Machine learning for
modeling and understanding
in Earth sciences
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Earth observation

“Earth observation (EQ) is the gathering of
information about planet Earth’s physical, chemical
and biological systems via remote sensing
technologies supplemented by earth surveying
techniques, encompassing the collection, analysis
and presentation of data”
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Earth observation applications

@ ldentify and classify objects, detect clusters & patterns, and detect changes

@ [stimate the content of bio-geo-physical and bio-chemical parameters

July 2010 Surface Temperature Anomaly (°C)
[Base Period: 1951-1980]

Dominant land cover pattern




Earth observation and friends

- Image
Processing

Computer

. Signal
Vision

Processing

Leaming



Earth observation meets machine learning

MALCHINE
LEARNING

POWER TO THE DATA




Machine learning

F(X) =y

@ X:observations, independent covariates
@ VY:target, dependent variable
@ F: machine learning model (nonlinear, nonparametric, flexible, learned from data)



Al promises to transform scientific discovery

How Al is

SCience == | transforming

science

Researchers are unleashing
artificial intelligence (Al) on
torrents of big data

SCIENCE IN THE
PETABYTEERA gy

nature

BIG DATA IN BIOMEDICINE

_ TR%‘?&O&MS - “Unlike earlier attempts ...

d [Al systems] can see patterns
and spot anomalies in data
sets far larger and messier

than human beings can cope

with.”

July 7 2017 Issue




... yet only when some things happen!

@ Strong spatial and temporal correlations
@ Big data accessible

@ Cheap computing resources available

@ Fast scalable ML models available

@ No expert knowledge needed

@ High prediction accuracy is enough






Big data challenges

1.

Data size now exceeds 100 petabytes, and is
growing quasi-exponentially

The speed of change exceeds 5 petabytes a year,
and acquisition frequencies of 10 Hz or more;
Reprocessing and versioning are common
challenges

Data sources can be multi-dimensional, spatially
integrated, from the organ level (such as leaves)
to the global level

Earth has diverse observational systems, from
remote sensing to in situ observations

The uncertainty of data can stem from
observational errors or conceptual
inconsistencies

Observed and
simulated ‘big data’

Patterns and
knowledge

Real-time critical
in some areas, not all
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Statistical challenges

1. High dimensional data: multi-temporal, multi-angular and multi-source
2. Noninear and non-Gaussian feature relations

3. Data misalignments and distortions

4. Irrelevant features and biased sampling strategies

5. Uneven sampling, skewed distributions and anomalies in the wild

6. Few supervised information is available




Philosophical challenges

® Consistencyissue: ML models do not respect Physics
® Learning issue: ML are excellent approximators, yet no fundamental laws are learned
@ Interpretability issue: Big data is good to estimate correlations, what about causation?

Ehe New York Times

TheEnd
of Science

OP-ED CONTRIBUTORS

Elght (NO’ Nlﬂﬂ!) Can we open the black box of Al?
PrOblems Witl'l Big Data jrr‘t;:l:l:tlalnn;e;:ienm:z le ::::::l:‘ere But before scientists trust it, they first need to

Davide Castelvecchi

By Gary Marcus and Ernest Davis
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Outline

1. Advances in spatio-temporal data processing
o (Classification
> Regression

2. Bigdatain the Google cloud
3. Physically-consistent ML
4. Understanding is more important than fitting!






1: Deep neural nets for spatio-temporal classification

@ Convolutional neural nets (CNN): hierarchical structure exploits spatial relations
@ Long short-term memory (LSTM): recurrent network that accounts for memory/dynamics

Input Convolution Pooling Flatten LSTM Dense / Qutput
: 1 ’\S feature volume X time steps
=3 = et S
a LLI 1z +
E ] 13

“A Deep Network Approach to Multitemporal Gloud Detection”
Tuia and Camps-Valls, IEEE IGARSS 2018, http://isp.uv.es/code/landmarks.html

Vizible bands, date:2010-01-01
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2: Probabilistic and scalable classifiers
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@ Gaussian processes as an alternative to neural nets

@ (Gaussian processes start to be scalable ...

86.5
10'

Training CPU time

@ GPs allow a probabilistic treatment, confidence intervals, feature ranking, deep too!

“Remote Sensing Image Classification With Large-Scale Variational Gaussian Processes,’
Morales, Molina and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018
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3: Multitask learning
_0_ Multiple inter-related outputs? Data from multiple sources?
@ Learn to fuse heterogeneous information
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“Multitask Remote Sensing Data Classification”
Leiva and Camps-Valls, IEEE Trans. Geosc, Rem. Sens 2015 19



Regression, fitting, parameter retrieval



1: Spatializing vegetation parameters from space

Observations, x: CHRIS images: 62 bands, 400-1050 nm, 34m

Variables, y: In situ leaf-level Chl (CCM-200) and LAl
(PocketLAl phone app!)
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1: Spatializing vegetation parameters from space

@ Vegetation parameters from remote sensing data: chlorophyllcontent LAl vegetation cover

Testing
Data

“A Survey on Gaussian Processes for Earth Observation Data Analysis: A Comprehensive Investigation” 22
Camps-Valls, G. and Verrelst, J. and Mufioz-Mari, et al. IEEE Geoscience and Remote Sensing Magazine 2016



2: Upscaling flux tower data from space

@ Sensors allow estimating turbulent exchange of carbon dioxide (C02), latent and sensible
heat, CO2 storage, net ecosystem exchange, energy balance, ...

