1.

(1+p*)xTP
(1+p52)x FP+ 2 x FN +FP

where TP, FP, and FN are the number of true positive, false positive, and false-negative observa-

DiceLoss =

(M

tions within the batch and [ is a balancing coefficient. When g = 1, the Dice loss equates 1 minus

the F1 measure.

2.6. Model evaluation

Model evaluation on the test dataset considered the following metrics: (a) overall accuracy; (b)
the F1 measure, (c) the value of the area under the Precision-Recall curve (AUPRC), and (d) the
intersection over union (IoU) value, also known as the Jaccard-index. The Precision, Recall and F1
values are formally given by Equation 2, while the IoU value is given by Equation 3. The AUPRC
value is the area under the curve given by plotting Precision-Recall pairs at different classification

probability thresholds, measured through the trapezoidal rule.

TP

Precision = TP+ EDP’ (2a)

Recall = 7;1—7]3]7]\7 , (2b)

Pl 2 X Prgcz"sion x Recall _ 2xTP 7 20)
Precision + Recall 2xTP+FP+ FN

MU:TP+;§+FP )

where TP, TN, FP and FN are the number of true positive, true negative, false positive and false
negative observations respectively in a classification with a probability threshold of 0.5.

These metrics are commonly used to assess land cover classification tasks with DL algorithms
and usually offer a better measure of classification correctness as they consider class distribution

imbalances, unlike the overall accuracy measure. In this study, the observed class ratio of rice crop

73



area to background area was approximately 1:5. All evaluation metrics range from 0 to 1, where values

closer to 1 indicate the best result.

3. Results

3.1. Backscatter analysis

The backscattering behavior within the area of study follows the established planting and harvest
seasons (Figure 5). As the crop fields were prepared and sown, the backscatter values decreased, in-
creasing again after the crops’ initial growing period. However, the rice sowing in the study area was
slightly delayed compared to the usual agricultural calendar and other state regions due to excessive
rainfall in October and November, and the sown area reached 50% on November 25, with some pro-
ducers finishing sowing only in December (IRGA, 2021). The lowest average value of oy corresponds
to the point where the rice sowing in the region was in the middle (Figure 6) according to the data
provided by IRGA (2021) (Figure 6). There was no evident relationship between backscattering be-
havior and harvest completion rates in the region, possibly because the grown crops and post-harvest
fields show similar o values due to the adoption of the minimum tillage technique within the region.
This technique minimizes the amount of tilling done after harvest, leaving the seed banks and the
water sheet relatively untouched (Elias, 1969; Chauhan & Johnson, 2009), resulting in less noticeable

textural differences pre and post harvest.

3.2. Training results

Training for 100 epochs was enough for all models to reach a point where they stopped improving
considerably, and all models learned most of the information in the first few epochs. The training
curves of the models were similar, but the models using VGG16 modules displayed a lower learning
limit than the other models (Figure 7). The speed at which the models reached stable validation error
values varied depending on the combination of architecture, backbone modules, and training dataset
(Figure 8). Models using the ResNet and ResNeXt modules generally reached stable validation values
faster than the others and improved smoothly. Conversely, models with the VGG16 and DenseNet
modules took longer to find optimal weights and stabilize errors.

Despite offering the best results, models with ResNeXt modules took approximately twice as long
to train as the other models (Figure 9). Conversely, models using the simpler ResNet modules showed
the fastest training times on average. The processing times for generating the predictions followed the
same trend. To classify the test set, the models using ResNet, VGG16 and DenseNet modules took an

average of 5 seconds, whereas the models with ResNeXt modules showed an average of 12 seconds.
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Figure 5. (a) Monthly boxplot distributions of VH o, values within our area of study between the months of August 2019
and June 2020 and (b) example fields at specific crop stages: (I) unprepared, at the start of the planting season, (II) sown

area close to 50%, (IIT) grown crops mid harvest season and (IV) at the end of harvest season.

3.3. Classification results

Table 2 lists the evaluation metrics for all combinations (architecture and backbones). The LinkNet
architecture with the ResNeXt backbone trained with the VH+VV dataset presented the best results.
However, results were similar to the U-Net architecture under the same conditions. There was no
clear advantage when using one architecture or the other (Table 3). The differences in performance
are mostly related to the polarization data used to train the model and backbone modules.

