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Satellite-based soil moisture
provides missing link between
‘summertime precipitation and
e e surface temperature biases
s in CMIPS simulations over
conterminous United States

© A.Al-Yaari(®?, A. Ducharne?, F. Cheruy?, W. T. Crow* & J.-P. Wigneron(®?

Past studies have shown that climate simulations have substantial warm and dry biases during the
: summer in the conterminous United States (CONUS), particularly in the central Great Plains (CGP).
. These biases have critical implications for the interpretation of climate change projections, but the
: complex overlap of multiple land-atmosphere feedback processes make them difficult to explain (and
therefore correct). Even though surface soil moisture (SM) is often cited as a key control variable in
. these processes, there are still knowledge gaps about its specific role. Here, we use recently developed
. remotely sensed SM products to analyse the link between spatial patterns of summertime SM,
. precipitation and air temperature biases over CONUS in 20 different CMIP5 simulations. We identify
. three main types of bias combinations: (i) a dry/warm bias over the CGP region, with a significant
. inter-model correlation between SM and air temperature biases (R= —0.65), (ii) a wet/cold bias in NW
. CONUS, and (iii) a dry/cold bias in SW CONUS. Combined with irrigation patterns, these results suggest
: thatland-atmosphere feedbacks over the CGP are not only local but have a regional dimension, and
. demonstrate the added-value of large-scale SM observations for resolving the full feed-back loop
between precipitation and temperature.

. Climate models rely on coupled simulations of the ocean, land surface, atmosphere, and sea ice systems to
© better understand the Earth’s climate system and its future change'. Important examples are the climate sim-
ulations of the Coupled Model Intercomparison Project (CMIP), which have been a major contribution to the
Intergovernmental Panel on Climate Change’s (IPCC) assessment reports up to Phase 5 (CMIP5?%) and the ongo-
ing Phase 6 (CMIP6°). Climate models participating in the CMIP project have progressively improved in recent
decades™, but they remain associated with many uncertainties and/or biases, due to residual errors in boundary
conditions, inadequate model parameterizations and poorly known processes>*~?. More specifically, pronounced
systematic summer warm biases -relative to 2-m near surface air temperature (referred to as air temperature in
. the following) observations- have been found over many continental areas, including the conterminous United
States (CONUS) and, more specifically, the CONUS Central Great Plains (CGP) region®!°-12, Since air temper-
ature lies at the centre of critical feedbacks between multiple climate system components, its bias (or error) can
influence the overall reliability of the CMIP model simulations and future climate projections™. Previous studies
attributed these warm land biases to multiple factors including, but not limited to: deficiencies in cloud rep-
resentation, errors in large-scale atmospheric circulation, misrepresented evaporation, and failure to capture
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heavy rainfall events!®!3-1%. Nevertheless, these warm biases remain an open research problem that needs to be
addressed to improve climate models predictions and projections®.

In most studies, surface soil moisture (SM) is considered a central variable as it controls key processes at the
land atmosphere interface (e.g., surface heat exchanges and their partitioning, runoff generation, evaporation,
and evaporative fraction)'®'8, which are strongly involved in the generation of the warm bias e.g.’>!*-?%. For
instance, according to Boé®®, SM influences precipitation both directly and indirectly through a modulation of
the atmospheric thermodynamic properties. Stéfanon et al.?* have found that SM had a strong impact on air
temperature when analysing the summer heat waves over Western Europe. Likewise, Seneviratne et al.”” have
demonstrated that feedbacks between the atmosphere and SM increase the summer air temperature variability in
central and eastern Europe. LeMone et al.?® have concluded that the latent (LH) and sensible (SH) heat exchanges
are highly influenced by SM. Furthermore, Miralles et al.?® have investigated physical processes underlying the
heat waves 2010 in Russia and 2003 in central Europe and found that air temperature was anomalously increased
due to progressive SM depletion.

However, to date, in spite of the hypothesized role played by SM at the land-atmosphere interface, the direct
examination of SM’s role has been hampered by a lack of large-scale SM observations®*>>!. These limitations have
recently been overcome through the availability of global SM products derived from microwave remote sens-
ing*-**. These products were first used to identify a preference for afternoon rain over dry soils, not well captured
by climate models*. However, regarding the link between observed SM and the warm bias produced by climate
models, the only studies so far have been limited to a few sites and to a few models e.g.">.

Here, we use two recent remotely sensed SM products to evaluate the link between SM, precipitation and air
temperature biases found in 20 models (see Supplementary Table S1) participating in CMIP5 over the CONUS
during the 1979-2008 period. Note that in this study the objective was not to investigate the causality but rather
to examine- for the first time — how remotely sensed SM observations fit into the (existing) understanding of how
the air temperature and precipitation biases are linked in the models.

We use the new SM data retrieved from L-band microwave observations from the first-dedicated SM mission
SMOS (Soil Moisture and Ocean Salinity) satellite (SMOS-IC product version) over 2010-2016. We also used ear-
lier SM observations (1979-2008) from the first ever long-term satellite-based SM product prepared by the ESA’s
Climate Change Initiative (CCI)*; http://www.esa-soilmoisture-cci.org/. To make the comparison to the biases
in air temperature and precipitation more robust, we also used multiple observational datasets for both variables:
(i) Climatic Research Unit (CRU) air temperature and precipitation; (ii) University of Delaware (i.e., “Willmott”)
global land air temperature; and (iii) Global Precipitation Climatology Project (GPCP) land precipitation. More
details on these datasets and their processing are provided in the Methods section.

Results

Spatial link between the summer biases in temperature, precipitation and SM.  Figure 1a,b
shows that the spatial patterns of the mean air temperature bias in CMIP5 simulations are very similar for the
CRU and Willmott air temperature observations (see scatter plots of each pair of the different variables in Fig. S1
in the Supplementary). Most of the CMIP5 simulations (more than 2/3; see Supplementary Fig. S2 for each
CMIP5 model separately) systematically overestimate both observational datasets, particularly over the CGP
region as previously described by Cheruy et al.'° and Ma et al.¥”. However, there are two exceptions (viz. the GISS.
E2.R and MRI.AGCM3.2 H models), with low air temperature biases and different spatial patterns compared to
the other models (Fig. S2). Note that the singularity of the GISS.E2.R model has already been noted in previous
studies e.g."”. As for the air temperature biases, there exists a strong similarity in the spatial patterns of the sum-
mer mean bias of precipitation for both the CRU and GPCP observational datasets (Figs 1c,d and S3 for each
CMIP5 model separately). Compared with the precipitation observations, the CMIP5 models produce excessive
precipitation over north-eastern and north-western CONUS and a deficit of precipitation over the CGP region
and in south-western CONUS (which is consistent with both Klein et al.*® and Lin et al.!%).

Reflecting these spatial patterns of precipitation biases, normalized SM is underestimated by a majority of
models over the CGP and eastern CONUS in the CMIP5 simulations, while overestimated in north-western
CONUS (Fig. le,f and Supplementary Figs S4-5 for each CMIP5 model separately). This is consistent with the
findings of Yuan & Quiring® who found clear underestimation of SM by the models during summertime over
the South Great Plains (SGP) compared to both in situ and CCI SM observations. Positive biases are more con-
sistent across models for SM than for the precipitation, particularly over mountainous areas. Some differences
can be noted between the SM bias spatial patterns derived from the SMOS and CCI datasets. For instance, over
eastern CONUS, the precipitation bias maps are more consistent with the CCI map (although the CCI SM biases
are shifted to the south relative to CRU and GPCP precipitation biases). The opposite is true over south-western
CONUS (in e.g., Arizona, southern Nevada and southern California) where SMOS-based SM provides a better
match to the observed pattern of precipitation bias.

