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A B S T R A C T

Adjustment of weather radar estimates using observed precipitation has been an accepted procedure for decades.
Ground observations of precipitation typically come from rain gauges, but can also include data from diverse
networks of sensors, with different levels of reliability. This study presents a standardized framework for
evaluating adjustment algorithms using synthetically constructed, but realistic, rain grids and weather radar
rainfall. Ground observation points are randomly placed throughout the synthetic storm domain and the pre-
cipitation for each sensor is extracted from the true rain. Then a subset of the sensors are defined as unreliable,
and a log-normal error factor is applied at those locations.

This double network of rain sensors could be applicable, for example, when rainfall is derived from signal
attenuation between commercial microwave link (CML) antennas. Past research has tested CML observations as
a source of precipitation data and validated various radar adjustment algorithms. However, a comprehensive
evaluation of adjustment algorithms using accurate gauge data mixed with CML observations at different den-
sities is lacking.

Five adjustment algorithms are applied to the synthetic radar grid: Mean Field Bias (MFB), a Multiplicative
algorithm, Mixed (additive and multiplicative), Conditional Merge (CondMerge) and Kriging with External Drift
(KED). Generation of the synthetic framework, and application of the adjustment algorithms is repeated for 150
realizations. Comparison of coefficient of determination (R2), root mean square error and linear regression for all
adjustment procedures over all realizations indicates the following results. Only MFB and KED adjustments
performed well when using accurate gauges. The kriging based KED was able to achieve good adjustment also
with the addition of error-prone sensors. CondMerge and the Mixed and Multiplicative, however, resulted in
poorer adjustments.

1. Introduction

Shortly after weather radar became an accepted source of pre-
cipitation data, efforts began to improve quantitative precipitation es-
timates (QPE) by merging ground based observations. For example
Krajewski (1987) and Seo (1998) presented early applications of kri-
ging to correct radar rainfall with gauge data. Gjertsen et al. (2004)
explained the advantages and disadvantages of both radar rainfall and
gauge observations, concluding that proper adjustment of radar rainfall
with ground based observations is crucial to achieving accurate QPE.
Work by Velasco-Forero et al. (2009) demonstrated a unique non-
parametric method of determining covariance for the gauge data before
applying the kriging interpolations. A Bayesian approach was in-
troduced by Todini (2001) and further developed in Mazzetti and
Todini (2004). Co-kriging was applied successfully by Sideris et al.

(2014). They prepared an accurate precipitation estimate where the
primary variable was gauge observations at one time interval, and three
additional secondary variables were gauge observations from an earlier
time interval and radar values at gauge locations from both time steps.
A different co-kriging approach, presented recently by Foehn et al.
(2018), created precipitation estimates using two independent and non-
collocated gauge networks. They preformed Inverse Distance Weighted,
Regression Kriging and Regression Co-kriging. In all cases they cor-
rected for non-stationarity of gauge data by calculating and removing
the trend which was produced from residuals between gauges and
radar. Their approach enabled successful QPE for short time intervals in
a mountainous region with severe beam blockage of the available radar
images.

Some of these techniques were applied operationally by Amorati
et al. (2012) and Berg et al. (2016). Several national meteorological
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services, among them the German Deutcher Wetterdienst (DWD) (
https://www.dwd.de/EN/ourservices/radar_products/radar_products.
html) and the Royal Netherlands Meteorological Service ( https://data.
knmi.nl/datasets) publish adjusted weather radar regularly. A review of
the application of radar-rain gauge adjustments across Europe appears
in Gjertsen et al. (2004).

Research papers over the past decade have addressed the ability of
commercial microwave link (CML) attenuation data to represent rain
rates, and the uncertainty involved. Signal attenuation from CML an-
tennas, and the derived rain rate are impacted by several sources of
uncertainty:

• non-linear attenuation response

• distance between antennas

• interference resulting from water accumulating on the antennas
(similar to wet radome attenuation in weather radar)

• calibration parameters for the attenuation-rain rate relationship

• microwave frequency

• drop size distribution

In Leijnse et al. (2010) the authors show that distance between CML
antennas becomes a major source of uncertainty at certain microwave
frequencies with distant (greater than 5 km.) antennas. They point to
drop size distribution as the major cause of uncertainty in CML pre-
cipitation rates. Bianchi et al. (2013) added data from CML as a second
ground-based source for radar adjustment. In an early work Berne and
Uijlenhoet (2007) described the source of errors in CML derived rain
rates. More recently van Leth et al. (2018) carefully analyzed the un-
certainties in attenuation of a microwave link at a controlled research
installation.

Evaluations of the various adjustment algorithms have appeared in
many research papers. One of the early assessments was done by
Goudenhoofdt and Delobbe (2009). Since then Wang et al. (2012) and
McKee and Binns (2016) have covered a broad selection of the ad-
justment procedures. An overview of adjustment algorithm categories
that appears in Hasan et al. (2016) investigated the issue of error in-
dependence between the adjusted and true rain grids. Ly et al. (2013)
categorized the various adjustment methods into deterministic and geo-
statistical. They concluded that geo-statistical methods out-perform
deterministic in long temporal aggregations of rainfall.

