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ABSTRACT

Three independent surface soil moisture datasets for the period 1979-87 are compared: 1) global retrievals
from the Scanning Multichannel Microwave Radiometer (SMMR), 2) global soil moisture derived from observed
meteorological forcing using the NASA Catchment Land Surface Model, and 3) ground-based measurementsin
Eurasia and North America from the Global Soil Moisture Data Bank. Time-average soil moisture fields from
the satellite and the model largely agree in the global patterns of wet and dry regions. Moreover, the time series
and anomaly time series of monthly mean satellite and model soil moisture are well correlated in the transition
regions between wet and dry climates where land initialization may be important for seasonal climate prediction.
However, the magnitudes of time-average soil moisture and soil moisture variability are markedly different
between the datasets in many locations. Absolute soil moisture values from the satellite and the model are very
different, and neither agrees better with ground data, implying that a‘“ correct”” soil moisture climatology cannot
be identified with confidence from the available global data. The discrepancies between the datasets point to a
need for bias estimation and correction or rescaling before satellite soil moisture can be assimilated into land

surface models.

1. Introduction

Interest in global soil moisture observations and data
assimilation has been growing steadily over the past few
years. Accurate initialization of the vertical profile of
soil moisture, for example, may be key to successful
seasonal prediction of midlatitude summer precipitation
over land. For the best possible soil moisture initial
conditions, data assimilation may be used to combine
satellite retrievals of surface soil moisture with infor-
mation from the land surface model and its associated
meteorological forcing inputs. The data assimilation
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system is designed to propagate this surface information
into the deeper soil and thereby provide improved es-
timates of the vertical profile of soil moisture. While
there has been considerable progress in the methodo-
logical development of soil moisture data assimilation
(Houser et al. 1998; Walker and Houser 2001; Margulis
et a. 2002; Reichle et a. 2002; Reichle and Koster
2003; Crow and Wood 2003; Seuffert et al. 2003), global
observations of soil moisture have been lacking.

It is possible to retrieve surface soil moisture from
low-frequency active and passive microwave data col-
lected by satellite with varying degrees of accuracy.
Ideally, soil moisture sensors operate in the passive L
band (1.4 GHZz), but such instruments are still in the
development phase (Kerr et a. 2001; Entekhabi et al.
2002). Current spaceborne sensors suitable for soil
moisture monitoring include the Advanced Microwave
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Scanning Radiometers (AMSR) on board the Aqua sat-
ellite and the Advanced Earth Observing Satellite
(ADEOSH1), respectively. AM SR measures passive mi-
crowaves in six channels, with a minimum frequency
in C band (6.925 GHz). From October 1978 to August
1987, the Scanning Multichannel Microwave Radiom-
eter (SMMR), apredecessor to AM SR, collected C-band
(6.63 GHz) passive microwave data.

Oweet al. (2001) recently developed anovel retrieval
algorithm for soil moisture from passive microwave
measurements and produced a 9-yr global soil moisture
dataset from SMMR observations (de Jeu 2003). A
global, multiannual soil water index has also been re-
trieved from spaceborne radar observations (Wagner et
a. 2003). While such active (radar) microwave mea-
surements offer finer spatial resolution, soil moisture
retrieval is difficult and prone to errors because of un-
certaintiesin the surface roughness, vegetation, and het-
erogeneous land cover. Nevertheless, Wagner et al.
(2003) find that their soil water index agrees reasonably
well with modeled soil moisture in tropical and tem-
perate climates.

Our ultimate goal is to assimilate satellite soil mois-
ture data into a global land model. Here, we take a step
in this direction by examining the compatibility of the
de Jeu (2003) SMMR soil moisture retrievalswith glob-
al model soil moisture and ground data where available.
Because of the obvious link between precipitation, ra-
diation, and soil moisture, output from a land surface
model that is forced with observed meteorological data
contains much information about soil moisture. In this
study, the land model isforced with a high-quality glob-
al dataset of surface meteorological conditions that is
based on observations as much as possible. This pro-
duces a soil moisture dataset similar to the many model-
based soil moisture datasets that can be found in the
literature (e.g., Mintz and Serafini 1992; Nijssen et al.
2001). Also, ground-based soil moisture data for the
SMMR time period are available for select locations in
Eurasia and North America from the Global Soil Mois-
ture Data Bank (Robock et al. 2000).

The satellite, ground-based, and model soil moisture
used here are independent data, each with its own set
of limitations. It iswell known that state-of-the-art land
surface models produce widely different soil moisture
output even when integrated with identical meteorol og-
ical forcing inputs (Henderson-Sellers et a. 1995; Kos-
ter and Milly 1997; Entin et al. 1999). Errorsin C-band
surface soil moisture retrievals are generally high, and
modest amounts of vegetation obscure the soil moisture
signal. Ground-based measurements are sparse and not
necessarily representative of large-scale soil moisture.
At this time, errors in global soil moisture observation
and modeling are so large that there is no universally
agreed climatology. Because of these shortcomings, it
is not clear a priori that straightforward assimilation of
C-band soil moisture retrievals or ground measurements
into a land surface model offers the expected benefits.
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In fact, even for the assimilation of ground data into a
highly calibrated model at a single field site, Calvet and
Noilhan (2000) find it necessary to rescale model output
to observed soil moisture. In this paper, we demonstrate
where global soil moisture datafrom the different sourc-
es agree and by how much they can differ. The differ-
ences, in particular the discrepanciesin the soil moisture
climatology, have important implications for soil mois-
ture assimilation.

