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Abstract. We investigate the appropriateness of four differ- having a large impact on society and its economical aspects.
ent methods to produce precipitation accumulation fields usHydrological models, which are based on analyzed precip-
ing radar data alone or combined with precipitation gaugeitation accumulation, do need a very high accuracy of the
data. These methods were validated for high-latitude weatheprecipitated water amount in order to issue warnings, e.g. for
conditions of Finland. The reference method uses radar resudden flooding. Fire and weather warnings are another ex-
flectivity only, while three assimilation methods are used toample of products where end-users require high-quality data
blend radar and surface observations together, namely thef precipitation accumulation during the summer period.
linear analysis regression, the Barnes objective analysis and Radar-derived precipitation products are generated at high
a new method based on a combination of the regression anspatial resolution but embed measurement uncertainties.
Barnes techniques (RandB). The Local Analysis and PredicOn the other hand, surface precipitation observations, such
tion System (LAPS) is used as a platform to calculate theas standard gauge observations and road-weather measure-
four different hourly accumulation products over a 6-month ments, have usually higher accuracy and are essential when
period covering summer 2011. The performance of eachused for correcting radar-based precipitation accumulation
method is verified against both dependent and independeriields, but have limited spatial representativeness. The litera-
observations (i.e. observations that are or are not includedure provides many studies on the benefits one can gain from
respectively, into the precipitation accumulation analysis).the combination of radar measurements and surface obser-
The newly developed RandB method performs best accordvations to derive the final accumulated precipitation prod-
ing to our results. Applying the regression or Barnes assimi-uct (Goudenhoofdt and Delobbe, 2009). Radar reflectivity
lation analysis separately still yields better results for the ac-generates a good first guess for the accumulated precipita-
cumulation products compared to precipitation accumulatiortion, with the advantage of high spatial resolution, though
derived from radar data alone. there are certain inherent inaccuracies when deriving this
product from radars (Koistinen and Michelson, 2002). Mea-
surements of precipitation at ground level are performed at
point location and the errors associated with the observa-
1 Introduction tions are well characterized (Steiner et al., 1999). Differ-
ent, more or less sophisticated assimilation methods exist,
The concept of precipitation accumulation is of great impor-whereby surface point observations are blended together with
tance for various applications in meteorology and hydrology.radar data in order to establish a corrected precipitation ac-
Climate projections under possible climate change scenareymulation, e.g.: co-kriging (Sun et al., 2000), the statistical
ios point to likely higher frequency of storms, with intensi- gpjective analysis method (Pereira et al., 1998), combined

fied precipitation over Europe. This will most probably have pias-adjustments method (Overeem et al., 2009) and bias
a significant effect on the surface water balance, therefore
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adjustments using the Kalman filter (Chumchean et al., 20062.1 The Local Analysis and Prediction System (LAPS)
Anagnostou and Krajewski, 1999). A summary of the meth-
ods and operational usage in different countries is compiledl he Finnish Meteorological Institute (FMI) operates the Lo-
in the COST-717 report (Gjertsen et al., 2003). Problemscal Analysis and Prediction System (LAPS) for production
linked to radar-gauge bias correction methods have been dif 3D analysis fields of different weather parameters (Al-
cussed in, e.g. Seo and Breidenbach (2002). bers et al., 1996). LAPS uses a data fusion method, in which
In this study, we use the Local Area and Prediction Sys-@ high-resolution spatial analysis, using statistical methods,
tem — LAPS (McGinley et al., 1991, 1992) as a platform for is performed on top of the coarser resolution background
testing and validating 4 different precipitation accumulation fields. Observations are fitted to the coarser first-guess anal-
analyses: the radar only (hereafter LAPS_radar) and 3 assin¥sis mainly by successive correction method, while high-
ilation methods, namely the linear analysis regression, théesolution topographical data sets are taken into account
Barnes objective analysis and a combination of those thNhen Creating the final high—resolution analysis fields. Those
methods (hereafter Regression, Barnes and RandB, respegnalysis products are mainly used for now-casting purposes;
tively). Here the RandB is a new method, while the threei.e. what is currently happening and what will happen in the
others are more widely used. Geostatistical methods havaext few hours.
shown good results in other studies for daily accumulation The coarser background first-guess field is the latest avail-
sums (e.g. Goudenhoofdt and Delobbe, 2009). However, thegble forecast from the European Centre for Medium-Range
are sensitive to networks density, and the density of stationyVeather Forecasts (ECMWF) model, with a current horizon-
measuring hourly precipitation in Finland is very low. There- tal grid spacing of approximately 16 km (ECMWF, 2011).
fore, in this paper we concentrate on further developmentlhe following ECMWF parameters are used at 16 vertical
of methods a|ready used in LAPS, such as Regression andressure levels: vertical velocity, specific humidity, temper-
Barnes. LAPS is applicable for operational usage (Albers e@ture, geopotential, vectorized winds, surface geopotential,
al., 1996; Amy 2003), which is of critical interest for end- surface pressure, pressure at mean sea Ievel, 2m temperature
users who demand as close to real-time products as possibl@nd dew-point temperature, vectorized wind at 10 m, sea sur-
According to the classic K6ppen classification, the climateface temperature, skin temperature and land-sea mask.
of southern coastal Finland belongs to class Dfb and the rest The FMI LAPS setup uses a pressure coordinate system,
of the Country to Dfc, i.e. a cool and moist continental, Sub-iﬂC'Uding 44 vertical levels distributed with a hlgher reso-
arctic climate of cold and snowy winters and precipitation lution (e.g. 10hPa) at lower altitudes and decreasing with
throughout the year. Summer is warm, not hot, and in thehelght The horizontal resolution is 3 km and the domain used
north it is also short (Jylha et al., 2010). The only mountainsin this article covers the entirety of Finland and some parts
are in northern Finland but do not exceed 1350 m, while Fin-of the neighbouring countries (see Fig. 1a).

