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ABSTRACT
The North American Soil Moisture Database (NASMD) was initiated in 2011 to provide support for
developing climate forecasting tools, calibrating land surface models, and validating satellite-derived soil
moisture algorithms. The NASMD has collected data from over 30 soil moisture observation networks
providing millions of in situ soil moisture observations in all 50 states, as well as Canada and Mexico. It is
recognized that the quality of measured soil moisture in NASMD is highly variable because of the
diversity of climatological conditions, land cover, soil texture, and topographies of the stations, and
differences in measurement devices (e.g., sensors) and installation. It is also recognized that error,
inaccuracy, and imprecision in the data can have significant impacts on practical operations and scientific
studies. Therefore, developing an appropriate quality control procedure is essential to ensure that the
data are of the best quality. In this study, an automated quality control approach is developed using the
North American Land Data Assimilation System, phase 2 (NLDAS-2), Noah soil porosity, soil temperature, and fraction of liquid and total soil moisture to flag erroneous and/or spurious measurements.
Overall results show that this approach is able to flag unreasonable values when the soil is partially frozen.
A validation example using NLDAS-2 multiple model soil moisture products at the 20-cm soil layer
showed that the quality control procedure had a significant positive impact in Alabama, North Carolina,
and west Texas. It had a greater impact in colder regions, particularly during spring and autumn. Over 433
NASMD stations have been quality controlled using the methodology proposed in this study, and the
algorithm will be implemented to control data quality from the other ;1200 NASMD stations in the
near future.

1. Introduction
Corresponding author address: Youlong Xia, IMSG at NCEP/
EMC, NOAA Center for Weather and Climate Prediction
(NCWCP), 5830 University Research Court, College Park, MD
20740.
E-mail: youlong.xia@noaa.gov

In situ soil moisture is valuable for validating soil
moisture products such as offline land surface models
(Robock et al. 2003; Fan et al. 2006; Liu et al. 2011; Meng
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et al. 2012; Xia et al. 2014) as well as coupled numerical
weather and climate prediction models (de Goncalves
2006; De Rosnay et al. 2009; Fan et al. 2011; Su et al.
2013). It also has been widely used for validating remote
sensing–based soil moisture products (Zribi et al. 2008;
Gruhier et al. 2010; Jackson et al. 2010; Parrens et al.
2012), for monitoring drought (see http://www.cpc.
ncep.noaa.gov/products/monitoring_and_data/topsoil.
shtml), and for studying the dynamics of soil moisture in
space and time (Entin et al. 2000; Famiglietti et al. 2008;
Brocca et al. 2010). However, networks that measure
in situ soil moisture utilize different measurement instruments (sensors), calibration techniques, and installation methods. Therefore, in situ soil moisture
observations in the United States lack harmonization
through standardized quality control methods and protocols. The absence of consistent calibration and measurement standards among observation networks makes
comparison of data collected by different networks very
difficult. To overcome this limitation, the International
Soil Moisture Network (ISMN; http://www.ipf.tuwien.
ac.at/insitu) was initiated in 2010 to serve as a centralized data hosting facility where globally available in situ
soil moisture measurements from operational networks
and validation campaigns are collected, harmonized,
and made available to users through a single access point
(Dorigo et al. 2011). The ISMN includes more than 1400
stations internationally and offers soil moisture data at
an hourly time scale. In 2011, the North American Soil
Moisture Database (NASMD; http://soilmoisture.tamu.
edu/) was initiated (Ford and Quiring 2013a,b; Ford
et al. 2014) as a database for harmonized and quality
controlled daily soil moisture that can be used to investigate land–atmosphere interactions, validate the
accuracy of soil moisture simulations in global land
surface models and satellite remote sensing, and document how soil moisture influences climate on seasonal to
interannual time scales. The NASMD includes 32 networks and more than 1600 stations throughout North
America and provides data at daily or longer time scales.
Observations from networks measuring soil moisture at
subdaily scales are aggregated to a daily resolution in the
NASMD. As with the ISMN, datasets incorporated into
the NASMD are heterogeneous in terms of measurement technique, measurement depth, spatial extent, and
degree of automation. Therefore, quality control of
measured soil moisture data is crucial to maintain a
harmonized database across North America. Several
studies have developed quality control algorithms for
meteorological variables such as air temperature and
precipitation (Hubbard et al. 2005), solar radiation
(Journée and Bertrand 2011), sea surface temperatures
(Merchant et al. 2008), and ocean salinity (Ingleby and
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Huddleston 2007); however, considerably fewer have
focused on in situ soil moisture quality control (Illston
et al. 2008; You et al. 2010). Recently, Dorigo et al.
(2013) developed a soil moisture quality control methodology to flag erroneous soil moisture measurements in
the ISMN. With this algorithm, soil moisture observations are flagged if 1) the volumetric water content is less
than 0 m3 m23; 2) the value is larger than 0.6 m3 m23;
3) the value is larger than the saturated point (porosity);
4) the soil temperature is negative; 5) soil moisture increases without a precipitation event; and 6) the time
series has a spike, break, or plateau. This flagging process removed about 13% of the measurements in the
ISMN. The NASMD has also developed a quality control algorithm that flags values outside the 0.0–
0.6 m3 m23 range as well as flagging values that deviate
from values of the previous and subsequent days by
three or more standard deviations and streaks of more
than 10 days of the same volumetric water content value
(Quiring et al. 2013, manuscript submitted to Bull.
Amer. Meteor. Soc.). However, because soil temperature is not observed at all stations in the NASMD,
quality control tests based on frozen/unfrozen soil status
have not been developed. Furthermore, soil porosity
varies considerably between sites in North America,
making the use of an arbitrary maximum value such as
0.6 m3 m23 inadequate for robust soil moisture quality
control. Therefore, this study is developed to provide an
addition to the NASMD automated quality control
methodology based on soil temperature and soil porosity for each individual observing station.
The North American Land Data Assimilation System,
phase 2 (NLDAS-2; Xia et al. 2012a,b), used the Noah
model (a community land surface model commonly used
as the land component of coupled weather and climate
models) to produce a .34-yr (1979–2014) hourly and 1/ 88
soil temperature dataset using the Climate Prediction
Center’s gauge-based precipitation, bias-corrected with
the PRISM monthly precipitation (Daly et al. 2008). The
Noah-simulated soil temperature has high accuracy as it
has been comprehensively evaluated using in situ soil
temperature observations (Xia et al. 2013). In
addition, a recent comparison between observed soil
texture and NLDAS-2 texture shows good correspondence (Xia et al. 2015b). Therefore, the NLDAS-2 soil
temperature and porosity will be used to flag soil moisture measurements that are observed in frozen soils
(negative soil temperature) and those that are higher
than the soil porosity. In addition, the Noah-simulated
fraction of liquid and total soil moisture will also be
tested to flag erroneous soil moisture observations in the
NASMD. We recognize that spatial-scale mismatch issues still exist in this study when the gridded soil
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temperature, soil porosity, and fraction of liquid and
total soil moisture are used to quality control site data.
This will continue to be a challenge for land surface
modeling until the model spatial resolution is comparable to the spatial footprint of in situ soil moisture
sensors. The following results are presented with this
caveat in mind. The automated quality control (QC)
methodology developed in this study is based on existing
experiences in the ISMN automated QC system. We first
describe the NASMD and NLDAS-2 generally and
include a more detailed description of the datasets that
are used for developing and testing the QC procedures.
The sources of in situ soil moisture measurement errors
are described in section 3, the quality control methodology is discussed in section 4, and summary and conclusions are given in section 5.