2. Data

In this study we compare soil moisture derived from
satellite data, land model integrations, and ground-based
measurements. The three data sources are, of course,
fundamentally different. Satellite data infer soil mois-
ture from its impact on the C-band passive microwave
signal, whereas the model integrations relate soil mois-
ture to antecedent meteorological forcing. The ground
measurements are perhaps most accurate but are far
more sparsely distributed in space and in time and not
necessarily representative of large-scale soil moisture.

The SMMR satellite retrievals of soil moisture are
from de Jeu (2003) and Owe et al. (2001). Their novel
retrieval algorithm is based on the polarization differ-
ence of the C-band passive microwave signal and si-
multaneously retrieves surface soil moisture and the
vegetation optical depth. The dual polarization approach
overcomes the need to specify the vegetation parameter
that is required in single-channel algorithms (Jackson
and Schmugge 1991) and is difficult to obtain on a
global scale. Surface temperature inputs to the Owe et
a. (2001) algorithm are estimated from the SMMR 37-
GHz channel. Despite global coverage of the satellite,
soil moisture retrievals are not available everywhere.
Soil moistureretrieval isimpossiblein areasthat contain
asignificant fraction of surface water (such as along the
coast) or when the soil isfrozen. Moreover, soil moisture
retrieval from C-band passive microwaves is restricted
to areas with sufficiently light vegetation cover.

Note that Owe et al. (2001) intentionally did not cal-
ibrate their retrieval algorithm. Because of the paucity
of calibration and validation data, any calibration to a
regional dataset would in effect invalidate the global
applicability of the algorithm. In a quality control step,
we excluded SMMR soil moisture retrieval s associated
with a vegetation optical depth greater than 0.6 (si-
multaneously retrieved) from the analysis. Both SMMR
overpasses at local noon and local midnight are used.

Figure 1 shows the monthly average number of
SMMR soil moisture retrievals that were used in this
study. The time average is computed from January 1979
to August 1987. SMMR was flown on a polar-orbiting
satellite that passed over a given location in the mid-
latitudes about once every 3—4 days (or about 8-10
times per month). Also shown in Fig. 1 is the 1983-90
average leaf area index (LAI) derived from data col-
lected by Advanced Very High Resolution Radiometers
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FiGc. 1. (top) Jan 1979-Aug 1987 average monthly number of soil
moisture retrievals from SMMR after quality control and mapping to
catchment space, (middle) 1983-90 average LAI, and (bottom) Jan
1979-Aug 1987 average monthly number of rain gauges per 2.5° grid
cell.

(AVHRRS) (Guillevic et al. 2002). Most soil moisture
data are available in low-latitude regions with little veg-
etation, namely, northern and southern Africaand Aus-
tralia. Data are also available at midlatitudes where veg-
etation is sparse (U.S. Great Plains, central Eurasia), but
here freezing of the soil limits the number of data avail-
able in winter, resulting in a lower year-round average.
Data are not available in densely forested regions such
asthetropical rainforests of South America, Africa, and
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east Asia or the temperate and boreal forests of North
America and Eurasia

Model soil moisture is obtained from integrations of
the National Aeronautics and Space Administration
(NASA) Catchment Land Surface Model (hereinafter
‘“Catchment model”” or CLSM; Koster et al. 2000a; Du-
charne et a. 2000). The Catchment model’s basic com-
putational unit is the hydrological catchment (or wa-
tershed). In each catchment, the vertical profile of soil
moisture is determined by the equilibrium soil moisture
profile from the surface to the water table and by two
additional variables that describe deviations from the
equilibrium profile in a 1-m root zone layer and in a 2-
cm surface layer, respectively. Unlike traditional, layer-
based models, the Catchment model includes horizontal
redistribution of soil water within each hydrological
catchment based on the statistics of the catchment to-
pography.

The salient feature of the land model integration is
that it uses meteorological forcing inputs that rely on
observed data as much as possible. The forcing datafor
the land model are based on the European Centre for
Medium-Range Weather Forecasts (ECMWF) 15-yr re-
analysis (ERA-15) available from 1979 to 1993. Im-
portant corrections using monthly mean observations
were applied to the ERA-15 precipitation, radiation,
temperature, and humidity data (Berg et a. 2003b). To-
gether, the observation-based corrections ensure that the
forcing data and hence the soil moisture output are as
close to reality as is possible. Precipitation—arguably
the most critical input for accurate soil moisture mod-
eling—has been corrected primarily with a merged
product of satellite and gauge data from the Global Pre-
cipitation Climatology Project (GPCP, version 2) (Huff-
man et al. 1997). Figure 1 shows the time-average num-
ber of rain gauges per 2.5° grid cell contributing to the
merged satellite-gauge product. Gauge density is great-
est over North America and Europe, suggesting that soil
moisture from the land model is likely most accurate
there. In other regions, the precipitation datarely mainly
on satellite estimates and are presumably less accurate.
Note also that radiation corrections were only available
from 1983 on. The model spinup initial condition was
derived by repeatedly integrating the model for 10 yr
with 1979 forcing.

