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Abstract

Climate models often use a simplified and static representation of vegetation characteristics to

determine fluxes of energy, momentum and water vapour between surface and lower atmosphere.
In order to analyse the impact of short term variability in vegetation phenology, we use remotely-

sensed leaf area index (LAI) and albedo products to examine the role of vegetation in the coupled

land-atmosphere system. Perfect model experiments are carried out to determine the impact of

realistic temporal variability of vegetation on potential predictability of evaporation and

temperature, as well as model skill of EC-Earth simulations. The length of the simulation period is

hereby limited by the availability of satellite products to 2000-2010. While a realistic
representation of vegetation positively influences the simulation of evaporation and its potential
predictability, a positive impact on 2m temperature is of smaller magnitude, regionally confined

and more pronounced in climatically extreme years.
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Introduction

In the light of seasonal-to-decadal climate predictions, a number of studies have
recently focused on quantifying the fraction of low frequency variability, i.e. the
potentially predictable climate component in relation to its sum with high
frequency variability, i.e. the noise component. These analyses identify areas on
the globe where climate variability is predictable on seasonal to decadal time
scales. It is generally agreed that the state of a climate variable is a composite of
an externally forced component (e.g. greenhouse gas (GHG) concentration,
volcanic aerosols, land use change), a slowly evolving internal component (i.e.
large scale ocean states, or behaviour of the coupled atmosphere-ocean system)
and a rapidly fluctuating component (atmospheric noise) (Boer and Lambert 2008;

George and Sutton 2006; Boer 2004).

Under the assumption that long-term fluctuations of sea surface temperatures
(SSTs) are predictable, ensemble integrations can be used to quantify their
subsequent influence on the atmosphere (Rowell 1998). In perfect model
ensemble experiments, where the model is forced with realistic observed SST
data, the atmospheric noise component is quantified by the ensemble spread
resulting from different atmospheric initial conditions. The signal component is
calculated from the ensemble mean variance over time. Potential predictability

compares the signal variance to the total variance, i.e. the sum of signal and noise.

Previous studies have found higher values of SST-related potential predictability
of surface air temperature predominantly over mid- to high latitude oceans (Boer
and Lambert 2008; Boer 2004), and in the North Atlantic region (Pohlmann et al.
2004) with only weak signals over land in all of the studies. These results, in a
way, stand in contrast to societal needs. Societal interest in climate predictability
is greater for land areas, and also anthropogenic interference with the climate
system originates from land areas. If extreme climatic events, for example
droughts and floods, can be predicted well in advance, their consequences might

be reduced or even avoided.

Inspired by these facts, the question we seek to answer in this study is whether

slowly varying land surface properties exist that generate potentially predictable
2
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variability in the atmosphere. We explore whether the land surface representation
in an atmosphere-ocean general circulation model (AOGCM) can be improved in
order to prolong the duration of the memory effect of past climate anomalies and
their subsequent persistent influence on the atmosphere on longer (and thus
potentially predictable) time scales. This question was initially raised by Venzke
et al. (1999) and Rowell (1998). Subsequent studies on the role of soil-moisture
and soil-moisture memory on land-atmosphere feedbacks have further underlined
its potential and relevance. However these studies found a comparably lower
impact of land variables on atmospheric states than for example the ocean exerts.
Specific atmospheric and land surface state conditions are required for a strong
land impact on the atmosphere, which is often regionally confined, (Dirmeyer
2005; van den Hurk et al. 2010; Koster et al. 2011; Gao et al. 2008; Dirmeyer
2009; Douville 2003; Guillevic et al. 2002; Koster et al. 2002; Koster et al. 2000;
Reale and Dirmeyer 2002). Further extending these studies, here we seek to
analyse the connection between soil-moisture and the atmosphere as it is reflected

by plant physiology and short-term variability within.