Interestingly, there is a good general agreement (with, again, the exception of GISS.E2.R) between areas of
high warm bias and areas of strong precipitation and SM deficits (Figs 1a-f and S2-5 for each model separately).
This is particularly notable in central CONUS (including the CGP). However, an area of negative bias in precip-
itation (for both CRU and GPCP) and SMOS SM in south-western CONUS (with a distinctive triangular shape)
is not clearly associated with an overall corresponding warm bias.

In order to better characterize the spatial link between summer biases in air temperature, precipitation and
SM, we computed bivariate maps that combine biases in SM (CMIP5 models - SMOS/CCI) and either air temper-
ature (CMIP5 models - CRU) or precipitation (CMIP5 models - GPCP), based on quantile-quantile associations
(Fig. 2). The multi-model ensemble (Fig. 2a,b) reveals three main types of bias combinations: (i) a dry and warm
bias (in red) mainly over the CGP, (ii) a wet and cold bias (in blue) over north-western CONUS and (iii) a dry
and cold bias (in green) in south-western CONUS. Note that, to be more precise, the term “cold” is not really
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Figure 1. Mean bias between multi-model CMIP5 and observations. (a) Multi-model mean bias air
temperature (TAS) CMIP5- Obs (CRU). (b) Multi-model mean bias TAS CMIP5- Obs (Willmott) during the
1978-2008 period (JJA). (c) Multi-model mean bias precipitation (Pr) CMIP5- Obs (CRU) during the 1978-
2008 period. (d) Multi-model mean bias Pr CMIP5- Obs (GPCP) during the 1978-2008 period (JJA). (e) Multi-
model mean bias soil moisture (SM) CMIP5- Obs (SMOS; 2010-2016 JJA). (f) Multi-model mean bias SM
CMIP5- Obs (CCI) during the 1978-2008 period (JJA). Crosses on the figures indicate that at least 65% of the
models agree on the sign of the observed bias. White regions represent pixels with percentage of forest >60%,
strong topography, or frozen soil conditions, which were excluded from the analyses.

appropriate and we should rather speak of “the smallest warm biases’, since a large majority of the CMIP5 models
overestimate mean summer air temperature over the CONUS (Fig. S2). The combination of a dry and cold bias
(green areas in Fig. 2a,b) is somewhat surprising. However, several mechanisms can be proposed to explain this.
For example, dry soils may lead to excessive albedo or weakened thermal inertia leading to excessive nocturnal
cooling during cloudless nights*’. Conversely, a cold bias can lead to a corresponding dry bias owing to the stabi-
lization of the boundary layer — making it less prone to convection.

Figures S6-7b (Supplementary) display the same maps for each individual CMIP5 model. Despite the varia-
bility stemming from inter-model differences, these maps reveal systematic patterns structured by the east-west
precipitation gradient and the Rocky Mountains (Fig. 3a,b), which are well-known influential factors on CONUS
climate. Interestingly, these patterns are much less systematic when looking at the individual temperature and
SM biases present in each of the CMIP5 models (Figs S2-5), suggesting that regional drivers of the CONUS cli-
mate have more influence on the relationship between the different types of bias than on the biases themselves.
Figures S6-7b also show a few exceptions to the dominance of a warm and dry bias combination in the CGP.
These exceptions notably include the two climate models (GISS.E2.R & MRI.AGCM3.2H) characterized by low
biases in air temperature and precipitation over CONUS compared to the other models.

The bivariate maps combining the multi-model ensemble SM and precipitation biases in Fig. 2¢ (using GPCP
and SMOS data) and in Fig. 2d (using GPCP and CCI data) show relatively similar spatial patterns to those
obtained in Fig. 2a,b (see Supplementary Figs S8-9 for each model separately). In particular, the same three
main areas can be distinguished: the CGP region associated with negative SM and precipitation biases (red),
north-western CONUS associated with positive SM and precipitation biases (blue) and south-western CONUS
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Figure 2. Link between summer soil moisture, air temperature, and precipitation biases. (a) Map relating the
SMOS SM bias and the CRU air temperature (Temp) bias for the CMIP5 multimodel ensemble. (b) Map relating
the CCI SM bias and the CRU Temp bias for the CMIP5 multimodel ensemble. (¢) Map relating the SMOS SM
bias and the GPCP precipitation (Pr) bias for the CMIP5 multimodel ensemble. (d) Map relating the CCI SM
bias and the GPCP Pr bias for the CMIP5 multimodel ensemble. Multimodel reflects results for the CMIP5
ensemble mean. Note that each colour represents a 10% quantile shift (calculated with respect to the spatial
histogram of bias results across the CONUS) in both soil moisture and air temperature/precipitation. White
regions represent pixels with percentage of forest >60%, strong topography, or frozen soil conditions, which
were excluded from the analyses. Each square at the angle of the legends in the right column has a 30% x 30%
size with the % of pixels in this square.
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Figure 3. HYDRO 1K Elevation map of the USA Source http://srtm.csi.cgiar.org/.”. Mean GPCP precipitation
(mm/day) during the period 1979-2008 considering only JJA months (b). Map of areas equipped for irrigation
expressed as percentage of total area® (c). All maps are re-gridded at the 2° x 2° resolution, to match the bias maps.

(green), where very different responses can be noted depending on the CMIP5 models (red, blue or green colours
can be seen in that region for the different models).

Along the Rockies (Fig. 3a; blue areas in Fig. 2a,b), there is a cold bias that can be partly explained by the pos-
itive precipitation and SM bias (Fig. 2¢,d), via exacerbated ET and/or snow albedo cooling effects. The positive
precipitation bias over mountain areas is a classical problem in climate models*' and consistent with the cate-
gorization of the region as “atmospherically controlled” in Findell and Eltahir'®. As for the association of a wet
and warm bias (yellow areas in Figs 2 and S6-S9), it is quite rare (3 to 6% of the CONUS, depending on the bias
association, as quantified on the right panels of Fig. 2) and found mostly in sporadic areas and for a few models
over Midwest (northcentral CONUS). Interestingly, the number of grid cells that are warm and dry (red areas in
Fig. 2) is very similar whether using SMOS or CCI SM products. Heterogeneous results for the different models
are also obtained in eastern CONUS.

