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Abstract. Quality control (QC) is seen today as an impor- was still considered a purely technical taskafdin 1988.

tant scientific field to increase the value of observational dataWithin the last decades, many QC methods have been de-
Whereas most QC methods are linked to atmospheric modeleloped and it can be stated that a new research area was
ing (being part of the data assimilation procedure), in this pa-born. Taking that into account and considering the progres-
per the focus is on the application of a model independent QGive international exchange of meteorological observations,
method based on data self consistency recently publishedhe WMO started to set up a global standard regarding the
VERA-QC. A special challenge is the QC of data in com- quality of measurements in 1980. Different guidelines and
plex terrain which requires special treatment in terms of datamanuals have been published and are updated on a regular
selection and data transformation. In this context, some spebasis WMO, 1993 2003 2007, 20089.

cial VERA-QC modules such as the consideration of signif- High data quality is also essential when analyzing the ac-
icant elevation differences of adjacent stations or the considtual state of the atmosphere, which constitutes the basis for
eration of transformed temperature values will be discusseda reliable nowcastingHaggmark et a).2000 or for model

The system detects gross errors as well as biases and offevalidation. Furthermore, the evaluation of long-term climato-
objective correction proposals (deviations) for each observalogical data with respect to climate change, or the evaluation
tion. The essential gross error detection is not only based owf climate models is utmost dependent on high quality data.
the statistical behavior of station specific deviations, but alsdf measurements are biased or error affected, they may be in-
on the rate of cost function reduction. Beside a two dimen-terpreted wrongly as a climate trend or may conceal existing
sional application, higher dimensionalities may also be cho-climate signalsilaimberger2007).

sen, for instance including the time coordinate. Applications The many different QC methods can be distinguished ac-
and results are discussed for pressure, temperature as welbrding to their usage of prior knowledge (such as error
as for precipitation data which needs, however, a very densstatistics) or model information (such as first guess fields).
observation network. Real time application of VERA-QC al- Some QC procedures are directly embedded in the data as-
lows the production of high quality fields of meteorological similation process of NWPs, while others are designed to be
parameters, which can be used, e.g. for nowcasting as we#itand-alone preprocessing tools. Depending on the availabil-
as for model unbiased validation of prognostic models. ity of single point observations or spatially and temporally
distributed measurements, the applicable QC methods range
from simple limit and plausibility checks to more sophisti-
cated tests for spatiotemporal consister@tginacker et al.
(2011 gives a detailed overview of the nowadays common

Nowadays, it is well known that the output of a numerical QC methods and summarizes the different error types.

weather prediction (NWP) is, to a great extent, dependent. Leading Eurapean operational_ nume_rical weath_er_pre_dic-
on the quality of the input data. This awareness of the need©" centers put a lot of e.sz.o.rt n the.'f data assimilation
for a high data quality evolved from the very beginning of systems that provide the |n|t|a! conditions for the analy-
the NWP era when the quality control (QC) of observations S€S and forecasts of atmospheric compounds (e.g. European

1 Introduction
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136 D. Mayer et al.: Innovations and applications of the VERA quality control

Centre for Medium-Range Weather Forecasts ECMR&,  of VERA-QC, the recognition of gross errors, and a spe-
bier et al, 2000 UK's national weather service Met Office, cial treatment of clustered stations have been outlined in a
Rawlins et al. 2007 French national meteorological ser- previous paperSteinacker et al.2011). The scope of this
vice Méteo-FranceFischer et aJ.20050r German meteo- follow-up article is to discuss the applicability of VERA-QC,
rological service DWDWergen and Buchho)d002. The its operational applications and improvements, as well as to
quality control of the used observations is part of the as-present some case studies.

similation processAndersson andatvinen 1999, but in In Sect.2 we present the available data which VERA-QC
most cases these observations have already been checkisdapplied to operationally, as well as an associatation

by preceding QCs carried out at the national institutionsselection algorithnusing the concept of thminimum topog-
(e.g. Spengler2002. Smaller institutes usually do not run raphy. Section3 is concerned with summarizing the basic
global models and therefore other methods are used to cheghrinciples and special features of VERA-QC. Additionally,
the quality of their measurementSalvati and Brambilla  we discuss the applicability of VERA-QC which depends on
(2008 summarize the many different quality control proce- the parameter under consideration and scale of phenomenon,
dures in Alpine meteorological services. Most of them canas well as on the density of the observation network. The sec-
not afford the manpower to develop their own sophisticatedtion is concluded by the presentation of recent innovations.
QCs. This market niche has already been noticed and standifferent types of case studies are presented in Sdator-
alone QC routines can also be purchased (@@aliMET der to demonstrate the efficiency of the different QC modules
used by DWD,Spengler 2002 or the national meteorologi- and the overall performance of VERA-QC itself. In Sext.
cal and geophysical service of Austria ZAM&dler, 2009. we give a summary of further fields of applications which
Meanwhile, even open source QC-software has been devemade use of VERA-QC, and Se6tcontains the conclusions.
oped and is distributed through the internet (&wpss de-
veloped by the Norwegian Meteorological Institute (met.no)
and the Swedish Meteorological and Hydrological Institute 2

(SMHI)). . . )
At the Department of Meteorology and Geophysics at theEvery hour, approximately 2000 meteorological surface ob

. i : . fservations all over Europe are operationally combined to an
University of Vienna, an operational mesoscale analysis o

basic meteorological parameters called VERA is carried outflnaIySIS by VERA. Prior to that, they are checked by the

on an hourly basis. VERA is the abbreviation for Vienna En- wo dimensional VERA-QC. The available data are gathered

hanced Resolution Analysis and describes a thin-plate s “nfrom SYNOP (surface synoptic observations) and METAR
. . y o P 5P ?Aviation routine weather reports) bulletins, as well as from
interpolation method of irregularly distributed observations

t0 a regular grid. A special feature of VERA is the possibility the dense automatic station network of the Austrian Meteo-

. : . rological Service, but originate also from the Regional Me-
to combine measured values with measurement-independen . . A P
o . . : . teorological Service of Friuli Venezia Giulia, OSMER (Os-
a priori information calledringerprints (Steinacker et al.

servatorio Meteorologico Regionale). The used parameters
2009. . are precipitation RR, the zonal and meridional wind compo-
VERA analyses are used for teaching purposes at the de- '

partment, for case studies, at field campaigns, for model val-nentsu ando, scalar wind speefV/|, potential and equivalent

idation or even for nowcasting at the Austrian Aeronautical potential temperatur® and © and mean sea level (MSL)