Land surface and atmosphere are coupled through biophysical and
biogeochemical processes (the latter are not covered in this study). In biophysical
processes, atmosphere and land exchange energy, momentum and water fluxes
(Arora and Boer 2006; Brovkin 2002). Anomalies in these fluxes induced by
atmospheric variability should therefore be communicated back to the atmosphere
(Dirmeyer and Zhao 2004) with some delay via modified evaporation, modified
energy partitioning between latent heat and sensible heat fluxes, and modified
upward radiation fluxes. A crucial link between land and atmosphere is
vegetation, as it is both influenced by and reflects surface and subsurface states
(e.g. soil moisture, runoff) and atmospheric states (e.g. temperature, vapour

pressure deficit) (Dirmeyer and Zhao 2004; Douville 2003).

To test whether a perfect representation of vegetation is able to increase potential
predictability over land, perfect model experiments are carried out as atmosphere-
only simulations forced with observed SST fields. These are used to determine the
increase in potential predictability calculated from coupled land-atmosphere

general circulation model ensembles forced by observed, time-varying vegetation
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distribution and phenology in comparison to a vegetation climatology. If an
improved representation of land surface properties increases potential
predictability, experiments with realistic temporal variability of vegetation should
lead to significantly different climatic states and variability in comparison to
vegetation climatology experiments. An increase of the signal component due to
observed leaf area index (LAI) values and its quantification might further provide
an estimate of the expected impact of coupled dynamic vegetation simulations on

the atmosphere.

Potential predictability is defined here as the fraction of signal variance that is
generated over the timescale of interest to the variance that is caused by short
timescale instabilities, i.e. atmospheric noise (represented by e.g. using different
atmospheric initial conditions in an ensemble experiment). The evolution of signal
and noise variances can hence be followed separately. Potential predictability
should be seen as an upper limit of the climate predictability of the model,
reflecting the underlying assumptions of perfect model performance (Rowell
1998) and initialization. It is not stringently a measure for real predictability
(evaluation against observations). Therefore, in addition to potential predictability
we further compare modelled 2m temperature with reanalysis and observational
data to verify whether an increase in potential predictability is concurrently

associated with a decrease in model bias (increase in model skill).

Climate models usually exhibit a very high value of potential predictability up to
approximately 2 weeks after initialization, which is lost afterwards due to the
nonlinearity of the system (Lorenz 1982; Zwiers and Kharin 1998). Here, we are
explicitly interested in potential predictability at seasonal time scales calculated

from 10-year model runs.

The structure of the paper is as follows. Model, preparation of the input data and
experimental design are described in section 2. The difference in potential
predictability of land evaporation and land surface temperature between the
different experiments are shown and discussed in section 3, as well as the

quantification of model skill. Section 4 discusses and concludes the study.
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Materials and Methods

EC-Earth and the land surface scheme HTESSEL

Calculations of potential predictability are based on EC-Earth version 2.2, a fully
coupled AOGCM (Hazeleger et al. 2011; Hazeleger et al. 2010). In the
configuration used in this study, ocean (NEMO?2) and sea ice (LIM2) schemes are
switched off and replaced by prescribed SST fields and sea-ice extent, based on
re-analysis data (ERA-interim). The atmosphere module of EC-Earth strongly
resembles the integrated forecast system (IFS) CY31 of the numerical weather
prediction model of the European Center for Medium Range Weather Forecast
(ECMWF), with some updates (the land surface and convection scheme) from a
later cycle CY33. Model runs are carried out at a resolution of T159L62. For a

more detailed model description, see Hazeleger et al. (2011).

The land surface scheme HTESSEL is based on the version described by van den
Hurk et al. (2003; 2000) with a revised snow scheme (Dutra et al. 2010; Balsamo
et al. 2009). For the calculation of surface fluxes, each grid cell is partitioned into
different tiles of bare soil, high vegetation, low vegetation, intercepted water,
shaded snow (under high vegetation) and exposed snow (on top of low vegetation
or bare soil). Total fluxes are calculated as weighted average of individual surface
energy balances per tile based on the resistance approach, where aerodynamic and
surface resistances account for the transfer efficiency of heat and water vapour

over a vertical temperature and humidity gradient.