Regional scale analysis overthe CGP. We have established a clear link between SM, precipitation and air
temperature biases across several large CONUS regions (Figs 2 and S6-9), but the most consistent spatial patterns
and the stronger air temperature biases have been obtained over the CGP region (103°W-89°W, 32°N-48°N, dis-
played as a red box in Figs 1, 2 and 3). Therefore, we now focus on this particular region to better quantify the link
between the warm bias found in most models and the negative biases of precipitation and SM. Figure 4a confirms
that a large majority of models overestimate air temperature and underestimate SM in the CGP during summer,
with a strong negative inter-model correlation between these two biases (R = —0.65; 18 models out of 20 are in
the upper-left quadrant), meaning that the warm bias is more pronounced when the dry bias is strong. A strong
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Figure 4. Cross-correlations between the mean biases of the three studied variables over the CGP region
among the CMIP5 models. (a) Air temperature (Temp) bias (Models-CRU) vs soil moisture (SM) bias (Models-
SMOS). (b) Temp bias (Models-CRU) vs precipitation (Pr) bias (Models- GPCP). (c) Pr bias (Models-GPCP) vs
SM bias (Models-SMOS). The inter-model correlation R and p-value are shown on each panel.

negative correlation is also found between the biases of precipitation and air temperature among the models,
albeit with a slightly smaller correlation coeflicient (R= —0.61, the same 18 models are in the upper-left quad-
rant), which is consistent with the larger variability of atmospheric variables in comparison to surface variables.
Eventually, the strongest (positive) inter-model correlation (R = 0.87; the same 18 models are in the lower-left
quadrant) are found between the biases in precipitation and SM, in agreement with the fact that precipitation
exerts a strong control on SM. The same correlations are obtained when the biases are calculated with respect to
the other observational datasets (see Supplementary Fig. S10), which only changes the offset of the scatter plots.
These correlations can arise from two different causal relationships, which are probably entangled:

(i) anegative precipitation bias, likely caused by errors in the general circulation or a convection parameteri-
zation, is the driving force and creates a dry surface bias which, in turn, causes a warm bias. For this effect
on air temperature, we also have two mechanisms, one is water related (low precipitation can create low
SM directly, which reduces the cooling effect of evapotranspiration), and the other is energy related (low
precipitation can also induce high downward shortwave radiation which will enhance both the latent and
sensible heat fluxes, probably increasing air temperature, and decreasing SM); and

(ii) theland surface is the main cause of the interlinked biases, as low SM reduces evapotranspiration, and
therefore warms the lower level of atmosphere and reduces precipitation, with possible enhancement
owing to positive SM feedback. The bivariate maps and the correlation analyses (Figs 2 and 4) reveal the
link between the spatial patterns in the warm bias of summer air temperature produced by the majority of
CMIPS5 coupled climate models and dry SM biases, which are significantly correlated to precipitation defi-
cits. In the same region, Cheruy ef al.' have found a significant negative correlation between the warm bias
and the evaporative fraction (EF) of the models (EF =LH/(LH + SH)). Yet the bias in EF was only qualita-
tively established against one estimate of EF with rather large uncertainty bounds. Our results show, despite
observation uncertainties, that the CMIP5 models underestimate SM in the CGP, leading to lower values of
EF?, which in turn increases (decreases) the sensible heat bias (latent heat) that was already initiated by: i)
a failure of climate models to capture heavy rainfalls events associated to mesoscale convective systems';
(ii) an excess of surface solar radiation!>*; or iii) a failure of climate models to represent the particular type
of convective processes (i.e., nocturnal mesoscale convective complexes) that contribute to the majority of
summertime rainfall in the CGP*2. This is in accordance with a widely accepted land-atmosphere coupling
mechanism: deficits in precipitation induce dry conditions, thus, favouring less evaporative cooling and
higher surface air temperature'#*-%7. Eventually, at the monthly timescales, based on climatological means,
and looking at the model biases on regional average, our results favour a positive feedback between precipi-
tation and air temperature in the CGP.
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Discussion

By analysing the spatial patterns of SM owing to large-scale satellite observations, we demonstrate a specific
link between the warm bias and SM bias in CMIP5 models over the CGP, which “closes the loop” by proving the
missing land surface link between precipitation and energy fluxes. This link, which has long been suspected in the
literature!®2022-2538 is for the first time shown here on the basis of satellite observations at continental scale, which
differs from past studies'® based on local-scale in situ observations. At a minimum, such satellite SM observations
complete our understanding of the forward propagation of rainfall deficiencies through the land surface and into
the lower atmosphere (via surface energy fluxes).

Yet, the misrepresentation of SM and related processes could also be a key shortcoming in the modelled cli-
mate by means of land-atmosphere coupling. In particular, it has been shown that irrigation has an observable
cooling effect at local scale**->, while its effect on precipitation is harder to ascertain. Over the CONUS, recent
studies, based on observations, demonstrate a precipitation increase, either locally or downwind of irrigation
hotspots®**!, and modelling studies report either increases® or decreases® of regional precipitation, with complex
teleconnections®**, when accounting for irrigation in coupled land-atmosphere models. Given that irrigation is
overlooked by CMIP5 models, a relevant question is whether this missing surface process contributes to the warm
and dry biases of CMIP5 models over the CGP region (red box), which includes two of the main three irrigation
hotspots of the CONUS (Fig. 3¢), i.e. the CGP stricto sensu (with withdrawals from the Ogallala aquifer) along the
western border of the red box, and the Lower Mississippi valley along its eastern border.

In this framework, we would expect these irrigation hotspots to match regions with negative SM biases in
Fig. lef, since the CMIP5 models miss irrigation input. It tends to be the case in the Lower Mississippi valley, but
not in the CGP. Interestingly, Kumar ef al.> assessed several SM retrievals over the CONUS for their irrigation
detection skill. All of them, including SMOS, are based on microwave remote sensing and involved in the CCI
product used in the present study; and their irrigation detection skill was found to be weak, although better in
the Mississippi valley. This “apparent inability” of microwave remote sensing observations to detect irrigation
hotspots is partly attributed to the coarse resolution of the retrievals, especially for the passive microwave ones,
but our results are suggestive of another explanation, related to regional-scale land-atmosphere coupling over the
(extended) CGP (red box).

We speculate that irrigation in this area may not be detected as increased SM values by satellite products,
because it locally induces a decrease of precipitation, which feedbacks negatively onto local SM. In terms of model
biases, the dry bias expected from missing irrigation would be offset by a positive precipitation bias (by missing
irrigation-induced decrease of precipitation). Another explanation might be that the “extra” water provided by
irrigation is quickly used by the vegetation and not visible at the monthly to seasonal scale. Both explanations
remain consistent with the warm bias found over the CGP irrigation hotspots, since evaporation would miss in
models overlooking irrigation; this missing evaporation could then contribute to the dry (for both precipitation
and SM) and warm biases downwind of the CGP, corresponding to the red areas in the central south part of the
red box of Fig. 2a,b.

Conclusion

This research is the first one analysing the link between spatial patterns of SM biases and those of precipitation
and air temperature in the context of CMIP5 models over the CONUS. The results confirm that SM, as a key
driver of the water and energy fluxes at the land/atmosphere interface, must be accounted for to better understand
the deficiencies of climate models. In combination with previous studies, our results also support the argument
that land-atmosphere feedbacks over the extended CGP are not only local but have a regional dimension, owing
to the atmospheric circulation. This could explain why the strongest associations between the dry and warm
biases (dark red in Fig. 2) are found between the irrigation hotspots, while these hotspots rather correspond to
warm/wet bias associations (yellow-shaded areas in Fig. 2).

Further work is required to ascertain these assumptions over the CONUS, and potentially generalize them
in other regions of strong land-atmosphere coupling?, frequently associated to hotspots of irrigation®®, where
present-day biases can cast doubt on the magnitude of climate change response”®*. This calls for continued and
improved large-scale SM satellite observations on the one hand, and for numerical experiments tailored to better
understand the role of SM and irrigation in climate models on the other hand, as planned in the framework of
CMIP6. Two CMIP6-Endorsed Model Intercomparison Projects (MIPs) are particularly relevant, namely LUMIP
(Land Use MIP%), and LS3MIP (Land Surface, Snow and Soil moisture MIP*®), where the effect of irrigation and
SM nudging, respectively, will be explored retrospectively and in future projections across a wide number of
climate models.

