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Machine Learning for Information Extraction from Remote Sensing Image

f(pixel’s features) = "Corn"

• Prediction: classification, regression, inversion . . .

• Supervised learning, unsupervised, semi/self-supervised
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Challenges in Machine Learning

• How to define predictive model for tensorial data ?

Image× Spectra× Time Series

• How to learn with high number of correlated features ?

? More features than sample
? Numerical instability
? Overfitting

• How to include multi-source data in the learning/inference framework ?

• How to deal with missing values in features ?

Exploit the structure of the data w.r.t the application
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Quick look of my contributions

Spatial & Spectral Methods - [Hyperspectral, VHR]

• Morphological filters

• Definition of kernel functions

• OBIA

Fauvel, Tarabalka, et al., “Ad-

vances in Spectral-Spatial Classifi-

cation of Hyperspectral Images”

High Dimensional Space - [hyperspectral, SITS]

• Pseudo-distance between spectra

• Feature selection

• Functional data analysis (A. Zullo)

• Representation learning (A. Lagrange)

Spectro & Temporal Methods - [SITS]

• Irregular & unaligned time series (A. Constantin)

Thematic Applications

• Urban trees (J. Aval)

• Hedgerows network

• Grasslands (M. Lopes)

Scientific productions

Type #

Journal 48
Chapter 4
Proceeding 53
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Selected Scientific Contributions



Selected Scientific Contributions
Functional Data Analysis For High Dimensional Remote Sensing Data



Functional Data Analysis

Anthony Zullo, “Analyse de données fonctionnelles en télédétection hyperspectrale : application à l’étude des paysages
agri-forestiers”
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Classification of Hyperspectral Data
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Classification of Hyperspectral Data
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Ferraty, A. Zullo, and Fauvel, “Nonparametric regression on

contaminated functional predictor with application to hyperspectral

data”
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Classification of Hyperspectral Data
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Ferraty, A. Zullo, and Fauvel, “Nonparametric regression on

contaminated functional predictor with application to hyperspectral

data”

Classification results

Error rate std

NPFE 10.5 1.0

GMM 14.9 1.3
SVM 13.8 1.4
RF 18.5 1.2
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Selected Scientific Contributions
Gaussian Process For Irregular And Unaligned Time Series



Irregular and Unaligned SITS
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Gaussian Process
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Definition

A Gaussian process (GP) is a stochastic process such that any finite-dimensional marginal follows a
multivariate Gaussian distribution.

X ∼ GP(m, K), X(t) ∈ R

Alexandre Constantin, “Analyse de séries temporelles massives d’images satellitaires : Applications à la cartographie des
écosystèmes”
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]
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Multivariate Gaussian Processes (MGP) for SITS classification

Definition

A Multivariate Gaussian Processes (MGP), conditionally to Z = c, is defined as

X(t) = AcWc(t) + mc(t) with Wcb| Z = c ∼ GP(0, Kc)

A. Constantin, Fauvel, and Girard, “Mixture of multivariate Gaussian processes for classification of irregularly sampled satellite image
time-series”
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λ(t) =
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• Negative log likelihood for class c

p
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i −αcBi
)>{AcA>c

}−1
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• Classification of sample X?
u observed at timestamps Tu and imputation of time t̃u
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Classification and imputation of irregular and unaligned SITS

S2 Land Cover Classification

• 190,000 learning pixels for 3 tiles

• 14 land cover classes

• Non-parametric models RF

• Parametric model QDA

Average F1 std F1

M2GP 63.1 1.15

QDA 64.2 1.36

RF 74.2 1.78
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Classification and imputation of irregular and unaligned SITS

Summer crops
Winter crops

Broad-leaved forest
Continuous urban fabric

Discontinuous urban fabric
Industrial/commercial units

Meadow
Orchards

Road surfaces
Vines

Water bodies
Woody moorlands
Coniferous forest

Natural grasslands
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Selected Scientific Contributions
Grassland plant taxonomic diversity estimation



Monitoring (European) Grasslands Diversity From Space

State of the art (as of 2017)

• Plant diversity:

5 MSR (e.g., MODIS)
3 VHSR (e.g., Rapid Eye)
3 Aerial hyperspectral data

• Limited in time and space !

• Can Sentinel 1&2 help to monitor diversity ?

Objectives

• Predict diversity index: Shannon and Simpson

• Using all S1 & S2 from 2017-08 to 2018-12

Data S2 NDVI NDVI-S2 PCA-S2 R-IR S1 S1-S2 PCA-S1-S2

Size 188 47 235 49 94 279 467 117

Fauvel, M. Lopes, et al., “Prediction of plant diversity in grasslands using Sentinel-1 and -2 satellite image time series”
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Learning and Validation

Spatial auto-correlation of the diversity index
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Results and Discussion

Results obtained with R-IR bands only, using RF
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Results and Discussion
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Perspectives



Monitoring State and Trend of Ecosystem

Objectives

• State: composition and configuration

• Trend: vegetation dynamic index

• Various vegetation type: crops, grasslands, forests . . .

• New practices: intercroping . . .

• Reduce dependence on ground truth

Constraint

• Training

? Semi-/Weakly-/Self-supervised
? Scale w.r.t the number of sample
? Irregular sampled multi-resolution data

• Inference

? Function over space and time
? With confidence
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Vegetation Dynamic

• Applications

? Plant/Animal diversity
? Carbon storage
? Adaptation to climate change

• Current issues

? Coarse resolution
? Unadapted model (e.g, double logistic)
? Based on NDVI/LAI - derived spectral index
? Limited use of S1 w.r.t S2

• CES Theia - Variables for biodiversity

M. Fauvel - @MaFauvel HDR Defense 16/19



Framework

X1[Φ1,Λ1, T1]

X2[Φ2,Λ2, T2]
...

Xs[Φs,Λs, Ts]
...

XS[ΦS,ΛS, TS]


Z1(ϕ, t)

...
ZL(ϕ, t)

 E[Y(ϕ, t)]

V[Y(ϕ, t)]

Latent
Random Functiong1

gl

gL

f

Selfsupervised

Supervised

• Encoding functions gl: “deep” structured networks

• Link function f : analytic formulation (or easy approximation) for posterior
• Latent functional space

? Learn a fix discretization grid on virtual design points
? Decouple time and space: Zl(ψ, t) = Z̃l(ψ) + Z̄l(t)
? Learn parametric functional basis, e.g., neural operator
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