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Foreword by the CI 2019 Workshop Chairs  
 
The Climate Informatics (CI) workshop series was founded in 2011 by machine learning scientist 
Claire Monteleoni and NASA director Gavin A. Schmidt. In its 9th year now, the workshops aim 
to stimulate the discussion of new ideas, foster new collaborations, grow the climate informatics 
community, and thus accelerate discovery across disciplinary boundaries between researchers 
from statistics, mathematics, machine learning and data mining and researchers in climate 
science. The format of the workshop seeks to overcome cross-disciplinary language barriers and 
to emphasize communication between participants by featuring tutorials, hackathons, invited 
talks, panel discussions, posters and break-out sessions. 
 
The 2019 Climate informatics Workshop was held in Paris France, hosted by the Ecole Normale 
Supérieure (ENS), between the 2nd and 4th of October 2019. The workshop had 166 attendees 
with 81 submitted papers, of which 68 were accepted for poster presentations. The participants 
came from 23 countries covering all continents (except Antarctica). While conference 
proceedings are common in many computer science and informatics disciplines, our aim was to 
encourage more participation from both climate science and statistics where journals are a more 
common venue of publication. We are pleased that these proceedings represent 54 of these 
papers. 
 
The Best Paper award was given to Jussi Leinonen, Tianle Yuan and Alexis Berne for their 
paper "Generative Adversarial Network for Climate Data Field Generation" and the Best Young 
Scientist Paper award to Bram Kraaijeveld, Sem Vijverberg and Dim Coumou for the paper titled 
"Forecasting Eastern United States Heatwaves: Combining Climate Simulations and Machine 
Learning". 
 
The first day of the workshop was an optional Hackathon led by Julien Le Sommer, Anna 
Sommer and Redouane Lguensat. The hackathon platform https://codalab.org/ was used to host 
a team-based prediction challenge, wherein groups of attendees were tasked with making a 
data-driven approach to predict CO2 fluxes between the oceans and the atmosphere. The 
results of this hackathon will be published in a forthcoming collaborative publication in 2020. 
 
The main workshop (October 3rd to 4th) featured six invited speakers, two poster sessions of 
submitted papers and short spotlight talks by several early-career scientists whose papers were 
judged to be outstanding. 
 
Invited speakers covered many topics from across the spectrum of climate informatics: Pascale 
Braconnot opened the workshop with an overview of long-term climate variability followed by 
Michael Ghil as a pioneer of nonlinear dynamics in climate sciences. The afternoon of the first 
day moved from a causal discovery lecture by early-career scientist Marlene Kretschmer to 
novel hybrid machine learning approaches for climate modelling by Pierre Gentine. On the 
second day, Sebastian Engelke introduced extreme value theory and the workshop was closed 
by Turing award winner Yoshua Bengio with a talk on AI and the Climate Crisis. 
 
We would like to thank many people on the organizing committee, at the Institute Pierre Simon 
Laplace (IPSL) and at École Normale Supérieure (ENS), whose hard work was crucial for the 
success of the workshop.  
 

https://codalab.org/


 

   
 

 

   
 

iv 

First and foremost, we would like to thank the steering committee for years of leadership and 
funding efforts that have ensured continuity of the workshop: Claire Monteleoni, Imme Ebert-
Uphoff, Eniko Szekely and Doug Nychka. 
 
The chairs of the program committee, Chen Chen and Anastase Charantonis, did a fantastic job 
of not only orchestrating the paper reviews but also organizing these proceedings and countless 
other tasks.  
 
Communications chair Soukayna Mouatadid did a wonderful job advertising the workshop and 
communicating with attendees and registrants.  
 
Travel chair Sophie Giffard-Roisin was instrumental in securing and coordinating travel funding 
for the young researchers and we were able to offer 10 travel awards this year. 
 
We thank Julien Le Sommer, Anna Sommer and Redouane Lguensat for their work on the 
Hackathon. 
 
The 58 members of the program committee provided thorough and rapid reviews of the 
submitted papers, and we thank them for volunteering so much of their time to do so. 
 
We want to thank our local chair Olivier Talagrand for being instrumental in securing the 
prestigious location and help up organise locally. We also deeply thank Christina Auguste-
Charlery and Catherine Michaut at IPSL as well as Hélène Rouby and Ouissem Trabelsi at ENS 
for their logistical help and administrative support. 
 
We thank Dorit Hammerling for being our science contact at NCAR and allowing for the 
publication of this NCAR proceedings. 
 
Finally, we would like to thank our sponsors. Firstly, ENS provided the salle Jean Jaurès, which 
often hosts major cultural and scientific events. IPSL’s administrative support was indispensable 
and travel grants were sponsored by the Michael Stifel Center Jena, NCAR, and the Artificial 
Intelligence Journal. Finally, Microsoft generously sponsored the hackathon and workshop and 
also provided prizes for hackathon winners. 
 
The move to hold the conference in Europe was, we feel, an important step since CI 2019 was 
the first time the event was hosted outside the United States, emphasizing the growth of the 
international community. 
 
The other important takeaway is, based on the feedback we received, that the community has 
grown to the point that the length and scope of the Climate Informatics meetings warrant its 
transition to a longer conference.  
 
Next year’s CI2020 will be in Oxford, hosted in the historical university’s examination schools. 
 
We are excited about the future of the CI workshop and CI community and we look forward to 
many coming years.  
 
CI2019 Workshop Co-Chairs,  
Jakob Runge and Julien Brajard  
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Workshop Location 

 

The workshop was held for the first time outside the United States in Paris at École Normale 

Supérieure, located directly in the center of Paris in the former premises of the Cinémathèque de 

Paris. 
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Workshop Group Photo 
 
 
 
 
 
 

 
  



 

   
 

 

   
 

xi 

Workshop Agenda 
 
 
 

Wednesday 2nd October 2019                                         Hackathon day  

09:30 - 10:00 :  Welcome coffee 

10:00 - 10:45 :  Schedule of the day and introduction to the challenge  

10:45 - 11:00 :  Team finalization - technical question 

11:00 - 12:30 :  Teamwork 1 

12:30 - 13:30 :  Snack 

13:30 - 15:30 :  Teamwork 2  

15:30 - 16:00 :  Pooling of progress  

16:00 - 16:30 :  Coffee break 

16:30 - 18:00 :  Teamwork 3 

18:00 - 18:30 :  Conclusions - next steps 

  

 

Thursday 3rd October 2019                                           Workshop Day 1 

08:30 - 09:00 : Registration and welcome coffee 

09:00 - 09:15 : Welcome and intro 

09:15 - 10:15 :  Invited talk - Pascale Braconnot: Investigating long term climate variability and 

changes with Earth System models 

10:15 - 11:15 :  Invited talk - Michael Ghil: Low-Frequency Climate Variability: Markov Chains 

and Nonlinear Oscillations 

11:15 - 13:15 :  Lunch break 

13:15 - 13:30 :  Sponsor talk - Jennifer Marsman: Microsoft AI for Earth talk 

13:30 - 14:30 :  Invited talk - Marlene Kretschmer: Assessing teleconnection pathways with 

causal inference techniques 

14:30 - 15:30 :  Poster session #1 - Coffee served (see here the repartition of the posters) 

15:30 - 16:30 :  Invited talk - Pierre Gentine: Hybrid modeling: best of both worlds? 

16:30 - 18:30 :  Free time + optional labeling session for the ClimateNet project  

18:30 - 21:00 :  Reception 
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Friday 4th October 2019                                               Workshop Day 2 

08:30 - 08:45 :  Registration 

08:45 - 09:45 :  Highlight talks 

08:45 - 09:05 :  Eniko Szekely - A direct approach to detection and attribution of climate change 

09:05 - 09:25 :  Ibrahim Ayed - Learning the hidden dynamics of ocean temperature with Neural 

Networks 

09:25 - 09:45 :  Jussi Leinonen - Generative Adversarial Network for Climate Data Field 

Generation 

09:45 - 10:15 :  Coffee break 

10:15 - 11:15 :  Invited talk - Sebastian Engelke: Graphical models and causality for extreme 

events 

11:15 - 13:15 :  Lunch break 

13:15 - 14:15 :  Invited talk - Yoshua Bengio: AI and the Climate Crisis 

14:15 - 15:15 :  Poster session #2 - coffee served (see here the repartition of the posters) 

15:15 - 16:15 :  Highlight talks 

15:15 - 15:35 :  Christian Reimers - Using causal inference to globally understand black box 

predictors beyond saliency maps 

15:35 - 15:55 :  Pierrick Bruneau - Computing flood probabilities using Twitter: application to the 

Houston urban area during Harvey 

15:55 - 16:15 :  Jorge Baño-Medina - The importance of inductive bias in convolutional models 

for statistical downscaling 

16:15 - 16:35 :  Hackathon feedbacks 

16:35 - 16:40 :  Conclusions and final announcements, group photo 

18:00 - 18:30 :  Meeting point for the boat tour 

18:30 - 19:45 :  Boat tour 
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Invited talks  
 
 
 

Pascale Braconnot  
LSCE-IPSL, unite mixte CEA-CNRS-UVSQ, Université Paris-Saclay, France 
  
Investigating long term climate variability and changes with Earth System models 
  
Climate models, called Earth System Models, coupling ocean, atmosphere, land surface 
and sea-ice components though the energy, the water and biogeochemical cycles, have 
become key resources to understand how the climate works and evolved in response to 
natural or anthropogenic forcing. The sciences questions to be addressed now are not 
limited to the mean climate changes. They require being able to explore climate trends, 
variability or extremes at the global or regional scales, as well as the interactions 
between climate and the environment.  In this presentation I will first provide an overview 
of some of the questions and the need for simulations with increased model complexity, 
improved resolution, longer integration and with several members. Then, using 
Holocene snap shot or transient (the last 6000 years) climate simulations I will illustrate 
some of the challenges behind long term simulations designed to understand climate 
feedbacks, the linkages between changes in the climate mean state and variability, or 
the ability to represent climate variations outside the modern range. This will also include 
some thoughts on model development and tuning, and the use of new methodologies, 
based on entropy and graph theory to guide the analyses.  
  