Using both polarizations to train the models yielded better results overall compared to using a
single polarization (Table 4). Alternatively, using only the VH polarization also showed better results
compared to using the VV polarization. Models using the VGG16 modules showed the worst results
for each polarization category (Table 5), which is expected due to the lower complexity and lack of
residual connections in their structure.

Figure 10 shows the precision-recall curves of the models. For the most part, all curves were
similar, except the VGG16 curves, which showed noticeably smaller areas than the other backbone

types in all cases. The curves for the ResNeXt backbones showed a slight edge over the others, as
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Figure 6. (a) Number of pixels reaching their lowest o values by date and the completion rates provided by the IRGA

for the (b) sowing and (c) harvesting of rice crops along its agricultural cycle.

seen from the AUPRC values in Table 2

Visually, the classifications using the dataset with both polarizations also clearly showed more
accurate and complete results when compared to the results using single-polarization datasets (Figures
11 and 12). A significant portion of the misclassifications happened in the thin division between the

individual plots of irrigated rice, as the models tended to group multiple plots into a single patch.
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F1 Score

Figure 7. Training F1 scores at each epoch for each architecture and polarization combination. (a) LinkNet+VH, (b)
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Figure 8. Validation F1 scores at each epoch for each architecture and polarization combination. (a) LinkNet+VH, (b)
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Table 2. Classification performance metric results for all model combinations using the test dataset, sorted from best to

worst accuracy.

Polarization =~ Architecture Backbone Accuracy Precision Recall F1 AUPRC IoU

VH+VV LinkNet ResNeXt 0.9871 0.8925  0.9325 0.9120 0.9368 0.9122
VH+VV U-Net ResNet 0.9867 0.8950  0.9227 0.9087 09114  0.9092
VH+VV U-Net ResNeXt 0.9866 0.8966  0.9181 0.9072 09213  0.9079
VH+VV LinkNet ResNet 0.9863 0.8830  0.9326 0.9071 0.9306  0.9077
VH+VV U-Net DenseNet  0.9862 0.8928  0.9174 0.9050 0.9054  0.9058
VH+VV LinkNet DenseNet ~ 0.9852 0.8942  0.8996 0.8969 09135 0.8986
VH LinkNet ResNet 0.9793 0.8229  0.9060 0.8625 0.8886  0.8680
VH LinkNet ResNeXt 0.9793 0.8154 09191 0.8641 0.8756  0.8693
VH U-Net ResNeXt 0.9784 0.8083  0.9158 0.8587 0.8771  0.8647
VH LinkNet DenseNet  0.9781 0.8068  0.9136 0.8569 0.8651 0.8631
VH U-Net DenseNet  0.9780 0.8108  0.9038 0.8548 0.8769 0.8614
VH+VV LinkNet VGG16 0.9778 0.8195  0.8856 0.8513 0.9057 0.8587
VH+VV U-Net VGG16 0.9775 0.8445  0.8411 0.8428 0.8856  0.8522
VH U-Net ResNet 0.9774 0.8050  0.9030 0.8512 0.8418 0.8584
VH U-Net VGG16 0.9726 0.7715  0.8774 0.8210 0.8795 0.8336
VH LinkNet VGG16 0.9710 0.7744  0.8405 0.8061 0.8552  0.8222
\'AY% U-Net ResNeXt 0.9642 0.7356  0.7806 0.7574  0.7427  0.7858
\'AY% LinkNet ResNeXt 0.9625 0.7174  0.7868 0.7505 0.7327  0.7805
\'A% LinkNet DenseNet ~ 0.9596 0.7006  0.7610 0.7295 0.6834  0.7658
\'A% LinkNet ResNet 0.9594 0.6902  0.7853 0.7347 0.7112  0.7688
\'A% U-Net DenseNet ~ 0.9578 0.6687  0.8133 0.7340 0.7374 0.7674
\'AY U-Net ResNet 0.9542 0.6426  0.8139 0.7181 0.7166  0.7558
\'AY U-Net VGG16 0.9518 0.6487  0.7140 0.6798 0.6729  0.7321
\A% LinkNet VGG16 0.9479 0.6194  0.7062 0.6600 0.6515 0.7188

Table 3. Mean values of the performance measures per architecture type, sorted by accuracy.

Architecture  Accuracy Precision Recall F1 AUPRC  IoU

LinkNet 0.9728 0.7864  0.8557 0.8193 0.8292  0.8361
U-Net 0.9726 0.7850  0.8601 0.8199 0.8307 0.8362
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Table 4. Mean values of the performance measures per polarization, sorted by accuracy.

