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ABSTRACT
Mesoscale meteorological data present their own challenges and advantages during the quality assurance
(QA) process because of their variability in both space and time. To ensure data quality, it is important to
perform quality control at many different stages (e.g., sensor calibrations, automated tests, and manual assessment). As part of an ongoing refinement of quality assurance procedures, meteorologists with the
Oklahoma Mesonet continually review advancements and techniques employed by other networks. This
article’s aim is to share those reviews and resources with scientists beginning or enhancing their own QA
program. General QA considerations, general automated tests, and variable-specific tests and methods are
discussed.

1. Introduction
Proper interpretation of meteorological data requires
knowledge of its context, including its metadata and any
quality assurance procedures applied to the data. Mesoscale data present their own challenges and advantages
during the quality assurance process. Unfortunately, a
meteorological observation can become inaccurate during many different stages of its life cycle. Although proactive maintenance and sensor recalibration can greatly
improve data quality (Fiebrich et al. 2006), some inaccuracies may be unavoidable (e.g., a rotating anemometer coated in ice or a pyranometer packed with snow;
Tanner 2001). Gandin (1988) described the particularly
complicated challenge of detecting errors in meteorological data, because of their variability in both space and
time. Olson (2003) advised that in order to control data
accuracy, it is important to control it at many different
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stages. Numerous network managers have recognized that
an end-to-end quality assurance system (e.g., incorporating sensor calibrations, maintenance information,
automated and manual quality control) is essential for
producing trusted, high-quality data (Hubbard et al. 2005;
McPherson et al. 2007; Peppler et al. 2008).
During the past three decades, rapid advances in microelectronics, computers, and communications technologies have resulted in an explosion of meteorological
networks across the globe (Fiebrich 2009). These range
from federal, synoptic-scale networks (with stations generally located at airports) to mesoscale networks (with
stations typically located in rural areas) to urban networks (with stations commonly located at schools and
near buildings). The Oklahoma Mesonet (McPherson
et al. 2007) is one such mesoscale network that continues
to enhance and refine its quality assurance (QA) system in
order to provide users with high quality, real-time data. As
part of that refinement, meteorologists with the Oklahoma
Mesonet continually review advancements and techniques
employed by other networks. The purpose of this article is
to share those reviews and resources with scientists beginning or enhancing their own QA program.
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2. General QA considerations
Ensuring the quality of meteorological data begins well
before the data are recorded and ingested. Even the best
quality control tests cannot be expected to improve
poorly observed data. Several fundamental standards
must be adhered to during the observation process: 1)
proper station siting, 2) proper and routine site maintenance, and 3) proper and routine calibration of sensors.
Several other practices greatly aid the QA process, including: 1) always archiving the original observations, 2)
using Coordinated Universal Time (UTC) and standard
units for observation reporting, 3) using similar instruments and instrument configurations for sites that will be
compared during the QA process, and 4) installing redundant sensors (when possible) for core variables.

a. Proper station siting
Several guides are available to aid in the selection of
weather station site locations. The World Meteorological
Organization (WMO) provides guidance on the exposure
and siting for most instruments installed in meteorological networks (WMO 1996). The Office of the Federal
Coordinator for Meteorological Services and Supporting
Research (OFCM) details federal standards for station
siting (NOAA 1994). In general, these guides encourage
station siting to be representative of as large an area as
possible. Therefore, the following physical attributes
should be avoided: 1) obstructions (e.g., buildings, trees)
near wind sensors, 2) artificial heat sources (e.g., buildings, asphalt roads) near air-temperature sensors, and
3) shielding (e.g., buildings, trees) near precipitation sensors. In addition, site slope and the influence of irrigation
should be minimized (Shafer et al. 2000; Schroeder et al.
2005). However, some applications do require measurements near pavement (e.g., road weather forecasting),
amidst buildings (e.g., quantifying an urban heat island;
Oke 2006), or near irrigation (e.g., evapotranspiration
monitoring for a corn crop). In those cases, the challenge
of assuring data quality greatly increases.
Although outside of the scope of this manuscript, it is
worth mentioning that station siting will change over time
for a particular station (e.g., seasonal and annual vegetation growth, urban encroachment, construction of nearby
structures, and even sensor reconfigurations/relocations).
For retrospective analysis of long-term data that may be
affected by such changes, the authors suggest Easterling
and Peterson (1995), Peterson et al. (1998), Feng et al.
(2004), and Menne and Williams (2005).

b. Proper and routine site maintenance
Site maintenance plays a key role in ensuring quality
data. Without it, siting may slowly degrade at a station as
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vegetation encroaches (thereby decreasing ventilation for
air temperature measurements, inhibiting flow for wind
measurements, and shielding precipitation measurements). In addition, without routine cleaning, the sensors
will become coated with dust, leaves, and other debris.
Routine maintenance provides an efficient means of conducting sensor inspections and tests, as well as the documentation of stations with digital pictures (Fiebrich et al.
2006). Performing in-field sensor comparisons or calibrations, preferably with independent sensor technologies,
can be included during routine maintenance (Whitfield
and Wade 1993; McPherson et al. 2007). Depending on
sensor requirements and vegetation growth rate, routine
maintenance may need to be performed biweekly (e.g.,
Atmospheric Radiation Measurement Program; Peppler
et al. 2008), bimonthly (e.g., West Texas Mesonet;
Schroeder et al. 2005), or seasonally (e.g., Oklahoma
Mesonet; Fiebrich et al. 2006).

c. Proper and routine calibration of sensors
All sensors drift or degrade with age. Significant drift
occurs relatively quickly with some sensors (e.g., within
12–24 months for most relative humidity sensors) while
other sensors are more stable (e.g., most thermistors drift
only about 0.18C yr21). Because every sensor eventually will
drift out of specification, routine sensor testing, calibration,
or rotations are necessary for providing quality data.
According to a survey conducted by Meyer and Hubbard
(1992), some automated weather station operators never
recalibrate their sensors. In contrast, many networks take
great effort to calibrate their sensors. At the Oklahoma
Mesonet, personnel test or calibrate every sensor before
it is deployed to the field, regardless of whether it is new
or previously installed (McPherson et al. 2007). Metadata
resulting from the tests document sensor performance
both before the sensor is installed at a site (i.e., prefield
calibration) and after it returns to the laboratory (i.e.,
postfield calibration). If a postfield calibration identifies
drift outside of specification, the sensor’s past data can
be flagged as erroneous. Without a routine process to
check sensors, bad data may continue to be measured,
reported, and archived. Fiebrich et al. (2006) documented
suggested intervals to rotate common sensors from the
field to the laboratory.

