
water vapor was produced in high purity in the
case of full CH4 conversion. Because a sweep gas
was used, the CO in the product stream was
diluted, and a molar fraction of 0.56 rather than
0.85 was obtained. However, this is still 30%
higher than the equilibrium molar fraction of
CO in conventional dry reforming at the same
conditions (Fig. 4A). Moreover, our goal was not
to optimize the flow of sweep gas, but rather to
highlight the possibilities based on a combina-
tion of known processes. Hence, it may be pos-
sible to further increase the yield and purity of
CO by fine-tuning process variables, reactor con-
figuration, or materials. This flexibility is not evi-
dent at all for the conventionalDRMprocess,which
is limited in yield by the WGS reaction (Eq. 2).
Exergy calculations (which account for ir-

reversible losses) were performed to estimate
the energetics of the proposed process (Fig. 4B
and fig. S23B) (20). Along with the advantage
of improved product purity, super-dry reforming
of CH4 also resulted in a very low exergy de-
struction per mole CO2 converted (Fig. 4B). In-
deed, the exergy destruction for CO2 conversion
is up to 25 to 50% lower as compared with that
of conventional DRM. The latter typically requires
operating temperatures of 1073 to 1273 K in order
to reach high-equilibrium conversion of CH4 and
CO2 while minimizing the thermodynamic driving
force for carbon formation (13). Compared
with these requirements, super-dry reforming
shows both practical and economic benefits.
For one, the requirement of a noble metal cat-
alyst in order to mitigate excessive carbon for-
mation (13) becomes obsolete because conditions
of super-dry reforming are thermodynamically
unfavorable for carbon deposition. Hence, the
application of cheaper Ni-based catalysts is per-
fectly feasible, even at temperatures as low as
1023 K.
The product streams of super-dry reforming

have a higher purity than those of conventional
CH4 reformers, which should reduce separation
costs. Moreover, by applying Le Chatelier’s prin-
ciple to lift CO2 utilization efficiency, each mole-
cule of CH4 theoretically allows the conversion of
three molecules of CO2, making super-dry re-
forming of CH4 an intensified process for iso-
thermal CO2 utilization. The presence of a CO2

acceptor, in this case CaO, allows for the appli-
cation of renewable feedstocks such as biogas as
a reducing agent for iron oxide reduction.
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CLIMATE DATA

Using climate models to estimate
the quality of global observational
data sets
François Massonnet,1,2* Omar Bellprat,1

Virginie Guemas,1,3 Francisco J. Doblas-Reyes1,4

Observational estimates of the climate system are essential to monitoring and
understanding ongoing climate change and to assessing the quality of climate models used
to produce near- and long-term climate information. This study poses the dual and
unconventional question: Can climate models be used to assess the quality of
observational references? We show that this question not only rests on solid theoretical
grounds but also offers insightful applications in practice. By comparing four observational
products of sea surface temperature with a large multimodel climate forecast ensemble,
we find compelling evidence that models systematically score better against the most
recent, advanced, but also most independent product. These results call for generalized
procedures of model-observation comparison and provide guidance for a more objective
observational data set selection.

T
here is now overwhelming evidence that
Earth’s climate has changed at an unusual-
ly rapid pace during the last century, that
these changes bear a clear human signa-
ture, and that they will be enhanced if an-

thropogenic emissions continue unabated (1). The
development of large-scale observational networks
has been a major advance to reaching such levels
of evidence. Observations of essential climate var-

iables [e.g., sea surface temperature (SST), sea
ice extent (2)] are indeed central for the study of
climate variability (1), for detection and attribu-
tion of human-induced climate change (1, 3), and
for constraining long-term projections (1, 4). Ma-
jor international and coordinated observing pro-
grams are currently underway to continue these
efforts (5). However, with the emergence of mul-
tiple observational references (ORs), sometimes
divergent, a natural question arises: What is the
underlying quality of these products? A direct
answer to this question is not easily achieved
because there is by definition no universal knowl-
edge of the true state of our climate (6).
Here we present a framework for the evalu-

ation of ORs addressing this gap. The approach
relies on the use of climate models taken as
references, and not as subjects of assessment as

452 28 OCTOBER 2016 • VOL 354 ISSUE 6311 sciencemag.org SCIENCE

1Earth Sciences Department, Barcelona Supercomputing
Center–Centro Nacional de Supercomputación (BSC-CNS),
Barcelona, Spain. 2Georges Lemaître Centre for Earth and
Climate Research (TECLIM), Earth and Life Institute (ELI),
Université catholique de Louvain, Louvain-la-Neuve, Belgium.
3Centre National de Recherches Météorologiques (CNRM),
Toulouse, France. 4ICREA, Pg. Lluís Companys 23, 08010
Barcelona, Spain.
*Corresponding author. Email: francois.massonnet@bsc.es