Flux scale

Measuring the dynamic flow of chemicals between the atmosphere and
surface of the ecosystem (e.g., carbon dioxide, humidity, wind speed)

AN

- ‘ .‘?Q: L AN
b ¢ ¥ =

4 -

“Compensatory water effects link yearly global land CO2 sink changes to temperature”
Jung, Reichstein, Schwalm, Camps-Valls, et al. Nature 541 (7638) :516-520, 2017

e B
- 3 ? i’f Local/microclimate scale
4 Ay < |
A

Measuring small scale climate properties
ear the tower (e.g., barometric pressure)

Towers extend past the
top of the vegetation
canopy to allow sensors
to capture the full profile
of atmospheric
conditions. Typically,
there are 4-6 levels of
sensors on the tower.

ILLUSTRATION NOT TO SCALE

* Gross primary
productivity

* Terrestrial
ecosystem
respiration

* Net ecosystem
exchange
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2: Upscaling flux tower data from space

@ FLUXNET: a sensor network of eddy covariances
@ Upscaling CO2, energy and heat fluxes

“Compensatory water effects link yearly global land CO2 sink changes to temperature”
Jung, Reichstein, Schwalm, Camps-Valls, et al. Nature 541 (7638) :516-520, 2017
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2: Upscaling flux tower data from space

@ Upscaling CO2, energy and heat fluxes from eddy covariances

LAl

EVI

NDVI
LST-Night
MSC-Day
LST-Day
NDWI

“Compensatory water effects link yearly global land CO2 sink changes to temperature” 25
Jung, Reichstein, Schwalm, Camps-Valls, et al. Nature 541 (7638) :516-520, 2017



2: Upscaling flux tower data from space

@ Upscaling CO2, energy and heat fluxes from eddy covariances

Energy Fluxes (M).m~2.d"!)
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Jung, Reichstein, Schwalm, Camps-Valls, et al. Nature 541 (7638) :516-520, 2017



3: Crop yield prediction from multisensory data

@ Crop yield (corn, soybean, wheat) & crop production
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“Nonlinear Distribution Regression for Remote Sensing Applications”
Adsuara, Perez,Mufioz, Mateo, Piles, Camps-Valls, IEEE TGARS 2019
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4: Advances in spatio-temporal variable prediction

@ STAiscommon place in climate informatics, neuroscience, video processing, NLP. ...
@ Current approaches: CNN + LSTM, space-time Gaussian processes

@ Novel approaches: distribution regression and variational deep GPs
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B Cropland “A Survey on Gaussian Processes for Earth Observation Data Analysis”

105°0'0"W 95°oo" ‘ " Camps-Valls et al. [EEE Geoscience and Remote Sensing Magazine 2016

“Nonlinear Distribution Regression for Remote Sensing Applications” “Deep Gaussian Processes for Retrieval of bio-geo-physical parameters”, 98
Adsuara, Perez,Muiioz, Mateo, Piles, Gamps-Valls, IEEE TGARS 2019 Svendsen, Ruescas and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2019




5: XYZT Multioutput regression and transfer learning

® Multioutput regression: compactness & speed @ Transfer learning

50
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— Pretrained CNN = OLS 15x15 EpOCh
= CNN C 15x15 = CNN Features + OLS m= Pretrained m== Random Init
“Statistical Retrieval of Atmospheric Profiles with Deep Gonvolutional Neural Networks”, 9

Malmgren-Hansen, Laparra and Camps-Valls et al, IEEE Trans Geosc. Rem. Sens.. 2019.
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Google Earth Engine (GEE)

L4 @ @ & https;//ee-api.appspot.com

Go 81@ rtn engine “ Help +  nicholas.clinton ~ [ D=
Docs I B TN O ) O console Tasks | : :

1' Inports (5 entries) B »Point (13.54, 23.56) at 20Km/px
+ ee.Algorithms 2 // load the most recent MODIS composite ~Pixels
3 var modis = ee.Image(inagecollection »HODTS composite: Image (3 bands) =
» ee.Array 4 .sort('system:time start’, false) » DEM: Image (2 bands) A
+ ee.Blob H Sfirst0); ~objects
» ee.Date 7 /s print metadata to the console ~MODIS composite: Image (3 bands)
 ee.DateRange g print (modis)
+ ee.Dictionary 10 var sid L Lo 7 p==in
e i remote sensing mbP1
» ee.Feature 13 <Channel
14 <RedChannel
» ee.FeatureCollection 15 <sourceCh  Apticle
» ee Filter 1 . . . 4
17
© oo Geometry IR Multitemporal Cloud Masking in the Google ) . j
' Earth Engine <
Ly Z
ﬁ remote sensing ﬂw\p\pu
Gonzalo Mateo-Garcia * , Z
and Gustau Camps-Valls
Article
Global Estimation of Biophysical Variables from
Google Earth Engine Platform
Remote Sensing of Environment 218 (2018) 69-88

