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Abstract

Soil moisture is important for sub-seasonal and seasonal climate prediction. However, biases and uncertainties of soil moisture in
climate models affect the accuracy of climate prediction. Here we evaluate biases in climate model soil moisture across different
time scales in the frequency domain. Based on our findings, compared to observations, soil moisture variability in the models is
found to be underestimated at frequencies smaller than the seasonal time scale and overestimated at frequencies larger than the
seasonal time scale. In addition, for the total effect of evapotranspiration and precipitation variability on soil moisture, models
also underestimate frequencies smaller than the seasonal time scale and overestimate frequencies larger than it. Furthermore,
no matter which factor (evapotranspiration or precipitation) is most affecting soil moisture, models underestimate its effect on
soil moisture in the corresponding frequency range. Finally, at a global scale, biases in climate models can be related to the
mean climate and not to soil properties. This study provides new insights into climate models deficiencies, and contributes to

a better understanding of soil moisture and climate.
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Key Points:

e 17 climate models in CMIP5 are used to evaluate the temporal behavior of surface soil
moisture compared to the observations.

e Models underestimate frequencies smaller than the seasonal time scale and overestimate
frequencies larger than it.

e Ataglobal scale, model biases are more closely related to climate than to soil types.
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Abstract

Soil moisture is important for sub-seasonal and seasonal climate prediction. However, biases and
uncertainties of soil moisture in climate models affect the accuracy of climate prediction. Here
we evaluate biases in climate model soil moisture across different time scales in the frequency
domain. Based on our findings, compared to observations, soil moisture variability in the models
is found to be underestimated at frequencies smaller than the seasonal time scale and
overestimated at frequencies larger than the seasonal time scale. In addition, for the total effect of
evapotranspiration and precipitation variability on soil moisture, models also underestimate
frequencies smaller than the seasonal time scale and overestimate frequencies larger than it.
Furthermore, no matter which factor (evapotranspiration or precipitation) is most affecting soil
moisture, models underestimate its effect on soil moisture in the corresponding frequency range.
Finally, at a global scale, biases in climate models can be related to the mean climate and not to
soil properties. This study provides new insights into climate models deficiencies, and
contributes to a better understanding of soil moisture and climate.

Plain Language Summary

Soil moisture is important for climate prediction at subseasonal to seasonal time scales. It is
closely related to processes between the atmosphere and the land surface, such as
evapotranspiration and precipitation. However, the deficiencies in climate models on soil
moisture lead to incorrect predictions. In this study, we found that (1) models underestimate soil
moisture variability on weekly to seasonal time scales and overestimate it on seasonal to annual
time scales, (2) soil moisture has a closer relationship with precipitation on weekly to seasonal
time scales and has a closer relationship with evapotranspiration on seasonal to annual time
scales, but models underestimate these relationships on weekly to annual time scales, and (3) the
deficiencies in these climate models are more closely related to mean soil moisture than soil
properties (i.e., sand & clay content). Our study provides a new understanding and assessment of
climate models based on soil moisture variability.

1 Introduction

Even though soil moisture only constitutes a small part of the total water on the Earth, it has been
regarded as one of the most important factors in the Earth system. Because of its special role at
the boundary between the land surface and atmosphere, soil moisture plays an important role in
land-atmosphere interactions and climate-change projections (Koster et al., 2004; Seneviratne et
al., 2010). It is critical for the hydrologic cycle as soil moisture impacts the ecosystem
(D’Odorico et al., 2003), agriculture (Botter et al., 2007), and the terrestrial carbon cycle (Green
et al., 2019).

It is therefore important to understand the variability of soil moisture and its relationship to
atmospheric processes over different time scales. Most previous studies used the autocorrelation
of the soil moisture time series to investigate this topic. First, soil moisture variability was
modeled as a first-order Markov process forced by a random precipitation series (i.e., white
noise) and an exponential damping term related to evapotranspiration losses (Delworth and
Manabe, 1988). Based on this model, the authors first proposed that a red noise process can
reasonably govern the temporal variability of soil moisture, and the e-folding autocorrelation
time scale of a red noise process can be used to quantify soil moisture variability (Delworth and
Manabe, 1988). However, since there are some important limitations in this Markovian
framework (Koster and Suarez, 2001), following studies tried to improve the understanding of
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soil moisture variability. To solve the problem about the possibility of seasonal variations as well
as the possible ignored persistence in forcing, a more complete framework and a revised version
(Seneviratne and Koster, 2012) based on a comprehensive soil moisture autocorrelation equation
was proposed to further analyze soil moisture memory (Koster and Suarez, 2001). The integral
time scale based on autocorrelation function was also used as another memory metric in the
study of soil moisture variability (Ghannam et al., 2016; Katul et al., 2007). In addition, the
temporal spectrum of soil moisture was analyzed to evaluate evapotranspiration and precipitation
variability on soil moisture spectra on various time scales (Katul et al., 2007; Nakai et al., 2014).
These methods are based on models where soil moisture treated as a red noise process. To solve
the deficiencies of this model when applying it to models and observations with finer resolutions,
a new study replaced the e-folding time scale of the red noise model with two new parameters,
thus dividing soil moisture memory into short-term and long-term components (McColl et
al., 2019).

Even though soil moisture variability has received increasing interests in recent years,
applications on short-term and seasonal prediction are still relatively open (Seneviratne et al.,
2010). Satellite remote sensing (Berg and Sheffield, 2018) now provide global observations of
soil moisture, including the Soil Moisture Ocean Salinity (SMOS) mission (Kerr et al., 2010),
and the Soil Moisture Active Passive (SMAP) mission (Entekhabi et al., 2010). These can be
used to better explain land-atmosphere interactions over different spatiotemporal scales (Guillod
et al., 2015; Tuttle and Salvucci, 2016) and its feedbacks (McColl et al., 2019). Indeed, since the
physical processes involved into land-atmosphere interface are complex (Berg and Sheffield,
2018), climate models still exhibit too many biases in soil moisture memory across different time
scales (Katul et al., 2007; Koster and Suarez, 2001; Nakai et al., 2014; Seneviratne et al.,
2006; Seneviratne and Koster, 2012).