 
 

Yoshua Bengio  
Mila, Department of Computer Science and Operations Research, Université de 
Montréal 
  
AI and the Climate Crisis 
 
AI is moving out of universities and into society, which gives a new social responsibility 
to AI researchers. Climate change is the biggest crisis that humanity is currently facing. 
Machine learning is not guaranteed to help tackle this crisis – but it can help. From 
optimizing energy forecasting to synthesizing new molecules for batteries and improving 
crisis response, there is a plethora of ways in which ML can be used for both mitigation 
of and adaptation to the climate crisis. The presentation will discuss in more detail 
climate-related projects at Mila and elsewhere, including work on synthesizing new 
materials and on visualizing the effects of climate change. 
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Pierre Gentine 
Department of Earth & Environmental Engineering, Earth Institute, Data Science 
Institute, Columbia University 
  
Hybrid modeling: best of both worlds? 
  
In recent years, we have witnessed an explosion in the applications of machine learning, 
especially for environmental problems. Yet for broader utilization, those algorithms may 
need to respect exactly some physical constraints such as the conservation of mass and 
energy. In addition, environmental applications (e.g. drought impact) are typically 
focusing on extremes and basically on out-of-sample generalization. This can be a 
problem for typical algorithms, which typically interpolate very well. I will here show how 
a hybridization of machine learning algorithms, imposing physical constraints within 
them, can help tackle those different issues and offer a promising avenue for 
environmental applications and process understanding.  
  
 

Marlene Kretschmer 
Potsdam Institute for Climate Impact Research, University of Reading 
  
Assessing teleconnection pathways with causal inference techniques 
  
Teleconnections refer to recurrent large-scale pressure patterns with low-frequency 
variability, connecting far-away geographical regions. They reflect modifications of 
atmospheric circulation affecting e.g. the position of the jet stream, storm track intensity 
or Monsoon strength and thus have a strong impact on our weather. However, extracting 
the physically relevant teleconnection pathways from observation or model data remains 
challenging. One major issue is to separate the signal from the noise given large internal 
atmospheric variability. This is compounded by varying dimensions in space and time 
and competing effects of different processes. Here, we discuss how novel data-driven 
causal methods beyond the commonly adopted correlation techniques can help to 
overcome some of these current limitations. We give an overview of causal inference 
frameworks and identify promising application cases common in climate science. 
  
 

Michael Ghil 
Ecole Normale Supérieure, Paris, and University of California, Los Angeles 
  
Low-Frequency Climate Variability: Markov Chains and Nonlinear Oscillations 
  
Two complementary ways of describing, understanding and predicting intraseasonal 
atmospheric variability have been proposed, episodic and oscillatory (Ghil & Robertson, 
PNAS, 2002). Recent progress in the methodology and results of these two approaches 
will be presented for subseasonal-to-seasonal (S2S) variability (Ghil et al., in Robertson 
& Vitart, Eds., Elsevier, 2018). 
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Sebastian Engelke 
Research Center for Statistics, University of Geneva 
  
Graphical models and causality for extreme events 
  
Climate extremes such as heat waves, heavy rainfall or flooding attract an increasing 
attention by researchers and the public. The accurate statistical assessment of the small 
occurrence probabilities of such rare scenarios is based on extreme value theory. We 
will first give a short introduction to this theory and the well-established tools used for 
univariate data. Many practical questions however concern many variables at the same 
time. Climate scientists observe an increasing risk of compound events due to a 
combination of different variables, such as wildfires caused by low precipitation and 
extreme heat. Similarly, the flood risk of a river catchment depends highly upon the 
network structure and whether floods at different locations occur simultaneously or 
independently of each other. Recent advances in extreme value theory therefore 
concentrate on the dependence between rare events in complex multivariate or spatial 
systems. 
  
Graphical models have recently been seen to be powerful tools for the analysis of such 
complex extreme events. We will present several methods to estimate underlying graph 
structures in a data driven way. This provides sparse and interpretable statistical models 
even in higher dimensions which can be easily communicated to practitioners. Directed 
graphical models are also the basis for causal inference. Causality for extremes is a hot 
topic at the moment with many applications, including the detection of causes for climate 
extremes. In the framework of linear structural equation models with heavy-tailed noise 
variables, we will present a computationally efficient algorithm to discover causal 
mechanisms that manifest in the extreme values of the data. 
  
 

Jennifer Marsman 
Microsoft, Microsoft AI for Earth 
  
Microsoft AI for Earth 
  
In this brief session, you will learn about Microsoft’s $50 million USD investment in AI for 
Earth grant funding, as well as an example of how a grant recipient is using this program 
to combat climate change.   
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AUTOMATISING AGE-DEPTH MODELLING FOR SPELEOTHEMS

AUTOMATISING CONSTRUCTION AND
EVALUATION OF AGE-DEPTH MODELS FOR

HUNDREDS OF SPELEOTHEMS
Carla Roesch1, Kira Rehfeld1,2

Abstract—Speleothems, mineral cave deposits, provide

high resolution information of water stable isotope ratios

for the reconstruction and understanding of past climates.

Crucial to the use of these proxy records is the associated

time, which is obtained via absolute dating and age-depth

modeling. Age-depth modelling approaches of varying

complexity have been established in the literature, but

often no information on techniques and software used,

or estimates of age uncertainty, are given. Case-by-

case manual adjustment, as is customarily done, would

be forbiddingly time consuming for the target number

of 600+ records. Therefore, we aim to automate the

process of constructing, comparing and evaluating several

age-depth modelling approaches to present transparent,

reproducible and reliable Monte Carlo ensembles of age-

depth models with age uncertainties. In this work we

present the successful evaluation of a complex subset of

88 speleothem records with “well-behaved” constant and

continuous growth, variable growth rates, age outliers as

well as growth interruptions. We obtained sufficient and

acceptable age-depth models for all but six records, which

is promising.

I. MOTIVATION

Major changes in Earth’s climate are recorded in
paleoclimate archives such as speleothems (mineral
cave deposits), corals, sediments, ice cores, tree rings
and pollen. This paleoclimate data provides quantitative
information on the Earth system response to changes
in external forcings. Proxy measurements from such
archives are used to date, investigate and understand
the consequences of these changes on temperature,
sea levels, precipitation or atmospheric patterns. These
resulting changes in paleoclimate inform about multi-
centennial to millennial baseline variability, against
which the recent changes can be compared to assess

Correspondence: croesch@iup.uni-heidelberg.de,
krehfeld@iup.uni-heidelberg.de 1Institute of Environmental
Physics, Heidelberg University, Germany 2Interdisciplinary Center
for Scientific Computing, Heidelberg University, Germany

whether or not they are unusual [1]. Thus, paleoclimate
data is fundamental for understanding future climate
and evaluating climate model abilities for projections.
Reliable age information is crucial and basic infor-
mation for investigating past climate. However, often
techniques and software for constructing age models are
not documented, data provided is incomplete, and age
uncertainties remain undetermined [2]. Multiple age-
depth modelling approaches of varying complexity have
been commonly used. However, there is no standard
approach for constructing the growth vs. time relation
and no universal method of estimating uncertainties.
Thus, reproducibility and reliability of age estimates is
often not given.
We work with a comprehensive quality-controlled
global compilation of stable isotope records from
speleothems spanning large parts of the late Pleistocene.
Original chronologies, stored in the database, were
based on a variety of, sometimes unknown, modelling
approaches. For the vast majority of records there is
no information on age uncertainty. Our aim is to con-
struct, compare and classify different age-depth models
for each record, to give a recommendation on which
approach to use as reference. Monte Carlo ensembles
than allow to integrate age uncertainties for time-series
analyses.