To examine the model dependence of our results, we
repeated all analyses with atraditional, layer-based land
surface model, the Mosaic model (Koster and Suarez
1992), using the same observati on-based meteorol ogical
forcing data. There are substantial differences between
soil moisture from the two models, as could be expected
from earlier studies in the framework of the Global Soil
Wetness Project (GSWP) (e.g., Entin et al. 1999), and
the Project for Intercomparison of Land Surface Param-
eterization Schemes (PILPS) (Henderson-Sellers et al.
1995). In the context of the present study, we find that
the use of either model leads to the same general con-
clusions.



JUNE 2004

REICHLE ET AL.

433

Fic. 2. Catchments that have ground measurements: (plus) included in statistical analysis, (circle) included in statistical analysis, except
anomaly correlation analysis because the std dev of monthly mean soil moisture is smaller than the approximate noise level in the monthly
mean ground data (0.03 m3 m~2), and (dot) insufficient data for statistical analysis.

Ground-based data are available from the Global Soil
Moisture Data Bank (GSMDB) (Robock et al. 2000).
Data for al or part of the SMMR years are available
for the former Soviet Union (130 stations, 1978-85),
Mongolia (42 stations, 1964-93), China (43 stations,
1981-91), lowa (2 stations, 1972-94), and Illinois (19
stations, 1981-96) (Fig. 2). No data are available for
the Southern Hemisphere. All measurements have been
taken using the gravimetric method except for the Il-
linois data, for which neutron probes have been used
(Hollinger and Isard 1994).

The three data sources—satellite, model, and ground-
based soil moisture—are independent. Unfortunately,
they also describe different aspects of soil moisture.
Most important, there are fundamental differences in
the horizontal and vertical scales among the three data
sources. For our analysis, we have mapped all data to
catchment space. In this space the global land surface
is divided into 59 124 catchments or hydrological units
(excluding inland water and ice-covered areas). Thelin-
ear scale of individual catchments ranges from 2 to 250
km with a mean (median) of 47 km (34 km). Model
soil moisture is computed directly in catchment space,
whereas the underlying horizontal resolution of the
SMMR soil moisture data is on the order of 140 km.
While model and satellite data are inherently distributed
(or areal) data, ground observations are essentially
point-scale measurements. The catchment average of the
ground data is computed as the arithmetic mean of all
available station data that lie within the boundaries of
the catchment. However, there is only one station per
catchment for 80% of the catchments that have any
ground data at all.

The three data sources also differ in their vertical
dimension. SMMR soil moisture is shallowest, repre-
senting on average only the top 1.25 cm of the soil
column. Model surface soil moisture covers the top 2
cm of the soil column. The depth associated with
ground-based surface soil moisture varies by location
from 5 to 10 cm. Moreover, at many sites ground-based

soil moistureisreported as plant-available soil moisture.
Unfortunately, measurements of thewilting level are not
alwaysavailable (former Soviet Union data) or are ques-
tionable (Mongolian data). It is important to keep these
differences in mind when comparing the different soil
moisture products, in particular with respect to the gen-
eral perception of the ground-based data as the *“ truth.”

3. Approach

Our analysis is based on monthly mean time series
because of the strong variability and noise that are pres-
ent in surface soil moisture at shorter time scales, and
because of the mismatch between satellite and ground
observation times. Precipitation events dominate sur-
face soil moisture and introduce strong variability at
very short time scales. The exact timing of precipitation
events is often wrong in the atmospheric forcing data
that drive the land surface model. Last, individual soil
moisture retrievals are subject to large errors related to
uncertainties in vegetation and surface temperature es-
timation.

For the satellite data, monthly mean values were com-
puted if at least three data points were available from
SMMR, otherwise satellite data for that month were not
used. The monthly mean values from the land surface
model were computed from the complete model time
series. Additional analysis shows that computing the
model monthly mean values by extracting the model
dataonly at the SMMR observation times does not alter
our conclusions. Monthly mean values for the ground
datawere computed whenever datawere at all available.
While 65% of the monthly means used in the analysis
were computed from three or more ground observations,
16% of the monthly means were based on just one
ground observation.

In addition to the raw time series of monthly means,
we also computed anomaly time series by subtracting
the monthly climatology (i.e., the average over al
monthly means of a given calendar month). In other
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words, the raw time series include the seasonal cycle,
while the anomaly time series describe only deviations
from the average seasonal cycle. The monthly clima-
tology is computed if at least three monthly means are
available for a given calendar month. For each catch-
ment’s raw and anomaly time series of monthly mean
soil moisture, we then computed mean values (zero by
definition for anomalies), standard deviations, and time
series correlation coefficients between the different data
types—provided at least 27 monthly mean values (or
monthly mean anomalies) were available (out of a max-
imum possible number of 104). The cutoff excludes
catchments for which only few data are available from
the analysis, and our results do not depend on the exact
number that is chosen. We also refer to the spatially
distributed time series mean and variability as the cli-
matol ogy.

