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Abstract. Terrestrial microwave links are increasingly being used to estimate path-averaged precipitation by determining the
attenuation caused by rainfall along the link path, mostly with commercial microwave links from cellular telecommunication
networks. However, the temporal resolution of and method to derive these rainfall estimates is often determined by the tem-
poral sampling strategy that is employed by the mobile network operators. Currently, the links are most often sampled at a
temporal resolution of 15 minutes with a recording of the minimum and maximum values, while more recently also a form of
instantaneous sampling with possible intervals up to 1 s has been set up. For rainfall research purposes, often high temporal
resolutions in combination with averaged values are preferred. However, it is uncertain how these various temporal sampling
strategies affect the estimated rainfall intensity. Here we aim to understand how temporal sampling strategies affect the mea-
sured rainfall intensities using microwave links. To do so, we use data from three collocated microwave links, two 38 GHz
and one 26 GHz, sampled at 20 Hz and covering a 2.2 km path over the city of Wageningen, the Netherlands. We aggregate
the microwave link power levels to multiple time intervals (1 s to 60 min) and use a mean, instantaneous, and minimum and
maximum value to characterize the signal. Based on the aggregated data, we compute rainfall intensities and compare these
with 20 Hz rainfall estimates, such that we isolate errors and uncertainties caused by the sampling strategies from instrumental
effects, such as different biases between instruments and representativeness errors. In general, our results show that for all sam-
pling strategies an increase in sampling time interval reduces the performance of the rainfall estimates, which especially holds
for the instantaneous sampling strategy. Even the mean sampling strategy, which generally performs best of all strategies, is
sensitive to this reduction in temporal resolution and could lead to significant underestimations. In this, the non-linear relation
between attenuation and rainfall intensity seems to play an important role. The min-max sampling strategy is mostly prone
to minor underestimations or large overestimations of the path-averaged rainfall intensities. Moreover, our results, including
a comparison with theoretical events, show that the attenuation due to wet antennas not only affects the comparison between
the rainfall estimates obtained with a microwave link and another reference instrument, but also has a significant influence on
the rainfall retrieval algorithm. Overall, this study demonstrates the effect a selected sampling strategy can have on rainfall

intensity estimates using (commercial) microwave links.



25

30

35

40

45

50

55

https://doi.org/10.5194/egusphere-2023-1971
Preprint. Discussion started: 13 September 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

1 Introduction

Accurate rainfall measurements are essential in many fields of application. For example, water resources management uses
rainfall measurements for flood forecasting (e.g., Maggioni et al., 2018), a major part of global agriculture is dependent on rain
(Molden, 2013) and urban runoff estimates are highly dependent on rainfall estimates (Berne et al., 2004; Cristiano et al., 2017;
Niemczynowicz, 1988). Overall, these practices would benefit from increasing the spatial and temporal resolution of rainfall
measurements.

Currently, dedicated rainfall measurement techniques have some important drawbacks. Ground-based point measurement
devices, such as rain gauges or disdrometers, are often able to capture the temporal dynamics of precipitation, but do not rep-
resent the spatial character of precipitation (e.g., Berne et al., 2004; Sun et al., 2018). Moreover, the placement of the devices
can decrease the measurement performance, for example through the wind causing an undercatch (e.g., Pollock et al., 2018;
Raupach and Berne, 2015). Weather radars do provide the desired spatial rainfall information combined with a sufficient tem-
poral resolution. However, radar measures higher up in the atmosphere and indirectly retrieves rainfall introducing uncertainty
about the actual amount of precipitation near the surface (Berne and Krajewski, 2013). Additionally, both methods are not
available on a global scale, due to costs and maintenance. On a global scale, including the oceans, satellites provide rainfall
information, but for hydrometeorological applications these can come at a too low spatial and temporal resolution combined
with too high uncertainty and bias, partly dependent on, for example, terrain complexity, aridity and season (Maggioni et al.,
2018; Rios Gaona et al., 2017).

Another source of spatial rainfall estimates could come from telecommunication networks, a so-called opportunistic sensing
technique. In these networks, commercial microwave links (CMLs) are deployed, of which the rain-induced attenuation of the
electromagnetic signal can be used to compute rainfall intensities (e.g., Chwala and Kunstmann, 2019; Messer et al., 2006; Lei-
jnse et al., 2007a; Uijlenhoet et al., 2018). These CMLs are near-surface radio connections used in cellular telecommunication
networks. Thus as a major advantage, the infrastructure required to spatially measure rainfall with these CMLs already exists.
Furthermore, the rainfall estimates obtained with a single link are representative for the entire path, overcoming the drawbacks
of point measurements. As shown by de Vos et al. (2018), CMLs are especially useful when considering aggregation scales
that are too large for point measurements.

