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Abstract: Accurate knowledge of the rain amount is an crucial driver in several hydro-meteorolog-
ical applications. This is especially true in complex orography territories, which are typically imper-
vious, thus leaving ungauged most of the mountain areas. Thanks to their spatial and temporal 
coverage, weather radars can potentially overcome such an issue. However, weather radar, if not 
accurately processed, can suffer from several limitations (e.g., beam blocking, altitude of the obser-
vation, path attenuation, indirectness of the measurement) that can hamper the reliability of the rain 
estimates performed. In this study, a comparison between rain gauge and weather radar retrievals 
is performed in the target area of the Abruzzo region in Italy, which is characterized by a heteroge-
neous orography ranging from the sea side to Apennine ridge. Consequently, the Abruzzo region 
has an inhomogeneous distribution of the rain gauges, with station density decreasing with the al-
titude reaching up to approximately 1500 m a.s.l. Notwithstanding, pluviometric inflow spatial dis-
tribution shows a sub-regional dependency as a function of four climatic and altimetric factors: 
coastal, hilly, mountain, and inner plain areas (i.e., Marsica). Such areas are used in this analysis to 
characterize the radar retrieval vs. rain gauge amounts in each of those zones. Compared to previous 
studies on the topic, the analysis presented an attention to the importance of an accurate selection 
of the climatic and altimetric sub-regional areas where undertake the radar vs. rain gauge compar-
ison. This aspect is not only of great importance to correct biases in radar retrievals in a more selec-
tive way, but it also paves the way for more accurate hydro-meteorological applications (e.g., hy-
drological model initialization, quantify the aquifers recharge etc.) which, in general, require the 
accurate knowledge of rain amounts upstream of a basin. To fill the gap caused by the uneven rain 
gauge distribution, Ordinary Kriging has been applied on a regional scale to obtain 2D maps of 
rainfall data, which are cumulated on a monthly and yearly base. Weather radar data from the Ital-
ian mosaic are considered as well, in terms of rain rate retrievals and cumulations performed on the 
same time frame used for rain gauges. The period considered for the analysis is two continuous 
years: 2017 and 2018. The output of the elaborations are raster maps for both radar and interpolated 
rain gauges, where every pixel contains a rainfall quantity. Although the results show a general 
underestimation in the weather radar data especially in mountain and Marsica areas, even though 
within the 95% confidence interval of the OK estimation. Our analysis highlights that the average 
bias between radar and rain gauges, in terms of precipitation amounts, is a function of altitude and 
is almost constant in each of the selected areas. This achievement suggests that after a proper selec-
tion of homogeneous target areas, the radar retrievals can be corrected using the denser network of 
rain gauges typically distributed at lower altitudes and extend such correction at higher altitudes 
without loss of generality. 
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1. Introduction 
The distribution of meteorological measurement stations on the Italian national ter-

ritory is not homogeneous due to the logistical and morphological conditions of the moun-
tain ranges. In particular, such distribution in the Apennine chain, where the study area 
is focused, is uneven and has a very poor coverage above 1000 m a.s.l. [1-3]. This becomes 
a critical issue especially when there is the need to have information of the water amount 
felt on mountain areas for example to estimate the recharge of aquifers [4]. 

On one hand, to overcome the issues related to a discrete and sparse distribution of 
rain gauges of the national and regional monitoring network, the spatial distribution of 
rainfall can be reconstructed using either traditional interpolation techniques [5-6], such 
Thiessen polygons, Triangulation with linear interpolation, Natural Neighbor, Inverse 
Weighted Distance, or Spline, or more advanced ones, like Geostatistics. This wide group 
of methods is based on the Regionalized Variable Theory [7], stating that values of a spe-
cific variable defined in space depend on each other [8-10]. According to this theory, meas-
urements include a spatially correlated casual component, the mean value, and the resid-
ual non-systematic error [11]. These techniques are physically based, as they take ad-
vantage of the spatial variability structures of experimental measurements. In addition, 
they are implemented in a fashion that ensures optimal and unbiased prediction of the 
selected variables in areas where they are not measured. 