" Manuel Campos-Taberner **
Gustau Camps-Valls 3@, Natt

Contents lists available at ScienceDirect

Remote Sensing of Environment

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

A methodology to derive global maps of leaf traits using remote sensing and | M)

climate data e

Alvaro Moreno-Martinez®’, Gustau Carnps—Vallsl’, Jens Kattge®, Nathaniel Robinson®,

Markus Reichstein, Peter van Bodegom®, Koen Kramer®, J. Hans C. Cornelissen®, Peter Reich’,

Michael Bahn?, Ulo Niinemets", Josep Pefiuelas’, Joseph M. Craine, Bruno E.L. Cerabolini®,

Vanessa Minden", Daniel C. Laughlin', Lawren Sack™, Brady Allred®, Christopher Baraloto”, 3]
Chaeho Byun', Nadejda A. Soudzilovskaia®, Steve W. Running®



1: Google Earth Engine: cloud detection in the cloud

Google Earth Engine

@ Exploit temporal information and change detection e

TR
Input image

! Multitemporal regression

Image | Cloud free Estimated Difference
collection images background image Reflectance

threshold
—
J

“Multitemporal Cloud Masking in the Google Earth Engine”

Mateo, Gomez, Amords, Mufioz. and Camps-Valls. Remote Sensing 7 (10) :1079, 2018

“Cloud masking and removal in remote sensing image time series”

Gomez, Amords, Mateo, Mufioz-Mari and Camps-Valls. Journal of Applied Remote Sensing 11 (1) :015005, 2017

if

Change detection

Previous cloud-free images Cloudy image
2013-07-12 2013-07-28 2013-08-29 2013-09-14

Clustering

Cloud mask

Change
detection
thresholds

Ground Truth Differences between Ground Truth and Cloud Masks]] _ Cloud Removal
Proposed Mask FMask (Estimated Image)

Cloud Mask /Ground Truth: ~ Cloud/Cloud ~ Land/Cloud ~ Cloud/Land

Coortegen: [ [ 32



2: Google Earth Engine: biophysical parameter retrieval

@ Global maps of LAI, FAPAR, FVC, canopy water content by inverting PROSAIL with ML ...

Global Parameter Min Max Mode Std Type
ODa
Plant PROSAIL: N TolooE e 0 Gaussian
traits PROSPECT - SAIL Cyp (Bgrem™2) - - - - KDE *
) Leaf Cor(ugem™) 06 16 5 7 Gaussian
—powr Cam (g-em™2) = : * = KDE *
Band filtering: @ = e = 2 KDE *
MODIS land bands Cpp 0 0 0 0 £
LAI (m?/m?) 0 8 35 4 Gaussian
Top of LAI ALA () 85 EOL G0 Gaussian
Caon FAPAR Canopy  Hotspot 01 05 02 02 Gaussian
Re fioclff{c@ FVC vCover 03 1 0.99 0.2 Truncated Gaussian
Ccwe Soil B ol 08 06 Gaussian
! Google Earth Engine
3 ace J J
Random Forests _‘:ur.ff'u . LAL ”\! AR 12
reraslon reflectance: maps:
Bress MCD43A4 MCD15A3H
60
1
40t
— 0.8
8
5 20
Biophysical <,
parameter Validation ) 0.6
maps 20
-]
0.4
\ 1 2
40 F 0.2
“ . . . . . - » 60 L 2
Global estimation of biophysical variables from Google Earth Engine platform P R—— = - p - - PP

Campos, Moreno, Garcia, Camps-Valls, G. et al, Remote Sensing (10):1167, 2018 Longitude [degrees]



3: Google Earth Engine: spatialization of plant traits

® Global maps at 500 m resolution of specific leaf area, leaf dry matter content, leaf nitrogen and
phosphorus content per dry mass, and leaf nitrogen/phosphorus ratio.
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SLA, LOMC, ... g, E -g E 52
= ot o o >,
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Cate or by @ w o = o 14 :
Species, ggnus..y = T .o "_.E 5 SLA (mm? mg)
2
1 ? 3 “A methodology to derive global maps of leaf traits using remote sensing and climate data”

N Moreno, Camps-Valls, Kattge, Robinson, Reichstein, ... and Running.
o Haorfm Hacke Remote Sensing of Environment 218 (12) :69-88, 2018
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Physics-aware machine learning

F(X, gi =AY O) =Y



The truth is that...

