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Identifying Causes of ITCZ Drift in Two Versions
of the ECMWF Seasonal Forecast Model
Background and Approach
Seasonal forecasts have now become a regular part of the forecast cycle at many operational
weather centres (for example, Molteni et al, 2011; MacLachlan et al, 2014; Saha et al, 2014), and are
performed using the same base general circulation model used to perform climate simulations.
However, there are systematic biases present in these models which, despite over twenty years of
progress, have yet to be resolved (for example, Mechoso et al, 1995; AchutaRao and Sperber, 2006; Li
and Xie, 2014). Currently, these biases are fixed during post-processing using bias correction methods
(Stockdale, 1997). To make progress, we need to identify the root cause of these systematic biases.
There have been a great many studies over the years into the origins of the two main systematic biases
in the tropical Pacific – the cold-tongue error (AchutaRao and Sperber, 2006) and the double ITCZ
problem (Lin, 2007). However, there tends to be little commonality between the approaches used by
the studies.
A more systematic framework was proposed by Vannière et al (2012, 2014), that uses seasonal
hindcasts and a dedicated set of model simulations to identify the root cause of sea-surface temperature
biases in the tropical Pacific. In this study conducted as part of the SPECS project (Shonk et al, 2016)
we employ the method of Vannière et al (2014) to identify the root cause of a systematic bias in the
ECMWF System 4 model (the model used at ECMWF operationally for seasonal forecasting; Molteni
et al, 2011). Preliminary analysis shows that errors start to develop in the western tropical Pacific, so
we focus our attention here – namely, on the tendency for the model ITCZ to drift to the north. Figure
1(a, c) compares monthly climatological rainfall values from the TRMM dataset (Kummerow et al,
2000) with the “climatology” of System 4 – that is, rainfall from the seventh month of hindcasts –
averaged over the winter and summer seasons. A northward drift of the ITCZ is evident across much of
the western and central Pacific. Using both fully operational (“coupled”) and atmosphere-only
(“uncoupled”) hindcasts, we examine the time scales on which various meteorological fields fall into
error and, using scientific logic, build a hypothesis of the chain of events that leads to the spurious
northward drift of the ITCZ in this region in System 4. We then compare the initial drift in System 4
hindcasts with a comparable set of hindcasts made using a newer version of the ECMWF seasonal
forecast system (intended as a forerunner of System 5 – model cycle 41R1) and examine the effects of
model updates on the error development.
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Figure 1. Rainfall errors in the two versions of the ECMWF model over the Pacific Ocean, averaged over
December, January and February (top row) and June, July and August (bottom row). The “observed”
rainfall is monthly estimates from the TRMM dataset. The corresponding monthly data from System 4
are taken as the seventh month of the hindcasts; from System 5, these are taken as the fifth, sixth and
seventh months as hindcasts are only available starting every three months. Rainfall is averaged over
years 1998 to 2009. The “P” box is marked on the panels – this is used later to define our area of
interest.

The ITCZ Drift in System 4
Our area of interest is the “P” box, marked on the panels of Figure 1. We define the ITCZ location
in this region in terms of the zonally averaged rainfall distribution. The ITCZ is defined as the region
where the zonally averaged rainfall is greater than half of the maximum value. The ITCZ position is
then defined as the latitude centroid of the rainfall within this region. The corresponding location of the
ITCZ in the coupled System 4 model data and the observed data is compared in Figure 2(a,c). The
black line shows the location of the ITCZ in the TRMM data; each coloured line shows how the
location of the ITCZ drifts over the seven months of hindcast. During this period, the model ITCZ is
seen to drift to the north with a displacement of between 0.5° and 3° latitude, with the greater drift in
the summer months.
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Figure 2. Evolution of the location of the ITCZ throughout the year in the “P” box, determined for
observation data from TRMM (black line) and model hindcast data from the ECMWF model (coloured
lines). The top row shows the absolute position of the ITCZ; the bottom row shows the bias in location with
respect to the observation, averaged over years 1998 to 2009. The panels on the left show the position for
System 4; those on the right show the position for System 5. Common available start months have been
highlighted in colour; the other months in the coupled hindcasts are shown in grey.