Moreover, rainfall measurements by a CML network can be beneficial in combination with other rainfall measurements and
are increasingly being used in hydrometeorological applications. For example, Brauer et al. (2016) used CML rainfall estimates
as input in a rainfall-runoff model for lowland catchments and showed, in general, that these rainfall estimates are very suitable
as input for hydrological applications. van het Schip et al. (2017) showed the complimentary potential of CML and satellite data
by determining wet and dry periods using the satellite data, while Hoedjes et al. (2014) proposed to use this for a conceptual
flash flood early warning system in Kenya. Fencl et al. (2013) and Pastorek et al. (2023) used CMLs as input data for an urban
drainage model and demonstrated the benefits of the relatively high spatial resolution on these models. Also, Imhoff et al.
(2020) showed that nowcasting rainfall events could be performed using CML networks, with good results when compared to

weather radar precipitation estimates and nowcasts. This is especially promising for regions without weather radars. Overall,
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this shows the potential of using CML networks for rainfall measurements in many societally relevant hydrometeorological
applications.

In general, the attenuation of a microwave link signal can be converted to rainfall intensity using (Atlas and Ulbrich, 1977,
Olsen et al., 1978):

R=ak®, )

where R is the rainfall intensity (mm h'h), k the specific attenuation (dB km™) and a and b are coefficients depending on both
signal characteristics (e.g., frequency and polarization) and precipitation characteristics (e.g., drop size distribution) (Jameson,
1991). For frequencies typically applied in CML networks, b is close to 1, so that signal attenuation and rainfall intensity
are nearly proportional. Messer et al. (2006) and Leijnse et al. (2007a) showed that the commercially-employed microwave
links could also be used to measure rainfall intensities, in Israel and the Netherlands, respectively. Since then, studies have
been performed in Europe (Czech Republic, France, Germany, Italy, Luxembourg, Sweden and Switzerland), Africa (Burkina
Faso, Kenya, Nigeria, Papua New Guinea), South America (Brazil), Asia (Lebanon, Pakistan and Sri Lanka) and Australia (see
Chwala and Kunstmann, 2019, for a partial overview). Several open-source packages exist for rainfall retrieval (and mapping)
from CML data. One of these is RAINLINK (Overeem et al., 2016b). Chwala et al. (2016) have developed an algorithm to
extract real-time data from CML networks and based on this data determined spatial rainfall estimates (Graf et al., 2020). Habi
and Messer (2021) used a recurrent neural network to determine rainfall intensities using CML network data.

However, using these CML networks to estimate precipitation, the temporal resolution of these estimates is often bound
to the temporal sampling strategy employed by the mobile network operator, which solely uses the information on the link
signal to assure the functioning of the network. Moreover, not all mobile network operators store the same variables describing
the link signal in their network management system. Most commonly, a temporal resolution of 15 minutes with a recording
of the minimum and maximum values (and occasionally mean and/or instantaneous values) during this interval is applied.
Additionally, the method developed by Chwala et al. (2016) allows to actively select any instantaneous sampling method up to
1 s intervals for these networks and is specifically designed to estimate rainfall intensities, in contrast to using the data with the
sampling strategy chosen by the network operators. For research purposes, data with a high temporal resolution in combination
with averaged values is often preferred, so that the temporal sampling resolution is higher than the dominant timescales of
rainfall. Previously, Leijnse et al. (2008) showed that different sampling strategies together with nonlinearities in the R — k
relationship are the dominating errors when estimating rainfall. For this analysis, Leijnse et al. (2008) used microwave link
simulations based on radar data with a 16 s interval and only studied the effect for 15 minute sampling strategies. Yet, it is
uncertain how larger variations in sampling strategies affect the computed amount and intensity of rainfall together with the
use of actual microwave link data.

