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Global Automated Quality 
Control of In Situ Soil Moisture 
Data from the Interna  onal Soil 
Moisture Network
The Interna  onal Soil Moisture Network (ISMN) was ini  ated in 2009 to support calibra  on 
and valida  on of remote sensing products and land surface models, and to facilitate study-
ing the behavior of our climate over space and  me. The ISMN does this by collec  ng and 
harmonizing soil moisture data sets from a large variety of individually opera  ng networks 
and making them available through a centralized data portal. Due to the diversity of climato-
logical condi  ons covered by the sta  ons and diff erences in measurement devices and setup, 
the quality of the measurements is highly variable. Therefore, appropriate quality character-
iza  on is desirable for a correct use of the data sets. This study presents a new, automated 
quality control system for soil moisture measurements contained in the ISMN. Two types 
of quality control procedures are presented. The fi rst category is based on the geophysical 
dynamic range and consistency of the measurements. It includes fl agging values exceeding a 
certain threshold and checking the validity of soil moisture varia  ons in rela  on to changes 
in soil temperature and precipita  on. In par  cular, the usability of global model- or remote 
sensing–based temperature and precipita  on data sets were tested for this purpose as an 
alterna  ve to in situ measurements, which are o  en not recorded at the soil moisture sites 
themselves. The second category of procedures analyzes the shape of the soil moisture  me 
series to detect outliers (spikes), posi  ve and nega  ve breaks, satura  on of the signal, and 
unresponsive sensors. All methods were fi rst validated and then applied to all the data sets 
currently contained in the ISMN. A valida  on example of an AMSR-E satellite and a GLDAS-
Noah model product showed a small but posi  ve impact of the fl agging. On the basis of the 
posi  ve results of this study we will add the fl ags as a standard a  ribute to all soil moisture 
measurements contained in the ISMN.

Abbrevia  ons: CMAP, Climate Predic  on Center’s opera  on global 2.5° 5-d Merged Analysis of Precipita-
 on; HWSD, Harmonized World Soil Database; ISMN, Interna  onal Soil Moisture Network; NRT, near real 
 me; QC, quality control.

Ground-based measurements of soil moisture have been widely used for vali-
dating remote sensing–based soil moisture products (e.g., Gruhier et al., 2010; Jackson 
et al., 2010; Liu et al., 2011; Parrens et al., 2012; Pathe et al., 2009; Zribi et al., 2009), 
calibrating and validating model estimates of soil moisture and drought (Balsamo et al., 
2009; Dai et al., 2004; Rodell et al., 2004), and studying the dynamics of soil moisture in 
space and time (Albergel et al., 2008; Brocca et al., 2010; Entin et al., 2000; Famiglietti 
et al., 2008). Worldwide, a large number of local to regional-scale meteorological and 
experimental networks are available for these tasks. However, in many cases it is diffi  cult 
to gain access to these data sets. Besides, there is general lack of standardization of meth-
ods and protocolling which complicates the combined use of multiple networks in global 
studies. To overcome many of these limitations, the International Soil Moisture Network 
(http://www.ipf.tuwien.ac.at/insitu) was initiated in 2009 to serve as a centralized data 
hosting facility where globally available in situ soil moisture measurements from opera-
tional networks and validation campaigns are collected, harmonized, and made available 
to users through a single access point (Dorigo et al., 2011a,b). Currently, the ISMN con-
tains more than 6100 soil moisture data sets from over 1400 stations available through 35 
diff erent networks. Th e scientifi c relevance of this centralized and harmonized system is 
refl ected by the growing number of studies that use a combination of networks to evaluate 
soil moisture products at a continental to global scale (e.g., Albergel et al., 2012; Brocca 
et al., 2011; Liu et al., 2012).

Th e data sets shared with the ISMN are very heterogeneous in terms of measurement 
technique, measurement depth, spatial setup, and degree of automation. While incom-
ing data sets are harmonized in terms of soil moisture unit, time stamp, and metadata, 
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the ISMN does not perform a homogenization over depth and 
between diff erent sites. Besides, little is known about the quality of 
the individual measurement time series. Th e quality of individual 
sites is mainly a result of measurement device used, deployment 
of the sensor in the fi eld, and its calibration (Bogena et al., 2007; 
Mittelbach et al., 2011). A quantitative estimate of the relative 
quality of stations is of particular interest to those who wish to 
draw conclusions on the performance of a product based on a vali-
dation over a variety of networks. Hence, quality assurance has 
become one of the major concerns of the Committee on Earth 
Observation Satellites (CEOS) Land Product Validation (LPV) 
group (http://lpvs.gsfc.nasa.gov/, accessed 28 Nov. 2012), whose 
objective is to develop guidelines for validation of satellite-based 
soil moisture products such as provided by ASCAT (Bartalis et 
al., 2007), AMSR-E (Owe et al., 2008), SMOS (Mecklenburg et 
al., 2012), and SMAP (Entekhabi et al., 2010). However, not only 
at the station level, but also at the level of the individual measure-
ments quality control (QC) is an important issue, as quality can 
vary strongly between the readings. Whereas smaller, experimental 
networks may have the resources and time to perform a visual QC 
on their data, this is infeasible for large automated networks that 
share their data in near real time (NRT). Hence, automated objec-
tive methods are needed.

Methods for automated QC are widespread in various geophysical 
disciplines, such as in air temperature and precipitation monitor-
ing (Hubbard et al., 2005), solar radiation (Journée and Bertrand 
2011), sea surface temperature (González-Rouco et al., 2001; Mer-
chant et al., 2008), and ocean salinity (Ingleby and Huddleston, 
2007). The most common methods for outlier detection are 
based on thresholds that can either be static or variable over time 
(Journée and Bertrand 2011). Others derive thresholds from statis-
tical properties of the data set, such as mean, standard deviation, or 
quartiles (González-Rouco et al., 2001; Merchant et al., 2008). To 
do so, reliable climatologies based on long measurement time series 
are required (Hubbard et al., 2005). Spectrum-based approaches 
study the shape of a measured time series to identify potential 
outliers. Th e most prominent members of this category are spike 
detection algorithms (Malyshev and Sudakova, 1995; Meinander 
et al., 2003; Ossadtchi et al., 2004). Spikes are typically defi ned as 
unanticipated signifi cant rises or drops lasting only one time step. 
As their maxima can occur within plausible physical ranges they 
oft en remain undetected by threshold-based approaches. Recently, 
researchers have proposed several sophisticated statistical spike 
detection methods based on parametric methods, clustering tech-
niques, neural networks, and wavelets (Farrokhi et al., 2010; Inan 
and Kuntalp, 2007; Torrence and Compo, 1998). Th e availability 
of a gap free time series that is long enough is critical for a robust 
use of wavelets because wavelet transforms applied to short time 
series may lead to boundary eff ects (Nenadic and Burdick, 2005). 
Dense observing networks allow for the use of buddy checking 
methods (Rayner et al., 2006). Th e main idea behind this tech-
nique is the assumption that nearby measurements display similar 

dynamic behavior in time. If an outlier in one measured time series 
cannot be supported by its buddies, then the data point is most 
likely incorrect. Critical for the application of the buddy technique 
is the presence of enough neighboring observations at distances 
showing signifi cant spatial correlation. With growing data avail-
ability from multiple sources, probability-based approaches 
become an increasingly interesting alternative for detecting errors. 
For example, Ingleby and Huddleston (2007) used a Bayesian 
framework based on diff erent information sources to check for 
the plausibility of ocean temperature and salinity values. Typically, 
spurious observations detected by a quality control procedure are 
fl agged. Flagging is a procedure that adds a quality indicator to the 
original observation but without modifying it or removing it from 
the data set. Th is leaves it up to the user or application to decide 
what to do with the fl agged observation.

To date, automated QC of in situ soil moisture data has received 
only little attention in literature. Illston et al. (2008) and You et 
al. (2010) used several variations of threshold-based approaches 
to fl ag spurious observations. In addition, You et al. (2010) used a 
spatial regression test to identify measurements that deviated from 
a regional soil moisture model (Hubbard et al., 2005). Th ough 
thoroughly addressing the QC issue, the studies focus on a single 
network for which the measurement setup is relatively consistent 
among the various sites (Illston et al., 2008; You et al., 2010). A 
fi rst simple QC procedure at a global level for the data sets of the 
ISMN was proposed by Dorigo et al. (2011b) who applied several 
physically based thresholds to fl ag spurious observations according 
to the Coordinated Energy and Water Cycle Observations Project 
(CEOP) Data Flag Defi nitions (http://www.eol.ucar.edu/projects/
ceop/dm/documents/refdata_report/data_fl ag_defi nitions.html, 
accessed 28 Nov. 2012). However, the system appeared insuffi  cient 
for fl agging more subtle outliers. 