d. Archival of the original data
Many network operators greatly value the originally
measured values from each weather station, even if the
data fail quality assurance tests (You and Hubbard
2006; McPherson et al. 2007). Instead of changing the
suspicious observations, quality assurance flags can be
linked to each datum, identifying the quality of the
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observation, and the original observations can be examined further.
In addition to collecting the data, some networks also
take responsibility for estimating missing observations.
The Automated Weather Data Network across the
Great Plains (Hubbard 2001) documents how missing
data are estimated via an inverse distance-weighting
technique, based on data from the nearest two to five
stations. Those estimated observations receive a flag to
indicate they are estimated. Data are also estimated (based
on a regression-based approach) if they fail a screening test
(Hubbard 2001).

e. Use of standard time and observation units
Because the intercomparison of data from neighboring stations, including those across time zone boundaries, is one of the most essential procedures in data
quality assurance, it is imperative that raw observations
adhere to standard time (i.e., UTC) and measurement
units (e.g., meters per second). The use of UTC also
eliminates confusion during the transition to or from
daylight saving time. Note that routine verification of
datalogger clocks is critical to avoid clock drift (Whitfield
and Wade 1993). A conversion to local time or imperial
units may be applied during postprocessing, after the QA
process has completed.

f. Use of similar instruments and configurations
for sites
The use of similar instruments and site configurations
can greatly aid the QA process because it allows for efficient troubleshooting. For instance, a network consisting of several different datalogger, sensor, and mounting
configurations can produce abundant combinations of
potential problems. Likewise, use of multiple types of
sensors, perhaps with different time constants (e.g., air
temperature sensors) or measurement methods (e.g.,
tipping-bucket versus weighing rain gauges), presents
obstacles to making objective comparisons of data values
from sensor to sensor, especially across a large, inhomogeneous observing network.

g. Use of redundant sensors
It is certain that the most straightforward QA test
involves the comparison of two or more identical sensors
at the same station at the same height. In most networks,
duplicate sensors are an unattainable luxury, but it should
be considered during the planning of station configurations. If very accurate temperature data are needed, but
funds are limited, it may be more advantageous to install
two temperature sensors and forgo an ancillary measurement (e.g., pressure or solar radiation). The Climate

Reference Network (CRN; Gallo 2005) is perhaps the
best example of this practice. Because the goal of the
CRN is to provide long-term, high-quality, homogeneous
observations of surface air temperature and precipitation
across the United States, the network uses three aspirated
temperature sensors and two precipitation gauges to
enhance and streamline quality assurance. The triplicate
configuration of temperature sensors quickly identifies
when data quality is suspect (i.e., when the three sensors
disagree with one another) and pinpoints which of the
three sensor is in error. As a separate example, Allen
(1996) recommended installing duplicate relative humidity and air temperature sensors to obtain accurate
estimates of evapotranspiration in agricultural weather
networks.

3. General automated QA tests
Automated quality assurance tests can be implemented
on both real-time and archived data, in most cases, with
minimal processing time required. The most used automated QA tests are those that can be implemented on
multiple types of variables. These generic tests are summarized below.

a. Range tests
Range-based tests simply verify that an observation is
within a predetermined range.

1) SENSOR-BASED RANGE TESTS
Sensor-based range tests detect observations that are
outside the range of sensor hardware specifications or
theoretical limits (Fiebrich and Crawford 2001; Graybeal
et al. 2004a; Schroeder et al. 2005). These thresholds are
typically the most objective and easiest to determine. For
instance, one model of temperature sensor may operate
between 2308 and 1508C while a different model may
operate between 2508 and 1508C. The sensor-based
range test must be linked to unique range thresholds for
each sensor type and model in the network.

2) CLIMATE-BASED RANGE TESTS
Climate-based range tests typically use archived data to
calculate thresholds by variable, station (or region), and
date (or set of dates) to account for seasonal variation of
observations. For example, Gandin (1988) described a
climatological test that compared an observation with
its mean climatological value and expected standard
deviation.
Hubbard (2001) documented a test using seasonal
range thresholds. His method predicted the climatological maximum and minimum daily temperatures, Tmax(d)
and Tmin(d), where d is the day of year, using maxima and
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minima from summer (i.e., TmaxHOT, TminHOT) and winter (i.e., TmaxCOLD, TminCOLD) and applying a sinusoidal
variation throughout the year:
T max (d) 5 T maxCOLD 1 (T maxHOT
3 cos[0.5p(d

183)/183]

T min (d) 5 T minCOLD 1 (T minHOT
3 cos[0.5p(d

T maxCOLD )
(1)

T minCOLD )

183)/183].

(2)

These calculated values then were used as thresholds for
a climate-based range test.
The Oklahoma Mesonet adopted a similar climate
range test in 2007 (Hall et al. 2008b). Approximately 13
years of data were used to define monthly, site-specific
climate ranges for air temperatures (at 1.5 and 9 m), soil
temperatures (under native sod at 5, 10, and 30 cm, and
under bare soil at 5 and 10 cm), and solar radiation. When
a new maximum or minimum value is observed and verified (by a QA meteorologist) at a station, the associated
climate range threshold is updated for that station. For
new stations, the thresholds are initialized with ranges
from a nearby station.

b. Temporal checks
Temporal checks assess the validity of changes in the
time series of data at a station (Graybeal et al. 2004a).
The thresholds used are more subjective than range tests
and usually vary from one climate regime to another.

1) STEP TESTS
Step tests typically compare the change in magnitude
between sequential observations. The threshold values
used for step tests are dependent on the station location
(i.e., climate regime), time interval between observations (e.g., 5-min, hourly, and daily), variable, and tendency (Hall et al. 2008b). For instance, with strong cold
fronts, air temperatures in Oklahoma realistically have
decreased 98C in five minutes; however, for the same
time interval and location, air temperatures rarely have
increased 68C (Hall et al. 2008b). Thus, the Oklahoma
Mesonet includes a step test with unique thresholds for
positive and negative tendencies.
Graybeal et al. (2002) investigated historical hourly
surface synoptic meteorological reports from around the
United States and found that most of the hourly temperatures that were flagged as suspect by a step test were
associated with spikes (i.e., successive increase and decrease) or dips (i.e., successive decrease and increase;
Fig. 1). Thus, they concluded that tests that checked for
spikes or dips were more efficient than traditional step
tests.