On the other hand, weather RaDAR systems (Radio Detection And Ranging, hereaf-
ter named “radar” for simplicity) can represent an alternative solution, as they can pro-
vide a spatially seamless estimation of rainfall in near real-time. A single weather radar 
can cover large areas up to 200 km from the radar site with a time sampling of 5-10 min 
and a spatial range resolution from 125 m up to 500 m [12]. Weather radar estimates of 
near-surface precipitation can be affected by several limiting factors [13], which includes 
partial beam blocking from nearby orography, path attenuation caused by the liquid 
amount along the radar line of sighs, radiofrequency interferences and cone of silence, 
that is, unobserved areas close to the ground. Most of such issues can be reduced and 
compensated after proper processing of radar date [14] delivering filtered and reliable 
radar data. However, especially in complex orography, weather radar sites are often po-
sitioned on mountain peaks [15] to ensure large coverages and prevent mountain blocks 
with the unavoidable drawbacks of i) increasing the indirect character of the radar meas-
urement in rain regimes caused by the increased distance between the radar measurement 
aloft and the surface level and ii) to likely have differences in the vertical distribution of 
hydrometeors (i.e. ice snow/ice is sampled by the radar aloft while liquid rain is falling 
below close to the surface) that makes the inversion of the radar acquisitions into rain rate 
more challenging. Several techniques exist to compensate for some of the radar limiting 
factors [16] although residual errors are difficult to be completely zeroed out. 

Despite all the above-mentioned critical factors, weather radar-derived rainfall da-
tasets are valuable with respect to rain gauge networks because they can potentially re-
duce the uncertainty about precipitation inflow volumes thanks to their higher spatial-
temporal resolution. Weather radars are nowadays networked and generally used for 
weather surveillance, hydrological and meteorological purposes with special emphasis on 
data assimilation [17], in support to civil protection activities [18] as well as to better define 
the water budget in regional aquifers [19] or in wide catchment [20]. 

In the present study, the possibility of using an alternative precipitation evaluation 
technique based on weather radar surveys is analyzed. In particular, weather radar meas-
urements from the Italian network have been compared to geostatistical estimations ob-
tained through the application of the Ordinary Kriging (OK) methods to rain gauge meas-
urements. Even though it is the most simplified geostatistical approach, if compared to 
more sophisticated techniques like Co-Kriging [21-24] or Kriging with External Drift [25-
27], OK is not influenced by the uncertainty associated with auxiliary variables that are 
generally not quantified. For this reason, in this case, it has been considered appropriate, 
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as the main aim is to compare rainfall data collected by different sources and characterized 
by different supports.  

The selected study area falls within the territory of the Abruzzo region and covers a 
portion of the Italian territory between the Adriatic coast and the Apennine chain. 

Because of the complex elaboration of weather radar data, only two years (2017 and 
2018) of annual and monthly datasets have been analyzed. For the comparison between 
the interpolated data from rain gauge network and the weather radar data, the Abruzzo 
territory has been divided in four homogeneous altimetric-climatic zones and the mean 
rainfall amount has been calculated for each one of them. 

Moreover, a seasonal evaluation is elaborated: for every climatic zone, both sources 
of rainfall data are aggregated to a seasonal basis to highlight seasonal trends. 

The manuscript first explains the study area and the used methods, then data are 
shown and discussed using maps and tables followed by conclusions. 

2. Materials and Methods 
2.1. Study area and datasets 

The study area is represented by the whole Abruzzo Region with its heterogeneous 
territory. Its landscape includes mountain areas in the western part and more hilly and 
flat areas in the eastern (Figure 1); these different morphological features imply different 
meteorological and pluviometric conditions [28-29]. 

  
Figure 1. Study area divided in the four zones. Rain gauge and radar sensors are shown. 