Based on this, this study performs a comparative analysis between climate models from CMIP5
and soil moisture observations to highlight deficiencies in modeled soil moisture across time
scales. The soil moisture used in this study is surface soil moisture (SSM). Although root zone
soil moisture (RZSM) has stronger control on hydrological fluxes such as evapotranspiration,
several studies have demonstrated that SSM is well correlated with RZSM (Akbar et

al., 2018; Ford et al., 2014). In this way, SSM can be regarded as a proxy for RZSM under most
conditions, especially on weekly to annual time scales (McColl et al., 2019). This study
highlights model deficiencies using: 1) SSM variability; 2) the effect of evapotranspiration (ET)
and precipitation (P) variability on SSM in the frequency domain. Results are divided into three
frequency ranges, which represent 1) weekly to monthly time scales, 2) monthly to seasonal time
scales, and 3) seasonal to annual time scales, to show the deficiencies in the models over
different time scales.

2 Data

2.1 Model data

The fifth phase of the Climate Model Intercomparison Project (CMIP5), as in earlier CMIP
phases, was proposed to integrate a set of experiments that offer state-of-the-art multimodel
perspective to improve our knowledge on climate change and climate variability (Taylor et al.,
2012). In this study, the daily output of 17 CMIP5 models from the historical simulation is used.
To characterize SSM variability as well as the effect of ET and P variability on SSM (i.e.,
atmospheric water loss and supply), we analyze the output of SSM (top 10cm; variable mrsos in
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the CMIP5 archive), ET (hfls), and P (pr). We use only one ensemble member — “r1ilpl” (where
r for realization, i for initialization, and p for physics,) — when more than one member is
available. The models are selected based on the availability of daily output data required for the
spectral analysis. Table S1 in the supplemental material lists all models used in this study as well
as their corresponding centers, forcings, spatial resolution, and temporal coverage.

2.2 Observation data

Observation data needs to be compared with model data to determine the biases in climate
models. In this study, SMAP (Entekhabi et al., 2010), GLEAM (Miralles et al., 2011a; Miralles
et al., 2011b), and ERA5 (Copernicus Climate Change Service (C3S), 2017) are used as the
observation dataset for SSM, ET, and P, respectively. To make sure that the data is consistent,
we use datasets with the same temporal coverage, spanning 1 April 2015 to 31 March 2018. In
the final part of this study, we also analyze the relationship between model biases and global soil
properties using Global Soil Dataset for use in Earth System Models (GSDE) (Shangguan et al.,
2014) as the corresponding dataset.

2.2.1 SMAP soil moisture data

The Level 3 products from the NASA Soil Moisture Active Passive (SMAP) mission is used as
the reference observation of SSM in this study. The NASA SMAP satellite was launched in
January 2015 and measured SSM (i.e., moisture in the top ~5 cm of the soil column) globally
every 2~3 days (Entekhabi et al., 2010). Originally, SMAP included an active L.-band radar and a
passive L-band radiometer planning to provide soil moisture observations at 3 km and 36 km
spatial resolution, respectively, to get 9 km soil moisture product based on both of them.
However, due to an instrument anomaly, the radar stopped working in July 2015. On the other
hand, the radiometer continues to provide observation for SSM. We use three years of 6:00 a.m.
descending half-orbit passes, version 5 L3 SMAP passive soil moisture retrievals (O’Neill et al.,
2018). The reason to use morning observations rather than evening observations is that the air,
vegetation, and near-surface soil are assumed to be in thermal equilibrium in the early morning
hours for the radiometer soil moisture algorithm; thus, there is less degradation in the retrievals
than at 6:00 p.m. ascending half-orbit passes. Here, the level 3 product is made using
geophysical parameters derived from Level 1 and 2 products, and be spatiotemporally re-
sampled to the global cylindrical EASE-Grid 2.0 (Brodzik et al., 2012). In this projection,
regardless of longitude and latitude, each grid cell has a nominal size of approximately 36 X 36
km?, and the dimensions of all global data arrays are 406 rows and 964 columns.

Comparison between SMAP and in situ SSM observations demonstrate that SMAP is meeting its
performance target considering the difference between the lateral and vertical support of the
satellite and in situ soil moisture observations (Chan et al., 2016; Shellito et al., 2016; Colliander
etal., 2017). In addition, when comparing to other soil moisture satellites, SMAP had the highest
accuracy (Chen et al., 2018).

2.2.2 GLEAM evapotranspiration data

The Global Land Evaporation Amsterdam Model (GLEAM) is a set of algorithms that separately
estimate all components of ET (Miralles et al., 2011a; Miralles et al., 2011b). GLEAM is a global
model primarily driven by satellite-based remotely sensed observations. The core of the GLEAM
model uses the modified Priestley-Taylor equation (Priestley and Taylor, 1972), which calculates
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daily potential Ej, based on observations of surface air temperature and surface net radiation.
This method quantifies ET based on remotely sensed observation. Although being sensitive to
uncertainties in its forcing and ancillary data (Hsu et al., 2017), and not error-free compared to in
situ observations (Yang et al., 2017), GLEAM has been commonly used in studies of the global
hydrological cycle (Greve et al., 2014; Jasechko et al., 2013; Zhang et al., 2016). A detailed
description of GLEAM can be obtained in previous studies (Miralles et al., 2011a; Miralles et al.,
2011b; Martens et al., 2016, 2017).

In this study, we use three years of GLEAM 3.3a, which is a global dataset spanning the 39-year
period 19802018, derived based on reanalysis radiation and air temperature, a combination of
gauge-based, reanalysis, and satellite-based precipitation, as well as satellite-based vegetation
optical depth (Miralles et al., 2011a; Martens et al., 2017). The dataset is provided on a
0.2530.25 “latitude-longitude grid with a temporal resolution of one day.

2.2.3 ERAS precipitation data

ERAS is the fifth generation reanalysis of ECMWEF (European Centre for Medium-Range
Weather Forecasts). This reanalysis is achieved by data assimilation, which combines weather
forecasts with observations in an optimal way every few hours to produce the best estimate of the
state of the atmosphere. In this way, ERAS5 is a combination of model data and observations into
a globally complete and consistent dataset.