Th is study builds on existing experiences in the fi eld of QC for in 
situ soil moisture data and proposes a comprehensive automated 
QC system for the ISMN. Th e major challenge is to defi ne an 
objective QC system that is applicable to a large variety of networks 
and stations that diff er strongly in nature and available metadata. 
Th e manuscript starts with a general description of the ISMN and 
a more detailed description of the data sets that are used for devel-
oping and testing the QC procedures (“Data Description”). To be 
able to detect potential errors, fi rst the natural appearance of soil 
moisture measurements and deviations from this natural behav-
ior need to be understood (“Sources and Appearance of Errors in 
In Situ Soil Moisture Measurements”). An overview of the QC 
methods is presented in the “Quality Control Methods” section, 
followed by an evaluation and discussion of the QC, based on a 
validation subset and application to the entire ISMN (“Results 
and Discussion”). Also, an example of the eff ect of fl agging on 
validating remotely sensed and modeled soil moisture is provided 
in this section. 
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Data Descrip  on
Th e methods presented in this study were developed and validated 
using data from the ISMN (Dorigo et al., 2011a,b). At the time 
of writing (November 2012) the ISMN hosted 35 networks rep-
resenting more than 1400 measurement stations, mostly clustered 
in the United States and Eurasia (Fig. 1). A network is defi ned as 
any number of stations managed by a single organization or part-
nership. In practice, this number ranges between one and several 
hundred. It is important to realize that the networks have been 
designed for diff erent applications and therefore show diff erent 
characteristics and features. While all individual stations measure 
soil moisture many stations also provide measurements of variables 
that allow for a more comprehensive interpretation of the soil mois-
ture data sets, including soil and air temperature, precipitation, and 
snow cover and depth (Table 1). In addition, the networks deploy 
diff erent measurement techniques and sensors, including time and 
frequency domain refl ectometry, capacitance and neutron probes, 
cosmic rays, and gravimetric sampling. All methods have their 
advantages and disadvantages for particular applications (Dorigo 
et al., 2011b; Robinson et al., 2008).

Figure 2 shows that temporal data availability varies from net-
work to network. Th e networks that were transferred from the 
Global Soil Moisture Data Bank (Robock et al., 2000)—CHINA, 
MONGOLIA, IOWA, and the three RUSWET networks—are 
no longer updated and provide measurements only at irregular 
time intervals (typically 1–2 times per month). Th erefore, these 
networks were excluded from most analyses in this study. All other 

networks were considered. Recently, several networks have been 
added of which the data sets are updated automatically in near real 
time (ARM, COSMOS, FMI, SCAN, SNOTEL, SWEX_Poland, 
and USCRN). Th e data sets provided by these networks do not 
undergo any QC before being submitted to the ISMN. On the 
contrary, data from most other networks fi rst undergo extensive 
visual quality inspection by the data providers before being shared 
with the ISMN. For an extensive overview of the single networks 
we refer to the supplemental material or to the original publica-
tions describing the networks (Table 1).

 Sources and Appearance of 
Errors in In Situ Soil Moisture 
Measurements

Characteris  c Behavior 
of Soil Moisture Readings
Fundamental for detecting errors in soil moisture measurements is a 
thorough understanding of their typical characteristics. Although it is 
unrealistic to speak of a single typical behavior of logged soil moisture 
(due to soil moisture regimes that vary dramatically across the globe), 
there are several features that most readings have in common. Figure 
3a shows an example of a typical soil wetting event due to precipi-
tation and the consecutive drying out. Such a characteristic curve is 
encountered in locations or periods with few precipitation events, so 
that enough time lies in between two consecutive precipitation events, 
thus allowing for a drying out until reaching asymptotically a quasi-
stable soil water level (Hillel, 1998). If the dry period is long enough, 

Fig. 1. Stations currently contained in the International Soil Moisture Network (status November 2012).
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soil moisture content will eventually reach a constant value close to 
zero (for the surface layer) or another steady-state value (for deeper 
layers; Fig. 3a). In many cases, however, a new precipitation event takes 
place before stable soil moisture content is reached, leading to a super-
imposition of events that are diffi  cult to discriminate (Fig. 3b).

A particular behavior of the measured soil moisture signal is regis-
tered for frozen soils and the cyclic behavior of freeze–thaw events 
(Fig. 3c). As the dielectric conductivity of ice is signifi cantly lower 
than that of liquid water, the freezing of soil water leads to signifi -
cantly lower recorded soil water content (Hallikainen et al., 1985). 

During thaw periods, which are typically characterized by events 
of thawing (during daytime) and freezing (nighttime), alternating 
low and high levels of soil moisture are recorded that are not con-
nected to precipitation events.

Most soil moisture measuring devices show a more or less pro-
nounced sensitivity to temperature (Dorigo et al., 2011b; Robinson 
et al., 2008). In the frequency range where most electromagnetic 
in situ sensors and remote sensing systems operate (i.e., between 
?0.001 and 10 GHz) there is a positive relationship between 
electric conductivity and temperature. Th is is refl ected in Fig. 3d 

Table 1. Networks currently contained in the International Soil Moisture Network (ISMN) (status June 2012) and the measurements provided.†

Name Stations Variables included in ISMN
Operational 
status Reference

AACES 49 SM (2), TS (4), P (1) closed campaign (Peischl et al., 2012)

AMMA 7 SM (13) active (Cappelaere et al., 2009; de Rosnay et al., 2009; 
Mougin et al., 2009; Pellarin et al., 2009)

ARM 25 SM (10), TS (10), TA (1), P active –

CALABRIA 5 SM (3), TA (1), P active (Brocca et al., 2011)
CAMPANIA 2 SM (1), TA (1), P active (Brocca et al., 2011)
CHINA 40 SM (11) closed (Robock et al., 2000)
COSMOS 56 SM (31) active (Zreda et al., 2008)
FLUXNET_ AMERIFLUX 2 SM (8), TS (13), TA (1), P active –
FMI 1 SM (2), TS (1), TA (1) active (Rautiainen et al., 2012)
HOBE 30 SM (3), TS (3) active (Bircher et al., 2012)
HSC_SELMACHEON 1 SM (1) active –
HYDROL-NET_PERUGIA 1 SM (4), TS (2), TA (1), P active –
HYU_CHEONGMICHEON 1 SM (1) active –
ICN 19 SM (17), TS (6), P active (Hollinger and Isard 1994)
IIT_KANPUR 1 SM (4) active –
IOWA 6 SM (12) closed (Robock et al., 2000)
MAQU 20 SM (1), TS (1) active (Su et al., 2011)
MetEROBS 1 SM (5) active –
MOL-RAO 2 SM (9), TS (12), TA(2), P active (Beyrich and Adam 2007)
MONGOLIA 44 SM (10) closed (Robock et al., 2000)
OZNET (incl. SASMAS) 64 SM (7), TS (7), SS(7), P active (Rüdiger et al., 2007; Young et al., 2008)
REMEDHUS 23 SM (1), TS (1) active (Sanchez et al., 2012)
RUSWET-AGRO 156 SM (2) closed (Robock et al., 2000; Vinnikov and Yeserkepova 1991)
RUSWET-GRASS 122 SM (2) closed (Robock et al., 2000; Vinnikov and Yeserkepova 1991)
RUSWET-VALDAI 3 SM (3), TS (3), TA (2), P closed (Robock et al., 2000; Vinnikov and Yeserkepova 1991)
SCAN 182 SM (25), TS (25), TA (2), 

P, SD (1), SWE (1)
active –

SMOSMANIA 21 SM (4) active (Albergel et al., 2008; Calvet et al., 2008)
SNOTEL 381 SM (16), TS, TA, P, SWEQ, SD active –
SWEX_POLAND 6 SM (8), TS (13) active (Marczewski et al., 2010)
UDC_SMOS 11 SM (5) closed (Loew et al., 2010)
UMBRIA‡ 7 SM (3), TA (2), P active (Brocca et al., 2011, 2008, 2009)
UMSUOL 1 SM (7) active (Brocca et al., 2011)
USCRN 113 SM (5), TS (5), TA (1), P (1), TSURF active (Bell et al., 2012)
USDA-ARS 4 SM (1), TS (2) active (Jackson et al., 2010)
VAS 3 SM(1), TS (6), TA(1) active –

† SM, soil moisture; TS, soil temperature, TSURF, surface temperature, TA, air temperature; P, precipitation; SD, snow depth, SWE, snow water equivalent; SS, soil 
suction. Numbers in parentheses are the number of layers (depths) at which the respective variable is provided.

‡ Previously listed as CNR_IRPI.
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Fig. 2. Measurement periods of networks contained in ISMN (in orange). Important satellite missions providing soil moisture information and two 
widely used model-based soil moisture data sets are included in blue and green, respectively (status November 2012).