For these reasons, the study area has been divided into four zones based on different 
altitudes, climatic conditions, and morphological characteristics (Figure 1): 
• coastal area, from sea level to about 300 m a.s.l., mainly includes the river plains and 

the seacoast land; 
• hilly area, from about 300 to about 900 m a.s.l.; it comprises the hills behind the plains 

and the lower peaks; 
• mountain area, from about 900 m to about 3000 m a.s.l., with drainage to the eastern 

side of the study area (Adriatic Sea) and includes the main peaks, usually corre-
sponding to the major recharge area; in this area can be also find the Sulmona and 
L’Aquila plains; 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 November 2022                   doi:10.20944/preprints202211.0051.v1

https://doi.org/10.20944/preprints202211.0051.v1


 4 of 14 
 

 

• Marsica area, with drainage to the western side of the study area (Tyrrhenian Sea) 
which includes Fucino plain and nearby mountains. 
This sub-division allows correlating precipitations to land features for more accurate 

data comparison. 
Furthermore, considering each zone separately enables highlighting the differences 

inside the rain gauges’ network: the coastal and hilly areas are the best covered, while the 
mountain and Marsica ones, show a consistent lack in the stations’ distribution. As can be 
seen in Figure 1, automatic stations are mainly located in the flat areas (i.e., Fucino and 
Sulmona plains) leaving completely uncovered the peaks (i.e., Majella massif). 

Table 1. Numbers of stations for every climatic zone used for Ordinary Kriging. 

Climatic zone Number of gauging stations 
Coastal area 19 

Hilly area 17 
Mountain area 27 
Marsica area 9 

The annual and monthly rainfall datasets used for this paper derive from the regional 
rain gauge network, managed by Hydrographic Service of Abruzzo Region: 72 stations 
have been selected for 2017 and 2018 as they were the only ones with complete monthly 
data for the considered period (Figure 1 and Table 1). 

Furthermore, in the Abruzzo region there are four radar sensors installed, but only 
two of them converge into the national radar mosaic which is used in this study: Mt. Il 
Monte and Mt. Midia radars (pink triangles in Figure 1). Mosaicked data are processed to 
produce monthly and annual cumulative datasets of precipitation. 

2.2. Geostatistical method 
The Ordinary Kriging (OK) technique [8-9-11] was selected to spatialize rainfall data 

sampled at the gauging station of the Abruzzo Region monitoring network (Figure 1). In 
OK, the selected target variable (z∗(𝐱𝐱0)) can be calculated at each location of a domain grid 
(𝐱𝐱0) through an unbiased and optimal estimator, namely the Best Linear Unbiased Esti-
mator (BLUE), described by the following equation: 

z∗(𝐱𝐱0) = �λiz(𝐱𝐱i)          with i = 1, … , N
N

i=1

 (1) 

In Eq. (1), λi are the weights attributed to the variable values (z(𝐱𝐱i)) measured at 
specific locations in the neighborhood (𝐱𝐱i). 

BLUE ensures that the estimated values are the most optimal and unbiased (i.e., 
𝐸𝐸�z∗(𝐱𝐱0) − z(𝐱𝐱0)� = 0) possible by imposing the following condition: 

�λi
i

= 1 (2) 

This constrain is included in the Kriging equation system (Eq. (3)), which consists of 
a set of N + 1 linear equations, as shown below: 

⎩
⎪
⎨

⎪
⎧�λiγ�𝐱𝐱i,𝐱𝐱j� + μ = γ(𝐱𝐱i, 𝐱𝐱0)

N

j=1

�λj = 1
N

j=1

                                     

 (3) 

where μ is a Lagrangian multiplier, whereas γ�𝐱𝐱i, 𝐱𝐱j� and γ(𝐱𝐱i, 𝐱𝐱0) are the semi-
variograms (or variograms) related to pairs of measurements and to pairs that include the 
unsampled location (𝐱𝐱0). 
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In geostatistics, the variogram is a function that describes the spatial dependency of 
a given random variable of interest [30] as a relation between semi-variance (γ(𝐡𝐡)) and 
distance, described by a separation vector called lag (𝐡𝐡). Variograms are defined by the 
following equation (Eq. (4)): 

γ(𝐡𝐡) =
1

N(𝐡𝐡) �
[z(𝐱𝐱i) − z(𝐱𝐱i + 𝐡𝐡)]2          with i = 1, … , N(𝐡𝐡)

N(𝐡𝐡)

i=1

 (4) 

In this equation, z(𝐱𝐱i) and z(𝐱𝐱i + 𝐡𝐡) are a pair of distinct measurements separated 
by a lag 𝐡𝐡 regarding a specific location within the considered domain (𝐱𝐱i), while N(𝐡𝐡) is 
the number of pairs separated by the same lag. 