FIG. 1. Sample time series plot of data that illustrates the difference between a spike, a dip, and a step. Especially for temperature data, erroneous spikes and dips occur more frequently than
erroneous steps.

2) PERSISTENCE TESTS
Persistence tests assess whether observations vary
minimally with time, possibly indicating a physical problem with either the sensor (e.g., bearing failure in or ice
accumulation on a wind sensor) or its wiring (e.g., in
the case of some barometers). These tests are variabledependent and compare the length of time a variable has
repeated the same observation to its persistence threshold. For instance, the persistence threshold for solar radiation may be set to 840 min to allow for up to 14 h of
darkness (e.g., during winter) while the threshold for air
pressure should not be greater than 30 min for 5-min
observations (assuming the barometer has high precision).

c. Spatial checks
Spatial checks detect observations that are inconsistent with data from nearby stations. Typically, data from
the site being evaluated are compared to expected values
(calculated using a spatial objective analysis algorithm).
Observations that differ by more than a predefined
threshold from the expected values are flagged as suspect. The thresholds usually depend on variable, locations of nearby stations (e.g., coastal stations or stations
in mountainous terrain), and distance to the neighboring
stations. Wade (1987) warned that unequal distribution
of stations (e.g., a dense network within a larger-scale
network) might bias spatial estimates. In such cases, either the observations from the dense network could be
eliminated from the analysis or two separate analyses
could be conducted (i.e., one for the densely spaced stations
and one for the larger-scale network). In general, spatial
comparisons are most successful at finding erroneous data
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during the well-mixed portion of the day during periods
of weak horizontal gradients (Hubbard and You 2005;
You et al. 2008).
The Meteorological Assimilation Data Ingest System
(MADIS; more information available at http://madis.
noaa.gov/madis_sfc_qc.html) of the National Oceanic
and Atmospheric Administration (NOAA) uses an optimal interpolation (OI) technique developed by Belousov
et al. (1968). When an observation does not agree with the
estimate calculated by the OI, reanalyses are performed
by eliminating one neighboring observation at a time.
An observation is flagged as bad when successively eliminating data from each neighbor does not produce an
analysis that agrees with the target observation. MADIS
also uses analysis fields from the Rapid Update Cycle
Surface Assimilation System as background grids to improve the performance of the OI. These background grids
have a 15-km resolution and provide an accurate 1-h
persistence forecast that incorporates previous surface
observations.
The West Texas Mesonet and Oklahoma Mesonet
employ the Barnes objective analysis (Barnes 1964), which
computes an expected value by assigning an exponentially
decreasing weight as distance between a station and its
neighbor increases (Shafer et al. 2000; Schroeder et al.
2005). Variable-specific thresholds are calculated dynamically based on the standard deviation of data from
the neighboring stations (Fiebrich and Crawford 2001).
The U.S. Department of Transportation’s Clarus Initiative uses a similar method for environmental sensor stations along roadways (Pisano et al. 2007).
Hubbard et al. (2005, 2007) and You and Hubbard
(2007) developed a spatial regression test (SRT) that
assigned weights to neighboring station data based on the
root-mean-square-error values between the station and
each of its neighbors. You et al. (2008) and Hubbard
and You (2005) found that the SRT method was superior to the distance weighting methods when computing
estimated values for 1) daily maximum and minimum
temperatures across the United States and 2) areas of
complex terrain.
Angel et al. (2003) described a spatial check employed
by NOAA’s National Climatic Data Center (NCDC).
The test interpolated data from the Automated Surface
Observation System (ASOS) and Automated Weather
Observing System (AWOS) to a gridded field that provided the basis to check daily temperature data from the
U.S. Cooperative Observer Network.
Menne and Duchon (2001) explained two statistical
tests that could be used to identify deviations in daily
maximum and minimum temperatures by comparing them
to data from neighboring stations. One test used cross
correlations, while the second statistical model was based

on autocorrelations present in the data model. These tests
have been used at NCDC for the National Weather Service’s ASOS.

d. Like-instrument and internal consistency tests
Like-instrument checks detect observations that significantly differ from identical or similar instruments at
the same station and time. Like-instrument thresholds are
variable-specific and may be dependent on the mounting
heights of the similar sensors. The CRN, with its three
1.5-m temperature sensors per station, can identify errant
observations quickly. If all three sensors report within
0.38C, all sensors pass the quality check (J. Lawrimore
2008, personal communication). Similarly, the Oklahoma
Mesonet applies like-instrument checks to examine air
temperature using sensors at 1.5 and 9 m; soil temperature using sensors at 5, 10, and 30 cm; and wind speed
using sensors at 2 and 10 m (Hall et al. 2008b). Erroneous
data may not be detected by a like-instrument check,
however, if a problem develops with a component shared
by the like sensors (e.g., the datalogger).
Internal consistency checks identify observations that
do not comply with reasonable meteorological relationships between variables. MADIS makes use of relationships between sea level pressure and station pressure,
3-h pressure change and station pressure, air temperature
and dewpoint temperature, and sea surface temperature
and air temperature in their internal consistency checks
(more information available online at http://madis.noaa.
gov/madis_sfc_qc.html). Similarly, Graybeal et al. (2004a)
described internal consistency checks for physical relationships between a number of similar measurements including dewpoint, dry bulb, and wet bulb temperatures.

e. Adjustment tests
Adjustment tests act to modify QA flags produced by
an automated test based on output from a different test.
For example, if observations at a station pass a likeinstrument test (section 3d) but not the spatial check
(section 3c), an adjustment test could reduce the severity
of the QA flag from the spatial check. Similarly, if an
observation failed a climate-based range test [section
3a(2)] but passed the spatial check (e.g., during a widespread record cold or heat wave), an adjustment test
could reduce the severity of the flag from the climatebased range test (Hall et al. 2008b). Such adjustment
tests help to minimize the number of good observations
that are flagged as ‘‘erroneous’’ by the automated QA
system.

f. Decision maker for final automated QA flag
Some networks employ a multiphase approach to automated QA. The Oklahoma Mesonet begins with a filter
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phase that filters observations from entering the full set of
automated QA tests if any of the following conditions are
true at the time of the observation: 1) a technician is
conducting maintenance at the site, 2) a QA meteorologist has manually flagged the variables as erroneous, or
3) the sensor-based range test fails. After the independent QA algorithms operate on the filtered data, an automated decision-maker routine generates a final QA
flag that is archived with each observation (McPherson
et al. 2007). Gandin (1988), Schroeder et al. (2005), and
Graybeal et al. (2004a) described similar types of decisionmakers or decision trees.