In this study, we use three years of hourly “total precipitation” estimates of variables on single
levels as the observation of precipitation (Copernicus Climate Change Service (C3S), 2017).
This dataset has a spatial resolution of 0.25<<0.25<for the atmosphere, spanning the period from
1979 to present with hourly temporal resolution.

2.2.4 GSDE soil data

The Global Soil Dataset for use in Earth System Models (GSDE) is a dataset that provides soil
information including 11 types of general soil information for soil profiles and 34 soil properties
for eight depths (Shangguan et al., 2014). In this study, we only use two main soil properties —
sand and clay contents, to find their relationships with biases in the models.

The data in the GSDE dataset has two different resolutions, i.e., 30 seconds (~1km) and 5
minutes (~10km). In this study, we use the second one. In addition, all soil properties are
separated into eight layers with different depths. Since we mainly focus on surface soil moisture,
here only the first two layers (0-0.045 and 0.045-0.091m) of sand and clay contents are used, and
we take the average of them for further analysis.

3 Materials and Methods

3.1 Data preprocessing and preparation

In this study, both observation and model data need to be preprocessed. For SMAP data, small
gaps because of instrument maneuvers, data downlink anomalies, and data quality screening, can
cause poor data quality as well as missing data. Therefore, SMAP values that do not range in the
valid range from 0.02 to 0.5 are removed. In addition, since SMAP does not perform global
observations every day, and because of missing data, the SSM for each pixel is temporally
discontinuous. Therefore, the missing values are filled to solve this data discontinuity. Firstly, we
used a moving median with a window of length 10 to fill the missing data. We tried different
window sizes up to 80 but found no major differences. For the filled results, we replaced values
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less than 0.02 by 0.02, and larger than 0.5 by 0.5, to make sure that all SSM data were in a valid
range.

For model data, since the time series of soil moisture span decades or even centuries, there might
be trends for some regions. We remove these trends using linear regression from the data to
focus the analysis on the sub-annual and annual fluctuations of the soil moisture itself. Here, for
SSM of all models, we subtract an optimal (least squares) fitted linear regression so that the
trended data has a mean value of zero.

3.2 Normalized variability of SSM, ET and P

Normalized variability of SSM (SSM,,), ET (ET,,), and P (B,) for both models and observations
are used for comparative analysis between them. Here, we explain our strategy with SSM,, as an
example; the processes for ET,, and P, are similar.
The method to get SSM,, for models and observation are the same. It is based on the fast Fourier
transform (FFT), which is a faster algorithm of the discrete Fourier transform (DFT).
First, we use FFT to get the spectrum of SSM. Since all datasets used are at a temporal resolution
of one day, the corresponding sampling frequency (f;) is one day™, and the sampling numbers
(N) is the number of days for each dataset. In the frequency domain, the length of the spectrum is
N/2 + 1 and the largest frequency is F;/2. In addition, since the spectrum is symmetric, only
half of it is used, as (0: N/2) * f;/N.
Then we get the energy spectrum of SSM based on its amplitude spectrum as Eggy(w) =
|Fssp(w)]?. In this study, we restrict our analysis to weekly to yearly time scale. Since gap
filling and instrumental noise of SMAP data (section 3.1) may introduce day-to-day variability as
noise in the observation, while this noise usually does not exist in model data since models are
smoother than observations, we remove the power spectrum below seven days (i.e. frequency
above 1/7) to make model data and observation data more comparable by smoothing the
observation data. For Esgy (w) with 1/N ~ 1/365 day™, unlike modeling data with multi-decade
records, the temporal coverage of the observation data in this study is only three years. This
temporal coverage is too small to make reasonable analysis on inter-annual time scales and thus
we omit the lowest frequencies.
Next, we separate Egqp(w) into three frequency ranges: 1/30 ~ 1/7, 1/90 ~ 1/30, 1/365 ~ 1/90
day'. They represent the temporal variability of SSM at weekly to monthly time scales, monthly
to seasonal time scales, and seasonal to annual time scales, respectively. Dividing the spectral
energy of Eggy (w) in each frequency range by the total spectral energy of Essy (w) for all three
frequency ranges, the ratio of the spectral energy for each frequency range is:
2
S5M, = Yi|SSM;(w))| 2 M
i1 2[SSM;(w))|

where SSM; (w;) is the amplitude value of SSM spectrum for jth frequency in ith frequency
range, and SSM,,, is the normalized variability of SSM in ith frequency range with a range from
zero to one. According to the Parseval theorem, the spectral energy of SSM in the time domain
and the frequency domain are equivalent. ET,, and P, for both models and observations are also
obtained based on the same method.

3.3 Effect of ET and P on SSM variability
Both ET and P control the SSM variability, ET decreases SSM while P increases it. Here we
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want to find the effects of ET and P variability on SSM spectra over different time scales.

In the time domain, based on an assumed linear time-invariant system, the relationship between
SSM and ET time series data as well as SSM and P time series data can be characterized by the
relative impact of ET and P, respectively on the SSM variability as:

ssmee(t) = et(t) @ hse(t) = f +OOET(t —7) * hee(T)dt )

ssm,(t) = p(t) Q hg,(t) = f P(t — 1) * hsy(7)dt (3)

where ssm(t), et(t), and p(t) are the time series of SSM, ET, and P, and hg,(t) and h),(t) are
transfer functions between SSM and ET as well as SSM and P. It is hard to capture these transfer
functions in the time domain. However, the convolution theorem can be applied to these two
processes to convert convolution operations in the time domain into multiplication in the
frequency domain as:
SSM(w) = ET(w) * Hsg(w) “4)
SSM(w) = P(w) - Hsp(w) )
where SSM(w), ET (w), and P(w) are the amplitude spectrum of ssm(t), et(t), and p(t), and
Hgp(w) and Hgp(w) are the Fourier transforms of hg,(t) and hgy,(t). In terms of the energy
spectrum, this reads as:
ISSM(w)|? = |ET (w)|? - |Hsg(w)]? (6)
ISSM(w)|? = |P(w)|? - |Hsp(w)|? (7)
Based on the two equations, the effects of ET and P variability on SSM spectra are related to
|Hgg (w)|? and |Hgp(w)|?, respectively. To capture these effects over different time scales, two
ratios are calculated by:

SSMy,

Hsg,, = ET, 3
SSMy,

Hgp,, = P )
n;

where Hgp and Hgp, ~is the fraction of SSM, to ET, and P, in the ith frequency range,

respectively. However, it can be hard to define the dominant factor on SSM variability only
based on these two ratios. So we first calculate the fraction of SSM variability to the sum of ET
and P variability (i.e., demand and supply) and then calculate the fraction of ET variability to the
sum of ET and P variability as:

; SSM,,, 1
SEPn; = ET, + Py, IR (10)
SEn, SPn,
H El, 11
EEPp, = m (11)

where Hggp, represents the total effect of ET and P variability on SSM, and Hggp,, . represents

the proportion of ET variability to all effects on SSM by ET and P variability (i.e., the fraction of
ET variability compared to that of precipitation). Thus, based on these two ratios, it is easier to
determine the dominant factor on SSM dynamics in each frequency range.
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3.4 Spectral slope of SSM, ET, and P

The spectral slope exhibits characteristics of the soil moisture physical behavior. This factor can
show how the variability of ET and P contribute to the spectrum of soil moisture (Katul et al.,
2007). First, all spectra are normalized by the variance of their respective temporal range to
avoid the spectra from high variance regions overwhelm the spectra from low variance regions
(Delworth and Manabe, 1988). Then, within each frequency range, we fit a linear regression for
the slope of the energy of all frequencies based on the least-squares approach. In this way, each
spatial point has three spectral slopes in the different frequency ranges, so they can be more
easily compared.

When considering SSM, ET, and P as power-law noise signals, the color of noise, which is
referred to their energy spectrum, can be used to identify spectral slopes of the three variables.
The analysis of colored noise has been studied for a long time. It was brought to attention by
Steele, who suggested the color of terrestrial and marine noise should be different (Steele, 1985).
A further study (David, 2004) performed an analysis of the variance spectra of long-term time
series of environmental variables and made a specific conclusion on these colored noises. The
color of the noise can be divided into several main types according to the slope of the power
spectral density. In this study, we use six kinds of colored noise (violet, blue, white, pink, red,
and black) to characterize the spectral slopes for SSM (SSMy,,), ET (ETy,,), and P (Py,,). The
corresponding spectral slope of violet, blue, white, pink, and red noise (or Brownian noise) is 2,
1, 0 (the spectral density of white noise is flat), -1, and -2, respectively, and the spectral slope of
black noise is smaller than -2. The smaller the slope of the spectrum in the frequency domain, the
longer the memory of the time series signals for white, pink, red, and black noise.

3.5 Bias between models and observations

There are three kinds of biases between the models and observations that we are evaluating here:
1) Biases in SSMy,,; 2) Biases in Hggp,, and HEEpni; and 3) Biases in SSMy,,, ETy,,, and Py,,. All

three biases are calculated as the difference between models minus observation. In addition, the
coefficient of variation across models is calculated to show the uncertainties across models.
The spatial resolutions between models and observations, as well as between models and
observations themselves, are all different. Therefore, the dataset for each model and the
observations are re-gridded to the same spatial resolution. Here we use the spatial resolution of
SMAP (36 km X 36 km) as the reference and project all other datasets to this “standard” spatial
resolution using a minimized distance:

D(m,m") = argmin |(m’p - mp) + (m’q - mq)| (12)
where D(m, m') is the shortest distance between the non-SMAP pixel and the SMAP pixel, m
and m' are SMAP pixel and non-SMAP pixel, p and q are latitude and longitude to the
corresponding pixel, respectively. In this way, all data have the same spatial resolution and then
can be used to get the mean and the coefficient of variation of the results across all models.
In addition, a significance test is performed on the averaged biases maps among models and
depicted in the maps using stippling. The reason for that is some biases shown in averaged maps
may only due to several models or even one model. These biases with less significance should
not be considered. The significance here is defined as the ratio of the number of models with the
same sign as average biases in each pixel to the number of total models. On the final map,
stippling shows the regions that passed the significance test of 100% (17/17 model) and 80%
(14/17 model), respectively.
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4 Results

This section shows the global map of SSM,,, ET,,, and P,, as well as the effect of ET,, and P, on
SSM,, over different time scales based on the observations. In addition, results of models are
compared with observations to find the deficiencies of models, and to find the relationship
between models biases with the mean SSM and two soil properties.

4.1 Observations

Figure 1 shows the global distribution of SSM,,, ET,,, and P, over different time scales. For SSM,
the spectral energy concentrates more on the seasonal to annual time scale for most regions,
while have the smallest proportion in the weekly to monthly time scales. This means that SSM
variability is most important at seasonal time scales.

For ET, the largest ET,, in the lowest frequency range means that ET variability is important at
seasonal time scales. The spectral energy of ET concentrates at long time scales for most regions
except in regions with a tropical wet climate. The reason is that ET has a large seasonal cycle in
many regions driven by radiation or moisture limitation except in wet tropics where radiation and
moisture variability is small. In this way, results in tropical wet regions, such as Amazon
Rainforest, Africa’s Near Equator, Indonesia, and the Philippines, are the opposite. In these
regions, most spectral energy concentrates on time scales shorter than monthly. This smaller
variability in radiation variability is mainly due to that the variability of cloud weekly time scale
(or longer) will cause a large variability of ET in short time scales (Anber et al., 2015).
Moreover, this mechanism has the largest influence on regions near the equator because these
regions receive more radiations than other regions all the time. Therefore, in these regions, ET
variability is mostly located in the high-frequency range. In addition, ET in desert regions does
not have a clear seasonal cycle as well due to the limitation of moisture.