RESEARCH | REPORTS

 o
n 

A
pr

il 
2,

 2
01

7
ht

tp
://

sc
ie

nc
e.

sc
ie

nc
em

ag
.o

rg
/

D
ow

nl
oa

de
d 

fro
m

 

http://science.sciencemag.org/
禅铎


禅铎


禅铎




has been widely done in the past (7, 8). The ra-
tionale behind this approach relies on the so-
called “truth-plus-noise” paradigm (9–14), which

assumes that observations and models are both
noisy versions of the true (but unknown) state
of the climate system. In that view, observations

and models play symmetrical roles so that it is
possible to use one to estimate how close the
other is from the true state, and vice versa. In
line with this paradigm, we claim that climate
models can be appropriate tools for estimating
the quality of ORs. We accumulate the necessary
evidence in three steps. First, we rely on elemen-
tary logic and take advantage of the symmetry of
common metrics of model performance. Then, we
show with a simple statistical toy model how ob-
servational error can degrade model performance
(symmetrically to model error), turning this into
an opportunity to reverse the process of model
evaluation into one of OR evaluation. Finally, we
apply the proposed procedure to a realistic test
case involving simulations conducted with large-
scale general circulation models and a set of ORs.
“Quality” is here measured in terms of a pri-

mary metric of performance widely used in the
climate community: the (Pearson) linear corre-
lation between two variables (15). Because this
metric of performance is mathematically symmet-
ric, the process of evaluation is also inherently
symmetric. Provided that this metric of perfor-
mance is appropriate to characterizing the qual-
ity of climate models or forecast systems (16–18),
it also becomes a way to measure the quality of
ORs. The same argument holds for other metrics,
provided that they respect the underlying hypo-
thesis of symmetry.
To frame this idea in a more concrete context,

consider the following simple, yet generic enough,
toy model (19) consisting of an observational ref-
erence (XOR) and model-based (XCM) estimate of
some true, but unknown, climate variable D:

!
XOR ¼ aORDþ hOR

XCM ¼ aCMDþ hCM;p þ hCM;i
ð1Þ

The observational reference XOR is related to
the true signal by a multiplicative bias factor
aOR > 0, that accounts, e.g., for the systematic
errors in retrieval from the raw measurement to
the final product. The OR estimate is further pol-
luted by a random error hOR that reflects instru-
mental and sampling errors. Another estimate
XCM of the true variations can be obtained through
a climate model (see Fig. 1A for an example). Like
the OR, the climate model does not necessarily
capture the correct amplitude of the variability
(hence a multiplicative bias term aCM > 0 to
model, e.g., the possible incorrect response to ex-
ternal forcings) and is subject to random error
hCM,p (because of, e.g., unresolved or misrepre-
sented processes including forcings) and random
error hCM,i due to the inherent chaotic nature of
climate dynamics and its intrinsic unpredictabil-
ity (20). All error terms are assumed to follow
Gaussian distributions with zero means and
known standard deviations. Focusing on the eval-
uation of anomalies is motivated by the fact that
constant offsets between ORs and climate model
time series are usually removed by classical linear
bias correction techniques. In that sense, we fo-
cus on the ability of ORs and climate models to
reproduce variability rather than mean states.
Finally, all error terms are assumed to be un-
correlated with each other. Under these ideal

SCIENCE sciencemag.org 28 OCTOBER 2016 • VOL 354 ISSUE 6311 453

Fig. 1. A simple statisti-
cal toy model (Eq. 1) for
understanding the
dependence of correla-
tion on observational
error. (A) A true but
unknown signal D (light
red) mimicking, for exam-
ple, annual mean SST
anomalies over some
region is generated over
1970 to 2000 as a white-
noise process with SD
sD = 0.8°C. An observa-
tionally based reference
(blue) systematically
underestimating the true
variability (aOR = 0.8) is
then sampled according
to Eq. 1 with SD sOR =
0.6°C. Finally, a climate
model estimate (green) is
shown with multiplicative
bias aCM = 0.7 and with its
own and irreducible errors
having SDs sCM,p = 0.2°C
and sCM,i = 0.4°C, respec-
tively. (B) Dependence of the linear correlation coefficient on the signal-to-noise ratio of observations gOR =
sD

2/sOR
2. The red lines show the analytical, predicted dependence (Eq. 2) and the 95% confidence

interval using Fisher’s z transform (32). Gray dots are sample correlations between generated
observation and model data for different levels of observational error, keeping the true signal unchanged
[as in (A)] but each time generating a new model realization (with fixed error statistics aCM = 0.7, sCM,p =
0.2°C and sCM,i = 0.4°C) and an observation (aOR = 0.8) while varying the SE so that a desired signal-to-
noise ratio is achieved.