Polarization Accuracy Precision Recall F1 AUPRC IoU

VH+VV 0.9842 0.8773  0.9062 0.8914 09138  0.8940
VH 0.9768 0.8019  0.8974 0.8469 0.8700  0.8551
\'A% 0.9572 0.6779  0.7701 0.7205 0.7061  0.7594

Table 5. Mean values of the performance measures per backbone structure, sorted by accuracy.

Backbone Accuracy Precision Recall F1 AUPRC IoU

ResNeXt 0.9764 0.8110  0.8755 0.8417 0.8477  0.8534
DenseNet ~ 0.9741 0.7956  0.8681 0.8295 0.8303  0.8437
ResNet 0.9739 0.7898  0.8772 0.8304 0.8334  0.8447
VGG16 0.9664 0.7463  0.8108 0.7768 0.8084  0.8029
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Figure 10. Precision—Recall curves for each architecture and polarization combination. (a) LinkNet+VH, (b)

LinkNet+VHVYV, (c) LinkNet+VV, (d) U-Net+VH, (e) U-Net+VHVYV and (f) U-Net+VV.
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Legend: M True Negative Il Error B True Positive

Figure 11. Example validation sample sites with false color RGB C-SAR composites using VV, VH and VV/VH ratio in
the months of (a) December and (b) February, along with (c) the ground truth mask and LinkNet+ResNeXt classifications
using the (d) VV+VH, (e) VH and (f) VV training datasets.

Legend: M True Negative Il Error B True Positive

Figure 12. Example test sample sites with false color RGB C-SAR composites using VV, VH and VV/VH ratio in the
months of (a) December and (b) February, along with (c) the ground truth mask and LinkNet+ResNeXt classifications
using the (d) VV+VH, (e) VH and (f) VV training datasets.
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4. Discussion

The results show that CNNs on radar images are an efficient way to classify irrigated rice crops.
The temporal data sets using different polarization combinations demonstrate an accuracy perfor-
mance where VH + VV > VH-only > VV-only, which is in line with other studies involving the
classification of rice with Sentinel data. Comparisons between the two Sentinel-1 polarizations for
rice growth stages establish that VH backscattering is more efficient than VV (Nguyen et al., 2016;
Chang et al., 2021; Minh et al., 2019; Ndikumana et al., 2018). In turn, the classification using the
two polarizations together shows better results than a single polarization (Lasko et al., 2018). Studies
combining optical and radar images also show the best performance by including the two polarizations
in the classification procedures (Chen et al., 2020; Wu et al., 2019).

One of the main aspects of applying CNN to rice detection is to incorporate spatial information,
which is a limitation in pixel-based time series analysis. We introduced the temporal information as
additional bands in our datasets, obtaining phenology and textural-based classification with relevant
results. The spatial pattern of rice fields has characteristics different from other land uses, partly due to
the homogeneous distribution demarcated by irrigation channels. However, few SAR rice mappings
have explored the spatial pattern. One of the main approaches to extract textural information in remote
sensing images is through the use of Gray Level Co-occurrence Matrixes (GLCM) on different land
uses or land covers (Mishra et al., 2017; Zakeri et al., 2017). However, Kim & Yeom (2014) assess that
GLCM textures using RapidEye multi-spectral satellite image contributed little or even caused a slight
decrease in the rice crop precision. Some SAR studies for rice detection consider different sets of input
images, including GLGM texture images (Ngo et al., 2020). An alternative approach to pixel-based
analysis is the Object-Based Image Analysis (OBIA) (Blaschke, 2010), which has been applied in
tasks such as mapping paddy rice, considering spatial information, and minimizing the speckle effect
(Caietal., 2019; Clauss et al., 2018a,b; Singha & Sarmah, 2019). However, methods based on CNN-
based methods have significant advantages over OBIA-based methods, such as greater accuracy, less
human supervision, direct transferability to other regions or scenes with different characteristics, and
systematic reproduction based on free software (Guirado et al., 2017).

Besides, our results show better performance measures when compared to studies with simpler
pixel-based time series analysis and 1D DL models (Zhao et al., 2019; Liao et al., 2020). In our study,
a training sample of 423 patches with a height x width of 256 x256 pixels (27721728 total data points)
proved to be satisfactory. Zhang et al. (2018) also obtained similar accuracy and kappa index results
coupling optical data and vegetation indexes with a simple CNN model. The results obtained show

that the textural information over a time series using CNNs is also adequate for mapping rice, with
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the advantage of being free of cloud cover.