Our objective is to ensure a fair comparison between
the different data types (satellite, model, and ground
data). Because the observation-corrected meteorol ogical
forcing data are only available from 1979, we discard
the first 3 months of SMMR data and limit our analysis
to the time period from January 1979 to August 1987.
As discussed earlier, SMMR monthly means were not
always available, and at many stations, ground data are
only available from April to October. Therefore, in com-
parisons between model and satellite data, model data
were not used whenever monthly mean satellite data
were not available. Likewise, in comparisons with the
ground data only months with data from both the sat-
elliteretrievalsand the ground observations areincluded
in the analysis. This approach uses the maximum pos-
sible number of data and at the same time ensures that
in all comparisons the time series mean and variability
of each datatype are based on exactly the same months.
At each location, however, the statistics are based on
different months of data depending on data availability,
and therefore should not be interpreted as an estimate
of the annual mean or variability.

In a related paper, Berg et al. (2003a, manuscript
submitted to J. Geophys. Res., hereinafter BFR) also
examine the consistency between SMMR soil moisture
retrievals, ground data from the Global Soil Moisture
Data Bank, and model soil moisture that is based on the
same observed meteorological forcing inputs. There are
many differences in the analysis, however, BFR focus
on the validation of the observation-based forcing da-
taset, not on implications for data assimilation. More-
over, BFR use a different land surface model at much
larger spatial scales (2° latitude by 2.5° longitude) but
at a much finer temporal resolution of 6 h. The spatial
aggregation of BFR or the aggregation to monthly mean
values (in the present paper) areimportant and eliminate
some of the noise in the satellite data. Last, BFR con-
struct the anomaly time series by subtracting 3-month
climatological mean values (as opposed to a monthly
climatology), and the comparison with ground data in
BFR is done for root zone soil moisture (as opposed to

JOURNAL OF HYDROMETEOROLOGY

VOLUME 5

surface soil moisture). Despite these differences, BFR
find correlations between the datasets that are very sim-
ilar to the correlations presented here. This means that
the results presented here are robust with respect to the
spatial and temporal scales, the land surface model being
used, and other processing details.

4, Results and discussion

The satellite and model data represent two compo-
nents of a data assimilation system that is designed to
produce an optimal merged product. Proper merging,
however, requires a full understanding of how the da-
tasets compare, most importantly with respect to poten-
tial biases in the mean and variability. In the first part
of our study, we focus on analyzing the differences be-
tween the satellite and model data. We withhold judg-
ment on which data are more correct, since both contain
independent and valuable information from observa-
tions (observed precipitation and radiation in the case
of the model data). As we show in the second part of
this study, a comparison of both datasets with the avail-
able ground observations does not indicate that one is
superior.

a. Comparison of satellite and model data
1) SoIiL MOISTURE CLIMATOLOGY

Figure 3 shows the time-average surface soil moisture
from January 1979 to August 1987 for SMMR retrievals
and the Catchment Land Surface Model. For ease of
comparison, model soil moisture is not plotted where
satellite data are not available. In both cases, global
wetness and dryness patterns agree very much with ex-
pectations—the driest places are in the Sahara Desert,
the Arabian Peninsula, and central Australia, whereas
the wettest regions are typically at higher latitudes (the
two maps correlate with R? = 0.57). The model, how-
ever, does not agree well with the satellite data on the
absolute level of surface soil moisture. Mean soil mois-
ture values differ by several (volumetric) percent, with
the maximum differences spanning more than half of
the dynamic range of soil moisture. The global and time-
average Catchment model soil moistureisdrier than that
of SMMR (by 0.069 m® m~3). Here and in the remainder
of the text, all ““global” averages are area-weighted av-
erages across all catchments for which we have both
satellite and model data.

Regional biases are also strong, with a spatial stan-
dard deviation of 0.053 m* m~2 for the difference be-
tween the time-average fields. An important difference
between satellite and model soil moisture can be seen
in North America, where the model data show a strong
west-to-east gradient. SMMR data also show agradient,
but it is much weaker and shifted to the east. Thisim-
plies that the model is much drier than SMMR in the
western United States, but much wetter in the central
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Fic. 3. Climatology of surface soil moisture (Jan 1979-Aug 1987) from (left) SMMR and (right) the CLSM: (top)
mean, (middle) std dev, and (bottom) anomaly std dev.

United States. Similar regional biases exist in eastern
Africa and central Eurasia

One reason for the observed bhiases may be the (in-
tentional) lack of calibration of the soil moistureretriev-
a algorithm (section 2). The global pattern of bias be-
tween SMMR and the model appears to be related to
LAI (Fig. 1). Where LAl isless (greater) than 1, SMMR
soil moisture is hiased wet (dry) against the model.
While it can be expected that SMMR soil moisture is
less accurate for larger LA, it is counterintuitive that
SMMR retrievals should be biased dry for highly veg-
etated areas. Rather, we would have expected that

SMMR picks up too much signal from the vegetation
water and would therefore overestimate soil moisture
over dense vegetation. Nevertheless, the close relation-
ship between the bias in soil moisture and vegetation
parameters suggests that at least some of the bias can
be attributed to the SMMR retrieval algorithm. On the
other hand, it must be acknowledged that the bias could
just aswell be dueto problemsin the model formulation,
model parameters (in particular LAI), or forcing inputs.
Given the paucity of validation data, it is not possible
to say with confidence whether the retrieval algorithm
or the model is to blame for the bias, or, in other words,
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Fic. 4. Time series correlation between surface soil moisture from SMMR and the Catchment model (Jan 1979-Aug
1987): (left) correlation coefficient (cc) and (right) anomaly correlation coefficient (acc). Correlation coefficients that are
not different from zero at 5% significance are plotted black. Catchments with std dev less than the approximate noise level
in the SMMR monthly mean data (0.02 m® m~3) are shown gray.

whether SMMR or model soil moisture is closer to the
true climatology.