To solve the linear equation system in Eq. (3), the experimental variogram (i.e., the 
one obtained from actual measurements) is fitted by a variogram model, which can be 
either simple e (i.e., one spatial structure) or nested (i.e., two or more spatial structures). 

Besides the predicted value, OK provides a measure of the uncertainty associated 
with the estimate, namely the Kriging variance (σ2(𝐱𝐱0)), as follows: 

σ2(𝐱𝐱0) = μ + �λiγ(𝐱𝐱i, 𝐱𝐱0)
N

i=1

 (5) 

Since in the case of variables characterized by a non-Gaussian statistical distribution 
the prediction may be non-linear and then not optimal, and the Kriging variance, or the 
corresponding standard deviation, cannot be used as a local measure of error [31]. For this 
reason, the yearly and monthly rainfall were transformed through a function well-known 
in geostatistics: the Gaussian Anamorphosis [10]. This function can convert a Gaussian 
variable (Z = Φ(Y)) into a non-Gaussian one by fitting a polynomial expansion, as defined 
in Eq. (6): 

Φ(Y) = �ΨiHi(Y) (6) 

where, Hi(Y) are the Hermite polynomials, while Ψi are the Hermite coefficients. 
Once defined, this function can be inverted and used to transform a non-Gaussian 

variable into a standardized one (Eq. (7)): 

Y = Φ−1(Z) (7) 

In this study, raw rainfall data were previously transformed into standardized 
Gaussian variables and then interpolated. Finally, the predictions were back transformed 
to obtain the yearly and monthly rainfall maps with the origin unit through the Gaussian 
Anamorphosis function. Back-transformation was applied to 95% confidence interval lim-
its (Lower Limit–LL, and Upper Limit–UL) maps as well, obtained by the following rela-
tion: 

Limits of 95% CI = z∗(𝐱𝐱) ±
1.96σ
√n

 (8) 

where, σ is the OK standard deviation, while n the optimal number of measure-
ment locations in the neighborhood. 

The performance of selected variogram models used in the OK analyses was evalu-
ated using the cross-validation, which consist of sequentially removing the measurements 
one at a time and estimating each one of them at the corresponding sampling location, 
using the model under evaluation and the experimental data in the neighborhood. The 
differences between measured values and estimates represent errors, from which t is pos-
sible to calculate the following performance evaluation statistics, with their reference 
value: 
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Mean Error = ME =
1
N
�(zi∗ − zi) → 0
N

i=1

 (9) 

Mean Standardized Error = MSE =
1
N
��

zi∗ − zi
σi

�
N

i=1

→ 0 (10) 

Root Mean Squared Error = RMSE = �
1
N
�(zi∗ − zi)2
N

i=1

→ 0 (11) 

Root Mean Squared Standardized Error = RMSSE = �
1
N
��

zi∗ − zi
σi

�
2N

i=1

→ 1 (12) 

In which, zi∗  and zi  are the estimated and measured values, N is the number of 
sampled locations, and σi is the Kriging standard deviation. 

ME and MSE measure the variogram model unbiasedness, RMSE for its precision, 
whereas RMSSE for its accuracy. 

The rainfall values were estimated by OK through Eq. (1) on the same grid (i.e., sup-
port) as the weather radar rasters (cell size of 1000-1000 m), to make the comparison reli-
able. Eventually, the output rasters were sliced into the four altimetric zones, rain data 
have been sampled from every pixel and the mean rainfall amount has been calculated 
for each zone. 

All the geostatistics analyses were preformed using the software Geovariances Isa-
tis.neo 2021.07 (www.geovariances.com/en/software/isatis-neo-geostatistics-software/) 

2.3. Weather RaDAR method  
Weather radar are active instruments that emits electromagnetic (EM) waves, typi-

cally in the microwave spectrum and, after the interaction of the EM signal sent with hy-
drometeors in the atmosphere, the reception of the backscattered component is used to 
infer some key geophysical information (e.g. hydrometeor typology like rain, hail, show, 
water content, rain rate, etc.). Single polarized radars allow the reception of the backscat-
tered power in one single polarization, typically the horizontal one (h) to derive the re-
flectivity factor (Zhh) which is strongly dependent to the six-power of the size of hydro-
meteors intercepted along the radar ray path. After a proper calibration and processing, 
Zhh is converted into instantaneous surface rainfall intensity (SR) expressed in (mm/h) us-
ing the following power law equation: 