Methods

In this study, we compared climate model outputs for 2-m near surface air temperature, precipitation, and SM to
corresponding gridded observational data. This comparison is based on climatological means for summer (JJA)
over CONUS and CGP, and involves correlations and simple statistics like quantile-quantile associations (spa-
tially over CONUS), and inter-model correlations (based on spatial averages over CGP).

Gridded observations. 2-m near surface air temperature data. We used two data sets based on in situ
measurements of near surface temperature (referred to as air temperature):

(i) the gridded time-series Climate Research Unit (CRU) air temperature dataset Version 4.2°° produced by
the Climate Research Unit at the University of East Anglia (U.K.) on a global scale (only land) with month-
ly resolution and a spatial resolution of 0.5° x 0.5°, available from 1901 to 2015; and
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(i) the University Of Delaware gridded air temperature data set® provided on a global scale (only land) with
monthly resolution and a spatial resolution of 0.5° x 0.5°, available from 1901 to 2014.

Precipitation data.  As a precipitation reference, we used two different kinds of products, which provide very
close climatological means in summer over the USA (Fig. 1¢,d):

(i) the gridded time-series Climate Research Unit (CRU) precipitation dataset Version 3.4 (Harris et al.*)
produced by the Climate Research Unit at the University of East Anglia (U.K.) on a global scale (only land)
with monthly resolution and a spatial resolution of 0.5° x 0.5° from 1901 to 2015. This data set is entirely
based on rain-gauge data (11,800 worldwide); and

(ii) the Global Precipitation Climatology Project (GPCP) precipitation datasets (Version 2.3) provided on a
global scale with monthly resolution and spatial resolution of 2.5° x 2.5° from 1979 to present®'. The GPCP
monthly precipitation datasets are produced by merging observations from satellites, rain gauge stations,
and sounding observations.

Soil moisture data.  As SM reference, we used two satellite-derived products, both providing retrievals of surface
SM (top 5cm):

The most recent re-processed SMOS-IC SM product retrieved from SMOS Satellite brightness temperature
(TB) observations. The SMOS satellite was launched in 2009 by the European Space Agency (ESA) to monitor SM
and sea surface salinity at the global scale®®*. SMOS-IC SM was recently developed by INRA (Institut National
de la Recherche Agronomique) in collaboration with CESBIO (Centre d’Etudes Spatiales de la BIOsphére). The
SMOS-IC SM product differs from the operational SMOS Level 3 SM product (SMOSL3) in three main ways: (i)
SMOS-IC is based on SMOS Level 3 TB data and it is independent from auxiliary model products, (ii) specific
filters were introduced to select the TB data used in the SM retrievals, and (iii) a new calibration of the soil rough-
ness parameters and vegetation parameters was applied in the forward L-MEB (L-band Microwave Emission of
the Biosphere) model. SMOS-IC provides SM (in m*/m?) for the first 5cm centimetres of the soil and is available
for the period 2010-2016 on a daily basis and at a spatial resolution of 25km. More details on the SMOS-IC data
can be found in Fernandez-Moran et al.®*.

(i) The ESA CCI combined (version 03.2) SM product was generated by combining different active and pas-
sive microwave SM retrievals from different sensors: ERS, ASCAT (Metop-A and Metop-B), SSMR, TMI,
AMSR-E, SSM/I, SMOS, AMSR2, and WindSat**%*-¢’. It should be noted that this CCI version included
more recent sensors (e.g., SMOS and AMSR2) that were not considered in the previous versions of the CCI
SM products. Hence, a significant increase in the scientific value of the products is expected. It is worth
noting that the SMOS SM product included in the CCI was derived using the LPRM algorithm which is
different from the SMOS-IC products used in this study. The CCI SM product is provided as daily SM (in
m?/m?) for the first 5 cm of the soil column and is available for the 1978-2015 period with a spatial resolu-
tion of 0.25° x 0.25°.

Both the SMOS (the version used here and earlier versions) and CCI SM retrievals have been extensively
evaluated at both local and global scales®*%*¢%%%, Here, we show an example of the performance of both CCI and
SMOS products against in situ SM observations from the Atmospheric Radiation Measurement (ARM) data-
set, which includes 19 stations from the International Soil Moisture Network (ISMN; https://ismn.geo.tuwien.
ac.at/), all situated in the CGP region. Each in situ station was independently collocated to the closest grid points
of SMOS and CCI based on its longitude and latitude coordinates and the corresponding CCI and SMOS SM
retrievals were compared to the ARM time series on a daily basis within the period 2010-2017. Then the statistics
of the inter-comparison were computed based on results obtained over each single pixel for both SMOS and CCIL.
The resulting, Pearson correlation, and normalized Root-Mean-Square Error and standard deviation, are summa-
rized in a Taylor diagram” (see Supplementary Fig. S11), showing that SMOS and CCI share fair and comparable
performance with respect to the overall ARM dataset: most correlation values range between 0.6 and 0.8, and
standard deviations tend to be overestimated. This error may be due to differences in sampling depth between
in situ measurements and remote sensing products), but it is reduced by the normalization procedure aimed at
enhancing SM comparability between remote sensing and climate models (details below).

It should be noted that there are some uncertainties in remote sensing retrieved SM originating from the
sensor type, scales, calibration, the observation geometry, parameters/auxiliary fields used in the SM inversion
algorithms, sampling depth mismatch between models and satellite-based SM retrievals, and/or uncertainties
introduced by underlying assumptions, which should not be neglected when applying remote sensing observa-
tions in model evaluation.

CMIP5 simulations. We focused on so-called AMIP simulations (historical land-atmosphere simulations with
prescribed sea surface temperatures over 1979-2008) of the CMIP5 project and selected 20 models providing
the following three output variables: 1) TAS: 2-m near surface air temperature (in K); 2) Pr: total precipitation
(in kg m~? s71); 3) mrsos: moisture in upper portion of soil column (10 cm; in kg/m?). It is often argued that SM
variability varies with soil depth®®7!, but it was not possible to extract the top 5-cm SM for a large enough number
of models. Yet, a recent comparison of in situ and modelled SM profiles showed very similar monthly mean SM
values at 5 and 10 cm’?, while several observational studies reviewed in Gruber ef al.” reported a good correlation
of SM measured at various depths, leading to persistent patterns of SM. Eventually, to make the 10-cm modelled
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SM as comparable as possible to the 5-cm remotely sensed SM, we relied on both long-term averaging (JJA) and a
normalization procedure”!, as described below. More details about the 20 models used in this study can be found
in Table S1 (Supplementary).

Processing of the data sets.  Given that all data (observations and simulations) were provided in different spa-
tial resolutions, all datasets used in this study were re-gridded to a 2° x 2° resolution following Cheruy et al.'’.
The period used for this analysis is 1978-2008 for all datasets with the exception of the SMOS dataset which is
only available from 2010 to 2016. By using SMOS in this comparison, we are making an implicit assumption of
first-order stationarity in the SM time series (i.e., the mean in 2010-2016 should match the mean in 1979-2008).
Since mid-latitudinal summer drying is a common climate change signal predicted by climate models, we exam-
ined if this assumption could lead to misleading conclusions. This was done by using CCI data over different peri-
ods: 1978-2008, 1987-2008, 2010-2016 (used period for SMOS) and confirming that resulting SM biases were
consistent across these three periods (not shown here). Pixels with percentage of forest >60%, strong topography,
or frozen soil conditions were excluded from the analyses.