II. DATA & METHOD

Speleothems are mineral cave deposits such as sta-
lagmites or flowstones [3]. Absolute age estimates,
so-called radiometric ‘dates’, can be obtained with
high precision using methods based on radioactive
decay measurements. In this work we focus on records
dated through Uranium-series dating, based on the
accumulation of Uranium-daughter products. Knowing
the abundance of the naturally, within the material,
occurring radioactive isotope, its decay products and it’s
half-life, age estimates can be obtained. To calculate
the age estimates it is assumed that the carbonate

1
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remains a closed system throughout the accumulation
process. However, in reality, the system doesn’t re-
main perfectly closed and measurement uncertainties
arise from debris inclusions during the speleothem’s
growth. These measurement errors are considered to be
Gaussian distributed. For the dating process, samples
are taken at discrete depths of the speleothem, where
the top is generally considered the youngest part of the
speleothem (see Fig. 1 left). Additionally, a speleothem
is screened for changes in colour and fabric (crystal
structure) along the growth axis, which could point at
breaks in the speleothem’s growth (hiatuses).
Closely spaced measurements of stable oxygen and car-
bon isotopes in the calcite or aragonite matrix, which to
first order represent changes in the isotopic composition
of the above-cave precipitation, make speleothems good
paleoclimate archives.
Advances in mass spectrometry allow for more frequent
dating, but the temporal resolution of proxy samples
remains generally higher. Thus, age-depth modelling is
required to infer age estimates between adjacent dates
(see Fig. 1 right).

The SISAL (Speleothem Isotope Synthesis and
Analysis) database v1b [5], [6] is a compilation
of 438 carefully screened, globally distributed
speleothem stable isotope records covering much of
the late Pleistocene. The SISAL working group is
a international working group under the auspices of
the Past Global Changes programme1. 350/438 of
the dates are based on U-series dates. The SISAL
database [5], [6] provides the data used for constructing
the original chronology of the stable isotopes records,
including dates that were not used in the original
age models. Approaches, which were adapted to the
only physical constraint, namely positive semi-definite
growth rates, of varying complexity (e.g. linear
interpolation, linear regression, etc.) were used for
these original chronologies. 20/438 records had no
published age model and only 81/438 of all data sets
contain estimates of uncertainty of the age model.
Here, we apply six different age-depth modelling
techniques to a subset of records with some complexity.
We compare and evaluate their suitability for version
2 of the database, where they should provide a
reproducible, transparent median age-depth model
with confidence intervals derived from Monte Carlo
ensembles and (ideally) also the associated Monte Carlo
based ensembles of possible age-depth relationships.

1PAGES: http://pastglobalchanges.org

We use the open source statistical software R [7] for
evaluating and implementing the models. The methods
included are:
Linear regression (further denoted lR), linear
interpolation (further denoted lI) (e.g. as tested in
[8]), COPRA [9] and a fitting approach available as
R function compilation StalAge [10]. These four
methods generate Monte Carlo ensembles from a
Gaussian distribution and interpolate between adjacent
dates. However, StalAge interpolates by fitting error
weighted straight lines through sub-sets consisting of
three adjacent data points (see [10]).
Two Bayesian approaches available as R packages are
tested: a gamma autoregressive semiparametric model
rbacon [11], [12] and Bchron [13], [14], a method
based on a continuous Markov monotone stochastic
process.
All methods determine uncertainties and median ages
based on Monte Carlo ensembles initially generated
when running the age-depth model.
Bchron, lI and StalAge cannot deal with hiatuses
(However: about 20 % of the records have one or
multiple growth interruptions), therefore artificial
hiatus dates are added to the input data, with an
uncertainty spanning from the date prior to the hiatus
to that below the hiatus.
lI and StalAge require the identification and
resolution of non-tractable reversals; we do not delete
the dates (that would require a choice of which date
to remove, as there are often multiple ways to resolve
reversals), but increase uncertainties at the inconsistent
ages.
COPRA is Matlab-based with a graphic user interface.
In standard implementation it cannot be automated.
Therefore, too few COPRA chronologies are currently
available for a comparison.

For testing the algorithm and methods we divided
the database in subsets based on the difficulty and
complexity. Major challenges arise through hiatuses
and reversals (reversed dates of the speleothem
which would, if correct, imply physically impossible
backwards growth; see Fig. 1). A tractable reversal is
present if the 2-sigma dating uncertainties of the two
involved dates overlap; else the reversal is considered
non-tractable [9]. We distinguished four classes:

(i) Records that run without any additional manipu-
lation: at most tractable reversals, no hiatuses, U-
series dates

(ii) Records that at most consist of tractable reversals,
only include U-series dates but have at least one

2
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Fig. 1: Illustration of speleothem dating and age modelling for entity ID 63. Left: The top of the speleothem
is the youngest part. At discrete depths samples are taken and dated using a radiometric method (U-series
dating). Changes in colour and/or fabric (crystal structure) of the speleothem can hint at possible hiatuses
(growth breaks/gaps). Right: An age-depth relationship is constructed using reliable dates (crosses). Triangles
represent additional dates that were not used. The age-depth model (black solid line) provides age estimates
between radiometric dates for the proxy measurements. Green circles mark tractable reversals (reversed speleothem
growth). Image from ref. [4].

hiatus
(iii) Any record that is not U-series dated
(iv) Records that cannot be evaluated, since they have

too few or poor inconsistent dates (i.e. non-
tractable reversals)

The algorithm used to evaluate the database and
construct the age-depth models has to flexibly handle
inaccuracies in the underlying data, varying inputs for
different methods and test compatibility of method and
data:

Step 0: Screen database for all records containing at
most tractable reversals, U-series dates and at least 3
dates.

Step 1: For each record selected in step 0:
1) Read in and cast data. Check correction mask if

any modifications of the database version are re-
quired (missing events: i.e. actively forming event,
hiatus, duplicated depths).

2) For each method:
a) Scan the input data for tractable reversals and

hiatuses.
b) Adjust the input data: for lI, Bchron and

StalAge add artificial hiatus ages; for lI
increase uncertainties at the inconsistent dates
(following [10], [9]).

c) Save the modified input data.
d) Execute the age-depth model:

If the age depth model was successfully exe-
cuted:
(i) Save the Monte Carlo ensembles (if avail-

able).
(ii) Determine the median age and quantiles;

3
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Fig. 2: Left: Age-depth models of entity ID 63 for six methods including the original chronology (here: COPRA).
Used dates are marked by black crosses, orange crosses denote the artificial hiatus dates for lI, Bchron and
StalAge. Right: Interquartile ranges (IQR) for the age model uncertainty. Dotted black lines representing dating
depths, and dashed orange lines marking hiatuses.

save the chronology.
3) Plot an overview plot showing the full available

age information for each record: age-depth models
including all available data (Fig. 2 left) and age
uncertainties (Fig. 2 right).

4) Catch errors thrown during the execution of step
1, save to an error file.

5) Age models that did not run for individual records
were marked as FALSE in a separate output file
to simplify the final evaluation and comparison of
the different methods (step 3).

Step 2: Update the chronology table with the
successfully executed age-depth models.

Step 3: Evaluate the chronology table (see Sect. 3);
accept or reject (set chronology to NA) the age-depth
model.

III. EVALUATION

We devised four checks to evaluate the age models:

Check 1 (necessary): No reversals - growth rates
are to be positive or zero – speleothems don’t grow
backwards.
Check 2 (sufficient): Flexibility - the age model
is to follow clear growth rate changes.
Check 3 (sufficient): Uncertainty increases be-

tween dates and at hiatuses - in the absence
of information, uncertainty about the true depth
relation should not decrease.

Check 4 (sufficient): Increasing absolute uncer-

tainty with age - the older the sample the larger
the age uncertainty should be.

Passing the first criterion needs to be fulfilled for any
working age model. The remaining criteria determine
the rank of the age model, they are sufficient but not
necessary.
Our test subset comprised 88 records, which included
speleothems with ’well-behaved’ constant and contin-
uous growth, some with variable growth rates, with at
least one age outlier as well as at least one hiatus.
For cases where the age model did not run, it was set to
a score of �1. An age-depth model that is not reversal
free (i.e. fails check 1) scores 0 (i.e., it fails). An age
model that had positive semidefinite growth-rates, but
failed the remaining criteria, scored 1. Each additional
criterion passed gives an additional point.
For most (82/88) entities, at least one acceptable age

model could be obtained (Fig. 3). For lR reversals
appeared for short hiatuses and insufficient input data
around them.
lI, Bchron, StalAge and rbacon each failed to
run for a few records, but did not produce reversals.
The failed runs are due to too many tractable reversals
or too few dates available between hiatuses. For a large
number of entities the evaluation plot shows that they
met multiple criteria (dark blue), and acceptable age
models can be obtained.
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Fig. 3: Quantification of the evaluated age-depth model
approaches (x-axis) for 88 entities (y-axis) with hiatuses
and outliers. Black (-1) marks cases where the model
did not run. Age-depth models that failed with reversals
in the median output were marked as red (0). Shades
of blue (1-4) represent age models that at least passed
this necessary criterion. The darker the shade of blue
the more sufficient criteria were met. The green arrow
marks the sample core entity ID 63.