Fig. 3. (a) Example of typical soil moisture wetting and drying behavior. (b) Example of soil moisture measurements during consecutive precipitation 
events. (c) Example of registered soil moisture behavior in case of a frozen soil and subsequent cycles of thawing and refreezing. (d) Example of tem-
perature sensitivity of soil moisture at diff erent depths.
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where a daily fl uctuation is observed in soil moisture values, show-
ing relatively high values in the aft ernoon and low values during 
night. Typically, such temperature-related fl uctuations stay within 
the specifi cations of the manufacturer’s accuracy of 0.01 to 0.05 
m3 m−3 (Robinson et al., 2008; Young et al., 2008). In Fig. 3d 
we can see that artifi cial diurnal soil moisture fl uctuations reduce 
with increasing depth, which corresponds to reduced temperature 
fl uctuations at greater depths.

Errors in In Situ Soil Moisture Readings
Random Noise and Spikes
Random noise is intrinsic to any measurement. By definition, 
random noise is scattered around the true value following a prob-
ability density distribution function around a null expected value, 
which makes it well predictable. Th erefore, we do not regard it as 
an error but report it here for reasons of completeness. If noise is 
visible in the data depends on the signal/noise ratio and the radio-
metric precision of the sensor. Notice that noise is diff erent from 
the regular daily oscillations induced by temperature fl uctuations 
as its behavior is entirely random, and there is no inverse relation-
ship with depth (Fig. 4a).

Spikes are diff erent from noise as they typically last only one time 
step and are unpredictable with respect to their magnitude (Fig. 
4b). Spikes result, for example, 
from temporary sensor failure or 
reduced current supply.

Breaks
As breaks we typif y sudden 
increases (jumps) or decreases 
(drops) in the registered soil mois-
ture value, usually from one time 
unit to the next. Oft en they result 
from a reduced power supply or a 
sudden change in the environ-
mental conditions. Unlike spikes, 
jumps and drops lead to a (semi-)
permanent offset of measure-
ment values with respect to the 
preceding period. However, it is 
oft en diffi  cult to establish which 
of the periods (i.e., before or 
after the event) represents the 
situation closest to the truth. 
Examples of a jump and a drop 
can be seen in Fig. 5.

Constant Low and 
High Values
Several phenomena may be 
responsible for the registration of 
a constant value over time. Frost 

periods and longer sensor drop outs (Fig. 6a) commonly lead to 
invariable low registered soil moisture values. A constant high 
signal may be registered when the soil moisture content exceeds the 
upper limit of sensitivity of the sensor. In time series such events 
appear as plateaus (Fig. 6b). Th is behavior is oft en observed for 
capacitance probes (Mittelbach et al., 2011).

Other Sources of Error
Basara and Crawford (2000) observed a rapid wetting of deeper sen-
sors aft er precipitation events. Th is was caused by the preferential 
fl ow through the (refi lled) trench dug to install the sensors. Even 
though the sensors were operating properly in this case, the varia-
tions measured did not represent conditions in the surrounding soil.

Systematic diff erences, or biases, may exist between measured 
soil moisture and the true soil moisture content. Th ey result, for 
example, from inappropriate calibration or a lack of representa-
tiveness of the point measurement for a larger soil volume. As the 
true soil moisture content is usually not known, biases are diffi  cult 
to characterize. Nevertheless, they can be reduced by appropriate 
sensor calibration (You et al., 2010).

An instrument drift  stands for a gradual systematic change over 
time that cannot be related to changing climatological conditions. 

Fig. 5. Example of a soil moisture time series with (a) a jump and (b) a drop.

Fig. 4. Example of soil moisture measurement series containing (a) random noise and (b) spikes.
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A sensor drift  may be caused e.g., by ongoing oxidation of the sensor 
rods, salinization, increasing soil compaction, or changes in subsur-
face fl ow conditions. As drift s take eff ect over longer time periods 
and are diffi  cult to separate from long-term and seasonal fl uctua-
tions, long observation periods are needed to characterize them.

 Quality Control Methods
Th e best quality control of observational data is typically obtained 
through visual inspection. However, for a large volume of data 
and operational applications this is mostly not possible. Th e aim 
of the ISMN QC module is, therefore, to identify and fl ag spuri-
ous observations automatically, that is, without visually inspecting 
the data. Th e data values themselves are not manipulated (e.g., by 
fi ltering or smoothing), neither removed from the database, which 
allows for a further processing by the users.

Two diff erent subsets of the ISMN were used to develop the methods 
for QC. For developing the geophysical dynamic range and geophysi-
cal consistency methods (see “Checking Geophysical Consistency” 
below) 10 stations from 9 diff erent networks were selected that, in 
addition to soil moisture measure-
ments, also provided measurements 
of soil temperature and precipitation 
(Table 2). A subset of 15 stations from 
9 different networks (Table 3) was 
selected to develop spectrum-based 
QC algorithms that are presented 
in the sections “Spectrum-Based 
Approaches,” “Break Detection,” and 
“Detection of Constant Values.” Selec-
tion of these stations was based on the 
known occurrence of various types of 
errors and represents a variety of soil 
moisture sensors, measurement depths, 
and climate conditions. Independent 
data sets were used to validate the 
transferability of the methods (Tables 
4 and 5). Th e validation data sets were 
carefully visually inspected and erro-
neous measurements were manually 
fl agged according to the diff erent cat-
egories of errors specifi ed. Notice that 
the validation is not intended to serve 
as a comprehensive error assessment, 
but to highlight general performance 
of the QC and to identify potential 
causes of inadequate fl agging.

In the following, a series of methods 
is proposed to identify most of the 
errors described in the previous sec-
tion. However, the QC system does 

not characterize systematic errors like biases and drift s as long 
measurement time series are needed to describe them in a robust 
way, a prerequisite that is not given for many data sets. Neither sys-
tematic noise is addressed here. Baseline of the methods proposed 
in this section (apart from the geophysical dynamic range tests) is 
an hourly sampling interval.

Checking Geophysical Dynamic Range
A threshold method is applied to detect soil moisture observations 
exceeding the geophysical plausibility range. Th is check is rather 
simple to implement since only the observation at time t and thresh-
olds for the individual observation site are needed. Th erefore, this 
test could be implemented in an NRT automated quality control 
procedure. Dorigo et al. (2011b) proposed several minimum and 
maximum thresholds for fl agging the variables contained in the 
ISMN. For soil moisture they adopted a range of 0.0 to 0.6 m3 m−3, 
which we also use in this study.

Physically, soil moisture content is limited by the porosity of the 
soil (Hillel, 1998). Th us, instead of using a single global threshold, 
it would be more appropriate to fl ag values exceeding the local 

Fig. 6. (a) Stable low soil moisture value most likely caused by a sensor drop out. (b) Example of a plateau 
within a soil moisture time series caused by a saturated signal.

Table 2. Data sets and periods used for developing geophysical dynamic range and consistency quality 
control methods.

Network Station Sensor Depth interval Period

m

AMMA AF CS616_1 0.05–0.05 Jan. 2005–Dec. 2008

ARM E10 Water Matric Potential Sensor 229L 0.05–0.05 July 1996–Oct. 2011

CALABRIA Fitterizzi Th etaProbe ML2X 0.30–0.30 Jan. 2001–May 2010

FMI Maws Th etaProbe ML2X_A 0.02–0.02 Jan. 2007–Dec. 2011

OZNET M4 CS615 0.00–0.08 Sept. 2001–May 2011

OZNET Y7 CS616 0.00–0.30 Dec. 2003–May 2011

REMEDHUS F06 Stevens Hydra Probe 0.00–0.05 Mar. 2005–Dec. 2011

SCAN 2039 Hydraprobe Analog (2.5 V) 0.05–0.05 June 2000–Dec. 2011

UMBRIA C.Belfi ore EnviroSCAN 0.05–0.15 Apr. 2007–May 2008

USDA-ARS WG Hydraprobe Analog (2.5 V) 0.00–0.05 June 2002–July 2009
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saturation point or porosity. Besides 
the fact that porosity measurements 
are prone to large measurement 
uncertainties, they are mostly not 
determined at the locations of the 
installed sensors. Th erefore we pro-
pose to calculate soil porosity from 
soil texture and organic carbon 
contents as provided by the Harmo-
nized World Soil Database (HWSD) 
(FAO/IIASA/ISRIC/ISS-CAS/JRC, 
2009), which at present is assumed to 
be the most consistent soil database 
at a global scale. Based on the soil 
parameters, soil porosity is calculated 
using the pedotransfer equations of 
Saxton and Rawls (2006).

Checking Geophysical 
Consistency
To check the geophysical consistency of soil moisture measure-
ments they can be confronted with other closely related variables 
describing the land–atmosphere system. These variables can 
be measured at the same location or extracted from additional 
observation- or model-based global data sets. In Dorigo et al. 
(2011b) several plausibility checks were introduced based on soil 
and air temperature and precipitation measured in situ. Since 
these auxiliary variables are not provided for all stations as in situ 
measurements, this study extends and improves the geophysical 
plausibility check using external data sets. Consistency checks 
against other geophysical parameters can only be performed in 

NRT if the corresponding data sets are available within 3 h of 
sensing as well. Consequently, NRT requirements pose a strong 
constraint on operational QC.

