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Context

• Big data as the « next frontier for innovation, competition and 
productivity » (McKinsey, 2011),

• Major challenge for data centric (Google, Facebook..) and non data-
centric companies 

– Jeff Immelt, GE CEO states that “every industrial company will become a 
software company” 

• Little is known about the extraction of value and the role of design 

• What remains unclear is what kind of capabilities are required for 
companies to fulfill the promise of big data. 

In this work, we argue that, even for organizations whose core 
capabilities are based on the manipulation of data, accessing the value 
of data may require significant efforts and radical breakthrough in 
data analysis
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Big data

• Underlying hypothesis in the literature :

Data  Value

• The problem is obviously more complex.

Algo (data)  Value

or

Algoi (dataj)  Value

Our argument is that the role of algorithms and the complexity of
their design is vastly underestimated.
=> Illustrative case study : the emergence of a new dominant design in
meteorological data assimilation
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Methodology : 2 types of sources

• The literature:
– History / sociology of science on use of space data (from

Courrain, 1991 to Edwards, 2010)

– National Research Council reports  on use of space data 
(2000, 2003 & 2007)

– Scientific literature on data assimilation.

• Interviews :
– O. Talagrand (LMD), le 26/5 & 5/9 2014, ENS, Paris

– J. Pailleux (MF et ECMWF), le 4/6/2014, Paris

– Ph. Courtier (MF et ECMWF), le 13/6 & 15/7 2014 (Champs 
/ marne et Paris)

– JN. Thépaut (ECMWF et MF), le 8/9/ 2014, ECMWF, 
Reading

– Fl. Rabier (ECMWF et MF), le 8/9/2014, ECMWF, Reading

– J. Derber (NOAA, email & interview 8/9/ 2014, ECMWF, 
Reading)

– FX Le Dimet (UJF-INRIA) le 11/9/2014 à Grenoble. 
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Numerical Weather Prediction : 
a (very) brief overview

• The Meteorological Research Project launched by J. Von 
Neumann and directed by J. Charney in 1946 at Princeton as a 
part of the Electronic Computer Project (IAS Computer)

• First operational NWP in 1954 in Sweden and in 1955 in the US. 

• A central tool of all weather services worldwide

• Over the last 30 years : a steady improvement in the accuracy of 
forecasts which are increasingly valuable for a wide array of uses 
(air transportation, agriculture, outside activities, industries, storm
warnings, etc)
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Blizzard alert over New-York
January 26-27, 2015

How does it works (1) ?
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How does it works (1) ?

=> A NWP model uses known physical laws and the corresponding
variables : temperature, pressure, humidity, etc. 

« Computer models demanded a degree of standardization never previously
needed in meteorology. NWP required that values be entered at every
gridpoint, both horizontal and vertical, even where no observations existed. 
Missing gridpoint values had to be interpolated from observations, or even
(if necessary) filled in with climatological norms » (Edwards, 2010, p. 252)

How does it works (2) ? 

Data 
assimilation

Prediction
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How does it works (2) ? 

Data 
assimilation

Prediction

• « NWP is an initial/boundary value problem », (Kalnay, 2003),
since initial conditions can radically alter  the final result (Lorenz, 
1963 & 1971 « Does the flap of a butterfly’s wings in Brazil set off 
a tornado in Texas? »)

• Data assimilation : « using all the available information to 
determine as accurately as possible the state of atmospheric (or 
oceanic) flow » (Talagrand, 1997). 