The reason for this northward displacement can be traced to errors in sea-surface temperature
on the equator. Figure 3(a) shows a longitude—time plot of the developing error in sea-surface
temperature, averaged over latitudes 2° south to 2° north, for the System 4 hindcasts starting in
February. Biases are with respect to version 2 of the OISST dataset (Reynolds et al, 2007). The cold
bias in the equatorial Pacific builds in two separate regions in the System 4 model. First, there is a large
cold bias in the east that develops rapidly in the longitude range 160° to 110° west, which is the classic
cold tongue bias signal. Second, there is a cooling in the west, developing between 150° and 170° east
in longitude that builds gradually and becomes statistically significant after about 10 days. It is clearly
a separate feature to the cooling in the east, as it grows independently and is not just an extension of the
stronger eastern Pacific error. This cooling has the effect of rapidly redistributing temperature around
the equator by causing substantial changes to the north—south temperature gradient of the ocean within
a few degrees of the equator, reducing it in some seasons and indeed reversing it in others, such that the
warmest temperatures shift away from the equator. This cooling suppresses rainfall on the equatorial
side of the ITCZ and drives the ITCZ northwards.
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Figure 3. Longitude—time plots of sea-surface temperature bias in the two models, averaged over
latitudes 2° south to 2° north, for hindcasts from System 4 (left) and System 5 (right) starting in
February. Coloured contours show the developing cold bias; the red contour encloses the region where
the errors are statistically significant at 95%. Biases have been calculated with respect to OISSTv2. The
insignificant side of this contour is indicated by a single grey contour.

The cooling of the sea surface on the equator is found to be caused by errors in local winds.
Further analysis of longitude—time plots (figures not shown) reveals that, over the areas of the
equatorial western Pacific where the cooling was occurring, there is a significant increase in the
magnitude of the zonal wind stress, indicative of trade winds that were too strong. There was also a
collocated region of excess latent cooling, which we determined to be the main link between the two
errors. It was also of note that the development of zonal wind stress errors in the coupled and
uncoupled hindcasts from System 4 were strikingly similar over the first 20 days – a sign that the cause
of the wind error is in the atmosphere component of the model.
Furthermore, the wind error is found to develop rapidly. After ten days of hindcast, a wind error is
present over much of the western equatorial Pacific, extending from the surface to a height of about
600 hPa. Aloft, there is a compensating anomalous westerly flow. Figure 4(a, c) shows maps of errors
in wind vector at 850 hPa, averaged over the first and second ten days of System 4 hindcasts starting in
February. Wind field errors are with respect to the ERA-Interim dataset (Dee et al, 2011). The easterly
error is evident, spanning longitudes from 120° east to about 150° west after ten days and extending
further east by 20 days. The speed at which the wind error develops (significant wind errors start to
develop after just one day) led to the suspicion that convection may be at the heart of the problem.
However, a delay in the timing between the onset of wind errors near the surface and aloft suggested
otherwise. Indeed, examination of Figure 4(a, c) shows that, while the wind error is reasonably constant
in the first and second ten days, the error in rainfall shows a marked increase in the second ten days. If
convection were the cause of the wind errors, we would expect the errors in wind and rain to develop
concurrently.
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Comparison of System 4 and “System 5”
We conclude by comparing the initial drift between System 4 and an improved version of the
ECMWF seasonal forecast model. Development of the model is constantly ongoing, and current
progress is towards the creation of an updated operational seasonal forecasting model, to be named
System 5. For this study, we use some coupled seasonal hindcasts from model cycle 41R4 (a forerunner
of System 5). A number of updates are included in the new cycle, including slightly weaker stochastic
physics. For brevity, we refer to this newer model as System 5.
Figure 1 compares the “climatological” model error in rainfall for the two systems. In both
seasons, the improved model still shows a tendency for the ITCZ to be situated to the north of where it
should be, although System 5 does show some signs of improvement in rainfall error in parts of the
Pacific. West of longitude 150° east and north of latitude 5° north, there are signs of the wet bias being
reduced, while the strip of dry bias located to the south of the main wet bias across the Pacific is also
reduced. However, there is an extra wet bias introduced over the eastern Pacific, running from about
120° west and 5° north to the South American coast. Despite these changes, the drift of the ITCZ to
the north in the “P” box is very similar in the two model versions. Figure 2 shows the drift of the ITCZ
location. While there are some subtle differences in location between the two models, the overall
tendency of the ITCZ drift is largely unchanged, in terms of both the extent of the drift and its
seasonality.
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Figure 4. Maps of errors in rainfall (in mm d–1; colours) and wind vector at 850 hPa for the two models,
from the hindcasts starting in February. The top two panels show the average error over the first ten
days of hindcast; the bottom two show error in the second ten days. Errors are with respect to TRMM
(rainfall) and ERA-Interim (wind).
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Figure 3 reveals a notable improvement in System 5. The changes made have massively reduced
the cold tongue error from about 2 °C after 60 days to less than 1 °C. However, the changes have done
very little to affect the cooling of the sea surface in the western Pacific – the onset of the error happens
at about the same time in the two model versions and the structure of the cooling error in space and
time is very similar. Figure 4, which focusses only on the first 20 days of hindcast, supports this. Over
this period, there is little difference in the large-scale circulation pattern and the easterly wind errors
over the western and central Pacific are still present. Furthermore, the location of the rainfall errors in
the two systems are very similar.