IV. DISCUSSION, CONCLUSION & OUTLOOK

Investigating the behaviour of each method regard-
ing single sufficient criteria, it became apparent that
StalAge is not flexible enough to properly react to
changes in the speleothem growth rate. Further, absolute
uncertainties do increase with depth, but not between
dates and only at few hiatuses, even with introduced
artificial hiatus uncertainty. rBacon, Bchron and lI
appeared most robust regarding age uncertainties: they
generally increased with depth and in the absence
of information (between dates and at hiatuses). Our
solution of adding artificial hiatus dates to the dating file
appeared to work well, as the IQRs at hiatuses increased
as desired. However, the current workflow around lI
failed for many tractable reversals, as only for 60 % of
the subset an age-depth model was obtained. Therefore,
a method to filter and consequently delete individual
dates from the modelling process will be required.
For a difficult subset of 88 speleothems from the SISAL
database [5], [6] we were able to construct at least
one working age-depth model for all but six records.
This suggests that it will be possible to construct
working age-depth models for most of the records.
Our extension of lI, Bchron and StalAge for
dealing with hiatuses showed promising results, as
uncertainties around the growth interruptions increased,
but no reversals were produced. We found that even

small inconsistencies and inaccuracies in the present
version of the database could lead to failed age-depth
models, and had to be caught, verified with the original
reference, and fixed. Additional screening and expert
evaluation of the final chronologies will therefore be
conducted, which will also allow the cross-checking of
our automated approach. This underlines that dealing
with large palaeoclimate datasets requires careful and
flexible approaches.
Apart from U-series dated ages, radiocarbon dated
records are also included in the SISAL database. These
records require special treatment, since in a first step the
radiocarbon ages have to be calibrated using different
calibration curves depending on the extraction region
and the time period it covers. For some records, with
high scientific value and complex age models that could
not be considered in the automated routine, tailored age
models will be added.
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RELIABLE PATTERN EXTRACTION FOR
CLIMATE DATA
James Fulton1, Gabriele Hegerl1

Abstract—We propose a method to quantitatively test

the ability of latent variable models to recover underlying

climate modes by using climate-like synthetic data. We

develop methods to generate the synthetic data and find

that the most common way of extracting modes, empirical

orthogonal functions, also known as principal component

analysis, performs worse than two more modern methods

in 181 out of 182 cases tested. Interpretations of the modes

found by the two more modern methods would be more

correct both qualitatively and quantitatively.

I. MOTIVATION

Our climate is a highly variable and chaotic system.
However, out of the chaos we observe emergent patterns
that repeat. These are referred to as climate modes.

Our understanding of climate modes is dependent
on our ability to extract these physically relevant pat-
terns from observations and climate simulations. These
modes can have global effects, such as the El Niño
Southern Oscillation (ENSO) which has a worldwide
impact, or more localised effects such as the Indian
Ocean Dipole (IOD). Once discovered, these modes are
used further in teleconnection studies [1], in attribution
studies [2], and in future forecasts [3], [4].

One of the major tools which is used to extract
patterns is empirical orthogonal functions (EOFs) [5],
also known as principal component analysis (PCA). The
spatial vectors, principal components (PCs), returned by
this method are often interpreted as if they represent a
single physical process in the climate, such as ENSO,
which is sometimes described by two PCs [6]. Modes
such as ENSO are well established physical processes
and the PCs are often used merely to back them up
or visualise them. However, different modes, with less
understood mechanisms, such as the Pacific Decadal
Oscillation (PDO) [7], often rely on their PC to validate
their existence and direct the search for their mecha-
nism.

Corresponding author: J. Fulton, james.fulton@ed.ac.uk
1School of GeoSciences, University of Edinburgh

Along with the spatial vector, there is a time series
associated with each of these modes, known as its
index. The PDO is often defined spatially by a PC and
in time by an index.

Although PCA as a tool is maximally efficient in
compressing data and capturing as much variance as
possible with any reduced number of dimensions, in-
terpreting these modes or using them as evidence to
support a climate mechanism can be misleading [8].

One of the major issues with PCA, often discussed,
is that the modes returned are orthogonal, whilst modes
of the climate system are most certainly not. Often this
is assumed to mean that the first few modes returned
by PCA are correct, but later modes, as they are
constrained to be orthogonal to the earlier ones, don’t
represent physically coherent patterns. This interpreta-
tion is misleading, and in fact even the first PC can’t
capture the true underlying modes if the system modes
are non-orthogonal.

This is a significant problem, which is shared by
other methods of mode discovery in climate, such
as extended EOFs. PCA can easily find the optimal
plane for a lower dimensional subspace, but it cannot
correctly identify the direction of modes on this plane.
This is to be expected as PCA does not take into
account any of the time correlation information in the
data. In fact, the same PCs are returned if a series
of climate measurements are permuted in time than if
they are not. This means the PCA algorithm essentially
discards this information. It is interesting to note that
when interpreting the PCs recovered, we use physical
mechanisms and reasoning which rely on time ordering,
and yet the modes we try to interpret are discovered
using a method which disregards this.

There are many latent variable models (LVMs) which
take data and, with a various sets of constraints and
optimisation objectives, often including the use of time
order information, project the data onto a reduced
dimension. In this paper we suggest alternative, more
promising methods to PCA, propose a framework to
create climate-like synthetic data and test the methods
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on generated datasets.

II. METHOD

Synthetic data. Generating realistic data should be
an integral part of testing any LVM. When analysing
climate measurements we may only have a few periods
of the lowest frequency modes, this further complicated
by having missing observations and inhomogeneous
data.

Even when using the output of climate simulations,
where we have complete information on the state of the
system at any time step, there exists no ground truth of
climate modes to which we can compare. Therefore,
we should be sure that the methods we employ to
extract these modes perform reliably in synthetic cases
where there truly are underlying coherent modes which
are maximally similar to our beliefs about climate
observations and simulations.

We generate modes such as those in the first column
of figure 1 using a draw from a squared exponential
(SE) covariance kernel function [9] with distance quan-
tified by great-arc length. This allows us to encode the
assumption that any climate modes, such as surface
temperature or sea level pressure, have spatial corre-
lation structures based on globe surface distance. This
also gives us the ability to choose the spatial scale of
correlations. We chose to use a length-scale of 30�.
By controlling the draw from this kernel we can also
generate patterns which are spatially sparse, as in figure
1 row (c) , and spatially dense, as in rows (a) and (b).

We can generate an index time series by simulating
a SARMA process. The SARMA time series model
is a stochastic model often used to describe climate
data [5]. Together these methods give us modes which

are linear, but spatially and time correlated, and having
correlation statistics which are easily tuned. We project
the spatial modes v

(i)(x, y) along with their index
z

(i)(t) to give the projection of each individual mode
D

(i)(x, y, t) = v

(i)(x, y) z(i)(t) and sum many of these
projections to create a mixed mode dataset X(x, y, t) =P

iD
(i)(x, y, t). We add space-time correlated noise to

the data in a similar way.
We can also generate non-linear modes by extending

the kernel function into the time dimension. By taking
the product of the original spatial kernel with an SE
time covariance function we can create modes which
move back and forth along a non-linear path between
two extremes. If we use a periodic time covariance
function, then we can simulate processes which are
non-linear and loop, such as a hysteresis mode. This
is very appropriate for curves which grow and shrink
along different pathways, which is likely the case for
most climate modes. We can also generate moving wave
modes, like the the Madden–Julian oscillation [10], by
creating a linear spatial mode and rotating it on the
surface of the sphere with time.

If the mode is non-linear in one of these ways then
the space and time components cannot be factored out,
therefore we express the projection of the mode as
D

(i)(x, y, t) = v

(i)(x, y, z(i)(t))
Quantifying matches. We have chosen the metric

described in equation (1) to quantify the match of the
discovered modes to the generated modes. Here we use
an overline, A of any matrix, A, to indicate its time
average. We also use bA to indicate a quantity A already
described but discovered by an LVM. For example bv (i)
�
bz (i)
�

would be a spatial mode (index) discovered by
an LVM.

mij =
1

N

(D (i) �D

(i)) · ( bD (j) � b
D

(j))

( 1
ND

(i) ·D(i) �D

(i) ·D (i))1/2( 1
N
b
D

(j) · bD (j) � b
D

(j) · bD (j))1/2
(1)

where A · B denotes the Frobenius inner product
between A and B.

This metric is generalised such that it can be used
whether the generated mode and the discovered mode
are linear or non-linear or a mixture. It simply relies
on the ability to perform an independent projection of
each mode.

In the case where both the generated mode and the
discovered mode are linear then this metric is identical
to

mij =

 
1

N

(z(i) � z

(i)) · (bz (j) � bz (j))

�

(i)b� (j)

!⇣
v

(i) · bv (j)
⌘
,

(2)
where �

(i) is the variance of z

(i) and because the
spatial vectors are normalised this is also equal to the
variance of the projection D

(i).
This metric is simply the correlation coefficient of

the two index time series multiplied by the dot product
of the spatial vectors. This makes the metric of choice
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highly interpretable in the simple case and highly gener-
alised for more complex, non-linear cases. This metric
gives a maximum value of unity when the projections
are perfect and a minimum value of zero when the
projections are orthogonal.