Here, we aim to understand how temporal sampling strategies affect the measured rainfall intensities. To do so, we compare
20 Hz rainfall estimates obtained with 38 and 26 GHz microwave links with rainfall estimates computed with various temporal

sampling strategies. One of these links has actually been employed in an operational CML network. Ultimately, this allows us
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to isolate errors and uncertainties caused by the sampling strategy from instrumental effects. As a consequence of only having
one sampling strategy set by the mobile network operators, these errors and uncertainties usually cannot be separated due to the
comparison of different instruments, which represent different measurement volumes combined with different measurement
uncertainties. Thus, using this method, we are able to estimate the actual errors and uncertainties due to the sampling strategy.
This could help to estimate the effects of the strategies set by mobile network operators or help to choose an optimal strategy

when estimating rainfall intensities using CMLs.
2 Methods

2.1 Instrumentation

In this study, we use data published online from van Leth et al. (2018a), who reported on a measurement campaign (see van
Leth et al., 2018b) using three microwave links along a 2.2 km path over the city Wageningen, the Netherlands (Fig. 1). In this
section, we describe the essential information required for understanding our analysis. For a more elaborate description, we

refer the reader to van Leth et al. (2018a).

Biotechnion

¥

Figure 1. Map of Wageningen with the path of the links in red. The receiving antennas are at the end labelled “Forum”; the transmitting
antennas are positioned at the end labelled “Biotechnion”. The yellow stars indicate the position of disdrometers along the path. At each
disdrometer location, one disdrometer is located, except at "Forum", which has two disdrometers placed next to eachother. Figure redrawn

after van Leth et al. (2018a) (with © Google Maps).
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We use data from a Nokia Flexihopper transmitting at 38.2 GHz with a bandwidth of 0.9 MHz, which was formerly part
of the cellular communication network operated by T-Mobile NL, and two links built by Rutherford Appleton Laboratories
(RAL) transmitting at 26.0 and 38.0 GHz, with a receiving bandwidth of 4 KHz and transmitting bandwidth of much less than
1 KHz. All the microwave link signals are sampled at 20 Hz using logarithmic detectors. The employed frequencies for the
Nokia and RAL 38 GHz links are close, hence exhibit similar electromagnetic characteristics, but do not interfere with each
other. However, these devices were found to give a different response, likely due to the Nokia having a filter included in the
internal electronics which reduces the high-frequency fluctuations in the signal, while the RAL has a different antenna cover
than the Nokia, which affects the distribution of water remnants on the cover (see van Leth et al., 2018a). On the RAL cover
water droplets form once it gets wet, which has a more significant attenuation of signal intensity than the water film that forms
on the Nokia cover as remnant after getting wet. Eventually, these wet antennas cause an additional attenuation of the signal,
which causes an overestimation of rainfall intensities following the R — k relation if not accounted for. The RAL 26 GHz link
is prone to less wet-antenna attenuation than the RAL 38 GHz link.

In this paper we only consider horizontal polarization, since for both the Nokia and the RAL 26 GHz links only this po-
larization is available. For the RAL 38 GHz link, both horizontal and vertical polarized data are available, but we only show
results for horizontal polarization, due to the insignificant differences between these polarizations in our results and to make a
fair comparison with the other devices. Results for the vertically polarized signal are included in the Supplementary materials.

In this study, we use the disdrometer data to distinguish wet and dry periods and filter out snow, hail, graupel and mixed
precipitation events when comparing the rainfall intensities between the 20 Hz data and other temporal sampling steps. Note
that it is not our aim to compare the rainfall intensities from the disdrometers with the rainfall estimates from the microwave
links, because we aim to understand the influence of the temporal sampling strategies on estimated rainfall intensities. Along
the 2.2 km path, five OTT Parsivel laser disdrometers were installed in order to compute path-averaged rainfall estimates, of
which we also obtained the post-processed rainfall intensities and precipitation types, i.e., to remove non-liquid precipitation,
from van Leth et al. (2018a). The disdrometers measured raindrop size distributions every 30 s and were post-processed using
the method of Raupach and Berne (2015), which corrects for instrumental biases. van Leth et al. (2018a) compared rainfall
estimates of the microwave links and the disdrometers and show large additive and multiplicative biases for all instruments.
The RAL links exhibit an additive bias around 2.2 mm h'!, while the Nokia link has an additive bias of 0.6 mm h''. The
multiplicative bias for all instruments ranges between 1.5 and 1.7.

The microwave links were operational over a period from 22 August 2014 to 8 January 2016, but not all disdrometers were
operational during the entire period. Therefore, we use the data from the start of April 2015 to the end of December 2015, so
that we have fully operational instruments except for a power outage from 7 to 25 August 2015. By using all the disdrometers
along the path (instead of a single disdrometer), we decrease the uncertainty in the wet-dry classification and incorrect removal
of other precipitation types, such that errors and uncertainties arising in our results are most likely to originate from the
microwave link rainfall estimates.