Synthetic data-sets have been employed in climate and meteorology
research to address complicated and multivariate systems. For example
Edouard et al. (2018) used synthetic data to determine uncertainty in
flash flood forecasting. They performed a sensitivity analysis by artifi-
cially applying a range of soil parameters in a combined modeling
framework. Similarly, Musayev et al. (2018) recently examined the
rainwater harvesting potential under several global climate models
using synthetically generated daily rainfall. A new radar adjustment
method, combining both gauge and crowd sourced data was presented
by Yang and Ng (2019). Their method applied Bayesian regression to
synthetically produced rain and radar fields as well as synthetically
derived gauge and crowd sourced data.

The aim of this research is to present a standardized, fully re-
producible framework for determining which adjustment procedures
achieve the best correlation to the true rain using varying mixtures of
reliable and error-prone ground based observations.

2. Methods

The procedure described below created 150 realizations of a syn-
thetic framework by constructing simulated rain grids, incorporating a
noise component to produce radar grids, and randomly distributing
observation locations throughout the grid extent. This procedure was
implemented using R (R Development Core Team, 2008) software with
functions adapted from Guenzi et al. (2016), Nerini et al. (2017) and
Morin and Gabella (2007). A uniform random number seed was applied

throughout, making the procedure fully reproducible.

2.1. Synthetic framework

The synthetic model presented in this work does not attempt to be
an exact representation of any real rain event, radar data or distribution
of gauges. Rather, like any model, certain characteristics of reality were
distilled to create an analysis framework under which specific aspects of
radar adjustments could be examined. Refer to Yang and Ng (2019)
where similar simplifications were adopted in creating synthetic rain,
radar and gauge inputs. This framework included initial ‘true’ rain
distributions across a predefined grid, referred to as the domain. The
domain size, 100× 100 km, was chosen to represent the range covered
by a typical C-band radar.

The temporal resolution was assumed to be 24 h and the accumu-
lated precipitation was chosen under that assumption. While opera-
tional adjustment of radar is performed on individual radar scans or
short aggregations, calibration and evaluation of adjustments are ap-
plied to long time aggregations following Goudenhoofdt and Delobbe
(2009). This 24 h aggregation avoids short term effects due to the high
temporal variability of rainfall (as described in Marra and Morin
(2018)).

Weather radar measurements involve several sources of uncertainty
(summarized in Villarini and Krajewski (2010)), some of which were
encapsulated into the test framework of this work by applying config-
urable noise structures. The ‘true’ rain grid was multiplied by three
spatially varying noise grids (Fig. 1) to simulate the radar grids, simi-
larly to the combined uncertainty model suggested by Ciach et al.
(2007) and later by Villarini and Krajewski (2009b). The first was a
multiplicative bias level, varying radially from the center of the do-
main, assumed to be the location of the radar. This noise grid was de-
signed to mimic range degradation (Fig. 1 panel (a)).

Range degradation results from several unrelated causes: increased
sampling volume due to the expanding radar beam, attenuation from
atmospheric moisture or dust, and various effects attributed to the
vertical profile of reflectivity (VPR). Krajewski et al. (2011) and Vignal
and Krajewski (2001) show that VPR effects are the most significant
cause of range degradation at long ranges. Reflectance from melting ice
hydrometeors, usually at altitudes between 2 and 4 km, causes the
”bright band” effect, leading to high reflectance. At altitudes above the
bright band, reflectance drops more or less linearly, due to the ex-
panding radar beam. At lower altitude, on the other hand, VPR has very
little effect on range degradation. Thus, the lowest radar elevation
angle will not reach the bright band, and not be affected by VPR, but at
the second and higher radar elevation angles the beam reaches the
bright band altitude closer to the radar. This current work considers the
storm domain to be 100 km×100 km with the radar at the center, so
the maximum range covered in this simulation is 74 km. Krajewski et al.
(2011) show that up to 70 km VPR has no effect on the range dependent
error at the lowest elevation angle. The second elevation angle has a
small effect at 70 km, and at the third elevation angle a more sub-
stantial effect, 20% to 40% error, at 50 to 70 km respectively.

Range degradation was split into two zones by Sebastianelli et al.
(2012). They considered the zone near to the radar to be affected
mostly by the Z-R relationship and rain rate, with almost no range
dependent decrease in radar reflectivity. In their study of an S-band
radar, range dependent uncertainly appeared only beyond the 50 km.
range, due to radar beam spread, and vertical profile of reflectivity. This
same two zone approach appeared and was validated also in
Chumchean et al. (2003). Both of these works contained a discontinuity
in the error model between the zones. On the other hand, Michelson
and Koistinen (2000) presented a radar degradation relation whereby
the log of the gauge-radar ratio followed a second order polynomial of
range = + +( )r log a b r c r: * *G

R
2r

r
.

