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Abstract: In this research work, an analysis is conducted concerning the impact on rainfall-runoff
simulations of utilizing rain gauge precipitation measurements against weather radar quantitative
precipitation estimates. The study area is the Sarantapotamos river basin, a peri-urban basin located
in the greater area of Athens, and measurements from a newly installed X-Band weather radar system,
referred to as rainscanner, along with ground rain gauge stations were used. Rainscanner, in contrast
to rain gauges, is able to provide with higher resolution surface precipitation datasets, but due to
signal errors, uncertainty is involved, and thus proper calibration and evaluation of these estimates
must be first performed. In this context, this research work evaluates the impact of adopting different
precipitation datasets and interpolation methods for generating runoff, through the use of a lumped
based rainfall-runoff model. Initially, the analysis focuses on the correlation between the rain gauge
and the rainscanner estimations for each station, as well as for the calculated mean areal precipitation.
The results of the rainfall-runoff simulations show that even though a different spatial and temporal
variability of the rainfall field is calculated through the two datasets, in a lumped-based scheme, the
most important factor that dictates the runoff generation is the amount of total precipitation.

Keywords: rain gauge; weather radar; rainscanner; mean areal precipitation; Sarantapotamos

1. Introduction

Rainfall-runoff modelling depends mainly on the precipitation measurements. The
most used and traditional system of recording precipitation are rain gauge stations. Rain
gauge stations provide with point measurement of precipitation and therefore a suitable
network of such stations is usually implemented over a large area. In hydrology, the study
is usually performed on a specified basin scale, therefore a network of such rain gauge
stations that are properly distributed throughout is essential in order to accurately describe
the spatial variability of a rainfall event. General guidelines by the World Meteorological
Organization for implementing such networks are provided, however this is not usually
the case, since due to installation costs and orography, the distribution of rain gauges,
especially on high elevations, is lacking. Moreover, the current demand on quick data
has raised the maintenance costs of ground stations, which require constant powering,
connection to internet and security. For these reasons, more efficient ways, involving
telemetric measurements of precipitation, such as weather radars and satellites, have
gained increased attention [1]. Weather radars have long been implemented and are
considered among the best precipitation data source for modelling [2], while satellite
data were only recently implemented and are gaining ground [3]. These systems feature
imminent high spatial and temporal quantitative precipitation estimates (QPE). These
benefits, however, come at a price, since they are subject to quantitate errors [4]. There
is a large number of factors that affect the quality of the QPE, such as systematic errors
due to improper calibration of the rainscanner system, signal attenuation issues and the
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use of a proper radar reflectivity, Z, to rainfall intensity, R relationship, also known as Z–R
relationship, among others [5]. The Z–R relationship is among the most crucial parameters
to be configured since it transforms the measured reflectivity fields, Z (mm6/m3), to rainfall
intensity, R (mm/h). The relationship is a power law relation in the form of, Z = aRb, where
a and b parameters vary depending on the rain droplets’ size distribution of an event [6].
Therefore, the Z–R relationship is a static relationship but varies in time and space. The
most common approaches are to calibrate the Z–R relationship for use on a specific weather
radar based on measurements of a distrometer [7–9], an equipment for measuring the drop
size distribution, or the correlation of the QPE with rain gauge measurements [3,10–12].
Nevertheless, the parameters of the Z–R relationship should be evaluated for use with only
specific storm characteristics, being for instance either convective or stratiform. Only few
studies deal with the variability of the Z–R relationship in time space [13,14], while the
majority of studies tend to use a one-at-a-time derived Z–R relationship and then apply
bias corrections in real time.

Regarding rainfall-runoff modelling, the use of radar datasets tends to increase the
quality of runoff modelling [15,16], however the raw QPE provided by these systems
should be first adjusted based on the rain gauge measurements, since it tends to lead to
better accuracy, compared to raw unadjusted radar estimates [17,18]. Gridded datasets
tend to perform well with fully distributed models, but semi-distributed and lumped
models can be implemented by calculating the Mean Areal Precipitation (MAP) over a
basin. One important factor in all studies is the spatial and temporal scale of the analysis.
While the spatial scale can be easily configured through modelling, the temporal aspect
must not be ignored since weather radar measurements tend to have better correlation
with rain gauge measurements when the analysis is performed on coarser scales [2,19,20].
Therefore, it is important to notice that the use of higher spatial and temporal resolution
datasets does not always translate into more accurate estimations [21,22].

