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Warming of  
the climate 
system is 

unequivocal  

+ 0.85 °C 
[0.65 to 1.06] 
 (1880-2012) 

Intergovernemental Panel on Climate Change (IPCC) (2013) 
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Observations:  Ocean Chapter 3

Since AR4 the significant impact of measurement biases in some of 
the widely used instruments (the expendable (XBT) and mechanical 
bathythermograph (MBT) as well as a subset of Argo floats) on esti-
mates of ocean temperature and upper (0 to 700 m) ocean heat con-
tent (hereafter UOHC) changes has been recognized (Gouretski and 
Koltermann, 2007; Barker et al., 2011). Careful comparison of meas-
urements from the less accurate instruments with those from the more 
accurate ones has allowed some of the biases to be identified and 
reduced (Wijffels et al., 2008; Ishii and Kimoto, 2009; Levitus et al., 
2009; Gouretski and Reseghetti, 2010; Hamon et al., 2012). One major 
consequence of this bias reduction has been the reduction of an artifi-
cial decadal variation in upper ocean heat content that was apparent 
in the observational assessment for AR4, in notable contrast to climate 
model output (Domingues et al., 2008). Substantial time-dependent 
XBT and MBT biases introduced spurious warming in the 1970s and 
cooling in the early 1980s in the analyses assessed in AR4. Most ocean 
state estimates that assimilate biased data (Carton and Santorelli, 
2008) also showed this artificial decadal variability while one (Stam-
mer et al., 2010) apparently rejected these data on dynamical grounds. 
More recent estimates assimilating better-corrected data sets (Giese 
et al., 2011) also result in reduced artificial decadal variability during 
this time period.

Recent estimates of upper ocean temperature change also differ in 
their treatment of unsampled regions. Some studies (e.g., Ishii and 
Kimoto, 2009; Levitus et al., 2012) effectively assume a temperature 
anomaly of zero in these regions, while other studies (Palmer et al., 
2007; Lyman and Johnson, 2008) assume that the averages of sampled 
regions are representative of the global mean in any given year, and yet 
others (Smith and Murphy, 2007; Domingues et al., 2008) use ocean 
statistics (from numerical model output and satellite altimeter data, 
respectively) to extrapolate temperature anomalies in sparsely sam-
pled areas and estimate uncertainties. These differences in approach, 
coupled with choice of background climatology, can lead to significant 
divergence in basin-scale averages (Gleckler et al., 2012), especially in 
sparsely sampled regions (e.g., the extratropical Southern Hemisphere 
(SH) prior to Argo), and as a result can produce different global averag-
es (Lyman et al., 2010). However, for well-sampled regions and times, 
the various analyses of temperature changes yield results in closer 
agreement, as do reanalyses (Xue et al., 2012). 

3.2.2 Upper Ocean Temperature

Depth-averaged 0 to 700 m ocean temperature trends from 1971 to 
2010 are positive over most of the globe (Levitus et al., 2009; Figure 
3.1a). The warming is more prominent in the Northern Hemisphere 
(NH), especially the North Atlantic. This result holds in different anal-
yses, using different time periods, bias corrections and data sources 
(e.g., with or without XBT or MBT data) (e.g., Palmer et al., 2007; 
Durack and Wijffels, 2010; Gleckler et al., 2012; Figures 3.1 and 3.9). 
However, the greater volume of the SH oceans increases the contribu-
tion of their warming to global heat content. Zonally averaged upper 
ocean temperature trends show warming at nearly all latitudes and 
depths (Levitus et al., 2009, Figure 3.1b). A maximum in warming south 
of 30°S appears in Figure 3.1b, but is not as strong as in other analyses 
(e.g., Gille, 2008), likely because the data are relatively sparse in this 
location so anomalies are attenuated by the objectively analyzed fields 