Using Precipita  on
Th e relation between precipitation and soil moisture response has 
already been proposed as a basis to identify spurious soil moisture 
observations. For instance, You et al. (2010) proposed a simplifi ed 
water balance model based on precipitation and irrigation amount. 
However, their method led to signifi cant overfl agging. Dorigo et 
al. (2011b) proposed to fl ag constant or decreasing soil moisture 
levels in combination with a precipitation event measured in situ. 

Table 3. Data sets and periods used for developing spectrum-based quality control methods.

Network Station Sensor Depth interval Period Error types

m

FMI Maws Th eta Probe ML2X 0.02–0.02 May 2011–July 2011 negative breaks, low level plateau

REMEDHUS H13 Stevens Hydra Probe 0.00–0.05 July 2010–Dec. 2011 none

REMEDHUS J14 Stevens Hydra Probe 0.00–0.05 Feb. 2009–Apr. 2009 spikes

OzNet K11 Stevens Hydra Probe 0.00–0.05 Dec. 2006–Feb. 2007 breaks

SCAN 2052 Hydra Probe Analog 0.51–0.51 July 2008–Nov. 2009 noisy data

SCAN 2054 Hydra Probe Analog 1.02–1.02 Feb. 2002– May 2012 saturation plateaus

SCAN 2075 Hydra Probe Analog 0.20–0.20 May 2010–Nov. 2010 spike

SMOSMANIA PZN Th etaProbe ML2x 0.10–0.10 June 2009–July 2009 breaks

SMOSMANIA SVN Th etaProbe ML2X 0.10–0.10 May 2010–Dec. 2010 saturated plateaus, breaks, noisy data

SWEX_POLAND P2 D-LOG-mpts_D 0.10–0.10 Nov. 2008–Dec. 2008 breaks, noisy data

SWEX_POLAND P3 D-LOG-mpts_C 0.10–0.10 Aug. 2009–Sept. 2009 breaks, spikes

UDC_SMOS 80 EC5 II 0.05–0.05 May 2009–Mar. 2010 missing values, spikes, breaks

UDC_SMOS 501 EC5 I 0.05–0.05 Dec. 2010–Apr. 2011 saturation plateaus

UMBRIA C.Rigone EnviroSCAN 0.15–0.25 Apr. 2008–May 2008 saturation plateaus

USDA-ARS WG Hydraprobe Analog (2.5 V) 0.00–0.05 Sept. 2006–Jan. 2008 breaks, low level plateaus, spikes

Table 4. Data sets used for evaluating geophysical dynamic range and consistency quality control methods.

Network Station Sensor Depth interval Period

m

ARM E24 Water Matric Potential Sensor 229L 0.05–0.05 Feb. 2000–Nov. 2009

HYDROL-NET WEEF TDR- TRASE-BE 0.05–0.05 Jan. 2010–Dec. 2010

MOL-RAO GM TRIME-EZ 0.08–0.08 Jan. 2003–Dec. 2008

OZNET K6 Stevens Hydra Probe 0–0.05 Nov. 2003–May 2011

OZNET M6 CS615 0–0.08 Sept. 2001–May 2011

SCAN 2119 Hydraprobe Analog 0.05–0.05 May 2010–Dec. 2011

SCAN 2141 Hydraprobe Digital Sdi-12 0.05–0.05 Oct. 2007–Dec. 2011

SCAN 2047 Hydraprobe Analog 0.05–0.05 Feb. 2010–Dec. 2011

SCAN 3024 Hydraprobe Digital Sdi-12 0.05–0.05 June 2011–Dec. 2011

SNOTEL 979 Hydraprobe Analog 0.05–0.05 Oct. 2001–Dec. 2011

SNOTEL 1030 Hydraprobe Analog 0.05–0.05 Jan. 2005–Dec. 2011
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Table 5. Data sets and periods used for evaluating spectrum-based quality control methods.

Network Station Sensor Depth interval Period Error types

m

AMMA TK CS616 0.05–0.05 Jan. 2006–Dec. 2009 breaks, SM† below 0

AMMA WK CS616 1.00–1.30 Jan. 2006–Dec. 2009 none

AMMA NT CS616 1.00–1.00 Jan. 2006–Dec. 2009 saturated plateaus

AMMA AF CS616 0.60–0.60 Jan. 2005–Dec. 2008 SM below 0

AMMA AF CS616 1.20–1.20 Jan. 2005–Dec. 2008 SM below 0

ARM M1 SMP1 0.03–0.03 Oct. 2010–Apr. 2011 saturated plateaus

CALABRIA Chiaravalle Th etaProbe ML2X 0.30–0.30 Jan. 2001–May 2010 breaks, low level plateau

CAMPANIA Melizzano Th etaProbe ML2 0.30–0.30 July 2000–Dec. 2008 saturated plateau

FMI Maws Th etaProbe ML2X 0.02–0.02 Jan. 2007– May 2012 SM below 0

FMI Maws Th etaProbe ML2X 0.02–0.02 Jan. 2007–May 2012 SM below 0

HSC-SELMACHEON Selmacheon Hydraprobe Analog (CR800) 0.00–0.10 Jan. 2008–Jan. 2009 breaks

HYDROL-NET WEEF TDR 0.15–0.15 Jan. 2010–Dec. 2012 none

IIT_KANPUR IITK_Airstrip Water Scout SM100 0.50–0.50 June 2011–Dec. 2011 none

MAQU CST_03 ECH20 EC-TM 0.05–0.05 July 2008–July 2010 noisy data

METEROBS Monte Pino EnviroSCAN 0.20–0.20 Oct. 2011–Mar. 2012 none

MOL-RAO GM TRIME-EZ 0.90–0.90 Dec. 2002–Dec. 2008 (negative) spikes

OZNET A4 CS615 0.00–0.08 Nov. 2001–May 2011 no rain but rise in SM

OZNET K5 CS615 0.60–0.90 Nov. 2001–Dec. 2012 none

OZNET M1 CS615 0.00–0.08 Sept. 2001–May 2011 none

OZNET M6 CS615 0.00–0.08 Sept. 2001–May 2011 none

OZNET Y5 Stevens Hydra Probe 0.00–0.05 Dec. 2003–May 2011 no rain but rise in SM

REMEDHUS H11 Stevens Hydra Probe 0.00–0.05 Mar. 2005–May 2007 none

SASMAS G1 Stevens Hydra Probe 0.00–0.30 Dec. 2005–Dec. 2007 none

SCAN 2085 Hydraprobe Analog 0.05–0.05 Feb. 2004–May 2012 no rain but rise in SM

SCAN 2094 Hydraprobe Analog 0.05–0.05 June 2004–May 2012 saturated plateaus

SCAN 2171 Hydraprobe Digital sdi-12 0.05–0.05 Mar. 2010–May 2012 no rain but rise in SM

SMOSMANIA BRN Th etaProbe ML2X 0.30–0.30 Jan. 2009–Jan. 2011 SM > 0.6

SMOSMANIA PZN Th etaProbe ML2X 0.05–0.05 Jan.2009–Jan. 2011 breaks

SNOTEL 349 Hydraprobe Analog 0.20–0.20 July 2007–May 2012 periods with SM = 0

SNOTEL 957 NS 0.05–0.05 Aug. 2007–May 2012 spikes, breaks, low plateau, SM > 0.6, noise

SWEX_POLAND Bubnow-Polesie D-LOG-mpts 0.30–0.30 Aug. 2006–Sept. 2009 spikes, breaks, saturated plateaus

SWEX_POLAND P3 D-LOG-mpts 0.10–0.10 Dec. 2008–Jan. 2012 spikes, breaks, SM > 0.6

UDC_SMOS 16 IMKO TDR 0.20–0.20 Mar. 2008–Nov. 2011 noisy data

UDC_SMOS 49 IMKO TDR 0.00–0.10 Mar. 2008–Nov. 2011 SM > 0.6

UDC-SMOS 80 EC5 III 0.05–0.05 Mar. 2008–Mar. 2010 spike (below zero)

UDC_SMOS 501 EC-ET 2 0.05–0.05 Apr. 2010–Oct. 2011 saturated plateaus

UMBRIA C.Belfi ore EnviroSCAN 0.15–0.25 Apr. 2007–May 2008 none

UMBRIA C.Rigone EnviroSCAN 0.35–0.45 Apr 2007–May 2008 saturated plateau

UMSUOL SPC TDR 100 0.25–0.25 June 2009–Sept. 2010 spikes, noisy data

UMSUOL SPC TDR 100 0.45–0.45 June 2009–Sept. 2010 noisy data

UMSUOL SPC TDR 100 1.80–1.80 June 2009–Sept. 2010 noisy data

USDA-ARS WG Hydraprobe Analog 0.00–0.05 June 2002–July 2009 breaks, low level plateaus, spikes