For the precipitation and air temperature variables, the bias of summer air temperature (JJA) was computed
on each 2° x 2° pixel between the simulations and the observations over the 1979-2008 period. In addition, the
CONUS was selected in this study to avoid the negative impact of RFI (Radio Frequency Interference) on the
SMOS SM retrievals, as other regions with comparable warm biases (i.e., Europe and India) are partially contam-
inated with RFI and there is almost no RFI over the CONUS. For SM, both the simulations and the observations
were normalized spatially (SMn) before computing the local biases:

1. sampling of the temporal mean and standard deviation in each 2° x 2° pixel for each dataset over 1978-
2008, 2010-2016, and 1979-2008 considering all months for CCI, SMOS-IC, and CMIP5, respectively.
This step produces two maps of temporal mean and standard deviation for each dataset separately;

2. sampling of the spatial mean (here referred to as M) of the temporal mean and standard deviation (here
referred to as SD) maps produced in step 1 over the CONUS. The output of the step is presented in Table S2
(Supplementary); and

3. normalization of the original datasets SM; using the values computed in step 2, shown in Table S2 (Supple-
mentary), as follows:

SM, — M
SMni = 2L =
SD (1)

Next, the normalized data produced in the previous steps were averaged considering only summer (JJA
months) for the remotely sensed SM retrievals and the CMIP5 SM simulations. Note that the mean of the nor-
malized data is non-zero because M is calculated using all months (and spatially averaged) while the normalized
data is computed only over JJA (and not over the full year). Finally, the difference in the overall mean of the
normalized data between the CMIP5 models simulations and the remotely sensed SM products (SMOS-IC and
CCI) was computed.

Data Availability

SMOS-IC SM datasets are publicly available at CATDS (Centre Aval de Traitement des Données SMOS): https://
www.catds.fr/Products/Available-products-from-CEC-SM/SMOS-IC. CCI SM datasets are freely available upon
registration at http://www.esa-soilmoisture-cci.org/. Monthly CRU air temperature and precipitation are public-
ly available at http://www.cru.uea.ac.uk/. Monthly Willmott air temperature observations are freely available at
https://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html. Monthly GPCP precipitation datasets
are freely available at https://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html. Monthly CMIP5 air temper-
ature, SM, and precipitation simulations are freely available from https://cmip.llnl.gov/cmip5/data_portal.html.
HYDRO 1K Elevation Derivative Data are available from the U.S. Geological Survey and can be freely download-
ed from: https://Ita.cr.usgs.gov/HYDROIK.

References

1. Edwards, P. N. History of climate modeling. Wiley Interdisciplinary Reviews: Climate Change 2, 128-139, https://doi.org/10.1002/
wee.95 (2011).

2. Taylor, K. E., Stouffer, R. J. & Meehl, G. A. An Overview of CMIP5 and the Experiment Design. Bulletin of the American
Meteorological Society 93, 485-498, https://doi.org/10.1175/bams-d-11-00094.1 (2012).

3. Eyring, V. et al. Overview of the Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental design and organization.
Geosci. Model Dev. 9, 1937-1958, https://doi.org/10.5194/gmd-9-1937-2016 (2016).

4. Flato, G. et al. Evaluation of Climate Models. In: Climate Change 2013: The Physical Science Basis. Contribution of Working Group I
to the FifthAssessment Report of the Intergovernmental Panel on Climate Change. (Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA, 2013).

5. Wang, C., Zhang, L., Lee, S.-K., Wu, L. & R. Mechoso, C. A global perspective on CMIP5 climate model biases. Nature Climate
Change, 201-205 (2014).

6. Ngai, S. T., Tangang, F. & Juneng, L. Bias correction of global and regional simulated daily precipitation and surface mean
temperature over Southeast Asia using quantile mapping method. Global and Planetary Change 149, 79-90, https://doi.
0rg/10.1016/j.gloplacha.2016.12.009 (2017).

7. Merrifield, A. L. & Xie, S.-P. Summer U.S. Surface Air Temperature Variability: Controlling Factors and AMIP Simulation Biases.
Journal of Climate 29, 51235139, https://doi.org/10.1175/jcli-d-15-0705.1 (2016).

8. Mueller, B. & Seneviratne, S. I. Systematic land climate and evapotranspiration biases in CMIP5 simulations. Geophysical Research
Letters 41, 128-134, https://doi.org/10.1002/2013g1058055 (2014).

SCIENTIFIC REPORTS |

(2019) 9:1657 | https://doi.org/10.1038/s41598-018-38309-5 9


https://doi.org/10.1038/s41598-018-38309-5
https://www.catds.fr/Products/Available-products-from-CEC-SM/SMOS-IC
https://www.catds.fr/Products/Available-products-from-CEC-SM/SMOS-IC
http://www.esa-soilmoisture-cci.org/
http://www.cru.uea.ac.uk/
https://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html
https://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html
https://cmip.llnl.gov/cmip5/data_portal.html
https://lta.cr.usgs.gov/HYDRO1K
https://doi.org/10.1002/wcc.95
https://doi.org/10.1002/wcc.95
https://doi.org/10.1175/bams-d-11-00094.1
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.1016/j.gloplacha.2016.12.009
https://doi.org/10.1016/j.gloplacha.2016.12.009
https://doi.org/10.1175/jcli-d-15-0705.1
https://doi.org/10.1002/2013gl058055

www.nature.com/scientificreports/

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

. Knutti, R. & Sedlacek, J. Robustness and uncertainties in the new CMIP5 climate model projections. Nature Climate Change 3, 369,

https://doi.org/10.1038/nclimate1716, https://www.nature.com/articles/nclimate1716#supplementary-information (2012).
Cheruy, E, Dufresne, J. L., Hourdin, E & Ducharne, A. Role of clouds and land-atmosphere coupling in midlatitude continental
summer warm biases and climate change amplification in CMIP5 simulations. Geophysical Research Letters 41, 6493-6500, https://
doi.org/10.1002/2014gl061145 (2014).

Christensen, J. H. & Boberg, F. Temperature dependent climate projection deficiencies in CMIP5 models. Geophysical Research
Letters 39, n/a-n/a, https://doi.org/10.1029/2012gl053650 (2012).

Seneviratne, S. L. et al. Impact of soil moisture-climate feedbacks on CMIP5 projections: First results from the GLACE-CMIP5
experiment. Geophysical Research Letters 40, 5212-5217, https://doi.org/10.1002/grl.50956 (2013).

Diffenbaugh, N. S. & Ashfaq, M. Intensification of hot extremes in the United States. Geophysical Research Letters 37, n/a-n/a,
https://doi.org/10.1029/2010g1043888 (2010).

Lin, Y. et al. Causes of model dry and warm bias over central U.S. and impact on climate projections. Nature Communications 8, 881,
https://doi.org/10.1038/s41467-017-01040-2 (2017).

Zhang, C. et al. CAUSES: Diagnosis of the Summertime Warm Bias in CMIP5 Climate Models at the ARM Southern Great Plains
Site. Journal of Geophysical Research: Atmospheres 0, https://doi.org/10.1002/2017jd027200 (2018).

Findell, K. L. & Eltahir, E. A. B. Atmospheric Controls on Soil Moisture-Boundary Layer Interactions. Part I: Framework
Development. Journal of Hydrometeorology 4, 552-569, https://doi.org/10.1175/1525-7541 (2003).

Salvucci, G. D., Saleem, J. A. & Kaufmann, R. Investigating soil moisture feedbacks on precipitation with tests of Granger causality.
Advances in Water Resources 25, 1305-1312, https://doi.org/10.1016/S0309-1708(02)00057-X (2002).