Vegetation directly influences evaporation through transpiration and interception,
and can tap lower layers of soil water depending on vegetation-specific rooting
depth, in contrast to bare soil evaporation which evaporates water only from the
top layer. In the default configuration of EC-Earth2.2, LAI fields (see following
section) are based on ground surveys and model-internally extrapolated using
spatial fields of vegetation cover and dominant vegetation types. Vegetation
hereby remains fully developed throughout the year and shows no annual cycle.
Surface albedo does vary over the season and is a composite of (background) land
surface albedo based on monthly climatological Moderate Resolution Imaging

Spectroradiometer (MODIS) averages, and dynamic snow albedo based on the
5
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dynamical calculation of snow extent (Dutra et al. 2010). In the standard set-up,

vegetation has no direct impact on land surface albedo.

Leaf area index

The state of vegetation reflects growing conditions such as atmospheric
temperature, radiation inputs, and the level of soil moisture saturation. Its
phenology usually exhibits a pronounced seasonal cycle. On vegetated surfaces,
stomata in leaves are responsible for a great fraction of the water vapour (and
energy) exchange between land and atmosphere (Buermann et al. 2002). Hence,
LALI is often used as surrogate for the state and development stage of vegetation.
Defined as the one sided leaf area per unit ground area, LAI determines important

structural properties of plant canopies.

In this study the default EC-Earth2.2 configuration of using prescribed LAI values
is replaced by using monthly values derived from remote sensing observations
from MODIS on board of the TERRA satellite. The MOD15A2 collection 5 LAI
product is a global data product composited over an 8-day period at lkm
resolution, and available from the year 2000 onwards. It is derived from a three-
dimensional radiative transfer model driven by an atmosphere corrected surface
reflectance product (MODO09), a land cover product (MODI12) and ancillary
information on surface characteristics. These data are distributed by the Land
Processes Distributed Active Archive Center (LP DAAC), located at the U.S.
Geological Survey (USGS) Earth Resources Observation and Science (EROS)
Center (Ipdaac.usgs.gov).

The preparation of an LAI climatology from MODI15A2 LAI collection 5 data is
described by Boussetta et al. (2011) and Jarlan et al. (2008). The use of this LAI
data set is operational at ECMWF from IFS Cycle 36 onwards. MOD15A2 data is
re-projected and averaged to 1/12 degrees spatial resolution. The data is then

spatially and temporally smoothed and monthly averages are calculated.

Monthly data for the individual years 2000-2010 contain gaps due to cloud cover

restrictions. They are, after re-projection, gap-filled by searching for the closest
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cell with the same land cover within a box of maximal 20°x20° geographical
longitude and latitude. If no corresponding grid box is found, the climatological

value for that grid-cell is used.

Both climatology and monthly data sets are finally interpolated to the native EC-
Earth resolution (T159). Similar as in previous analyses of LAI variability
(Buermann et al. 2002; Guillevic et al. 2002), we find high variability of measured
LAI over the tropics throughout the year, and in the Northern and Southern
hemisphere during the main growing periods April to August and October to
February, respectively. Figure 1 shows the standard deviation of maximum LAI

per growing season.

Surface albedo

Surface albedo determines the partitioning of incoming solar radiation into a
reflected part and an absorbed part and plays a central role in the determination of
the energy balance at the surface. In order to analyse the effect of LAI changes on
the reflectance properties of the earth's surface, again, we use MODIS satellite
data. The Filled Land Surface Albedo Map Product (MOD43B3) (Moody et al.
2008) provides five years (2000-2004) of spatially complete snow-free land
surface albedo. The data was prepared using an ecosystem-dependant temporal
interpolation technique (Moody et al. 2008). It is available on a 1 minute equal
angle lat-lon grid in a temporal resolution of 16 days, as well as 5-year
climatology. For testing the albedo effect with EC-Earth2.2, the broadband (0.3-
5.0 um) 8-day product is interpolated to monthly values. We then calculate
monthly albedo anomalies, which are superimposed onto the default monthly EC-

Earth albedo maps at T159 spatial resolution.

Experimental design

Four ensemble experiments are run from 2000-2010, with 10 members per
ensemble that differ in their atmospheric initial conditions of January 1st, 2000,
generated using singular vectors (Leutbecher 2007). The state of the ocean is

prescribed based on the ERA-Interim SST and sea ice data (Dee et al. 2011).