Performance metrics show that models with ResNeXt modules offered the best results, although
they need more time to train than others. Models with ResNet modules showed comparable results in
less than half the training time. While time is not necessarily a constraint, training times also reflect
how complex and computationally intensive the models can be. Given the general scope of remote
sensing data, available computer memory can often be a constraint, making efficient memory models
more desirable. In the mapping of rice fields in Brazil, future studies can evaluate the integration of
optical and radar images. Much research on rice detection uses this combination of data (Mansaray
etal., 2020; Onojeghuo et al., 2018; Park et al., 2018; Iyyappan & Ramakrishnan, 2020). The limitation
is the optical data gap due to cloud coverage, making it challenging to apply trained networks in one

year in the others.

5. Conclusion

The results show that the CNNs can classify irrigated rice croplands with high accuracy using
SAR time-series datasets. The image classification used eight models composed of different combi-
nations of architecture and backbone modules, considering single (VV and VH) and dual-polarization
(VV+VH) C-SAR images between August 2019 and May 2020. There was no considerable difference
in performance between the LinkNet and U-Net architectures. Conversely, the different backbone
modules yielded varying results, obtaining the best results with ResNeXt and the worst with VGG16.
Furthermore, the choice of SAR polarizations for the training dataset also greatly influenced the clas-
sification results. The dual VV+VH polarization dataset offered better results than the single VH
polarization, which offered considerably better results than the VV polarization. The best-performing
model using the LinkNet architecture and ResNeXt modules trained with the VH+VV dataset yielded
accuracy, F1, AUPRC, and IoU values of 0.98, 0.93, 0.93, and 0.91, respectively.

We have provided an extensive look into the usage of CNN architectures to classify rice crops using
SAR data. However, some aspects of the process can be subject to further studies. The applicability of
this methodology is currently valid for irrigated rice crops in southern Brazil. Therefore, we encourage
further studies in other regions. Besides, we recommend investigating other SAR products such as L
and X-Band data with deep learning algorithms since the different SAR wavelengths might provide

different responses on this type of crop.
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Capitulo V

Discussao

1. Contribuicoes

As contribuicdes oferecidas por esta tese podem ser separadas sob duas perspectivas. Sob
uma oOtica da ciéncia internacional, procurou-se expandir o espaco metodologico conhecido so-
bre a construcao e otimizagdo de parametros de algoritmos de Deep Learning. Nos trés artigos
apresentados foram explorados diversos modelos e suas variagdes a fim de fornecer uma base
comparativa para futuras pesquisas. Ja sob a otica do desenvolvimento cientifico brasileiro, a
contribuicao residiu no estudo do uso destas metodologias para o aprimoramento de produtos
nacionais de sensoriamento remoto criticos para o desenvolvimento ambiental e agricola do pais.

Apesar da escala relativamente pequena coberta pelos estudos apresentados nesta tese, acre-
dita-se que estes algoritmos sdo aplicaveis em maior escala a fim de cobrir regides criticas como
a Amazonia legal e o Cerrado brasileiro considerando-se um niimero suficiente de amostras.
Uma das maiores vantagens destes modelos reside no fato de que podem ser treinados inde-
finidamente conforme o fornecimento de amostras adicionais através das quais os parametros
dos modelos sao atualizados. No entanto, ¢ importante notar que introduzir os modelos a re-
gides consideravelmente diferentes das quais eles foram treinados pode acarretar em perdas de
desempenho, a depender da capacidade que os modelos possuem de generalizar a informagao
conhecida.

As arquiteturas do tipo ConvDeconv, ou Autoencoders, se mostraram altamente eficientes
pare realizar todos os tipos de classificagdes realizadas no desenvolvimento desta tese, e por-
tanto sao recomendadas como uma base para o desenvolvimento de algoritmos em pesquisas
futuras. Em geral, modelos mais complexos ofereceram melhores resultados, mas ¢ importante
considerar que maiores graus de complexidade acarretam na necessidade de um maior poder de

processamento.