Following this, testing any method of mode discovery
is straight forward. We generate modes and their associ-
ated time series using the methods described above, mix
them together additively, fit the LVM and then quantify
the matches. We will have multiple generated modes
and multiple discovered modes which require matching.
This is accomplished via greedy one-to-one matching
using the match metric matrix (equation (1)) to create
a set of matches {(in , jn)}.

Test cases. Under the described testing procedure
we test different realisations of synthetic climate to see
how each LVM deals with different features. We can
consider how each method performs when all of the
generated modes are linear, or when some of them are
non-linear. We can consider how sensitive each method
is to different levels of noise added to the data or
whether it is confounded by having variance dominated
by a single mode.

We devised the following test cases, where we gen-
erated 30 (32 | 60) datasets for test cases 1–3 (4 | 5)
each with multiple modes, and each mode and index
pair consisting of 7008 spatial points and 14400 time
measurements.

Test case descriptions:
1) 8 dense linear generated modes each with equal

variance. Low level of noise.
2) 4 dense and 4 sparse linear generated modes each

with equal variance. Low level of noise.
3) 8 dense linear generated modes, one with variance

multiple times larger than the rest. Low level of
noise.

4) 8 dense linear generated modes each with equal
variance. Various high levels of noise.

5) Number of modes chosen from a Poisson distribu-
tion with peak at 9 and an enforced minimum of
5. Mixture of linear and non-linear modes where
type is randomly drawn. Variance of each mode
drawn from a wide beta distribution. Level of
noise also drawn from beta distribution.

To allow for further summarisation we devise the
two summary metrics for the overall performance of
an LVM on a single dataset from one of the above test
cases. These are M the mean of the match metrics mij

across the set of one-to-one matches, and M� which
is the variance weighted mean of one-to-one matches
given below.

M� =
1

PN
k=1 �

(k)2

NX

n=1

minjn�
(in)2 (3)

Latent variable models. The methods we have
chosen to test are PCA, slow feature analysis (SFA)
[11], dynamic mode decomposition (DMD) [12] and a
baseline model.

We chose SFA and DMD because they both utilise
the time correlations in the data and can both be used
to return linear modes. They therefore have a much
better chance at capturing the correct modes and also
present easy alternatives to fit into the standard climate
analysis workflow. SFA aims to find the slowest varying
modes and DMD aims to find modes which evolve
independently.

The baseline model is essentially projection onto a
blind guess of the modes. To generate the modes of this
model we take dense draws from an SE spatial kernel
function with length-scale of 30�. To find the time index
for these ‘discovered’ modes we project the generated
mixed dataset X onto each spatial vector bv(i).

III. EVALUATION

SFA and DMD significantly outperformed PCA
(EOFs) in finding the correct generative modes under
all of our test cases.

Overall, out of 182 datasets, SFA scored highest
under M� in 162 cases, DMD in 19, and PCA in 1.
Out of 1456 modes across all datasets, SFA had the
highest one-to-one match metric for 1177 modes, DMD
for 274, and PCA for 5.

SFA and DMD scored higher than the baseline model
under M� in 100% of datasets, and PCA beat the
baseline in 96% of datasets. SFA found better one-
to-one matches than the baseline for 100% of modes,
DMD beat the baseline for 99% of modes and PCA
beat the baseline for only 36% of modes.

SFA and DMD performed better whether the modes
were all linear and dense, or a mixture of dense and
sparse; whether the set of modes forming a dataset
was complicated by having non-linear modes, or high
amounts of noise, or having a mixture of all of these
features. This is shown in the median summary metrics
across test cases in table I.

An example of generated modes and the modes
discovered by PCA, SFA and DMD is shown in figure
1. These three modes are taken from a typical dataset
from test case 2. Row (a) of the plot shows a mode
where PCA has failed to capture the positive area over
South America and the negative areas in the pacific. It
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TABLE I: The median non-weighted, M , and variance weighted M�, match metrics across all generated datasets
for PCA, SFA and DMD across the five test cases. In the test cases where the variances are all equal M = M�.

test case 1 test case 2 test case 3 test case 4 test case 5
M = M� M = M� M M� M = M� M M�

Base 0.248 0.247 – – – 0.202 0.225
PCA 0.318 0.320 0.395 0.651 0.270 0.342 0.379
DMD 0.682 0.702 0.791 0.878 0.613 0.551 0.623
SFA 0.814 0.821 0.848 0.915 0.639 0.602 0.664

has also exaggerated the positive areas over Australia
and the Middle East. If this behaviour were to occur
whilst analysing measurements of the real climate then
they could be misinterpreted.

Even in row (b) of the figure, the mode for which
PCA achieved its best match in this dataset, both SFA
and DMD still scored higher. In this case PCA narrows
the highly positive region over North America and
misses the positive area over Australia.

The final row of the figure shows a false mode dis-
covered by PCA which is characteristic of the method.
In this case PCA has made a dipole out of what is
really a monopole. This is a feature we saw often in
our results and is similar to the example used in [8],
where they question whether the IOD is in fact a dipole.
This concern could be overcome by using SFA or DMD
which, as shown in this case, can correctly capture
simple monopoles.

IV. CONCLUSION

We presented methods to create climate-like syn-
thetic datasets on which we can test latent variable
models for climate mode discovery. We show, by ex-
periment on these newly created datasets, that the most
commonly used method of extracting climate modes,
principal component analysis, also known as empirical
orthogonal functions, is the least reliable of the methods
tested at uncovering the underlying modes. It was
beaten by the other two methods tested in 181 out of
182 datasets and for 1451 out of 1456 total modes.
We showed that this method, in both a quantitative and
qualitative sense, could lead to the discovery of false
climate modes, which following more analysis could
lead to false proposed climate mechanisms.

We believe that the climate community should adopt
either of the other methods tested, either dynamic mode
decomposition or slow feature analysis, for the purposes
of extracting linear climate modes and perhaps use both
so that discovered patterns can be verified.

Fig. 1: A comparison between three synthetic generated modes and those found using three different methods.
The left column shows the three of the eight modes generated for this dataset. The PCA, SFA and DMD columns
show the mode discovered by each method which best matches the generated mode in the same row. The match
metric as per equation (1) for each match is stated below each subplot. Note that the coastlines are fictitious but
included to act as an eye guide and highlight differences which in real climate data we might try to interpret.
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PREDICTING 3D RADIATIVE HEATING RATE
FIELDS FROM SYNERGISTIC A-TRAIN

OBSERVATIONS COMBINED WITH DEEP
LEARNING TECHNIQUES

Friederike Hemmer1, Claudia J. Stubenrauch1, Sofia E. Protopapadaki2

Abstract—Upper tropospheric clouds strongly influence
the energy budget of the Earth, but the structure of
their vertical heating rate profiles is still poorly known.
This is due to the fact that global observations of
these heating rates are sparse. The active lidar and
radar measurements from CALIPSO and CloudSat as
part of the A-Train satellite constellation provide such
heating rate profiles, but only on narrow nadir tracks
separated by about 2500 km between successive orbits.
The Atmospheric Infrared Sounder (AIRS) on the other
hand provides cloud properties with a large instantaneous
horizontal coverage, but not their vertical structure. In
this study, we train deep learning neural networks with
four years of collocated data, including meteorological
reanalyses, to develop optimized non-linear regression
models which predict these heating rates as a function
of the most suitable cloud and atmospheric properties.
These models are then applied to the full statistics of
more than 15 years of AIRS observations in order to
construct complete 3D radiative heating rate fields which
can be related to the different parts of tropical convective
systems for process and climate studies.

I. MOTIVATION

Clouds play an important role in the global climate
system by altering the net surface radiation and in-
fluencing the diabatic heat budget of the atmosphere
through radiative heating/cooling as well as latent heat
release (e.g. [1], [2]). In particular, Upper Tropospheric
(UT) clouds, which are most frequently observed in
the tropics and represent about 40% of the Earth’s
total cloud cover [3], often form as cirrus anvils from
convective outflow, building mesoscale systems. In a
warming climate, tropical convection will intensify,

Corresponding author: C. Stubenrauch, stuben-
rauch@lmd.polytechnique.fr. 1Laboratoire de Météorologie
Dynamique/Institut Pierre-Simon Laplace (LMD/IPSL),
Sorbonne Université, Ecole Polytechnique, CNRS, Paris, France.
2COOPETIC.

leading to colder convective systems which may include
a larger fraction of thin cirrus within and around the
anvils. The radiative heating of these thinner cirrus
may be critical to cloud climate feedback. However, the
horizontal and vertical structure of the radiative heating
rates is still poorly known which is partly due to a lack
of observation. This study aims to fill some of these
gaps by constructing complete 3D radiative heating
rate fields obtained from combining several satellite
observations and meteorological reanalyses with deep
learning which is an extremely active research area [4]
with a constantly increasing number of applications in
climate science.