Fig. 2. Systematic depen-
dence of correlation on veri-
fication product. Each dot
highlights the relationship
between the correlation of one
August SST forecast verified
against the ESA-CCI product
(y axis; product based on
satellite information only) and
the correlation of the same
forecast verified against the
ERSST4 product (x axis;
product based on in situ
information only). Reference
period is 1993 to 2009. There
are 110 forecasts in total (11
models, 10 members each).
The solid line is the 1:1 line and
delimits regions where ESA-
CCI or ERSST4 scores better.
The dashed lines are the
threshold above which correla-
tions are significant at the 0.05
level (the 1-year autocorrelations
of the time series considered
are weak and not significant).
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conditions, the actual correlation between XOR

and XCM follows the expression

r ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 1

a2ORgOR

# $
: 1þ 1

a2CMgCM

# $r ð2Þ

where gOR and gCM denote the signal-to-noise
ratios of the observation and the model, respec-
tively (see the supplementary text for the demon-
stration of the relationship and Fig. 1B caption for
the definition of signal-to-noise ratios). The re-
lationship, displayed graphically in Fig. 1B for a
given model error level, highlights that observa-
tional and model error play exchangeable roles in
the definition of correlation: Correlation will de-
crease whenever either observational or model
error increases. Despite its simplicity, the toy mod-
el illustrates two essential points: (i) Models and
ORs are two sides of the same coin and make the
process of evaluation intimately intertwined; and
(ii) model error is not the only cause of poor
model performance: Observational error also con-
tributes to poor correlations. We now investigate
this aspect in a more realistic case.
We compiled data from 11 state-of-the-art cli-

mate models for which 10-member-ensemble May
to August (4-month-long) retrospective predic-
tions of average SST in the Niño3.4 box (120°W
to 170°W, 5°S to 5°N) were available between
1993 and 2009 (see supplementary materials for
the choice of the period and a thorough descrip-
tion of this ensemble). Unlike the toy model
presented above, forecast errors are not indepen-
dent from each other (fig. S2). Besides, we com-
puted monthly-mean SSTs in the Niño3.4 box for
four ORs at various resolutions and based on var-
ious methods of retrieval (see supplementary ma-
terials for a complete description): ESA-CCI (~0.05°
resolution, satellite data only), ERA-Interim (~0.7°,
an atmospheric reanalysis also providing SST in-
formation), HadISST (1°, based on in situ data
but interpolated with satellite data), and ERSST4
(2°, in situ data only). We find that the choice of
OR used to verify the forecasts has a systematic
and nonnegligible influence on the correlation
between the forecast and the OR (Fig. 2). All
August forecasts but one score better when
assessed against the ESA-CCI product instead
of ERSST4, and differences in correlation are com-
mensurate with changes between model versions.
For the example given in Fig. 2, the average
change in Niño3.4 SST correlation when using
ESA-CCI instead of ERSST4 is +0.07 (minimum =
–0.02; maximum = 0.11). As a comparison, the
mean change in correlations between EC-Earth
3.0 and EC-Earth 3.1 (two model versions) is
0.05 when assessed against ESA-CCI.
To obtain a broader picture, we recorded for

each OR the number of forecasts amongst the
440 available (11 models, 10 members each, 4
months of forecasts) that reached the highest
correlation with that particular OR (Fig. 3). The
results show that forecasts, as a group, tend to
favor one particular OR (ESA-CCI), which also
happens to be the most recent, at the highest
resolution and resorting to the most advanced
technology for SST retrieval (21). In addition,

none of the forecast systems uses the ESA-CCI
SST OR for initialization, postprocessing, or vali-
dation, which excludes the possibility of reaching
high correlation only by construction (22). At the
other end of the diagram lies ERSST4, the OR
that is arguably least adapted for this exercise
of SST comparison in the middle of the Pacific
Ocean, where sampling is poorer than in other
regions of the Pacific (23). It is also worth
noting that ORs that are a priori not relevant

for SST evaluation (ERA-Interim, an atmospheric
reanalysis) can score high for the wrong rea-
sons. Five of the 11 models considered are ini-
tialized with the same SST fields as those used
in ERA-Interim, making the evaluation depen-
dent through a methodological artefact. This
OR was deliberately included in our analysis
to show that high correlations are a necessary,
but not sufficient, indicator of high observa-
tional quality.