In this study, a validation of a newly installed X-Band weather radar, also referred
to as rainscanner, is evaluated through performing a comparative analysis between rain
gauge measurements and the rainscanner estimates for a peri-urban basin, in the greater
region of Athens, in Greece. The rainscanner is located in the facilities of the National
Technical University of Athens (NTUA) near the center of Athens, Greece, and features
high spatial and temporal scales, with up to 100 × 100 m2 spatial resolution in two min
time intervals [23]. This analysis focuses on the generated uncertainty by estimating the
rainfall field through different interpolating methods and temporal scales and assessing
their impact on the generated hydrographs through rainfall-runoff modelling.

2. Materials and Methods
2.1. Study Area

The study area is the rural part of the Sarantapotamos basin, located in the west part of
the Attica region, in Greece, as shown in Figure 1. The Sarantapotamos basin is surrounded
by mount Kithairon in the northwest, mount Pastras on the north, mount Parnitha in the
northeast and mount Pateras in the west. The main stream is the Sarantapotamos river,
which flows throw the valley of Inoi and the Thriasion plain, up to the sea, the Gulf of
Elefsis. Other notable sub-streams are Ag. Vlassios, as well as the Soures and Ag. Aikaterini
streams that flow within the Mandra settlement and only meet up with Sarantapotamos at
Elefsina, just before the sea.

The basin is a peri-urban basin case, where the north and largest part of the basin has
rural characteristics, while at the south part of the basin, below the Attiki Odos Motorway
and the Mandra settlement, extensive urban development is observed. The result of this
urbanization has led to the occurrence of numerous flood events, with the most recent
and catastrophic being the event of the 14 November 2017, where an intense flash flood
event resulted in a total of 24 casualties and huge economic damages within and near
the settlement of Mandra [24–26]. Since then, storm water management systems have
been designed and implemented for the settlement of Mandra. For this cause, the study
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area is set in the rural part of the basin, which is defined by the cross-section between the
Sarantapotamos stream and the Attiki Odos motorway, covering a total area of 231 km2,
with a maximum and mean elevation of 1270 and 470 m, respectively. Within this part, the
most notable settlements are Vilia, Oinoi, Pournari and Lefka, located near the banks of
Sarantapotamos, and Ag. Georgios and Paleochori located near the banks of Ag. Vlassios.
The study area is the largest rural basin within the region of Attiki, where data from the
newly installed rainscanner are available.
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Figure 1. The Sarantapotamos basin, the study area and the rain gauge network.

The land cover of the region is mostly forest-based, with agricultural activity found in
the plains of Oinoi and Lefka. Sarantapotamos stream has a total length of 38 km, where
28 km lies within the study area. The first 20 km have a west to east direction, only to
switch to a southern direction for the remainder. This direction tends to have an impact on
the generation of high runoff peaks, since in most cases, the storm movement in the region
also has the same direction, and thus the accumulation of runoff is accelerated.

2.2. Data Used

For this study, a rainfall event that occurred in November 2019 from 21:40 UTC+2 of the
24th up until 06:00 UTC+2 of the 25th, was studied. The event resulted in a low barometric
pressure that was created on 24 November 2019, over Italy, and a cold front extending
almost throughout southwestern Greece. The barometric system was strengthened as it
moved to the east over the Ionian Sea and continued to deepen for the next six hours
and moved quickly to the east, affecting central Greece and Attica. The system produced
high-intensity rainfall events, with large sums of cumulative rain with strong winds. By
applying well-known and used Intensity Duration Frequency (IDF) curves derived for the
Mandra station [27], the studied event had a 5- to 10-year return period.