Expanding on the above studies, the range dependent error
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component in this work was defined as a Gaussian function (Eq. (1))
also chosen by Villarini and Krajewski (2009a) in their error model.
Thus, near the radar antenna the error factor of 1.0 did not incur any
change in the ‘true’ rain, and at larger radial distances the error factor
decreased following a Gaussian curve, approximating the two zone
range degradation presented above, but avoiding discontinuity in the
function. Furthermore, a Gaussian curve drops more slowly at small
ranges than the polynomial used by Michelson and Koistinen (2000).
Thus we maintain almost no degradation up to 15 km. from the radar,
then the range degradation error grows to 25% at the maximum range
of 70 km. Refer to panel (a) of Fig. 2 to see the slight effect of this error
at the corners of the domain.

=
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⎢−
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⎦
⎥Err r a e( ) * *
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c

( )
2

2

2 (1)

where: Err is the error factor, r is the distance from radar; a, b, c are
empirical constants chosen to emulate almost no range degradation
near the radar ( =a 1), and a Gaussian decreasing value ( =b 4 and
=c 100) such that the error level at the maximum range of 70 km is

0.75.
The second radar noise grid was created from a log-normally dis-

tributed random multiplicative field, to represent uncertainty in the
power law (Z-R relationship), non-uniform beam filling, non-uniform
drop size distributions, etc. The third noise grid was constructed from a
spatial structure defined following the methods in Nerini et al. (2017).
The theoretical base for this stochastic method was developed by Seed
(2002) and implemented in the Short-Term Ensemble Prediction
System (STEPS) probabilistic forecast scheme by Bowler et al. (2006).
This spatial structure was derived from the ‘true’ rain grid, thus pro-
viding a precipitation dependent error.

These three radar noise grids, once multiplied together, contained
error values from 0 to above 3.0. Thus the resulting radar, the product
of the ‘true’ rain and this error grid, acquired values both above and
below the ‘true’ rain. Those introduced error grids are multiplicative in
nature, and their combination aimed at reproducing realistic observa-
tional conditions. The noise levels used to create this radar grid, and the
error levels applied to the simulated error-prone observation locations
(Section 2.2) are all configurable, allowing construction of uniform and

Fig. 1. Three types of errors used to construct the
synthetic weather radar precipitation grid. The
true rain grid is multiplied by the merged error
grid (d) to produce the radar grid. Types of errors:
(a) range degradation error; (b) Random noise
(based on log-normal distribution); (c) Spatially
correlated random noise structure; (d) the merged
error grid. The legend shows multiplicative fac-
tors.

Fig. 2. True rain (a) and radar precipitation (b) values, on a synthetic Cartesian grid of 100×100 km.
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reproducible test frameworks for the various adjustment procedures.
Fig. 2 illustrates an example of the resulting radar rainfall.

2.2. Ground based precipitation sensors

Two types of ground sensors were simulated in this framework,
reliable and error-prone. Observation locations were placed randomly
throughout the storm domain, with 50 reliable (gauge) locations and

Fig. 3. Evaluation of optimal number of realizations. Coefficient of Variation of RMSE (top) and R2 (bottom) for each adjustment algorithm, using a range from 10
to 300 realizations. The evaluation was repeated for all numbers of error-prone rain sensors: (a) 50 gauges only; (b) including 50 error-prone sensors; (c) including
100 error-prone; (d) including 200 error-prone.
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three sets of error-prone: 50, 100 and 200 additional locations.
While gauges actually do sustain errors, modern rain rate measuring

equipment has reduced the measurement uncertainty to approximately
5% (see, for example Colli et al. (2013)) thus gauge data were assumed
to be accurate in the simulated framework; their aggregated pre-
cipitation was extracted directly from the initial ‘true’ grid. Throughout
this work the terms ’gauges’ and ’reliable sensors’ are used inter-
changeably.

In operational weather monitoring, gauge networks are quite sparse

(For a global survey of gauge densities see Kidd et al. (2017)). The
influence of gauge density on radar-gauge merging was reported by
Otieno et al. (2014) and Shafiei et al. (2014) further assessed the im-
portance of gauge density and distribution. The density of gauges
chosen for this work, 1 gauge per 200 km2, attempted to mirror a typical
gauge network (see further reports by Ahrens (2006), Tian et al. (2018)
and Otieno et al. (2014)).

The source of error-prone observations can be a second, less reliable
network of gauges. Alternatively, microwave signal attenuation in CML
networks has become accepted as a source of point precipitation data.
(Fencl et al. (2017); Goldshtein et al. (2009); Overeem et al. (2013)).
This current work does not assert that CML derived precipitation is
inherently inaccurate. However much work has been done to in-
vestigate the uncertainty associated with this source of precipitation
data (i.e. Leijnse et al. (2010); Zinevich et al. (2010)). While attenua-
tion data between CML towers represents the aggregated signal strength
along the line-of-sight between towers, most research (i.e. Overeem
et al. (2013) and Goldshtein et al. (2009)) simplifies this linear feature
into a single observation point at the center between the towers. In their
analysis of rainfall estimation from CML networks, Zinevich et al.
(2010) refer to link lengths from 0.5 to 8 km, with increasing un-
certainty in longer links. The report by Overeem et al. (2016), covering
a long term QPE program in the Netherlands, discusses an average link
length of 3.6 km for over 2000 links.