VAS Melbex_I Stevens Hydraprobe 0.00–0.05 Jan. 2010–Jan. 2012 none

† Soil moisture.
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In our study, we refi ne the check proposed by Dorigo et al. (2011b) 
by fl agging an observation as questionable if there is a rise in soil 
moisture but no signifi cant rainfall amount in the preceding 24 h. 
To generalize the method for stations where no in situ precipita-
tion measurements are available, we propose using GLDAS-Noah 
precipitation data (Rodell et al., 2004), which has been shown to 
provide reliable estimates of precipitation in mid-latitudes (Wang 
et al., 2011). GLDAS precipitation data is based on the NOAA 
Climate Prediction Center’s operation global 2.5° 5-d Merged 
Analysis of Precipitation (CMAP), which is a blending of satellite 
(IR and microwave) and gauge observations. Global Data Assimila-
tion System (GDAS) (Derber et al., 1991) modeled precipitation is 
used to disaggregate the CMAP fi elds spatially and temporally to 
match the GLDAS resolutions. GLDAS-Noah precipitation data 
(kg m2 S−1) are available at a 3-h temporal resolution and converted 
to millimeters per hour. From 2000 onward the spatial resolution 
is 0.25°; for the period 1979–1999 data are available at a reduced 
resolution of 1.0°.

Signifi cant rises in soil moisture (i.e., those exceeding temperature-
induced daily variations and noise) are identifi ed if the following 
conditions at time step t apply:

xt > xt−1 [1]

xt − xt−24 > 2σx[t−24,t] [2]

where xt is the soil moisture value at timestep t in hours and 
σx[t−24,t] the standard deviation of x over the preceding 24 h. Th e 
fi rst condition ensures that only rises in soil moisture are fl agged. 
Th e second condition ensures that the identifi ed rise in soil mois-
ture exceeds the daily variation in soil moisture, e.g., induced by 
temperature fl uctuations.

For each measurement identifi ed as a rise in soil moisture accord-
ing to Eq. [1] and [2] we check the occurrence and amount of 
precipitation in the 24 h before the measurement. If a rise in soil 
moisture but no precipitation is identifi ed during the preceding 24 
h, the measurement is fl agged. If a precipitation event is actually 
detected by the soil moisture sensor depends on the amount of 
precipitation, the installation depth of the sensor, and the accuracy 
of the sensor. Th erefore, the minimum amount of precipitation (in 
m) needed for a sensor response is given by:

Pmin = DAp [3]

where D is the measurement depth of the sensor (m), A the accu-
racy of the sensor, and p the soil porosity. Here we use an average 
sensor accuracy of 0.05 m3 m−3, and an average p of 0.5. If the total 
precipitation (P) in the 24 h preceding a soil moisture rise is less 
than Pmin, the soil moisture measurement is fl agged.

Th e precipitation-based method is only applied to surface soil 
moisture measurements (<10 cm), which show a direct response to 
precipitation. First, the method for detecting a rise in soil moisture 
is tested using 10 visually controlled reference stations. Next, we 
compare the fl agging results based on GLDAS-Noah with those 
obtained using in situ precipitation data to quantify the eff ective-
ness of using a global precipitation product.

Using Soil Temperature
Dorigo et al. (2011b) proposed the use of in situ soil temperature 
measurements to detect spurious soil moisture observations due to 
frost. To make this method universally applicable we tested the use 
of GLDAS-Noah soil temperature data for this purpose (Rodell 
et al., 2004). GLDAS-Noah soil temperature data are available 
every 3 h at a spatial resolution of 0.25° (2000–present) and 1.0° 
(before 2000). Soil moisture values are fl agged if the modeled 
soil temperature drops below 0°C. To quantify the capability of 
coarse resolution GLDAS-Noah in capturing spurious soil mois-
ture observations the results are compared to the results obtained 
using soil temperature data measured in situ.

Spectrum-Based Approaches
Spike Detec  on
As shown in Fig. 3a, rainfall events lead to a crisp rise in soil moisture 
content while the drying process occurs at a slower rate following 
an almost asymptotic shape. Traditional spike detection algorithms 
like presented in DATA-MEQ (2010) have been designed for data 
types that naturally exhibit smoother temporal behavior. Accord-
ingly, they tag precipitation-induced sudden rises in soil moisture as 
erroneous. Th erefore, we introduce a new spike detection method 
based on a series of conditions applied to the measured moisture 
values and their second derivatives. Th e derivatives were calculated 
using a Savitzky–Golay fi lter with a window size of 3 h and a second-
order polynomial fi t (Savitzky and Golay, 1964).

Only if there is a substantial change in soil moisture between two 
consecutive time steps, that is, a minimum increase or decrease of 
15% compared to the previous value, the reference time step t is 
identifi ed as potential spike:

1
1.15t

t

x
x −
>

or

1
0.85t

t

x
x −
<  [4]

Since Eq. [4] is not able to distinguish a spike from a precipitation 
event, a second condition is added based on the typical behavior 
of the second derivative (x″) around a spike. A positive (negative) 
spike results in a strong negative (positive) peak of the second 
derivative at time t surrounded by two lower positive (negative) 
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peaks at t − 1 and t + 1. Assuming that the soil moisture content 
does not dramatically change between t − 1 and t + 1 the ratio 
between these time steps is close to unity (both for positive and 
negative spikes). Based on the calibration data sets it was observed 
that the natural variation of this ratio varies between 0.8 and 1.2:

1

1
0.8 1.2t

t

x
x

−

+

′′
< <

′′
 [5]

As the second derivative criterion does not work well for noisy data, 
we added a third criterion based on the coeffi  cient of variation over 
an interval of 24 h centered at t but excluding t itself:
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12 12
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− +

− +

σ
<

μ
 

[6]

where σ2 is the variance and μ the average over the interval xt−12, 
xt+12. Th e threshold results from the properties of the coeffi  cient 
of variation, where a value above 1 symbolizes very noisy data. An 
observation is fl agged as a spike only if all three conditions (Eq. 
[4–6]) are fulfi lled. It has to be noted that this check cannot be 
performed in NRT since a 24-h time window covering observa-
tions “from the future” is needed.

Break Detec  on
As for spikes, breaks are characterized by a sudden rise (jump) or 
decrease (drop) in soil moisture, respectively. However, while aft er 
spikes soil moisture levels steadily return approximately to their 
initial value, jumps and drops typically lead to an enduring off set 
with regard to the preceding period. Th e break detection algorithm 
presented here captures this typical behavior by looking at the time 
series and its fi rst and second derivatives, which were calculated in 
a similar way as for the spike detection. To be fl agged as a break, an 
observation needs to fulfi ll three criteria.

1. Th e relative change of soil moisture needs to be at least 10%. 
Moreover, to prevent overfl agging of low absolute moisture 
values, the absolute change in soil moisture needs to be at least 
0.01 m3 m−3, leading to:

−−
>1 0.1t t

t

x x
x

and

1 0.01t tx x −− >  [7]

2. First derivative criterion: A negative (positive) break is expressed 
by a strong negative (positive) change of the fi rst derivative xt ′. 
Here we assume that the value shall at least be 10 times smaller 
(larger). To make this criterion more robust, we compare the 
fi rst derivative with the average of all fi rst derivative values 
within a 24-h period centered at t, leading to:

+
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12
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10t t k
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3. Second derivative criterion: A negative (positive) break results 
in a large negative (positive) second derivative at t followed by a 
large positive (negative) value at t + 1: Th e peaks in the second 
derivative are approximately of the same size (though opposite 
in sign) resulting in a ratio around one. At t + 2 the second 
derivative returns to a value close to zero; hence, the ratio of 
the absolute second derivative between at t + 1 and t + 2 is very 
large. Th is results in the following conditions:
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As no reliable statement about the plausibility of the measurements 
before and aft er the jump is possible, only the jump itself is fl agged. 
Again, this check cannot be applied in NRT.