To identify relevant precipitation climatologies for our study area, we examine the disdrometer data. Note that the data

presented pertains to a 2.2 km path and not necessarily reflects exactly the same climatology as for the whole country or region.
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This reveals that the average duration of a precipitation event longer than 5 minutes in our dataset is roughly 30 minutes, with
a median duration of 12 minutes (Fig. 2), demonstrating a positively skewed distribution with many short rainfall events and
relatively few longer rainfall events. In this figure two contiguous rainy periods, which are separated by a single 30-second dry

time interval, are counted as separate events and not combined into a single event.
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Figure 2. Boxplots describing the duration of precipitation events per month in 2015 with orange as median and green as mean duration. The
box edges represent the first and third quartile, and the whiskers are the 10th and 90th percentile. The values are computed using disdrometers

installed along the 2.2 km microwave link path. In these statistics, events shorter than 5 minutes are excluded.

2.2 Rainfall retrieval from microwave links

To identify the influence of temporal sampling on rainfall estimates, we compare rainfall intensities obtained by using various
sampling strategies with high-resolution rainfall estimates. We do this for the three devices sampling a mean, instantaneous,
and minimum and maximum (“min-max strategy”’) value per time interval, which mimic various temporal sampling strategies
by network operators. As sampling time interval we use 1 s, 30 s, 1 min, 5 min, 15 min, 30 min and 60 min. As reference
data, we use rainfall intensities obtained using the 20 Hz sampling of the same device, in order to be able to solely study the
influence of the sampling strategies on the measured rainfall intensities.

We use a relatively straight-forward method to compute the rainfall intensities, to limit the effect of many parameters in the
algorithm. The rainfall measurements are done in a similar fashion as van Leth et al. (2018a) combined with the method of
Overeem et al. (2016b) for the min-max sampling strategy. This means no corrections on the rainfall estimates, for example

for wet-antenna attenuation. The retrieval algorithm is as follows:

1. Aggregate microwave link power levels to the mean, minimum, maximum and instantaneous value of time intervals: 1
s, 30 s, 1 min, 5 min, 15 min, 30 min and 60 min. For instantaneous sampling strategies, we chose to use the last value
per time interval to estimate the rainfall intensity for the entire time interval, similar to data provided by mobile network

operators.
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. For each sampling strategy, including the original 20 Hz data, determine the baseline signal power level for each interval

by selecting the median power level during all dry periods in the preceding 24 h (Overeem et al., 2016b). In the next
step, this baseline power level is used to determine the rain-induced attenuation. For the min-max sampling strategy, the
baseline power level is obtained by averaging the maximum and minimum received power levels, assuming a symmetrical
distribution of these values, and subsequently computing the median of the preceding 24 h. Of the previous 24 h, at least
1 h should be dry in order to determine a baseline. If all of these time intervals indicate rain, a baseline cannot be
determined, and as such rain intensities cannot be determined. The selection of dry periods is based on disdrometer data.

This method of baseline determination is based on Overeem et al. (2011).

. Based on the power and baseline levels, compute the specific attenuation of the signal & (dB km™'),

Pref_P

k=
17 )

2

in which P, is the baseline power level, P the received power levels (both in dBm) and L is the path length (km). For
the min-max sampling, the specific attenuation is calculated for both the minimum and maximum attenuation using the

same baseline for both.

. Convert the specific attenuation to rain rate, using Equation 1. The values for the parameters a and b are the same as

applied by van Leth et al. (2018a) (Table 1). They obtained these values from non-linear least-squares fits of disdrometer-
derived rainfall intensities and specific attenuations at the frequencies employed by the microwave links combined with
scattering computations. For the min-max sampling, the rain rates using the minimum and maximum attenuation are
calculated separately and are combined into one rain rate in step 6. These values differ from the recommendations by
ITU-R (2005).

Table 1. Values for the @ (mm h™! dB~° km®) and b () parameters in Eq. 1 specifically derived for the dataset from van Leth et al. (2018a)
and general recommendations by the ITU-R (2005) for 38 and 26 GHz horizontally polarized signals.

a3gGHz b38qHz G26GHz  D26qHz

van Leth et al. (2018a) | 3.83 1.05 7.70 0.93
ITU-R (2005) 2.82 1.13 5.92 1.01

5. Set the computed rain rates during dry periods (based on disdrometer data) to zero. Since we treat the data as if they

originate from a CML network, this implies that if it rains part of a time interval, the whole interval is seen as wet. Also,
for the comparison of all rainfall intensities, we remove snow, hail, graupel and mixed rain events from the data based

on the disdrometer data, since these have a different effect on the signal in comparison to rain.

