HyperLabelMe:

A web-platform for benchmarking
remote sensing image classifiers




Artificial intelligence, deep and machine learning

ARTIFICIAL Al: Intelligence demonstraled by
machines rather than humans or animals.

INTELLIGENCE
Early artificial intelligence MACHINE ML: Giving computers the skills to learn
i ot LEARN'NG without explicit programming

Machine learning begins DEEP

to flourish DL: Is an ML subsel, examining algorithrms

I-EARNING that learn and improve on their own

Deep learning breakthroughs
drive Al boom

1950's 1960's 1870's 1980’s 1990's 2000's 2010's



Remote sensing image classification

Ground truth SSESVM SS-CRF E-CRF SSECRF

@ Goal: “generate spatially explicit
maps from remote sensing
observations”

® Machine learning

— Automates the process
- Fast
N 2 3 p° - Accurate
a & :?  @ Many different classifiers
A = - R - SVM, RF, Boosting, Neural nets
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Machine learning classifiers

@ Computational cost?

® Accuracy?

@ [asiness?

@ Robustness to dimensionality?




Hyperlabelme

http://hyperlabelme.uv.es/



Hyperlabelme:

@ A platform to evaluate machine
learning classifiers

@ Harmonized large set of labeled
multispectral and hyperspectral
images

HYPERLABELME INFORMATION DATABASES & CITATION  SIGN |

- Number of classes
- Dimensionality

o e
g ,/‘.
- LY

- Noise sources and levels
() Scalable and modular T 2 http://hyperlabelme.uv.es/




Download image datasets
® HyperlLabelMe runs a

FAIR-use data policy ANA RUESCAS DOWNLOAD TRAIN UPLOAD IFHALL OF FAME LOCOUT
- Data freely available 1. DOWNLOAD A DATASET
to the public and *
SCIE“tIfIC The datasets are in plain text, They start with a
1 header containing some info (metadata), then the oA Pa—
commuriity o R = - =
- Download spectra e ———— s
and corresponding s koour) ¢ . 1. sl s =R=R=
labels VATLAS, ython R howtread thedutasets.
- Run your algorithms
offline
- Upload results

- (et your scores



Datasets are in plain tex
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Datasets are in plain text
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ispoct =zumpy &3 =p

asy to read s

¥ Opex file and locate laattay

g = opon|filenaxe, ‘r’)

al = 1

for line ia £y
A Sism.snartavithiiasntag) s bresk
ni o= |

t.cloan()

DATABASES o road aota

Gata » 8p. loadixt{flienane, delinivers",’, skiprowssnl)
¥ = datals, 9)
* X = datajs, 1)
# Separate train/test
Xteat =~ X[(Y < 9, 1]
X = X[X > 0, »}
Y = XY > 0, Bona)

a8 th ) . 1)
E., retars X, ¥, Ytast

' \ Satavrite(method, dstaset, TP
WY (ERXTTTYY  ERiTT fllename = "(0) (1) _predictioss.txt’' . format matihod, dataset)
res =~ True
try:

with cpen{filosane, mode~"v') as I»
foveltal " (8) (1) formatmotdod, dataset))
for v An Ypi

f.wwite|” {Q)'.format{acriv)))

f.urite{"\n")
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Train your models offline and upload your predictions

©
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ferction BX, ¥, Xtess) » aatafead!fileasne)
LASEERg = “ORicriptie:

N Dpen file a0 lecate mu»
T« fopenifilenase, “r
LU
wiile ~feaflf)
Line « fgetlif);
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e
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N Pead data
s v aL-rudNnn—, el 93
Y = datals, !
X » dataly,2 |0MH
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Xow BCY »e 0,102
Yow VLY e 002
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Jodd 3/ CLass T alion_Gems VATLAR Cesailication exsniie

clear, clc

% Road dataset

IX, ¥, Xtest] = dotaRead('ladl. txt’);
% Use a simple limear classifier

Yp » classify(Xtest, X, Y):

N Write reswlts

datadritel ‘LDA_MATLAB', 'Iadl*, Yp):
|

SN A i Beme MATLAR ol W he w

Terciiom Sotabviteloetngd, &Mlaset, W)

& Conerate tent file for validetion on Myperistelne server
S Ingeta:

S sethod: ramw of the mothos

S datawet: raoe of the datsset

LT prodictiont as & column wector
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Train your models offline and upload your predictions

CONFUSION MATRIX
Ground truth classes

1 2 3 4 5 6

816 3 1 2 5§ 7 834
0O 804 10 2 5 3 824
3 18 785 5 &6 19 836
0 0 9 B17 0 6 832
1 0 S5 O 85 7 818
10 5 20 4 9 788 836
430 830 830 830 830 830

¢ Qverall accuracy: 96.69 %

¢ Kappa coefficient: 0.96, Cl: 20.005965, z-score: 315.500144
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User'sacc: 97.84 97.57 9390 9820
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Causeme: understanding is harder than predicting!

http://causeme.uv.es/



Extension to causal discovery

@ Llearn what’s the cause and the effect from time series of variables
@ Important implications in Earth science and climate
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“Inferring causation from time series with perspectives in Earth system sciences” FAPAR
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm (submitted), 2018.
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” croplands ~ = \
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Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018 -



Extension to causal discovery

@ CauseMe: http://causeme.uv.es
- Download time series with ground truth
—  Run your causal discovery algorithm offline
— Upload your causal graph
- Get your results!

“Inferring causation from time series with perspectives in Earth system sciences”
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm (submitted), 2018.

“Causal Inference in Geoscience and Remote Sensing from Observational Data,”
Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018

CauseMe: http://causeme.uv.es
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Extension to causal discovery

@ CauseMe: http://causeme.uv.es S —
- Download time series with ground truth
= Runyour causal discovery algorithm offline ~ s.uPLoAD vour ResuLTs
~ Upload your causal graph ey O
- Get your results! S '
=

“Inferring causation from time series with perspectives in Earth system sciences”
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm (submitted), 2018.

“Causal Inference in Geoscience and Remote Sensing from Observational Data,”
Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018



Extension to causal discovery

@ (CauseMe: http://causeme.uv.es
- Download time series with ground truth

|||||||

Run your causal discovery algorithm offline

Upload your causal graph

Get your results!

“Inferring causation from time series with perspectives in Earth system sciences”
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm (submitted), 2018.

“Causal Inference in Geoscience and Remote Sensing from Observational Data,”
Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018



Extension to causal discovery

@ (CauseMe: http://causeme.uv.es
- Download time series with ground truth

----------

*

Run your causal discovery algorithm offline .

Upload your causal graph

Get your results!
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“Inferring causation from time series with perspectives in Earth system sciences”
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm (submitted), 2018.

“Causal Inference in Geoscience and Remote Sensing from Observational Data,”
Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018






Conclusions

@ A fact: Remote sensing needs machine learning

® A qguestion: What's the best classifier for my specific task?

@ An ohservation: Often the simpler is the better

@ Our aim: Hyperlabelme is a simple web platform to benchmark classifiers
®

Working towards extensions:
O Spatial context
O Spatig-temporal classifiers
® Some relatives: o _ http://hyperlabelme.uv.es
O Causal discovery in time series http://causeme.uv.es
O Regression (parameter retrieval) algorithms ' o
http://regressme.uv.es

@ Please contribute!