Detec  on of Constant Values
Invariant high soil moisture values (or plateaus) are identifi ed 
through three conditions. First, to distinguish them from regu-
lar wetting events and spikes, the values need to remain constant 
for at least 12 h. Th us, for the whole data period intervals with a 
minimum size of 12 h are searched for which soil moisture variance 
shall not exceed 1% of the average sensor uncertainty of 0.05 m3 
m−3 (Eq. [10]). We decided to allow this small variability because 
soil moisture readings of plateaus are not always perfectly stable 
(Fig. 6a).

interval = [t −n, t + n]

while

σ2[xt−n, xt+n] ≤ 0.0005

and

n ≥ 6 [10]

To separate plateaus from other constant soil moisture values (e.g., 
aft er a long period without precipitation) a second criterion based 
on the fi rst derivative was introduced. As plateaus typically occur 
aft er intense precipitation events, a plateau is preceded by a local 
maximum in the fi rst derivative (Eq. [11]). Th e end of the plateau 
is indicated by a local minimum in the fi rst derivative (Eq. [12]). 
Th e intervals resulting from the fi rst conditions (Eq. [10]) serve as 
a basis for the examination of the local extreme values which have 
to meet these threshold values. Minimum and maximum threshold 
values of the fi rst derivative were established from the calibration 
data set.
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( )plateau_start 12 12max [ , ] 0.0025t n t nt t x x− − − +′ ′= ⇔∃ ≥  [11]

( )plateau_end 12 12min [ , ] 0t n t nt t x x− − − +′ ′= ⇔∃ ≤  [12]

Physically, plateaus always occur at the highest soil moisture values 
of a time series. Th erefore, we added a third condition (Eq. [13]) 
where we assume that plateaus only occur at a soil moisture level 
of at least 95% of the maximum value measured during the whole 
observation period:

( )μ > ⋅
plateau_start plateau_end 0 end[ , ] [ , ]( ) max 0.95t t t tx x  [13]

Low constant values are diff erent in nature from plateaus as they 
are typically the result of frozen soils or sensor failure. While frost 
events can be captured by negative soil temperatures (see “Using 
Soil Temperature”), low-level plateaus resulting from sensor failure 
are preceded by a sharp negative break (Fig. 5). Hence, the negative 
jump detection algorithms described in “Break Detection” are fi rst 
used to identify the potential off set of a low constant value. Start-
ing from this off set, all following measurements are fl agged as “low 
constant value” as long as they comply with:

( )
( )

2 ,
0.01
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t t n

t t n

x x
x x

+

+
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μ
 

[14]

where t represents the already detected negative break and n has a 
minimum length of 12, in accordance with the plateaus.

Results and Discussion
Valida  on Based on Test Data Sets
Overall Accuracy
A classical error matrix was used to assess the performance of 
the fl agging methods (Congalton and Green 2009; Hubbard et 
al., 2005). Table 6 summarizes the performance for all validation 
data sets listed in “Data Description.” It shows that only very low 
percentages of correct observations are fl agged as “erroneous” while 
detection accuracy of erroneous observations varies between 52.2 
and 97.4%. Potential causes of failing fl agging procedures will be 
discussed in the following paragraphs. Notice that for the geo-
physical dynamic range and in situ–based approaches no “true” 
reference could be established.

Geophysical Dynamic Range
Only few observations were fl agged based on threshold methods. 
Figure 7 shows two examples of soil moisture values exceed-
ing the range 0.0 to 0.6 m3 m−3. Th e fi rst example is an obvious 
case of sensor failure. In the second example soil moisture values 
exceeding the 0.6 m3 m−3 threshold are fl agged though the values 
themselves look realistic. A possible reason for this could be a defi -
cient calibration (multiplicative bias) or specifi c site conditions. 
More observations (about 1.5%) exceeded the saturation point, as 
porosity is typically lower than 0.6 m3 m−3.

Unfortunately, in situ porosity was not measured for any of the 
validation data sets. Th erefore, to obtain an indication of the plau-
sibility of this fl agging method we compared the HWSD-based 
and in situ–based saturation point fl agging for all sites at ICN, the 
only network for which in situ porosity measurements are avail-
able (Table 7). Th ere is a remarkable correspondence between the 
two results. Even though we expect that the use of the HSWD in 

Table 6. Summary of the fl agging performance based on evaluation data sets 2. 

Erroneous measurement Correct measurement
Flagged 
observationsFlagging result “Erroneous” “Correct” “Erroneous” “Correct”

——————— % ——————— ——————— % ——————— %

Soil moisture below 0 m3 m−3 NA† NA NA NA 0.0

Soil moisture above 0.60 m3 m−3 NA NA NA NA 0.5

Soil moisture above saturation point (based on HWSD) NA NA NA NA 1.5

Soil moisture in combination with negative soil or air temperature (in situ)‡ NA NA NA NA 4.5

Soil moisture in combination with negative soil temperature (GLDAS-Noah) 92.6 7.4 9.8 90.3 14.4

Precipitation in combination with equal or decreasing soil moisture‡ NA NA NA NA 3.3

Precipitation-based fl agging (GLDAS) 63.1 36.9 2.2 97.8 2.4

Spikes 80.0 20.0 0.2 99.8 0.04

Positive breaks (jumps) 52.2 47.8 0.0 100.0 0.01

negative breaks (drops) 71.8 28.2 0.0 100.0 0.01

Constant values following negative break 97.4 2.6 0.1 99.9 0.07

Plateaus 76.2 23.8 1.5 98.5 2.83

† NA, not applicable.
‡ Aft er Dorigo et al. (2011a).
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combination with the pedotransfer functions will not provide such 
good results for all stations (e.g., for peat soils), the large-scale data 
set seems to have high potential for local purposes.

Geophysical Consistency
Flagging spurious observations based on negative soil temperature 
is very straightforward and mainly depends on the quality of the 
soil temperature data set used. Th e use of GLDAS-Noah soil tem-
peratures was very successful, as it was able to fl ag 92.6% of the 
observations that were fl agged as spurious based on in situ soil 
temperature data.

Figure 8 shows an example of fl agging soil moisture measurements 
based on negative soil temperature from GLDAS-Noah and in 
situ data, respectively. In both cases fl agging looks appropriate, 
given the sudden sharp decrease in soil moisture content. Th e 
plot also shows that not all spurious observations were fl agged, 
neither using the GLDAS data (end of freezing event remains 
unfl agged), nor using the in situ data (onset of event is missed). 
Overall, GLDAS-Noah fl agged a considerably higher percentage 
(14.4%) of observations compared to the use of in situ air and soil 
temperatures as proposed by Dorigo et al. (2011b) (Table 6).

Flagging rises in soil moisture that cannot be related to precipi-
tation events are a more intricate question, as the result depends 
both on the success of the automated method to detect rises in 
soil moisture and, once rises have been identifi ed, the capability 
of a global precipitation data set in fl agging spurious observations. 
First, we assessed the capability of Eq. [2] to detect rises in soil 
moisture by comparing the results with visually checked rises in 
soil moisture based on the validation data set. 90.2% of the rises 
in soil moisture identifi ed by the visually checked validation data 
set were also identifi ed by the automated method. Even though 
the threshold used in Eq. [2] to separate events from non-events 
may look somewhat arbitrary, it constitutes a balanced trade-off  
between correctly identifying as many real rises as possible and 
not fl agging other variations in the measured soil moisture signal 
(Table 8, Fig. 9). As can be seen in both the table and the fi gure 
a tighter threshold would lead to signifi cant underfl agging while 
a less conservative decision rule would also fl ag artifacts like the 
daily variations. Th e soil moisture rise detection method encoun-
ters diffi  culties when data are noisy or subject to freeze–thaw 
induced variations in measured soil moisture. In periods with 
several consecutive precipitation events the automated detection 
method is incapable of discerning all individual rises.

Second, we tested the effect of 
using a global precipitation data 
set instead of precipitation mea-
sured in situ based on the visually 
identified rises in soil moisture 
described earlier. 74.1% of the data 
fl agged using in situ precipitation 

data were also detected by the same procedure but using GLDAS-
Noah precipitation data. Th is is an encouraging result, given the 
large discrepancy in spatial scales. Moreover, one should also take 
into account the uncertainty of the in situ precipitation measure-
ments. Th is is illustrated in Fig. 10, which shows two examples of 
precipitation-based flagging using GLDAS-Noah precipitation 
estimates versus precipitation measured in situ. Figure 10b shows 
several measurements that are fl agged using in situ precipitation data, 
while they are not being fl agged using the GLDAS data (Fig. 10a). 
However, the soil moisture time series show a typical wetting and 
consecutive drying of the soil associated to precipitation events (i.e., 
fl agging these values as spurious would be incorrect). Th is means 
that in this case the GLDAS-Noah data set provides a more reliable 
estimate of precipitation than the in situ measurements. Th e impact 

Table 7. Correspondence between Harmonized World Soil Database (HWSD)-based and in situ–based satu-
ration point fl agging for ICN network. Here it is assumed that the fl agging based on in in situ porosity values 
represents the truth. Number of stations = 19, total number of observations = 42,279,338.

Flagging based on in situ porosity “Erroneous” “Correct”
Flagged 
observationsFlagging based on HWSD porosity “Erroneous” “Correct” “Erroneous” “Correct”

—————— % ——————— —————— % —————— %

Soil moisture above saturation point 98.8 1.2 0.3 99.7 0.3

Fig. 7. Examples of fl agged soil moisture measurements (blue dots) (a) 
below or (b) above the plausible geophysical dynamic range of 0 to 
0.60 m3 m−3.
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of a malfunctioning precipitation 
sensor becomes obvious in Fig. 
10d where many events are being 
falsely fl agged in the in situ data 
while no fl agging occurs based on 
GLDAS precipitation.