Figure 3.1 |  (a) Depth-averaged 0 to 700 m temperature trend for 1971–2010 
(longitude vs. latitude, colours and grey contours in degrees Celsius per decade). (b) 
Zonally averaged temperature trends (latitude vs. depth, colours and grey contours in 
degrees Celsius per decade) for 1971–2010 with zonally averaged mean temperature 
over-plotted (black contours in degrees Celsius). (c) Globally averaged temperature 
anomaly (time vs. depth, colours and grey contours in degrees Celsius) relative to the 
1971–2010 mean. (d) Globally averaged temperature difference between the ocean 
surface and 200 m depth (black: annual values, red: 5-year running mean). All panels 
are constructed from an update of the annual analysis of Levitus et al. (2009).
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used for Figure 3.1 and because warming in the upper 1000 m of the 
Southern Ocean was stronger between the 1930s and the 1970s than 
between the 1970s and 1990s (Gille, 2008). Another warming maxi-
mum is present at 25°N to 65°N. Both warming signals extend to 700 
m (Levitus et al., 2009, Figure 3.1b), and are consistent with poleward 
displacement of the mean temperature field. Other zonally averaged 
temperature changes are also consistent with poleward displacement 
of the mean temperatures. For example, cooling at depth between 
30°S and the equator (Figure 3.1b) is consistent with a southward shift 
of cooler water near the equator. Poleward displacements of some sub-
tropical and subpolar zonal currents and associated wind changes are 
discussed in Section 3.6.

Globally averaged ocean temperature anomalies as a function of depth 
and time (Figure 3.1c) relative to a 1971–2010 mean reveal warm-
ing at all depths in the upper 700 m over the relatively well-sampled 
40-year period considered. Strongest warming is found closest to the 



Intergovernemental Panel on Climate Change (IPCC) (2013) 

It is extremely likely that 
human influence has been 
the dominant cause of the 

observed warming since the 
mid-century 
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International coordinated numerical experiments 
 

CMIP ”Coupled Model Intercomparison Project” 
 

Evaluate / Understand / Projections 
basis for IPCC Assessments 

Inform mitigation & adaptation policies 
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Evaluation of Climate Models Chapter 9
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Figure 9.6 |  Centred pattern correlations between models and observations for the annual mean climatology over the period 1980–1999. Results are shown for individual CMIP3 
(black) and CMIP5 (blue) models as thin dashes, along with the corresponding ensemble average (thick dash) and median (open circle). The four variables shown are surface air 
temperature (TAS), top of the atmosphere (TOA) outgoing longwave radiation (RLUT), precipitation (PR) and TOA shortwave cloud radiative effect (SW CRE). The observations used 
for each variable are the default products and climatological periods identified in Table 9.3. The correlations between the default and alternate (Table 9.3) observations are also 
shown (solid green circles). To ensure a fair comparison across a range of model resolutions, the pattern correlations are computed at a resolution of 4º in longitude and 5º in 
latitude. Only one realization is used from each model from the CMIP3 20C3M and CMIP5 historical simulations.
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absorbing aerosols, in particular carbonaceous species (Kim and Ram-
anathan, 2008), or to the omission of weak-line (Collins et al., 2006b) 
or continuum (Ptashnik et al., 2011) absorption by water vapour (Wild 
et al., 2006). 

One of the major influences on radiative fluxes in the atmosphere is 
the presence of clouds and their radiative properties. To measure the 
influence of clouds on model deficiencies in the TOA radiation budget, 
Figure 9.5 shows maps of deviations from observations in annual mean 
shortwave (top left), longwave (middle left) and net (bottom left) cloud 
radiative effect (CRE) for the CMIP5 multi-model mean. The figure (right 
panels) also shows zonal averages of the same quantities from two 
sets of observations, the individual CMIP5 models, and the  multi-model 
average. The definition of CRE and observed mean fields for these quan-
tities can be found in Chapter 7 (Section 7.2.1.2, Figure 7.7).