SR = �10
Zhh
10 �

1
b
�

1
a
�
1
b

 (13) 

where a and b are two dimensional coefficients geographically calibrated [13], and 
Zhh is conventionally expressed in mm6 m-3. SR in then converted into hourly accumula-
tion by assuming constant rain within the time elapsed between two consecutive radar 
acquisitions so that hourly precipitation (P1h) is  

P1h = � SR

N

t=1

(t)∆t (14) 

Where ∆t is the time sampling of the radar in (h) and N is the number of the radar 
acquisitions in the hour considered. Larger accumulation periods are obtained summing 
the needed number of hours. It is worth mentioning that dual polarized radars are multi-
variable systems adding more information on the shape and composition of hydrometeors 
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allowing to constrain Eq. (13) and obtain more accurate rain estimates [32]. In addition, 
these systems allow a better discrimination of the unwanted radar returns thus achieving 
a better data quality which also indirectly contribute to the accuracy of SR [16]. 

The C-band weather radars data used in this work comes from the Italian mosaic for 
a 2017-2018 period with a temporal resolution of ∆t =10 min and raster representation 
with a grid spacing if 1×1 km2. For the Abruzzo territory, the main contributing radars 
are those of Il Monte (lon=14.621°, lat=41.939°, alt=710 m), and Mt. Midia radar 
(lon=13.177°, lat=42.057°, alt=1660 m) managed by the Italian civil protection and the re-
gional authority, respectively. Il Monte radar is a Doppler dual polarized system, and it 
mostly covers the coastal eastern side, whereas Mt. Midia is a Doppler single polarized 
system, and it has an open view mainly in the westmost part of the region. Because of the 
different radar site altitudes, and polarization capability of Il Monte radar with respect to 
Mt. Midia one, that suggests a better data quality of the former than the latter, different 
rain retrieval performances are expected in the respective areas covered by the two radars. 

Figure 2, illustrates, for reference only, the average monthly rain accumulation for 
March 2017 obtained by the radar mosaic for the Abruzzo region. 

 
Figure 2. Raster map showing radar monthly cumulate for March 2017. Altimetric - climatic zone 
are displayed, too. 

Radar data represented in the maps are processed at the central level with a compo-
site technique that permits better territory coverage and rainfall quantification. As men-
tioned earlier some uncertainties can affect these data: orographic blocks, disturbing in-
terferences, path attenuation fostered by strong precipitation [16]. Using a composite ra-
dar data and polarimetry, when available, these issues can be partially overcome. For or-
ographic echoes (ground clutter), they are successfully removed using clutter maps (i.e. 
representation of static obstacles in the radar view geometry using statistic of clear sky 
radar acquisitions, [33] as well as polarimetric filters when available [12].  
The radar dataset analyzed extends to two years. The limitation to only two years of anal-
ysis is justified by the huge amount of data to be processed and to the identification of 
complete monitoring periods of the meteorological stations. With respect to a few thou-
sand of daily data from rain gauge, the weather radar analysis provides for the processing 
of tens millions of data for month. These records are cumulated to a monthly temporal 
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time frame and represented as raster monthly radar maps. Additional annual maps have 
been provided for both years. 

3. Results and discussion 
Rain data from gauging stations have been cumulated monthly and annually for 2017 

and 2018 and then interpolated using the Ordinary Kriging (OK). 
In Figure 3 and Table 2, as an example, annual fitted variogram models related to the 

gaussian-transformed rainfall data and their performace statistics from the cross-valida-
tion are shown, respectively.  

 

Figure 3. Variogram (variance vs. distance) examples. To the left: 2017; to the right: 2018. 

Table 2. Cross-validation related to 2017 and 2018 variogram shown in Figure 3. 