• Challenges of meteorological data assimilation

– Very large numerical dimensions (109 data to initialize
ECMWF model)…

– … aggravated in NWP by the need for the forecast to be ready
in time

– Non-trivial, actually chaotic, underlying dynamics

Data assimilation : 
the Dominant design in the 80-90’s

• First step : Algo1 (data1)  Value

– Data1= synoptic and direct measurements (typically balloons)

– Algo1= optimal interpolation (OI)

« OI became the operational analysis scheme of choice
during the 1980’s and early 1990’s » (Kalnay, 2003, p. 150)

• Known limits in the 80’s

– Of the data : limited spatial coverage

– Of the algorithms : 1) unability to treat uncertainty
dynamically (background error covariance matrix frozen), 2) 
difficulty to determine initial conditions precisely with more 
sophisticated models
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A breakthrough in instruments : 
satellite soundings 

• First atmospheric sounder launched 
in 1969

• Considered operational by 
meteorologist since the launch of 
TIROS-N in 1978

Traditional coverage

Satellite coverage
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… but a breakthrough in data too. 

• Satellite soudings are indirect observations : they measure
radiances, not temperature. 

• The link between radiances and temperature is physically very
complex (known as the radiative transfer equation). 

The problem 

• First approach to assimilate radiances = apply the dominant design 
(satellite-to-model approach) : 
– “If you can make them look like radiosonde data we can use them” (NMC 

Director, 1969 in NRC, 2003)

– “Profiles of temperatures soundings were displayed to make them look like 
radiosondes because radiance could not be handled by numerical models“

• Problem : temperature profile provided by NOAA are of poor 
quality. “TOVS and MSU have only ~4-5 “pieces of information”, the 
rest came from climatology” (Eyre, 1993; Kalnay, 2009, etc)

• Result : during 10 years (1981 – 1991) the impact of radiances on 
NWP is negligible or negative.  

=> Algo1 (data2)  No Value
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Consequence : a NASA / NOAA conflict that leads to 
« a two decade long hiatus in new instruments for the 
polar orbiters. (…) and the instrument generation of 
1978, with only minor updates, continued to fly through 
the end of the century” (Conway, 2008, p. 91 92)

The emergence of a new dominant design : 
variational assimilation (Algo2)

• To overcome the limits of optimal interpolation, meteorologists explore 
new data assimilation methods.

=> Variational assimilation becomes a major research topic in the 
late 80’s and 90’s. Originally to improve uncertainty integration in 
assimilation, not for satellite data. 

• The logic of this method is to minimize a cost function « which measures
the misfit between the estimate and the information weighted by its 
statistical quality” (Courtier, 1997) over a given time windows (thus its 
name : 4D-VAR)

• The breakthrough comes from the interactions of meteorologists and 
mathematicians of optimal control. 
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When meteorology meets optimal control

Olivier Talagrand

• Emeritus Research Director at the 
Laboratoire de Météorologie Dynamique

• Silver Medal of the CNRS in 2004 & 
L.F. Richardson Medal of the European
Geoscience Union, 2014 for pioneering
work in data assimilation. 

• Ph . D Supervisor of Ph. Courtier, JN 
Thépaut et Fl. Rabier 

• Director of the Scienfic Board of the 
ECMWF during IFS/ARPEGE project. 

François-Xavier Le Dimet

• Emeritus Professor in mathematics at 
Grenoble University / INRIA. 

• Fellow of the American Meteorological
Society for his pioneering work in data 
assimilation

• Applied mathematician, expert in 
optimal control methods (JL Lions, 
1971). 

• The only one who does not work in a 
meteorological lab. 
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 Le Dimet, FX and O Talagrand. 1986. "Variational Algorithms for 
Analysis and Assimilation of Meteorological Observations: 
Theoretical Aspects." Tellus, 36A, pp. 97-110. [cité + de 1300 fois]

 Co-organizers of the 1st WMO international symposium on data 
assimilation in meteorology and oceanography (Clermont-Ferrand, july 1990).

« Yes, I have studied in my Ph. D [1977] a simplistic assimilation 
method (but I didn’t know how to do differently). It’s only when
I’ve met FX Le Dimet that I’ve understood how to do what I think
desirable. The problem was not the variational idea, quite simple 
in itself, than its numerical implementation in large systems. The 
technique of adjoint  equations provides the solution to the 
problem. That being so, this was very far from the question of 
satellite data assimilation. »

Mail O. Talagrand, le 15 septembre 2014

Implementation (1) : the challenge
(Courtier, 1997)

« Had I know [in 1982 – 1983] what it cost [in computing power] 
I would have given up immediatly [laugh]!! We didn’t suspect the 
difficulties [of operational implementation]. 