The time series standard deviation of the monthly
means is largely a measure of the strength of the sea-
sonal cycle of soil moisture (at least where the seasonal
cycle is stronger than any anomalies). Figure 3 also
shows the time series standard deviation (January 1979
to August 1987) for SMMR and Catchment model soil
moisture. Again, the patterns of relatively strong and
weak seasonal cycleslargely agree between SMMR and
the model, with strong seasonal cyclesin India, the cen-
tral United States, and central Eurasia (the two maps
correlate with R? = 0.30). However, the strength of the
average seasonal cyclein SMMR soil moistureisweak-
er than in the Catchment model, by 0.01 m® m~2 on
average across the globe. The differences are particu-
larly pronounced in North America, India, the Sahel,
central Eurasia, and northern Australia.

When the seasonal cycle is removed from the time
series, the standard deviation becomes a measure of the
strength of soil moisture anomalies, which are critical
for seasonal climate forecasting. Figure 3 also compares
the anomaly standard deviations of SMMR and Catch-
ment model soil moisture. Again, SMMR and the model
agree that the strongest anomalies are in the central
United States, central Eurasia, India, and eastern Aus-
tralia (the two maps correlate with R? = 0.35). When
compared to the Catchment model, however, absolute
SMMR soil moisture anomalies are much weaker in
India, generally stronger in central Eurasia, and both
stronger and weaker in different parts of North America.

2) TIME SERIES CORRELATIONS

The model does not agree well with the SMMR re-
trievals in terms of absolute magnitudes. Nevertheless,
soil moisture datafrom SMMR and the model do largely
agreein termsof their global patterns. Aswill be shown
next, we also find some agreement in the temporal sig-

nals, as indicated by an examination of time series cor-
relations. By definition, the correlation coefficient mea-
sures agreement in the temporal variation of two time
series, regardless of their individual mean values and
standard deviations. Given certain assumptions, the
square of the correlation coefficient (typically known as
R?) can be interpreted as the variance of one time series
explained by another time series.

Figure 4 shows global maps of correlation coefficients
between SMMR and Catchment model soil moisture.
Whenever the computed correlation coefficient is not
statistically different from zero at 5% significance, it is
plotted black—confidence intervals were computed as
a function of the number of data and vary by location,
with higher confidence associated with larger data vol-
umes. In the gray areas of Fig. 4, correlations are mean-
ingless because the variability in the time series and
anomaly time series is smaller than the noise (i.e., the
measurement error). Since there is considerable noise
in the instantaneous SMMR soil moisture retrievals (be-
tween 0.05 and 0.09 m® m~2), and since the temporal
sampling rate is low, SMMR monthly means will also
be noisy. Typically, there are about nine SMMR retriev-
als per month available for months having data. (Note
that Fig. 1 shows the average number of data per month
over the entire SMMR history, including months in
which the soil was frozen or vegetation grew too dense
and monthly mean data were not computed). From this
information, we (optimistically) estimate the approxi-
mate noise level in the monthly mean soil moisturefrom
SMMR to be 0.02 m3 m-2.

Figure 4 shows that correlation coefficients are stron-
gest in North America, Patagonia, the Sahel, central
Asia, India, and Australia. While correlations are strong
in the U.S. Great Plains, there appears to be no agree-
ment between SMMR and Catchment model soil mois-
ture to the east of the Great Plains. The global average
time series correlation coefficient between SMMR and
the Catchment model soil moisture is 0.63, indicating
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that the seasonal cyclein SMMR agrees reasonably well
with model results, with typically about 40% of the
variance explained where data are available.

When the seasonal cycle is removed, the standard
deviation of the anomaly time series is smaller than the
noise level of SMMR monthly mean data (0.02 m3 m~3)
in much larger areas, further shrinking theregionswhere
we can meaningfully conduct the correlation analysis.
Figure 4 shows that the strongest anomaly correlations
are again found in North America, India, Australia, and
central Eurasia, with some positive correlationsalso pre-
sent in southern Africa and Patagonia. The globally av-
eraged anomaly correlation coefficient between SMMR
and the Catchment model is 0.50.

Reasonable agreement between satellite and model
soil moisture can only be expected if both datasets are
at least somewhat skillful. The dominant errors in the
satellite and model soil moisture are related to vege-
tation and precipitation, respectively. Soil moisture re-
trievals from satellite tend to be less accurate with in-
creasing LAI because vegetation obscures the moisture
signal from the soil. Model soil moisture, on the other
hand, can only be as good as the input precipitation
data. Oki et al. (1999) show that at least 30 rain gauges
per 10 km? are necessary for accurate streamflow sim-
ulation. As afirst approximation, we can assume that a
comparable density of about two gauges per 2.5° GPCP
grid cell is required for soil moisture modeling.