“Models without data are fantasy.
Data without models are chaos.”

scka, Marytand

at Point o

Patrick Crill,
Stockholrm
Umiversity, quoted imn
Science, 2074, im
“RMethame om the rise
agan, wol 343 pp
493495

At AGU 2017, New Orleans, USA
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1: Physics-driven ML: constrained optimization

® ML that minimizes model violations and predictions are dependent of physical laws

PhysLoss = Cost(y,9) + Ai|lw||3 + vQ(3, @)

Q(7g, ) = sum of physical violations of ¢

1000
—~
4
E 999
—
B
< <
= £
=
C£ 997
jo)
a
996
-10 -5 o 4 10 15 20 25 30 .
) Densi
Temperature (in °C) ty

“Theory-guided Data Science”, Karpatne, A. et al. IEEE Trans. Know. Data Eng., 2017.

FairLoss = Cost(y, ) + Ai||w||z + vI(§, s)

Short wave bands Long wave bands

Reflectance
measurements

Chla consistent with LAl and fCOVER

Vegetation
parameters

Vegetation
0.7 type

“Fair Kernel Learning” Perez, Laparra, Gomez, Camps-Valls, G. ECML, 2017.
“Consistent Regression of Biophysical Parameters with Kernel Methods”

31
Diaz, Peréz-Suay, Laparra, Camps-Valls, IGARSS 2018



2: Physics-driven ML: joint model-data ML

@ Let ML talk to physical models

JointLoss = Cost(y,9) + Ai|jwl]2 + vQ(f, )

Q(y, @) = Costs(ys, Us)

GP 95% Cl
[ JGP95% CI
@® Train

0.5 1

=1 -05

X O

“Joint Gaussian Processes for Biophysical Parameter Retrieval”

Svendsen, Martino, Camps-Valls, IEEE TGARS 2018
“Physics-aware Gaussian processes in remote sensing”
Camps-Valls, G. et al. Applied Soft Computing, 2018.

Setup

@ ERMES project: 3 rice sites, 85% European production

@ Landsat 8 + in situ measurements + PROSAIL simulations
® In situ LAl measurements: r = 70-300 (3 countries, 2 years)
e Simulations: s = 2000 (Landsat 8 spectra and LAI)

Filling the space ...

Spain Greece Italy

prosail
2015
2016

000 025 050 075 1.00
ndvi
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3: Multioutput GP regression encoding ODEs

@ Transfer learning across time, sensors and space: “LFs and noise are GPs + lin.op = a GP!"

wy(t) @ Latent forces f,(t): zero-mean GPs with covariance function

t' —t)?
(1) ke, (' — 1) oc exp (—%) ,

wy(t)

as vegetation should be smooth and exhibit local relations
@ @ Coupling mechanism f(t) <> y,(t): linear convolution

operator with hg(t)

2
we(t) : hg(t) o exp (—2—2) Green's func. of heat diffusion eq.
. 14
. - q
ho ) @) @ as rate of change of y oc curvature of y
© Outputs as lin. combination of pseudo-outputs plus AWGN:
R
“Gap filling of biophysical parameters with multi-output GPs” yq(t) = Z SrqVrq(t) + wo(t), wg(t) ~ N(O, nﬁ)
Mateo, Camps-Valls et al, [EEE IGARSS. 2018. r—1

“Learning latent forces from Earth time series”

where S,, accounts for the coupling strength
Svendsen, Muiioz, Piles, Camps-Valls, Nat Geosc, 2020 M Pling gt



3: Multioutput GP regression encoding ODEs

@ Example: LAl and FAPAR across time and space

@ Time series of LAl and fAPAR variables for rice monitoring @ LAl and fAPAR data for Spain and ltaly (Q =4 outputs}

@ Spain, Italy, Greece ~85% of Europe rice production @ Multioutput improves single output GPs (4.5% gain in MSE)
@ H2020 ERMES project: http://wwu.ermes-fp7space.eu/ @ Transportability across time/space of estimates

@ Observe inter-annual variability of rice 2003-2014

12— - . . - 1.2
1t 1
o8t 08
T o8 =
% & ﬁ" 0.6
P & 04 =
/ : = 0.4
"{’*ﬁf‘ < E 0.2} E
Lo N < 02
SN < O = J
< WY Z S
2 1]
0zt
; 04 0.2
. 06 . . . 0.4 T - .
®Esu 2004 2006 2008 2010 2012 2014 2004 2006 2008 2010 2012 2014
Year Year

“Gap filling of biophysical parameters with multi-output GPs”

Mateo, Camps-Valls et al, IEEE IGARSS. 2018.