land is embraced by two Gulfs of the Baltic Sea (Gulf of ~ The fine-scale structures in the resulting 3-D analysis are
Finland and Bothnian Bay) from two sides. extracted from the observations. Therefore, LAPS highly re-

The aim of this article is to test and validate our new lies on the existence of high-resolution, both spatial and tem-

RandB method against three conventional methods, for typPoral, observational network and especially on remote sens-
ical high latitudes summer weather conditions encounteredng data. At present, the LAPS suite implemented at FMI is

in Finland (extending between 60 and®™) and to provide ~ able to process several types of in situ and remotely sensed
some guidance in the use of these methods. Section 2 intrg@bservations such as radar reflectivity, weighting gauges,
duces the LAPS model (Sect. 2.1), the radar data (Sect. 2.2pad-weather observations, radar radial winds, soundings,
and the gauge network data (Sect. 2.3). The different analSynop, Metar, air traffic observations, lidars and Meteosat9

ysis methods for estimating precipitation accumulation aresatellite data. The first three of these listed measurements

introduced in Sect. 3. The results are presented and analyséde used for calculating the precipitation accumulation within
in Sect. 4, while Sect. 5 provides some conclusions and outLAPS. The Finnish radar volume scans are read into LAPS

looks. as NetCDF format files, thereafter the data is remapped to
LAPS internal Cartesian grid and the mosaic process com-
bines data of the different radar stations (Albers et al., 1996).
2 Methods and material In LAPS the rain rates are calculated from the lowest levels

of the LAPS 3-D radar mosaic data, via the standard R

We describe here the model and data used to determine the, ,ation formula (Marshall and Palmer, 1948), which is then
gridded background fields involved in the estimation of the ,seq for precipitation accumulation calculations, either as

precipitation accumulation. radar only accumulation, see Sect. 3.1, or merged with gauge
observations, see Sects. 3.2, 3.3 and 3.4.
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Fig. 1. (a) The rectangular frame of the map depicts the LAPS analysis domain. The red dots represent the 8 Finnish radar stations and
the thick, black curved lines display their coverage. The thin circles surrounding each radars represent the areas where measurements al
performed below 2 km heightb) The Finnish surface gauge network (dots on the map) used to measure precipitation accumulation. The red
dots indicate the position of the seven “independent” stations used for the verification.

2.2 The radar network The uncertainty factors affecting radar reflectivity are the
electronic miscalibration, beam blocking, and attenuation
FMI operates eight C-band Doppler radars, which nearlydue to both precipitation (Battan, 1973) and wet radome
cover the whole country. In southern Finland, the distance{Germann, 1999). At mid-latitudes, the main source of un-
between radars is 140—-200 km and measurements are madertainty of radar-based rainfall estimates is the vertical pro-
in bins that are 500 m long and lide, up to 250km in file of reflectivity (VPR), which causes a range-dependent
range. Thus, data from two or three radars are available ovegrror (Zawadski, 1984). At large distances, the radar probes
most of the study area. The location of the radars and theithe upper parts of the cloud, where reflectivity is weaker. In
coverage is shown in Fig. 1a. As Finland has no high moun+Ml’s general radar processing chain, this is compensated
tains, the horizon of all the radars is nedrdevation with  with the VPR correction, which also compensates for overes-
no major beam blockage, and, in general, the radar coveragémation in a melting layer when appropriate (Koistinen et al.,

is excellent up to 68N latitude. 2003). The radar ingest to LAPS system, used in this study,
The effective radar reflectivity factafe (usually called re-  processes original 3D volumes and therefore no VPR cor-
flectivity) is derived from the expression rection is needed. Before the radar volume data is ingested
into LAPS, clutter is removed with Doppler-filtering and any
P12 residual clutter with a post-processing procedure based on
Ze = L.C. K2 @) fuzzy logics (Peura, 2002).