2. Data
The data used in this study include observed daily soil
moisture provided by the NASMD (Table 1 and Fig. 1),
simulated daily soil temperature values from the
NLDAS-2, the fraction of liquid and total soil moisture
(a sum of liquid and frozen soil moisture), and soil porosity. The NASMD hosts data from over 32 networks
representing more than 1600 measurement stations.
Figure 1 shows the spatial distribution of these stations
in the NASMD database, while Table 1 lists station
density and measurement information for each network.
The networks used in this study include the Michigan
Automated Weather Network, North Carolina Environment and Climate Observing Network (ECONet),
Oklahoma Mesonet, Nebraska Automated Weather
Data Network (NAWDN), SNOTEL, Soil Climate Analysis Network (SCAN), and West Texas Mesonet (Fig. 2).
Stations contained within each network range from 22 to
several hundred, managed by a single organization/
institution. Each network has its own objectives with a
different focus on soil moisture measurements. Therefore, the measurement techniques, sensor types and
techniques, and depths at which soil moisture is observed vary from network to network. For example,
networks included in the NASMD measure or estimate
soil moisture content using Stevens Water HydraProbe,
CS616 water content reflectometer, Theta probes, Vitel
probes, cosmic-ray observing systems, and heat dissipation sensors. Errors vary between different measurement
techniques, such that estimated measurement error of
soil moisture will vary from 0.03 to 0.06 m3 m23 (Xia et al.
2014). Note that the measurement errors may be underestimated as they are close to the manufacturer’s estimate
only when sensors are appropriately calibrated to in situ
soils. In practice, most installed sensors are not well
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calibrated to their respective soils and actual errors likely
range from 0.05 to 0.10 m3 m23.
Soil moisture measurements are often problematic in
winter as most soil moisture measuring devices malfunction when soils are frozen. This leads to significantly
lower recorded soil moisture (Hallikainen et al. 1985)
and these data are not appropriate for scientific use.
Usually, in situ soil temperature measurements have
been tested to detect and flag spurious soil moisture
observations in the ISMN (Dorigo et al. 2011) and in the
U.S. Soil Climate Analysis Network (Liu et al. 2011).
The results are very encouraging. However, use of in situ
soil temperature measurements is not universally applicable for NASMD as soil temperature is not measured by most of the networks. Furthermore, soil
temperature observations may be missing when the
corresponding soil moisture measurements exist at a
given station. Dorigo et al. (2013) used a Global Land
Data Assimilation System (GLDAS; Rodell et al.
2004)–Noah soil temperature dataset with a spatial
resolution of 0.258 (2000–present) and 18 (before 2000)
to flag soil moisture measurements when modeled soil
temperature dropped below 08C. Their results show that
the use of the GLDAS–Noah soil temperature for flagging spurious values performs well when compared to
the results obtained using in situ soil temperature data.
However, coarse-resolution (40–100 km) GLDAS–Noah
soil temperatures may lead to inaccuracies or inconsistencies in flagging soil moisture. The NLDAS provides
a finer-resolution alternative to GLDAS. NLDAS-2 is
a multi-institutional collaboration project from which a
long-term (1979–present), fine-spatial-resolution (0.1258),
and consistent Noah soil temperature product is generated. PRISM bias-corrected gauge-based precipitation,
bias-corrected downward solar radiation, and the North
American Regional Reanalysis (Mesinger et al. 2006)
are all integrated into the NLDAS-2 suite of products.
The NLDAS-2 Noah soil temperature has been comprehensively evaluated using in situ soil temperature
observations over the United States (Xia et al. 2013),
and it was further improved by upgrades to the Noah
model (Xia et al. 2015c). In this study NLDAS-2 Noah
soil temperature is used to flag spurious soil moisture
values. In addition, daily fractions of liquid and total soil
moisture simulated from the NLDAS-2 Noah model
are also used to flag spurious soil moisture values when
soils are frozen.
In situ soil moisture observations from 12 SCAN
stations were checked using extensive QC steps that
included automatic detection of problematic observations and a visual inspection of the time series, including
erroneous increases and decreases in soil moisture.
Unrealistic measured values (i.e., data beyond a
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TABLE 1. The 32 networks currently contained in NASMD and their measurement information.