2. Revisitando os artigos

Ao longo do desenvolvimento deste trabalho, muitas mudancas aconteceram no campo de

Deep Learning e muito se aprendeu e esclareceu sobre aspectos do fundamentais e metodo-
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logicos. Com isto em mente, ¢ importante refletir sobre certos pontos que mereceram maior
consideragdo e aprofundamento nos artigos apresentados.

Uma das maiores diferencgas entre as metodologias dos artigos produzidos nesta tese foi
quanto ao numero de amostras utilizadas nos modelos. Acreditava-se, inicialmente, que os mo-
delos necessitavam de uma quantidade consideravelmente maior de amostras dedicadas para seu
treinamento relativo ao nimero de amostras para validagao para que os modelos fossem sufi-
cientemente treinados. Nos primeiros dois artigos (Capitulos II e III) aproximadamente 66%
das amostras foram utilizadas para treinar os modelos. No terceiro artigo (Capitulo IV), apesar
da reducdo dessa propor¢do para 40% de amostras de treinamento os modelos se mostraram
igualmente eficientes. A determinacdo da divisdo entre amostras de treinamento e teste ird de-
pender do tamanho das amostras e da quantidade de bandas devido a limitagdes em funcdo do
hardware utilizado, porém, a recomendacao que segue esta conclusdo ¢ a de que estudos ve-
rifiquem diferentes proporc¢des treinamento—validacao—teste a fim de esclarecer a questdo de
suficiéncia amostral com algoritmos de DL. Apesar da possibilidade da perda de desempenho,
uma propor¢ao maior de amostras de teste representaria melhor a capacidade generalizadora dos
modelos.

Nos artigos produzidos, pouco se discutiu sobre o padrdo de distribuicao dos erros de clas-
sificacdo. Nota-se, ao observar as classificacdes realizadas nos artigos, que a maior parte dos
erros de classificagdo se encontram nas bordas ou faixas de transi¢ao entre classes. Isso pos-
sivelmente se atribui aos diversos gradientes de mudanca de classe que podem ser observados
na realidade. Em todos os artigos as classificagdes tiveram resultados bindrios onde somente
foram indicadas a classe de interesse ¢ uma unica classe representando todas as demais classes.
E possivel que mapeamentos onde todas as classes mais distintas sejam representadas apresente
gradientes mais claros para o aprendizado dos modelos, porem ¢ importante lembrar que a ela-
boracdo de uma maéscara contendo todas as classes ¢ consideravelmente mais dispendioso em
relacdo a uma mascara binaria.

Nos trabalhos onde foram utilizadas imagens de sensores Opticos Landsat, houve uma falta
da avalia¢do do uso de indices espectrais para complementar as bandas Opticas apesar de sua
conhecida utilidade. Nao se sabe quao grande seria a contribui¢ao destes indices para o resultado
das classificacdes, porém ¢ possivel levantar a hipdtese de que sua utilizagdo poderia ao menos
acelerar o processo de treinamento por criarem uma sintese da relagdo entre bandas as quais

fossem de maior interesse para o objeto de estudo.

3. Proximos passos

Embora os estudos apresentados tenham explorado um amplo espago metodolédgico, ao
longo do seu desenvolvimento e conclusao se identificaram certos pontos sujeitos a possiveis

futuras investigacoes:

* Os trés estudos se contiveram a um Unico tipo de dado de imagem de satélite. Os estudos

nos capitulos II e IIT utilizaram somente imagens de sensores Opticos, enquanto o estudo
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do capitulo IV fez uso de imagens de radar. Existem, na literatura, estudos onde diferentes
tipos de imagens sdo utilizados em conjunto ou em paralelo (He e Yokoya 2018; Bermudez
et al. 2018), porém seu uso para deteccao de alvos similares aos apresentados nesta tese
ainda ¢ relativamente inexplorado. Acredita-se que o uso de diferentes tipos de imagem
em um ambiente de DL permitiria o aproveitamento dos aspectos positivos de cada tipo
como, por exemplo, a informagao textural de imagens de radar e a informagao espectral

contida em imagens Opticas.

» Apesar da utilizacdo de séries temporais, os estudos se limitaram a utiliza¢ao de redes
compostas em maior parte por camadas convolucionais 2D, limitando a modo como os
dados puderam ser estruturados (informacao espacial e canais ou bandas). A utilizagdo de
camadas 3D disponiveis nos frameworks de DL possivelmente ampliaria o nivel de com-
plexidade de dados, porém com um custo adicional de processamento. Adicionalmente,
existem atualmente camadas especializadas na extracao de padrdes temporais, tal como as
camadas Long-short term memory (LSTM), que tém sido aplicadas em um nimero cres-
cente de estudos de sensoriamento remoto (Teimouri et al. 2019; Criséstomo de Castro
Filho et al. 2020).