Two sets of rainfall measurements were used in this study. The first are ground
rain gauge stations, as well as gridded precipitation datasets acquired from the NTUA
rainscanner system. The rain gauge stations used in this study are part of the National
Observatory of Athens Automatic Network (NOAAN), which provides with high-quality
10 min precipitation height datasets with good coverage of the entire Hellenic continent [28].
The network is constantly updating with the addition of new stations, but for the studied
event, only one station, the Vilia station, is located within the study area. Three more
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stations, the Stefani, the Aspropirgos and the Elefsina stations, in close proximity to
the basin, were therefore used, in order to properly calculate the MAP within the basin.
As seen in Figure 1, the rain gauge distribution within the basin is not optimal, since
only the Vilia station is located in high elevation, whereas Aspropirgos and Elefsina are
located further away, near the coast. The Stefani station is located near the basin, and will
therefore contribute substantially to the MAP, but is located on the other side of mount
Partnitha, which will most likely have a negative effect of MAP estimations, since due
to orography and storm movement, the west part will record higher precipitation values
than the east. By applying the Thiessen polygons interpolation method, the corresponding
station weights were calculated as 54%, 43%, 2% and 1% for stations Vilia, Stefani, Elefsina
and Aspropirgos, respectively.

On the other hand, the NTUA rainscanner estimates are based on measurements of
reflectivity in a gridded format of a 100 m × 100 m pixel size and 2 min temporal scale.
Proper ground clutter corrections were applied, and the datasets were aggregated into
10 min intervals to match the rain gauges scale. In order to utilize the datasets, a suitable
Z–R relationship must first be used in order to transform the reflectivity values (Z) into
rain rate (R) based on the expression, Z = aRb, where the values of parameters a and b
depend upon the droplets’ size distribution of the specific event. Since such measurements
were not available, two set of parameters were used based on previous studies. First,
the well-known Marshal n’ Palmer equation, Z = 200R1.6, was used [6], which is suitable
for general use, as well as the equation Z = 261R1.52, which was derived by analyzing
distrometer measurements of rainfall events within the area of Athens [7].

2.3. Rainfall-Runoff Model

As is the case in the majority of subbasins in the region, the study area is an ungauged
basin, and no discharge datasets were available. For estimating the generated runoff,
the synthetic Soil Conservation Service (SCS) dimensionless United Hydrograph (UH)
was used, which due to its simplicity and low data requirements, has been used with
success in various studies in Greece [29]. The model has one parameter, the basin lag,
i.e., the time difference between the center of mass of rainfall excess and the peak of
the UH. The parameter can be evaluated as a fraction of the time of concentration, with
0.6 as the suggested value, plus half the time interval step. The time of concentration
can be calculated through the empirical relationships, such as the Giandotti equation,
which is reported to have better results in Mediterranean basins than other empirical
methods [30,31]. The concentration time was calculated, equal to 6.70 h.

Precipitation losses were calculated through the use of the Soil Conservation Service-
Curve Number (SCS-CN) method [32]. The SCS-CN method is a widely used and efficient
method for estimating precipitation losses in ungauged basins since it only requires two pa-
rameters, i.e., the CN that specifies the soil storage capacity, S, and the initial abstraction,
which is expressed as a percentage of S, with 0.2 as the suggested value [30]. The derivation
of CN was performed using Geographical Information Systems (GIS) tools, by combining
the Corine Land Cover (CLC) of 2018, geological maps and respected CN tables [33]. In
Figure 2, the above raster maps are presented. For the CLC map, although shown for
classification level one, the analysis was performed on CLC level two. Since a lumped
approach was taken for the simulations, the mean value of the CN raster was calculated as
the sole CN for the entire basin. In order to evaluate the hydrological condition of soils
before the event, the seven days antecedent precipitation index (API) and the normalized
antecedent precipitation index (NAPI) [34] were calculated for each station. The API value
for stations Vilia, Elefsina, Asporirgos and Stefani was 31.96, 21.80, 20.60 and 28.47 mm,
while the NAPI was calculated at 2.94, 2.3, 2.30 and 1.77 mm, respectively. Considering
the location of each station, i.e., the high coverage of the study area by stations Vilia and
Stefani, averaging at 97% through the Thiessen polygon method, the values indicate that
wet antecedent conditions were present prior to the event, and thus the Antecedent Mois-
ture Conditions (AMC), AMC-III was calculated through AMC-II. The mean CN used
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in the simulations was 83. Finally, regarding baseflow, as in the case of most streams in
the Attica region, Sarantapotamos does not feature any form of baseflow. All simulations
were performed using the Hydrologic Engineering Center-Hydrologic Modelling System
(HEC-HMS) model. HEC-HMS is a rainfall-runoff modelling platform developed by the
United States (US) Army Corps of Engineers [35], which integrates the use of sub-models,
in order to model different aspects of the rainfall-runoff process, and has been applied with
success in various studies in Greece [36–38].
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2.4. Mean Areal Precipitation Calculation Methods