Network expansion
Iowa Historical Soil Moisture
Oklahoma Mesonet
West Texas Mesonet
Soil Climate Analysis Network
Nebraska Automated Weather
Data Network
Atmospheric Radiation
Measurement
Climate Reference Network
Cosmic Ray Soil Moisture
Observing System
Agricultural Research Service
Illinois Climate Network
Central Plains Experimental
Range
National Ecological Observatory
Network
Delaware Environmental
Observing System
Long Term Ecological Research
Network
NOAA Hydrometeorology
Testbed
Livestock and Range Research
Laboratory
Plate Boundary Observatory to
Study the Water Cycle
AmeriFlux Site
Snowpack Telemetry
North Carolina ECONet
Alberta Agriculture and Rural
Development
Michigan Automated Weather
Network
South Dakota Automated
Weather Network
Water and Environmental
Research Center
Missouri Agricultural Electronic
Bulletin Board (AgEBB)
Fluxnet Canada
University of South Alabama
Mesonet
SoilScape
Southwest Research and
Outreach Center
Indiana State Groundwater
Monitoring Network
Daniel Experimental Forest
Critical Zone Observatory

Network
name
IHSM
OM
WTM
SCAN
NAWDN
ARM
CRN
COSMOS

Station
No.

Measurement
depths (cm)

Status

Reference

62
129
59
190
52

30, 60, 90, 120, 150
5, 25, 60, 75
5, 20, 60, 75
5, 10, 20, 50, 100
10, 25, 50, 100

Retired
Active
Active
Active
Active

Shaw et al. (1972)
www.mesonet.org
www.mesonet.ttu.edu
www.wcc.nrcs.usda.gov/scan/
www.hprcc.unl.edu/awdn/

17

5, 15, 25, 35, 60, 85,
125, 175
5, 10, 20, 50, 100
Varies (10–30)

Active

www.arm.gov/sites/sgp

Active
Active

www.ncdc.noaa.gov/crn/
http://cosmos.hwr.arizona.edu/

114
54

ARS
ICN
CPER

44
19
1

5, 25, 45
5, 10, 20, 50, 100, 150
5, 20, 50, 100

Active
Active
Active

NEON

51

Varies

Active

www.ars.usda.gov
www.isws.illinois.edu/warm
www.ars.usda.gov/Main/docs.
htm?docid510724
www.neoninc.org

DEOS

26

5

Active

www.deos.udel.edu

LTERN

30

Varies (10–100)

Active

www.lternet.edu

NHT

25

Varies (5–100)

Active

hmt.noaa.gov

15, 30, 60, 90, 120

Active

2.5

Active

www.ars.usda.gov/main/site_main.
htm?modecode554-34-05-00
http://xenon.colorado.edu/portal/

Varies (5–200)
5, 20, 50, 100
20
5, 20, 50, 100

Active
Active
Active
Active

ameriflux.ornl.gov
www.wcc.nrcs.usda.gov/snow/
www.nc-climate.ncsu.edu/econet
www.agric.gov.ab.ca/

LRRL
PBO H20
AmeriFlux
SNOTEL
NC ECONet
AARD

1
97
60
352
36
28

MAWN

80

4, 10

Active

www.agweather.geo.msu.edu/mawn/

SDAWN

11

5, 10, 20, 50, 100

Active

WERC

19

Varies (5–50)

Retired

www.climate.sdstate.edu/climate_
site/ag_data.htm
www.ine.uaf.edu/werc/

MAGEBB

31

5

Active

www.agebb.missouri.edu

FLUXNET
CHILI

21
25

Varies (2.5–150)
100

Active
Active

http://fluxnet.ornl.gov/site_list/Network/3
chiliweb.southalabama.edu/

SSCAPE
SROC

6
2

Varies (5–50)
15, 30, 45, 60, 90, 120

Active
Active

soilscape.usc.edu
www.swroc.cfans.umn.edu

ISGWMN

6

30, 60, 90, 120,
150, 180
10, 25, 50
Varies (5–140)

Active

www.igs.indiana.edu/CGDA/
waterBalanceNetwork.cfm
danielforest.usu.edu
www.criticalzone.org

DEF
CZO

13
11

reasonable range, data with large inconsistencies associated with sensor calibration and installation) and
measurements taken under frozen conditions were excluded (Liu et al. 2011). These observations were used as
benchmarks to evaluate how well the quality control
method proposed in this study works.