Summary and Conclusions
In this project so far we have aimed to build an understanding of the chain of causality that leads to
the spurious northward drift of the ITCZ in the ECMWF System 4 seasonal forecast model. Using just
a set of fully coupled and atmosphere-only (uncoupled) hindcasts, we were able to make much progress
and trace the error back to an error in the winds in the atmosphere component of the model. The trade
winds are too strong in the model over the western Pacific, which leads to an excessive cooling on the
equator, mainly driven by latent heat effects. The subsequent cooling of the sea surface changes the
north—south sea-surface temperature gradient, which moves the rainfall of the ITCZ to the north.
Comparison of the coupled System 4 hindcasts with comparable hindcasts using an updated
version of the model (“System 5”; actually a forerunner of what the ECMWF will eventually call
System 5) reveal that, while the improvements to the model do improve the eastern Pacific cold tongue
bias, they do little to affect the northward drift of the ITCZ in the western Pacific and that the overall
development of the bias is very likely to be caused by the same chain of events.

REFERENCES
•

AchutaRao K and Sperber K; 2006. “ENSO Simulations in Coupled Ocean—Atmosphere
Models: Are the Current Models Better?”. Climate Dynamics #27; 1—16.

•

Dee DP, Uppala SM, Simmons AJ, Berrisford P, Poli P, Kobayashi S, Andrae U, Balmaseda
MA and Co-authors; 2011. “The ERA-Interim Reanalysis: Configuration and Performance of
the Data Assimilation System”. Quarterly Journal of the Royal Meteorological Society #137;
553—597.

•

Kummerow C, Simpson J, Thiele O, Barnes W, Chang ATC, Stocker E, Adler RF, Hou A and
Co-authors; 2000. “The Status of the Tropical Rainfall Measuring Mission (TRMM) after Two
Years in Orbit”. Journal of Applied Meteorology #39; 1,965—1,982.

SPECS (308378) D22.3

-9-

•

Li G and Xie SP; 2014. “Tropical Biases in CMIP5 Multimodel Ensemble: the Excessive
Equatorial Pacific Cold Tongue and Double ITCZ Problems”. Journal of Climate #27; 1,765—
1,780.

•

Lin JL; 2007. “The Double-ITCZ Problem in IPCC AR4 Coupled GCMs: Ocean—Atmosphere
Feedback Analysis”. Journal of Climate #20; 4,497—4,525.

•

MacLachlan C, Arribas A, Peterson KA, Maidens A, Fereday D, Scaife AA, Gordon M,
Vellinga M and Co-authors; 2014. “Global Seasonal Forecast System Version 5 (GloSea5): a
High-Resolution Seasonal Forecast System”. Quarterly Journal of the Royal Meteorological
Society #141; 1,072—1,084.