7
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Experiments 0 to 2 (see Table 1) differ only with respect to LAIL EO is the control
experiment with standard EC-Earth2.2 LAI values. In Experiment E1, monthly
climatological LAI fields from MODIS are used. Experiment E2 uses time-
varying (“perfect”) monthly LAI fields, while in Experiment E3 this is
complemented by also including (“perfect””) monthly varying albedo fields. Due
to the limited availability of albedo data, E3 only covers the 5-year period 2000-
2004. Impacts on surface roughness length are not considered as part of this study.
Its variation with LAI is considered to be small, in contrast to a stronger

sensitivity for varying land cover, e.g. due to (de-)forestation.

Potential predictability

Potential predictability (PP) compares the signal variance o,” to the total variance

o7, i.e. the sum of signal and noise, of a climate variable (eq. 2):

¢* =6, +0. (1)

PP=0,"/c" (2)

The signal component is common to all forecasts initialized at the same point in
time and can therefore be extracted from the variability of the ensemble mean
over time (George and Sutton 2006). Hereby, we consider model simulations with
a length of 10 years for experiments E0-E2, and 5 years for experiment E3,
respectively (see Table 1). The difference between ensemble members, i.e. the
ensemble spread, is associated with the noise component c.>. As conclusively
discussed in previous studies, a prime statistical tool is Analysis of Variance
(ANOVA) to attribute different sources of variation (Rowell 1998; Boer 2004;
Dirmeyer 2005).

The value of potential predictability being statistically significant different from
zero is evaluated at the 95% level, based on an F-test as in Storch and Zwiers,
(2002). For analysing the impact of vegetation on potential predictability, we use
confidence intervals around PP to assess whether changes in PP are statistically
significant, as described in Rowell (1998), again using F-statistics at the 95%

confidence level.
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Predictability / model skill

Model skill (predictability) is evaluated by comparing simulated temperature with
two reference datasets: one observational (CRU TS 3.1) and one reanalysis (ERA-

Interim) dataset.

The newest dataset of the University of East Anglia Climatic Research Unit, CRU
TS 3.1 (Jones and Harris 2008), offers gridded time series of monthly climate
parameters for the period 1901-2009. These are interpolated measurements from
up to 4000 weather stations around the world, but station density significantly

varies over time.

ERA-Interim (Dee et al. 2011) is a ECMWF global atmospheric reanalysis of the
period 1979 to present and is based on cycle 3112 of ECMWEF’s Integrated
Forecast System (IFS), which was introduced operationally in September 2006.
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Results

Potential predictability

Potential predictability of evaporation in experiment E2, which is significantly
different from zero, is found over almost all land areas except in some (cold)
desert areas (see Figure 2). We show values for the summer months of the
respective hemispheres, i.e. months June to August for 0°N to 90°N, and months
December to February for 0°S to 90°S, because the impact of LAI variability is
most pronounced in its high season. Higher values of potential predictability
(>0.45) are present in the tropics, South America, Australia, and in the forest areas
of Russia, China, and India (blue areas in Figure 2). These high values of potential
predictability are possibly to some extent caused by the prescribed (“perfect”)
SST data. Nonetheless, we find “perfect” LAI exhibiting an almost exclusively
positive impact on seasonal potential predictability of summer evaporation,
leading to higher absolute values throughout the globe. Figure 3 shows the gain in
PP of evaporation that we achieve by replacing the climatological LAI values in
E1 with the time varying data in E2, confirming that the interannual variability in
LAI does emerge as a detectable variability in evaporation. These areas coincide

with areas of strong interannual variability of LAI in the summer (compare Figure

).

Figures 2 and 3 further show a strong spatial variability of PP, related to stronger
spatial gradients due to un-smoothed LAI values in experiment E2 than in EO or
E1. Hardly any change in PP of evaporation is found over barely vegetated areas,

such as the Sahara, Mongolia and very high Northern latitudes.

Higher values of potential predictability of 2m temperature (T2m) are present
only in the tropics, over a belt stretching from app. 30°N — 30°S (not shown).
Although we find a positive impact of time-varying LAI values (moving from EI
to E2) especially in the Northern hemisphere during summer (Figure 4), e.g. over
forested areas of North America, India, and parts of Europe and Russia, absolute
potential predictability does not exceed 0.2 here. Potential predictability of T2m

decreases slightly over the Amazon and reduces PP there. The PP gain for

10
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temperature is in general smaller than for evaporation, since changes in LAI only
indirectly influence temperature via evaporation, and competes with the impact of

other processes, such as atmospheric circulation on surface temperatures.