Active
Active

Dorigo et al. (2013) reported that about 1% of total
measured soil moisture records exceed the saturation
point. Unfortunately, in situ porosity was not available
for any of the validation datasets. If in situ soil texture
data are available from the NASMD, they are set as
observed soil classes. If soil classes were not provided by
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FIG. 1. Stations included in the NASMD.

the observation network, these parameters were estimated from the Soil Survey Geographic (SSURGO)
Database generated from the U.S. Department of Agriculture. Recent work from the Environmental Modeling Center (EMC) Land-Hydrology Group compared
the NASMD soil classes with NLDAS-2 soil classes. The
results show that they are quite similar. Therefore, the
NLDAS-2 porosity at 0.1258 resolution is used to flag
spurious soil moisture values that exceed the NLDAS-2
soil saturation point. Figure 2 shows the spatial distribution of NLDAS-2 porosity (25-cm soil temperature on
10 February 2007) with 12 SCAN stations and 435
NASMD stations.
The NASMD soil moisture is measured at different
soil depths, depending on the network. NLDAS-2 Noah
soil temperature and fraction of liquid and total soil
moisture are simulated at four Noah soil layers (5 cm for
0–10-cm soil layer, 25 cm for 10–40-cm soil layer, 70 cm
for 40–100-cm soil layer, and 150 cm for 100–200-cm soil
layer). The layers in which soil moisture is estimated
may not match the layers in which soil temperature and
fraction of liquid are estimated. To reasonably use

NLDAS-2 Noah products, we apply a simple linear interpolation to vertically translate NLDAS Noah products from Noah soil layers to the NASMD soil layers that
is variable by network. This simple method has been used
for evaluation of NLDAS-2 soil temperature (Xia et al.
2013) and soil moisture (Xia et al. 2014). We acknowledge
that soil temperature and moisture profile may not be
linearly distributed with soil depth, which will vary depending on soil, depth, climate, and season. However,
because of the lack of soil temperature and moisture
profile information, a simple linear interpolation is
deemed to be the most appropriate approach.

3. Sources of errors in soil moisture measurements
All observations of physical quantities are subject to
measurement error. The measurement of a physical
variable (e.g., soil moisture) includes two components:
1) a numerical value giving the best estimate possible of
the quantity measured, and 2) the degree of error associated with this estimated value. In general, there are
two types of errors: 1) systematic errors and 2) random
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occurs systematically by in situ sensors in frozen soils.
These errors are due to the fact that dielectric conductivity of ice is significantly lower than that of liquid water, and therefore most measuring devices malfunction
when soils are frozen. These errors are systematic and
can be reasonably flagged with the aid of the NLDAS-2
Noah soil temperature and the fractions of liquid and
total soil moisture. The third kind of error occurs when
measured soil moisture values exceed soil saturation.
There are at least two possible causes of this error. The
first is when the observed soil type is different from the
soil texture used in NLDAS-2. For example, clay is
identified as loam when the texture from NLDAS-2 is
used at a given site. In this case, the NLDAS-2 porosity
is not representative of porosity at the point soil moisture measurement. This leads to the use of lower porosity for this site when higher-porosity soil exists. The
second potential source of this error is measurements
taken immediately or a few hours after heavy rainfall or
irrigation; however, these conditions typically do not
persist for more than a few days. Because highresolution measurements of rainfall and/or irrigation
are not available in both NLDAS-2 and NASMD, these
errors are difficult to detect.

4. QC methodology
FIG. 2. (a) Spatial distribution of stations and NLDAS-2 soil
porosity used in this study; (b) spatial distribution of stations and
soil temperature at the 25-cm soil layer on 10 Feb 2007, simulated
from the NLDAS-2 Noah model.

errors. Systematic errors are constant and always of the
same sign and thus may not be reduced by averaging
over a lot of data. Examples of systematic errors in soil
moisture observations include consistent over- or underestimation of actual soil moisture content caused by
poor sensor calibration or preferential flow due to incorrect installation procedures. Random errors are
produced by any one of a number of unpredictable and
unknown variations in the experiment. If soil moisture
sensors are calibrated and installed correctly, the majority of measurement errors should be random. The
error sources for soil moisture in the NASMD are
mostly attributable to the diversity of climatological
conditions, vegetation types, soil classes, and topographies of the stations, as well as differences in measurement devices and installation. In this study, three kinds
of errors are identified in NASMD soil moisture data.
The first is outliers that are outside the geophysical
range of 0.0–0.6 m3 m23 (Dorigo et al. 2013). The second
is underestimation of actual soil moisture content, which

The most thorough quality control of measured soil
moisture records is exclusion of spurious and erroneous
values through manual inspection of each station, each
measurement depth, and each day. However, this is not
practical for large volumes of data and integrative databases such as the NASMD. The more feasible solution
is to develop an automatic methodology to identify and
flag spurious observations without visual inspection.
Dorigo et al. (2013) developed an automated methodology to exclude the spurious and erroneous soil moisture records in the ISMN using GLDAS precipitation,
GLDAS–Noah soil temperature, and several statistical
QC checks. We developed an automated QC methodology based on the QC algorithm of the ISMN by
1) ensuring measurements are within a geophysical range
(GR) between 0.0 and 0.6 m3 m23 (GR check), 2) using
the NLDAS-2 Noah soil temperature, 3) the NLDAS-2
fraction of liquid and total soil moisture, and 4) the
NLDAS-2 soil porosity (SP check). To test our QC approach, we first selected 12 stations (Fig. 2) from the 121
SCAN sites used in Liu et al. (2011) and Xia et al. (2014),
as soil moisture measurements at these 12 stations have
been flagged using the corresponding in situ soil temperature observations and from visual inspection. The
observed soil moisture data at these 12 stations were
used as a reference dataset for benchmarking. After the
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TABLE 2. Information of measurement networks and data, including 421 stations and seven networks for eight states (AWDN—Automated Weather Data Network).