In this work, the term ‘error-prone sensor’ refers to point observa-
tions that could represent the midpoints along CML links. This geo-
graphic simplification together with other uncertainties (see Leijnse
et al. (2010) and additional references in Section 1) in CML observa-
tions concur in creating the overall CML error. However, so far no ex-
plicit model for such an error is available. In this study, we chose to use
a multiplicative error model in order to (i) deal with a reduced number
of parameters and (ii) make the model easily adaptable to other remote
sensing instruments (Tian et al. (2013) and Tang et al. (2015)). To do
so, a random log-normally distributed multiplicative error has been

Table 1
Summary Statistics.

Adjustment Err_Prone RMSE R.squared Slope Intercept

UnAdjusted 0 7.039 0.433 0.600 3.946
UnAdjusted 50 7.039 0.433 0.600 3.946
UnAdjusted 100 7.039 0.433 0.600 3.946
UnAdjusted 200 7.039 0.433 0.600 3.946
MFB 0 4.143 0.433 0.639 0.016
MFB 50 4.123 0.433 0.634 −0.033
MFB 100 4.097 0.433 0.636 −0.085
MFB 200 4.089 0.433 0.637 −0.135
Multiplicative 0 4.521 0.628 0.378 2.681
Multiplicative 50 4.779 0.608 0.362 2.835
Multiplicative 100 4.879 0.599 0.355 2.898
Multiplicative 200 4.918 0.595 0.353 2.920
Mixed 0 4.259 0.631 0.396 2.604
Mixed 50 4.515 0.617 0.377 2.753
Mixed 100 4.623 0.612 0.369 2.811
Mixed 200 4.678 0.611 0.365 2.829
CondMerge 0 3.265 0.637 0.600 0.547
CondMerge 50 3.284 0.650 0.541 1.087
CondMerge 100 3.263 0.664 0.523 1.254
CondMerge 200 3.222 0.684 0.508 1.396
KED 0 3.392 0.615 0.629 0.151
KED 50 3.271 0.636 0.615 0.187
KED 100 3.151 0.659 0.616 0.138
KED 200 2.896 0.712 0.618 0.087

Fig. 4. Adjusted precipitation grids using Mean Field Bias, for different numbers of error-prone rain sensors. (a) 50 gauges only; (b) including 50 error-prone
sensors; (c) including 100 error-prone; (d) including 200 error-prone.
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Fig. 5. Adjusted precipitation grids using Conditional Merge, for different numbers of error-prone rain sensors. (a) 50 gauges only; (b) including 50 error-prone
sensors; (c) including 100 error-prone; (d) including 200 error-prone.

Fig. 6. Adjusted precipitation grids using Kriging with External Drift, for different numbers of error-prone rain sensors. (a) 50 gauges only; (b) including 50 error-
prone sensors; (c) including 100 error-prone; (d) including 200 error-prone.
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applied to the ‘true’ precipitation to simulate error-prone observations.
This error shares the log-normal distribution parameters, and thus the
error magnitude distribution, with the multiplicative error used for
radar fields, but with an independent spatial pattern in each simulation.

Furthermore, CML towers are usually installed at high density
compared to rain gauges (for example Chwala et al. (2012) report one
CML link per 3 km2 in southern Germany). Therefore CML derived
precipitation offers a possible real world case with a mixture of few
reliable (gauge) and many less reliable (CML) point precipitation sen-
sors. Locations for error-prone data observations were therefore placed
at three (configurable) densities: one observation location per 200 km2

(identical to the gauge network) one per 100 km2 and one per 50 km2

(four times as many error-prone sensors as reliable). Thus the densities
of reliable and error-prone sensors together were:

• 50 reliable only (representing rain gauges at 1 gauge per 200 km2)

• Additional 50 error-prone observation locations (totaling one ob-
servation location per 100 km2)

• Additional 100 error-prone (totaling one observation per 66 km2)

• Additional 200 error-prone (totaling one observation per 40 km2)

2.3. Adjustment procedures

This work implemented and tested five adjustment algorithms:

Fig. 7. Scatter plot of true rain vs. UnAdjusted original radar precipitation
values.

Fig. 8. Scatter plot of true rain vs. MFB adjusted radar precipitation values, for
different numbers of error-prone rain sensors: (a) 50 gauges only, (b) including
50 error-prone sensors, (c) including 100 error-prone, (d) including 200 error-
prone.

Fig. 9. Scatter plot of true rain vs. Mixed adjusted radar precipitation values,
for different numbers of error-prone rain sensors: (a) 50 gauges only, (b) in-
cluding 50 error-prone sensors, (c) including 100 error-prone, (d) including 200
error-prone.

Fig. 10. Scatter plot of true rain vs. Multiplicative adjusted radar precipitation
values, for different numbers of error-prone rain sensors: (a) 50 gauges only, (b)
including 50 error-prone sensors, (c) including 100 error-prone, (d) including
200 error-prone.
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Mean Field Bias (MFB), Multiplicative, Mixed, Conditional Merge
(CondMerge) and Kriging with External Drift (KED). The choice of these
five among the full spectrum of adjustment procedures covered the
range of both deterministic (MFB) and geostatistical methods.
Multiplicative, CondMerge and KED employ variations of kriging, im-
plemented with the gstat package (Pebesma (2004)) in R.