Finally, the combination of the 
rise in soil moisture detection 
method and the use of a global 
precipitation data set results in 
a combined accuracy of 63.1% 
to correctly detect erroneous 
measurements with respect to 
visually checked events and in 
situ precipitation. It is expected 
that some improvement can 
still be achieved by using a pre-
cipitation product that resolves 
rainfall at a finer spatial scale. 
Th is may lead to an improvement 
especially for areas dominated 
by fi ne scale convective precipi-
tation, such as the tropics. In 
these areas most state-of-the-art 
coarse-scale models show large 
uncertainties (Taylor et al., 
2012). As a rough indication of 
the reliability of GLDAS precip-
itation for regions with diff erent 
precipitation regimes, for each 
main Köppen–Geiger group 
(Peel et al., 2007) we calculated 
the average correspondence in 
occurrence between GLDAS 
precipitation and precipitation 
from all available in situ stations 
that measure precipitation as an 
additional component (Table 9). 
Th e agreement is high in tropi-
cal, (semi-)arid, and temperate 
regions. Only for the continen-
tal class, which also includes 
sub-arctic regions, the agree-
ment is somewhat poorer. Th is 
may be related to the fact that 
part of the precipitation falls as 
snow in these areas.

The new f lagging procedure 
fl ags a lower number of observa-
tions than the method currently 
employed in the ISMN (Table 6). 

Fig. 9. Example of automated detection method for rises in soil moisture, where the minimum diff erence for xt
− xt−24 is set to (a) 0, (b) to one times the standard deviation over the preceding 24 h, (c) two times the standard 
deviation over the preceding 24 h, and (d) three times the standard deviation over the preceding 24 h.

Fig. 8. Example of geophysical dynamic range fl agging for soil moisture using soil temperature data either (a) from 
GLDAS-Noah or (b) measured in situ.

Table 8. Results of testing the rise in soil moisture detection method.

Method
Rises in soil moisture 
accurately detected

Stable or decreasing soil 
moisture accurately detected

Observations fl agged as 
rise in soil moisture

———————————————————— % ————————————————————

xt − xt−24 > 4σx[t−24,t]
53.3 99.7 0.5

xt − xt−24 > 3σx[t−24,t]
82.3 98.4 2.6

xt − xt−24 > 2σx[t−24,t]
90.2 96.2 5.3

xt − xt−24 > σx[t−24,t]
92.8 93.9 7.6

xt − xt−24 > 0 93.9 91.5 10.1
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Visual inspection revealed that the 
existing method tends to overfl ag cor-
rect observations, in particular during 
dry-down periods and periods with 
precipitation when the soil is already 
saturated (results not shown).

Spectrum-Based Approaches
Eighty percent of the spikes in the 
reference data sets were detected. Th e 
spike detection method performs well 
for data sets with irregularly occurring 
isolated spikes (Fig. 11a) but has diffi  -
culties with noisy time series (Fig. 11b). 
Th e approach fails if spikes last longer 
than one time step or are surrounded 
by missing values (Fig. 11c).

Almost 71.8% of the negative breaks 
were correctly detected. Th e algorithm 
works well for clearly identifiable 
drops (Fig. 12) but leads to overfl ag-
ging for time series that are strongly 
aff ected by noise. Th e success rate for 
positive breaks is lower, which is attrib-
uted to the fact that oft en it is diffi  cult 
to discern artifi cial jumps from natu-
ral rises in soil moisture. Similarly as 
for the spike detection test, the break 
detection does not work when miss-
ing values precede the jump (Fig. 11a). 
Th e detection of low constant values, 
which is based on negative break 
detection, has a success rate of 97.4%. 
Th is number shows that once a nega-
tive break has been detected almost 
all subsequent constant values are 
appropriately identifi ed 76.2% of the 
observations making up a plateau were 
appropriately fl agged. Figure 13 illustrates two typical situations 
where the fl agging failed: the fi rst unfl agged plateau in the time 
series has a soil moisture level below 95% of the maximum value 
encountered in the time series while the second one is not fl agged 
because it lasted less than 12 h.

Flagging Sta  s  cs for En  re ISMN
To obtain a more comprehensive picture of the errors occurring 
in the various data sets, the fl agging procedures were applied to 
all ISMN stations (Table 10, Fig. 14 and 15). For the geophysi-
cal consistency checks only the surface layer measurements with 
a maximum starting depth of 0.10 m are analyzed; for all other 
fl ags all available depths were used. Notice, that the percentages 
per network are not corrected for the number of stations within a 

network (i.e., a network with many stations like SCAN has a much 
larger infl uence on the global statistics than a one-station network 
like UMSUOL). To facilitate calculating comprehensive statis-
tics for all networks, only geophysical plausibility checks based on 
the global GLDAS-Noah data sets are shown (i.e., not the checks 
based on in situ data).

On average, only a low percentage of the data is fl agged, which is 
an indicator for the generally good quality of the data. Th e most 
occurring fl ag is that of soil temperatures below zero. A value of 
7.6% seems to be realistic given the large number of stations in 
areas with a pronounced cold winter season (e.g., FMI, MAQU, 
MONGOLIA, and SNOTEL) (Fig. 14). Since fl ags based on nega-
tive soil temperatures are a result of location and climatology care 

Fig. 10. Examples of geophysical consistency fl agging using (a, c) GLDAS precipitation data and (b, d) in 
situ precipitation data. Blue dots indicate fl agged observations because a rise in soil moisture is detected 
without a signifi cant amount of precipitation in the preceding 24 h.

Table 9. Correspondence between precipitation occurrence in GLDAS and in in situ measurements, cat-
egorized according to main level of Köppen–Geiger classifi cation (Peel et al., 2007). Correspondence is 
expressed as the percentage of precipitation events measured in situ that are also visible in GLDAS data.

Group Correspondence Number of stations

%

A: tropical/megathermal climates 94.6 13

B: Dry (arid and semiarid) climates 82.5 114

C: Temperate/mesothermal climates 91.7 166

D: Continental/microthermal climate 64.1 113
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should be taken in using them as a easure of relative performance 
with respect to other stations.

Th e precipitation-based geophysical consistency method fl agged 
2.4% of the observations. Given the 63% accuracy of this fl ag 
(see “Geophysical Consistency”), the actual percentage of this 
type of error is expected to be approximately 1.5 times higher. 
Nevertheless, the precipitation-based method in our study 
seems to provide much more realistic values than the 10 to 27% 
f lagged by the water balance method proposed by You et al. 
(2010). In their work they also concluded that their method heav-
ily overfl agged the observations.

Th e fl ag with the third largest occurrence is soil moisture above 
saturation point. Figure 14 shows that percentages at the network 
level deviate vastly with the highest percentage (37%) obtained for 
METEROBS. Even though the saturation point can be reliably 
used to filter out obvious anomalies, this f lag should be care-
fully interpreted because it is based on a porosity map obtained 
from a coarse-scale soil database and may not correctly represent 
soil properties at the fi ne local scale. Still, the use of a globally 
available, more or less consistent data set was preferred over the 
use of porosity values determined in situ only for a very limited 

number of stations, as the latter would lead to a quality fl ag that is 
inconsistent across the networks.

Constant values, either low values aft er negative breaks or plateaus, 
are the most frequently occurring spectrum-based fl ags. Figure 15 
shows that percentages vary strongly from network to network. 

Fig. 11. Examples of spike test results.

Fig. 12. Example of correctly fl agged negative breaks and low constant 
values following these breaks.

Fig. 13. Example of detected and not detected plateaus.

Table 10. Percentages of fl ag occurrences based on all networks of the 
ISMN that provide measurements at an hourly basis.

Flag occurrences

%

Soil moisture below 0 m3 m−3 0.01

Soil moisture above 0.60 m3 m−3 0.16

Soil moisture above saturation point (based on HWSD) 1.19

Soil moisture in combination with nega-
tive soil temperature (GLDAS)

7.64

Rise in soil moisture without precipitation event (GLDAS) 2.42

Spikes 0.02

Negative breaks (drops) 0.01

Positive breaks (jumps) 0.01

Constant low values following negative break 0.68

Plateaus 0.67
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Fig. 15. Percentages of spectrum-based fl ags per network.

Fig. 14. Percentages of geophysical dynamic range and consistency quality fl ags per network.
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Constant low values aft er negative breaks are predominantly found 
for the ARM network. Closer inspection of the stations revealed 
that especially in the beginning of the measurement time series 
several stations were plagued by repeated sensor drop out. Other 
signifi cant occurrences of constant values aft er negative breaks were 
found for the USDA-ARS, and could be confi rmed by visual inspec-
tion. Repeated saturation of the sensor signal is frequently found 
for the ARM, CAMPANIA, SWEX_POLAND, and UMSUOL 
networks. Th e causes for this behavior can usually be well explained 
by physical phenomena; for example, several SWEX_POLAND 
stations are situated in marsh land and therefore experience continu-
ous soil saturation, especially at deeper soil layers. Also the other 
networks experiencing plateaus predominantly contain sensors at 
deeper depths, where repeated soil saturation occurs.