The output of a weather radars is reflectivity,which de-
where P; is the average received microwave poweis the pends on sum of sixth power of drop diameter. When con-
measurement rangg,is the two-way attenuation in the prop- verting reflectivity to precipitation intensity, one has to as-
agation path (antennascatterers- antenna),C is a radar  sume the size of measured drops. The real drop size distribu-
constant (including parameters of the radar hardware) andion is highly variable depending on the type of precipitation,
K is the dielectric factor (depending on the relative fraction but because it is usually unknown, a default drop size distri-
of ice and water in the hydrometeors). bution is used (Battan, 1973). This leads to errors when the

The reflectivity uses dBZ as a unit, which is expressed as drop sizes differ from average values. It has been noted, both
in literature and in our experiments, that during small-droplet
dBZ = 10- log;g Ze. 2) precipitation (drizzle), the gauges usually give larger values
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compared to radar, with a factor often exceeding values of 30of 0.05mmt?® or less, within 10 min. The precipitation
On the contrary, in large drop situations, typically related tointensity is measured in intervals ranging between 10s
heavy precipitation cases (rain showers with embedded cuand 5min and finally summed up to 1h precipitation
mulonimbus clouds), the observed gauge-to-radar ratio ofaccumulation information. A performance study between
ten gets less than 0.25. This discrepancy is related to th®WD22 sensor and VRG weighting gauges against Geonor
use of the standard — R equation formula (Marshall and weighting gauges has been done by Wong (2012). The study
Palmer, 1948) for all liquid precipitation cases, even thoughshows that the PWD22 has a larger negative mean error
we know that drop size distributions vary from one precip- (underestimation) and a more than four times larger standard
itation case to another. Another well-known factor causingerror than the VRG. The Finnish road-weather station sites
differences between measurements with gauge and radar isave not been selected for best meteorological quality
the radar beam overshooting in shallow drizzle events. Theser representativeness. Hence they may have additional
circumstances could breed a substantial impact on the analyincertainties connected to their location in the immediate
sis and therefore the gauge-to-radar ratio has to be controlledicinity of roads with heavy traffic, where splash effects and
carefully (see Sects. 3.2 and 3.3). wind eddies, generated by big vehicles, occasionally affect
Comparing radars and gauges, an additional challengéhe resulting accumulation. Such effects would be hard to
arises from the different sampling sizes of the instrumentsquantify, and as the FTA mainly need qualitative information
Radar measurement volume can be several kilometres widef precipitation, they have not published accuracy estimates
and thick (one degree beam is ca. 4km wide at a 250 knof these measurements.
distance from antenna), while the measurement area of a Another source of uncertainty in surface accumulation ob-
gauge is 400 ci (weighting gauges) or 100 cn(optical servations results from the limited spatial representativeness
instruments). The measurements in the FMI network haveof many stations with respect to their surroundings, due to
been designed to use the radar composite in Cartesian grid dfie insufficient density of measuring stations for certain ar-
1 kmx 1 km. Details of the FMI radar network and process- eas (Cherubini et al., 2002). Note that if measurements con-
ing routines are described in Saltikoff et al. (2010). sistently indicate poor data quality, those stations are black-
In this study, the radar data were used as volume measurdisted within LAPS and do not contribute to the precipitation
ments, repeated every 5min and consisting of 5 elevatioraccumulation analysis. Hereafter in this article, the weight-
angles, typically between 0.4 and°4% APS processes the ing gauges and road-weather measurements are indistinctly
radar data directly onto its own gridded coordinate systemgcalled gauges and their distribution in Finland is shown in
which has a resolution of 3 kix 3 km. Fig. 1b.

2.3 Surface observations - :
3 Description of the four analysis methods

For this study, a total of 447 rain gauges, both We'ghtmgThanks to its high-resolution reflectivity pattern, weather

gauges .and_ optical sensors, provide det_alled point .'nformafadar data provide the best first-guess to calculate precip-
tion, which is used to correct the radar first-guess field (in-

troduced in Sect. 2.2). The verification period ranges fromitation accumulation. The radar-based accumulation is cal-
. o . lated in the LAPS ti ith the standagd- R -
11 April and 14 October 2011, i.e. by and large the no eiated in the routing wi © s'an equa

. Y n'tionformula(MarshaIIand Palmer, 1948). On the other hand,
winter season (no-snow-phase precipitation).