When adopting a lumped basin rainfall-runoff scheme, the rain gauge precipitation
datasets must be first converted into MAP. Regarding rain gauges, as point measurements,
there are several methods by which this can be achieved. The most common method is by
applying weights into each station’s measurements and calculating the MAP as the sum
of the weighted precipitation. The easiest way to calculate these weights is through the
calculation of the Thiessen polygons, which dictate the area of influence of each station
within a specified basin. The percentage of the area to the total area of the basin is the
actual weight used for MAP calculation. The method dictates that every point within the
area of a designated stations’ Thiessen polygon would have the same precipitation value
as that of the station. While the method is rather simple, when good distribution of the
station’s location within the basin is present, the method performs well.

In cases where bad distribution or a limited number of stations are present, the results
may not be representative. Therefore, other interpolation methods can be utilized, such as
the inverse distance weighting (IDW) or more complex methods such as ordinary Kriging.
In IDW, a gridded precipitation dataset is constructed, utilizing weights based upon the
inverse squared distance of each cell for all stations. Following the creation of this dataset,
the MAP is easily calculated as the mean value of the raster dataset for each time interval.
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Finally, regarding the rainscanner measurements, being gridded datasets, the MAP is
calculated as in the case of IDW.

3. Results and Discussion
3.1. Precipitation Analysis

First a correlation analysis is performed between each individual station’s timeseries
and the timeseries derived from the rainscanner. The 10 min datasets were aggregated
into 30 min and 1 h intervals, in order to assess the temporal influence. In Figure 3,
the scatter plots are shown, for time intervals of 30 min and 1 h, while in Table 1, the
correlation coefficient values for each time interval are presented. It is obvious that by
assessing the datasets in high temporal scale, such as 10 min, low correlation is observed,
but by aggregating, up to 1 h, the correlation is getting stronger. In the stations’ scale, the
correlations on the 10 min datasets are lower than 0.10, while on the 30 min datasets, they
are between 0.11 and 0.25, and on the 1 h scale, the correlation is approximately 0.40, apart
from station Vilia which reports low correlation in all cases. As seen in Figure 3, it seems
that an overestimation is performed by the rainscanner in low precipitation values, while
an underestimation is performed on higher values.
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Figure 3. Rainscanner and rain gauge scatter plots, (a) on a 30 min temporal scale, and (b) on a 1 h temporal scale.

Table 1. Correlation coefficient for different time interval scales.

Station
Entire Event Excluding 04:00–06:00

10 min 30 min 1 h 10 min 30 min 1 h

Vilia 0.04 0.11 0.07 0.67 0.72 0.72
Stefani 0.03 0.11 0.49 0.36 0.67 0.83

Eleusina 0.02 0.25 0.45 0.57 0.66 0.68
Aspropirgos 0.07 0.19 0.41 0.54 0.46 0.32

Interpolated Timeseries 1

Thiessen 1 0.22 0.21 0.30 0.57 0.65 0.71
IDW 1 0.19 0.20 0.28 0.45 0.56 0.72

1 Correlation coefficients calculated against the Rainscanner Mean Area Precipitation (MAP) derived by using
relationship Z = 200R1.6.
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In Figure 4, the timeseries of the MAP derived from the IDW method for the rain
gauges and the Z = 200R1.6 relationship for the radar measurements are presented in bar
plots along with the precipitation accumulation timeseries in lines. MAP derived from
the Thiessen method and the Z = 261R1.52 relationship were highly correlated with the
above results, and therefore they were not plotted for visualization purposes. While for
both sets, the accumulative precipitation is equal at 42 mm, there is a difference in the
temporal variability of the rainfall field. In the rainscanner case, a near linear accumulation
is observed, whereas in the case of the rain gauges, less precipitation is recorded in the
first hours, only to peak at approximately 04:30 until 06:00. In the same time period, the
rainscanner measures little to no data, which is evidence of abnormal behavior. Since the
rain gauge measurements’ quality is not in question, the most stand out cause of this error
would most likely be in radar signal errors, such as signal attenuation or overshooting of
the actual storm cloud. The study area is located near the limit of the rainscanner range,
thus with a preset 2 degrees of the radar beam angle, the measurements are taken as high
as 2 km difference altitude compared to those in the ground surface. X-Band radar systems
have weaker signals, thus in some cases, where a storm cloud is in between the rainscanner
and further targeted locations, heavy underestimation of the rainfall field in that area
may occur. By removing the specific time interval, the correlation in all stations and the
MAP increases, above 0.6 in most cases, as seen in Table 2. This indicates that overall, the
rainscanner measurements are correlated, but sensitive applications on locations at the rain-
scanner ranges should be avoided, or work in conjunction with rain gauge measurements.
Regardless, in this research work, the datasets were used “as is”, in order to validate the
current measurements and their impact on the rainfall-runoff simulations.
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Table 2. Main characteristics of the generated hydrographs.