Meteorology Service (Austro Control). In all these differ- preszl:;eﬁrgsi.vglgtfer J:qa:r:g gbpsr:r?/:aodc?/saijr;i ?(t)?i;)rﬁ ir;gture
ent fields of applications, the quality of the analyzed data is” "¢ b ’

. - ; . . ~dew point and surface pressure. This step is necessary be-
essential and a sophisticated preprocessing QC is required. . . . .
; . Cause different weather services may use different reduction
Such a QC method has to be optionally independent of an

prior knowledge, which is not available at field campaigns,¥0rgzjuIazsciﬁmg?&ggdtirr;]eesfsﬁ)ir;n;i;ﬁr‘c;is of the actual around
and independent of model data, which would bias a model P 9 y 9

validation. Therefore, many existing advanced QC proCe_observatlons (e.g. temperature measurements) in complex

. . . : . - terrain, the predominant visible information is the height de-
dures (Bayesian QC, QC using optimum interpolation, vari- o ; .
. " pendence. However, most applications require representative
ational QC) are not qualified for our purposes, and the per- : . .
. . . .~ information regarding valleys and lowlands, and are not in-
formance of simpler spatial consistency checks (QC usin . i
. . . . ) . erested in the actual values at the mountain tops. Conse-
spatial regression or inverse distance interpolation) was no

convincing. An earlier QC procedure for VER/&tginacker Guently, a st_atlon selection algorithm ha? been develope_d to
. exclude stations that are not representative for these regions.
et al, 2000 was already based on the promising concept of

minimizing the curvature of the analysis field. Nevertheless,Therefore’ the concept of the minimum topography is used.

its application was limited (e.g. to two dimensions, no cluster
treatment, to a high degree depending on the station distri-
bution) and hence, a new QC method had to be developed,
named VERA-QC. The underlying mathematical concepts
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Fig. 1. Comparison of the real topograp{a) and the idealized minimum topograptb) for the Central Alpine domain. The bold white lines
illustrate national borders and thin white lines federal state borders. The black solid line in the south shows the coastline of the most northern
part of the Mediterranean Sea. Major cities are marked by black squares with white frames. The shading refers to the absolute height above
sea level.

2.1 Minimum tOpOgraphy Concept of a station selection algorithm

2500,

Real Topography

The minimum topography is derived from the real topogra- ° N Minimum Topography
phy by smoothing summits and mountain ridges, but with- ™" 5 Shifted Minimum
out lifting valleys, as conventional smoothing algorithms _ TR fooeraphy
N
A\

Unsmoothed Minimum
do. Plains are not affected by this modification, valleys and =5 711}1?;:‘:%“&] height
basins are widened, and the inclination of slopes is reduced,
which may lead to the reduction of a mountain’s eleva- 1w ;
tion. Sufficiently narrow mountains between valleys disap- "N\ [
pear and, as a consequence, these valleys are connected to g,
broader artificial valley.

Mathematically, this procedure can be realized by replac-_ _ _ _ _
ing the real height at any point with the minimum height of Fig. 2. Concept of the station selection algorithm on the basis of

. s . . . . a north—south cross section through the mountains near Innsbruck
all points within a certain (radial) distance from the consid- ) . ;
. . A . (compare Figla). The reasons for accepting stations (compare sta-
ered point. This radius is typically set to a value of 10 km

. - . ) . tions 1, 2 and 6) or for discarding stations (compare stations 3, 4
and the field obtained is smoothed in order to avoid roughang 5) are explained in the text. Note that the absolute maximal

structures. height was set ta& = 1300 m (instead of = 1500 m) and the ratio

In Fig. 1, the real topography (a) is compared to the ide- to r =50 mkni? (instead of- = 15 mknt 1) in order to create an
alized minimum topography (b) for a domain covering most example containing all three criteria for excluding a station.
of the Eastern Alps. Note that plains are not modified in (b)
(e.g. the region between Vicenza and Udine), summits are
smoothed (e.g. the main chain of the Alps), and only mainpreserving main valleys, and leaving plains unmodified) are
valleys are preserved (e.g. Inn Valley with the city of Inns- €specially noticeable when comparing the real and the un-
bruck, which is marked in the figure). For a more detailed Smoothed minimum topography.
example (Fig.2), we consider a north—south cross section ~This procedure is, for example, describedBita et al.
(held constant in east-west direction) through the mountainé2007). A similar approach is presented Htaiden (1998
near Innsbruck. In addition to the height of the real topog-Where a comparable idealized topography is nawedtey
raphy (bold black solid line), the smoothed as well as thefloor surface
unsmoothed minimum topography is illustrated (bold gray
solid line and thin gray solid line). The formerly mentioned
properties of the minimum topography (smoothing summits,

__ Maximal allowed
inclination
® Accepted stations

O Discarded stations
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2.2 Station selection algorithm Table 1. Decisions of the station selection algorithm for the six sta-
tions in Fig.2. The columns labeled with Crit 1, Crit 2, and Crit 3
There are three criteria for an observation to be excludedefer to the three criteria listed in Se@t2 (absolute height, dif-
from an analysis: ferenceAh between the absolute heighand the height of the min-
imum topography:1, and the ratio- of the vertical and the hori-
— The absolute height of a station is too large. Com- zontal distance between two stations). Accepted stations are marked
puting reduced values (e.@red, ®, Og), a consider- by the,/ symbol and discarded stations by thesymbol.
able reduction error can be expected for high stations.
Therefore, the station selection algorithm of VERA-QC Station Critl Crit2 Crit3 Total
excludes all pressure observations abbwel 500 m.

— The difference between the absolute heighif a sta-
tion and the height of the smoothed minimum topogra-
phy Ayt exceedsAh =h — hyyt =400 m. Note that the
vertical distance between valleys in the real topography
and those mapped on the minimum topography can ex-
ceed a few 100 m, depending on the inclination of the
actual valley floor. This threshold is chosen in order to
accept all stations along the valley floor, and, in con-
trast, to exclude stations that are located too high abov
the valley floor.