« Ha uma distinta falta de estudos avaliando a quantidade de amostras necessarias para atin-
gir bons resultados de classificagdo. O estudo no capitulo II avaliou diferentes tamanhos
de amostra, resultando também numa variagao na quantidade de amostras, porém ideal-
mente diferentes quantidades deveriam ser comparadas em fun¢do de um unico tamanho

de amostra.
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Capitulo VI
Conclusoes e consideracoes finais

Este trabalho teve sucesso em seu objetivo inicial de evidenciar o potencial do uso de algo-
ritmos de Deep Learning para o monitoramento e da classificacdo de alvos criticos utilizando
imagens de satélite no Brasil. Estes algoritmos demonstram diversas vantagens em relacdo a
métodos tradicionais do campo do aprendizado de maquina, tais como melhores medidas de
desempenho, maior velocidade de classificacdo e a possibilidade de aprimora-los de maneira
incremental com a adi¢@o de novas amostras. No entanto, eles ainda apresentam certas consi-
deragdes que dificultam seu uso, tais como a necessidade de uma grande quantidade de dados e
de hardware especifico para processamento.

Os trés estudos apresentados previamente chegaram a conclusodes satisfatorias em seus ob-
jetivos primarios. No primeiro estudo, apresentado no Capitulo II, dreas queimadas no bioma
Cerrado foram mapeadas com sucesso e evidenciou-se que as arquiteturas conhecidas como Au-
toencoders sdo excelentes candidatos para deteccao de mudanca em imagens Opticas de satélite.
Adicionalmente, a avaliacdo de quatro tamanhos de amostras revelou que este ¢ um fator a ser
considerado em futuros estudos e que dimensdes maiores de amostras ndo acarretam necessari-
amente em melhorias de desempenho.

Em seguida, no Capitulo III, demonstrou-se sucesso na a utilizagdo de modelos similares
porém com o objetivo de detectar areas desmatadas na floresta amazonica. Neste caso, os algo-
ritmos de DL foram comparados a modelos classicos e mais simples encontrados na literatura, e
observou-se que seu desempenho foi consideravelmente melhor, com classifica¢des divergindo
menos em relagdo a realidade.

Por fim, no estudo apresentado no Capitulo IV, houve um maior distanciamento metodolo-
gico em relagdo aos demais com o uso de imagens de radar para classificar plantios de arroz no
estado do Rio Grande do Sul. Porém, de modo similar, chegou-se a conclusdo de que estes mo-
delos oferecem resultados excelentes de classificagdo. A principal comparagdo realizada neste
estudo foi em relacdo ao tipo de arquitetura e os tipos de estruturas basicas dos quais elas podem
ser compostas, evidenciando ainda mais o espago e a complexidade metodoldgica ao qual estes
estudos podem estar sujeitos.

Ao se observar as metodologias dos trés estudos em paralelo, nota-se que ha uma ampla vari-

edade de escolhas e decisdes no processo de desenvolvimento destes estudos. No entanto, certos
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fatores mostram ganhos ou perdas consistentes em desempenho (tal como o tipo de arquitetura).
A busca por um maior grau de normalizacdo metodoldgica € um dos maiores desafios no campo,
e o desenvolvimento de novas pesquisas € essencial para encontrar esses fatores consistentes e
facilitar a adogdo destes modelos.

Embora o grau de utilizacdo destes algoritmos tenha crescido recentemente, sua adog¢ao para
fins publicos ou governamentais, tal como o monitoramento por imagens de satélite, ainda ¢
baixa. Fatores como a falta de normalizacao metodoldgica e a natureza complexa destes algo-
ritmos contribuem para reduzir a confianca neles e dificultar a sua adogdo. Portanto, o desen-
volvimento de pesquisas nesta area € essencial para sanar estes problemas, elucidando a natu-
reza destes algoritmos para facilitar seu uso publico. Adicionalmente, o campo de DL ainda
se encontra em um constante processo de desenvolvimento e, dada a possibilidade da criagao
de algoritmos cada vez mais complexos e sofisticados, a tendéncia é que futuras metodologias

obtenham ainda melhores resultados.
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