•

Mechoso CR, Robertson AW, Barth N, Davey MK, Delecluse P, Gent PR, Ineson S, Kirtman B
and Co-authors; 1995. “The Seasonal Cycle over the Tropical Pacific in Coupled Ocean—
Atmosphere General Circulation Models”. Monthly Weather Review #123; 2,825—2,838.

•

Molteni F, Stockdale T, Balmaseda M, Balsamo G, Buizza R, Ferranti L, Magnusson L,
Mogensen K, Palmer T and Vitart F; 2011. “The New ECMWF Seasonal Forecast System
(System 4)”. ECMWF Technical Memorandum #656.

•

Reynolds RW, Smith TM, Liu C, Chelton DB, Casey KS and Schlax, MG; 2007. “Daily HighResolution-Blended Analyses for Sea-Surface Temperature”. Journal of Climate #20; 5,473—
5,496.

•

Saha S, Moorthi S, Wu X, Wang J, Nadiga S, Tripp P, Behringer D, Hou YT and Co-authors;
2014. “The NCEP Climate Forecast System Version 2”. Journal of Climate #27; 2,185—2,208.

•

Shonk JKP, Guilyardi E,Woolnough SJ, Toniazzo T and Stockdale, T; 2016. “Identifying
Causes of ITCZ Drift in ECMWF System 4 Hindcasts”. submitted to Climate Dynamics.

•

Stockdale TN; 1997: “Coupled Ocean—Atmosphere Forecasts in the Presence of Climate
Drift”. Monthly Weather Review #125; 809—818.

•

Vannière B, Guilyardi E, Madec G, Doblas-Reyes FJ and Woolnough S; 2012. “Using Seasonal
Hindcasts to Understand the Origin of the Equatorial Cold Tongue Bias in CGCMs and Its
Impact on ENSO”. Climate Dynamics #40; 963—981.

•

Vannière B, Guilyardi E, Toniazzo T, Madec G and Woolnough S; 2014. “A Systematic
Approach to Identify the Sources of Tropical SST Errors in Coupled Models Using the
Adjustment of Initialised Experiments”. Climate Dynamics #43; 2,261—2,282.