Furthermore, the Mixed procedure allows comparison with an additive
bias method, and CondMerge, as explained below, also applies an ad-
ditive, spatially varying correction. On the other hand MFB and KED
adjustments adjust the radar solely by a multiplicative factor.

2.3.1. Mean Field Bias
The first, MFB, determines the average, multiplicative bias shift

between the radar grid and observed precipitation, then corrects for
that shift globally. This is the only adjustment algorithm that applies a
correction which does not vary spatially. Each of the other algorithms
calculates a spatially varying correction from the differences between
the observation locations and radar pixels at those locations.

2.3.2. Mixed and Multiplicative
Both the Multiplicative and Mixed algorithms1 that are explained in

a technical report (Pfaff (2010) in German) apply spatially varying
corrections by interpolating the residuals between radar and sensors at
the sensor locations using ordinary kriging. Multiplicative adjustment
interpolates a correction grid by ordinary kriging of the residuals be-
tween the observation locations and the radar grid. The radar grid is
multiplied by this correction grid to obtain the adjusted result. The
Mixed algorithm works similarly, but determines two correction grids:
an additive component and a multiplicative component. The adjusted
grid results from multiplying the radar by the multiplicative factor, then
adding the additive component.

2.3.3. Conditional Merge
The CondMerge algorithm, initially introduced by Sinclair and

Pegram (2005) and implemented by Guenzi et al. (2016), applies or-
dinary kriging to two different point sets: the values of the ‘true’ rain
grid at gauge locations, and the values of the radar grid at those loca-
tions. The adjusted grid results from adding to the radar grid the kriging
interpolation of the gauges, then subtracting the interpolation of the
radar values, categorizing this procedure as additive. In this way, the
procedure conditions the gauge adjustment by the radar precipitation
values at gauge locations. This procedure was applied successfully by
Berndt et al. (2014). In addition, Rabiei and Haberlandt (2015) com-
pared Conditional Merging to Kriging with External Drift in the context
of a new bias correction protocol. They reported that conditional
merging performed best after applying an initial bias correction.

2.3.4. Kriging with External Drift
Among the geostatistical adjustment algorithms, KED has been ap-

plied widely. This interpolation method uses a secondary variable, the
radar precipitation itself in this case, to add a trend to the gauge ob-
servations. In addition to research by Berndt et al. (2014) and Rabiei
and Haberlandt (2015) cited above, Schiemann et al. (2011) also found
that KED attained better correlation to the original rain than Ordinary
Kriging (OK) methods. Delrieu et al. (2014) further reported that KED
out-performed OK for twelve rain events in France.

2.4. Realizations

The evaluation in this work was performed on 150 realizations of
synthetic data: initial ‘true’ storms, radar grids derived from the ‘true’
rain by applying noise and bias factors and randomly placed ground-
based sensor locations. The ‘true’ storm grids were created using
Sequential Gaussian Simulations (SGS), similar to the approach used by
Nour et al. (2006) to choose gauge locations, and by Teo and Grimes
(2007). SGS was used also by Cecinati et al. (2018) to create a realistic
rainfall simulation. They then applied different gauge distributions and
error models to that simulation to determine the gauge uncertainty by
kriging for uncertain data, a method introduced by Mazzetti and Todini

Fig. 11. Scatter plot of true rain vs. CondMerge adjusted radar precipitation
values, for different numbers of error-prone rain sensors: (a) 50 gauges only, (b)
including 50 error-prone sensors, (c) including 100 error-prone, (d) including
200 error-prone.

Fig. 12. Scatter plot of true rain vs. KED adjusted radar precipitation values, for
different numbers of error-prone rain sensors: (a) 50 gauges only, (b) including
50 error-prone sensors, (c) including 100 error-prone, (d) including 200 error-
prone.

1 adapted in this work fromhttps://docs.wradlib.org/en/stable/adjust.html.
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(2008).
In this current work a multiplicative error grid was applied to all

simulations of ‘true’ rain to obtain 150 synthesized radar precipitation
grids. The radar noise structure used to create the radar grids is de-
scribed in Section 2.1 and error levels of ground based sensors in Sec-
tion 2.2. Fig. 1 shows the error grids and in Fig. 2 the ‘true’ and re-
sulting radar grids (for one sample realization) are shown. The five
adjustment procedures, detailed in Section 2.3 were then applied to
each realization. Analysis of the results (in Section 2.5) calculated the
mean values of several correlation statistics for each adjustment.

The choice of 150 realizations was determined after testing from 10
to 300 iterations. Coefficients of variation (CV), (the ratio of variance to
mean, given by =CV σ μ/ ) for RMSE and R2 were determined and
averaged at different numbers of realizations (see Fig. 3). The variation
of these statistical measures over the range of realizations stabilized
after about 100 realizations. A larger number did not substantially
change the means of CV for the different test statistics at the four error
sensor densities, thus 150 realizations was considered sufficient.