For P, P, shows different regional distribution over different time scales: it is larger on seasonal
to annual time scales for most tropical regions where the seasonal cycle can be large, while larger
on weekly to monthly time scales for other regions, especially in non-tropical regions. The
reason is that, in tropical regions, especially regions with tropical wet and dry climate, although
the changes in the temperature and the radiation across seasons are small, rainfall exhibits a
strong seasonal cycle. So P in these regions shows strong seasonal variability. However, in
tropical regions with a tropical very wet climate, such as the Democratic Republic of the Congo,
Indonesia, and the Philippines, there is no such an apparent seasonal cycle because of the regular
rainfall and constant temperatures in these regions. On the other hand, there is not an obvious
rainy and dry season distinction for non-tropical regions. The occurrence of rainfall is typically
more random over the whole year and close to a white noise signal at high frequencies (Katul et
al., 2007; Nakai et al., 2014) (Figure 1). Therefore, P variability in non-tropical regions is almost
all in the high-frequency variability, except in monsoonal regions of central America, Sahel, etc.
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Figure 1. SSM,, (Figure a-c), ET,, (Figure d-f), and P, (Figure g-i) over different time scales. The three
columns from left to right represent results at weekly to monthly time scales, monthly to seasonal time scales,
and seasonal to annual time scales. SSM,,, ET,,, and P, represent the fraction of variability (also referred to as
energy) in each frequency range to total variability for SSM, ET, and P, respectively. Grey parts in Figure a-c
are regions with SSM less than 0.1. For ET,, and P, results of regions not shown in SSM,, are removed (e.g.,
Antarctica), that is, maps of the three variables have totally the same spatial resolution and field vision.

Although an apparent regional distribution can be found for both ET, and P,, the SSM,,
distribution is more diverse. Figure 2 shows the global distribution of Hgsgp, and Hggp,, over
different time scales. For shorter time scales (weekly to monthly), ET and P variability has little
effect on SSM. Compare to P variability, the fluctuation of ET nearly has limited effects on SSM
as ET is a slower process in part regulated by SM. For longer time scales, the effect of ET and P
on SSM increases. At monthly to seasonal time scales where the total effect of ET and P on SSM
reaches its largest magnitude, even though the proportion of ET variability becomes larger, P is
still the dominant factor of SSM variability. For longer time scales (seasonal to annual), the total
variability of ET and P decrease, but is still larger than it in the largest frequency range.
However, in this frequency range, ET becomes the dominant factor. Therefore, P variability
alone is no longer able to explain the SSM dynamics. Since Hggp,, represents the proportion of
ET variability to the total variability of ET and P, similar to the results of ET,, shown in Figure 1,
results of Hggp,, are opposite in tropical wet regions, where ET variability has more effect on
SSM on shorter time scales (weekly to seasonal), and P becomes the dominant factor on longer
time scales (seasonal to annual) due to seasonality in rainfall regimes.
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Figure 2. Hgpp , (Figure a-c) and Hggp,, (Figure d-f) over different time scales. Hggp,, is the ratio of SSM,, to
the sum of ET;, and P,, which represents the total effect of ET and P variability on SSM; Hggp,, is the ratio of

ET, to the sum of ET;,, and P,, which represents the proportion of ET variability to all effects on SSM by ET
and P. Grey parts are regions with SSM less than 0.1. The three columns from left to right represent results at
weekly to monthly time scales, monthly to seasonal time scales, and seasonal to annual time scales. Values in
each frequency range are normalized across the whole frequency range to have a span from zero to one.

To further describe the ET and P effect on SSM variability, we first evaluate relationships
between SSM spectra and ET spectra as well as P spectra. Figure 3 shows the global distribution
of the spectral slopes of SSM, ET, P, and E}, over different time scales expressed in terms of
noise color. Within each frequency range, the smaller the spectral slope, the more spectral energy
concentrates on longer time scales.

There is a phase shift between SSM and P spectra in the two larger frequency ranges, especially
on times above the monthly time scale. At weekly to monthly time scales, regions with the
smaller spectral slope of P lead to SSM spectra decay more rapidly. In most regions where P is a
white noise, SSM is a red noise in the corresponding regions, indicating longer memory induced
by soil moisture (Salvucci and Entekhabi, 1994). On the other hand, in regions where P is a pink
noise, like Central America, eastern and southern Africa, southern Asia, eastern and southern
Brazil, and northern Australia, SSM is a black noise. A similar phase shift between SSM and P
spectra can also be found for some regions at monthly to seasonal time scales, such as southern
North America, southern and north-central Asia, and regions around the Mediterranean, but those
are not as evident as for the largest frequency range since the effect of ET variability on SSM
increases little in this frequency range. On seasonal to annual time scales, the dominant factor on
SSM variability is ET rather than P, and there is no strong relationship between the P and SSM
spectra. In addition, there is no phase shift between the ET and SSM spectra, even in the seasonal
to annual time scales, where ET is the dominant factor on SSM variability.

In previous studies, ET was shown to be related to the damping term of the SM spectra
(Delworth and Manabe, 1988; Katul et al., 2007; Nakai et al., 2014) which modulates potential
evaporation. The differences between the spectra of ET and E,, are mainly due to the variability
of soil moisture. E}, is an estimate of the maximum evaporation rate according to different
meteorological conditions (Delworth and Manabe, 1988). Therefore it is relatively random on
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shorter time scales reflecting weather fluctuations as white or pink noise. However, ET, unlike
E,, is closely related to soil moisture as it limits the supply of moisture to the atmosphere on
longer time scales. So the SSM dynamics influence the ET spectrum — leading to a more red
noise because SSM has a longer memory than E;,. This influence is especially more visible in dry
regions. The reason is that, compared to SSM in dry regions, SSM in wet regions is mostly
saturated and thus mostly track the variability of potential evaporation. So ET in wet regions will
not be strongly affected by SSM variability. For longer time scales, both ET and E}, show an
obvious seasonal cycle that dominates the signal.
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Figure 3. Noise color of SSM (Figure a-c), ET (Figure d-f), P (Figure g-i), and potential evaporation (Figure j-
I) over different time scales. The colors in each figure represent the corresponding color of noise refers to the
energy spectrum of SSM, ET, and P. Considering SSM, ET, and P as examples of power-law noise, their
spectral densities vary as inverse frequency, more precisely are proportional to 1/f# (Bourke, 1998). In the
legend, the number in parentheses followed by each color refers to the corresponding £, which is also the
inverse number of the spectral slope. The spectral slope of violet noise, blue noise, white noise, pink noise, and
red noise (or Brownian noise) is 2, 1, 0 (the spectral density of white noise is flat), -1, and -2, respectively, and
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the spectral slope of black noise is smaller than -2. The three columns from left to right represent results at
weekly to monthly time scales, monthly to seasonal time scales, and seasonal to annual time scales.