24X X 2 2
2UX X X 2
LUX X X 22

CUbWNR
LA X A&

3.1 Basic principles of VERA-QC

%ur previous article calleata Quality Control Based on

Self-ConsistencySteinacker et al.2011) was dedicated to

— If the ratio of the vertical and the horizontal dis- €xplaining the mathematical background of VERA-QC in
tance { = Az/Ax) between two stations is too large, full detail. Subsequently, we give a short outline of these
the higher lying station is excluded. The user definedfundamentals.
threshold for the maximal allowed ratiois defined as After data passed simple limit checks, measurements of
r=15mknTL. The meaning of this criterion becomes €ach parameter are examined for their spatial or, if requested,
obvious when considering exposed wind measurement#or their spatiotemporal self-consistency. For paramefers
on hills or temperature measurements above an inverfeaturing a high redundancy with regard to the available ob-
sion. These observations would add a micrometeorologservational network (e.g¥ =® or pred), we postulate that
ical error to the analysis because they are not resolvabléhe error-free analysis fieMia should be smooth. Mathemat-

by the available observational network and therefore arecally, this can be expressed as an optimization problem min-
excluded by this third regulation. imizing the cost functiory (¥5) which is defined as the sum

of the squared curvatur€svaluated atthe =1, 2, ...,N(G)
Note that, for a station to be excluded, only one criterion grid points:

has to be fulfilled. Figur@ illustrates an example station dis-

tribution and schematically outlines the different criteria of N(G) N(G) D 92w, 2
the station selection algorithm. Accepted stations are symJ (Va) = Z (Co)i=>" Z Z ( d10ds ) — min. (1)
bolized by black circles and discarded stations by white cir- nodi=ldy=

cles. Tablel shows which regulations are, and which are not

fulfilled by each single station. . . . . :
. . . . . consideredD dimensional domain, which are used for com-
Naturally, this station selection algorithm can be skipped _ " ..
puting the curvature.

or altered depending on |nd|_V|dua! requ]rements._Opera Due to the fact that neither the analysis fidg nor its
tionally, the VERA-QC (including this station selection al- ; .
. . . . S curvature are knowrt;(W5) has to be approximated by a first
gorithm) is optimized to deliver the most representative input . .
order Taylor series around the curvature of the observed field

data for VERA analyses. C(W¥o). Following this approach, we write the cost function
J as

3 Methodology 2

d1 anddy denote the spatial or temporal coordinates of the

-(2)

S

%W, 3 HEVN
This section summarizes the basic concepts of VERA-QC, it Z Z Z Z |:3d1 ady Z Wy <8d1 8d2> M’"}
shows which parameters the spatial consistency check can be
applied to and it also presents innovations. The latter help to Before explaining Eq.3) in more detail, we have to define
improve the QC of operationally collected data as well as ofthe concept of local neighborhoods. In contrast to some com-
data collected in complex terrain. mon consistency checks, which work with a constant radius
of influence, VERA-QC uses the concept of natural neigh-
bors: with the help of the Delaunay triangulation, a primary
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neighborhood g (m), enclosing the first neighbors of the re- relative reduction of the analysis field’s curvature. Weight-
garded central statiom and the central station itself) and a ing the deviations withV,, offers the advantage that devia-
secondary neighborhood({z), enclosing the neighbors of tions caused by the mentioned error propagation are reduced
the primary stations, the primary stations as well as the reconsiderably.
garded central station) are defined for each statian. The
advantage of this method is the possibility to adapt automati-3.2.2 Recognition of gross errors
cally to varying station densities within the whole considered
domain.

These definitions in mind, Eq2) can be read as follows:

These weight3¥V,, are also used to recognize gross errors. If
the cost function reduction exceeds a user defined threshold,
and additionally, if the weighted deviation is large compared
— The cost function/ consists of as many terms as sta- to all the other weighted deviations in the domain, the ob-
tions exist in the considered domain (summation overservation is assumed to present a gross error and therefore is
m). discarded. After eliminating these gross errors, VERA-QC is
repeated for the remaining stations.

— For each station, another summation over the corre- Qperationally, a cost function reduction of 80 % is chosen
sponding secondary neighborhood (subsar)ds per- o indicate a potential gross error. Additionally, the absolute
formed. The information for the Taylor series expansion ygjye of the involved weighted deviation has to exceed the
related to the actually considered main statipis gath-  median of all absolute deviations within the whole domain
ered from this local secondary neighborhood. by a certain factor (in the operational setting 30 times).

- the the subscripp (p € s), \(vhich denqtes th(_a primary 353 cluster treatment

neighborhood of the considered main statian The

values of these stations are allowed to vary; in otherthe concept of weighting with the cost function reduction

words, they are allowed to be erroneous. usually works very well. Nevertheless, there are still some
problems if a station, located very close to others, is erro-
neous. Therefore, close stations are combined to a fictive
cluster station. At first, VERA-QC is applied to this mod-
ified station distribution. The computed weighted deviation
for such a fictive cluster station is assigned and applied to
the single cluster members. Then, VERA-QC is executed for

In order to compute these deviations, the cost funciion the second time. Finally, the proposed corrections from both
from Eq. @) is differentiated with respect to aW,,, which ~ iterations are combined to a final deviation.

are the values of the analysis field at the positions of the L
m=1, ..., N(M) stations in the considered domain. This 3.3 Applicability of VERA-QC

Iead; to a system of linear equations that can be solved by, spatial consistency check of VERA-QC is only applica-
matrix inversion. ble to measurements featuring a high degree of redundancy.
This property is fulfilled if the scale of the considered phe-
nomenon is large compared to the mean distance between

If the so calculated deviations are applied without further the observation points. Looking at the available surface ob-
consideration, it could happen that an error propagates fronf€"vation network and the mvesng_ated parameters (described
one erroneous station to surrounding stations. The probabilln S€ct.2), the requirement of a high redundancy is not sat-
ity for such an error propagation is high in the case of gross'Sfied by the parameter precipitation and especially not by
errors, or if an erroneous station is located very close to oth CONVECtive precipitation.

ers. In the following three subsections, we present a way to A method to quantify this criterion is to compare the mean
handle these problems. station distancé to the parameter specific decorrelation dis-

tancedp. For this purpose we consider hourly pressure and
3.2.1 Reduction of the cost function precipitation observations from June 2011. In order to com-

pute the parameter specific decorrelation distances, all time
Supposing an observation field with one central outlier, theseries of observations were compared to each other and the
VERA-QC would compute a high deviation for the error af- corresponding correlation coefficients were calculated. In a
fected station, as well as smaller, but still significant devia-further step they can be described by an analytic autocorrela-
tions for the surrounding stations. In order to find out to whattion function p(d). The decorrelation distaneg is defined
extent a deviation should be applied, its effect on the costs the distance where the autocorrelation function reaches the
function J is considered. A weighting factot/,, is obtained  valuep(dp) = e 1~0.37.
by applying only the deviation in question and observing the

— The differences ¥, — W,) = AV are the so-called de-
viations which present the only unknown variables
in Eg. @). By adding the deviations to the observa-
tion field, errors are corrected and the analysis field is
obtained.