“Latent force GP models for EQ time series prediction” 40
Luengo, Mufioz, Piles, Camps-Valls, I[EEE TGARS, 2019



4: Physics-driven ML: hybrid modeling framework

PERSPECTIVE

https://doi.org/10.1038/541586-012-0912-1

Deep learning and process understanding
for data-driven Earth system science

Markus Reichstein!?*, Gustau Camps-Valls?, Bjorn Stevens®, Martin Jung?!, Joachim Denzler®®, Nuno Carvalhais® & Prabhat’

Machine learning approaches are increasingly used to extract patterns and insights from the ever-increasing stream of
geospatial data, but current approaches may not be optimal when system behaviour is dominated by spatial or temporal
context. Here, rather than amending classical machine learning, we argue that these contextual cues should be used as
part of deep learning (an approach that is able to extract spatio-temporal features automatically) to gain further process
understanding of Earth system science problems, improving the predictive ability of seasonal forecasting and modelling
of long-range spatial connections across multiple timescales, for example. The next step will be a hybrid modelling
approach, coupling physical process models with the versatility of data-driven machine learning.

“Deep learning and process understanding for data-driven Earth System Science”, Reichstein, Camps-Valls et al. Nature, 2019.
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4: Physics-driven ML: hybrid modeling framework

® ML that learns laws of physics (e.g. consistency model-data, convection, advection, mass and energy conservation)

A: “Physisizing” a deep eryat ot B: A mation field is learned with a g Preicted ture
learning architecture by t s convolutional-deconvolutional 3
ical
adding one or several ) . net, and the motion field is T
physical layers after the - further processed with a physical ‘ ; j Motion field
. m
multilayer x - model
neural network ] T mappingn +2
e |-
| - <<U Someldora
| Learned D neural network
mapping 2...n +1
“Deep learning and process understandin mapping 1 [
piearmine ant v crstandiie “Deep Learning for Physical Processes: Input: past
for data-driven Earth System Science - Incorporating Prior Scientific Knowledge”. temperature fields
Reichstein, CampsVals ot al Nature, 2019 de Bezenac, Paiot, & Gallinari, arXiv:1711.07970 (2017)



5: Physics-driven ML: emulation of complex codes

@ GP Emulation = Uncertainty quantification/propagation + Sensitivity analysis + Speed

b

m

MODTRAN (2000 samples; 20PCA)

Tolal sl l%l
Total S (%

1000 1500 2500
Wavelength [nm]

(b)

7@::

500 1000 1500 2000 2500
Wavelength [nm]

(a)
: @

1000 154 000
Wave\ength [nm]

NRMSE [%]

Total SI l"y 1
Total Si w 1

500 1000 2000 2500
Waveiengm [nm]

Wavelength [nm] @
L[ -ou-t:an-c:m:luu [LAD [ skyl 5 soil coeff Il 5ZA I VZA B RAA

| — Nearest — Linear — IDW - - -GPR - - KRR - - -NN| i

ML
“Emulation of Leaf, Canopy and Atmosphere Radiative Transfer Models for Fast Global Sensitivity Analysis”,
Verrelst, Camps-Valls et al Remote Sensing of Environment, 2016

“Emulation as an accurate alternative to interpolation in sampling radiative transfer codes”,
Vicent and Camps-Valls, IEEE Journal Sel. Topics Rem. Sens, Apps. 2018

2.3-24.5 s/pix 0.1-1.3 ms/pix
0% RMSE = 0.1 — 5%




6: Physics-driven ML: learning ODE/PDEs

® Who needs Lorenz? ® Who needs Navier Stokes?

Wy = —uwz — vWy + 0.01(Wae + Wyy)
L True Lorenz System i i la oy zatayrzyt S £ bk K T o LR PTaC Exact Dynamics Learned Dynamics
. 1 [ 0] [ 0] 0]
. 'S [-9.9996] [27.9980] [ 0]
r = (7(@/—.1,‘) 1B | v [ 9.9998] [-0.9997] [ 0] 2 2
L i
. z [ (I 0] [-2.6665] 1 i
g = zlp—z)—y »@ . o [ [ o1 1 0] 1 1
. ‘xy " [ 0] I 01 [ 1.0000]
z = ;[y—dz‘ — ‘xz* [ 0] [-0.9999] [ 0]
. oo 0 | 01 I 0] 8 0 0 8 0 0
. vzt [ 0] [ 0] [ 0]
| —1 -1
'yzzzz' | 0] | 01 0]
\ 3 ‘22222 C ) I o1 0] -1 -2 -1 —2
A QL 4 Sparse Coefficients of Dynamics
=\ = L -3 L -3
Y, g = z T T T T T T
e §_ 2 4 6 2 4 6
) g
X oX) Y,

wwnssen @ \Who needs Schrodinger? v. = 05i.. +ily?v

= @(XT)EI : .
vy S i vy = oy & ) T Exact Dynamics Learned Dynamics
¥ = O(x")& 4.0
i = @(X'f’)g3 3.5 3.5
. 3.0 3.0
- 2.5 2.5
] 8 20 8 2.0
L 1.5 1.5
1.0 1.0
0.5 0.5
II. Sparse Regression to Solve for Active Terms in the Dynamics
0.0 0.5 1.0 1.5
T i
“Discovering governing equations from data by sparse identification of nonlinear dynamical “Deep Hidden Physics Models: Deep Learning of Nonlinear Partial Differential Equafiéns”

systems” Brunton, Proctor, Kutz, PNAS 2016 Raissi, JMLR 2018



Understanding is more important than fitting!
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1: Feature selection & ranking