2.5. Analysis of adjustments

In order to examine the success of each adjustment algorithm, a set
of 400 validation points was randomly chosen within the domain. This
number resulted from Slovin’s formula to select sample size, Eq. (2):

=
+

n N
N e1 ( )samp 2 (2)

with e=0.05 (confidence level of 95%) and N=10,000 (total pixels in
the domain)

Values of the original ‘true’ rain and each of the adjusted grids were
extracted at these validation points for all realizations separately, and
RMSE was calculated. Examining adjustment algorithms in the context
of a synthesized test framework insured that results were uniform and
reproducible. Each adjustment was applied to all 150 rain realizations,
and with four densities of error-prone observation locations. Then
average coefficient of determination (R2) and root mean square error
(RMSE), as well as linear regression slope and intercept between the
adjusted grids and the initial ‘true’ storm were calculated and ex-
amined. Table 1 presents mean statistics for each of these tests.

Initially, in order to justify use of a linear regression, two tests were
applied to check for normality of residuals: Anderson-Darling and
Shapiro–Wilk. The p-values of both were very small (< −10 6) supplying
evidence that the null hypothesis of normality should be rejected.
Therefore a Box-Cox transform (Box and Cox, 1964) was applied to the
set of adjusted values. This transform was used by both Erdin et al.
(2012) and Cecinati et al. (2016) in the context of kriging-based radar
adjustment. The optimal Box-Cox λ parameter was determined then the
transformed data were again tested for normality (repeating the An-
derson–Darling test) as well as homoscedasticity, using the Breusch-
Pagan test (implemented in the car package in R, Fox and Weisberg
(2011)). These tests showed p-values above 0.2 for all realizations
(Breusch-Pagan p-values above 0.08), thus rejection of the null hy-
pothesis was not suggested at a confidence level of 95%, and pre-
conditions for linear analysis were upheld. Visual examination of Q-Q
plots for a few realizations reinforced this conclusion. Then R2 and
RMSE were obtained from linear regressions of the Box-Cox trans-
formed distributions to compare values of the ‘true’ and adjusted rain
grids at the validation locations.

Fig. 13. Box-whisker plot of R2 from 150 rain realizations for each adjustment with different numbers of error-prone rain sensors: (a) 50 gauges only, (b) including 50
error-prone sensors, (c) including 100 error-prone, (d) including 200 error-prone.
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3. Results

Three sets of figures are presented below. First, images of the ad-
justed rain grids appear for certain representative adjustment proce-
dures: MFB, CondMerge and KED (Figs. 4–6). Each figure includes ad-
justment results for all four densities of error-prone observations. These
images show that the higher density of error-prone sensors (panels (d)
in each Figure) are somewhat more speckled, whereas the gauges only
images (panels (a)) more closely resemble the ‘true’ rain (refer to
Fig. 2).

The next group (Figs. 7–12) show scatter plots of ‘true’ versus ad-
justed precipitation at the 400 validation points. Note that these plots
represent the original precipitation value, before the Box-Cox transform
(explained above in 2.5). Again each adjustment procedure appears
four times for all densities of reliable/error-prone locations. Scatter
plots in which the spread of points, and thus the regression line, ap-
proaches the °45 slope represent successful adjustment. Additionally,
those scatter plots where dispersion of the points grows compared to
the UnAdjusted plot (i.e. compare Fig. 7 to Fig. 8) indicate cases where
the adjustment actually adds additional noise to the result.

The third set of figures, box-whisker plots of correlation statistics,
best reveals the success of adjustment. All four statistics are presented:
R2, RMSE, slope and intercept of the fitted linear regression line.
(Figs. 13–16). These plots show the mean values of each statistic
(averaged over 150 realizations) as well as first and third quartiles at
the height of the boxes. The whisker lines extend to IQR1.5 * (inter-
quartile range) and outliers appear as orange dots. The height of the
boxes and length of the whiskers give a clear representation of the
variance of each statistic across all realizations. RMSE values that

appear in Fig. 14 with a low mean indicate successful adjustment, and
short whisker lines mirror the dispersion of points in the scatter plots.

Results of all correlation statistics (averaged over 150 realizations)
appear in Table 1.

4. Discussion

The intention in this work was to demonstrate a reproducible,
synthetic test framework for evaluating weather radar adjustment
procedures and to spotlight cases where additional, error-prone pre-
cipitation observations improve adjustment. The framework was con-
structed from multiple realizations of a synthetic rain grid using SGS.
By choosing a large enough number of realizations, we ensured that no
single rain or error distribution would skew the results due to rando-
mization effects. Configurable parameters for radar noise structure, and
four combinations of reliable and error-prone sensors, from zero error-
prone to four times as many error-prone as reliable, were applied to
complete the synthetic framework. The resulting radar grids were ad-
justed by five algorithms: MFB, Mixed, Multiplicative, CondMerge and
KED. Then values of the ‘true’ rain and adjusted precipitation grids were
extracted at 400 validation points. Means of several statistics com-
paring the adjusted and ‘true’ rain were then calculated.