3.2 Special features of VERA-QC
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Fig. 3. Comparison of the autocorrelation for the parameters MSL-pregajiend precipitatior(b) as a function of the station distances

based on the hourly measurements of June 2011. The correlation is presented by the adjusted analytical autocorrelation function (black
bold line). In addition to the decorrelation distance (gray dashed line), the median of all distances between neighboring stations is marked
by a gray vertical line. Whereas (&) the median of station distances is small compared to the decorrelation distafizettiay are of
comparable magnitude.

Weber and Talkne1993 give an overview of different feature a higher autocorrelation than two stations separated
autocorrelation functions of varying complexity. For our sim- by the mountain ridgelanzinger and Steinacket990.
ple purpose, which is to compare the different spatial prop-
erties of precipitation and MSL-pressure, we chose the fol-3-4  Innovations of VERA-QC
lowing exponential model as it is described, for example, in

Gebremichael and Krajewsi004): Since many o_bservatlons in the operat|onally.c0n5|de_red Eu-
ropean domain are collected in complex terrain, special chal-

) = exp| — d 5o 3) lenges regarding temperature measurements arise. Therefore,
pld) = €xp d instead of considering potential temperature, the difference

between® and the corresponding value of the standard at-
mosphere is controlled. Starting with the operational execu-
tion of VERA-QC, the deviations are stored continually and
’ offer the possibility to compute a bias correction and are also
of a least square algorithm. used to improve the gross error recognition. In the following

F|g}Jre 3 shows the autoc_orrelatlon as a function of three subsections we will present these innovations.
the distance between all stations for the parameters MSL-

pressure (a) and precipitation (b). Instead of illustrating all3.4.1 Consideration of relative values
the single scattered pointg,(p(d)), the density of this point
cloud is indicated by different shades of gray. In addition, If the horizontal VERA-QC would be applied to temperature
the point cloud is described analytically by E®) @nd is  measurements, the temperatures of the few elevated stations
symbolized by the black bold line. The dashed gray line in-would be increased significantly. In order to avoid this behav-
dicates the decorrelation distance, whereas the vertical graipr, the potential temperatuk is considered. Nevertheless,
line illustrates the median of all distances between neighborthere still arises a problem. In general, the actual lapse rate is
ing stations. smaller than the dry-adiabatic lapse rate, but the computation
Note that, for adequately resolving a phenomenon, theof ® bases on the assumption of a dry-adiabatic atmosphere.
mean distance between neighboring statidhbas to be As a consequence, the 2-D VERA-QC systematically pro-
much smaller than the decorrelation distan&ge of the duces negative deviations for elevated stations as shown in
considered parameter. As the two graphs in Bgshow, Fig. 4. This behavior is more strongly pronounced in summer
the parameter MSL-pressure fairly fulfills this criterion months due to the strong local heating in valleys (reduced air
(d =68km<« do=1475km), precipitation, however, does volume) and above elevated plains.
not (@ = 62 km~ dp =113 km). To overcome this problem, the relative val@gs, com-
It should be mentioned that the autocorrelation is not onlyputed as the difference betweén and the corresponding
a function of distance, but is also influenced by additionalvalue of the standard atmosphere at station height is
factors such as orography. Two (even more distant) stationsalculated in a preprocessing step. This implicates the as-
at the same side of a main mountain ridge will most likely sumption that the actual lapse rate is approximated by the

The shape factayy allows the autocorrelation function to
differ from the common form of the exponential function.
These two parametetly andsg were adjusted with the help
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~ Bias corrections for potential temperature values measurements. After 30 days, the first bias correction is com-

o in the greater area of Austria and Switzerland, July 2010 puted and can be applled to the next day's m_easuremems.

T N ‘__‘ =213 3x+4T16 Henceforward, at the end of each day, a new bias correction
= 1500 - is computed. Note that the parameter specific time interval
f_)ﬂ 10001 3 moves as well. As an example, the bias corrections for MSL-

= pressure, valid for 31 July 2010, are shown in FigAs ap-

é 3001 7 parent in this figure, the bias corrections are spatially uncor-
” 05 ! . . related. Note the high magnitudes of the corrections, which

Bias correction [hPa] are mainly due to reduction errors, caused by erroneous sta-

tion heights.

Fig. 4. Bias correction (black dots) fap as a function of the sta- Operationally, the bias correction is carried out at the be-

tion height, evaluated for stations in the greater area of Austria a”‘binning of VERA-QC. As a result, the roughness of the ob-

Switzerland in July 2010. The regression line (gray line) shows thatge  4iion field is already reduced before minimizing the cur-
the higher the stations, the more negative the bias corrections are

The absolute height limit of the station selection algorithm (opera—vature of the analysis field. The deVIetlonS of the bias cor-
tionally 1500 m) was raised to 1800 m for this case study. rected r_neasurements are rather distributed around zero and
are mainly caused by random errors. If a systematic error
featured a high magnitude, it often occurred that VERA-QC
moist-adiabatic lapse rat& ¢ = 0.0065 K nt1), which is in without bias correction identified the.affected measurement
accordance with the mean atmospheric conditions. The modi© b€ & gross error. Thanks to the bias correction, observa-
ified variable®e has the advantage to be distributed more fions of such stations are retained and increase the amount of
smoothly even in complex terrain and a 2-D VERA-QC can Utilizable data.
be applied to®e without producing additional systematic
errors.