4. Variable-specific tests and considerations
The general QA tests described in section 3 form a
framework for an automated QA system. Some variables
are well suited for all of the general tests; others only can
be assessed by a subset of the tests. Still, modifications
of or additions to the general tests may be needed for
particular variables. This section describes some of the
variable-specific tests and associated considerations,
including those that require human interpretation (i.e.,
manual QA).

a. Air temperature
The main challenge in the assessment of air temperature data is identifying small sensor biases that are masked
by real meso- and microscale temperature anomalies.
Such anomalies can be caused by differences in elevation (Gustavsson et al. 1998; Fiebrich and Crawford 2001;
Hunt et al. 2007), wind speed (Thompson 1986), cloud
cover, proximity to oceans (Helmis et al. 1987; Fiebrich
et al. 2005), snow cover (Fiebrich and Crawford 2001), and
storm outflows and heat bursts (Williams 1963; Johnson
1983; MacKeen et al. 1998; Fiebrich and Crawford 2001;
Graybeal et al. 2004b; McPherson et al. 2010). In most
cases, additional data (e.g., satellite data, radar data, and
topographic data) are needed to help distinguish between
real and erroneous anomalies.
Comparison of air temperature data among neighboring stations is best conducted when the boundary
layer is well mixed and winds are moderate (.4 m s21;
Wade 1987). Thus, longer-term manual analysis (as opposed to real-time analysis) employed to detect sensors
with subtle biases should focus on data from the wellmixed portion of the day (Martinez et al. 2004).
To compensate for elevation differences between
neighboring stations, Wade (1987) used potential temperature in his objective analysis procedure for data in
the hilly region of eastern Montana. Wade (1987) recommended that to minimize errors in estimating potential temperature, pressure data should be accurate to

VOLUME 27

at least 1 hPa. MADIS also uses potential temperature
for one of its spatial tests (more information available
online at http://madis.noaa.gov/madis_sfc_qc.html).
Last, if an unaspirated radiation shield is used, it should
be noted that sensor inaccuracy can be as high as 18C
in light winds and strong radiation (Tanner et al. 1996;
Hubbard et al. 2004). For networks that have forced
ventilation shields, an automated test should check the
fan speed to ensure aspiration.

b. Air pressure
Perhaps the greatest challenge in analyzing pressure
data, especially in varied topography, is reducing station
pressure to a standard height (e.g., mean sea level) for
spatial comparison. Pauley (1998) evaluated several techniques for calculating sea level pressure and found that
performance varied greatly depending on elevation, type
of terrain, and weather features impacting the site. For
spot-checking pressure data for outliers, Wade (1987)
demonstrated the value of plotting the station pressure
values from numerous sites on a pressure-height diagram
(Fig. 2a). To enhance Wade’s check, residuals from a linear fit of pressure and elevation can be compared (Fig. 2b).
Using data from 761 stations across Canada, Wan et al.
(2007) found that nearly every station had a systematic
error associated with incorrect station elevation, improper data digitization, or transposition of station and
sea level pressure values. Both climatological range and
temporal tests were valuable in identifying erroneous
data. In addition, a test that used the hydrostatic equation
detected 50% of the errors in station height or pressure
measurements.
Some barometers exhibit a nonlinear temperature dependency. Wade (1987) described a method to identify
sensors that were not properly compensated for thermal
effects by computing the hourly pressure difference between a test station and a reference station, subtracting
the average daily offset from each hour’s difference
value, and plotting the resulting departure as a function of
time of day.
During convective precipitation, observations of mesoscale perturbations in the surface pressure field can be
flagged as suspect by automated QA tests (Fiebrich and
Crawford 2001). By overlaying radar data with the pressure field in the manual QA analysis, mesolows (Hoxit
et al. 1976) and mesohighs (Sanders and Emanuel 1977)
can be distinguished from true pressure errors.

c. Relative humidity and dewpoint temperature
Most weather networks measure either relative humidity or dewpoint temperature. If both are measured,
observed and calculated values of the same variable
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FIG. 2. (a) Pressure–height graph of data from 120 stations for 1200 UTC 26 Sep 2007 and
(b) graph of the corresponding residuals from a linear fit of pressure and elevation. Note that
most residuals were ,2 hPa; however, a sensor at 200-m elevation corresponded to a residual
.2.5 hPa and was properly identified as erroneous.

can be compared for a useful automated check (e.g., by
converting relative humidity to dewpoint and comparing
to the dewpoint observation). If dewpoint is measured,
another like-instrument test is to ensure that air temperature always equals or exceeds dewpoint (Graybeal
et al. 2004a). Graybeal et al. (2004b) also described an
internal check that compared the current dewpoint depression with the preceding 24-h temperature range.
If only relative humidity is measured, spatial comparisons are best conducted by first converting the observations to dewpoint. Allen (1996) also noted that manual
inspection of dewpoint time series typically is more
valuable than those of relative humidity, since dewpoint
is fairly continuous throughout the day (in the absence
of airmass boundaries).
Nearby irrigation can have a pronounced effect on
dewpoint temperature. Some applications require weather
stations to be close to irrigated fields, so that accurate
computations of reference evapotranspiration can be calculated for irrigation scheduling (Martin and Jai 2000).
Depending on the application, it may be necessary to flag
as suspect high dewpoint temperatures for stations in close