The additional increase in potential predictability of summer T2m, due to further
considering time-varying albedo (Exp E3 — E2), is shown in Figure 4. Note that
this experiment covers the 5-year period 2000 — 2004. The effect of including
observed albedo exceeds the increase in PP of temperature obtained with time
varying LAl (Exp E2 — El) after five years (2000-2004) in many areas (not
shown). Increase of PP for E3-E2 is more localized, and in general, the change in
PP is in more areas not statistically significant at the 95% level due to the shorter
time period considered. Areas are present, where PP decreases upon introduction
of observed albedo, presumably due to opposing impacts of LAI (via evaporation)

and albedo (via radiation) on temperature.

Total variance of T2m is highest in the Northern hemisphere and decreases
southwards. This variance is amplified as variability is added to the factors
contributing to this variance, such as time varying LAI values (Koster et al. 2000).
Figure 6 shows this total variance amplification that results from switching from
climatological (E1) to time varying LAI values (E2) for surface temperature. Total
variance amplifies mainly in the Northern hemisphere and partly in the tropics.
These areas coincide with areas with a negative correlation between soil-moisture
and evapotranspiration in spring and summer (Dirmeyer 2009, their Figure 3). In
these areas, Dirmeyer et al. (2009) do not expect a strong hydrological coupling
between land and atmosphere, since evaporation is not controlled by soil moisture
but instead evaporation affects soil moisture by depletion. However, Figure 3
shows that in these areas a positive impact of time varying LAI values on
temperature variability is found. Changes in LAI affect evapotranspiration more
strongly in non-water limited, i.e. radiation limited climate regimes, where a
change in vegetation properties can translate into evapotranspiration- and
subsequent temperature changes. In areas where evaporation is soil moisture

limited, changes in LAI are not as effective.

11
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Comparing Figure 6 and Figure 1, T2m variance amplification coincides with
areas of high LAI amplitude variability. In order to examine the relationship
between the variability in seasonal LAI amplitude, season length, and T2m signal
further, we apply the TIMESAT program package, developed by Jonsson and
Eklundh (2004) to the LAI satellite data. This software enables the investigation
of the seasonality of satellite time series data by fitting asymmetric Gaussian
functions based on least squares fits through the LAI series. Different land cover
classes can be distinguished. From these functions, season length and LAI

amplitude per growing season can be determined (Jonsson and Eklundh 2004).

Strongest increases in signal variability o,” are found in the Northern hemisphere,
being caused by season length variability of approximately 1 month and LAI
amplitude variability of about 0 to 0.4 m*/m” (Figure 7). Both desert and tropical
rainforest are vegetation types where the variability of the season length is high,
while the amplitude variability is very low, for the desert at low absolute
amplitude and for the tropics at high absolute amplitude. Adding LAI variability
in tropical forests, i.e. very densely vegetated areas with high LAI increases
evaporation variability, but this does not affect temperature variability. Therefore,
we find increasing PP values for evaporation but not in all areas also for
temperature. If noise variability decreases simultaneously with signal variability,
increasing values of PP can still be found. However, fitting functions to monthly
LAI time series is more difficult for vegetation types with less pronounced
seasonal cycles that are additionally not synchronized with the calendar year, and

where only small changes in absolute LAI values between seasons occur.

12
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Model skill

For an evaluation of model skill two temperature data sets are used over the
period 2000-2009: ERA-Interim and CRU TS 3.1. These data sets are shown to
disagree considerably in certain areas (see Figure 8), as also found problematic in
impact studies of Poulter et al. (2007) and Maignan (2011). Therefore, we
evaluate model skill effects only in areas where the two data sets are consistent

within an arbitrarily chosen range of £1K.