Th ¢ itati b i ¢ tand [ﬁauges usually measure the accumulation with higher qual-
e surface precipitation observations are from stanaar y and are consequently used to correct the radar field. In this
weighting gauges and optical sensors mounted on road-

- . . tudy, three different assimilation methods have been tested
weather masts. Weighting gauges are subject to differen y

sources of random errors such as mechanical malfunctior}, the LAPS routines as to their capacity to perform the best
. : - . adar-gauge correction: the Regression, the Barnes and new
wind drift (Hanna, 1995) and icing, which all affect the ac- gaug v

) . RandB methods. These methods use the quotient between
curacy of measurements. FMI manages 77 stations instru-

mented with the weighting gauge Vaisala model VRGlOl.gauge and radar (hereafi@y k) for their corrections.
Measurements with this instrument have high cumulative ac3 1 LAPS radar-based accumulation
curacy (0.2mm) provided that the precipitation event ex- -
ceeds 0.5 mm. Depending on the station, the gauges measutée reflectivity Z parameter measured by the radar is con-
the accumulated precipitation in intervals of 10 to 60 min. verted to precipitation intensitg (mmh~1) within LAPS
Summing these measurements over a 60 min period yieldaccumulation process (see Sect. 2.1), using a pre-selected
1 h accumulation data. Z — R equation (Marshall and Palmer, 1948) as of the type
The Finnish Transport Agency (FTA) runs 370 road- b

. . ; Z=A-R", 3)
weather stations with optical sensor measurements
(Vaisala Present Weather Detectors models PWD11 andvhere A and b are empirical factors describing the shape
PWD22), which have a precipitation detection sensitivity and size distribution of the hydro-meteors. In FMI's
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implementation of LAPS we used =315 andb=1.5 for Table 1. Statistical verification results of the different methods for
liquid precipitation, which is relevant in this study carried the dependent stations data set.
out during the summer period. This is a gross simplifica-

tion since the drop size and particle shapes vary according to LAPS radar Regression Barnes  RandB
weather situation (drizzle/convective, wet snow/snow grain), Number of observations 111821 102016 111821 111821
as described in Sect. 2.2. Problematic situations include both STPEV (8/G) 1.11 1.23 053 055

. . . . STDEV (logR/ G)) 0.51 0.51 0.37 0.38
convective s_,hov_vers W|th_ hea\_/y rainfall and the opposite case ruse 138 1.32 103 0.98
of drizzle with little precipitation. Although such situations  MAE 0.73 0.69 0.43 0.39
contribute only a fraction of the annual precipitation amount, RMSE-MAE ot 0.63 060 059

they might be important during, e.g. flooding events. On the CORR 05t 056 069 072

other hand, the same factors have been used for many years in

FMI’'s other operational radar products, and looking at long- i

term averages, the radar accumulation data match the gaudggressmn formula

accumulation values within reasonable accuracy (Aaltonery — kX4 4)
et al., 2008). After correcting for vertical profile of reflec- '

tivity (Sect. 2.2), mainly due to major sampling differences rhe next step is to calculate the newly corrected radar esti-

between the two sensors, random errors remain at 2-3dBn,te using Eq. (4). Here, is the corrected radar estimate,
which is a typical, reasonably accurate figure in operationaly js the first-guess accumulation from radar and the regres-

radar measurements _(Ko?stinen_ etal., 20.03; Collier, 1986). sion coefficients, with (the slope) and: (the interception

In LAPS the intensity field R in Eq. 3) is calculated ev-  noint with they axis) derived from the regression analysis.
ery Smin and the 1 h accumulation is thereafter obtained by the Regression method has the limitation of requiring a
summing up over the 5min intervals. _ large number of valid gauge-radar pairs in order to fulfil the
~ The linear regression analysis method as described abovg, ot square calculations and thereby creating a sufficient lin-
in addition to sampling differences, such as accumulation esg4r cyrye fit between the gauge network and radar observa-
timates based only on radar data, can differ from gauge Obgions. if there are not enough valid pairs, or if the criteria

servation values either due to radar errors (see Sect. 2.2) Qpy 4 Jinear dependency are not fulfilled, then the regression
problems with the gauges (Sect. 2.3). This is why various stamethod will not be used and the analysis will fall back to

tistical methods have been used to address and reduce thegg, riginal LAPS_radar-based initial precipitation accumu-
differences; for example, a model using a regression methoghyiqn, field. The behaviour of the linear curve has to be con-

is described in Sokol (2003). In the linear regression analy-rained since the shape of the curve is strongly influenced by
sis method (hereafter Regression method) used in this articlgne amount of gauge-radar pairs. Criteria for this have been
as a first step, the gauge-radar pairs from a given grid poinke; 54 to constrai values between 0.2 and 5.0, andal-
undergo a quality check to prohibit dubious differences be-| ;o5 petween-5 and+5mm, in Eq. (4). These constraints

tween gauge and radar values. The aim is to avoid compafyere hased on average vertical profile adjustments of reflec-
isons involving uncertain radar measurements and SPUrioUgyity and relates to ranges of up to 200 km from radar station,
surface observations. The selection is performed by discardduring the summer period (Koistinen et al., 2003). The lin-

ing gauge-radar pairs exceeding specific thresholds basegh function is applied to the whole radar accumulation field,
on theG/R quotient. The thresholds are based on approx-j o corresponds to a regional-scale correction.