Much lower percentages were found for the other fl ag types. Even 
though the number of observations fl agged is lower, the number of 
events may be even higher than for the fl ag types discussed above. 
For example, constant values eff ectuate over a much longer period, 
and as a consequence, more observations are aff ected and fl agged. 
Specifi cally, breaks should be studied carefully as they may lead to 
a permanent off set with respect to the preceding period and, hence, 
signifi cantly infl uence validation statistics such as the root mean 
square error. Th e outlier detection results are in general agreement 
with the percentages obtained by You et al. (2010).

Applying the QC to all data sets in the ISMN revealed large dif-
ferences in fl agged values between the various networks. However, 
these numbers cannot be directly translated into a relative measure 
of performance of the networks as the data sets have undergone dif-
fering levels of QC before being submitted to the ISMN. Some of 
the networks were fi rst thoroughly visually inspected while others 
(e.g., those provided in NRT) have not undergone any quality 
control at all. In addition, the number of stations contained in 
a network greatly determines the eff ect a malfunctioning sensor 
has on the overall network statistics. Ultimately, average network 
statistics are strongly infl uenced by the number and distribution 
of sensors over depth. Th erefore, the fl agging results should always 
be inspected at the level of the individual sensors before including 
this sensor in an envisaged analysis.

Eff ect on Soil Moisture Applica  ons
To demonstrate the eff ect of the QC fl ags on potential applications, 
we validated the VUA-NASA AMSR-E remotely sensed soil mois-
ture product (Owe et al., 2008) and the GLDAS-Noah modeled 
surface soil moisture product (0–7 cm depth; Rodell et al., 2004) 
for one of the ISMN sites (network SCAN, station 2110, depth = 
0.05 m). Approximately one-third of the observations were fl agged 
for this station, mainly due to observations exceeding the satura-
tion point and 0.6 m3 m−3 threshold and plateaus. Table 10 shows 
that in this case data fl agging has a positive infl uence on all calcu-
lated statistical measures. Th e eff ect the fl agging ultimately has on 
a certain application depends on a number of factors, including the 

quality and representativeness of the station/sensor for the scale of 
the evaluated data set and the regional climate, the total number 
of observations fl agged, and the error measure considered. For 
example, while the fl agging of observations beyond the 0.6 m3 
m−3 threshold is expected to predominantly aff ect measures of 
absolute agreement (e.g., root mean square diff erence) the fl agging 
of spikes is more likely to aff ect measures of agreement, like correla-
tion (Table 11). It is expected that the fl agging procedures will also 
provide a positive contribution to methodologies and studies focus-
ing on detecting hydrometeorological extremes such as droughts 
and fl oods since some of the extremes originally encountered in 
the data sets can be based on artifacts (e.g., Hirschi et al., 2011).

 Conclusions and Outlook
Quality control is still not a standard procedure for most networks. 
Th e aim of this study was to bridge this gap by proposing a univer-
sal and automated QC system that is applicable to the large variety 
of data hosted by the ISMN. Th e major challenge of such a system 
is that methods need to be transferable across networks and sensors. 
Th erefore, the methods were either based on the shape of the mea-
sured spectrum or by using a globally available geophysical data set. 
It is unrealistic to assume that an automated QC system can be 
developed that is able to identify all spurious observations while 
not fl agging any of the good ones (Hubbard et al., 2005). Th erefore, 
the challenge was to fi nd an acceptable trade-off  between these two. 
Users commonly prefer fl agging schemes where a comprehensive 
fl agging of spurious observations is prioritized over an error-free 
non-fl agging of good observations, as long as enough data values 
remain available for the analysis (Dharssi et al., 2011). However, for 
many soil moisture applications, such as climate research looking 
at trends in extremes or acceleration of the hydrological cycle (e.g., 
Hirschi et al., 2011), the situation is somewhat diff erent. Too rig-
orous thresholds would also fl ag many good quality observations 
in the tales of the soil moisture distribution, which are of most 
interest to such studies. Especially rapid wetting events would be 
aff ected since confusion with spikes, positive breaks, and plateaus 
is high. Th erefore we decided to relax somewhat the requirement of 
total inclusiveness in favor of preserving a representative distribu-
tion of the soil moisture values. Nonetheless, encouraging results 
were obtained for both error categories, especially given the het-
erogeneity of the networks included in the ISMN. It should also be 
recalled that the validation presented in this study only provides an 
indication of the performance and potential shortcomings of the 
algorithms and is by no means comprehensive. Th e data sets were 
intentionally selected for known occurrences of errors; thus, the 
error statistics are expected to improve further if a larger, randomly 
selected test data set is used.

A major trade-off  of the system concerned the sampling interval 
of the measurements. To properly mimic the temporal dynamics 
we assumed that data will be available at least on an hourly basis, 
a requirement that is fulfi lled by all modern (semi-)automated 
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networks. However, this has severe implications 
for the historical networks (CHINA, MON-
GOLIA, IOWA, and the RUSWET networks), 
where the sampling interval lies between 1 and 
4 wk. Hence, for these networks only the thresh-
old-based fl agging methods make sense. Because 
sudden increases in soil moisture naturally occur 
aft er precipitation events it is diffi  cult to distin-
guish such natural rises from abrupt breaks or 
spikes caused by sensor failure, even based on 
visual interpretation (Fig. 5). Th e diffi  culties asso-
ciated with detecting natural rises in soil moisture 
were also refl ected by the precipitation-based QC, which heavily 
relies on this capability. Another shortcoming of the proposed QC 
system concerns the inability of the system to handle large data 
gaps. Data interpolation methods (e.g., as proposed by Wang et al., 
2012) can be considered to solve this issue, especially for smaller 
gaps. Other situations where the algorithms failed included the 
successive occurrence of multiple spikes and very noisy data.

Th e use of the GLDAS data sets for fl agging nongeophysical values 
performed surprisingly well at the fi ne local scale of the in situ 
measurements. It shows that there is large potential in using global 
temperature and precipitation data sets. Future eff orts should 
verify whether the use of other global data sets, such as CMORPH 
(Joyce et al., 2004) or ERA-Interim (Dee et al., 2011), can fur-
ther improve QC based on geophysical plausibility. Also, porosity 
values based on the HWSD and empirical pedotransfer functions 
performed unexpectedly well for detecting observations exceeding 
the local saturation level.

Th e essential requirement of being generally applicable to all net-
works of the ISMN is at the expense of the maximum achievable 
accuracy, since the methods cannot be tuned for specifi c sensors or 
local conditions. Th erefore, the proposed automated QC should not 
be considered as a replacement but rather as a complement to QC 
systems and expertise already existing at the side of the data provid-
ers. Feedback of local data providers having thorough knowledge on 
the site conditions and installation of the sensors is fundamental for 
understanding the potential errors identifi ed by the automated QC 
system. Vice versa, network providers may benefi t from this addi-
tional QC system because it may point to errors or sensor failures 
that have previously remained unnoticed. Th erefore, future eff orts 
will focus on integrating the QC systems existing at the network 
level with the one proposed in this study and to strengthen the inter-
action between data providers, the ISMN, and users.

Overall, the QC system provided satisfying results and is regarded 
a useful addition to the fl ags already present in the ISMN. Th ere-
fore, the new fl ags will soon be integrated into all existing and 
future data sets of the ISMN. To facilitate a proper tracking of 
the error source, we will extend the CEOP fl ag defi nitions used 
to date and incorporate subcategories to describe the individual 

cases. Th e exact defi nition will be presented shortly on our website 
(http://www.ipf.tuwien.ac.at/insitu, accessed 28 Nov. 2012). How-
ever, we do not consider QC of the ISMN as a completed exercise. 
Th e steadily growing number of stations and auxiliary data sets 
pave the way for more sophisticated methods that consider the 
behavior of a single station with respect to that of its neighbors or 
an ensemble of independent data sets. Moreover, complementary 
methods will be exploited to characterize systematic errors of the 
data sets, such as biases, drift s, and random noise. Th e ultimate 
goal is to come to a comprehensive quality characterization of all 
stations in the ISMN, which supports users in identifying the data 
sets that are most appropriate for their task. Although it would 
be desirable to perform the automated QC in NRT or as soon as 
the data are being integrated in the system, we showed that the 
best results are obtained when auxiliary data sets and consistent 
time windows around individual observations were used. A regular 
update frequency of the fl ags, such as every 6 mo, instead of NRT 
processing is therefore envisaged.
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