Table 2 summarizes the gain in global model skill during the period 2000-2009
for the Northern hemisphere seasons winter (DJF), spring (MAM), summer (JJA),
and autumn (SON), as well as for the annual average. Compared to CRU TS 3.1,
we find a gradual reduction in model bias in all seasons for the experiments EO to
E2. Time varying LAI values appears to reduce the general cold bias of EC-
Earth2.2, with a small overshoot in summer, where the model is too warm
especially in North America and central Europe (not shown). The additional
consideration of remotely-sensed albedo values (E3) reduces this warming effect,
which leads to a better agreement of summer temperature values but cooler values

in the other seasons.

Figure 9 and 10 show bias-corrected Root Mean square Error (rmse) and anomaly
correlation for different hemispheres and 3 regions, being Europe (0°E-80°E,
70°N-40°N), US (130°W-60°W, 50°N — 20°N) and the Amazon (80°W-40°W,
10°N- 30°S). Europe shows the highest reduction in rmse. In the Southern
hemisphere and the US, a small increase in rmse is found. All areas show an
improved anomaly correlation with the observations. However, it is noted that in
the Amazon a large number of gridcells was excluded from the comparison due to

the disagreement between the ERA-Interim and CRU TS 3.1 datasets.

Overall, remotely sensed LAI is very heterogeneous. Spatial variability between
gridcells is high and extreme values occur over small, locally confined areas,
especially when analysed at the spatial resolution of EC-Earth. The positive

impact of a more realistic LAI on model performance seems to become more

13
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apparent in extreme years where actual LAI has the highest deviation from the
climatologically value. Anomaly correlation of modelled and observed T2m
improves if cells and years of extreme values of LAI amplitude or season length
are selected, but this positive effect is levelled out if broader regions are analysed.
We refrain from giving any further numerical or visual evidence because the
extreme patchiness would lead to the invention of a number of filter rules.
Nonetheless, the results hint towards slightly improved local agreement of
simulated and observed meteorological variables in comparison to the regional,

long-term averages.
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Discussion

In general, “perfect” LAI values increase PP of evaporation. The impact on 2m
temperature is less pronounced, and in certain areas PP it is reduced. These,
however, are areas where absolute potential predictability is already high due to
relatively low noise levels (for example the Amazon), or where vegetation is
almost not present (as in deserts). The slightly negative impact on PP is
compensated by a positive impact on 2m temperature skill in these areas and a

bias reduction in general.

The systematic difference between mean surface temperature in the two datasets
ERA-Interim and CRU TS 3.1 makes an overall assessment of the gain in skill
difficult. While the quality of the reanalysis data strongly depends on model
performance, measured data are not necessarily representative for the area of a
grid cell due to possible local microclimatological and topographic effects
(Simmons et al. 2004). CRU TS 3.1, for example, suffers from an extremely
reduced station number from year 2000 onwards in comparison to the previous

century.

Overall, an impact of LAI on both evaporation and temperature is noticeable. The
difference between experiments E1 and E2 translate into a sensitivity of mean
growing season evaporation of 0.24 mm/d per unit leaf area for NH and TR, and
0.32 mm/d for SH. The temperature sensitivity is on average -0.65K per unit leaf
area for NH, and -0.47K for TR and SH. Effects of LAI on precipitation generally
have a small or positive sign: 0.17 mm/d per unit leaf area for NH, 0.19 mm/d for

SH, and ~0 for TR.

General drawbacks of remotely sensed data apply. Specifically, for MODIS LAI
this includes an overestimation of the monthly variability in densely vegetated
areas, such as the tropics, due to low surface reflectance sensitivity at high LAI
values (saturation) and temporarily high cloud cover, as well as overestimation of
seasonal LAI in boreal forests due to limitations of the radiative transfer algorithm

(Yang et al. 2006). However, previous studies have confirmed acceptable
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agreement between measured field values and remotely sensed datasets, including

the seasonal variation of LAI in the tropics (Myneni et al. 2007; Garrigues et al.