SPECS (308378) D22.3

- 10 -

Identifying Causes of warm SST bias in the coastal eastern boundary
of the Tropical Atlantic
In the EC-Earth Seasonal Forecast Model
Most GCMs in CMIP dataset exhibit a systematic warm SST bias in the coastal eastern boundary of the
Tropical Atlantic (Richter and Xie 2008, Toniazzo and Woolnough 2013, Richter 2015). At BSC, we
explore the mechanisms that generate those systematic biases, assessed by a historical simulation, by
analysing the fast growing error in two initialized seasonal forecasts at different resolution (Table 1).
We use the EC-Earth, version 3.1, climate model (Hazeleger et al., 2012) at two configurations: the
standard resolution (SR), which has roughly 80 and 100 km horizontal resolution in the atmosphere and
in the ocean, and the high resolution (HR) which has roughly 40 km and 25 km horizontal resolution in
the atmosphere and in the ocean, respectively (Table1). The historical run is at HR configuration, is 40
years long, and is initialized by a spinup run, where the model has reached quasi-equilibrium. Thus the
differences between the historical run (referred to as HR-Historical from now on) and the observations
can be considered to be the model systematic biases. The seasonal forecasts are initialized by
GLORYS2V1 reanalysis (Ferry et al., 2010) in the ocean and sea ice, and by ERAinterim reanalysis
(Dee et al., 2011) in the atmosphere. The forecasts are initialized every 1st of May and every 1st of
November between 1993-2009, are four months long and contain 10 ensemble members, where each
member is initialized from slightly perturbed atmospheric initial conditions, and they are performed at
both configurations (SR-Forecast and HR-Forecast). The differences between the two forecasts and the
observations are describing the time-evolving model drift, which is converging with time to the model
bias. Here, we analyze the model drift from the two forecasts, in order to gain insight of the
mechanisms generating the model bias.
The model bias of HR-historical with respect to HadISST (Rayner et al., 2003), is shown in Figure 1.
Two main features characterize this bias: a warm bias develops at the eastern boundaries of the Atlantic
ocean, and an overall cold bias develops everywhere else. The warm bias is mainly localized in the
Southern hemisphere and it is particularly strong along the coast of Angola and Namibia, reaching 2
degrees C. This area (denoted with a box in Figure 1) we call from now on SETA (from South-Eastern
Tropical Atlantic).
In Fig 2 the forecast bias (here defined as the difference between the transient forecast and the
observations) for the HR-forecast experiment is shown. The forecast is drifting to its equilibrium, so
the forecast bias converges with time to the model bias shown in Figure 1 while the drift converges to
zero. The forecast bias develops very quickly from the first
to the second month and stabilizes afterwards. The weaker amplitude of the forecast
bias in May compared to June and July can be partly attributed to the seasonal cycle of the model bias
(shown in Figure 1). During winter forecasts, however, the November bias in HR-Historical is stronger
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than in December, January and February, which implies that the weaker amplitude of the November
forecast bias compared to the rest of the
months can be attributed to the model drift.
The impact of the model resolution on the forecast bias is assessed by comparing
HR-Forecast to SR-Forecast (Figure 3). Regions where HR-forecast is better than the SR-Forecast are
over the coast in SETA, but also further inshore and close to 5◦S in January and February. SR-Hind is
better in small regions close to the equator at 0◦W and close to the coast 25◦S in December, January
and February. Generally, HR-Forecast has overall weaker bias in areas outside the western equatorial
Atlantic and SETA, but only in January and February. Tn terms of area, there is an improvement from
high resolution in less than 8% of the total Tropical Atlantic area (the whole area depicted in Fig 3),
and this area is mostly outside the SETA and west equatorial region (the 2 boxes in Figures 2&3). This
result suggests that increasing model resolution does not improve much the model bias in the Tropical
Atlantic in EC-Earth.
The warm biases over SETA are likely related to the increased solar fluxes, which in turn are related to
less clouds in the model close to the coastal boundaries, as shown for the months of May and
November in Fig 4. The biases in the clouds and in the solar fluxes are present already from the first
day of both the summer and the winter forecast (not shown here), suggesting that they are an inherent
bias of the atmospheric model, causing from the first day of the forecast excessive solar fluxes over the
Tropical Atlantic and contributing to the warm SST bias.
Exp

SR-Forecast

HR-Forecast

HR-Historical

Atm Resolution

T255L91

T511L91

T511L91

Ocean Resolution ORCA1L46

ORCA025L75

ORCA025L75

Ocean
initialization

GLORYS2V1

GLORYS2V1

spin-up

Ice initialization

GLORYS2V1

GLORYS2V1

spin-up

Start date

Every 1st May/1st
November

Every 1st May/1st
November

1st January 2016

Duration

4 months

4 months

40 years

Period

1993-2009

1993-2009

1960-2000

Table 1: Summary of experiments used in this study.
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Figure 1: Bias in SST (in degrees C) for the HR-Historical experiment with respect to HadISST, for
May to August (top row) and for November to February (bottom row). The box in the top right panel
denotes the SETA region.

Figure 2: Forecast bias (defined as the differences between the time mean of the forecast for each
month for the period 1993-2009 and the observations) in SST (in degrees C) for the experiment HR-
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Forecast with respect to HadISST. The box in the top right panel denotes the SETA region, and the
second box denotes the maximum negative SST bias in the equatorial Atlantic.

Figure 3: SST differences SR-Forecast minus HR-forecast, where dotted (dashed) areas indicate
regions where the SR-Forecast experiment has significantly larger (smaller) bias (at a 90% confidence
level) than HR-Forecast (HadISST is used as a reference observational dataset).