FigureSillustrates the improvements that can be attributedrg gtored deviations can also be used for computing vari-
to the consideration of the relative valégsi. The application a0 station specific thresholds to detect gross errors. These
of VERA-QC to© values yields the results presented in (), |jmits enhance the previously described gross error recogni-
whereas when appll_ed @re' values (b), the _systematlc de- tion, which is based on the impact a deviation has on the
pendence on the height is reduced to a minimum. curvature of the analysis field (correcting a gross error leads

For computleg the equivalent potential tempe_rat(Eme to a significantly lower curvature, cf. Se@t2.2.
the lapse rate is alreedy assumed .to be the moist-adiabatic Every month, new thresholds are computed based on the
one. Thus, the described problem is not as pronounced fof5¢ month's weighted deviations. For the definition of a

Oeasitis for®. lower limit (L1) and an upper limit £7), the first and the
third quartile Q1 and Q3), as well as the interquartile range
IQR=Q03— 03, are used:

If a measurement of a s?ngle station is affected py asystemy, — g; — 3IQR, Ly = 03+ 3IQR. (4)
atic error persisting in time (e.g. always yields in too high
Va|ues), VERA-QC will compute deviations of the Opposite An observation is identified as a gross error if its value
sign (e.g. negative deviations) in order to correct the erro-does not fall within the intervallf;, L>] and if, additionally,
neous measurement. The operationally stored deviations fois absolute value exceeds a user defined constant limit. Note
such a station are characterized by a median with absolutéhat, for the gross error recognition, only one criterion (the
value significantly greater than zero. This shift in the devia-0ne described in this section or the one in S8@.2) has to
tions can be used to compute a bias correction. be fulfilled.

The bias correction is defined as the median of the un- Figure8 illustrates this concept for the equivalent poten-

weighted deviations\ W that have been collected within a tial temperature values of an exemplary station for Novem-
parameter Specific time interval. For the parameiaes, ber 2010. The user defined constant limit is set#%°C (thln

u, v, and |V|, this time interval spans the last 30 days solid black lines) for this parameter. Both thresholds (black
(720 hourly observations). The deviations for the parameterglash dotted lines) are used in December 2010 for the gross
© and®e, as well as the parameters themselves, are subjed@!Tor recognition.
to seasonal variations. Therefore, this time interval should If only the individual time series of measurements would
span a whole year, but in order to save computational effortpe used for a station specific gross error detection based on
the deviations of the last month and those of the month halptatistical thresholds, extreme weather related observations
a year ago are taken into account. are likely to be rejected by mistake. Using deviation time
Figure 6 illustrates the Chrono|ogica| sequence of un- series instead offers additional spatial information to identify
weighted deviations for a station with bias affected pressureéinusual atmospheric phenomena.

3.4.3 Improvement of gross error detection

3.4.2 Bias correction
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a Median of unweighted deviations [°C] b Median of unweighted deviations [°C]
for ©, July 2010 for ©,, July 2010
o o Median of
3 L deviations:
= £ o>0
k k <0
a5 o 004
5 o s 10 15 5
Longitude [°] Longitude [°]

Fig. 5. Comparison of the median of unweighted deviations compute®f¢a) and for the relative valu®,ej=© — ®* (b) in July 2010

for a domain covering the Southwest Europe. Applying the VERA-QC to the potential tempegata)evalues of elevated stations are
reduced systematically (circles), whereas values of neighboring coastal stations are increased (squares). If VERA-QC is applied to the
difference between measurements and corresponding values of the standard atméxgf)ethig height depending behavior is reduced
significantly(b). For better visibility, only deviations diA®| > 3°C are illustrated.

Computation of the bias correction Bias correction for p,, (> 5 [hPa]), 31" July 2010
14 r
/ M" """

=t I 30d
=} 30d
ok o Median of
< % % o deviations:

L £ o>0

3 <0

T S T T T S A

December 2010 January 2011
W Unweighted deviations AY = Daily bias correction ) : . M .
. . 1 . . -5 0 5 10 15 20 25
— Tlme interval 1 Tlmc interval %4 Longitude [°]
(Bias for the 1" January) (Bias for the 2™ January)

Fig. 7. Example spatial distribution of the bias correction$ hPa
Fig. 6. Schematic illustration of computing a bias correction. The for MSL-pressure, valid for 31 July 2010 within the European do-
daily bias correction (dark solid horizontal bars starting at the be-main. Circles symbolize negative bias corrections, and squares mark
ginning of January 2011) is defined as the median of the unweightegbositive ones. In most cases, these can be explained by reduction er-
deviations (rough solid black line) within the user defined time in- rors (e.g. due to wrong station heights).
terval (e.g. the last 30 days) and is valid for the next day. Note that
the bias correction is allowed to vary and can automatically adapt to
new situations (e.g. calibration of the instrument or changing station
distributions). Experienced meteorologists supervise and evaluate the re-
sults achieved by a certain set of thresholds. According to
their suggestions, the thresholds are altered. This procedure
Within the two preceding chapters, which describe the stadis being repeated constantly with the goal to optimize the
tion selection algorithm and the methodology of VERA-QC, proportion of rejected observations and that of accepted non-
many different threshold values have been presented. Theepresentative observations for our available observational
process of optimizing the chosen threshold values can ba&etwork (thus, for the available station network density).
considered as an iterative process taking quite some timeThere are no objective configurations valid for an arbitrary
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Computation of a station specific upper and lower limit 4 Results and examples

. for the Gross Error recognition

A upper threshold = Q3 +31QR_ > x | The following two sections present the changes and improve-
— |x « . * N ) N ments visible in the VERA analysis if VERA-QC is used
= " [ x xox X for preprocessing. First, monthly means of gridded hourly
E i;ﬁ:iﬁqziiénmﬁe‘?ﬂgg;t&&m' * ’*M"& x tl\/IhSL-preszsu_re values for July 2011 are considered. Second,
3 & P e R Y B F i Y xﬁ“{mﬁ— e graduz_il |mprovements by applylng different QC modules
ER ox fl % i"i* x f:’“”;‘“& xw oKX g * X are investigated. In a third section, the 2-D and 3-D VERA-
o e g K Xy x5 S X ”‘-}: % . QC is applied to a high-resolution precipitation data set. Real
g S EA x x "‘* problems that arise when working with raw data collected at

LT T lower threshold = QT -31QR =~ a field campaign are addressed.