proximity to irrigated farmlands. Data affected by nearby
irrigation typically demonstrate minimum daily temperatures within 38C of the dewpoint on a routine basis (Martin
and Jai 2000). Similarly, in largely agricultural areas (e.g.,
Oklahoma’s winter wheat belt, Iowa and Nebraska’s corn
belts, or Canada’s summer-fallowed fields), observations
of anomalously moist dewpoint temperatures at the mesoscale may be observed during the growing season
(McPherson et al. 2004; Sandstrom et al. 2004; Gameda
et al. 2007; McPherson 2007; Mahmood et al. 2008).
Manually inspecting the monthly maximum relative
humidities across the network can help identify sensor
drift (Fig. 3; Martinez et al. 2004). If a sensor consistently
peaks at a value less than 100%, even if dew is known
to have formed, a drifted sensor should be suspected
(Allen 1996).
During strong low-level inversions, stations located in
relatively higher terrain may be significantly warmer and
drier than those in lower terrain. By incorporating elevation data into the manual QA process, such true meteorological phenomena can be distinguished from
sensor problems.
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FIG. 3. Station plot of maximum monthly relative humidities observed across southwestern Oklahoma during Feb 2009. The maximum of 95.4% at the Hollis Mesonet station indicated a sensor with
a low bias.

d. Soil moisture
Soil moisture may be the most difficult variable to
quality assure in a surface observing network. Its dependence on rainfall, evaporation, vegetation type and
condition, slope, soil texture, and soil structure (e.g.,
compactness, profile) presents a wide range of possible
correct values (Hillel 1982; Illston et al. 2008).
Numerous sensor technologies and methods for measuring soil moisture also affect the QA techniques that
should be performed on the data. For example, raw
voltages recorded by the Stevens Hydra Probe depend on
the electrical properties of the soil and can be checked
using range and temporal tests. Similarly, both the dielectric constants and the volumetric water content derived from the raw voltages can be tested using range and
temporal checks. Further, the derived volumetric water
content can be examined for preferential flow (Illston
et al. 2008) or compared to model output or remotely
sensed soil moisture (Combs et al. 2007). Illston et al.
(2008) described specific QA tests for soil moisture sensors that operate on the heat dissipation principal (e.g.,
Campbell Scientific 229-L).
Most sensors cannot calculate soil moisture accurately
when the soil freezes. Thus, an automated test for soil
moisture should include flagging all soil moisture data
as suspect when soil temperatures drop below freezing
(Illston et al. 2008).

e. Soil temperature
Based on about 30 years of daily and hourly data, Meek
and Hatfield (1994) recommended range and temporal
tests for soil temperature data. Hu et al. (2002) developed
similar tests for the Soil Moisture–Soil Temperature Pilot
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Network, operated by the U.S. Department of Agriculture Natural Resources Conservation Service. For any
given station, they calculated a daily reference soil temperature based on soil moisture data, heat transfer equations, air temperature observations from the Cooperative
Observer Network, and several adjustment factors, including annual and daily phase corrections, annual and
diurnal amplitude adjustments, and an annual temperature correction. The daily reference calculation then
was compared to the raw soil temperature observations
to identify data problems.
In addition to the range, temporal, spatial, and likeinstrument tests, the Oklahoma Mesonet employs several
special tests for soil temperature data. These include a test
to allow hot soils (i.e., .308C) to have greater variance
from the like-instrument and spatial thresholds. Also, a
conduction test ensures that the temperature traces at two
depths intersect on an approximately diurnal basis (Fig.
4). In addition, the monthly average difference between
each depth and a shallower depth are analyzed to check
for sensor drift (Martinez et al. 2004).
Soil temperatures are sensitive to the physical characteristics of the soil (e.g., heat capacity, thermal conductivity), soil moisture content, and insulation from
vegetation (e.g., Fiebrich and Crawford 2001). Metadata,
including site photographs, of the soil and vegetation
characteristics can provide the QA meteorologist critical
information for determining whether anomalous readings are caused by microscale features or sensor problems
(Martinez et al. 2005). In addition, cool rain that falls on
hot soils can cause rapid decreases in near-surface soil
temperature, sometimes causing the data to fail step tests
(Fiebrich and Crawford 2001).

f. Rainfall
Hubbard (2001) indicated a need for better QA
procedures for precipitation. Because of the spatial and
temporal complexity of rainfall, it is difficult to assess
sensor problems associated with rain gauges (e.g., Marzen
2004). Gauge friction, noise, debris, and overflow can affect weighing gauge measurements (Morgan et al. 2007;
Duchon 2008); time-to-tip, leaky buckets, and malfunctioning switches can influence tipping-bucket measurements (Humphrey et al. 1997; Ciach 2003). Wind-induced
errors can affect above ground gauges of both types (Alter
1937; Duchon and Essenberg 2001).
One simple automated test is to check for rainfall
amounts less than 0 mm or greater than some subjectively determined maximum value expected at a given
location (Meek and Hatfield 1994). As a type of internal
consistency check, a number of networks also use independent wetness sensors to identify erroneous precipitation data (Collins and Baker 2007).
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FIG. 4. Time series of 5- and 10-cm soil temperatures (8C) at Wister, OK, for 3–12 Sep 2008.
There appears to be little or no heat conduction through the soil from 5 to 10 cm before 9 Sep
(i.e., the traces do not intersect). After the biased sensor at 10 cm was replaced, a natural
transfer of heat was evident in the diurnal time series (i.e., the traces intersect each day).

Kim et al. (2006) created a multiphase spatial test
that incorporated radar data. The test compared precipitation from stations located within 60.258 latitude
and longitude of each other. Observations that differed
by more than 2.2 times the standard deviation of all
neighbors’ hourly values were considered errant. A radar
test next compared hourly gauge precipitation to hourly
radar-derived precipitation and flagged observations that
did not agree well with radar estimates.
Marzen (2004) also developed a QA procedure that
compared rain gauge data to corresponding radarderived rainfall amounts. A gauge could be deemed suspect if any of the following conditions were true: 1) the
gauge reported rainfall while the radar did not, 2) the
gauge and radar both reported rainfall but disagreed by
a large amount, or 3) the gauge did not report rainfall
while the radar reported a large amount. The first and
third scenarios identified the highest number of erroneous gauges during the winter and summer seasons,
respectively.
Although radar data may be one of the best tools for
verifying rainfall observations, one must recognize that
radar-derived precipitation estimates have several limitations. For example, radar estimates can be erroneous
when the radar’s elevation angle causes the rainfall to be
sampled high in the sky, rather than at the ground level;
when beam blockage occurs; when melting ice particles
cause high-reflectivity patterns at the melting level; and
when an incorrect Z–R relationship is used. Because of