@ Filters & wrappers

conneclors: preserve hink

.cahl,r' l‘o\lvr height: equal importance among columns and bars 1 .
implementation for all erteria during reordering Fi DSIF
ik a CIFAPAR
criteria —%‘ (-CD O 8 I . EVI
£ (o) EvPD
3
006
o
>
<@
© 04
1 E 2
=
E = 502
g H O]
=1 (a4
| 0

“Remote Sensing Feature Selection by Kernel Dependence Estimation”, Camps-Valls, G. Mooij, JM. Schalkopf, I[EEE-GRSL, 2010.
“A guided hybrid genetic algorithm for feature selection with expensive cost functions”, M. Jung, J. Zscheischler, Procedia, 2013.
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2: eXplainable Al (XAl)

® What did the network learn? Look at the heatmaps & triggering neurons

counties |

counties
Il

a) 2006
yield modeled: 4,277, yield reported: 4

“Visualizing and Understanding Convolutional Networks”, Zeriler, et al 2013
“Processing of Extremely high resolution LiDAR and optical data”, Campos-Taberner, Camps-Valls et al, 2016
“Understanding convolutional neural nets for crop yield estimation” Wolanin, Guanter, Camps-Valls, ERL 2020
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3: Causal inference
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Possible? Yes, under some mild assumptions ...

UCLA: Judea Pear
CMU: Peter Spirtes, Clark Glymour, Richard Scheines soox or
Harvard: Donald Rubin, Jamie Robins WHY

e

ETH Ziirich: Peter Biihlmann, Nicolai Meinshausen
MPI Tiibingen: Dominik Janzing, Bernhard Scholkopf
Univ. Amsterdam: Joris Mooij
Univ. Copenhagen: Jonas Peters
Aalto Univ.: Patrik Hoyer

.. and many others




3: Causal inference

@ Causal discovery learns cause and effects relations from data
® What for? Hypothe3|s testing, model-data comparison, causes of extreme impacts

1 A Tropical climate example B Arctic climate example
% IEFAPA E Pov
04 Eew B 40 1
§ g f @Y
g S v-flux, / 'ag)
E 04 5% {mond
do4 5 ~
2 2 P ~ A ,
§a2 10 X /3‘ f'ir ;bso %"% %{’*
@ % N S Umlsq)
o o S — o
¥ At(gth-thgtho

C Ecology example

S— fi’u- -~ Uopical “nuo'srength Lk trengin \
= |C relation | |Grang r causality |
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“Inferring causation from time series with perspectives in Earth system sciences”, Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019.
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018
“CauseMe: An online system for benchmarking causal inference methods,” Mufioz-Mari, Mateo, Runge, Camps-Valls. In preparation (2020). CauseMe: http://causeme.uv.es

— CCM

Granger
— causality

croplands ~ -
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3: Causal inference methods

COMMUNICATIONS

PERSPECTIVE
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Inferring causation from time series in Earth system
sciences

Jakob Runge 1.2 Sebastian Bathiany3'4, Erik Bollt>, Gustau Camps-VaIIs6,
Dim Coumou’8, Ethan Deyleg, Clark Glymourm, Marlene Kretschmer8,

Miguel D. Mahecha T Jordi Mufioz-Mar®, Egbert H. van Nes?, Jonas Peters'?,
Rick Quax'>' Markus Reichstein!, Marten Scheffer? Bernhard Schc’jlkopfﬁ,
Peter Spirtes'®, George Sugihara®, Jie Sun® 26, Kun Zhang'©® &

Jakob Zscheischler@ 71819

ol



3: Causal inference methods

a Granger causality b Nonlinear state-space methods

N
(X, X(td), x(t-2d)) (Y. Y(t-d), Y(t-2d))
C Causal network learning algorithms d Structural causal models
Skeleton discovery phase Orientation phase Linear Non-Gaussian Additive Model
p=0 p=1 p=2
=2 -1 ¢ (=2 -1 ¢ (=2 -1 ot (=2 -1 ¢
X e ® o000 o000 e 0o 0
| | | l
Yy @ ® o @Ko e ® (] '
Z [ ] o—~0 ® O o-0—+0
| | [ !
w ® e_eoz0 o (o0 o-0—+0

“Inferring causation from time series with perspectives in Earth system sciences”, Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019.
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018
“CauseMe: An online system for benchmarking causal inference methods,” Mufioz-Mari, Mateo, Runge, Camps-Valls. In preparation (2020). CauseMe: http://causeme.uv.es
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Example 1: Spatio-temporal causal analysis of Earth cubes