By comparing LAl and rain gauge density (Fig. 1)
with the time series correlations between SMMR and
model soil moisture (Fig. 4), the global patterns of
strong and weak correlations and anomaly correlations
can partly be explained. Of all the regions for which
we have sufficient SMMR data, the U.S. Great Plains
are the only large region that has both a high rain gauge
density and low vegetation cover. It also showsthe high-
est agreement between SMMR and model soil moisture.
While the rain gauge density increases to the east of the
Great Plains, so does the vegetation cover, and corre-
lations between SMMR and the model are no longer
significant. In fact, there appears to be no agreement
between SMMR and model soil moisture wherever the
time average LAl is greater than 1. By contrast, low
gauge density does not aways preclude reasonable
agreement between the satellite and the model. There
arelargeregions (including Australia, India, and central
Eurasia) with fewer than two rain gauges per 2.5° grid
cell that show reasonable agreement between SMMR
and model soil moisture, despite the fact that in these
regions the precipitation data are primarily based on
satellite-derived estimates.

It is intriguing that some of the areas of reasonable
agreement between the SMMR and Catchment model
anomaly time series coincide with areas that are im-
portant for soil moisture memory and short-term climate
predictability. Figure 5 shows regions where land ini-
tialization is likely to have a significant impact on pre-
cipitation forecasts for Northern Hemisphere summer
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Land initialization impact on precipitation

2800 0 60

120

Fic. 5. Regions where land initialization had an impact on boreal
summer (JJA) precipitation at least once during the 5 yr studied at
the 1% significance level [reproduced from Koster and Suarez (2003),
upper-right panel of their Fig. 4].

~120"

[June—July—August (JJA)]. For ease of comparison, we
reproduced Fig. 5 with original data from Koster and
Suarez (2003) (upper-right panel in their Fig. 4) in the
map projection used here. In the midlatitudes, regions
of greatest interest for land initialization of summer pre-
cipitation forecasts include the U.S. Great Plains and
parts of Eurasia just north of the Black and Caspian
Seas. Moreover, additional predictability experiments
for boreal winter suggest that soil moistureinitialization
may also have an impact in eastern Australia[seelower-
right panel of Fig. 9 in Koster et a. (2000b)]. The trop-
ical areas in South America, Africa, and south Asia
shaded in Fig. 5 are not of interest here because soil
moisture cannot be measured by satellite in such highly
vegetated areas.

Here, we focus on the U.S. Great Plains and parts of
Eurasiajust north of the Black and Caspian Seas. K oster
and Suarez (2003) show that these regions have (i) a
strong potential for large soil moisture anomalies (as
confirmed in Fig. 3), (ii) sensitivity of evaporation to
soil moisture (so that a soil moisture anomaly caninduce
an evaporation anomaly), and (iii) sensitivity of precip-
itation to evaporation (so that an evaporation anomaly
can induce a precipitation anomaly). Together, these
three factors represent a mechanism of possible land—
atmosphere feedback and are typically found in tran-
sition regions between wet and dry climates.

Likewise, the present study naturally focuses on the
transition regions between dry and wet climates. On the
one hand, primarily wet regions are typically covered
by dense vegetation, and soil moisture cannot be ob-
served by SMMR. On the other hand, very dry (and
very wet) regions usually show very little variability in
monthly means of surface soil moisture, which dis-
qualifies these regions from our correlation analysis be-
cause of the high level of noisein the SMMR retrievals.
It is thus fortunate that areas where soil moisture re-
trievals from the C-band satellite instrument appear to
be most consistent with model data (in particular the
U.S. Great Plains) coincide with regions of most interest
for seasonal precipitation forecasts.
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Fic. 6. Climatology of surface soil moisture from (top) SMMR and (bottom) CLSM against the climatology of the ground observations
(GSMDB): (left) mean, (middle) std dev, (right) anomaly std dev. The solid line is the one-to-one line. The dashed line is alinear regression,
with R? as indicated in the lower-right-hand corner of each plot. Symbols indicate GSMDB dataset: (square) China, (diamond) Mongolia,
(circle) former Soviet Union, (triangle pointing up) Illinois, and (triangle pointing down) lowa. Period is Jan 1979-Aug 1987.

b. Comparison with ground data

So far we have only compared SMMR and Catchment
model soil moisture without knowing which (if either)
is true. In an attempt to determine which is correct, we
now compare these datasets with ground-based obser-
vations from the Global Soil Moisture Data Bank (Ro-
bock et al. 2000). After mapping to catchment space,
ground data are available for 207 catchments (Fig. 2).
Of these, only 71 catchments have enough ground and
SMMR data during the analysis period to allow for a
statistically useful analysis. Furthermore, of the 71
catchments, 10 (indicated by circles in Fig. 2) are ex-
cluded from the anomaly correlation analysis because
the variability of the anomalies in the ground measure-
ments was smaller than the noise level of the ground
data. The noise in the catchment-average monthly mean
soil moisture was approximated as 0.03 m3 m—3, striking
a compromise between the generally higher accuracy of
individual ground measurements and their poorer spatial
and temporal representativeness compared to SMMR
soil moisture.