‘ ‘ x Weighted deviations —— Constant limit =2 IQR=Q3 - Ql‘ x
! November 2010 4.1 Effects of VERA-QC visible in mean values

Fig. 8. Weighted deviations (black crosses) fog of an exemplary |, o der 1o investigate how the bias correction (S8ot.2)
statlo_n for November 201_0. These_ _constltute the basis for the Comf:opes with systematic errors, monthly mean values of grid-
putation of a variable station specific lowér,() and an upperi(»)

limit (black dash dotted lines), which support the gross error recog-ded hourly MSL-pressure observations are conS|d_er¢d. This
nition. 01 and Q3 denote the first and third quartiles (dark gray Strateégy was chosen because random errors are eliminated by
dashed lines) and IQR the interquartile rangg C 01, dark gray ~ @veraging and thus do not distort the improvements caused
area). Additionally to the variable limits, constant values (thin solid by the bias correction.
black lines) of+4°C have to be exceeded in order to recognize  After the hourly measurements of July 2011 have been an-
an observation as a gross error. In December 2010, all observatioralyzed with the help of the analysis tool VERA, these hourly
with weighted deviations outside the intervély| Ly] (light gray  gridded data were averaged. First, this procedure was applied
area) would be identified as gross errors. to the pure, uncorrected observations (Big) and secondly,
to the quality controlled data (Fi§b). VERA-QC included
) i i aill presented innovations, especially the bias correction.

obse_rvatlpnal network and the human component is essentia In July 2011, the predominant pressure distribution was
at this pom't. ) , characterized by two lows (Baltic Sea and Aegean Sea) and

The setting of such thresholds is strongly constrained bya high pressure system (Bay of Biscay). Averaging the an-

the mtel_"lded usage of observations and the re_latpnshlp bP?ilyzed uncorrected observations, the resulting pressure pat-
tween hits, misses, false alarms and correct rejections has ®ins are mostly covered by systematic errors. In Biy

be optimized individually. However, the intention of VERA- these errors are noticeable as locally persistent, mesoscale

QC.is to provide rgpresentative mgasurements regarding thﬁressure perturbations. Some high-magnitude errors increase
available observation network. This means, VERA-QC only i . ,rvature of the analysis field significantly.

accepts atmospheric phenomena of a scale that is large COM-\nhen applying VERA-QC without bias correction to

pared to thg mean station distance. , these observations, most of the systematic errors are recog-
Co.ncludmg this methodol'ogy .chapter., I shoulq be €M-hized as gross errors and therefore are discarded. As a result,
phasized 'that the \./ERA'QC S strictness is depe_ndmg on theyne would obtain an averaged field comparable to the one in
local station densﬂy. In areas Of. a _d_enser station ne_tworkFig.Qb. But the advantage of the bias correction becomes ob-
VERA-QC can —with a higher reliability — control, confirm, ;5,5 \when investigating the amount of recognized gross er-
or criticize measurements that were caused by phenomeng, ¢ \yhereas 9193 measurements (0.99 %) within July 2011
of a wider range of meteorological scales. The probability} . .« peen recognized as gross errors by VERA-QC with-
of gross error detection for an error of the same magnitude, ¢ pjag correction, this number has been reduced to 3522
decreases with increasing median station distance. This Ca{ﬂ).38 %) by applying the bias correction. Especially in areas
be explained by the fact that an error of a certain magnitude"Nith only few observations, no measurement should be dis-

leads in a dense observation network to a higher curvature o unnecessarily. Figug (QC with bias correction)
of the observation field than it does in areas of lower station;

i : . . i ) ) illustrates the predominant pressure patterns of July 2011
density. In order to quantify this relationship, we investigated., - :
L =~ without troublesome noise.
the dependency of the absolute value of a deviation (iden-
tified as a gross error) on the median of station distance

(considering only primary neighbors). Expressing this rela-

tionship in terms of a linear regression, we foqnd a dep?”‘l’he VERA-QC tool allows to activate or deactivate many
dence of approximately +3.5 K/1000 km regarding poten'ualom.ferent QC-modules as they were described in Sdhe

tempera;lérlezas an example (based on results from July 201&sage of the weighting factor, the recognition of gross errors,
to June )- the cluster treatment, the consideration of relative values (for

Step by step effects of VERA-QC
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Monthly mean of the analyzed hourly pressure observations for July 2011

b With quality control including bias correction
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Fig. 9. Comparison of monthly mean values of the analyzed hourly MSL-pressure observations for July 2011 witlf@apamCwith QC

including bias correctiotfb). The hourly measurements have been analyzed with the help of the analysis tool VERA, the monthly mean
values are based on the gridded data. Systematic errors, especially those with high magnitude (e.g. caused by reduction errors), have bee
corrected. As a result, the mean gridded valuggjrare distributed more smoothly.

potential temperature) and the bias correctiorGieinacker 4.3 Usage of VERA-QC for field campaigns
et al. (2011, we focused on presenting the effectiveness of
the modules “usage of the weighting factors”, “gross errorIn order to present the versatility of VERA-QC and how it
recognition”, and “cluster treatment”. The “consideration of could be used at field campaigns or for case studies, we in-
relative values” was the topic of Se8t4.1and in the follow-  tend to focus on different possible applications of VERA-
ing, the last module “bias correction” is investigated in more QC to data, that were collected in 2007 at the field cam-
detail by means of a case study. paign COPS (Convective and Orographically-induced Pre-
Conducting a field experiment or a case study, normallycipitation StudyWulfmeyer et al. 201]). We use measure-
no prior knowledge to compute the bias correction is avail-ments from the mesonet operated by the University of Vi-
able and the corresponding bias correction module can nognna, which was located in the Black Forest region in the
be executed. In order to present the quality achievable bypouth West of Germany. Ninety-six automatic weather sta-
VERA-QC with and without bias correction for one special tions (type HOBO) were arranged to resemble a regular grid
case, Fig10 compares the original pressure observations ofwith @ mean distance between stations of approximately one
5 July 2011, 06:00UTC (a) to the quality controlled mea- kilometer. The high spatial and temporal resolution of ob-
surements after applying VERA-QC without (b) and with servations fx~ Ay~ 1km, Az=1min, but in the case of
(c) activated bias correction. Note that both quality controlledPrecipitation — due to the relatively low detection resolu-
fields (b) and (c) illustrate significant improvements com- tion ARR=0.2mm — accumulated @ =10 min for post-
pared to (a), and no essential difference between (b) and (djrocessing) allows to apply the 2-D or 3-D VERA-QC even
is noticeable. Thus, the overall quality achievable for datato convective precipitation values as explained in Se&.
collected at field campaigns or for case studies (in both casehe considered time period (6 h from 18:00 to 24:00 UTC on
no prior knowledge is available) is comparable to the quality20 June 2007) was chosen because in this interval an inten-
achieved by a full QC run including bias correction. The ad- Sive precipitation event occurred.
vantage of a full VERA-QC, however, is that the amount of Depending on the particular requirements when using
recognized gross errors and therefore rejected observations §sOPS data, an accurate QC has to fulfill certain specifi-
reduced significantly (in the presented case: from 0.89 % tccations. One might be interested in keeping and therefore
0.38%). Depending on the individual requirements, it can becorrecting as many observations as possible (minimal or no
important to keep as many observations as possible. Climatgecognition of gross errors by the QC) or one might allow
studies, for instance, would intend to retain as many uninterthe QC to eliminate suspicious measurements. Thus, the op-
rupted time series as possible and thus would profit from dimal settings for a QC depend on the types of errors the user
bias correction. wants to discard from the data set by all means (e.g. random-,
gross- or systematic errors). In the following subsections, we
will present three case studies outlining how the settings of
VERA-QC can be adapted to different requirements.
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Comparison of different VERA-QC levels
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Fig. 10.lllustration of how observations are gradually improved by the VERA-QC. For all four figures, the values at the station positions in
the European domain are interpolated to a regular grid by the analysis tool BR®hows the original MSL-pressure values, computed
from the 1567 observations on 5 July 2011, 06:00 U .Presents the quality controlled observations, however no bias correction was
applied. An amount of 0.89 % of all observations are identified as gross errors and thus are excluded from the(en@lysigs the results