2008)

Although the time varying LAI in E2 possibly reflects vegetation responses to
historical atmospheric conditions and has the ability to provide some feedback to
the atmosphere, the time-scale on which this effect is seen, remains limited. An
impact that emerges from the general atmospheric noise is mainly visible during
extreme conditions, where both the signal variance is increased (positive impact
on PP) and the model skill is slightly improved. For states closer to climatology,
the effect is overwhelmed by the atmospheric noise. Generally, the memory of the
land component is with a typical duration of months to seasons comparably short
(Dirmeyer 2009). Yet, longer modes with periods of 3 to 4 years have been
detected in vegetation by Los et al. (2001; as cited in Guillevic et al. 2002) that
apparently correspond to ENSO and NAO indices. The length of the simulations
carried out here is too short to detect these longer cycles with adequate robustness.
The limited simulation length possibly also leads to an underestimation of the
signal variance 0,° and of the LAI variability. Long-lasting LAI anomalies that
stretch over a decade do exist, such as extended droughts in China (Xiao et al.
2009), which were not detectable here due to the length of the available satellite
data.

Coupled simulations, where LAI is calculated interactively within the atmospheric
model, might increase the interannual variability of evaporation and, to a smaller
extent, of surface temperature. A feedback loop between vegetation and the
atmosphere, where atmospheric anomalies feed back to anomalies in vegetation
and resulting evaporation, was not represented in the present experimental design,

but could further amplify or dampen these responses.
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Summary and conclusions

In this study, perfect model experiments were carried out to examine the role of
vegetation phenology for potential predictability and model skill over land areas.
Replacing the LAI climatology by realistic time varying LAI values increases
potential predictability of summer evaporation. Significant gains in potential
predictability are found in tropical areas and forested areas of Russia, India and
Australia. The impact on the potential predictability of 2m summer temperature is
less pronounced and not positive in all areas. Potential predictability of 2m
temperature is not increased to significant values outside the tropics, but model
skill improves on a global average. While the impact on evaporation is clearly
positive, the effect on 2m temperature is smaller and therefore more likely to be

drowned by atmospheric noise.

A drawback of the current model set-up is that processes are not fully coupled.
The atmospheric model is exposed to a realistic representation of vegetation,
which influences soil moisture levels and the state of the atmosphere via
evaporation, but a subsequent impact on vegetation in the next model-step is not
included in the model formulation, but imposed by external data sets. To include
this feedback, further model experiments with a coupled dynamic vegetation
model are required. This would a) close the missing link in land-atmosphere
coupling and b) enable the extension of the experiment to longer time-scales.
Availability of LAI satellite data restricted experiments of the present study to the
decade 2000-2010. Longer runs (e.g. century or more) could further increase the
sampled signal variance due to inclusion of a larger sample of climatic states, and

signal and noise might be separated more robustly.

The present results indicate that this vegetation — climate interaction indeed will
lead to different variability in surface evaporation and near surface temperatures,
and will thus exhibit a discernible signal in the simulations that should be verified
using observations. Since the state of vegetation influences only a small aspect of
the process chain of land-atmosphere coupling, it cannot compensate for under-
represented processes. However, in combination with further improved and fully-
coupled land-surface processes (for example landcover changes, or interactive

carbon cycle), the inclusion of the actual state of vegetation seems promising to
17
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further improve potential predictability and skill of climate models, but will also

always be an additional source of noise due to its spatial heterogeneity.
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600

601  Table 1. Description of experiments

Experiment No. of ensemble Time period of Experiment description
identifier members simulations
EO 10 2000-2010 constant LAI (fully developed through-

out the year)

El 10 2000-2010 climatological LAI (12 monthly values)

E2 10 2000-2010 monthly LAI from satellite data

E3 10 2000-2004 monthly LAT and albedo from satellite
data
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610

Table 2. Global average difference between modelled (EC-Earth2) and observed (CRU TS

3.1) 2m temperature 2000-2009 of experiments E0Q to E2 (model bias).

experiment annual avg DJF MAM JJA SON
EO -1.014 -0.644 -1.236 -1.021 -1.040
El -0.749 -0.687 -0.880 -0.504 -0.788
E2 -0.232 -0.428 -0.350 0.321 -0.322
Table 3. As Table 2, for experiments E2 and E3 in the period 2000-2004.

experiment annual avg DIJF MAM JJA SON
E2 -0.202 -0.540 -0.333 0.317 -0.243
E3 -0.451 -0.923 -0.537 0.253 -0.572
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