. For the min-max sampling strategy, combine the rain rates obtained using the minimum attenuation and maximum

attenuation following

R= CY‘Rmax + (1 - a)Rmirn (3)
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in which R is the estimated mean (based on the minimum and maximum rainfall intensities) rainfall intensity, R,x and
R, the rainfall intensities derived from the maximum and minimum attenuations (mm h'), and « is the parameter
determining the contribution of the minimum and maximum received power levels. In this study, we use an optimized o
and a non-optimized « of 0.33, as determined for an operational microwave link network in the Netherlands by Overeem
et al. (2011). The optimization of « is done for each device and sampling strategy by comparing the rain rates obtained
through min-max sampling per time interval with the 20 Hz rain rates and selecting the a for which the root mean square
error (RMSE) is lowest in combination with an absolute mean bias error (MBE) smaller than 0.02 mm h'!. Overeem
et al. (2011) used the residual standard deviation for this, which is the same as the RMSE if the MBE is equal to zero.
For this computation, values of « ranging between 0 and 1 with intervals of 0.001 are used. The 20 Hz intensities are

averaged to the same time interval as the min-max sampled intensity. The RMSE is computed as

RMSE — \/Z(Robs — Roomz)? , @

n

in which R, is the observed rainfall intensity [mm h''] with the sampling strategy, Room, the reference rainfall intensity
with the 20 Hz sampling strategy and n the number of observations. MBE is computed as

Z Robs - RQOHZ
—n .

MBE = ®)

. To compare the obtained rain rates for the 20 Hz sampling with the other time intervals, we apply a linear regression

in which the 20 Hz estimates are the independent variable and the estimates from the other sampling strategies are the
dependent variable. To do so, we use again the 20 Hz rainfall intensities averaged to the various time intervals. We

compute the MBE, RMSE, 12, representing the fraction of explained variance, and the slope of the fit (without intercept).

Note that averaging the 20 Hz rainfall estimates is not the same as the mean sampling, since the averaging occurs in
a different step during the rainfall intensity computation and the R — k relation is nonlinear (Eq. 1). This makes that
the rain intensities obtained using averaged attenuations are different compared to the averaged rainfall intensities. For
example, if a rain event takes place exactly for 30 seconds in an hour with an attenuation of 10 dB km! (i.e. on average
0.083 dB km'! for an hour), this would result in a decrease of the rainfall for the 60-minute estimate in comparison to

the estimate based on the 30-second time interval:

akg()min _ (10/120)105

akly, /120 10105 /120

R
== =0.79, 6
I (6)
in which R is the reference averaged rainfall intensity, R the estimated averaged rainfall intensity and the b value is used
for a 38 GHz horizontally polarized device (Table 1). At 26 GHz link, for which b is 0.93, this equation would result in
1.40. Other differences could for example exist between baseline power levels, due to not setting the exact same part of

the time series to dry as a consequence of time intervals during which it rains only partially (step 5).
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2.3 Comparison with theoretical events

To examine the influence of precipitation climatology on our results, we compare the obtained relationships between device
and sampling strategies to theoretical rain events. We prescribe three types of rain events: 1) a rain event with a constant
intensity of 5 mm h™', 2) a high-intensity event with a maximum intensity of 40 mm h™' and declining following an exponential
function and 3) a low-intensity event, which we compute using three sinusoidal functions (Fig. 3). All events take two hours.
The latter two events resemble two individual events, which we study in Sect. 3. First, we recalculate these events to 20 Hz
power levels using Eqgs. 1 and 2, subsequently we add normally distributed noise with a device-specific standard deviation
to these power levels. This device-specific standard deviation is computed by averaging hourly standard deviations for all dry
hours in the dataset. For the Nokia link, this results in a standard deviation of 0.15 dB and for both RAL links in 0.20 dB. Using
this method, we obtain a similar dataset as van Leth et al. (2018a), so that we can apply the algorithm as described above. We
apply the normally distributed noise for 100 different random states to remove the influence of a single random state on the
comparison. After averaging the statistical metrics of these states, we compare these metrics for the theoretical events with
the dataset from van Leth et al. (2018a) in order to attribute which part of the uncertainties originates from the algorithm and

which part from the actual rainfall variations.

