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Grandes dados de observacao da Terra

Dados de Cubo de Machine
satélite dados learning

images: NASA, Swiss Data Cube, ECMWF
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Séries Temporais de Imagem de Satélite
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Como classificar a cobertura da terra usando séries temporais?

graphics: Maus, Victor
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“Space first, time later” ou
“time first, space later”?
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Time first: classificar séries
temporais; juntar resultados
para obter mapas

graphics: V Maus, author
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Classificacao de cubo de dados usando sits
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EO data cube

Satellite image time series Land use and land cover map
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O que € um cubo de dados?

EO image collection EO data cube Time series selection Image selection

Cubo de dados = particao regular do espaco e do tempo
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ARD image
collections

Grou]d truth

sits_cube() sits_label_clagsification()

/ \sﬁits_get_data() sits_classify() probs
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sits_regularize()

sits_smooth()
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/(')‘O sits_train()
- model

ML algorithm
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Acesso a cubos de dados com STAC

Digital Earth Africa
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Earth on AWS Swiss Data Cube

Planetary Computer
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Métodos de Aprendizagem de Maquina
suportados pelo sits

Random forests Support vector Multilayer 1D convolutional

machines perceptrons neural networks

e Extreme gradient boosting

[/

Temporal attention encoders

e Deep Residual Networks Lightweight temporal attention

encoders

graphics: Cambridge Coding Academy and Alex Shenfield
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Qualidade dos dados de treinamento @
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Santos et al. (2021)

SOM — Mapas auto-organizados
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Space later: suavizacao Bayesiana
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Sentinel-2 data (08/2021) Time-first: classificacao
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Space later: suavizacao Bayesiana

B water
_ B ClearCut_BurnedArea
ClearCut_BareSoil
. ClearCut_SecVegetation
. Forest
Wetlands

Sentinel-2 data (08/2021) Spacer-later: suaviazacao
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ARD image
collections

Grou]d truth

sits_cube() sits_label_clagsification()
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sits_regularize()
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ML algorithm
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Active learning: “user-in-the-loop”

Supervised Classifier C )  Ciassified Data
Training
. . Set L
Active Learning :

Iterative learning process

Passive Learning

Unlabeled | <o
Candidates U

Remaining
| Candidates

galeced Query Criterion Q
Labeled by | Candidates

User S X, U

Crawford et al. (2014)
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Burned area
Pasture

Veg remains

b . Forest

Rotulando novos pontos —

® ESRI
O GeoPortalFrance
O osm

Samples

Training Samples
B NoClass

Leaflet | Tiles ® Esri — Source: Esfi, -cubed. USDA. USGS, AEX. GeoEye. Getmapping. Aerognid, IGN. IGP. UPR-EGP. and the GIS User
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Geracao de indices espectrais e modelo linear de mistura

NDVI

cube_ndvi « sits_apply(
data = cube,
NDVI = (B08 - BO4) / (BO8 + BO4)
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Estimacao de Acuracia

Food and Agriculture
Organization of the
United Nations
Remote Sensing of Environment 148 (2014) 42-57

Map Accuracy Assessment
and Area Estimation

Contents lists available at ScienceDirect

Remote Sorming

Ernvindoment

Remote Sensing of Environment

A Practical Guide

journal homepage: www.elsevier.com/locate/rse

Review

Good practices for estimating area and assessing accuracy of land change @Gossm
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