Figure 6 shows the time-average soil moisture of
SMMR and the Catchment model versus the ground
observations (January 1979-August 1987). It is im-
mediately obvious that neither SMMR nor the Catch-
ment model agree very well with the ground data. Both

SMMR and Catchment model soil moisture exhibit a
large wet bias relative to the ground observations and
are scattered widely. The bias between SMMR and the
ground data (0.10 m® m~2) is even larger than between
the Catchment model and ground data (0.05 m3 m—3),
and there is more scatter in SMMR soil moisture than
in the Catchment model when plotted against ground
data. The wet bias is remarkable because the surface
layer associated with the SMMR and model datais shal-
lower than the measurement depth of the ground data
(section 2), and a dry bias would be more in line with
expectations.

Obviously, regional differences in time-average soil
moisture are also strong. Mongolian ground data, for
example, are very poorly matched by SMMR retrievals.
The Catchment model appears too dry in China and too
wet in Mongolia and the former Soviet Union when
compared to the ground data. Such regional biases could
in part be due to uncertainties in the wilting point, be-
cause the Eurasian ground data are reported as plant-
available soil moisture, and simultaneous wilting-level
measurements are not even available for the former So-
viet Union data. In any case, there is scant agreement
in the absolute level of soil moisture between datasets.

Figure 6 also shows the variability of the SMMR and
Catchment model soil moisture versus the variability of
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TaBLE 1. Spatially averaged time series cc and acc between surface
soil moisture from SMMR, GSMDB, and CLSM. Correlation coef-
ficients (cc) are in regular font below the diagonal; anomaly corre-
lation coefficients (acc) are in italics above the diagonal. Values are
averages over the catchments for which ground data are available,
except values in parentheses, which are global averages.

cc\acc SMMR CLSM GSMDB
SMMR — 0.45 (0.50) 0.36
CLSM 0.43 (0.63) — 0.38
GSMDB 0.45 0.45 —

the ground data. Again, thereis preciouslittle agreement
between SMMR or the Catchment model on the one
hand and the ground observations on the other hand.
The standard deviation of the SMMR time series (or
anomaly time series) is smaller than that of the ground
data by 0.01 m® m~2 on average. When compared to
the ground data, the Catchment model exhibits similar
average variability in the time series, but lessvariability
in the anomaly time series (by 0.01 m® m—3). Some of
the differences in variability may be related to the dif-
ferent depths that are associated with each data type
(Section 2). However, despite the fact that the mea-
surement depth of the ground data varies regionally, we
do not find any obvious regional dependence when com-
paring the time series variability of the ground data to
the satellite and model soil moisture. In summary, the
scatter is considerable in all cases, and our comparison
of the ground data, SMMR retrievals, and the model
data demonstrates that each dataset has its own unique
climatology.

Last, we analyze the time series correlation of SMMR
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and Catchment model soil moisture with the ground
data. Spatial averages of the time series correlation co-
efficients are summarized in Table 1. The average cor-
relation coefficient between SMMR (the Catchment
model) and the ground data is 0.45 (0.45). This com-
pares to an average correlation coefficient of 0.43 be-
tween SMMR and the Catchment model for the catch-
ments of Fig. 2. For the anomalies, the average corre-
lation coefficient between SMMR (the Catchment mod-
el) and the ground data is weaker at 0.36 (0.38),
compared to an average correlation coefficient of 0.45
between SMMR and the Catchment model. Although
these correl ation coefficients are somewhat weaker than
the global average correlation coefficients between
SMMR and the Catchment model, they still indicate that
there is reasonable agreement between the three data-
sets.

Last, Fig. 7 compares for each catchment the time
series correlation coefficients between SMMR and the
ground data to the correlation coefficients between the
Catchment model and the ground data. Note that the
shape of the symbols reveals the region and that the
symbols are shaded according to the corresponding time
series correlation coefficients between SMMR and the
Catchment model. Also shown in Fig. 7 is the average
95% confidence interval for all data points. This con-
fidence interval depends on the correlation coefficient
itself and on the number of available monthly mean data.
Even though the confidence interval is quite large, most
of the data points exceed zero at astatistically significant
level. In other words, there is some agreement between

1
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acc GSMDB CLSM (avg

0 0.5 1
acc GSMDB SMMR (avg=0.36)
| | [
0 0.5 1
acc SMMR CLSM (avg=0.45)

Fic. 7. Time series correlation of surface soil moisture: (left) cc between the Catchment model and ground ob-
servations vs cc between SMMR retrievals and ground observations, and (right) same, but for acc. Also shown are
average 95% confidence intervals. Shading of symbols is according to the time series correlation between SMMR
and the Catchment model. The shape of symbols is the same as in Fig. 6.
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SMMR and the ground data and between the Catchment
model and the ground data.

There are notable differences in the correlation co-
efficients between the various regions (Fig. 7). The
strongest correlations between all three datasets are typ-
ically found in the former Soviet Union, which includes
the transition region between wet and dry climates in
central Eurasia that are of interest for seasonal climate
prediction. Furthermore, SMMR and the ground data
correlate very well in Illinois and lowa, where the
Catchment model correlates reasonably with the ground
data and poorly with SMMR. Note that in terms of
anomaly correlations, all datasets correlate comparably
in Illlinois and lowa. Finally note that for Mongolia,
SMMR and the Catchment model correlate better than
either dataset correlates with ground data.