@ PCA/EOF is popular, yet cannot cope with nonlinear spatio-temporal relations

® ROCKPCA
— copes with nonlinearities

Spatial components

S = £
L Han 7
T i 7

- extracts spatial and temporal components

- very fast

“Rotated Gomplex Kernel PCA for spatio-temporal data decomposition”
Bueso, Piles, Camps-Valls, [EEE TGARS, 2020




Example 1: Spatio-temporal causal analysis of Earth cubes

® SM decomposition st

- Meaningful compression Sy | \/\/\/\/\/\M

- Climate-specific 4 —
modes of variability oy /\/W\/\/W\/WW\/\/\

- Boreal and Equatorial o 4
modes of SM variability d %
dominate i .k

- Seasonal and ENSO g I WWVWWW/W‘

related temporal mOdes 180 4120 (;.n 0 60 120 180" é;"’-?z""/,%’;,%"':f’%- 2011 2013 2015 2017
ZP/ (%,/“(,
“Rotated Gomplex Kernel PCA for spatio-temporal data decomposition” %,
Bueso, Piles, Camps-Valls, IEEE TGARS, 2020 54



Example 1: Spatio-temporal causal analysis of Earth cubes

@ PC3 highly correlates with ENSO + new spatial patterns uncovered

W < AR jw | &5 | O Wet pattern
L I I B / vy o O New wet pattern
ET & Cool. , @ i : New dry pattern
‘ DRY %bﬁ’\m“? e
i ‘ A & * u
WAR) RM i {1 i ]
et I B
WET o Q11 2014 2010
] — —
@ Nonlinear cross-correlation uncovers s e | een | e
unreported SM-ENSO lags Lag Ldays] W | @ | % | 5
“Rotated Gomplex Kernel PCA for spatio-temporal data decomposition” Max Corr 056 0.68 0.66 0.8
Bueso, Piles, Camps-Valls, IEEE TGARS, 2020 55




Correlation is not enough: Nonlinear Granger causality

@ ENSO4 index and the inter-annual component extracted from VOD and SM

@ High correlations, yet ... correlation does not imply causation

I I I I I I
—SM
—VOD
—ENSO4

| BN g
b - :I sk F\ 'If ﬂ-u"‘”,'l‘; 1 F 1“ ’ v .\
M,t.af-*m,wwﬁv et RN

| | | | | | |
2011 2012 2013 2014 2015 2016 2017




Correlation is not enough: Nonlinear Granger causality

@ Causal inference goes beyond correlation analysis
@ Granger causality tests whether the past of X is useful to predict the future of Y

SN Vier =a' X +e)
. ¥ O Yt_|_1:b1|_)/t—|—b;Xt—|—€z/|X
‘e X =Y & V] < Vel

“Causal inference from Observational Data in Remote Sensing and Geosciences”
Perez-Suay and Camps-Valls, IEEE TGARS 2019
“Inferring causation from time series with perspectives in Earth system sciences”

Runge, J. Bollt, E. Camps-Valls, G. Peters, J. Reichstein, M., Schdlkopf, B. et al. Nature Communications, 2019 ol



Correlation is not enough: Nonlinear Granger causality

@ Causal inference goes beyond correlation analysis
@ Granger causality tests whether the past of X is useful to predict the future of Y
® Weintroduce a kernel Granger method to account for nonlinear Granger-causal relations

JOOOL am = (K (X0, X)) +) " Yipn
v ) b = (L([Ye, X], [V, X[)) 4+, 1) 7 Vi
S X =Y o Vglel] < Vel

“Causal inference from Observational Data in Remote Sensing and Geosciences”
Perez-Suay and Camps-Valls, IEEE TGARS 2019
“Inferring causation from time series with perspectives in Earth system sciences”

Runge, J. Bollt, E. Camps-Valls, G. Peters, J. Reichstein, M., Schdlkopf, B. et al. Nature Communications, 2019 o8



Correlation is not enough: Nonlinear Granger causality

@ Causality is sharper than mere correlation! Some impacts confirmed, others not!
® ENSO4 “causes” SMin very dry (Sahel) and very wet (tropical rain forests)

2011 2014 P01
<EmT _— |

~J

-0,8

“I]ominaiﬁ't5 Features of Glnifézl Surface Soil Mg'izsture Variabhility %)Shserved hy the S%S Satellite” M. Piles et al. Remote Sensing, 2019



Example 2: Water and energy fluxes causal relations

® Unbiased CCM causality on (GPP, Tair, SM) ( Photosyatess w

@ Causal maps capture general knowledge

® Indry (water-limited) areas, GPP is
caused/driven by SM

@ Temperature is mainly an effect in boreal C e

Latitude [deg]

regions

® GPP affects SMin dry/savannas/shrubs, * . =&
possibly related through ET & “

- Air Temp.