50
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Figure 3. Three theoretical rainfall events for estimating the sole influence of the sampling strategies. The constant intensity is 5 mm h™'.

The low-intensity event consists of three sinusoidal waves: R = 1—0.5cos(25%) — 0.25cos(2%5L) +0.1sin( 2%t ). The high-intensity event

follows the function: R = 40exp(—3t). In these ¢ is the time (h) since the start of the event.
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3 Results
3.1 Influence of temporal sampling on rainfall estimates for individual events

We consider two individual precipitation events to illustrate the influence of temporal sampling on estimating rainfall. Figure
4, a low-intensity event, and Fig. 5, a high-intensity event, include the 1 s, 5 min and 60 min time intervals, to demonstrate the
influence of the sampling methods on individual events. The analysis in Sect. 3.3 also includes the other time intervals.

When comparing the signals of all devices during the two precipitation events, the largest differences between the Nokia
(a-h) and the RAL links (i-p and g-x) are the reduced wet-antenna attenuation and fluctuations in the signal for the Nokia link.
For example, considering the wet-antenna attenuation, the tail after the high-intensity event, around 11:00, shows 1-2 dB larger
attenuation for the RAL links compared to the Nokia link (Fig. 5a & 1). These differences in wet-antenna attenuation for the
Nokia and RAL 38 GHz links are caused by different behaviour of rain remnants on the antenna covers, in the form of a water
film and droplets, respectively (Fig. 14 in van Leth et al. (2018a)). In general, this causes the wet-antenna attenuation for the
RAL link to be roughly 2 dB higher than for the Nokia link shortly after a rain event. For this specific setup, this would result
in roughly a 4 mm h™! increased rainfall intensity. The differences in the fluctuations are clearest in the 20 Hz signal for all
devices (e.g., Figs. 4a, i and q). These high-frequency fluctuations in the signal are roughly reduced by 0.5 dB, which is likely
to be caused by the installation of a filter in the internal electronics of the Nokia link. Yet, this does not seem to affect the
computed rainfall intensity using the min-max sampling strategy. Compared to the RAL 38 GHz link, the RAL 26 GHz link
shows slightly more fluctuations.

During the event on 24 November 2015, the baseline changes slightly during the precipitation event. In the preceding 24
hours to this event, the signal intensity fluctuates combined with precipitation events. As a result, during the 12 hours of the
event the baseline algorithm computes slight changes in power level, as the initial baseline power levels are not based on the
same power levels as the final baseline power levels. We expect that this occurs throughout the entire dataset and not only for
this specific event.

When comparing the sampling strategies, the instantaneous sampling strategy shows the largest sensitivity of the estimated
rainfall intensities to the sampling time interval. Especially for the longest time intervals with the RAL 26 GHz and 38 GHz
links, the intensities derived with instantaneous sampling show major fluctuations, which are not necessarily fully representative
for the entire interval. This mostly holds for the event on 24 November, as the signal-to-noise ratio of the event on 21 June is
relatively large. The min-max sampling strategy shows a large sensitivity to the extreme values, either caused by a rainfall event
or an outlier in signal intensity. This especially holds for the maximum attenuation, as the minimum attenuation is bounded at
zero (i.e., no attenuation), while the maximum attenuation could theoretically attain very large values (e.g., more than 20 dB in
Fig. 5d and 1 around 10:00). Overall, this seems to cause that the min-max sampling strategy is mostly prone to overestimations,
especially for the higher rainfall intensity event on 21 June. In general, the mean sampling seems to represent the 20 Hz rainfall

intensities best, though with some minor differences between the sampled time intervals.
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Figure 4. Comparison of received (solid) and baseline (dashed) power levels (a-d, i-1, g-t) and retrieved rain rates (e-h, m-p, u-x) during a
low-intensity precipitation event on 24 November 2015 obtained with the Nokia (a-h), RAL 38 GHz (i-p) and RAL 26 GHz (g-x) microwave
links for all sampled variables and the 1-second, 5-minute and 60-minute time intervals. Grey areas indicate dry periods based on disdrometer

data.
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3.2 Theoretical events

Before analysing all rain events in the whole Wageningen dataset, we examine the theoretical events. This allows us to deter-
mine which part of the uncertainties originates from the rainfall retrieval algorithm and which from instrument. We compare the
statistical metrics of three theoretical rain events to which we added three levels of noise, so that these resemble the microwave
link signals of the three devices (Fig. 6). Additionally, we compare these with the statistical metrics of the same theoretical
events, but without the added noise, which resemble a 38 and a 26 GHz horizontally polarized link, in order to estimate the
influence noise has on our comparison (Fig. 7).