after applying the complete QC (with bias correction). The amount of gross errors is reduced to 0.38 %. F{daligeidifferences between

the quality controlled and original observations are illustrated.

Note that, because of the regular station distribution, clus-nsects inside the gauge or by external forces shaking the
tering was deactivated. Furthermore, the cost function reducinstrument.
tion limit for detecting gross errors was set to 20% in all  Figure11 presents the observed 10 min precipitation val-
cases. Before controlling three dimensionaly, t) datawith ~ ues of 20 June 2007, 23:20 UTC. At this time two stations
VERA-QC, the spatial and temporal resolutions of observa-reported erroneous random tipping (light gray bars). Sup-
tions get adjusted to be comparable (accounting for the typposing the user does not allow to discard any observations,
ical speed of propagation of the considered phenomenon}he gross error recognition module of VERA-QC was deac-
This is done by multiplying the temporal coordinates by ativated. Whereas the 2-D VERA-QG (y) is able to correct
so-called anisotropic factor, formally defined as a velocity. the two erroneous observation values to an extent of 90 %, the
Additionally, this factor can also be used to weight the spa-3-D VERA-QC (x, y, 18:00< ¢ <24:00 UTC) improves the

tial or temporal coherence individually. percentage of correction to 98.5%. The higher efficiency of
a 3-D VERA-QC was already presentedSteinacker et al.
4.3.1 QC of random tipping detected by rain gauges (2017 by considering a comparable analytical example (see

Fig. 9 of Steinacker et a12011).

A well known problem when working with rain gauges

is the random (temporally singular) erroneous registration
of the minimal resolvable reading (0.2mm) although no
precipitation occurs. This random tipping may be caused by
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Observations and corrected observations Observations and corrected observations
02
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Fig. 11.1llustration of the station positions and observed 10 minutes
precipitation values on 20 June 2007, 23:20 UTC, collected during
the field campaign COPS (light gray bars). Note the two readings
of 0.2 mm which are very likely due to erroneous random tipping or
due to read out of memory, because no precipitation was observed
at this time. The medium gray bars symbolize the observations cor-
rected by a two dimensionat (y) VERA-QC without gross error

recognition, and the dark gray bars stand for those corrected by a
three dimensionalx, y, t) VERA-QC without gross error recog-

nition taking into account all measurements between 18:00 andtjy 15 presentation of the observed 10 min precipitation values
24:00UTC. on 20 June 2007, 21:40UTC as light gray bars. The dark gray
bars mark the corrected observations after a two dimensianal (
y) VERA-QC (without gross error recognition) was applied. The
4.3.2 QC of a 2-D high resolution precipitation field black arrow points at a station that was located within a field of
heavy precipitation but nevertheless was stuck at a reading of zero
When conducting measurements, it can always occur thamillimeters. This malfunction could be observed for the entire pe-
one instrument fails. As in our case, we consider a rain gaugéiod of 20 June 2007.
which registered constantly 0 mm independent of the occur-
rence of precipitation. Suppose doing a 2-D case study about . o :
a specialpprec?pitation evgr?t withoutgr]laving prior know)I/edge exc.:luded. For the considered time mtgrval (spanning 19:30 to
concerning previous or following measurements, one has t(?_A'_'OO UTC)as-D \_/ERA'Q_C)(’ Y, ) with gross error recog-
work, for example, with the information illustrated in FitR hition can be applied. In Fidl3, the correcte(_j ol?servatlons
as light gray bars. At first sight, the observation marked bygre conn_ected by the black anq gray solid lines, respec-
the black arrow seems to be erroneous. Applying the 2_Dt|vely. Prior to and after the precipitation event centered at

VERA-QC (x, y) leads to the corrected observations, shownt2h2:08 UTE’ trl;e blac:.< solid line |.sc,j|nt;a.fr_rudpted, indicating that d
as dark gray bars in Fig.2. The considered erroneous mea- € biased observations were ldentified as gross errors an

surement was successfully adapted to its surrounding obseFhus were excluded. Where no or only little precipitation was

vations, which all registered a heavy precipitation event, eveg(;_bser;/ed, the 3-D VIfRA'QC s able tODC or_recilal |dent|fy_:htg
though the erroneous station is located at the edge of the o Jlased measurementas a gross error. buring the preciprtation
L event, this erroneous observation is adjusted to the measure-
servation field. - . . )
ments in its surroundings. Although no bias correction was
applied, the 3-D VERA-QC successfully handled this sys-
tematic error.

4.3.3 QC of a systematic error without prior knowledge

Although an erroneous instrument may in fact be able to

register precipitation, it may occur that a temporally per-5  applications

sistent constant value is added to the observations. Such a

case is illustrated in Figl3. The measurements of the er- Quality controlled measurements constitute the basis for
roneous rain gauge are marked by black dots, the observanany different applications. Furthermore, also the computed
tions of 12 neighboring stations are symbolized by gray as-deviations themselves offer valuable information. The fol-
terisks. Their comparison indicates a bias of 2mm in 10 minlowing two sections overview different possibilities to make
for the former mentioned erroneous observation. If a casaise of VERA-QC and its results.

study demands to achieve a high accuracy, one has to accept

that observations are flagged as gross errors and therefore are

Geosci. Instrum. Method. Data Syst., 1, 135t49 2012 www.geosci-instrum-method-data-syst.net/1/135/2012/



D. Mayer et al.: Innovations and applications of the VERA quality control 147

Observed and corrected time series approach is to use the deviations computed by VERA-QC

! ! ! ‘ ! ! ! for determining the magnitude of these perturbations.
Investigating the temporal variations in the deviations

helpedSperka and Steinack€2011) to develop a method

for creating a homogenized 3-hourly MSL-pressure analysis

data set. After determining breaks in the deviations time se-

ries, the measurements within these breaks are corrected by

1 the bias calculated from the deviations.