Santanello, J. A., Peters-Lidard, C. D. & Kumar, S. V. Diagnosing the Sensitivity of Local Land-Atmosphere Coupling via the Soil
Moisture-Boundary Layer Interaction. Journal of Hydrometeorology 12, 766-786, https://doi.org/10.1175/jhm-d-10-05014.1 (2011).
Seneviratne, S. I. et al. Investigating soil moisture—climate interactions in a changing climate: A review. Earth-Science Reviews 99,
125-161, https://doi.org/10.1016/j.earscirev.2010.02.004 (2010).

Dirmeyer, P. A. The terrestrial segment of soil moisture—climate coupling. Geophysical Research Letters 38, n/a-n/a, https://doi.
0rg/10.1029/2011gl048268 (2011).

Koster, R. D. et al. Regions of Strong Coupling Between Soil Moisture and Precipitation. Science 305, 1138-1140, https://doi.
org/10.1126/science.1100217 (2004).

Cheruy, E et al. Combined influence of atmospheric physics and soil hydrology on the simulated meteorology at the SIRTA
atmospheric observatory. Climate Dynamics 40, 2251-2269, https://doi.org/10.1007/s00382-012-1469-y (2013).

Stéfanon, M., Drobinski, P., D’Andrea, E,, Lebeaupin-Brossier, C. & Bastin, S. Soil moisture-temperature feedbacks at meso-scale
during summer heat waves over Western Europe. Climate Dynamics 42, 1309-1324, https://doi.org/10.1007/s00382-013-1794-9
(2014).

Ma, H. Y. et al. CAUSES: On the Role of Surface Energy Budget Errors to the Warm Surface Air Temperature Error Over the Central
United States. Journal of Geophysical Research: Atmospheres 123, 2888-2909, https://doi.org/10.1002/2017jd027194 (2018).

Mo Kingtse, C. & Juang Hann-Ming, H. Relationships between soil moisture and summer precipitation over the Great Plains and
the Southwest. Journal of Geophysical Research: Atmospheres 108, https://doi.org/10.1029/2002jd002952 (2003).

Boé, J. Modulation of soil moisture-precipitation interactions over France by large scale circulation. Climate Dynamics 40, 875-892,
https://doi.org/10.1007/s00382-012-1380-6 (2013).

Seneviratne, S. L, Luthi, D., Litschi, M. & Schar, C. Land-atmosphere coupling andclimate change in Europe. Nature 443, 205-209,
http://www.nature.com/nature/journal/v443/n7108/suppinfo/nature05095_S1.html (2006).

LeMone, M. A. et al. Influence of Land Cover and Soil Moisture on the Horizontal Distribution of Sensible and Latent Heat Fluxes
in Southeast Kansas during THOP_2002 and CASES-97. Journal of Hydrometeorology 8, 68-87, https://doi.org/10.1175/jhm554.1
(2007).

Miralles, D. G., Teuling, A. J., van Heerwaarden, C. C. & Vila-Guerau de Arellano, ]. Mega-heatwave temperatures due to combined
soil desiccation and atmospheric heat accumulation. Nature Geosci 7, 345-349, https://doi.org/10.1038/ngeo2141, http://www.
nature.com/ngeo/journal/v7/n5/abs/ngeo2141.html#supplementary-information (2014).

Bindlish, R. Soil moisture estimates from TRMM Microwave Imager observations over the Southern United States. Remote Sensing
of Environment v. 85, 507-515-2003 v.2085 n0.2004, https://doi.org/10.1016/s0034-4257(03)00052-x (2003).

Findell, K. L., Gentine, P, Lintner, B. R. & Kerr, C. Probability of afternoon precipitation in eastern United States and Mexico
enhanced by high evaporation. Nature Geoscience 4, 434, https://doi.org/10.1038/ngeo1174, https://www.nature.com/articles/
ngeoll74#supplementary-information (2011).

Kerr, Y. Soil moisture from space: Where are we? Hydrogeol ] 15, 117-120, https://doi.org/10.1007/s10040-006-0095-3 (2007).

Liu, Y. Y. et al. Developing an improved soil moisture dataset by blending passive and active microwave satellite-based retrievals.
Hydrol. Earth Syst. Sci. 15, https://doi.org/10.5194/hess-15-425-2011 (2011).

Wagner, W. et al. Fusion of Active and Passive Microwave Observations to Create an Essential Climate Variable Data Record on Soil
Moisture. XII Congress of the International Society for Photogrammetry and Remote Sensing-Melbourne, Australia (2012).

Taylor, C. M., de Jeu, R. A. M., Guichard, E, Harris, P. P. & Dorigo, W. A. Afternoon rain more likely over drier soils. Nature 489, 423,
https://doi.org/10.1038/nature11377, https://www.nature.com/articles/nature11377#supplementary-information (2012).

Dorigo, W. A. et al. Evaluation of the ESA CCI soil moisture product using ground-based observations. Remote Sensing of
Environment 162, 380-395, https://doi.org/10.1016/j.rse.2014.07.023 (2015).

Ma, H. Y. et al. On the Correspondence between Mean Forecast Errors and Climate Errors in CMIP5 Models. Journal of Climate 27,
1781-1798, https://doi.org/10.1175/jcli-d-13-00474.1 (2013).

Klein, S., A, Jiang, X., Boyle, J., Malyshev, S. & Xie, S. Diagnosis of the summertime warm and dry bias over the U.S. Southern Great
Plains in the GFDL climate model using a weather forecasting approach. Geophysical Research Letters 33, https://doi.
0rg/10.1029/2006g1027567 (2006).

Yuan, S. & Quiring, S. M. Evaluation of soil moisture in CMIP5 simulations over the contiguous United States using in situ and
satellite observations. Hydrol. Earth Syst. Sci. 21, 2203-2218, https://doi.org/10.5194/hess-21-2203-2017 (2017).

Cheruy, E, Dufresne, J. L., Ait Mesbabh, S., Grandpeix, J. Y. & Wang, E. Role of Soil Thermal Inertia in Surface Temperature and Soil
Moisture-Temperature Feedback. Journal of Advances in Modeling Earth Systems 9, 2906-2919, https://doi.
0rg/10.1002/2017ms001036 (2017).

Chao, W. C. Correction of Excessive Precipitation over Steep and High Mountains in a GCM: A Simple Method of Parameterizing
the Thermal Effects of Subgrid Topographic Variation. Journal of the Atmospheric Sciences 72, 2366-2378, https://doi.org/10.1175/
jas-d-14-0336.1 (2015).

Qiao, F. & Liang, X.-Z. Effects of cumulus parameterizations on predictions of summer flood in the Central United States. Climate
Dynamics 45, 727-744, https://doi.org/10.1007/s00382-014-2301-7 (2015).

Hirschi, M. et al. Observational evidence for soil-moisture impact on hot extremes in southeastern Europe. Nature Geosci 4, 17-21,
http://www.nature.com/ngeo/journal/v4/n1/abs/ngeo1032.html#supplementary-information (2011).

Mueller, B. & Seneviratne, S. I. Hot days induced by precipitation deficits at the global scale. Proceedings of the National Academy of
Sciences 109, 12398-12403 (2012).

Trenberth, K. E. & Shea, D. J. Relationships between precipitation and surface temperature. Geophysical Research Letters 32, n/a-n/a,
https://doi.org/10.1029/2005g1022760 (2005).