The theoretical events demonstrate the sensitivity of instantaneous sampling to individual events, for both the noisy and
noiseless signals, especially for longer time intervals. This sampling shows an erratic behaviour for these intervals, reflecting
the strong influence of temporal variability on this sampling strategy. For the high-intensity event, the MBE and slope strongly
decrease for 1-minute intervals and longer, while the RMSE strongly increases. At these timescales the signal changes sig-
nificantly, due to the decrease in rainfall intensity being relatively large compared to the noise. The peak attenuation in this
case is roughly 21 dB, while the standard deviation of the noise ranges roughly between 0.15 and 0.20 dB. This illustrates the
sensitivity of instantaneous sampling to signal fluctuations as a consequence of rainfall variability.

The RMSE for the theoretical events with and without noise barely increases for longer time intervals, except for instanta-
neous sampling with the high-intensity event. Similarly, r? is close to 1 and independent of interval length for the theoretical
events. The same also holds for MBE and slope. Sampling a mean value or min and max values per time interval also seems to
have a minor influence on the theoretical events, since the noiseless events, show no difference between the mean and min-max
sampling strategy. Generally, this shows that each of the sampling strategies is capable of producing correct rainfall estimates,
especially for the shortest time intervals. However, the influence of noise on rainfall intensities cannot be neglected when using
CMLs to measure rainfall.

It should be noted that in Section 3.1, differences in baseline power levels between sampling strategies and wet-antenna
attenuation clearly affected the rainfall intensity estimates. These mechanisms are not included in these theoretical events.
Differences in baseline power levels are only slightly reflected in the theoretical events as caused by the added noise, which

might slightly affect the median signal intensity for the computation of the baseline power levels.
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3.3 Influence of temporal sampling on rainfall estimates for individual events

In this section, we examine how the rainfall estimates are affected by all sampling methods considered for all combinations
of methods and time intervals. Figure 8 shows an example scatter plot and corresponding statistics for a time interval of 15
minutes. We present the statistical metrics (MBE, RMSE, 12 and the slope of the linear regression line through the origin) for
all considered time intervals in Figure 9. The corresponding scatter plots (Figs. S1 to S4) are provided in the Supplementary
materials. In these scatter plots, we compare the rainfall estimates for a specific device, method and time interval with the 20

Hz rainfall estimates obtained using the same device.
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Figure 8. Comparison of rainfall intensities derived with mean sampling and 15 min time interval (y-axis) versus time-averaged rainfall
intensities computed with the 20 Hz data (x-axis) for the Nokia Flexihopper microwave link. The red dashed line is the 1:1 line and the black

line represents the best linear fit through the origin of which the slope is reported in the statistics box.

When examining the statistical metrics for all sampling methods, it is clear that the mean sampling strategy generally out-
performs the other sampling methods in terms of RMSE and r?. The instantaneous sampling strategy is generally outperformed
by the min-max sampling strategy. Regarding MBE, the min-max sampling outperforms mean sampling, though it should be
noted that part of the optimization of o was based on the MBE (next to the RMSE) for the entire dataset (Sect. 2). This also
causes all the min-max lines in Figure 9a to be close to zero. The non-optimized min-max sampling strategy performs slightly
worse than the optimized strategy, but no major significant differences between both occur, except at the largest time intervals.

For the shortest time intervals, absolute differences in RMSE and 1> between mean and min-max sampling are insignificant
(smaller than 0.1 mm h™! in terms of RMSE), but an increase in time interval length causes the performance of mean sampling
to decrease less than for the min-max sampling, resulting in an absolute difference between the mean and min-max sampling
in the order of 0.5 - 1.5 mm h'! for the RMSE for the Nokia and RAL links.