imately 2 times standard deviation, STDER /(G), from

LAPS_radar dependent data set (see Table 1). The thresi®.2 Barnes objective analysis method

olds used in the Regression method within the LAPS routine

are as follows: The Barnes interpolation forces the radar field to converge
towards gauge accumulation measurements, using an objec-
tive multi-pass telescoping strategy (Barnes, 1964, Heimstra
et al., 2006) in the LAPS routine. Th&/R quotient is used

to interpolate the first-guess radar field closer to the obser-
The first threshold handles surface observations that are susation value and in order to optimize the result, several itera-
pected to be false. The second criteria attempt to avoid casdfon steps are performed within the Barnes analysis at succes-
where the radar gives too high a reflectivity, for example in sively finer scales. For grid points far from a6y R obser-
strong convective precipitation (including hail). Once thesevations, theG /R field tends smoothly towards a value of 1.
criteria are enforced, the remaining data form a data set Depending on the precipitation pattern, this method can
of representative gauge-radar pairs from which a linear repotentially result in a highly overestimated or underestimated
gression can be established, calculated with the least squareflectivity field being spread to the surroundings. For exam-
method, which minimized the errors between the measureple, if there is one ground station situated at the border of
ment pairs. The outcome are values Aagindc in the linear  a convective rain shower (cumulonimbus cloud), where only

— if G/R > 2.0 then the gauge-radar pair is discarded,;

— if G/R < 0.5 then the gauge-radar pair is discarded.
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light precipitation occurs, th& /R quotient would probably rectifies the radar field on local scales. Assuming that the
exceed the value of 30 in this case, as described in Sect. 3. Forew first-guess field from the Regression analysis is closer
the station point itself, this quotient gives an adequate corto the real precipitation accumulation, the Barnes correc-
rection but spreading this large quotient to the surroundingtion method will not need to be too aggressive in its cor-
precipitation pattern could potentially give very large overes-rection, thus minimizing the risk of exaggerating the sur-
timates of the accumulation within, for example in this case,rounding precipitation with too low, alternatively too high,
the nearby core of a rain shower with heavy precipitation.G/R quotients.

Quality checks and thresholds have been set to avoid situa-

tions where such over- or underestimations of nearby precip- o

itation areas are likely. If th& /R quotient gives very large 4 Results and verification

(more than 30) or very small (less than 0.25) values, this.l_

might still give a signal of an adequate trend, even though ainst surface gauge observations of precipitation accumu-
the signal is overamplified. This trend has to be maintaine g gaug precip

S o . ti ta. Th ificati i f 11 April t
and adapted but is given less weight in the resulting accu—a lon data. The verification period spans from privto

mulation. Consequently, the chosen criteria must incorpo_14 October 2011, therefore assuming precipitation is in the

rate these aspects. The thresholds for the B quo- form of liquid water, and the time sa_mplmg_ interval is one .
. . : atnes .. __hour. The observations have been divided into two subsets:
tient are based on approximately 2 times standard deviation

STDEV (R/G), from the LAPS_radar-dependent data setfge(:%eaizt (|iri1)cgjd|rr109u ot:)sfe;vgtlﬁgs giaililcl)r?sta(tclac:(rsugjt:g ; o?r:
(see Table 1). The following thresholds were used: group ynop

the former set) used as an objective data set for verification
— if0.25< G/R < 2.0 then allow the derived quotient;  (Figs. 2-3 and 4-5, respectively). Accordingly, in the cal-
culation of the 1 h precipitation accumulation, the analysis
— if0.25< G/R andG/R > 0.0 then rese6 /R = 0.25; depends on the station information from the first subset (i),
hereafter called “dependent” stations, while the accumula-
tion analysis is independent of the 7 stations in the second
The modified Barnes scheme allows weighting)with dis- subset (ii), hereafter calle(_j “indepe_ndent”_ stations. As the
tance ) from the gauge station point with respect to the total numper of gauge statlons_ in Finland is Iow,.compared
radius of influencer), normalized by the instrument error 0 radar pixels, and the experiment was run using the op-
(err), which is here set to be 1.5 in Eq. (5). TG'R in- gratlonal system (i.e. results are gsed |n'end—gsers a}pp'llca-
crement gives the initial incremenpd) at the first iteration  tions), we could not set more stations aside without risking
step, and the background weighty), set to 0.02, adjusts the quality of the end p_rodgct. The seven mdepen_dent sta-
the output to be closer to radar value further away from thelions were selected subjectively from different physiograph-

he performance of the different methods has been verified

— if2.0<G/R andG/R < 100.0 then resefi /R = 2.0.