2017 cross-validation 
ME 0.00 

MSE -0.0029 
RMSE 0.78 

RMSSE 0.9518 
2018 cross-validation 

ME 0.01 
MSE 0.0087 

RMSE 0.85 
RMSSE 1.0553 

For both annual datasets, a spherical variogram model was selected; for 2017, the 
range is equal to about 24200 m, while for 2018 the range is about 26600 m. 

The selected variogram models reflect a satisfying level of unbiasedness, precision, 
and accuracy, as demonstrated by the cross-validation results. 

As outputs, 13 raster maps for each year have been carried out. The same cumulation 
periods used for rain gauges is used for radar data. 
All the obtained rasters are sliced in the four altimetric zones (Figure 1) as shown in Figure 
4, where the comparison between OK interpolated data (left panels) and radar estimates 
(right panels) are represented for 2017 and 2018 (in the upper and lower panels, respec-
tively).  
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Figure 4. Comparison between OK interpolated data and weather radar ones using the raster maps sliced in the four zones: (a) 
2017 OK interpolated data (b) 2017 weather radar data (c) 2018 OK interpolated data (d) 2018 weather radar data. 

As can be seen in Figure 4a, where OK interpolated data for 2017 are displayed, spots 
of lower values are in the southern part of coastal and hilly areas, due to local minima in 
the rainfall measures from the rain gauge stations located in those zones. Likewise, a sim-
ilar situation can be found in Sulmona, L’Aquila and Fucino plains where rainfall values 
are more modest than the surrounding ones. Generally, coastal, and hilly areas indicate 
the highest rainfall values. 

The 2017 weather radar data are shown in Figure 4b, where is clear that coastal and 
hilly areas’ rainfall values are higher than mountain and Marsica ones, confirming what 
deduced from OK interpolation with plain internal regions that are the less rainy. 

The 2018 OK interpolated data (Figure 4c) show similar features to 2017: plains have 
the lower values, and the spots in the southern part of coastal and hilly areas; on the other 
hand, for 2018 mountain and Marsica zones are rainier than the other two, unlike 2017. 

Weather radar data from 2018 (Figure 4d) have the same 2017 trend which indicates 
greater rain amount in coastal and hilly portions and lower ones in intramountain plain. 

For a deeper and more accurate comparison between the two types of inflow estima-
tions, the corresponding mean rainfall amounts (mm) have been considered and elabo-
rated seasonally in each climatic area for every single month and summed as seasonal 
cotributions: 
• January, February, and December as winter,  
• March, April, and May as spring,  
• June, July, and August as summer, 
• September, October, and November as fall. 
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Using both types of data, weather radar and OK ones, monthly rainfall amounts have 
been summed up to obtain the quantities reported in Figure 5 where seasonal results are 
shown the two years analyzed. 

  
Figure 5. Rainfall amount (mm) for every altimetric area considering seasonal datasets for both ra-
dar and OK interpolated data (OK); Upper Limit (UL-OK) and Lower Limit (LL-OK) of the confi-
dence interval are shown, as well. 

As can be seen, all the graphs show higher values in OK interpolated data (OK in the 
graphs), except for coastal and hilly areas in which radar and OK tends to a better overall 
agreement. This can be explained by the fact that those area are mainly covered by the Il 
Monte radar which has the advantage of polarimetry and it is positioned closer the sea 
level thus having a closer agreement with ground stations.  

The highest discrepancies are shown for winter and fall rainfall amounts, especially 
in mountain and Marsica areas whereas the best correspondence is for summer data in all 
the four zones. One possible explanation to this behavior can be attributed to the fact that 
in the summer the freezing level altitude is higher than in the winter and, consequently, 
in the summer radar observations are performed in rain regime (i.e. they are likely picked 
up at altitudes below the freezing level). Contrarily, in the winter, the radar is more likely 
sampling in ice/snow regimes, especially when the freezing level is approaching the radar 
site altitude (i.e. 1660 m). Thus, as evidenced in Figure 5, in the summer we expect an 
augmented consistency between the radar estimated and rain gauges, as the two sources 
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both sample rain. In this context, Mt. Midia radar positioned at 1660 m of altitude is dis-
advantage during the winter thus contributing significantly to the errors registered in the 
mountain and Marsica areas during fall and winter periods. 