An important result from Fig. 7 is that the correlation
coefficients are scattered evenly around the one-to-one
line. This means that SMMR and the Catchment model
agree equally well (or equally poorly) with the ground
data. Note also that the correlation coefficients between
SMMR (or model) soil moisture and ground data are
comparable to the correlations between SMMR and the
model data (Table 1). Taken together, these results sug-
gest that no dataset agrees with any other dataset par-
ticularly well and that from the available data we cannot
determine a single ““‘true’” soil moisture climatology.
Given the large and approximately equal errors in all
datasets, it is also impossible to say which dataset could
offer a “‘true’” anomaly time series.

5. Discussion and summary

We have compared global soil moisture datafrom the
SMMR satellite instrument, from model integrations of
observed antecedent meteorological forcing, and from
available ground observations. Our analysisis based on
monthly mean surface soil moisture time series from
January 1979 to August 1987. The three types of soil
moisture datasets all rely on independent observations.
We find that the datasets largely agree in the global
patterns of wet and dry regions. The time-averagefields
from the satellite and the model correlate well spatialy.
Nevertheless, there are strong differences in the statis-
tics of the datasets. In many regions, both the time-
average soil moisture and the temporal standard devi-
ation of soil moisture differ by several volumetric per-
cent between the datasets. We obtain similar differences
when either satellite or model data are compared to
ground observations.

The analysis of available in situ soil moisture data
does not allow usto determine whether SMMR or model
data are closer to the truth and shows that transferring
soil moisture data from satellite to models and between
models is fraught with risk. A given absolute value of
soil moisture in satellite data might represent dry con-
ditions, whilein one model the same absolute soil mois-
ture might indicate wet conditions, and in another model
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it might represent just average soil moisture. The lack
of asingle, agreed climatology poses a severe problem
for soil moisture data assimilation. In particular, when
used for seasonal forecast initialization, data assimila-
tion requires some method of bias correction or soil
moisture scaling at various steps in the process. In es-
sence, the soil moisture climatologies from the satellite
data, the uncoupled land model (used in data assimi-
lation for initialization), and the coupled atmosphere—
land model (used for prediction) must all be sensibly
translated into each other. A simple yet promising ap-
proach is to rescale each soil moisture time series by
subtracting the local mean and dividing by the local
standard deviation and then use these normalized var-
iables as statesin the data assimilation. Preliminary tests
with the seasonal forecasting system of the NASA Sea-
sonal-to-Interannual Prediction Project (NSIPP) show
an improvement in the skill of precipitation hindcasts
when rescaling is applied.

Our analysis of time series correlation between the
different datasets suggests some agreement between the
various datasets. Average correlation coefficients be-
tween SMMR and the model are on the order of 0.6 for
the soil moisture time series (including the seasonal cy-
cle) and around 0.5 for the anomaly time series. In many
regions, the agreement between satellite, model, and
ground data is statistically significant at the 5% level,
suggesting that SMMR retrievals and the land surface
model integration of antecedent meteorological forcing
data are giving consistent information. This serves as a
first demonstration, at the global scale, of useful soil
moisture information in the SMMR data. Since AMSR
uses essentially the same frequency as SMMR, our re-
sults bode well for the use of AMSR data in the years
to come.

Our analysis of SMMR data is most relevant in the
transition regions between wet and dry climates because
(i) the presence of dense vegetation in wet regions
makes satellite remote sensing of soil moisture impos-
sible, and (ii) in predominantly dry regions the high
level of noise in the satellite data drowns out the typ-
ically small variability signal. Fortunately, these same
transition regions are of most interest to soil moisture
initialization in seasonal climate forecasting, as dem-
onstrated in earlier studies (Koster et al. 2000b; Koster
and Suarez 2003).

In summary, we obtain three key results: 1) The sur-
face soil moisture climatologies of SMMR retrievals,
model integrations of observed antecedent meteorol og-
ical forcing data, and ground measurements are mark-
edly different. 2) Even so, temporal correlations be-
tween satellite and model soil moisture are significant,
suggesting that SMMR soil moisture retrievals contain
useful information and can be assimilated following re-
scaling. 3) Temporal correlations between soil moisture
data from all sources are strongest in the regions of
greatest interest for seasonal forecast initialization.

Our results also show clearly that there is a need for
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global soil moisture retrievals of higher quality than can
be obtained from SMMR, which was not specificaly
designed for soil moisture monitoring. The current
AMSR sensors on the Aqua and ADEOS |1 platforms
are promising because of the greater spatial resolution
and repeat frequency. However, because AM SR is based
on essentially the same frequency as SMMR (C band),
the soil moisture signal will still be weaker than that
obtained with L-band sensors. Two planned L-band sat-
ellites—the Soil Moisture and Ocean Salinity (SMOS)
mission (Kerr et al. 2001) and the Hydrosphere State
(HYDROS) mission (Entekhabi et al. 2002)—should, if
successful, provide important advances in soil moisture
monitoring and associated climate and forecasting stud-
ies.

For the merging of the disparate datasetsinto asingle
unified time series of soil moisture anomaly fields
through data assimilation we will rely on the scaling
approach suggested above. The results presented here
will also aid in determining the model and observation
error parameters needed for the data assimilation sys-
tem. Perhaps the most intriguing verification of soil
moisture data, in particular the anomaly time series,
would be a measurable improvement in the skill of cou-
pled climate forecasts.
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