observation point in Eq. (6). ical areas such as coastline, inland, lake district, and prox-
imity to each other. On average, within a radius of 50 km
_(g)z from the independent station point, there are 11 dependant
wo = ¢ i (5) stations and the average distance to the nearest dependant
errg station is 9.8 km.
3 (po - wo) The statistical quantification of the validation of the differ-
pij = m (6) ent analysis methods are based on the root mean square error

(RMSE Eg. 7), and the mean absolute error (MAE Eg. 8),
After the first iteration step, thg;; output becomes the new calculated with these data sets:

G/R increment o) for the next iteration step in Eq. (6). The
\/ 3" (Analysis-Gaug¥
N )

iterations continue with successively decreasing values of

by a factor of 2 for each iteration, in Eq. (5) until the obser- RMSE = (7)
vation increments have been diminished to a preset value in Analvsis-Gau
LAPS, in this case RMSE =0.13mm, or alternatively after MAE = 2 y 95. ®)

10 iteration steps in order to minimize the calculation time. ] ) ) )
RMSE is a quadratic scoring rule, which measures the aver-

3.3 New method, combination of Regression and Barnes age magnitude of the error. Since the errors are squared be-
methods fore they are averaged, RMSE gives a relatively high weight
to large errors. MAE measures the average magnitude of the
This new method combines the above described Regressioerrors in a set of analyses, without considering their direc-
and Barnes analyses. First, the Regression method is used tion. It measures the accuracy for continuous variables. MAE
correct the overall radar estimate, i.e. a regional-scale coris a linear score, which means that all the individual differ-
rection. The resulting accumulation field is thereafter usedences are weighted equally in the average. MAE and RMSE
as a new first guess, initializing the Barnes analysis, whichcan be used together to diagnose the variation in the errors
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Fig. 2. Density plots of analyzed precipitation accumulatiprakis) against observed rain-gauge valueaXis) for the dependent stations:
(a) LAPS_radar{b) Regression(c) Barnes, andd) RandB. The continuous line is a linear fit to the data set and the dashed line represents
the perfect 1: 1 fit in the plots.

in a set of analyzes. RMSE will always be larger or equal Table 2. Statistical verification results of the different methods for
to MAE. The greater the difference between them (RMSE-the independent stations data set.
MAE), the greater the variance in the individual errors in the

sample (see Tables 1 and 2). If RMSE = MAE, then all the LAPS_radar Regression Barnes RandB

errors are of the same magnitude. Number of observations 2648 2436 2648 2648
Results are shown as density plots with logarithmic scales, ggg g;/ C;) &) (1)-3; (1)-;‘; (1)-‘3‘% (1)-;3

where data points less than 0.3 mrHare discarded in order RMSE AR/ 1.29 123 095 091

to avoid artificial effects due to different detection sensitivi- mae 0.72 0.68 0.44 0.0

ties of the different instruments (criteria applied in Figs. 2-5). RMSE-MAE 0.57 0.55 051 051

In Fig. 2 we show, separately for the four different methods, “©RR 0.60 065 08 081

the relationship between the analyzed accumulation data at

the LAPS grid point closest to a gauge station and the corre-

sponding gauge observations for the dependent stations. The

correlation calculated from the data sets and the statistics ofifological aspects of the errors (Szturc et al., 2011), namely,

the comparisons are compiled in Table 1. It appears fronthe absolute difference between observed and analyzed pre-

these comparisons that the new RandB method yields th&ipitation accumulation as a function of the magnitude of

best agreement for accumulation precipitation compared tdhe observed value (i.e. gauge data). Figure 3 shows that the

gauge observations, though the Barnes method also providdifiear fit has a smaller angle coefficient as one passes from

reasonable results. On the other hand, the regression methd@e LAPS_radar, to Regression, Barnes and RandB analy-

alone is not very successful but still improves the accumula-Sis methods. This shows that the departure between analyzed

tion analysis to some extent. The LAPS_radar method, whictnd observed values decreases and again the RandB analysis

is based on radar information only, gives the poorest result§erforms best of the different methods.

in our study. We next investigate the agreement between the analyzed
In order to investigate the error dependencies betweerecipitation accumulation values and observations (gauge

radar and gauges, we use an indicator that describes the hyalues) for the independent stations (Table 2). Note that

for independent stations, there is much less data available.
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Fig. 3. Absolute value of the difference between observed and analyzed precipitation accumulatios) plotted against observed rain-
gauge valuesx( axis), for the dependent statior(g) |LAPS_radar-Gauge(b) |Regression-Gaugie(c) |Barnes-Gaugeand(d) |RandB-
Gaugeé. The continuous line is a linear fit to the data set.