4.2 Comparison between models and observations

Figure 4a-c show the averaged biases for SSM,, of models compared to the observation. A
significance test is performed on these three maps and depicted using stippling. Here, the +
stippling means the region passes a 100% significance test (i.e., all 17 models have the same sign
of biases as the averaged value), and the dot stippling means the region passes an 80%
significance test (i.e., 14 of the 17 models have the same sign as the averaged value). Therefore,
we only focus on the regions with stippling. Based on these results, for most regions, the model
biases are negative for the two higher frequency ranges, while they are positive for the lowest
frequency range. Models underestimate SSM variability on weekly to seasonal time scales, while
they overestimate it on seasonal to annual time scales. The largest biases appear in Eastern
Europe, Central and Eastern North America, Central Asia, and regions near the equator.
However, in a few other regions like India and southern Brazil, where the model biases are
positive for the two higher frequency ranges while are negative for the lowest frequency range,
the results are contrary to most regions. Since the mean of SSM,, in each frequency range is
different, the coefficient of variation is used here to see the degree of variation across all models
(Figure 4d-f). These results show that the coefficient of variation is smaller at lower frequencies
for most regions. Therefore, climate models have larger SSM uncertainties at shorter time scales
(weekly to monthly) and smaller uncertainties at longer time scales (seasonal to annual).
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Figure 4. Model deficiencies of SSM,, over different time scales. Figure (a-c) are averaged biases for SSM,, of
models compared to the observation, and figure (d-f) are the coefficient of variation of SSM,, across all
models. SSM,, represents the intermodel spread in each frequency range to total variability for SSM. For
Figure a-c, averaged biases of SSM,, are calculated by model data minus observation data. For Figure d-f, the
coefficient of variation of SSM,, is calculated by the standard deviation of SSM,, divided by the mean of SSM,,
for each frequency range. Grey parts are regions with SSM less than 0.1. The three columns from left to right
represent results at weekly to monthly time scales, monthly to seasonal time scales, and seasonal to annual
time scales. For averaged biases of SSM,, (Figure a-c), plus stippling means the region passes a 100%
significance test, and dot stippling means the region passes an 80% significance test.
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Based on the result shown in Figure 4, the biases and uncertainties in climate models are further
analyzed with the mean SSM on a global scale. Figure S1 shows the global distribution of the
normalized mean SSM based on SMAP data. From Figure 5a-c, for all three frequency ranges,
the biases mainly concentrate in regions with larger mean SSM content (about 45% ~ 85%).
Biases at weekly to annual time scales of SSM in these climate models mainly concentrate in
wetter regions. This result is consistent with the result shown in Figure 6. From a latitude
averaged perspective, larger biases of SSM,, are seen in regions near the equator and mid-latitude
regions in the northern and southern hemispheres, which have higher mean SSM values. On the
other hand, models nearly have no SSM,, biases in mid-latitude regions around 30° N and 30° S,
where the mean SSM has lower values (Figure 6d). For uncertainties in these climate models,
Figure 5d-c show that the coefficient of variation for SSM variability decreases as the frequency
decreases. In addition, for all three frequency ranges, the coefficient of variation is higher in
regions with intermediate mean SSM (about 40% ~ 60%) and smaller mean SSM (about 5% ~
15%), showing a different characteristic compared to the biases in the models. To sum up, when
considering SSM intermodal spread, the frequency range with larger biases has smaller
intermodal uncertainties and vice versa. Besides, climate models show the least deficiencies in
regions with mean SSM from 15% to 40%, typical of semi-arid regions, such as central
Argentina, southern Sahara Desert, regions near Tropic of Capricorn in Africa, southern India,
and northern and eastern coasts of Australia.
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Figure 5. SSM,, for models and the observation as a function of mean SSM for observation over different time
scales. Figure 5a-c are averaged biases of SSM,, between models and observations, and figure 5d-f are
coefficient of variation of SSM,, across all models. The three columns from left to right represent results at
weekly to monthly time scales, monthly to seasonal time scales, and seasonal to annual time scales. SSM is
separated into 20 bins of equal size (i.e., 0.05 for each bin), and the averaged biases and coefficient of variation
of SSM,, located in each bin (i.e., range of global mean SSM) were calculated, respectively.
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Figure 6. Latitudinal average of SSM,, for models and SMAP observations over different time scales. Black
lines are results of observation, and red lines are results of the models. The first three rows from top to bottom
(i.e. Figure a-c) represent results at weekly to monthly time scales, monthly to seasonal time scales, and
seasonal to annual time scales, respectively. The average of SSM,, for each latitude is calculated as the y value.
Regions with SM less than 0.1 are removed. In addition, Figure d shows the mean of renormalized global
mean SSM (in Figure 1) for each latitude.

Normalized mean SSM

Similar to the averaged biases of SSM,, (Figure 4a-c), for most regions, the models underestimate
the total effect of ET and P variability on SSM at weekly to seasonal time scales while they
overestimate it at seasonal to annual time scales (Figure 7a-c). In addition, the largest biases of
models are on monthly to seasonal time scale range, and for each frequency range, in regions
with larger biases similar to SSM,,. We already know that P variability dominates SSM dynamics
at weekly to seasonal time scales while ET dominates it at seasonal to annual time scales (Figure
2d-f), no matter which factor is dominant, models tend to underestimate its effect on SSM. For
example, on weekly to monthly time scales where P is the dominant factor, models overestimate
the proportion of ET variability to the total variability of ET and P. Thus, the P effect on SSM is
underestimated by models. In addition, models show larger biases on Hggp, than Hggp, (Figure

7), which means that models do relatively well at capturing the proportion of ET and P
variability to their total variability, while they exhibit larger biases on the total effect of ET and P
on SSM variability.
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Figure 7. Averaged biases of Hsgp,, (Figure a-c) and Hggp,, (Figure d-f) between models and the observation
over different time scales. For each figure, averaged biases are calculated by model data minus observation
data. Grey parts are regions with SSM less than 0.1. The three columns from left to right represent results at
weekly to monthly time scales, monthly to seasonal time scales, and seasonal to annual time scales. For each

figure, plus stippling means the region passes a 100% significance test, and dot stippling means the region
passes an 80% significance test.