Results were analyzed at two levels, localized and domain-wide.
Higher R2 values, and lower RMSE occur when there is a good average
match at validation points between the ‘true’ rain and the adjusted
values. The closeness of slope and intercept to the °45 “one–one” line
reveals adjustment methods that achieve good bias correction, at the
domain scale. However, when the slope nears 1.0 ( °45 ), but the inter-
cept does not go through zero, then multiplicative bias is corrected, but

Fig. 14. Box-whisker plot of RMSE from 150 rain realizations for each adjustment with different numbers of error-prone rain sensors: (a) 50 gauges only, (b)
including 50 error-prone sensors, (c) including 100 error-prone, (d) including 200 error-prone.
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not additive bias. Thus methods with lower RMSE results are con-
sidered to attain better local adjustment to the ‘true’ rain. Slope values
near 1.0 show good multiplicative bias correction, and if the intercept is
also close to zero, then additive bias is also corrected.

From the scatter plots, clearly only two adjustment algorithms im-
proved correspondence between the ‘true’ rain and adjusted grids: MFB
and KED. Referring to the UnAdjusted scatter plot (Fig. 7), we note a
somewhat high slope, and intercept value far from zero. This is ex-
pected due to the error fields applied to the true rain. The shift of re-
gression lines in all adjustments closer to the °45 slope demonstrates
correction of the multiplicative bias. However scatter plots of the ad-
justments show some increased dispersion of the points. Referring to
the slope box-whisker plots (Fig. 15) the height of the boxes and
whisker lines, especially for the MFB and KED adjustments, demon-
strate this dispersion. The algorithms introduce additional noise into
the adjusted grid, while correcting the overall bias.

Conversely, the Mixed, Multiplicative and CondMerge algorithms
did not cause this added noise: their scatter plots and box whisker plots
of slope and intercept are more compact. However the slope and in-
tercept values for these adjustments are farther from the ideal.
Furthermore, the Mixed and Multiplicative adjustments show slightly
higher RMSE values and lower R2 (Figs. 14 and 13) than the KED ad-
justment, also evident in the summary Table 1. We therefore determine
that Mixed, Multiplicative and CondMerge perform satisfactorily at the
local scale, avoiding additional noise in the correction procedure, but at
the price of somewhat poorer overall correction of multiplicative bias.
CondMerge displays similar, but slightly better results, with RMSE
lower than both Mixed and Multiplicative, especially with the addition
of error-prone sensors. Yet the slope and intercept values of CondMerge

are not as good as MFB. So this “conditioning” algorithm reaches a good
compromise with higher R2, lower RMSE, but at the price of poorer bias
correction.

Interestingly, the MFB adjustment achieves RMSE lower than the
UnAdjusted grid for all densities of error-prone locations. The slope is
slightly nearer to °45 , and the intercept close to zero. These results
reflect the fact that MFB applies a domain wide uniform correction of
bias, thus it is adjusting for multiplicative (but not additive) bias. We
also note a slight compression of the size of the slope and intercept box
whisker plots for MFB with higher density of error-prone observations.
So this adjustment can gain somewhat from additional error-prone
sensors.

The lowest RMSE values for all densities of error-prone sensors
appear in the KED adjusted grid. Since KED takes into account radar
values at the validation locations as the secondary trend variable, this
result is expected. Furthermore KED shows the highest R2 among all
methods, and at all densities of error-prone sensors; in fact both RMSE
and R2 improve as the number of error-prone sensors increases. We
conclude, therefore, that KED is resistant to, and actually benefits from
a large number of error-prone precipitation measurements.

It is worthwhile to focus on correlation statistics that display a de-
crease in variation as the number of error-prone sensors grows. This is
evident from the size of the box and whisker plots. The variation in R2

decreases somewhat for KED at the 100 and 200 error-prone (Fig. 13
panels (c) and (d)) densities. KED shows a more pronounced decrease in
the variation of RMSE (Fig. 14 panel (d)) at the highest density of error-
prone. This result is also evident in the scatter plot (Fig. 12 panel (d));
the regression line tightly matches the “one–one” °45 slope, yet the
dispersion of points decreases with more error-prone observations.

Fig. 15. Box-whisker plot of linear regression slope from 150 rain realizations for each adjustment with different numbers of error-prone rain sensors: (a) 50 gauges
only, (b) including 50 error-prone sensors, (c) including 100 error-prone, (d) including 200 error-prone. The dotted line indicates slope of 1.0.
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Among the kriging based algorithms, KED displays a good match to the
ideal slope and intercept values, with a slope almost as high as MFB,
and intercept very near to zero. Thus, KED achieves the best local ad-
justment as well as good correction for bias, and even improves with a
large number of error-prone sensors.

These results are in good agreement with Goudenhoofdt and
Delobbe (2009), Berndt et al. (2014) and Erdin et al. (2012) and others
who consistently showed that KED achieved better correspondence
between adjusted and observed precipitation. In parallel, research by
Sinclair and Pegram (2005) and Kim et al. (2007) showed that the
CondMerge algorithm successfully adjusted weather radar grids. In this
current work we found that the non-linear patterns in the synthetic
radar grid are not well adjusted by additive techniques such as Con-
dMerge and Mixed.