Through the independent stations we want to prove that thestorms or warm fronts) and, hence, the type of precipitat-
methods also work for areas where there are no observinghg hydro-meteors occurring at that time. Such influence was
stations available. Thus, verifying that there are no over- orfurther investigated by dividing the different weather situa-
underamplified accumulation patterns devolving especiallytions into two categories describing their air-mass stability:
from the Barnes method (see Sect. 3.3), but also from the Restrong convection (hereafter convective) and light-moderate
gression method. The density plots (Fig. 4) indicate less scateonvection (hereafter non-convective), which relates to thun-
ter and slightly better agreement, i.e. smaller RMSE, MAE derstorms and warm fronts, respectively. Each category in-
and higher correlation coefficient, compared to the dependentiudes 10 cases of a full 24 h day, also selected from the pe-
stations analysis (Fig. 2). The linear fitted curves in Fig. 4riod 11 April to 14 October 2011. The convective cases were
are strongly influenced by the small amount of observationdetermined by using FMI’s lightning location system (Tuomi
points, because the data is not normally distributed, hence thand Mékel&, 2008) together with FMI radar archive, while
distribution of high accumulation values (i.e. correspondingthe non-convective (warm front) cases were selected from
to over 10 mm hl) have a large impact on the fitted curve. analyzed frontal passages over southern Finland as tagged
The comparison between the linear fitted curves in Fig. 4a—dy the duty forecaster at FMI.
gives a clear indication of how the different methods com- The data set representing the convective weather situa-
pare to each other. We also plotted the absolute difference bdions have fewer data values, compared to warm front cases
tween analyzed precipitation accumulation and observatior{see # values in Fig. 6). This is expected since convective
as a function of gauge observations for the independent stgprecipitation is less likely to hit a gauge measuring device
tions (Fig. 5). The same trend is observed as with dependerdnd generally last for shorter time, while large-scale precip-
station data: less dependence of Barnes and RandB methodttion events occurring during warm fronts, have a much
compared with LAPS_radar and Regression methods. higher probability to come across a gauge station and have
In Sects. 2.2 and 3.1 we gave an explanation for the era larger temporal and spatial dimension. The results (Fig. 6)
rors that are attributed to radar measurements, such as theearly show that the convective cases give larger RMSE and
range-dependent error add— R inaccuracies. These errors MAE values, compared to non-convective cases. This is ex-
are related to the prevailing weather situation (e.g. thunderpected, as convective precipitation situations display more
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Fig. 4. Density plots of analyzed precipitation accumulatigragis) plotted against rain-gauge valuesakis), for the seven independent
stations:(a) LAPS_radar(b) Regression{c) Barnes, andd) RandB. The continuous line is a linear fit to the data set and the dashed line
represents the perfect 1 fit in the plots.

spatial heterogeneity and thus a stronger decoupling from thable, or if the radar-gauge pairs do not fulfil the thresholds
gauge observations. This categorisation also indicates thattipulated for the5 /R quotient. The new RandB method en-
the RandB method performs best out of the four differentcounters the same restrictions as described above, sinceitis a
methods, though only slightly better than the Barnes methodcombination of the Regression and Barnes methods. In order
to be meaningful for operational purposes, the studied merg-
ing methods should therefore show at least as good a result
5 Discussions and conclusions as the LAPS_radar precipitation accumulation analysis. Fig-
ures 2, 4 and 6 confirm that applying an assimilation method
In this article we compare the results from 4 different a”a"improves the overall results. In Figs. 3b—d and 5b—d one can
ysis methods on how to calculate the hourly precipitationsee that the density values congregate closer to the zero value
accumulation: LAPS_radar, Regression, Barnes and a neW|ong thex axis, indicating a better match between analyzed
developed method RandB (combination of Regression angying observed value. The calculated statistics, including both
Barnes). The LAPS_radar serves as the reference methogle dependent, independent, convective and non-convective
and since it is based on the comman- R formula, this  gata sets, also state that agreement is improved by apply-
method is also similar to what is used at many meteorolog1ng a merging method. The error values of RMSE and MAE
ical SerViCES. The LAPS_radar iS further Used as the ﬁrst'are decreasing, Compared to LAPS_radar Va'uesy and for the
guess field when merging gauges’ data into the analysis rourandB method with the dependent data set, the correspond-
tine of the three other methods. As described in Sect. 3-2ing reduction in RMSE and MAE are 29 and 47 %, respec-
the Regression method benefits from having many gaugeely. The correlation, for RandB dependent data set, in-
radar pairs, since it will then create a more robust statisti-creases (41 %) accordingly and the variance (RMSE-MAE)
cal relationship between the measurements. In cases with Nngecreases when applying the different assimilation methods.

valid pairs, or if the criteria for a linear dependency are notsjmilar results are seen in the independent, convective and
fulfilled, the analysis will become the same as the original hon-convective data sets.