Figure 4: The colored contours denote the forecast biases in downward solar fluxes for the SR-Forecast
experiment with respect to TropFlux (Kumar et al., 2012), for May and November. The hatched pattern
denotes areas where the model has at least 5% less total cloud fraction than observations, whereas the
dashed pattern denotes areas where the model has at least 5% more total cloud fraction then
SPECS (308378) D22.3
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observations (cloud fraction is daytime only). The reference dataset for total cloud cover observations
is ISCCP (Rossow et al, 1996).
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Mechanisms leading to Arctic sea ice biases in EC-Earth 2.3
Context and objectives
The EC-Earth climate model, as all dynamical models, has biases (Hazeleger et al., 2010). EcEarth 2.3 is formed by NEMO as the ocean component and IFS as the atmospheric component. ORCA
is the generic name that refers to the tripolar grids used by the NEMO model; the ORCA1
configuration corresponds to a horizontal resolution of 1o in the Extratropics with a refined meridional
resolution in the Tropics down to 0.3o at the Equator. The IFS climate model has 62 vertical levels and
uses a TL159 horizontal resolution. The atmospheric and ocean components are coupled together via
the coupler OASIS3.
The main objective of this section is to investigate the mechanisms for the development of ECEarth 2.3 Arctic sea ice biases. To this aim, we will analyze retrospective seasonal climate predictions.
The main interest of these simulations is that, due to initialization from observations, we can track the
development of the model bias from zero to reach a stabilization level, i.e. the typical inherent model
bias. This makes it easier to pin down the mechanisms by which the bias develops and the initial cause
for these biases compared to historical simulations, in which the biases are already at their stabilisation
level. The SIC spatial biases which are inherent to EC-Earth 2.3 are assessed by using a three-member
historical simulation covering the 1979-2011 period (Figures 5a and b).

Methodology
PredEC2.3 Experiment and model
PredEC2.3 is a retrospective seasonal prediction experiment carried out with EC-Earth 2.3
which climate predictions have been initialized on 1st May and 1st Novem-ber every year from 1979 to
2012. The predictions have been run for one year. The different members of the PredEC2.3 predictions
have been generated by initializing the ocean from the 5 different members of the Ocean Reanalysis
System 4 (ORAS4) (Balmaseda et al., 2013; Mogensen et al., 2011), initializing the sea ice from the 5
different members of the sea ice reconstruction of Guemas et al. (2014) and introducing singular vector
perturbations (Du et al., 2012) in the atmospheric initial conditions from ERA-Interim (Dee et al.,
2011).
Observational reference
The observational data used for evaluating the sea ice extent comes from the Na-tional Snow
and Ice Data Center (NSIDC) (Cavalieri et al., 1999). For the ocean heat content, we used ORAS4.
ORAS4 is a reanalysis of the ocean implemented at the European Centre for Medium-Range Weather
Forecasts (ECMWF), performed with a 3-dimensional variational data assimilation system based on the
version 3.0 of the NEMO ocean model in the ORCA1 configuration, where profiles of observed
temperature and salinity from a quality controlled EN3v2a data set (Ingleby and Huddleston, 2007), and
along track sea level anomalies from satellite altimeter data were assimilated. The assimilation cycle
was 10 days and a bias correction method was included. For the snow precipitation, we used the ERA-
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Interim dataset. It is a global atmospheric reanalysis covering from 1979 to present and is produced
with a 2006 version of the IFS model (Cy31r2). This reanalysis continues to be updated in real time.
The system includes a 4-dimensional variational analysis (4D-Var) with a 12-hour analysis window.
The spatial resolution of the data set is approximately 80 km (T255 spectral) on 60 vertical levels from
the surface up to 0.1 hPa. Regarding the shortwave radiation, we used the Drakkar Forcing Sets 5.2
(DFS5.2) based on the ERA-Interim reanalysis, but corrected by observations. ERA-Interim provides
the surface atmospheric variables every 3 hours on a regular grid of resolution 0.7◦. The observational
data used for the surface temperature was the HadCRUT4 (Morice et al., 2012). It is a gridded dataset
of global historical surface temperature anomalies. It is produced by blending data from the CRUTEM4
surface air temperature dataset (Jones et al., 2012) and the HadSST3 sea-surface temperature dataset
(Kennedy et al., 2011a,b). Data are available for each month since January 1850, on a 5 degree grid.