Then, biases in Hggp, and Hggp,, as a function of the global mean SSM are analyzed to see if
there is any relationships between them (Figure 8). For Hggp, , biases of models are mainly
concentrated in regions with larger mean SSM (about 45% ~ 85%) across the frequency range.
On the other hand, for Hggp,,, models achieve their best performance in transition zones (regions
where SSM approximate equals 0.4), while as mean SSM either increases or decreases, biases of
models increase. Therefore, when considering ET and P intermodal spread effect on SSM, biases
of models tend to be more apparent in wetter and drier regions where the SSM variability is
dominated by strong seasonality. In addition, when further investigating the proportion of ET and

P variability, drier regions (with SSM about 5% ~ 15%) also need to be considered for biases of
the dominant factors.
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Figure 8. Averaged biases of Hggp, (Figure a - ¢) and Hggp,, (Figure d - f) between models and the
observation with global mean SSM for observation in different time scales. The three columns from left to
right represent results at weekly to monthly time scales, monthly to seasonal time scales, and seasonal to
annual time scales, respectively. The method to make this figure is similar to Figure 5.

In addition to the averaged biases of models compared to observations, the coefficients of
variation of Hggp  and Hggp,, across models are also investigated to understand the spread across
models (Figure S2). For both Hggp, and Hggp,,, the intermodel spread is larger on shorter time
scales (weekly to seasonal) than those on longer time scales (seasonal to annual), which means
models have greater variance at weekly to seasonal time scales. Based on Figure 7 and Figure
S2, it can be concluded that, for ET and P variability effect on SSM, models have larger spread at
shorter time scales, where they underestimate the variability. On the other hand, at longer time
scales, the overestimated biases are mostly similar across models, pointed towards a systematic
deficiency of land surface models to represent long-term variability.

So far, the biases in models were found to be tightly related to mean SSM content. Apart from
that, it is also important to see whether these biases relate to the soil itself. Here, two of the main
soil properties are used — sand and clay content — to evaluate this dependence. Figure S3 shows
the global distribution of these two properties for the first two layers in the GSDE dataset. Here
the mean for these two layers is used to see its relationship with model biases. No matter whether
it 1s the biases of SSM variability or the effect of ET and P variability on SSM, the two soil
properties do not impact the relationships (Figure S4 and S5). This means that it is not the soil
itself that lead to biases of climate models found in this study, but this point rather to issues in the
representation of other processes regulating soil moisture such as vegetation, which regulate the
transpiration and long-term soil moisture response (Kennedy et al., 2019). For instance, plant
water stress based on plant hydraulics has shown superior results when compared to typical
water-stress responses (Kennedy et al., 2019), especially on seasonal time scales.

Finally, biases of the spectral slopes SSMy,,, ETx,,, and Py, (Figure 9) shows that models have
shorter memory than observations. Positive biases mean that models underestimate the memory
in each frequency range and vice versa. For SSM, ET, and P, models underestimate their memory
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for most regions with high significance, and this underestimation is largest in the lowest
frequency range (seasonal to annual). This can again relate to difficulties in the representation of
long-term transpiration and the dynamics of soil moisture.
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Figure 9. Averaged biases of spectral slope biases for SSM,;., (Figure a-c), ET,, (Figure d-f), and P, (Figure
g-i) between models and the observation over different time scales. Grey parts in Figure a-c are regions with
SSM less than 0.1. The three columns from left to right represent results at weekly to monthly time scales,
monthly to seasonal time scales, and seasonal to annual time scales. For each figure, plus stippling means the
region passes a 100% significance test, and dot stippling means the region passes an 80% significance test.

5 Conclusions

This research presents a comparative analysis between CMIPS climate models and satellite
observations of surface soil moisture variability at a global scale. It also investigates the effects
of evapotranspiration and precipitation variability on soil moisture spectra over different time
scales. Biases in models are found by comparing the results of models and observations, and
uncertainties in models are found by comparing results across all models. By performing
statistical analysis on model biases with the global distribution of mean SSM and soil properties,
the relationships highlight some causes of the model deficiencies.

Models underestimate SSM variability at the higher frequency range (weekly to seasonal) while
they overestimate it in the lower frequency range (seasonal to annual). These biases concentrate
in wetter regions (0.45 < normalized SSM < 0.85). Models exhibit larger uncertainties at longer
time scales (monthly to annual). In addition, the frequency range with larger biases in models
will show smaller uncertainties. For each frequency range, intermodal spread in the bias is larger
in regions of intermediate wetness.

For ET and P variability effects on SSM (Hggp,, and Hggp,, ), models underestimate the total
effect of ET and P variability on SSM in the higher frequency range (weekly to seasonal) while
they overestimate it in the lower frequency range (seasonal to annual). Furthermore, whether ET
or P is the dominant factor of variability, models underestimate their effect on SSM variability.
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For Hggp., , biases are more concentrated in wetter regions (normalized SSM > 0.45); for Hggp.,

biases are more concentrated in wetter regions (normalized SSM > 0.45) and drier regions
(normalized SSM < 0.15). In addition, similar to SSM,,, models exhibit larger uncertainties as the
frequency increases. For biases of SSM,,, Hsgp, and Hggp, , there is no clear relationship
between biases of models and soil sand content nor clay content. Therefore, the biases in these
climate models are more closely related to soil moisture mean value than to soil properties. For
SSM, ET, and P spectral slope (SSM,,, ETx,,, and Py,,), models underestimate the memory of
SSM, ET, and P for most regions, and this underestimation is most obvious in the lowest
frequency range, i.e., at longer time scales (seasonal to annual). To summarize, our study
identifies systematic metrics that can be used to assess model improvements of soil moisture
variability.
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[Figure S1 to S5 gives more specific results related to this research. Figure S1 shows the global
map of the mean surface soil moisture based on the SMAP observation (Entekhabi et al., 2010)
after spatiotemporal normalization. Figure S2 shows the coefficient of variation of two ratios
that represents the relationships between the variability of surface soil moisture,
evapotranspiration, and precipitation among models over different time scales. Figure S3
shows the soil sand and clay content for the first two layers based on GSDE data (Shangguan
et al., 2014). Figure S4 and S5 show the relationships between model biases and global soil
sand and clay content, respectively. Table ST shows some specific information of CMIP5
models (Taylor et al., 2012) used in this research.]
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Figure S1. The mean SSM for observation after spatiotemporal normalization. Four years of
data from the SMAP Level-3 product, spanning 1 April 2015 - 31 March 2019, are used. Firstly
use original data to get the annual average SSM for each grid, and then rearrange them from
small to large and normalized them from zero to one as:

SSM = (SSM — SSMi)/ (SSMypaxe — SSMypin) -
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Figure S2. The coefficient of variation of Hggp  (Figure a-c) and Hggp,, (Figure d-f) among
models over different time scales. Similar to the coefficient of variation of SSM,, (Figure 4d - 4f),
for each model, the coefficient of variation of Hggp, and Hggp,, is calculated by the standard
deviation divided by the mean for each frequency range. Grey parts are regions with SSM less
than 0.1. The three columns from left to right represent results in weekly to monthly time
scales, monthly to seasonal time scales, and seasonal to annual time scales.
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Figure S4. Averaged biases of SSM,, (Figure a-c), Hggp , (Figure d-f) and Hggp,, (Figure g-h)
between models and observations with global soil sand content. The three columns from left
to right represent results in weekly to monthly time scales, monthly to seasonal time scales,
and seasonal to annual time scales, respectively. The method to make this figure is similar to

Figure 5.
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Figure 5.
Model version Center Forcings Spat'él Temporal
Resolution | Coverage
Beijing Climate
Center, China Nat Ant GHG SD Oz 1950-01-01
BCC-CSM1.1 . 128*64 -
Meteorological SIVISS Ds BC OC
. . 2012-12-31
Administration
College of Global
Change and Earth 1950-01-01
BNU-ESM System Science, Nat, Ant 128*64 -
Beijing Normal 2005-12-31
University
GHG, Oz, SA, BC, OC,
Canadian Centre for LU, SLVI (GHG 1850-01-01
CanESM2 Climate Modeling and | includes CO2, CH4, 128*64 -
Analysis N20O, CFC11, 2005-12-31
effective CFC12)
Centre National de
Recherches
Meteorologiques /
1950-01-01
CNRM-CMS5 Centre Europeen de GHG, SA, Sl, VI, BC, 256%128 N
Recherche et 0oC
. 2005-12-31
Formation Avancees
en Calcul Scientifique
(CNRM/CERFACS)
CSIRO-Mk3.6 Commonwealth Ant, Nat (all 192%96 1850-01-01

1



Scientificand

forcings)

Industrial Research 2005-12-31
Organization/Queensl|
and Climate Change
Centre of Excellence
(CSIRO-QCCCE)
GHG, SA, Oz, LU, SI,
VI, SS, BC, MD, OC
GFDL-CM3 Geophysical Fluid (GHG includes CO2, 144%90 1860_01 o1
Dynamics Laboratory CH4, N20, CFC11, 2005-12-31
CFC12, HCFC22,
CFC113)
GHG, SD, Oz, LU, S,
VI, SS, BC, MD, OC
. . e ' 1861-01-01
GEDL-ESM2G Geophysncal Fluid (GHG includes CO2, 144%90 N
Dynamics Laboratory CH4,N20, CFC11, 2005-12-31
CFC12, HCFC22,
CFC113)
GHG, SD, Oz, LU, SI,
VI, SS, BC, MD, OC
. . T ! 1861-01-01
GFDL-ESM2M Geophysncal Fluid (GHG includes CO2, 144%90 ~
Dynamics Laboratory CH4,N20, CFC11, 2005-12-31
CFC12, HCFC22,
CFC113)
GHG, Oz, SA, LU, SI
. P 1949-12-01
HadGEM2-CC Met Office Hadley VI, BC, OC, (GHG = 192%145 ~
Centre C0O2,N20, CH4,
CFCs) 2005-11-30
GHG, SA, Oz, LU, SI
. T T 1949-12-01
HadGEM2-ES Met Office Hadley VI, BC, OC, (GHG = 192%145 ~
Centre C0O2,N20, CH4,
CFCs) 2005-11-30
Institute for 1950-01-01
Numerical N/A N/A 180%120 -
Mathematics 2005-12-31
Ocoon hesaareh | GHG/SA 02LU.S|
. VI, SS, Ds, BC, MD,
Institute (The .
University of Tokyo) OC (GHG includes
National Institute fo; C0O2, N20, methane, 1950-01-01
MIROC5 Environmental and fluorocarbons; 256%128 -
. Ozincludes OH and 2009-12-31
Studies, and Japan
) H202; LU excludes
Agency for Marine- .
. change in lake
Earth Science and .
fraction)
Technology
Atmosphere and 1950-01-01
MIROC-ESM Ocean Research G|-\|/G“3|AD ?32 LOUéSI’ 128%64 -
Institute (The ! T 2005-12-31




University of Tokyo),
National Institute for
Environmental
Studies, and Japan
Agency for Marine-
Earth Science and
Technology

MIROC-ESM-
CHEM

Atmosphere and
Ocean Research
Institute (The
University of Tokyo),
National Institute for
Environmental
Studies, and Japan
Agency for Marine-
Earth Science and
Technology

GHG, SA, Oz, LU, S|,
VI, MD, BC, OC
(Ozone is predicted)

128%*64

1950-01-01

2005-12-31

MRI-CGCM3

Meteorological
Research Institute

GHG, SA, Oz, LU, SI,
VI, BC, OC (GHG
includes CO2, CH4,
N20, CFC-11, CFC-
12, and HCFC-22)

320*160

1950-01-01

2005-12-31

MRI-ESM1

Meteorological
Research Institute

GHG, SA, Oz, LU, SI,
VI, BC, OC (GHG
includes CO2, CH4,
N20, CFC-11, CFC-
12, and HCFC-22)

320*160

1950-01-01

2005-12-31

NorESM1-M

Norwegian Climate
Centre (NorClim)

GHG, SA, Oz, S|, VI,
BC, OC

144%96

1950-01-01

2005-12-31

Table S1. 17 CMIP5 climate models used in this research and some of their specific

information.