SCIENTIFICREPORTS| (2019) 9:1657 | https://doi.org/10.1038/s41598-018-38309-5 10


https://doi.org/10.1038/s41598-018-38309-5
https://doi.org/10.1038/nclimate1716
https://www.nature.com/articles/nclimate1716#supplementary-information
https://doi.org/10.1002/2014gl061145
https://doi.org/10.1002/2014gl061145
https://doi.org/10.1029/2012gl053650
https://doi.org/10.1002/grl.50956
https://doi.org/10.1029/2010gl043888
https://doi.org/10.1038/s41467-017-01040-2
https://doi.org/10.1002/2017jd027200
https://doi.org/10.1175/1525-7541
https://doi.org/10.1016/S0309-1708(02)00057-X
https://doi.org/10.1175/jhm-d-10-05014.1
https://doi.org/10.1016/j.earscirev.2010.02.004
https://doi.org/10.1029/2011gl048268
https://doi.org/10.1029/2011gl048268
https://doi.org/10.1126/science.1100217
https://doi.org/10.1126/science.1100217
https://doi.org/10.1007/s00382-012-1469-y
https://doi.org/10.1007/s00382-013-1794-9
https://doi.org/10.1002/2017jd027194
https://doi.org/10.1029/2002jd002952
https://doi.org/10.1007/s00382-012-1380-6
http://www.nature.com/nature/journal/v443/n7108/suppinfo/nature05095_S1.html
https://doi.org/10.1175/jhm554.1
https://doi.org/10.1038/ngeo2141
http://www.nature.com/ngeo/journal/v7/n5/abs/ngeo2141.html#supplementary-information
http://www.nature.com/ngeo/journal/v7/n5/abs/ngeo2141.html#supplementary-information
https://doi.org/10.1016/s0034-4257(03)00052-x
https://doi.org/10.1038/ngeo1174
https://www.nature.com/articles/ngeo1174#supplementary-information
https://www.nature.com/articles/ngeo1174#supplementary-information
https://doi.org/10.1007/s10040-006-0095-3
https://doi.org/10.5194/hess-15-425-2011
https://doi.org/10.1038/nature11377
https://www.nature.com/articles/nature11377#supplementary-information
https://doi.org/10.1016/j.rse.2014.07.023
https://doi.org/10.1175/jcli-d-13-00474.1
https://doi.org/10.1029/2006gl027567
https://doi.org/10.1029/2006gl027567
https://doi.org/10.5194/hess-21-2203-2017
https://doi.org/10.1002/2017ms001036
https://doi.org/10.1002/2017ms001036
https://doi.org/10.1175/jas-d-14-0336.1
https://doi.org/10.1175/jas-d-14-0336.1
https://doi.org/10.1007/s00382-014-2301-7
http://www.nature.com/ngeo/journal/v4/n1/abs/ngeo1032.html#supplementary-information
https://doi.org/10.1029/2005gl022760

www.nature.com/scientificreports/

46. He, B., Huang, L. & Wang, Q. Precipitation deficits increase high diurnal temperature range extremes. Scientific Reports 5, 12004,
https://doi.org/10.1038/srep12004 (2015).

47. Berg, A. et al. Interannual Coupling between Summertime Surface Temperature and Precipitation over Land: Processes and
Implications for Climate Change. Journal of Climate 28, 1308-1328, https://doi.org/10.1175/jcli-d-14-00324.1 (2014).

48. Bonfils, C. & Lobell, D. Empirical evidence for a recent slowdown in irrigation-induced cooling. Proceedings of the National Academy
of Sciences 104, 13582 (2007).

49. Ozdogan, M., Rodell, M., Beaudoing, H. K. & Toll, D. L. Simulating the Effects of Irrigation over the United States in a Land Surface
Model Based on Satellite-Derived Agricultural Data. Journal of Hydrometeorology 11, 171-184, https://doi.
org/10.1175/2009jhm1116.1 (2010).

50. Alter, R. E., Im, E.-S. & Eltahir, E. A. B. Rainfall consistently enhanced around the Gezira Scheme in East Africa due to irrigation.
Nature Geoscience 8, 763, https://doi.org/10.1038/ngeo2514, https://www.nature.com/articles/ngeo2514#supplementary-
information (2015).

51. DeAngelis, A. et al. Evidence of enhanced precipitation due to irrigation over the Great Plains of the United States. Journal of
Geophysical Research: Atmospheres 115, n/a-n/a, https://doi.org/10.1029/2010jd013892 (2010).

52. Guimberteau, M., Laval, K., Perrier, A. & Polcher, ]. Global effect of irrigation and its impact on the onset of the Indian summer
monsoon. Climate Dynamics 39, 1329-1348, https://doi.org/10.1007/s00382-011-1252-5 (2012).

53. Cook, B. L, Shukla, S. P, Puma, M. J. & Nazarenko, L. S. Irrigation as an historical climate forcing. Climate Dynamics 44, 1715-1730,
https://doi.org/10.1007/s00382-014-2204-7 (2015).

54. Lu, Y., Harding, K. & Kueppers, L. Irrigation Effects on Land-Atmosphere Coupling Strength in the United States. Journal of Climate
30, 3671-3685, https://doi.org/10.1175/jcli-d-15-0706.1 (2017).

55. Kumar, S. V. et al. Evaluating the utility of satellite soil moisture retrievals over irrigated areas and the ability of land data assimilation
methods to correct for unmodeled processes. Hydrol. Earth Syst. Sci. 19, 4463-4478, https://doi.org/10.5194/hess-19-4463-2015
(2015).

56. Siebert, S. et al. A global data set of the extent of irrigated land from 1900 to 2005. Hydrol. Earth Syst. Sci. 19, 1521-1545, https://doi.
org/10.5194/hess-19-1521-2015 (2015).

57. Lawrence, D. M. et al. The Land Use Model Intercomparison Project (LUMIP) contribution to CMIP6: rationale and experimental
design. Geosci. Model Dev. 9, 2973-2998, https://doi.org/10.5194/gmd-9-2973-2016 (2016).

58. van den Hurk, B. et al. LS3MIP (v1.0) contribution to CMIP6: the Land Surface, Snow and Soil moisture Model Intercomparison
Project — aims, setup and expected outcome. Geosci. Model Dev. 9, 2809-2832, https://doi.org/10.5194/gmd-9-2809-2016 (2016).

59. Harris, I, Jones, P. D., Osborn, T. J. & Lister, D. H. Updated high-resolution grids of monthly climatic observations — the CRU
TS3.10 Dataset. International Journal of Climatology 34, 623-642, https://doi.org/10.1002/joc.3711 (2014).

60. Willmott, C. J., Matsuura, K. & Legates, D. R. Terrestrial air temperature and precipitation: monthly and annual time series
(1950-1999). Center for climate research version 1 (2001).

61. Adler, R. F. et al. The Version-2 Global Precipitation Climatology Project (GPCP) Monthly Precipitation Analysis (1979-Present).
Journal of Hydrometeorology 4, 1147-1167, 10.1175/1525-7541(2003)004 < 1147:tvgpcp>2.0.co;2 (2003).

62. Wigneron, J. P. et al. Modelling the passive microwave signature from land surfaces: A review of recent results and application to the
L-band SMOS & SMAP soil moisture retrieval algorithms. Remote Sensing of Environment 192, 238-262, https://doi.org/10.1016/j.
rse.2017.01.024 (2017).