Figure 1 – Map of the Arctic seas as defined for this study.
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Diagnostics
We estimated the model climatology as the average annual cycle computed over our reference
period (1979-2012; Figure 2) from a 3-member historical simulation run with EC-Earth 2.3 as well.

Figure 2
– Total
Arctic
sea ice
extent
climatol
ogies for
the
PredEC2
.3
predictio
ns
initialize
d in May
(in red),
in
November (in blue), the historical simulation (in green) and the corresponding NSIDC
observational data, in million square kilometres.
We then estimated the inherent model bias (stabilized bias) as the di erence between the model
climatology and its observed equivalent. In our PredEC2.3 pre-dictions, the bias tends to increase along
the forecast from null at the initialization date until it reaches the model inherent bias (i.e. the bias that
is obtained in historical simulations) and stabilizes at that level. The evolution of the prediction bias
with forecast time is the drift.
The sea ice extent was computed for the total Arctic and for each of its seas, as defined in
Figure 1, to estimate what are their contributions to the total Arctic drift. To investigate the origin of
the Arctic sea ice extent drift, we also calculated the drift for other variables such as the ocean heat
content or the short-wave radiation, and their regional contributions to the total Arctic drift for each of
the seas shown in Figure 1.

Results
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The total Arctic sea ice extent climatology and drift for the experiment initialized in November
(Figure 3) show that there is an underestimation close to 1.5 million km2 from November to May with
respect to the observational data, which corresponds to a larger bias by 0.3 million km2 compared to the
forecasts initialized in May. Note also the higher underestimation during the summer, peaking at more
than 2 million km2 and the weaker underestimation in September by 0.3 million km2. The predictions
both in November and in May seem to experience an initial shock which makes the initial bias
substantially larger than in the historical simulation. The seasonal cycle of the bias is very close
between both experiments. Therefore, the bias seems to have stabilized very quickly, i.e. in less than
one month, but not at the level of the historical simulation. We will investigate this puzzling feature
through regional SIE drift and spatial maps of SIC biases.

