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Introducao

» Grandes volumes de dados de satélites disponivel;

» Séries temporais revelam a dinamica que imagens isoladas

® disturbios florestais; mudancas no uso da terra; dindmica ecolégica; inte
do desmatamento.

“espacgo-primeiro, tempo-depois” (Ca

» Necessidade de novas solucoes;
“tempo-primeiro, espaco-depois” (Ca

OBIJETIVO:

(i) Este artigo descreve o sits, um pacote R de cédigo aberto para
imagens de satélite utilizando aprendizado de maquina;

(ii) Estudo de caso no bioma Cerrado, uma das frentes agricolas e
analise entre o ano de 2017e 2018.
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Abstract: The development of analytical software for big Earth observation data faces several
challenges. Desigrers need to balane: between conflicting factors. Selutions that are efficient for
specific hardware archilectunes can not be used in other environments. Packages that work on
generic hardwane and open standards will not have the same performance as dedicated solutions.
Software that assumes that its users are computer programmers ane flexible but may be difficult
to learn for 8 wide audience. This paper describes 51t3, an open-source R package for satellite
image time sefies analysis using machine learning. To allow experts lo use satellite imagery to
the fullest extent, 5103 adopts a time-first, space-later approach. It supports the complets cycle of
data analysis for land classification. Its AP1 provides a simple but powerful set of functions. The
softwan: works in different cloud computing envirnments. Satellite image time series ane input
to machine learming classifiers, and the nesults ane post-proc:ssed using spatial smeothing Sinee
machine learning methods need accurate training data, 5175 inchudes methods for quality assessment
of teaining samples. The software alse provides methods for validation and accuracy measunement.
The package thus comprises a production environment for big EO data analysis. We show that this
approach produces high accuracy for land use and land cover maps through a case study in the
Cerrado biome, one of the world's fast moving agricultural frontiers for the year 2016,

big Earth data; data cubes; satelli
deep learning for emoks seasing; R package
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1 Introduction

The growing demand for natural resources has caused major environmental impacts
and is changing landscapes everywhere. Conversion of land cover due to human use is
ome of the key factors behind gas emissions and bi ity loss [1]. Spatial
quantification of land use and land cover change allows societies to understand the extent
of these impacts. Satellites are required to generate land cover products, since they pro-
vide a consistent, periodic, and globally reaching coverage of the planet’s surface. Thus,
satellite-based land cover products are essential to support evidence-based policies that
promote sustainability

There is curmently an extensive amount of Earth observation (EQ) data collected by an
increasing number of satllites. Coupled with the adoption of open data policies by most
spatial agencies, an unprecedented amount of satellite data is now publicly available [2]
This has brought a significant challenge for researchers and developers of geospatial
technologies: how to design and build technologies that allow the Earth ebservation
community to analyse big data sets?
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lplete cycle of land use classification.
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requires that the classification model be retrained. However, once a model has been trained,
it can be applied to any data cube with the same dimensions. A model trained using
samples taken from a data cube can be used for classifying another data cube, provided
both cubes share the same bands and the same number of temporal intervals.
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Figure 7. Cerrado land use and land cover map for 2018 (source: authors).
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» 0 que sdo Cubos de dados (Data Cube EO);

®* abordagem conceitual, seguindo a ideia de cubos de dados EO como Campos geograficos (Galton, A.,

2004; Camara, G. et al., 2014)

“E) Nao ha lacunas ou valores ausentes na extensao tempo-espacgo.”

» Diferenca de colecdo ARD (analysis-read
data) e Cubos regulares;

ARD - Corrigido, Reprojetado e Recortado
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Figure 2. Sentinel-2 image colour composites for tile 20LKP on different dates (source: authors).

Cubos de Dados e Observacao da Terra

» Linha do tempc

Sentinel-2, “20LLP” Sentinel-2, “20LKP”

O software de analise deve impor uma linha do tempo
Unica para todos os mosaicos.

» Desafios de se trabalhar com séries temporais (auséncia de gaps, continuidade).



Projeto do Software e Método de Analise

> Modular e Intermodular

> Fluxo de trabalho: Modular

* 1. Criacao do cubo de dados. (colecao ARD ou catalogo STAC) ; |

* 2. Extracao de series temporais; | Satlie magetime s
v’ Controle de qualidade das amostras (SOM); —

* 3. Treinamento de modelos
v (Random Forest, SVM, TempCNN, ResNet);

* 4. Classificacao do cubo.

* 5. Suavizacao espacial bayesiana.

.

6. Validacao com amostragem ponderada.

Fallow-Cotton - Soy-Cotton Planted Forest Rocky-Savanna

Millet-Cotton . Soy-Fallow . Soy-Corn Savanna
NoClass

Figure 5. SOM map for Cerrado training samples (source: authors).




Estudo de Caso — Cerrado Brasileiro

®* Extensdo de 1,9 milhdo de km? (Klink, C. et al, 2005);

> Contexto Cerrado brasileiro:

®* Mais de 7.000 espécies de plantas (Klink, C. et al, 2005);

* Tipos de vegetacao: Cerrado Ralo (gramineas, arbustos); Cerrado Sensu
Cerradao (floresta seca) (Goodland, R., 1971; Del-Claro, K. et al, 2019);

®* Fronteiras agricolas mais devastadas (Walter, B.M.T., 2006).
» Dados:
* Landsat-8, analise 09/2017-08/2018 (calendario agricola) — 8TB.
®* Amostras (vegetacao; area agricola) 85.026 -> 48.850 amostras ( classes: M

» Treinamento / Classifica¢do: “Lavoura Anual” (6.887)
“Cerradao” (4.211),

“Cerrado” (16.251),
® 7 Bandas; NDVI, EVI, NBR. “Area Natural N&o Vegetada” (38)

» POs classificac3o: “Cerrado Ralo” (5.658)
“Pastagem” (12.894),

* TempCNN (conf. Padrao — 3 camadas);

®* - Bayesiano;

“Lavoura Perenes” (68)
®* - Rotulacao. “Silvicultura” (805)
“Cana-de-agucar’(1.775) “Agua” (263).




Estudo de Caso — Cerrado Brasileiro

» Acuréacia do mapa
® Amostragem independente de 5.402 amostras.
® Técnica ponderada por area (Olofsson, P. et al, 2013/2014);

® Acuracia geral: 86%.

Table 1. Area-weighted classification accuracy.

-10°0.000

Labels Producer’s Accuracy User’s Accuracy
Annual Crop 0.81 0.88
Cerrado 0.89 0.91
Natural Non Vegetated 0.63 0.95
Pasture 0.82 0.76
Perennial Crop 0.51 0.74
Silviculture 0.83 0.91
Sugarcane 0.96 0.81
Water 0.93 0.97

Overall Accuracy: 0.86.

» Discuss3o: e
® Menores acuracias:
v Cultura perene 51% -> 68;
v’ Area Natural N3o Vegetada 63% -> 38.

I 1 Annual_Crop 7] 5 Open_Cerrado I 9 Sugarcane
B 2 Cerradao | 6 Pasture B 10 water

[ 3 Cerrado B 7 Perennial_Crop [ Brazilian states
[0 4 Nat_NonVeg B 8 Silviculture

Figure 7. Cerrado land use and land cover map for 2018 (source: authors).



Conclusao

» Séries temporais sdo essenciais para o monitoramento de larga
escala.;

» Apesar das limitacdes (ex: series temporais baseadas em pixel) é
uma inovacao;

> Estudo de caso bem sucedido com acuracia consideravel em um
fluxo de trabalho simples e eficas;

» Futuro: objetos espaciais e aprendizado ativo para melhor
acuracia.
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