63. Kerr, Y. H. et al. Overview of SMOS performance in terms of global soil moisture monitoring after six years in operation. Remote
Sensing of Environment 180, 40-63, https://doi.org/10.1016/j.rse.2016.02.042 (2016).

64. Fernandez-Moran, R. et al. SMOS-IC: An Alternative SMOS Soil Moisture and Vegetation Optical Depth Product. Remote Sensing
9, https://doi.org/10.3390/rs9050457 (2017).

65. Owe, M., de Jeu, R. & Holmes, T. Multisensor historical climatology of satellite-derived global land surface moisture. Journal of
Geophysical Research: Earth Surface 113, F01002, https://doi.org/10.1029/2007jf000769 (2008).

66. Bartalis, Z., Hasenauer, S., Naeimi, V. & Wagner, W. WARP-NRT 2.0 Reference Manual. ASCAT Soil Moisture Report Series, No. 14.
Institute of Photogrammetry and Remote Sensing, Vienna University of Technology, Austria (2007).

67. Liu, Y. Y. et al. Trend-preserving blending of passive and active microwave soil moisture retrievals. Remote Sensing of Environment
123, 280-297, https://doi.org/10.1016/j.rse.2012.03.014 (2012).

68. Al-Yaari, A. et al. Global-scale evaluation of two satellite-based passive microwave soil moisture datasets (SMOS and AMSR-E) with
respect to Land Data Assimilation System estimates. Remote Sensing of Environment 149, 181-195, https://doi.org/10.1016/j.
rse.2014.04.006 (2014).

69. Riidiger, C. et al. An Intercomparison of ERS-Scat and AMSR-E Soil Moisture Observations with Model Simulations over France.
Journal of Hydrometeorology 10 (2009).

70. Taylor, K. E. Summarizing multiple aspects of model performance in a single diagram. Journal of Geophysical Research: Atmospheres
106, 7183-7192, https://doi.org/10.1029/2000jd900719 (2001).

71. Koster, R. D. et al. On the Nature of Soil Moisture in Land Surface Models. Journal of Climate 22, 4322-4335, https://doi.
org/10.1175/2009jcli2832.1 (2009).

72. Campoy, A. et al. Response of land surface fluxes and precipitation to different soil bottom hydrological conditions in a general
circulation model. Journal of Geophysical Research: Atmospheres 118(10), 725-710,739, https://doi.org/10.1002/jgrd.50627 (2013).

73. Gruber, A., Dorigo, W. A., Zwieback, S., Xaver, A. & Wagner, W. Characterizing Coarse-Scale Representativeness of in situ Soil
Moisture Measurements from the International Soil Moisture Network. Vadose Zone Journal 12, https://doi.org/10.2136/
vzj2012.0170 (2013).

74. USGS. HYDROIK Elevation Derivative Database: U.S. Geological Survey available online at, https://Ita.cr.usgs.gov/HYDRO1K
(accessed 08 November 2018) (2000).

Acknowledgements

This work was funded by the National Centre for Space Studies (CNES; Terre Océan Surfaces Continentales
et Atmosphére program) and the European Space Agency (SMOS Expert Support Laboratory). To analyse the
CMIP5 data, this study benefited from the IPSL Prodiguer-Ciclad facility which is supported by the L-IPSL project
funded by the Agence Nationale de la Recherche under the “Programme d’Investissements d’Avenir” (grant
ANR-10-LABX-0018) and by the IS-ENES2 project funded by the European Commission under the Seventh
Framework Programme (grant 312979). We acknowledge the World Climate Research Programme’s Working
Group on Coupled Modeling, which is responsible for CMIP, and we thank the climate modelling groups (listed
in Table S1 of the supporting information) for producing and making available their model output. The SMOS
and CCI products were obtained from the “Centre Aval de Traitement des Données SMOS” (CATDS) and the
ESA, respectively. HYDRO 1K Elevation Derivative Data are available from the U.S. Geological Survey and can be
freely downloaded from: https://Ita.cr.usgs.gov/HYDRO1K. We thank the Editor and three anonymous reviewers
for their constructive comments.

SCIENTIFICREPORTS| (2019) 9:1657 | https://doi.org/10.1038/s41598-018-38309-5 11


https://doi.org/10.1038/s41598-018-38309-5
https://doi.org/10.1038/srep12004
https://doi.org/10.1175/jcli-d-14-00324.1
https://doi.org/10.1175/2009jhm1116.1
https://doi.org/10.1175/2009jhm1116.1
https://doi.org/10.1038/ngeo2514
https://www.nature.com/articles/ngeo2514#supplementary-information
https://www.nature.com/articles/ngeo2514#supplementary-information
https://doi.org/10.1029/2010jd013892
https://doi.org/10.1007/s00382-011-1252-5
https://doi.org/10.1007/s00382-014-2204-7
https://doi.org/10.1175/jcli-d-15-0706.1
https://doi.org/10.5194/hess-19-4463-2015
https://doi.org/10.5194/hess-19-1521-2015
https://doi.org/10.5194/hess-19-1521-2015
https://doi.org/10.5194/gmd-9-2973-2016
https://doi.org/10.5194/gmd-9-2809-2016
https://doi.org/10.1002/joc.3711
https://doi.org/10.1016/j.rse.2017.01.024
https://doi.org/10.1016/j.rse.2017.01.024
https://doi.org/10.1016/j.rse.2016.02.042
https://doi.org/10.3390/rs9050457
https://doi.org/10.1029/2007jf000769
https://doi.org/10.1016/j.rse.2012.03.014
https://doi.org/10.1016/j.rse.2014.04.006
https://doi.org/10.1016/j.rse.2014.04.006
https://doi.org/10.1029/2000jd900719
https://doi.org/10.1175/2009jcli2832.1
https://doi.org/10.1175/2009jcli2832.1
https://doi.org/10.1002/jgrd.50627
https://doi.org/10.2136/vzj2012.0170
https://doi.org/10.2136/vzj2012.0170
https://lta.cr.usgs.gov/HYDRO1K
https://lta.cr.usgs.gov/HYDRO1K

www.nature.com/scientificreports/

Author Contributions

A.D,J.PW,EC.and A.A. designed the study. A.A. performed data analysis and prepared figures. The results were
interpreted by .PW., A.D., EC., W.T.C. and A.A. AA. drafted the manuscript with editing by A.D., J.P.W. and
W.T.C. All authors reviewed the manuscript.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-38309-5.

Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2019

SCIENTIFICREPORTS| (2019) 9:1657 | https://doi.org/10.1038/s41598-018-38309-5 12


https://doi.org/10.1038/s41598-018-38309-5
https://doi.org/10.1038/s41598-018-38309-5
http://creativecommons.org/licenses/by/4.0/

	Satellite-based soil moisture provides missing link between summertime precipitation and surface temperature biases in CMIP ...
	Results

	Spatial link between the summer biases in temperature, precipitation and SM. 
	Regional scale analysis over the CGP. 

	Discussion

	Conclusion

	Methods

	Gridded observations. 
	2-m near surface air temperature data. 
	Precipitation data. 
	Soil moisture data. 
	CMIP5 simulations. 
	Processing of the data sets. 


	Acknowledgements

	Figure 1 Mean bias between multi-model CMIP5 and observations.
	Figure 2 Link between summer soil moisture, air temperature, and precipitation biases.
	Figure 3 HYDRO 1 K Elevation map of the USA Source http://srtm.
	Figure 4 Cross-correlations between the mean biases of the three studied variables over the CGP region among the CMIP5 models.