In constructing the synthetic test framework, examination of radar
adjustment procedures using different densities of error-prone sensors,
with a range of error levels was made possible. Past research
(Goudenhoofdt and Delobbe (2009); Wang et al. (2012); McKee and
Binns (2016); Bruno et al. (2014)) conducted evaluations of adjustment
procedures, but using data from a specific gauge and radar network
under certain storm events. For example, work by Berg et al. (2016) was
located in Sweden, while the recent research by Foehn et al. (2018) was
conducted in Switzerland. However a generic evaluation framework, to
the best of our knowledge, is lacking. This current work attempts to fill
that gap by offering such a standardized test framework.

Furthermore, two sets of ground based observations were combined
in the synthesized framework: reliable and error-prone, with tests for
different densities of error-prone observations. In previous research
both Foehn et al. (2018) and Sideris et al. (2014) chose co-kriging to

adjust radar with two sets of ground observations. The procedure
chosen by Sideris et al. (2014) merged radar and gauge observations at
two time steps, but did not address different error levels. On the other
hand Foehn et al. (2018) applied co-kriging to two independent gauge
networks with different levels of reliability. The less reliable network in
that work consisted of a smaller number of gauges than the reliable
network. While this current work does not implement co-kriging, two
sets of ground observations, one reliable and the other error-prone,
were merged. The proportion of error-prone sensors in this work was
varied up to four times the number of reliable sensors.

The procedure and results in this work demonstrate that a large
number of error-prone precipitation observations can be combined with
reliable gauge observations, and used for radar adjustment. The ana-
lysis presented is reproducible, and configuration parameters can be
chosen to match a real world situation. Application of this method can
guide research and operational QPE to chose the optimal mix of reliable
and error-prone observations and the most appropriate adjustment
method.

The authors are aware of additional parameters that might affect
adjustment procedures, that are not included in this work. Topography
can both interfere with radar signals through beam blockage, and can
influence storm intensity by orographic forcing. Germann et al. (2006)
discussed the challenges facing weather radar in mountainous regions,
and Xu et al. (2017) compared ground based validation of satellite
borne radar at different elevation levels. Yet topography was not taken
into account in this work since such effects are very localized. No
generic, synthetic framework could include topography without
causing a dramatic local influence on the results. The underlying as-
sumption in this work considers the radar rainfall to be corrected for

Fig. 16. Box-whisker plot of linear regression intercept from 150 rain realizations for each adjustment with different numbers of error-prone rain sensors: (a) 50
gauges only, (b) including 50 error-prone sensors, (c) including 100 error-prone, (d) including 200 error-prone. The dotted line indicates intercept of 0.0.
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beam blockage, and we further assume that the synthetic rain grids
already included effects due to orographic forcing.

Furthermore, the temporal resolution of radar data, compared to
gauge or CML data can also negatively influence adjustment efforts. As
discussed by Cristiano et al. (2017), Emmanuel et al. (2012) and Marra
and Morin (2018), radar images capture a single point in time “snap-
shot” whereas gauges represent aggregated rainfall over some (albeit
short) time interval. It is possible that radar misses a short lived con-
vective storm, or that the storm moves between one radar sweep and
the next. What’s more, radar views the rain rate aloft while ground-
based sensors collect precipitation at the surface. There could be a time
lag between the two, introducing additional uncertainty into adjust-
ment algorithms. To overcome these temporal effects, adjustment
parameters are determined and methods are chosen based on very long
aggregations of radar and gauge data. Within the context of this syn-
thetic framework, the assumed time resolution was (at least) one day.

The initial ‘true’ rain, created as described in Section 2.4, was based
on 150 realizations of Sequential Gaussian Simulations. However the
final result was a single ‘true’ rain grid. The evaluations examined only
levels of error in the error-prone gauges. No attempt was made to
evaluate various types of storms.

Further research using the synthetic framework presented here
could investigate three issues. First, various types of rain storms could
be created by altering the parameters when preparing the initial ‘true’
rain. Next, different error distributions could be applied to the error-
prone subset of observations. Finally, additional adjustment algorithms,
such as co-kriging, as well as combinations of algorithms could be
implemented and compared.

5. Conclusions

This research presented a standardized, reproducible test frame-
work that was constructed to analyze adjustment of synthetic weather
radar rainfall. Several adjustment algorithms were applied to the radar
by using synthesized ground based observation data representing a mix
of reliable and error-prone sensors at varying densities. Then statistical
tests were used to validate the success of these algorithms in re-
constructing the ‘true’ rain. The framework included configurable
parameters: density and error level of ground observations, and the
noise structure of the radar grid.

Results indicate:

• All adjustment procedures perform fairly well in correcting for
multiplicative bias.

• The Conditional Merge performs satisfactorily with addition of
error-prone observations, attaining lower RMSE than other additive
algorithms.

• Kriging with External Drift is the most resistant to a high number of
error-prone observations.

• Mean Field Bias performs fairly well at all densities of error-prone
correcting only bias, as expected, but adding some noise (variance)
into the adjusted grid.

• Mixed and Multiplicative adjustments avoid addition of noise into
the adjusted grid, but tend to poorer overall correction (higher
RMSE) than all other adjustments.
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