The satellite observations used here originate from
the A-Train constellation [5] composed of several satel-
lites equipped with different instruments in a sun-
synchronous polar orbit with local overpass times
around 1:30 AM and 1:30 PM. We will focus on AIRS
aboard the Aqua satellite as well as the Cloud-Aerosol
Lidar with Orthogonal Polarization (CALIOP) aboard
CALIPSO and the Cloud Profiling Radar (CPR) aboard
CloudSat. The good spectral resolution of AIRS leads
to reliable cloud properties, even for thin cirrus. As
a passive cross-tracking instrument it provides a large
horizontal coverage but does not give information on
the vertical structure of the clouds. The latter can be
obtained from the active CloudSat radar and CALIPSO
lidar measurements which are performed only on a nar-
row nadir path, so the coincidence with the passive mea-
surements is limited to narrow nadir tracks separated by
about 2500 km (see upper panel of Fig. 1 for illustra-
tion). To fill the gaps between the orbits and expand the
vertical information over complete cloudy scenes, we
use supervised deep learning based on artificial neural
networks (ANN) to relate the cloud properties retrieved
from AIRS, together with coincident atmospheric and
surface properties from the meteorological reanalyses

12
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Fig. 1. Upper panel: emissivity distribution of UT cloud systems
from AIRS, overlaid with the nadir tracks of the CALIPSO li-
dar/CloudSat radar. Lower panel: illustration of the cloud system
approach.

ERA-Interim [6], to the vertical radiative heating rate
profiles obtained from CloudSat/CALIPSO.

II. METHOD

A. Cloud System Concept

As mentioned above, we are particularly interested in
UT clouds which occur most frequently in the tropics.
Thus, we will focus on the tropical latitude band (30 �N
to 30 �S) in this paper. UT clouds often form as cirrus
anvils from convective outflow and build mesoscale
systems. To study their properties in dependence of the
convective strength, a cloud system concept has been
developed which is based on two independent variables
retrieved from AIRS measurements: emissivity and
height [7]. As a first step, cloud systems are built from
adjacent elements of similar cloud height represented
by a cloud pressure pcloud < 440 hPa. Secondly, the
horizontal emissivity structure allows to distinguish
between convective cores (Cb defined by an emissivity
✏> 0.98), thick cirrus (0.5< ✏< 0.98) and thin cirrus
anvil (✏< 0.5). The lower panel of Fig. 1 illustrates such
a cloud system with its three different cloud types where
the convective core only represents a small portion of
the system. The upper panel presents an example of the
horizontal emissivity structure of these cloud systems.

B. Data

The Aqua satellite carrying the AIRS instrument
has been launched in 2003, hence a 15-year time

series of cloud properties is available (2003-2018)[3].
The retrieved cloud properties are cloud emissivity,
pressure, temperature and height, together with their
uncertainties, derived from eight radiances along the
wings of the CO2 absorption band around 15µm. The
retrieval is based on a weighted �2-method [8]. To
relate adjacent pixels within 2� x 2� grid boxes, 16
weather states have been determined based on a k-
means method applied to histograms of cloud emis-
sivity and pressure as described by [9]. ERA-Interim
meteorological reanalyses [6] are used to obtain surface
and atmospheric properties, including temperature and
water vapor profiles from which the relative humidity
(RH) for ten atmospheric layers is calculated in a
similar way as in [10]. All variables are summarized
in Table I.

The shortwave (SW) and longwave (LW) radiative
heating rate profiles retrieved from the active instru-
ments originate from the CloudSat 2B-FLXHR-LIDAR
product which is provided by the National Aeronau-
tics and Space Administration (NASA) and has been
described by [11] and [12]. CloudSat and CALIPSO
have been launched in 2006. The collocated AIRS-
CloudSat-CALIPSO-ERA-Interim dataset used in this
study comprises four years of data from 2007 to 2010.

C. Algorithm and Experiments

To extend the vertical heating rate structure through-
out entire cloud systems, we develop optimized non-
linear regression models by using supervised deep
learning. The models are trained and tested along the
nadir tracks of the active instruments using the four
years of collocated AIRS-CloudSat-CALIPSO-ERA-
Interim data. We apply the TensorFlow framework and
the Keras program library for python. Our ANN con-
sists of three fully connected layers with relu activation.
The training data set is randomly separated in three
portions as follows: 80% are used for training, 10% for
validation and 10% for testing, stratified by cloud type
and by a day/night flag. We use the mean absolute error
(MAE) between the prediction and the true value along
the track as loss function. The training is performed by
the Adam optimizer.

Two different kinds of sensitivity studies are con-
ducted. On one hand, the effect of varying input
variables is tested. On the other hand, we investigate
how many models have to be developed to optimally
extend the radiative heating rate profiles. This second
set of sensitivity studies is performed to examine if it
is advantageous to separate the training for land and
ocean as well as for different cloud types, since the
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TABLE I
LIST OF VARIABLES.

Clouds
CIRS-AIRS cloud properties ✏cloud, pcloud, Tcloud

Cloud retrieval uncertainties d✏cloud, dpcloud, dTcloud, �2
min

Cloud spectral emissivity diff. (✏cloud(12µm) - ✏cloud(9µm))
CIRS weather state at 2� x 2� WS (1-16), kernel distance
Atmosphere
Brightness temperatures Tb11.85, �(Tb11.85), Tb7.18
ERA-Interim atmos. properties total precip. water, ptropopause
Atmospheric classification TIGR atmosphere [13]
Relative humidity profile RH profile over 10 layers
Temperature profile T profile over 10 layers
Surface
ERA-Interim surface properties Tsurf, psurf, nb of atm. layers

cloud properties vary strongly between the cloud types
and over land/ocean.

III. RESULTS

To analyse the influence of the different input vari-
ables, ANN models have been developed without cloud
type separation including data of all cloud types over
ocean. Table II presents the MAE of the predicted
cloud LW heating rates, depending on the set of input
parameters. As a first step, the basic cloud properties
(emissivity, spectral emissivity difference, pressure and
temperature, together with their according uncertainties
and the minimum from the �2-method as quality in-
dex), atmospheric properties (total precipitable water,
tropopause pressure, classification of the atmospheric
profile from TIGR [13] and brightness temperatures at
11.85µm and 7.18µm as well as the brightness temper-
ature variance at 11.85µm over 3 x 3 AIRS footprints)
and surface properties (surface pressure, temperature
and the number of layers of the profile) have been
used. For this basic experiment, a MAE of 0.84 is
obtained. Adding firstly the weather states, secondly
the RH profile and finally the temperature profile, leads
to slight improvements. However, using all available
parameters the maximum improvement is only about
6% compared to the basic experiment.

As a next step, we investigated if the training should
be performed separately over land and ocean and for
different cloud types. Figure 2 shows the predicted
LW heating rate profiles for Cb, cirrus and thin cirrus
over ocean compared to the observations (black line).
The dark blue line represents the prediction from the
model that has been trained with only high clouds
only over ocean, the light blue line represents the
prediction from the model trained with all clouds only
over ocean and the red line represents the prediction

TABLE II
MEAN ABSOLUTE ERROR OF THE DIFFERENT EXPERIMENTS.

Basic + weather states + RH profile + T profile
0.84 0.84 0.80 0.79

from the model trained with all clouds over ocean and
land together. The predicted profiles are very similar
for all cases and agree well with the observations
from CALIPSO-CloudSat. The cloud type Cb may be
represented slightly better when applying the model
developed for only high clouds because the frequency
of Cb is small compared to the other cloud types (only
5% of all clouds). Figure 2 also illustrates the strong
cooling above Cb (200 hPa) and a slight heating of thin
cirrus (100 hPa) in the upper troposphere.

Finally, the models developed for all clouds over
ocean and land together as well as over ocean and land
separately have been applied to one month of data, Jan-
uary 2008, corresponding to a La Niña situation. During
La Niña, the tropical convection is shifted towards the
West Pacific as illustrated by the observed emissivity
structure of the UT cloud systems for this month pre-
sented in Fig. 3. Figure 4 shows the corresponding LW
radiative heating rates at the four pressure levels of 106,
200, 525 and 850 hPa from the predictions with the two
different models compared to the nadir track statistics
from the CALIPSO/CloudSat observations. The hori-
zontal structure of both predictions agrees quite well
with the one from CALIPSO/CloudSat. However, the
structure of the laterally extended fields appears much
clearer. Compared to Fig. 3, the warming in the upper
troposphere (106 hPa) corresponds to thin cirrus while
the cooling at 200 hPa is found above optically thick
cirrus which heat the middle troposphere (525 hPa) at
the same time. In the lowest layer (850 hPa), a cooling
above low clouds and a heating by thick high clouds
can be observed. The LW radiative heating rate fields

Fig. 3. Emissivity structure of UT cloud systems from AIRS for
January 2008 (La Niña).
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Fig. 2. Observed (black line) and predicted (dark blue line: model trained with only high clouds over ocean, light blue line: model trained
with all cloud types over ocean, red line: model trained with all cloud types over ocean and land together) LW radiative heating rate
profiles for Cb, cirrus and thin cirrus (from left to right).