Characteristic Thiessen IDW Z = 261R1.52 Z = 200R1.6

Peak Discharge (m3/s) 63 55 39 57
Total Precipitation (mm) 44 41 35 42

Losses (mm) 29 28 26 28
Excess (mm) 15 13 9 14

Runoff Volume (103 m3) 3468 3044 2211 3222
Time to Peak (hours) 18.0 17.6 17.5 17.5

Regarding the total precipitation recorded by both measurements, 44, 41, 42 and 39 mm
were calculated for the for the rain gauge Thiessen, IDW methods and the rainscanner
Z = 261R1.52 and Z = 200R1.6, respectively. While the Thiessen and IDW methods do not
show any significant difference, the impact of the Z–R relationship is crucial. Lower values
of parameters a and b lead to higher precipitation estimates, while higher values of a are
usually better suited in convective type storms. Finally, in Figure 5, the spatial distribution
of the total precipitation is shown, for rain gauge MAP through the IDW method and the
rainscanner estimates through relationship Z = 200R1.6. In the rain gauges case, the spatial
distribution of rainfall is dictated only by the station’s locations and their corresponding
measurements, thus the maximum precipitation is found at Vilia station, located on the
northwest part of the basin. In the rainscanner case, the distribution is affected by the
actual storm cloud movement, thus the maximum total precipitation occurred in the
southwest, and specifically over the mount Pateras. This difference can have an impact
on rainfall-runoff simulations where a semi-distributed or fully distributed approach is
considered, which is not the case of this work. However, the error of applying rain gauge
measurements as the sole datasets of precipitation is highlighted. Rainscanner and weather
radar measurements in general may involve increased uncertainty, but the added value of
the spatial variability of rainfall cannot be denied.
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3.2. Rainfall-Runoff Simulations

In Figure 6, the simulated hydrographs for all precipitation estimates are presented,
along with their respective rainfall timeseries. Specifically, the simulations were performed
for four datasets of precipitation, two based on rain gauge measurements, i.e., MAP derived
by Thiessen polygons and IDW methods, and two based on rainscanner estimations, i.e.,
by applying two different Z–R relationships, Z = 200R1.6 and Z = 261R1.52. The simulations
were performed in 30 min time steps. In Table 2, the main characteristics of the flood
hydrographs are presented. In Figure 6, the individual hydrographs for each dataset are
shown, along with their corresponding precipitation and losses. The difference in the
temporal variability of rainfall is obvious between the rain gauge simulations, Figure 6a,b,
and those from derived from the rainscanner, Figure 6c,d.
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A small deviation is observed in all hydrographs. Overall, all precipitation datasets
showed equal hydrographs, except in the case of the first Z–R relationship, where the peak
discharge and runoff volume is lower than in the other cases. Concerning the two MAP
products derived from the rain gauge measurements, the difference between the Thiessen
and the IDW methods was 7.70 m3/s on the peak discharge, which resulted in an only
3 mm difference on total precipitation, while the time to peak was slightly lower in the
IDW case. The difference in the Z–R relationship results lie in the difference in the amount
of precipitation, since by using the relationship Z = 200R1.6, more precipitation is estimated.
By using Z = 200R1.6, the total precipitation was calculated at 7 mm, i.e., 20%, more than
the precipitation estimated by using Z = 261R1.52, which resulted in 17.90 m3/s, i.e., 46%,
more peak discharge and runoff volume generation.