these limitations, some network operators choose to
conduct intensive manual comparisons of rainfall data
with radar-derived storm-total precipitation (Wilson
and Brandes 1979; Legates 2000; McPherson et al. 2007;
Krajewski et al. 2010).
Double mass analysis is a useful method to detect subtle
problems in a rainfall dataset (Martinez et al. 2004). Figure
5 demonstrates this manual method for rainfall data at two
Oklahoma Mesonet stations in eastern Oklahoma. Although the accumulated rainfall throughout the year
seemed reasonable at Claremore (Fig. 5a), a notable
discontinuity was evident during the first half of the year
(Fig. 5c, circled portion). By comparison, the rainfall
data at the Haskell station exhibited a trend similar to its
neighbors throughout the year (Figs. 5b,d).

g. Snowfall and snow depth
The challenges of ensuring the quality of liquid precipitation observations seem minor in comparison to
those of frozen precipitation. Snow, when combined with
rain, sleet, or freezing rain, can change snow depth. Even
pure snow can have a wide range of snow-to-water ratios
that make comparing the data with radar estimates extremely difficult.
Graybeal and Leathers (2006) developed a method to
check snowfall data during postanalysis. They completed
a cube-root transformation of a long series of snow observations, normalized the transformed series (using the median and interquartile ranges), and compared the results
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FIG. 5. (top) Rainfall accumulations and (bottom) double mass analysis for the (left) Claremore and (right) Haskell
Mesonet stations in eastern Oklahoma during 2008. It is difficult to detect any errors using the top graphs of accumulated rainfall; however, using the double mass analysis graphs, the Claremore station indicates a substantial data
shift (circled) compared to neighboring stations in the first half of the year.

with a bootstrapped 99.9% univariate-normal prediction
interval. They also conducted a bivariate test to identify
observations that should undergo manual inspection.
Robinson (1989) found that accurate and complete
information on snowfall and snow cover was being collected at only 57% of official climate observing stations
in U.S. states where snow occurred, and that quality was
weakest where snow was least common. To evaluate the
quality of snow observations at each official station,
Robinson applied a three-step test on the monthly snow
data of stations within the same climate division: 1)
monthly totals had to be similar, 2) monthly maximum
snow depth observations had to be similar, and 3) number of days in the month with snow on ground had to
be similar. If observations from a given site did not pass
all three tests, they were determined to be unacceptable
for publication as official measurements. Robinson recommended two steps to improve the quality of snow data:
1) automatically identify observations with suspicious
reports (e.g., no snowfall reported, yet measureable precipitation was listed with maximum temperatures less
than 21.18C) and 2) give greater emphasis on careful
prescreening of the data by NCDC personnel prior to
digitization (i.e., manual QA).

h. Radiation
Younes et al. (2005) grouped errors in radiation data into
two main categories: 1) equipment error and uncertainty
(e.g., cosine response, azimuth response, temperature response, spectral selectivity, stability, nonlinearity, and dark
offset long-wave radiation errors) and 2) operationalrelated problems and errors (e.g., misalignment, incorrect leveling, and shading from structures or debris).
All radiation sensors require calibration coefficients
to account for sensor-to-sensor variability. These coefficients almost always change throughout the sensor’s
lifetime (King and Myers 1997). It is of the utmost importance that the appropriate coefficients are applied to
the data being analyzed.
Radiation sensors are quite sensitive to the accumulation of debris on them. If dirt, dust, bird excrement, ice, or
moisture accumulates on the sensor, the measurements
will become biased (Allen 1996). Stanhill (1992) detected
biases in thermopile pyranometers that increased almost
linearly beginning on the day that daily cleaning ceased.
Occurrences of moderate to heavy rainfall were found to
naturally clean the sensor and reduce the bias. Because of
this, the QA meteorologist may want to inspect data from
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a day following a rain event before dispatching a technician to repair a sensor with a suspected bias.
Some may consider shadows from nearby obstructions
to be the most severe operational-related problem in
radiation data. Even a far-off obstruction on the horizon
can interrupt sunrise or sunset from a few minutes to an
hour (as detected by a station’s pyranometer; Fiebrich
and Crawford 2001). The quality of net radiation data is
also adversely affected when other sensors or obstructions shade the footprint of the sensor’s field of view
(Allen 1996).

1) SOLAR RADIATION
One of the most common tests of solar radiation data
is to compare it to the theoretical solar radiation under
clear skies (Bird and Hulstrom 1981; Snyder and Pruitt
1992; Allen 1996; Meek 1997; Santamouris et al. 1999;
Ineichen and Perez 2002). However, agreement between
predicted solar radiation and measured solar radiation
does not always confirm proper calibration because of
atmospheric turbidity and prediction algorithm uncertainties (Allen 1996; Long and Shi 2008). In addition,
bright sunshine that sporadically breaks through cumulus
clouds can cause observations to be higher than theoretically possible as the contribution of reflected short
wave radiation (from cumulus clouds) is added to the
direct solar radiation (Oke 1987).
Younes et al. (2005) reviewed a number of quality
control methods for solar radiation data and proposed
a new procedure. The proposed procedure used the Page
model to set upper and lower limits for diffuse horizontal
irradiation and global horizontal irradiation measurements; the procedure required that observations of global
horizontal irradiation, diffuse horizontal irradiation, and
extraterrestrial horizontal irradiation were available.
Geiger et al. (2002) described a web service (more
information available at http://www.helioclim.net) developed to screen both daily and hourly solar radiation
data. The web service compared submitted observations
with expected values based on extraterrestrial irradiation and a simulation of the irradiation for clear and
overcast skies.
Meek and Hatfield (1994) described a quality control
method that made use of the maximum daily solar radiation observed at a location each day in the year over
a long time period. From that, they developed an equation based on a trigonometric Fourier series to test the
data.