® SMin boreal regions matches with a T\
reduction in radiation and temperature \—)

“Unbiased estimation of causal drivers in convergent cross-mapping” G. Camps-Valls et al, PRL 2019




Example 3: climate models (causal) intercomparison

® How similar are the causal mechanisms encoded in the models?
® Do they match observations? CMIP Evaluation

a ek N
- 3 P — — - 0.80
£ " A N - s
\3 TN - /- & W =
- \ - d
| o~ C ™ - R
\._.’ m
Observations Model 1 Model 2 Model 3 Model 4 - 0.75
‘ PCA Varimax 'E __________________ S e e
5 b - — " ¥ .
/)] 1 1
x 0.70
S
c * Comm i m 0.6
+ driver link g i « i o s 8 2 E
B PCMCI 2 g S & 3 3 © 3 3
. o 2 2 0 = 4 5
Causal fingerprinting = o v it g = o 5
! “— Time lag < 4 g o © o
0 o I'C =
o o

Nowack, Runge, Eyring, Haigh, Nature Comm., subm. (2019)

Good

Bad
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A platform for causal discovery

(€)> ¢ o [ozmme vim -O% Lo O@E »

. causeMe. http.//ca“seme “v es ‘I_}Misvisiladﬁ W https//enwikipediaorg/w... & Conselleria dfducacid £ Smart Bookmarks g xked - A webcomi of rom..
[ ] L ] L]

CAUSEME =

- Download time series with ground truth
—  Run your causal discovery algorithm offline

Upload your causal graph

Get your results!

CAUSEME

A platform to benchmark causal inference methods

“Inferring causation from time series with perspectives in Earth system sciences”
Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm, 2019

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







Conclusions

@ Machine learning in EO and climate
O Many techniques ready to use
O Huge community, exciting tools

@ Solid mathematical framework to deal with
O Multivariate data
O Multisource data
O Structured spatio-temporal relations
O Nonlinear feature relations
O Fitting and classification

@® Risks & remedies
O Understanding is more complex
O Physics consistency a must
O Physics-driven ML & Explainable Al

64



http://isp.uv.es
u @isp_uv_es
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Propaganda

@ ERC CoG: SEDAL: “Statistical Learning for Earth Observation Data Analysis™
® ERC SyG: USMILE: “Understanding and Modeling the Earth System with ML

~  Need 10 PhD and postdocs!

—  Check out & distribute: isp.uv.es/openings

— Starting in June/september
@ Expertise in:

— Machine learning

- (Earth observation) Physics

- Environmental Sciences

- Maths

- Computer science
@ Valencia rocks!

...;..':.;.'o.., http://isp.uv.es
o‘..l o )
° .e rC u @Iisp_uv_es

A 8 gustau.camps@uv.es
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Propaganda

® ERC SyG: USMILE: “Understanding and Modeling the Earth System with M.L“

Current problems

Standard approximations

Alternative USMILE approximations

WP

Signal relations (spatial, Spatio-temporal relations not Convolutional Neural Networks (CNN)* and Recurrent 1-3
£ | temporal, spectral) included in ML Neural Networks (RNN)* to account for spatio-temporal
s relations
;E P . . P . 30
£ | Strong a-priori Nonlinear and nonparametric Advanced probabilistic Gaussian processes™ to account for |[1-3
..:" assumptions, e.g. linearity, | neural networks (NN), kernel uncertainty quantification, data fusion, and multioutput
£ | Gaussianity, stationarity and graphical models regression with consistency regularizers
50
£ | Inconsistencies, large Standard data assimilation New paradigm of hybrid modclinglg‘mjl, ML respecting and | 1-3
% uncertainties, overfitting | approaches implementing physics laws
= Anomaly and extreme Thresholds, univariate or Generative neural networks>>*? , normalizing flo wsM, kernel | 3
event detection Gaussian assumption detectors™, multivariate anomaly detection®
Black boxes, Permutation analysis, global (1) Visualization of convolutional filters and memory 3,4
& | interpretability sensitivity analysis®’ units®**? in NN; (2) New sparse regularizers***! in
'E regression for (i) selection of covariates, (ii) descriptors and
*E potential causal links >**
1
-E Just dependence, no Single scale, linearity, Granger | Conditional independence tests****, multiscale (in space and |3, 4
= | causation, spurious (:ausalityzs‘43 time) wavelet-based causal schemes
correlations found
High-dimensionality Linear dimensionality reduction, | Advanced spatio-temporal nonlinear methods based on 3,4
decoupled space and time, linear | kernel methods™® and variational autoencoders®
*E princip’al component analysis
| (PCA)”
Large volume High performance computing Cloud computing 1

http://isp.uv.es
u @isp_uv_es

8 gustau.camps@uv.es
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@ Machine Learning for Earth and Climate Sciences (G. Camps-Valls & M. Reichstein)

Spatio-temporal anomaly and extreme events detection
Dynamic modeling and forecasting

Hybrid modeling: linking physics and machine learning
Causal inference: learning and explaining representations
Earth and climate model emulation and generative modeling