Models show large regional biases in CRE in the shortwave component, 
and these are particularly pronounced in the subtropics with too weak 
an effect (positive error) of model clouds on shortwave radiation in 
the stratocumulus regions and too strong an effect (negative error) in 
the trade cumulus regions. This error has been shown to largely result 
from an overestimation of cloud reflectance, rather than cloud cover 
(Nam et al., 2012). A too weak cloud influence on shortwave radia-
tion is evident over the subpolar oceans of both hemispheres and the 
Northern Hemisphere (NH) land areas. It is evident in the zonal mean 
graphs that there is a wide range in both longwave and shortwave CRE 
between individual models. As is also evident, a significant reduction 
in the difference between models and observations has resulted from 

changes in the observational estimates of CRE, in particular at polar 
and subpolar as well as subtropical latitudes (Loeb et al., 2009).

 Understanding the biases in CRE in models requires a more in-depth 
analysis of the biases in cloud properties, including the fractional cov-
erage of clouds, their vertical distribution as well as their liquid water 
and ice content. Major progress in this area has resulted from both the 
availability of new observational data sets and improved diagnostic 
techniques, including the increased use of instrument simulators (e.g., 
Cesana and Chepfer, 2012; Jiang et al., 2012a). Many models have 
particular difficulties simulating upper tropospheric clouds (Jiang et al., 
2012a), and low and mid-level cloud occurrence are frequently under-
estimated (Cesana and Chepfer, 2012; Nam et al., 2012; Tsushima et 
al., 2013). Global mean values of both simulated ice and liquid water 
path vary by factors of 2 to 10 between models (Jiang et al., 2012a; Li 
et al., 2012a). The global mean fraction of clouds that can be detected 
with confidence from satellites (optical thickness >1.3, Pincus et al. 
(2012)) is underestimated by 5 to 10 % (Klein et al., 2013). Some of the 
above errors in clouds compensate to provide the global mean balance 
in radiation required by model tuning (Tsushima et al., 2013; Wang and 
Su, 2013; Box 9.1). 

In-depth analysis of several global and regional models (Karlsson et al., 
2008; Teixeira et al., 2011) has shown that the interaction of boundary 
layer and cloud processes with the larger scale circulation systems that 
ultimately drive the observed subtropical cloud distribution remains 
poorly simulated. Large errors in subtropical clouds have been shown 
to negatively affect SST patterns in coupled model simulations (Hu 

CMIP5 (2008-2013) 
3400 simulated yrs up to > 12000 yrs 

50 expts up to > 160 expts 
2000 Tbytes (CMIP3: 36) 

 
29 modelling groups / 7 in Europe 

61 models / 17 in Europe 
 

> 1000 publications(ca 300/yr) 
 

Used for Regional coordinated expts 
CORDEX 

IPCC AR5 

Evaluate 

Projections 



IS-ENES : Infrastructure for ENES   
FP7 project  « Integrating Activities »  

 
1rst phase: March 2009- Feb 2013, 18 partners 
2nd phase: Apr 2013- March 2017, 23 partners 

http://enes.org/ http://is.enes.org/ 

High-performance computers 
& storage facilities 

Climate models 
Environment software tools 

ESM ca 1000 man years 

Data & metadata  
Standards 

Distributed database ESGF 
 10 000 registered users worldwide 

Open access 

Climate research & Impact research 
Climate services 

 

Support WCRP  international  experiments 

Used in IPCC Assessments Reports  

      



Ref: from Doutriaux and Taylor, 4th ESGF meeting, 12/2014 

Adoption of common standards 
Climate data: structure, format, metadata, 

vocabulary 
Document Model/experiments (ES-DOC) 

Standardization enables/facilitates 
Analysis using uniform methods  
Unique identification of files 
Sharing of data across the ESGF network 