2) NET RADIATION
Allen (1996) described the benefits of comparing
net radiation measurements to net radiation estimates.
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They documented that such comparisons allowed for the
detection of sensor calibration errors and drift. Equations
to predict net radiation estimates can be found in Dong
et al. (1992) and Brutsaert (1982, 128–144). Dong et al.
(1992) indicate that their equation presented was appropriate for predicting net radiation over ‘‘healthy,
well-watered, non-stressed, cool season grass at uniform
height’’.
Special care should be taken when assessing data from
domeless net radiometers, which are highly sensitive to
precipitation or dew. Moisture that condenses on these
sensors causes them to report erroneous data (Brotzge
and Duchon 2000; Cobos and Baker 2003).

i. Winds
Local topography and nearby obstructions can have a
pronounced impact on wind measurements. Even trees
1001 m away can have a noticeable effect on wind speed
observations (Fig. 6; Haugland 2004). Wade (1987) noted
that minimal obstructions (e.g., a few trees or buildings)
will likely cause errors that dwarf those caused by calibration or other sensor errors. Manual inspection of
station panoramic photographs and aerial maps is often
required to determine if anomalous wind observations
are caused by poor fetch or by true sensor problems.
Hollinger and Scott (2001) presented a method for determining surface roughness in the 16 direction sectors
around a station. Their method provided objective information on the impact of obstructions around a station.
Because of the inherent discontinuity in wind direction
between 08 and 3608, it is important to employ special
versions of the basic tests described in section 3 that make
use of vector averages (rather than arithmetic averages).
For instance, an automated spatial test should recognize
that two sites reporting northerly winds (e.g., one at 3558
and one at 58) are in good agreement despite the large
arithmetic difference between their observations.
DeGaetano (1997) described a postanalysis technique
to identify excessive variability of wind speed and wind
direction. The change of wind speed (or direction) for an
evaluated hour was compared to changes in wind speed
(or direction) before and after the test hour. If certain
criteria were met (see DeGaetano 1997), the evaluated
wind observation was considered suspect. If a rain shower
or thunderstorm occurred simultaneously, the speeds
were not counted as suspect. Finally, the remaining suspect observations were compared to the change of other
measured variables (e.g., station pressure) to determine if
the atmosphere was highly variable.
When wind speeds are available from multiple heights
on a weather station, the data can be compared via simple
wind profile tests (e.g., wind speeds should increase with
height). The West Texas Mesonet, which employs both
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FIG. 6. Average nighttime wind speed anomaly at Blackwell, OK, as a function of wind
direction. Because of trees on the horizon (see panoramic photo at the bottom of the figure),
winds from the southwest and southeast were approximately 50% lower than the statewide
average (from Haugland 2004).

10- and 2-m wind sensors, investigated approximately
9000 instances when the 2-m wind speed exceeded that
from 10 m. They found that over 90% of the events occurred during the winter months, when ice accumulation
impacted the 10-m sensor (Sonmez et al. 2005). QA
meteorologists at the Oklahoma Mesonet have found
that changes in the ratios between wind speeds at varying
heights help pinpoint the occurrence of ice accumulation
and thus identify when to manually flag the data as erroneous (Fiebrich et al. 2002).

5. Manual QA
Unfortunately, it is impossible to implement an automated quality assurance test that will identify every bad
observation yet never inadvertently flag good data as
erroneous. The outputs from a QA system provide the
crucial pieces of evidence to help a quality assurance
meteorologist determine which data need further analysis
(Reek and Crowe 1991; Martinez et al. 2004; Andsager
et al. 2005). Manual inspection of the outputs from the
automated tests is also critical to determine the performance of the automatic procedures (e.g., is the test underflagging, overflagging, etc.; Durre et al. 2007). Hall
et al. (2008a) described a method of using accuracy measures (e.g., false alarm rate, probability of detection, etc.)
to assess a QA system.
Each day at the Oklahoma Mesonet, a web-based quality
assurance report is generated that lists detailed output
from the automated tests, a graph of the variable from
the site in question and neighboring sites, a graph of both
the variable in question and other relevant variables

at the station, and a tabular output of the original observations (McPherson et al. 2007). When data are deemed
erroneous, the quality assurance meteorologist will typically trace the start of the problem to a more subtle shift in
the data (i.e., at a time before the automated software
detected the problem). This allows the data to be flagged
from the true trace time of the problem until the sensor is
replaced or repaired by a technician.
Because isolated or extreme weather events (e.g., hurricanes, sharp cold fronts) will sometimes fail automated
QA tests (You and Hubbard 2006; Durre et al. 2007),
a QA meteorologist is required to manually remove
QA flags on data if they are determined to represent
real meteorological phenomena (Fiebrich and Crawford
2001). You and Hubbard (2006) developed a test that had
some success in recognizing and resetting flags for zones
where inappropriate quality assurance flags were issued
for observations during extreme weather events. In the
Atmospheric Radiation Measurement Program (ARM)
network, similar duties are assigned to quality assurance
meteorologists and ‘‘instrument mentors.’’ In addition to
documenting the expected performance of the sensors,
the instrument mentors provide thresholds for automated
tests, have the final word on data quality issues, and write
data quality reports that are seen by data users (Peppler
et al. 2008).
In addition, it is critical that QA information be readily
available to data users (Peppler et al. 2008). The Oklahoma Mesonet lists current known sensor problems and
the monthly data quality reports on a public webpage.
This type of metadata on a public Web site allows users to
understand why certain data may not be available.
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6. Summary
Quality assuring mesoscale meteorological data requires an evolving, dynamic system. Adherence to
standards in siting, maintenance, and calibration can
ensure a strong foundation for data quality. A set of
core, automated algorithms can act as a useful tool for
identifying suspicious observations. It is important to
recognize, however, that general automated tests must
always be complimented with sensor-specific algorithms
and manual analysis in order to ensure high quality
data.
This paper reviewed quality assurance procedures
currently used by numerous meteorological networks.
The authors’ aim was to not only present relevant references, but to also relay their personal experiences with

quality assuring meteorological data. Although the authors encourage readers to develop their own regionally
specific thresholds for each test, they have included some
sample thresholds that are currently in use at the Oklahoma Mesonet in the appendix.
Acknowledgments. We dedicate this manuscript to
the many quality assurance meteorologists who have
worked at the Oklahoma Mesonet, including David
Shellberg, Mark Shafer, Derek Arndt, Curtis Marshall,
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David Sherman, and Megan Kirchmeier. Oklahoma’s
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APPENDIX
Sample Quality Assurance Test Thresholds
Table A1 gives a summary of quality assurance test thresholds used by the Oklahoma Mesonet. Data that do not
meet the threshold requirements alert the quality assurance meteorologists to further investigate the data.
TABLE A1. Quality assurance test thresholds used by the Oklahoma Mesonet.