® Erroneous observations
Adjacent observations

| | —Corrected erroneous observations

Corrected adjacent observations

S

©
T

Precipitation [mm]
N

6 Conclusions and final remarks

IS
T

2l o0 000000 ees 4o 000000004 As the mathematical concept of VERA-QC has already been
described irSteinacker et a(2011), this follow-up article is

930 2000 2030 2100 2130 200 2230 2300 2330 00:00 concerned with the operational application of the VERA-QC,

Time innovations and the performance of the operational VERA-

Fig. 13. Time series of observed (dots and asterisks) and correcteégc_demonStrated Wit_h th_e_aid of case StUdieS'_
(solid lines) 10 min precipitation values on 20 June 2007. VERA-  Firstof all, the applicability of VERA-QC to different me-

QC was carried out including all three dimensionsy, 7). In this ~ teorological parameters was discussed and we showed that,
period, one station (symbolized by the black markers) constantlydepending on the density of the observational network, even
registered precipitation values of 2 mm even though no precipitationprecipitation can be controlled by VERA-QC as demon-
was observed in its surroundings (symbolized by the gray markers)strated in the results section. Accounting for special diffi-
Note that if the black line (presenting corrected values) is missing,culties in complex terrain, a station selection algorithm that
the cor_responding observation was identified to be a gross error andycludes high-elevation stations that are not comparable to
hence is excluded. those in valleys and lowlands was introduced.

As a consequence of the operational application of VERA-
QC, we had the possibility to develop new QC-modules. The
collected deviations are used to continually compute a bias

At the department of Meteorology and Geophysics at thecorrection and variable station-specific limits, which support
University of Vienna, several research projects have already€ 9ross error recognition. Additionally, the cpns,|derat|on
been concerned with the application and improvement ofof relative values helps to minimize the deviation’s depen-
VERA-QC. Many case studies have been conducted usin?ienc_y on height, a problem that occurs especially in complex
different kinds of data sources, for example conventional‘€ffan. _ o
GTS (Global Telecommunication Systems) data or even spe- [N Order to point out the positive influence of VERA-QC
cial observations taken at field experiments such as COPN & subsequent analysis, two case studies focus on the im-
Another area of research within our department focuses offfovements achievable by using a bias correction as well as
model verification. It is self-evident that high quality refer- @n enhanced gross error recognition. The possible applica-
ence data are essential and VERA-QC was found to be abléon of VERA-QC to data collected at the field campaign
to provide these. COPS is discussed in more detail, including the use of a 3-
The most eminent application of VERA-QC is its usage D (+. ¥, ) VERA-QC. In the concluding section, the many
as a preprocessing tool for the operational (hourly) ana|y_d|fferent flelds.of.appllcanon of VE_RA—QC as well as of the
sis software VERA, which VERA-QC was named after. The COmputed deviations are summarized. '
so-called VERA-package (VERA-QC and VERA) delivers VERA-QC including the herein described innovations has
an exceptional performance and is therefore operationallyP€en successfully carried out since January 2010. The pro-
used by the Austrian Aeronautical Meteorology Service (partP0Sed corrections and hence the performance of VERA-QC
of Austro Control) for nowcasting purposes. Currently, the &€ continually being inspected by experienced meteorolo-
VERA-package is also modified and prepared to be installediSts- This human quality control of VERA-QC ensures an
for operational use at the Swiss Federal Office of Meteorol-OPtimal performance and recognizes potential for improve-

5.1 Usage of quality controlled measurements

ogy and Climatology (MeteoSwiss). ments. One suggestion for the operational use is to weight
the observations with a priori knowledge about the trustwor-
5.2 Usage of deviations computed by VERA-QC thiness of a station’s measurement, for example, primarily

trust the observations taken by a well maintained station at
In Gorgas and DorningdR011), the idea of an analysis en- an airport. Another idea is to compute the curvature and its
semble of deterministic, model-independent analyses is proderivations directly by fitting a second order polynomial sur-
posed. In the course of ensemble generation, the observdace through a station and its surroundings instead of com-
tions are manipulated using stochastic perturbations. On@uting the curvature by differentiating the interpolated field
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at local grid points. This would avoid using an inverse dis- Norwegian Meterological Institute: kvalobs open source software
tance interpolation method for computing the values at the project (kvgc2d, version: 1.3.1), an Open Source Software for
local grid points and, additionally, there would be no need to  the Quality Control of Geophysical Observatiohttp://kvalobs.
use finite differences for the numerical approximation when _ Wiki.met.no(last access: 4 October 2012), 2011. .
computing the curvature. Rabier, F., arvinen, H., Klinker, E Mghfouf, J.-F.,_ and Sim-
Concluding, we would like to advert to our web sktp: mons, '.A": The .E.CMWF O.pe.rat!onal 'mpler.nemat'on of fou.r'
Iww.univie.ac.at/amk/veraflex/test/publigiowing the lat- dimensional variational assimilation, I: Experimental results with
: T . . simplified physics, Q. J. Roy. Meteorol. Soc., 126, 1143-1170,
est VERA analyses for many different domains and param- 5
eters. Note that, by keeping the left mouse button pressed a{ayiins, F., Ballard, S. P., Bovis, K. J., Clayton, A. M., Li, D., In-
a station symbol, not only the measured and corrected val- verarity, G. W., Lorenc, A. C., and Payne, T. J.: The Met Office
ues used for the VERA analysis are displayed but also the global four-dimensional variational data assimilation scheme, Q.
weighted and unweighted deviations as well as the bias cor- J. Roy. Meteorol. Soc., 133, 347-362, 2007.
rections. Furthermore, we point out that VERA-QC is made Salvati, M. and Brambilla, E.: Data quality control procedures in
available for scientific use. Alpine meteorological services, Tech. rep., Regional Agency for
Environmental Protection of Lombardia, Univessitegli Studi
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