Figure 3 – Total Arctic sea ice extent prediction drift for the PredEC2.3 experiment initialized in
May (in red), initialized in November (in blue) and the historical simulation (in green).
Based on their seasonal cycle of SIE bias we could divide the Arctic seas into two groups: the
peripheral seas (Figures 4 a-g), which have null or almost null SIE and therefore SIE bias in summer
and the largest bias appears in winter, and the interior Arctic seas (Figures 4 f-p), which have null or
almost null bias during the winter for being fully ice-covered, having maximum SIE bias in summer.
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Figure 4 – Sea ice extent prediction drift for the PredEC2.3 experiment initialized in May (in red)
compared with the PredEC2.3 predictions initialized in November (in blue) and the historical
simulation (in green) for the Norwegian (a), Greenland (b), Icelandic (c), Labrador (d), Ba n Bay (e),
Bering (g), Okhotsk (h), Barents (i), Hudson Bay (j), Kara (k), Chukchi (l), Central Arctic (m),
Beaufort (n), East Siberian (o) and Laptev seas (p).
The Greenland sea bias (Figure 4 b) is around 0.05 million km2 in the predictions for the first
few months, which is substantially lower than the bias of about 0.15 million km2 which is present in the
historical simulation. The prediction initialized in November seems to tend toward the bias of the
historical simulation during the growing season, but the bias increases again toward the bias of the
prediction initialized in May afterwards. In the Norwegian, Icelandic and Bering Seas (Figures 4 a, c, f,
correspondingly), the predictions initialized in May tend to converge toward the historical simulation
during the growing season but there is no convergence in the predictions initialized in November. For
the Labrador and Okhotsk seas (Figures 4 d and g) there is no convergence at all. In the Labrador sea,
the bias tends even to have an opposite sign to the one of the historical simulation in the predictions,
which indicate highly complex and non-linear processes for the inherent model bias to settle in that
region. We won’t be able to investigate the reasons for the bias in this particular region. The bias in the
Ba n Bay (Figures 4 e) is very weak in the historical simulation. We can see much larger biases in the
prediction which are influenced by surrounding regions and correspond to intermediate states only.
Within the second group, the Kara SIE for the experiment initialized in November (Figure 4 j)
shows an underestimation of about 0.2 million km2 from November to May with respect to the
observational data, being very similar to the experiment initialized in May. There is a di erence of
about 0.1 million km2 with the historical simulation at the start of the experiment. There is no
indication of the Kara SIE bias in the predictions converging toward the historical simulation bias over
such short timescales since we can see that in the predictions initialized in November, the bias is even
larger after the growing season than the bias in the predictions initialized in May. The Kara, Central
Arctic, Canadian Archipelago, Beaufort, East Siberian and Laptev seas (Figures 4 j, l, m, n, o and p,
correspondingly) exhibit similar behaviours: the biases during the melting season seem to be
substantially larger in the predictions than in the historical simulations, even potentially of opposite
sign. This indicates highly complex and non-linear behaviour to settle these biases. The equilibrium is
far from being reached after one year of prediction. This puzzling feature needs to be investigated with
spatial maps of SIC bias. In the Hudson Bay (Figure 4 j), the bias is negligible at the heart of both the
growing and melting seasons. The SIE bias in the predictions initialized in May and November tend to
reach the historical simulation level by the next transitional season, i.e. November and June
respectively. The Barents Sea (Figure 4 h) also shows opposite SIE bias to the historical simulations in
the predictions, nearly all along the forecast. In the Chukchi Sea (Figure 4 k), on the other hand, the
stabilization is extremely quick: about one month only.
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Figure 5 – Arctic SIC bias over the 1979-2011 period with respect to NSIDC in (a,c,e) March and
(b,d,f) September for (a,b) an historical simulation (c,d) the PredEC2.3 predictions initialized in
November (e,f) the PredEc2.3 predictions initialized in May.
The evolution of the biases in SIC in PredEC2.3 illustrate the timescales for these biases to settle
(Figures 5 c-f). The March biases tend to be dominantly positive along the sea ice edge in the Okhotsk
(except for a small section along the Asian coast), Bering, Barents (except for a small section close to
Spitzberg), Greenland, Irminger and Labrador seas and in Greenland, Kara, East Siberian, Laptev,
Chukchi and Beaufort seas (Figure 5 a). Similarly the September biases tend to be dominantly positive
along the sea ice edge in the Canadian Archipelago, Beaufort, Chukchi, East Siberian, Laptev, Kara,
Barents and Greenland Seas (Figure 5 b).
The comparison of the March SIC bias for the predictions initialized in November with the
historical simulation shows a similar overestimation (about 0.5) along the edge of the Greenland and
Okhotsk seas, which means that the bias in these regions settles in 5 months or less (November to
March, Figure 5 c). This is consistent with the Greenland and Okhotsk SIE biases (Figure 4 b, g). The
main di erences are found in the Bering, Labrador and Barents seas, where negative biases are found
instead of positive ones after 5 months into the prediction. Complex non-linear processes are involved
in the development of the bias in these three regions. This is consistent with the SIE biases for the
predictions initialized in November for these seas (Figures 4 d, f, h), where opposite SIE biases to the
historical simulations are found. 10 months into the prediction (Figure 5 e), the bias in the Okhotsk,
Bering and Greenland seas are settled, but the biases in the Kara and Labrador seas are still negative,
instead of positive in the historical simulation. This explains the negative o set in sea ice extent in the
predictions compared to the historical simulations in figure 3. The SIC bias in September for the
predictions initialized in May (Figure 5 f) exhibit their largest di erences from the historical
simulations in the Atlantic Sector where the SIC bias is negative instead of positive, e.g. Barents Sea.
Complex non-linear processes seem to appear again. This is consistent with the September SIE bias for
the Barents Sea (Figure 4 h). In the Pacific Sector, the SIC bias is not as large in the predictions as in
the historical simulation, but their signs agree, so it takes more than 5 months to settle. This agrees with
the September SIE bias in the Chukchi Sea (Figure 4 k), for example. The SIC bias in September for
the predictions initialized in November (Figure 5 d) are similar to the initialized in May ones, which
means that SIC biases in these areas take more than 10 months to develop (November to September).
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