Variable

Range

Air
temperature

Ensure data are
between 2308
and 508C

Air pressure

Ensure data are
between 800 and
1050 hPa

Relative
humidity

Ensure data are
between 3%
and 103%

Temporal
(i) Ensure data do
not increase more
than 68C or
decrease more
than 98C in
5 min;
(ii) ensure data
change more
than 0.18C
in 60 min
(i) Ensure data do not
increase more than
5 hPa or decrease
more than 4 hPa in
5 min; (ii) ensure
data change more
than 0.1 hPa in
30 min
(i) Ensure data
do not increase
more than 22%
or decrease more
than 23% in
5 min; (ii) ensure
data change more
than 0.1%
in 360 min

Spatial
Ensure data do not
differ from the
spatial estimate by
more than twice the
standard deviation
of the field or 68C,
whichever is greater

Ensure data do not
differ from the
spatial estimate
by more than
twice the standard
deviation of the
field or 3.0 hPa,
whichever is greater
Ensure data do
not differ from
the spatial estimate by
more than twice the
standard deviation of
the field or 40%,
whichever is greater

Like-instrument and
internal consistency

Variable
specific

Ensure two
sensors at
1.5 m agree
within 3.08C

NA

NA

NA

NA

NA
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TABLE A1. (Continued)

Variable

Range

Soil moisture

For heat
dissipation-type
sensors, ensure
that the starting
and final
temperatures
are between
2308 and 558C

Soil
temperature

Ensure data are
between
2208 and 558C

Rainfall

Ensure data are
between
0 and 508 mm

Solar radiation

Ensure data are
between 20.4
and 1500 W m22

Temporal

Spatial

NA
For heat dissipationtype sensors: (i)
Ensure starting and
final temperatures
do not increase or
decrease by more than
58C (for 5-cm sensors)
or more than 38C (for
25-, 60-, and 75-cm
sensors) in 30 min; (ii)
ensure starting and final
temperatures change
more than 0.18C
in 360 min
Ensure data do
(i) For 5-cm sensors
not differ from
under bare soil,
the spatial
ensure data do not
estimate by
increase more than
more than
48C or decrease more
twice the
than 58C in 15 min; (ii)
standard
for 5-cm sensors under
deviation of the
sodded soil, ensure
field or 88C,
data do not increase
whichever
more than 38C
is greater
or decrease more
than 48C in 15 min;
(iii) for 10-cm sensors
under bare and sodded
soil, ensure data do not
increase or decrease by
more than 38C in
15 min; (iv) for
30-cm sensors under
sodded soil, ensure
data do not increase
or decrease more
than 1.58C
in 15 min; (v) for all soil
temperatures, ensure
data change more
than 0.18C in 360 min.
(i) Ensure data do not
NA
decrease before the
end of the UTC
day;* (ii) ensure data
do not increase more
than 40 mm in 5 min
(i) Ensure data do
Ensure data do not
not change by more
differ from the
than 800 W m22 in
spatial estimate
5 min; (ii) ensure data
by more than twice
change more than
the standard
0.1 W m22 in 840 min
deviation of the
field or 600 W m22,
whichever is greater

Like-instrument and
internal consistency

Variable
specific

NA

(i) Ensure soil
temperatures
exceed 1.258C
(i.e., the soils
are well above
freezing);
(ii) ensure soil
moisture
increases at
shallow depths
before
increasing
at deeper
depths
(i) Ensure soil
(i) Ensure the
temperatures
difference
under bare
between the
soil at 5 and
soil
10 cm agree
temperatures
within 78C;
at 5- and 10-cm
(ii) ensure soil
change signs
at least once
temperatures
every three
under sodded
days;
soil at 5 and
(ii) ensure the
10 cm agree
difference
within 68C;
between the
(iii) ensure
soil
soil temperatures
temperatures
under sodded
at 10- and 30-cm
soil at 10 and
change signs
30 cm agree
at least once
within 68C
every three
days

NA

NA

NA

Ensure measured
solar radiation
is less than the
theoretical
maximum value
for that
particular
latitude,
longitude, day
of year, and
time of day
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TABLE A1. (Continued)

Variable

Range

Net radiation

Ensure data are
between 2150
and 900 W m22

Winds

(i) Ensure wind
direction data are
between 08 and
3608; (ii) ensure
wind speed data
are between 0 and
40 m s21; (iii)
ensure wind
gust data are
between 0 and
60 m s21

Temporal

Spatial

Like-instrument and
internal consistency

Variable
specific

NA
Flag data as
Ensure data do
erroneous
not differ
from the start
from the spatial
of a rain
estimate
event until
by more than
360 min after
twice the
rainfall ends
standard deviation
of the field
or 400 W m22,
whichever is
greater
(i) Ensure wind
Ensure wind
(i) Ensure wind
(i) Ensure wind speed
speed
speed at 2 m
direction data
data do not change by
observations
never exceeds
do not differ
more than 30 m s21
at 2 and 10 m
wind speed
from the spatial
in 5 min; (ii) ensure
are within 5 m s21 at 10 m for
estimate by more
wind gust data do not
more than
than twice
change by more than
of each other;
150 consecutive
the standard
50 m s21 in 5 min;
(ii) ensure wind
minutes
deviation of the
gust observations
(iii) ensure wind
field or 908,
at 2 and 10 m
direction data change
whichever is
are within 9 m s21
more than 0.18 in
greater; (ii)
600 min; (iv) ensure
of each other.
ensure wind gust
wind speed and gust
data do not differ
data change more than
from the spatial
0.1 m s21 in 600 min
estimate by more
than twice the
standard deviation
of the field or
24 m s21,
whichever is
greater; (iii)
ensure wind
speed data do not
differ from the
spatial estimate
by more than
twice the
standard deviation
of the field or
10 m s21, whichever
is greater
(i) Ensure data do
not change by more
than 300 W m22 in
5 min; (ii) ensure
data change more
than 0.1 W m22
in 60 min

* Oklahoma Mesonet gauges accumulate rainfall since 0000 UTC.
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