A common infrastructure 
distributed database & standards 

Open source software 
International, Community led : GO-ESSP, WIP 

Multi-agencies support: DOE, NOAA, NASA, IS-ENES, NCI 



ESGF worldwide system 

ESGF Users 
eg IPSL data node 

ca	  10	  000	  registered	  users	  
ca	  30	  TB/mth/node	  transfer	  

CMIP5 
2 PB of data 

59 000 datasets 
4.5 million files 

 
Open access 

Registration required  
Very few restrictions 
for commercial use 



CMIP5 model performance 
IPCC	  AR5	  WGI,	  chap	  9	  
Based	  on	  Gleckler	  etal.	  (2008)	  

Variables	   Space-‐=me	  root	  mean	  square	  error	  	  

Normalized	  	  
Vs	  median	  error	  
Of	  all	  models	  

worse	  

beCer	  

Mul=-‐model	  	  
Mean	  

2	  sets	  
observa=ons	  

1980-‐2005	  



Observa(ons	  
CALIPSO-‐GOCCP	  

Cesana and Chepfer 
GRL, 2012 

Models	  

Models	  

Obs4MIP: Observations for Model Intercomparison Projects 
CMIP5: initial phase 



Global model 

Regional climate model  

Dynamical downscaling 
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Figure 3 706 

GCM	  

RCM44	  

RCM11	  

EURO4M	  

Coordinated Regional Downscaling Experiments 
CORDEX (dynamical & statistical) 

Torma	  et	  al.,	  JGR,	  2015	  

Precipita(on	  
Over	  the	  Alps	  

 ~44 km 
 
 
 

 ~12 km 

 ~100-200 km 



Impact models: use of bias corrected GCM simulations 

Temperature change  
at which ecosystems are at severe risk of change 

ISIMIP from CMIP5 

Warszawski et al. ERL (2013) 

Caminade et al., PNAS (2013) 

Impact on malaria distribution 

Environ. Res. Lett. 8 (2013) 044018 L Warszawski et al

Figure 4. Median 1GMT (averaged over a 30-year window), across all ecosystem models and RCP 8.5 climate runs (ensuring that all runs
reach 1GMT = 4 �C), at which the ecosystem is projected to first be at risk of severe change (0 > 0.3, during the period 1994–2084). Each
pixel is coloured according to the median temperature across all RCP 8.5 GCM runs above which severe ecosystem change is projected. In
the case that a severe change is not experienced, pixels are coloured grey. Where fractional vegetation cover is less than 2.5%, pixels remain
white. Where more than half the models do not cross the 0 = 0.3 threshold, pixels are coloured grey. White cells have either <50%
naturally vegetated land surface according to [28] or <2.5% vegetation cover. The spread in the value of 0 arising from GCMs and
ecosystem models is shown in figure 5.

the differences in process implementation across the GVMs
lead to the greatest discrepancy in projections of ecosystem
change. Global aggregations such as reported in figure 3
should therefore be treated cautiously, as they can obscure the
fact that these global values arise from significantly different
spatial distributions of change.

2.4. Model agreement and uncertainty

At 1GMT = 4 �C (reached only using RCP 8.5; see table S3),
the uncertainty in 0 arising from the GVMs is on average
approximately twice as large as the uncertainty arising
from the GCMs (shown as the standard deviation in 0

across GCMs and GVMs in the top and bottom panels
of figure 5 respectively). The standard deviation across the
ecosystem models is particular high in south-eastern North
America, Turkey, south-east Australia, the Tibetan Plateau,
south-east India, Canada and southern South America. In
many of these regions, LPJmL and Hybrid project relatively
large changes in vegetation composition, which cannot
be mimicked in those models without dynamic vegetation
composition. Additionally, differences across impact models
are considerably more pronounced at 1GMT = 4 �C
compared to 2 �C (see figure S16, available at stacks.iop.org/
ERL/8/044018/mmedia), in line with the conclusions drawn
from figure 2. Major differences in the behaviour of stomatal
conductance in response to vapour pressure deficit may
contribute to spread in the ecosystem models, in particular
in tropical forests. Mortality is also handled differently across
the models, which contributes to the factor of two difference in
carbon residence times across the models [46], and contributes
particularly strongly to the uncertainty in 0 projections in
the northern latitude boreal forests. In addition, the shifts
in this region are driven strongly by the response, among