FX Le Dimet, Grenoble, le 11/9/2014
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Implementation (2) : 
the IFS / ARPEGE project (1987 – 1997) 

• Launched in 1987 by ECMWF and Meteo-France. 

• Implementing 4D-VAR means designing (Andersson & Thepaut, 2008)
– A forecast model and its adjoint.

– The observation operators linking the observed variables to the model quantities; code 
to compute the observation cost function Jo and its gradient.

– The first-guess operator, to incorporate information from recent analyses; code to 
compute the first-guess cost function Jb and its gradient.

– Balance operators to ensure the appropriate relationship between mass and wind.

– General minimisation algorithm, to seek the analysis as the minimum of the cost 
function Jo+Jb.

– A suitable solution algorithm that can take advantage of the computing power available 
on multi-processor computing platforms.

• The driving force : Philippe Courtier 

• Result : operational integration of radiances at ECMWF in 1996 
for 3D-VAR, and 1997 for 4D-VAR.  
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• Result : operational integration of radiances at ECMWF in 1996 
for 3D-VAR, and 1997 for 4D-VAR.  => Algo2 (data2)   Value (better forecasts)

Algorithmic breakthrough in implementation too. 

BUT : developing and implementing
Algo2 is a 10 years effort which

mobilize approx.100 FTE

… in a data-centric / research-based
organization
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Digging very deep in Algo2 : 
the forecast error covariance B

• In 1993-94, despites years of hard work, variational assimilation still
does not assimilate radiances satisfactorily (no improvements in 
forecasts).

• Ph. Courtier understood that the problem comes from the fine-tuning
of the background error covariance matrix, which is excessively
complex. 

« At this moment, in 1993-94, I remember that B has been adjusted
in 1985-86 by Hollingsworth & Lundberg to make the best use of 
wind data collected by airplanes. And I realize that this leads to a 
bad use of temperature data. The correlation functions were
filtering out the temperature information of radiances. This is why
the impact of 3D-VAR remains marginal. We change this. And it
works. » (interview with Ph. Courtier, june 13, 2014). 
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filtering out the temperature information of radiances. This is why
the impact of 3D-VAR remains marginal. We change this. And it
works. » (interview with Ph. Courtier, june 13, 2014). 

B the background error covariance matrix : « There is a 
great deal of science that goes in it » (JN Thépaut, 8/9/14). 
« The forecast error covariance B is the most difficult error
covariance to estimate, and has a crucial impact on the 
results » (Kalnay, 2003, p. 161). 
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• During the long journey from Algo1 (data1) to Algo2 (data2) we observe 
3 breakthroughs

– On data : from direct measurement to satellite soudings

– On assimilation methods : from OI to 3D-VAR

– On implementation : incremental method, recoding of the model, 
coding of its adjoint, more powerful supercomputers, etc.

• Keep in mind that Meteorology is a very « favorable » context. 

– Data-centric organization

– Infrastructure available (research centers, supercomputers, WMO…)

– Models & data are « known »

– No debate on « value »

– Huge operational constraints (2 forecasts / day)

We know what we are looking for (better temperature measurements)

« You have to imagine the sweat and tears during all this 
long years » (JN Thépaut, Head of data division, ECMWF) 
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• This raises important questions for the « big data » strategy of firms & the 
building of big data design capability

• Currently there is no equivalent of engineering department for algorithms
design (people, models, design rules, knowledge…) 

 Who is in charge of algorithm design in industrial firms (and in data-
centric organizations) ? 

 Links with the emerging Data Science ? 

 Development of the technical infrastructure ?

 Transfer of design methods to data ?

=> Lots of exciting work ahead…
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