Finally, comparing the rain gauge measurements with the rainscanner, it seems that the
best correlation is seen when utilizing IDW for MAP based on the rain gauge measurements,
with the Z = 200R1.6 relationship. The difference between these two sets was less than
3% on the generated peak discharge and runoff volume. It is found that when a lumped
scheme is used, the most important factor for achieving the best correlation between the
two datasets is the total amount of precipitation, regardless of the temporal and spatial
correlation of the precipitation timeseries. Regarding the temporal distribution of rainfall, it
is estimated that any difference found between the datasets is actually diminished through
the calculation of precipitation losses, even in the case of wet AMC-III conditions, where
the least number of losses was calculated. Nevertheless, it is important to notice that
the effect of the Z–R relationship upon the generated hydrograph is rather significant,
therefore increased attention should be made when applying a specific Z–R relationship. It
is suggested that the combined use of rainscanner and rain gauge measurements should
be used, in order to obtain the best spatial detail of the rainfall field from the rainscanner
measurements and the quality of the rain gauge station datasets.

4. Conclusions

In this study the impact of adopting different mean areal precipitation calculations and
their impact on generated hydrographs was performed. The comparisons were performed
on a peri-urban basin, the Sarantapotamos river basin, known for its recent catastrophic
flood events. The analysis was performed on two areas, first involving a correlation analysis
between the different precipitation products, derived from the rain gauge and rainscanner
measurements, and secondly regarding their impact on the generated hydrograph through
rainfall-runoff modelling.

It was shown that the correlation between the rainscanner and rain gauge datasets
is affected by the temporal scale of the analysis, where at fine scales of 10 min, the corre-
lation is not good, whereas at larger scales of 30 min to 1 h, the datasets showed better
correlation. However, on average, the rainscanner measurements tended to overestimate
low precipitation values, and underestimate high values. It is therefore suggested that
weather radar bias corrections should only be applied on the time scale of the proposed
analysis. Concerning the estimated total MAP for the studied event, it was found that
higher values are estimated through the use of the Thiessen polygons method, in contrast
with IDW, although the difference was a few mm of precipitation. However, the Thiessen
method failed to recreate the spatial variability of the rainfall field, and as such, the IDW is
considered a better estimate. Regarding the rainscanner measurements, it was shown that
by using a different Z–R relationship, even with small changes in the parameter values, a
significant difference of up to 20 mm was found on the total MAP, which highlights the
impact of the used Z–R relationship. The best correlation between the two datasets was
found when using the IDW method for the rain gauges and the Z = 200R1.6 relationship.
In this case, although the total MAP was equally estimated, the spatial variability of the
rainfall field was different in each case, since in the IDW method, it is dictated by the
station’s location and measurements, whereas in the rainscanner, it concerns actual rainfall.
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In the studied event, the IDW method calculated the maximum rainfall in the northwest
part of the basin, whereas in the rainscanner, the maximum was located in the southwest.

Finally, regarding the impact on rainfall-runoff simulations, it was found that when a
lumped scheme was used, the main parameter that led to equal runoff volume generation
was the total precipitation, regardless of its temporal and spatial variability between the
two datasets. While a certain amount of temporal correlation between the two datasets
is always met, since they are measuring the same rainfall volume, the impact of it is
diminished through the calculation of precipitation losses. Results showed that for the
studied event, the best correlation between the two datasets was met when adopting the
IDW and the Z = 200R1.6, since they feature the same total precipitation values. Finally, the
difference between the two Z–R relationships should also be mentioned, since, as stated, a
small change in the values of parameters a and b can lead to up to a 20% difference in the
estimated total precipitation, which led to a 46% difference on the calculated peak discharge.
The usage of an inappropriate Z–R relationship can lead to wrong rainfall estimates, which
in turn multiply the extent of the errors generated in the runoff calculations.

Future research will focus on evaluating the spatial variability of the rainfall fields
on the generated hydrograph through implementation of semi-distributed and fully dis-
tributed rainfall-runoff models for multiple events measured in the region. Observed
runoff, if available, should be utilized to calibrate and validate the used model, in order
to minimize any uncertainty generated by the added parameters. Finally, a rain gauge–
rainscanner error correction scheme could also be evaluated. Through this study, it is also
acknowledged that the overall quality and correlation of the rainscanner estimates with
rain gauge data depend heavily on the spatial and temporal scale of the analysis, thus the
investigation of Z–R relationship calibration and bias corrections in such small scales could
be considered important for highly detailed early warning systems.
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