Region

Sites

Instrument

Instrument technique

Alabama

22

Hydra Probe II SDI-12

Colorado

26

Hydra probe Analog

Michigan

64

Campbell Scientific 616

North
Carolina
Nebraska

36

Theta probe

39

Theta or Vitel

Oklahoma

97

West Texas

59

Campbell Scientific
229-L
Campbell Scientific 616

Utah

78

Hydra probe Analog

Impedance dielectric
reflectometry
Impedance dielectric
reflectometry
Time domain
reflectometry
Frequency domain
reflectometry
Frequency domain
reflectometry
Heat dissipation
(matric potential)
Time domain
reflectometry
Impedance dielectric
reflectometry

QC approach was tested at these 12 stations, we then
repeated this testing at 421 stations from seven networks
in NASMD, covering eight states (Fig. 2).
The soil porosity for each of the 12 test stations and
421 NASMD stations were obtained using a nearestneighbor interpolation method from 1/ 88 NLDAS-2
Noah soil porosity grid field. We use the 10-cm soil porosity from Noah to quality control soil moisture values
in the shallow (,60 cm) soil layers. At a given station,
when the measured soil moisture value is larger than the
saturated porosity at this station, the value is flagged. To
apply the NLDAS-2 Noah soil temperature to the QC
procedure, daily soil temperature is first calculated from
NLDAS-2 hourly output (Xia et al. 2013) for all four soil
layers (i.e., 5, 25, 70, and 150 cm). Daily soil temperature
values at each station for the four Noah soil layers are
generated over a 14-yr period (1999–2012) using the
nearest-neighbor method to match the long-term measured daily soil moisture from the seven networks

Soil layers
(cm)

Period

5, 10, 20, 50, 100

January 2002–December 2012

SCAN

5, 20, 50

January 2002–December 2012

SNOTEL

4, 10

January 1999–December 2012

AWDN

20

January 1999–December 2012

ECONet

10, 25, 50, 100

January 2006–December 2010

AWDN

5, 25, 65, 75

January 2000–December 2012

5, 20, 60, 75

January 2000–December 2010

5, 20, 50

January 1999–December 2012

Oklahoma
Mesonet
West Texas
Mesonet
SNOTEL

Networks

(Table 2). For a given soil layer at a given station, a
simple linear method is used to vertically interpolate the
soil temperature from the four Noah soil layers into the
specific soil layer in which the sensor lies. When the soil
temperature is below 08C at a given station, the corresponding soil moisture observation is flagged because of
the effect of frozen soils.

a. Development of an automated quality control
based on 12 SCAN stations
Table 3 summarizes the overall percentages of values
flagged for 12 SCAN stations. The only depth at which
values are flagged as outside the geophysical range of
soil moisture is at 50 cm (0.1% values flagged). In contrast, the percentages of values exceeding NLDAS-2 soil
porosity are larger, as 0.2%, 0.4%, 0.2%, 0.8%, and
9.06% of values are flagged at the 5-, 10-, 20-, 50-, and
100-cm soil depths, respectively. The first four values are
quite comparable to those reported by Dorigo et al.

TABLE 3. Percentages of flag occurrences based on 12 SCAN stations for five measuring soil layers (total number of observations is
28 636 for 5-cm soil moisture, 28 689 for 10-cm soil moisture, 28 660 for 20-cm soil moisture, 26 358 for 50-cm soil moisture, and 28 132 for
100-cm soil moisture).
Percentage of flag occurrences (%)
Quality control criterion

5 cm

10 cm

20 cm

50 cm

100 cm

GR check
SP check
Soil moisture in combination with negative soil temperature from NLDAS-2
Noah (below 08C)
Soil moisture in combination with fraction of liquid and total soil moisture
from NLDAS-2 Noah (fraction below 80%)

0.00
0.20
19.80

0.00
0.40
19.57

0.00
0.20
18.37

0.10
0.80
16.86

0.00
9.06
13.01

19.39

18.56

16.22

11.31

6.829
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FIG. 3. 8-yr (2002–09) averaged soil moisture observations at
station NY_2011. (Raw: raw observation; SP: saturated porosity
check when measured soil moisture exceeds saturated porosity.)