As highlighted in Figure 5, the mountain and Marsica zones shows the greatest dif-
ferences in seasonal comparison; at the same time, these two are the poorest in terms of 
rain gauge stations and weather radar could represent a good solution. For these reasons 
and for a deeper investigation, rainfall data and the altitudes corresponding with the 
gauging stations’ locations have been correlated. 

In any case, seasonal rainfall amount estimated from RaDAR data always fall into the 
95% confidence interval of the OK estimates, which means that they are able to catch the 
spatial and temporal variability in an acceptable way, and little efforts (e.g., bias correction 
in the post-processing phese) is required to make them reliable for quantitative purposes. 

Figure 6 points out this relationship for the two years period considered. Rainfall 
data are from gauging stations located in mountain and Marsica areas and cumulated 
annually; weather radar data have been extracted from annual raster maps at the locations 
corresponding to the positions of the rain gauge stations within each area considered. Both 
these rainfall datasets have been correlated with automatic stations altitudes. 

 
Figure 6. Correlation altitude/precipitation (P) using rainfall data from gauging stations and 
weather radar datasets in mountain and Marsica areas for 2017-2018 years. Linear and Log. indicate 
regression lines. 

As can be seen, data from gauging stations are more “scattered” than weather radar 
ones, especially in Marsica area; consequently, these dispersed distributions do not allow 
to deduce a clear rainfall-altitude correlation.  

Despite these issues both linear and logarithmic regressions have been tried out find-
ing that linear correlation fits better than logarithmic one. 

These diagrams confirm the higher values in gauging stations’ datasets as already 
seen in Figure 5 and more importantly, they come up with a way to correct radar estimates 
in complex orography or wide areas [20]. Indeed, it seems that the differences (bias) that 
characterize the two curves (dotted blue and green one) in Figure 5 are almost parallel to 
each other thus suggesting that the bias found at lower altitude is applicable to higher 
ones. This finding could be a first aid for a radar estimates bias correction in pre-selected 
complex orography environments, namely, datasets collected in more denser areas at 
lower altitudes can be used to extrapolate the found bias at higher, and less instrumented, 
altitude areas. Hydrological applications can particularly benefit from such bias correc-
tion being them mainly sensible to forcing input at the basin upstream. 
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4. Conclusions 
Although weather radars are widely used as ground reference in many hydro-mete-

orological applications, the elaborations performed in this study, verified as their rain es-
timates, especially in an operational context, can suffer of non-negligible errors, if com-
pared with rain gauge networks. Thus, rain gauges and weather radars appear to be inte-
grative with each other and in particular the former can cooperate with the latter to com-
pensate, at least on average, for some retrieval biases. The radar and rain gauge compari-
son performed in the Abruzzo region highlighted the following positive aspects:  
• good agreement between the two sources in the warmer seasons due to the homoge-

neity in the quantity observed by the radar and rain gauges; 
• general good agreement in the coastal and hilly areas due to the better radar coverage 

in those area of one of the two radars used in the analysis. This also suggest the im-
portance of studying the radar view geometry compared to the local orography to 
identify areas where better results are expected.  

Among the problematic aspects that require further study, we highlight: 
• general underestimation of the results obtained by weather radar. Although the ra-

dar underestimation is very well known, its compensation can be less obvious in 
complex orography as pointed out in this work. The selection of homogenous cli-
matic and altitude areas, as suggested in this study, could be a way out to compensate 
for the radar underestimation problem, 

• worse agreement between the radar and rain gauges in the cold and rainy seasons 
(especially in winter and autumn in the Mountain and high plains areas) which is 
justified by the mismatch in the observation of the same precipitation regime by the 
radar and rain gauge. Such a problem is more severe when the altitude of the radar 
site is closer to the altitude of the freezing level because in such situation the radar 
likely observes ice/snow whereas rain gauges catch liquid water. 
Considering the discrepancies in the results obtained with the two measuring meth-

ods, weather radar needs to be better elaborated, compensating biases in order to fill the 
lack of directly measure inflows at high altitude where gauging stations are not present. 
To this end, future works will investigate the possibility to use the knowledge of hydro-
geological balance in well-known aquifer and catchment areas where the hydrometeor 
inflow can also be calculated by the sum of the water outlets and evapotranspiration. 
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