454 28 OCTOBER 2016 • VOL 354 ISSUE 6311 sciencemag.org SCIENCE

Fig. 3. Impact of the
choice of OR on the
assessment of fore-
cast quality. A total of
440 seasonal retro-
spective forecasts of
SST in the Niño3.4 box
(11 models, 10 mem-
bers each integrated
for 4 months starting
from 1 May) are
correlated with four
ORs of SST for verifi-
cation over 1993 to
2009. For each OR, we
record the number of
times that this OR
yields the highest correlation. Numbers in parentheses before each OR indicate the average increase
in correlation when using that OR instead of ERSST4. Corresponding figures for an alternative metric
(RMSE) and an alternative test case (sea ice) can be found in the supplementary materials.

0                    100                 200 300                  400

Number of forecasts with highest correlation

(+0.04) ESA−CCI

(+0.03) ERA−Interim

(+0.03) HadISST

(+0) ERSST4

1m 2m 3m 4m
Forecast time

Fig. 4. Spatial distribution of observational reference quality. A total of 110 August SST forecasts
were correlated (reference period: 1993 to 2009) to four observational references (ORs, legend). For each
grid point, we display the OR that correlates best with most of the 110 forecasts.We show data only in grid
points where at least one forecast achieves a significant correlation with one OR. The black box is the
Niño3.4 region. Regions above 70°N or below 70°S are not considered, as these regions are usually ice-
covered.The percentages below the color bar indicate the fraction of the oceans covered by each color.The
corresponding figures for other months and alternative metrics can be found in the supplementary
materials.
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The differences in skill for different ORs, as
depicted in Fig. 3, might be interpreted as an
accidental result. Indeed, all forecasts are highly
correlated to each other (fig. S2). If, by chance,
the first forecast of the first model correlates
better with the ESA-CCI OR, then it is likely
that all subsequent forecasts would also tend to
correlate better with that particular OR. We show,
however, using bootstrapping and parametric
tests, that a result as extreme as the one shown
in Fig. 3 is very unlikely to have occurred by
chance (24). In addition, the better performance
of ESA-CCI in the Niño3.4 box is confirmed for
another widely used metric of performance, the
root mean squared error (RMSE) (25) (fig. S3).
Finally, to push the analysis even further, this
exercise is repeated on a different test case: sum-
mer Arctic sea ice extent prediction. In line with
SST analyses, results show that sea ice concentra-
tion products relying on more recent algorithms
tend to provide better estimates of model perfor-
mance, or presented the other way around, that
better observations are generally of higher skill
when assessed against available forecasts (see
supplementary materials for details).
The reasons why ESA-CCI outperforms other

ORs in the Niño3.4 box are difficult to trace back
formally. Indeed, the lack of information on SST
uncertainty in all products, except ESA-CCI itself,
precludes a clean comparison between the pro-
ducts’ quality (26). It is therefore not possible to
confirm whether the ESA-CCI error variance is
lower than that of other products, as we would
expect from lessons learned from the statistical
toy model. However, we can gain further under-
standing of the role of observational quality if
we extend the diagnostic of Fig. 3 to other re-
gions of the world (Fig. 4). The map suggests that
it is meaningless to designate any best OR in an
absolute sense. Rather, it is clearly noticeable that
where ORs are of a priori better quality, they score
better: ORs that are partially or fully based on
in situ data, shown in shades of blue, are more
skillful in areas of intense shipping such as the
North Atlantic (United States to Europe), the North
Pacific (United States to Japan and China), or
the Eastern Pacific (North America to South
America).
The central idea behind our contribution relies

on the symmetrical roles played by climate mod-
els and observational references as imperfect,
but complementary, sources of information about
reality. Symmetry enables one to revisit the con-
cept of climate model evaluation and to expand
it so as to simultaneously estimate the quality of
observational references. A corollary is that ORs
of higher quality will yield better skill scores to
climate models, with systematic and non-negligible
impacts on the estimated model performance.
From the modeling side, considering multiple
ORs in future model evaluation exercises such
as CMIP6 (27, 28) appears therefore as a priority.
From the observational side, quantification of un-
certainties will be vital to enable intercomparison
of ORs and to account for observational uncer-
tainty in model evaluation. In both cases, consid-
ering climate model evaluation as a bidirectional

exercise (and not unidirectional as assumed by
many up to now) is essential to remember that
observations, no matter how good they appear,
are also intrinsically uncertain.
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