(2013). However, the relatively large fraction of soil
moisture observations flagged at the 100-cm depth suggests that the observations may be incorrectly flagged.
To examine this in more detail, we analyze raw observations for 12 stations and find that most of the flagged
observation records come from the Nebraska and New
York SCAN sites. An example is the 8-yr (2002–09)
averaged soil moisture at the 100-cm soil depth at SCAN
station NY_2011 near Geneva, New York (Fig. 3). Almost 50% of the measured soil moisture values at the
station exceed the NLDAS-2 soil porosity (0.465, clay
loam). However, the measured soil moisture seems to be
quite reasonable. The Noah model uses the same soil
class and porosity for all soil layers, but in fact soil porosity may be different for shallow and deep soil layers.
So the use of the same value may lead to a mismatch
between the NLDAS-2 soil class and the observed soil
class at this site. In addition, maximum porosity in
NLDAS-2 Noah is 0.476, which is smaller than observed
soil moisture values (.0.50) at this site. Therefore, for
deep soil moisture measurements, we do not use the SP
approach to flag observations. For frozen soils, the
percentages flagged for the 12 SCAN stations are 19.8%,
19.57%. 18.37%, 16.86%, and 13.01% for the 5-, 10-, 20-,
50-, and 100-cm soil depths, respectively, when the
NLDAS-2 Noah soil temperatures are used. These
values are comparable when the fractions of NLDAS-2
Noah liquid and total soil moisture (,80%) are used
(Table 3). As the soil depth increases, the percentage of
flagged values decreases because the deep soil freezes less
frequently. Figure 4 compares the spatially averaged soil
moisture climatology at 5-, 10-, and 20-cm soil depths
against the quality controlled SCAN observations (Liu
et al. 2011), raw observations, and the remaining data
after removing the flagged raw observations when the
NLDAS-2 Noah soil temperatures are below 08C (ST0)
or when the fractions of NLDAS-2 Noah liquid and total
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soil moisture are smaller than 80% (F80). We excluded
the comparison for 50- and 100-cm soil depths as few
SCAN stations have quality controlled data at either of
those depths. The results show that the ST0 and F80 can
flag unrealistically small soil moisture values in winter,
early spring, and late fall when the soil is still frozen for
all three soil layers when compared with the quality
controlled observations. Figure 5 compares the quality
controlled observations, raw observations, and the observations flagged through ST0 and F80 at station WA_
2021 (Washington State; see Fig. 2a) for all five soil
layers. In the top three soil layers, ST0 performs slightly
better than F80 when compared to quality controlled
observations. In the fourth soil layer, ST0 has a larger
effect than F80, and in the fifth soil layer, ST0 and F80
have similar effects. The results also show that ST0 and
F80 flag fewer values as the layer depth increases, which
is consistent with the results in Table 3. As NLDAS-2
Noah soil temperatures have been comprehensively
evaluated using many observations over the United
States (Xia et al. 2013, 2015c) and NLDAS-2 Noah liquid soil moisture has not yet been evaluated because of
the lack of observations, it is more appropriate to flag
soil moisture observations using the NLDAS-2 Noah
soil temperature than using F80, although the F80 also
performs quite well. Figure 6 shows a similar comparison at the 20-cm depth for 10 SCAN stations when the
ST0 is used. The results show that ST0 flags relatively
few values in warmer climates (e.g., Alabama or South
Carolina). However, it indeed flags a lot of data at stations in higher latitudes, in particular for winter, early
spring, and late fall. Determining if the soil moisture
observations are valid is more difficult in spring and fall, as
these seasons experience days with frozen and unfrozen
soils. Overall, ST0 did a good job of flagging spurious observations at the 12 SCAN stations, although it has difficulty flagging some spurious measurements during the late
spring transition period at two cold stations (MN_2002,
ND_2020). This is attributable to two factors: 1) the soil is
not completely melted although the soil temperatures are
above 08C, and 2) the simulated soil temperatures may be
warmer than in situ soil temperature at these two stations.
By incorporating the GR check, SP check, and negative
NLDAS-2 Noah soil temperature, an automated QC
methodology to flag spurious soil moisture observations
was developed and tested at 12 SCAN stations. The results
suggest that this QC approach is able to identify most of
the spurious observations while not falsely flagging any
valid observations. However, it remains unclear how the
QC approach performs when more stations are used. The
next section will assess the QC approach using more than
421 stations covering eight states with different climates,
soil classes, and vegetation types.
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FIG. 4. 8-yr (2002–09) averaged soil moisture observation spatially averaged at 12 SCAN
example stations when (left) NLDAS-2 Noah soil temperature and (right) fraction of liquid and
total soil moisture are used at corresponding soil layers. (OBS is obtained from visual inspection and in situ soil temperature flagging, raw uses the raw observation without the QC
procedure, ST0 uses 0.08C of NLDAS-2 Noah soil temperature as the flag criterion, and F80
uses 80% liquid soil moisture as the flagging criterion.)

b. Applying the automated QC to 421 NASMD
stations
Table 4 shows percentages of flagged values based on
eight states and seven networks included in the NASMD
for different soil depths. The number of the measurement records varies from 118 302 in North Carolina to
1 253 665 in Oklahoma, depending on the number of soil
depths measured, number of stations, and years of record (Table 4). In general, during the cold season
(winter, early spring, and late fall), the data are more
reliable in states with unfrozen soils than in those with
cold and/or mountainous climates as the frozen soil affects measurement accuracy. This is particularly obvious
in Table 4. The GR and SP tests together flag less than
2% of values in Colorado, Utah, and Nebraska. The ST0
check, in contrast, flags 66.16%, 48.93%, and 24.87% of
values in these three states, respectively. In warmer locations like Alabama, North Carolina, and west Texas,
less than 2% of the measured records were flagged by
the ST0 test (Table 4). The GR check flags the lowest

percentage of measured records when compared to the
SP and ST0 checks, varying from 0.0% in Oklahoma to
3.92% in Michigan. The percentage flagged by SP check
varies from 0.0% in Nebraska to 7.89% in North Carolina. Overall, soil moisture observations in Oklahoma
and west Texas had the smallest percentage of flagged
values (,2.5%), benefiting from unfrozen soils yearround. Including the ST0 test, the reliability of soil
moisture observations was lowest in Colorado (66.16%),
Utah (48.93% flagged), and Michigan (33.47% flagged).
However, when we remove the effects of the ST0 test,
the states with the lowest percentage of values flagged
are Nebraska (0.01%), Oklahoma (0.15%), and Utah
(0.91%), while the states with the highest percentage
of values flagged are Alabama (6.66%), Michigan
(10.18%), and North Carolina (10.32%). Although
states in high-latitude and high-elevation locations had,
in general, higher percentages of values flagged, it is
important to separate the cumulative effects of the GR
and SP checks from the ST0 check. The GR and SP
checks evaluate the quality of the data with respect to
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FIG. 5. As in Fig. 4, but for station WA_2021.