LAPS_radar-based accumulation field. The Barnes method \when studying the results from two different stability

will in the same way fall back to the original LAPS_radar- weather situations, i.e. convective and non-convective, the
based accumulation field if there are no observations avail-
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Fig. 5. Absolute value of the difference between observed and analyzed precipitation accumulati®) plotted against rain-gauge values

(x axis), for the seven independent statiof@:|LAPS radar-Gauge(b) |Regression-Gaug€f) |Barnes-Gauge|, ard) |RandB-Gauge)|.
The continuous line is a linear fit to the data set.

3 main findings are that the RMSE and MAE are consider-
Convective cases Non-convective cases ably higher in convective cases. This indicates that the four
2.5 accumulation methods adopted in this study are more sensi-

tive to convective situations. We interpret that this is related
to the larger spatial variability of convective precipitation as
well as different drop size distributions. In convective situa-

2

= |

£ 15 Z . . L . L

= 4 tions, the real intensity is variable within each radar measure-

1 % ment bin (typically representing several cubic kilometres),
¥ 2 and it is a random process, which is only partly captured at
0.5 a single gauge (orifice diameter of 22.6 cm). Also the R

? / equation used in Finland has been optimized for total rain-
Z Z

fall, which in areas of extra-tropical cyclones consists largely

of frontal precipitation, e.g. warm fronts. As a consequence,

;g::;‘rp;fy]p“at(izzm ;Z:j:rp;fy‘p"a‘(‘zn1 . when the discrepancy between radar and gauge observations
- - (i.e. largeG/R quotients) is significant for the convective

RMSE MAE RMSE MAE

)

M Regression  (#4520) M Regression  (# 16316)

B Bames (# 4859) B Bames (# 17487) cases, the thresholds (see Sects. 3.2 and 3.3) are more fre-
RandB (# 4859) HRandB (#17487) quently exceeded within the Regression, Barnes and RandB

analyses. This leads to fewer corrections being done from the

Fig. 6. Statistical verification results for the four different accumu- aude measurements and the resultina accumulation analvsis
lation methods split into two different air-mass stability situations; g 9 . . _g y
left panel: convective cases (i.e. thunderstorms) and right panel'.S Worse_ for convective weather situations, compared to non-
non-convective cases (i.e. warm fronts). The symbol # indicates th&ONVECtIve cases. o .

number of observations used in the calculations. The mean precipi- On the other hand, optimising thg — R equation for
tation for each case, calculated from rain-gauge values, is includeome specific types of precipitation should lead to a more
as a dashed stack. faithful merging, which should be reflected in the agreement

between analysed and observed precipitation. When such
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approach would be performed, using a much larger data segjertsen, U., Salek, M., and Michelson, D. B.: Gauge-adjustment
basis, the RMSE and MAE value of the agreement for spe- of radar-based precipitation estimates — a review, COST-717
cific precipitation types should naturally tend towards better working document No. WDD 02 200310 1, SMHI, Norrkoping,
performance than without any differentiation between pre- Sweden, 27 pp., available at: available lattp://www.smhi.se/
cipitation types, and could be used thus as a test. cost717/ dOC/WDD—02—200310—1'?5003' _

The conclusive results from this study are that the newlyG°udennoofdt, E. and Delobbe, L.: Evaluation of radar-gauge
developed RandB method, i.e. the combination of Regres- merging methods fo.r quantitative precipitation estimates, Hy-
. C . drol. Earth Syst. Sci., 13, 195-203, dd:5194/hess-13-195-

sion and Barnes analysis methods, generates the best esti-5009 2009.

mate of 1 h precipitation accumulation. Also, applying either janna, E.: How effective are tipping-bucket raingauges? A review,

Barnes or Regression methods separately still yields a better \weather, 50, 336-342, 1995.

result than solely using radar accumulation, i.e. LAPS_radamHiemstra, C. A., Liston, G. E., Pielke, R. A., Birkenheuer, D. L., and

method. Albers, S. C.: Comparing Local Analysis and Prediction System
(LAPS) Assimilations with Independent Observations, Weather
Forecast., 21, 1024-1040, d9:1175/WAF961.12006.
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