other processes, of water-use efficiency to atmospheric CO2
concentration, which is shown in figure S3 (available at
stacks.iop.org/ERL/8/044018/mmedia) to vary greatly across
the ecosystem models. Despite these differences in the
magnitude of 0, at 1GMT = 4 �C approximately 60% of
all combinations of ecosystem model and GCM project 0 >

0.3 across the northern Amazon forest, southern India and
the Tibetan Plateau (see figure S17 for the percentage of
model runs agreeing on 0 > 0.3 at different levels of global
warming, available at stacks.iop.org/ERL/8/044018/mmedia).

Uncertainty in the projections of risk of ecosystem
change arising from the GCMs dominates the Sahel region,
where the median temperature at which the median 0 first
exceeds 0.3 is 2.5 �C < 1GMT < 3.5 �C and water fluxes
dominate 0 (see figure 1). 0 in the monsoon region of India is
also dominated by uncertainty arising from the GCMs, where
the relative change in discharge compared to present day is
also projected to increase by over 30% based on multi-model
projections conducted as part of ISI-MIP [49]. It is interesting
to note that very few of the regions of projected risk of
severe ecosystem change correspond to regions projected to
get drier under climate change. This most likely arises from
the increased water-use efficiency of plants under elevated
atmospheric CO2, which help to counter this effect.

2.5. Biodiversity hotspots

In many cases, the regions projected to be threatened by
severe ecosystem change at 1GMT > 2 �C coincide with
regions that harbour exceptional biodiversity according to
‘The Global 200’ (compiled by [42] and comprising 142
terrestrial regions, see figure S18, available at stacks.iop.org/
ERL/8/044018/mmedia). This set of regions was selected by
analysing patterns of biodiversity to identify distinctive and
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ENES Infrastructure Strategy Roadmap 
Mitchell et al., 2012 

 

« CORDEX » 

« CMIP5 » 

A grand challenge :  
Towards ≈ 1 km scale for atmosphere 

resolving deep convective clouds 
in global climate models 

NASA 

http://enes.org/ 



P.L. Vidale pers comm 

Impact on simulated tropical cyclones 

Increasing spatial resolution:  
an important step to represent extreme events 

HADGEM3 
PRACE UPSCALE 
PL Vidale (NCAS) 
M. Roberts (MO/

HC) 

130 km 60 km 

25 km 
Observations 

CMIP6 
2015-2020 

  
Multi model  
Global 25 km 

 
Challenge 
For HPC 

  
(PRACE 2 ?) 



Data issue 
 

CMIP5    ≈ 2 to 3 PB 
CMIP6    x 5 to  20 ? 

  
Earth System Grid Federation 

 
 
 
 
 
 
  
 
 

Model data expected to grow exponentially (resolution, number of simulations) 

Strong demand from society : « Climate Services » 

 Need to have analysis and  computation where data are  

Overpeck et al. (Science 2011) 

On-going international project:  
G8 ExArch 



Challenge	  of	  Climate	  Services	  

Global	  Framework	  for	  Climate	  Services	  



Climate research 

Common data infrastructure for 
Modelling (global, regional, impacts)  

& Observations (satellite, reanalyses …) 

Challenges for ICT 

Need for world-class computing to provide very high resolution 
climate simulations 

Big data issues: Compute where data are located, storage 

Serving society : challenge of climate services 

Open research infrastructure (still some commercial restrictions) 
Need targeted approaches (inter & trans- disciplinary) 

How to integrate socio-economic data  

Conclusions 



Thank you !   

SeaWIFS Project (NASA/GSFC et Orbimage) 