physical limitations of the soil, while the ST0 test evaluates the reliability of the data during the cold season.
Figure 7 shows the comparison of observations without
(RAW OBS) and with the QC procedure (QC flag) for
Alabama, North Carolina, Oklahoma, and west Texas.
We selected these regions because frozen soils are not
common. Most of the flags over these states are due to
the GR and SP check, in particular for 50-cm soil
moisture in Alabama, 20-cm soil moisture in North
Carolina, and 20-cm soil moisture in west Texas, where
the checks significantly reduced soil moisture contents
when compared to the raw observations. In most cases,
the effects of the QC checks on raw observations are
very small. In contrast, for states with colder climates
such as Nebraska, Michigan, Colorado, and Utah, much

of the soil is frozen in winter, early spring, and late fall.
Figure 8 shows the effect of frozen soils on raw observations when the QC procedure is used, in particular for
the stations in the SNOTEL network, which are located
in the mountains (Figs. 8g–l). For shallow soil layers
(,50 cm) over Michigan, Nebraska, Colorado, and
Utah, most of the raw observations are flagged in winter,
early spring, and late fall as expected. Fewer raw observations are flagged in the deeper layers as soil temperatures become warmer (see Figs. 8d–f). In Michigan,
more than 10% of the raw observations are flagged
based on the GR and SP checks, making the QC observations lower (drier soils) than the raw observations
(Figs. 8a,b). In Utah, there are some spikes for all three
soil layers because of unreasonably large values of the
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FIG. 6. 8-yr (2002–09) averaged soil moisture observations at the 20-cm soil layer for 10
SCAN example stations when NLDAS-2 Noah soil temperature at the corresponding soil layer
is used.

original data. The reason for this may be sensor failure
or erroneous readings; however, a simple GR check can
easily remove them. Overall, the results show that the
QC procedure, particularly the GR and SP checks,
largely reduces the soil moisture content when compared with the raw observations without the QC
procedure.

c. Discussion
To demonstrate how the QC procedure affects the
evaluation of multimodel-simulated soil moisture in the
NLDAS-2, we validated simulations of 20-cm soil
moisture in Alabama, 20-cm soil moisture at North
Carolina, and 20-cm soil moisture in west Texas for four

NLDAS-2 land surface models [i.e., Noah, Mosaic, the
Sacramento soil moisture accounting model (SAC), and
VIC]. The Taylor skill score (Taylor 2001) is used because
it is an integrated statistical measure that accounts for bias
and correlation. The Taylor skill score is defined as
S5

4(1 1 R)
,

1 2
s1
(1 1 R0 )
s

(1)

where R is correlation between the simulated and observed daily soil moisture, R0 is the theoretical maximum correlation (assumed to be 1 in this study), and s is
the standard deviation of the simulated daily soil
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TABLE 4. Percentage of flag occurrences based on seven networks (eight states) of the NASMD that provide measurements on
a daily basis.

State (network)

No. of stations
(measurement
depth; cm)

No. of total
measurement records
(start year–end year)

GR check
(%)

SP check
(%)

ST0 check
(%)

Alabama (SCAN)
Colorado (SNOTEL)
Michigan (MAWN)
North Carolina (ECONet)
Nebraska (NAWDN)
Oklahoma (Mesonet)
Texas (Mesonet)
Utah (SNOTEL)

22 (5, 10, 20, 50, 100)
26 (5, 20, 50)
64 (4, 10)
36 (20)
39 (10, 25, 50, 100)
97 (5, 25, 65, 75)
59 (5, 20, 65, 75)
78 (5, 20, 50)

156 402 (2002–12)
217 46 (2002–12)
402 706 (1999–2012)
118 302 (1999–2012)
284 320 (2006–10)
1 253 665 (2000–12)
488 063 (2000–10)
743 697 (1999–2012)

2.69
1.57
3.92
2.43
0.01
0.00
0.40
0.90

3.97
0.23
6.26
7.89
0.00
0.15
1.66
0.01

0.10
64.36
23.29
1.16
24.86
1.09
0.28
48.02

moisture normalized by the standard deviation of the
observed daily soil moisture. Table 5 compares the S
scores calculated from the simulated and observed daily
soil moisture at the 20-cm soil layer for Alabama and
west Texas, and the 20-cm soil layer in North Carolina
against observations using the raw data and using the
quality controlled data. The S scores increased in all
three regions, especially in North Carolina and west
Texas. This increase is a result of both increased

correlation and reduced biases (i.e., mean absolute error, root-mean-square error), suggesting that the data
flags had a positive influence on the statistical measures.
This partially explains why we found relatively low S
values at the 20-cm soil layer in west Texas in our recent
study (Xia et al. 2015a). Note that we did not evaluate
remotely sensed soil moisture products such as the Advanced Scatterometer (ASCAT; Bartalis et al. 2007),
AMSR-E (Owe et al. 2008), SMOS (Mecklenburg et al.

FIG. 7. Comparison of 11–14 yr (1999–2012) averaged raw observations (RAW OBS) and QC observations (QC flag) in Alabama (AL),
North Carolina (NC), Oklahoma (OK), and west Texas (TX), spatially averaged from 21 stations in Alabama to 97 stations in Oklahoma
(see Table 2). The QC flag indicates that GR, SP, and ST0 checks are used.
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FIG. 8. As in Fig. 7, but for Michigan (MI), Nebraska (NE), Colorado (CO), and Utah (UT) with a 5–14-yr average (see Table 2).