Fig. 4. Tropical map (30 �N to 30 �S) of the LW radiative heating rates at pressure levels of 106 hPa (first row), 200 hPa (second row),
525 hPa (third row) and 850 hPa (fourth row) for January 2008 (La Niña) at local time 1:30 PM. The first column shows the predictions
of the model trained with all clouds over ocean and land together, the second column the predictions of the models trained with all clouds
over ocean and land separately and the third column the monthly statistics obtained from the observations.

predicted by the two different models are very similar
although slight differences occur, especially concern-
ing the intensity of the heating. These differences are
currently under investigation.

IV. CONCLUSIONS AND PERSPECTIVES

We have shown for the first time that deep learning
permits to relate the appropriate cloud and atmospheric
properties from AIRS and ERA-Interim to the LW
(and SW) radiative heating rate profiles, which are
only given along the CALIPSO/CloudSat narrow nadir

tracks, to laterally extend these heating rates. To im-
prove our ANN models, the most suitable variable
configuration has been investigated by conducting sen-
sitivity studies on the parameters that govern the heating
rates. The complete 3D radiative heating rate fields
obtained for the AIRS 15-year time series together
with the cloud system approach will allow detailed
process and climate feedback studies. It is planned to
use these fields to force a global climate model which
will permit to investigate their influence on global
circulation patterns.
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OPTIMAL SAMPLING OF TEMPERATURE
ANOMALIES ON EARTH THROUGH SUPERVISED

RECONSTRUCTION
Donà Jérémie1, Arthur Pajot1 , Patrick Gallinari1,2, Sylvie Thiria 3

Abstract—Sensor placement is a important problem
in physics, climate and environmental science. In this
paper we introduce this problem as a machine learning
one, where we want to find sensor emplacements which
maximize the reconstruction information of temperature
map. The main challenges lie in the dimension of the
considered problem and the desired properties of the
sampling operation. Indeed, exploring all possible sets
of points in a large dimension signal is computationally
prohibitive. In order to tackle this challenge, we design
a learning framework to leverage the representation
and inference power of neural networks to derive a
sampling and a reconstruction operator that minimizes
both the number of sensors and the reconstruction loss.
We show that this learning framework is helpful in
climate science by associating sampling areas to climate
natural variability modes. This allows us to produce an
accurate reduced model of the temperature at the Earth’s
surface.

I. INTRODUCTION

The task we aim to solve is the reconstruction of the
temperature anomalies maps under a budgeted sensing
constraint. Simply put, we want to learn two functions:
1) a sampling operator s that tells us where to sample
the temperature anomalies 2) a reconstruction algorithm
G that generate accurate temperature anomalies map
from the measurements given by s. This problem is of
crucial concern for few reasons. First, regarding the cur-
rent situation towards climate change, monitoring the
Earth’s climate is of primary importance. In addition, a
smarter sensing over the Earth’s climate variables would
allow a more variate use of satellites, reducing drasti-
cally the cost for satellite imaging based applications.
Also, it could also encourage smarter measurements
campaigns for example in meteorology. Moreover, as

Corresponding authors: Jérémie Donà, jeremie.dona@lip6.fr,
arthur.pajot@lip6.fr 1 Sorbonne Universités, UMR 7606, LIP6, F-
75005 Paris, France 2 Criteo AI Labs, 3 Sorbonne Universités, UMR
7159, LOCEAN, F-75005 Paris

we will see later on, a well designed sampling scheme
would also allow us to unveil physical phenomena,
and reveal information and structure about the data.
This double problem of sampling and reconstruction
is challenging. Primarily, our problem is highly dimen-
sional for if one has to place p sensors optimally in
a n 2 N dimensional space, it would have to explore�
n

p

�
possibilities, which is not desirable in our case of

large temperature anomalies maps. Also, the tempera-
ture anomalies maps are highly structured images with
complex patterns, so we want to use a deep learning
prior to leverage its representation power. However, in
order to solve this problem using neural network, we
want to find a differentiable formulation of the sampling
and reconstruction task. In this perspective, we consider
that a sampling operator is a performing one if it allows
a high level of reconstruction.

More formally, our task is to learn jointly a sampling
operator s (a binary mask) that selects at most �

points and a reconstruction function G

�

, � being the
parameters the neural network G

�

, such that for all
temperature anomalies maps x:

G

�

(s� x) ⇡ x, such that, ||s||0  � (1)

Classically `0-norm is a natural idea. However, the
`0-norm is non-differentiable and cannot be used as
such in neural networks. Our contributions are as fol-
lows:

• We use a `1-norm formulation to relax equation (1)
to make the problem differentiable.

• We propose a learning framework for the sam-
pling operator s that uses a stochastic exploration
scheme to search the space of masks.

• Our work is compared to an existing benchmark
in order to validate our approach.

• We show that our algorithm is able to recon-
struct the temperature anomalies from few selected
measurements and prove that our reconstruction
approach provides physically sound results.
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II. METHOD

This work focuses on optimizing sampling points and
the reconstruction of surface temperatures anomalies
(difference between the climatology and observed tem-
peratures). The temperatures anomalies maps denoted
x results from an coupled ocean atmosphere model [1]
and are treated as images.

A. Reconstruction

Let x be the temperature anomalies map we want
to recover from partial observation x

obs. Let � be the
parameters of our reconstruction neural networks G

�

.
We can write the reconstruction objective as a `2-norm
minimization:

min

�

L2(�) = min

�

E
x

obs

,x

`2(G
�

(x

obs

)� x) (2)

The formulation that minimizes the `2 risk above is the
conditional expectancy E(x|xobs

). This optimum may
induce blurry results if the conditioning is not infor-
mative enough, averaging among all possible sample
of x|xobs. Also, as we aim to find a sparse sampling,
which makes the conditioning x|xobs less constrained,
the drawbacks of the `2 risk minimization must be
addressed. In order to do so, we take advantage of
the conditional GAN formulation [2]. A GAN-like
regularization tends to produce sharper and cleaner
output, because at the optimum the generator samples
from a distribution close to p(x|xobs

) [3].
Briefly speaking, a conditional-GAN has two com-

ponents: the first one is a discriminator network with
parameters  called D

 

trained to differentiate ”true”
data labeled as 1 from data generated by G

�

labeled as
0. To do so, D

 

is presented samples from the true and
generated distribution (and conditional information). If
it fails the classification tasks, its weights are updated
based on a log loss. The second one is the generator, i.e
reconstruction operator G

�

, that takes as input a random
variable � (and some conditional information such as
a label or pixels) and aims at fooling D

 

, making it
classify the conditionally generated images as true. It
leads to the cost function L

cGAN

:

L
cGAN

(�, ) = E
�,x,x

obs

logD

 

(x, x

obs

) +

E
�,x

obs

log 1�D

 

(G

�

(�, x

obs

), x

obs

) (3)

Moreover, if the sampling is very sparse, the observed
anomalies x

obs might correspond to more than one
full temperatures anomalies map x. We can model
the superposition of possible states as a probability
distribution, for which the GAN framework is well

maskx

z

<latexit sha1_base64="dZjnh52nrovi2SgVMlzTdOMUa6c=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKeix68diC/YA2lM120q7dbMLuRqihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtR1Sax/LejBP0IzqQPOSMGivVn3qlsltxZyDLxMtJGXLUeqWvbj9maYTSMEG17nhuYvyMKsOZwEmxm2pMKBvRAXYslTRC7WezQyfk1Cp9EsbKljRkpv6eyGik9TgKbGdEzVAvelPxP6+TmvDaz7hMUoOSzReFqSAmJtOvSZ8rZEaMLaFMcXsrYUOqKDM2m6INwVt8eZk0zyveRcWtX5arN3kcBTiGEzgDD66gCndQgwYwQHiGV3hzHpwX5935mLeuOPnMEfyB8/kD6euNAA==</latexit>

Sθ

xobs

Gθ(x
obs)

Gθ
L2+Loss GAN

Generation Sampling

Fig. 1. Summary of the algorithmic flow, z is sampled to generate
a mask through s✓ . The mask corrupts the true data. G� estimates
a reconstructed map.

suited. Our reconstruction objective is a weighted sum
of the supervision loss (2) and cGAN loss (3):

min

�

max

 

L
cGAN

(�, ) + µ.L2(�) (4)

Also, as shown in [4], adding a supervision (`1 or
`2, second terms of the loss in equation 4), helps the
algorithm to converge faster around the conditional
expectancy (or median in case of `1-norm supervision).