2012), SMAP (Entekhabi et al. 2010), and Soil Moisture
Operational Products System (SMOPS; Zhan et al.
2011) as an assessment of remotely sensed products is
beyond the scope of this study. The evaluation of these
remote sensing products using raw and QC observations
is ongoing and will be addressed in a future paper.
Although NLDAS-2 soil porosity can be reasonably
used to screen out obvious anomalies, this flag should be
applied carefully because it is based on a soil porosity
map obtained from the 1/ 88 NLDAS-2 Noah database
(http://www.emc.ncep.noaa.gov/mmb/nldas/LDAS8th/
soils/LDASsoils.shtml; Mitchell et al. 2004) and may not
correctly represent soil properties at fine scales. In addition, the NLDAS-2 soil porosity may be too small in
high-latitude wet regions and too large in arid/semiarid
regions. However, soil porosity observations are only
available for a few stations. Therefore, the use of a regionally consistent dataset is preferred over in situ porosity observations, as the latter will lead to an
inconsistent quality flag for the NASMD. It is expected
that a more reasonable soil porosity dataset, that is a

function of soil depth, will be developed in the future
based on the SSURGO Database from the U.S. Department of Agriculture, Natural Resources Conservation Service (NRCS 2013; http://websoilsurvey.sc.egov.
usda.gov/App/HomePage.htm).
Note that 10-cm soil porosity from the Noah model is
applied throughout the shallow layers (,60 cm) in this
study. However, soil type and compaction, and therefore
TABLE 5. Taylor skills score S calculated from observed and
simulated daily soil moisture at the 20-cm soil layer using raw vs
QC observations.
Method

Mosaic

Raw
QC

0.7802
0.7847

Raw
QC

0.4551
0.7094

Raw
QC

0.6845
0.8116

Noah
Alabama
0.5263
0.5514
North Carolina
0.2300
0.4554
Texas
0.5183
0.6677

SAC

VIC

0.8652
0.8887

0.4877
0.5028

0.5006
0.6019

0.1795
0.4103

0.6520
0.8000

0.3869
0.5181
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porosity, are typically not consistent throughout the
profile. The SP check may introduce unintended biases
because of the variability in soil porosity within the top
60 cm. Hydraprobe sensors operated by multiple soil
moisture monitoring networks in the United States also
report soil temperature with which the quality control
procedures could be implemented. However, soil
moisture sensor type is variable by network, and therefore in situ soil temperature measurements are not
ubiquitous. The NLDAS-2 soil temperature dataset has
been exhaustively validated with in situ observations
(Xia et al. 2013) and can provide a high-quality product
for soil moisture quality control across the United
States. The quality control process that is used in this
study, similar to those developed in other studies
(Dorigo et al. 2013), is more likely to flag observations
taken in cold weather or more northern-latitude regions.
This may introduce unintended biases with regard to
flagged observations, which could affect applications of
soil moisture observations in cold conditions.

5. Conclusions
An automated QC methodology is developed for
controlling in situ soil moisture observations in the
North American Soil Moisture Database using a geophysical range check, a soil porosity check, and a soil
temperature check. We used 12 example stations (Liu
et al. 2011) to verify the performance of the QC approach. The soil moisture observations validated carefully by using in situ soil temperature and visual
inspection were assumed to be ‘‘ground truth.’’ The results showed that the NLDAS-2 products flagged spurious measurements for all 12 stations, suggesting that
soil porosity, soil temperature, and fractions of liquid
and total (liquid plus frozen) soil moisture were very
useful. The QC approach was further applied to 421
NASMD stations covering eight states and seven networks. When including the effects of frozen soils, the
locations with the lowest percent of values flagged were
Oklahoma and west Texas, both with less than 2.5%.
Not surprisingly, the states with the highest percent of
values flagged are those in high-elevation and highlatitude regions (Colorado, Michigan, Utah, and Nebraska), all with more than 24% of values flagged.
However, when we exclude flags due to frozen soils, the
states with the lowest percent of values flagged are Nebraska (0.01%), Oklahoma (0.15%), and Utah (0.91%),
while the states with the highest percentage of values
flagged are Alabama (6.66%), Michigan (10.18%), and
North Carolina (10.32%). When the quality controlled
data were used to evaluate the soil moisture simulated
from the four NLDAS-2 land surface models (i.e., Noah,
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Mosaic, SAC, VIC) over Alabama, North Carolina, and
west Texas, the Taylor skill scores increased using the
QC data as compared to using the raw observations,
suggesting that the data flagging procedure had a positive influence on the assessment of model products.
Overall, the QC approach provided satisfactory results, and it should be a useful QC tool for processing
in situ soil moisture measurements in the NASMD. The
QC procedure developed here will be applied to the
NASMD to flag erroneous and spurious data for all
NASMD stations, except for the Cosmic-Ray Soil
Moisture Observing System (COSMOS) stations listed in
Table 1. The measurement instrument in the COSMOS
network can measure total soil moisture (liquid 1
frozen) when soil is frozen. To facilitate a proper
tracking of the error source, we will use the Coordinated
Energy and Water Cycle Observation Project (CEOP)
flag definitions (http://www.eol.ucar.edu/projects/ceop/
dm/documents/refdata_report/data_flag_definitions.html),
in particular for category D to add a subcategory (i.e.,
D1—exceeding geophysical range, D2—exceeding soil
porosity, D3—soil temperature below zero) to describe
these individual cases. A quality controlled in situ soil
moisture database with flag tracks will be staged on the
NASMD website (http://soilmoisture.tamu.edu/) for the
public in the near future.
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