B. Sparsity and masks exploration

As stated previously, the number of possible masks is
very high and exploring all the states is computationally
unfeasible. We tackle this issue by parametrizing the
sampling operator s by a neural network s

✓

taking as
input a random variable z and the mask is defined as
mask = s

✓

(z) as described in figure (1). Indeed, we
postulate that the variance of the random variable z

allows the sampling operator s

✓

to explore sufficiently
the space of masks. Also, aiming to derive an optimal
mask for the whole distribution p

x

, we must ensure
that z ⇠ p

z

and x ⇠ p

x

are not correlated. In order to
do so, we sample our latent variable z according to a
N (0, I

n

) distribution. Regarding the cost function, we
chose to constrain the `1-norm of the mask due to its
thresholding behavior, enforcing sparsity. We define the
cost function for the sampling operator as:

min

✓

E
x,z

µ.||G
�

(s

✓

(z)�x)�x||+L
cGAN

+�.`1(s
✓

)(z)

The formulation above formalizes the ambition to de-
rive a sampling opertor that is both sparse (`1-norm
term) and that leads to accurate and likely reconstruc-
tion (L

cGAN

and L2 terms). The overall optimization
problem is:

min

�,✓

max

 

L
GAN

(�, , ✓) + µL2(�, ✓) + �E
z

`1(s
✓

(z))

(5)
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Fig. 2. First line: Reconstruction of the temperature anomalies. The darkest dots are the sampled points. Second line: Ground Truth. The
hyperparameters for this simulation are: � = 1e� 2 (sparsity constraint) and µ = 100 (`2 supervision constraint)

III. OPTIMIZATION ISSUES

The above formulation implies two issues that need
to be dealt with: 1) calibrating the hyper parameters of
the reconstruction and sparsity objectives, 2) inducing
true zeros in the mask. Indeed, the major pitfall of
our optimization problem is the following: let (s

✓

, G

�

)

be a solution for the optimization program (5) then
(s

✓

/2, G

�

(2 ⇤ x)) has the same reconstruction power
with lower `1 norm. Therefore, our problem is ill posed
and we need to constrain the norm of G

�

(we employ
spectral norm introduced in [5]), and find a way to
induce ”true” zeros.

A. Setting the hyperparameters

One difficulty in our approach is the fact that the
supervision and the sparsity constraints have opposite
objectives. Let G be fixed for the moment and s be a
vector, s 2 Rn and G

i be the i

th function reconstruct-
ing pixel i in the image. Without the GAN loss the
optimization program is:

min

s,�

L(s;�) = 1

2

||G(s� x,�)� x||2 + �||s||1 (6)

We now investigate the direction of the gradient for the
sampling operator:

@L
@s

j

=

@

@s

j

1

2

nX

i=1

�
(G

i

(s� x)� x

i

)

2
+ �

X

j

|s
j

|
 

=

nX

i=1

x

j

@G

i

@x

j

(s� x)(G

i

(s� x)� x

i

)

| {z }
reconstruction gradient

+�

We can consider two simple cases in order to get
intuition of the optimization process:

• The value of pixel j has a low impact on the
reconstruction i.e. 8i @G

i

@x

j

⇡ 0. This may occur

due to redundancy of the information contained at
pixel j. Then, the reconstruction gradient is zero
� term prevails and pushes s

j towards 0. Thus, �
needs to be high enough to induce sparsity.

• If the reconstruction gradient is negative, an in-
crease on x

j decreases the error. Then the update
with learning rate ⌘ would be s

j  s

j � ⌘ . (��
|Reconstruction gradient|). Therefore, � needs to
be low enough to allow a good reconstruction.

Consequently, the magnitude of the � must be care-
fully set in order to induce both a satisfying recon-
struction and sparsity level. In order to do so, we
initialize our sampling operator s

✓

to generate masks
very close to 1 and increase progressively the � to
enforce the `1 constraint. This allows the reconstruction
network to learn easily in the beginning, and then
discard progressively information that is not necessary
or redundant for reconstruction.

B. Hard concrete trick

Despite the spectral regularization, we cannot en-
sure that our algorithm does not converge to a lo-
cal minimum inducing a mask with uniformly low
values. This is troublesome as it does neither define
a probability density for sampling nor good sam-
pling points. To induce true zeros and avoid this ef-
fect, we rely on [6] which introduces the hard con-
crete distribution. It is defined by: u ⇠ U(0, 1),
and s = Sigmoid(log u� log 1� u + log↵)/�, then
z = min(1,max(0,�s + �)) is distributed in [0, 1] with
two modes in 0 and 1 for � > 1 and � < 0. We
apply this trick in order to obtain more binary outputs
in our network. In our work, the uniform sampling on
u is replaced by the output of our sampling operator s

✓

(constrained in [0, 1]).
s

✓

, G

�

are neural networks which can be trained
using back-propagation as the optimization program
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is fully differentiable. We use ADAM optimization
scheme with parameters (0.7, 0.9) for G

�

and (0.3, 0.7)

for s

✓

as it needs to explore more (reducing the first
order momentum term).

IV. EVALUATION

We carried out our experiment on thanks to a cou-
pled ocean-atmosphere model designed by IPSL [1].
We focus on the surface temperatures output of this
model. De-trending, de-seasonalisation of the monthly
temperature has been applied in order to obtain tem-
perature anomalies. The temperature anomalies maps
are 96 ⇥ 96 images. We compare our method with a
baseline proposed in [7], that decomposes the signal
in a POD (proper orthogonal decomposition) basis and
uses a QR decomposition on the principal modes matrix
to obtain the measurement matrix. The evaluation of our
algorithm is twofold. We first compare the reconstruc-
tion power in terms of mean squared error. However,
MSE might not be sufficient to ensure the quality
and physical coherence of the reconstruction. Thus,
we also use evaluation functions based on climate’s
intrinsic variability, inspecting physical indexes. Our
reconstruction operator G

�

is a 64-filter 6-layers-deep
convolutional Resnet like in [4], and the sampling
operator s

✓

is a one layer linear neural network, further
architectures can be investigated in order to put a
stronger prior on the mask.

A. Error Comparison

We use one major baseline described in [7]. As the
baseline uses a PCA decomposition for reconstruction
and sensor selection, we need to fix the number of
modes i.e proper vectors for reconstruction. We refer
as Linear180 Linear300 the baseline with respectively
180 and 300 modes (principal components of the PCA).
We show the results for 1000 and 2000 selected sensors
among the nearly 10

4 pixels of the image. In our case,
the number of sensors will be a function of the value
of � (and µ).

As shown in table (I), the MSE is an order of
magnitude lower for our model than for the baseline.

B. Correlation to physical indexes

ENSO TPI AMO
CORR MSE CORR MSE CORR MSE

Linear300-2 0.965 0.127 0.986 0.117 0.985 0.725
Ours-1 0.997 0.0019 0.998 0.0057 0.98 0.00094

TABLE II
CORRELATION COEFFICIENT AND MSE ON PHYSICAL INDEXES

USING THE BEST BASELINE AND OUR ALGORITHM

Parameters MSE
Linear180-1 1000 points 0.0571
Linear180-2 2000 points 0.056
Linear300-1 1000 points 0.047
Linear300-2 2000 points 0.03579
Ours 1 � = 10�3, µ = 100 (⇠ 500points) 0.00470
Ours 2 � = 10�2, µ = 100 (⇠ 500points) 0.00536

TABLE I
MSE ON THE PROCESSED SURFACE TEMPERATURE ANOMALIES

FOR VARIOUS BASELINES AND OUR ALGORITHM

Fig. 3. Evolution of ENSO across time for the true data (red),
our reconstruction method (dark blue) from ⇠ 450 points � =
10�2, µ = 100 ⇠ 450 points and the Linear300 (light blue) with
2000 points

In order to ensure have generated images that are
physically sound, we compute 3 major indexes that
represent oscillations of the Earth’s surface temperature
anomalies: 1) IPO (Interdecadal Pacific Oscillation)
through the Tripole Index (TPI) [8], 2) AMO (Atlantic
Multidecenal Oscillation) which explains strongly the
temperature in the North Atlantic [9], 3) ENSO (El
Nino Southern Oscillation) which plays a key role
for both climate and ecosystems. As we can see in
figure 3, the indexes induced by generated data follow
the same patterns as the true ones with a correlation
exceeding 0.99 for all indexes except for AMO. Figure
(3) also show our performance in reconstructing ENSO
index compared to the best baseline. We can conclude
that our reconstruction algorithm enforces physics more
efficiently than the baseline with fewer points.

C. Physical meaning of the masks

Finally, we investigate the physical significance of
our mask.

Fig. 4. Masks obtained for various �, from left to right 10�5,
2.10�5, 4.10�5, 10�4, 10�3 with µ = 100 inducing respectively
0.6%, 17%, 33%, 74%, 93% percent of zeros in the mask
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Fig. 5. Left panel: quantized variance of the temperatures anomalies and position of the sampled points (darkest dots) Right panel:
evolution of the proportion of sampled points among each class

In the two firsts images of fig (4), we notice that
the North-Atlantic and East-Pacific zones are very rep-
resented in the masks, which may explain the very
encouraging results on physical indexes. As stated,
physical indexes represent major variation modes in
the temperatures signal. With increasing sparsity, we
want to verify that our sampling algorithm selects pixels
with the highest variance. In order to corroborate our
hypothesis, we compute the standard deviation for each
pixel and apply quantization on the obtained standard
deviation for simplicity. We can observed on fig (5) that
the pixel with the highest variance are more likely to be
sampled with nearly 10% of them being sampled when
less than 3% of low variance pixels are selected.

V. CONCLUSION

In this paper we presented a way to compute jointly
a sampling and a reconstruction operator thanks to
a differential formulation and a hard concrete trick.
Thanks to the adversarial learning, the generated images
have a strong physical sense. Inserting a constraint on
where to place the sensors and formulate this problem
without supervision are two leads of improvement of
this work.
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