The mean sampling shows a decrease in the slope of the regression line, as the length of the time interval increases, especially
for the Nokia link, culminating in a value of 0.86 for a 60-minute time interval, while we would have expected it to stay equal
to 1, as roughly occurs for the RAL links. We attribute this to two opposing causes for error at large time intervals with mean
sampling. The first is the reducing influence of the power law on the measured rainfall intensities with increasing time interval,
due to the lower average attenuation for longer time intervals (step 7 in Sect. 2.2). The second is the wet antenna attenuation,
which reduces significantly on hourly timescales due to the drying of the antenna cover. In the 20 Hz data, any erroneously
estimated rainfall due to wet antennas has been filtered out (i.e., set to 0 mm m™') based on the path-weighted disdrometer data
indicating dry weather, while for long time intervals the wet-antenna attenuation is included in the computation of the rainfall

intensity for the mean sampling, because of the antennas still being wet during dry weather, causing an overestimation of the
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Figure 9. Statistical metrics as function of time interval for all devices (line color) and sampling methods (line style). The values for the

metrics are obtained from Figs. S1 to S4.

rain rates. For the Nokia link, the influence of wet-antenna attenuation is reduced, which results in an increased underestimation
310 for longer time intervals, in contrast to the RAL 38 GHz link. The RAL 26 GHz link exhibits less wet-antenna attenuation than
the RAL 38 GHz link, but somewhat more than the Nokia link. Moreover, at this frequency the exponent of the R — k relation
is below 1, so that this would cause an overestimation instead of the underestimation for the 38 GHz links (step 7 in Sect. 2.2).
Still, also the mean sampling at this frequency results in an overall slope of the linear regression line through the origin below
1, though minor, which suggests that the mean sampling might have a slight tendency to underestimate the rainfall intensity.

315 Overall, this shows the potential influence that even mean sampling can have on rainfall estimates, although it is relatively
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small in comparison to the other sampling methods. We attribute a large part of these differences to wet-antenna attenuation
and differences in estimated baseline power levels, as the behaviour of these statistics is not reflected in the theoretical events
(Fig. 6 versus 9).

For instantaneous sampling with short time intervals, the RMSE is larger than for the mean sampling method, being 0.69 mm
h™! versus 0.17 mm h™!, respectively, for the RAL 38 GHz link at a 30 s time interval. Yet, this spread results in a relatively low
MBE of 0.01 mm h! and relatively high > of 0.99, suggesting a symmetric distribution of the residuals around the reference
(Fig. 9). For both RAL links, this distribution appears to be even present at the longest time interval (Fig. 10b). We would
have expected that the rainfall intensity measured at the end of a long interval does not provide any information on the other
rainfall intensities during that interval, given the 30 min average duration of rainfall events in our data. The Nokia link behaves
more as expected (Fig. 10a), as the spread is larger, also resulting in a lower 12, i.e., 0.33 versus 0.64, at a 60 min time interval
for instantaneous sampling. The erratic behaviour of the instantaneous sampling in the theoretical events is not reflected here.
We expect that this caused by the large sample size, which reduces these uncertainties. Moreover, the behaviour for the high-
intensity event is not reflected here either, due to the fact that cases with similarly high rainfall intensities in the Wageningen
data are more scarce than the other events.

Based on the individual events, it seems that the majority of these differences are related to the variations in rainfall intensity,
i.e., 30 min average duration (Fig. 2), in combination with wet-antenna attenuation. For the shortest time intervals, the rainfall
intensities, and thus measured attenuations, do not vary much in these few seconds, which results in relatively good scores. For
the longer time intervals, the RAL devices are still wet, as these were found to have an average drying time of the order of 20
minutes (van Leth et al., 2018a), resulting in higher estimated rainfall intensities for both the averaged 20 Hz measurements
and the instantaneous sampling. The Nokia antenna covers are already mostly dry after a few minutes (van Leth et al., 2018a),
such that the estimated rainfall intensity gives very little information on the preceding rainfall intensities, resulting in the lowest
MBE for the Nokia link. We suspect that this role of wet-antenna attenuation also causes the MBE to be positive for all devices

compared to the other sampling strategies.
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Figure 10. Comparison of rainfall intensities derived for the instantaneous 60-min time intervals for the Nokia Flexihopper and the RAL 38
GHz microwave links versus time-averaged rainfall intensities computed with the 20 Hz data of these devices. The red dashed line is the 1:1

line and the black line represents the linear regression line through the origin of which the slope is reported in the statistics box.

For the min-max sampling with an optimized «, the role of the minimum attenuation increases with time interval, i.e., a
decreases from just below 0.5 to around 0.2 (Fig. 11). For the shortest time intervals, this points to a roughly symmetrical
distribution of the fluctuations around the mean. For the longer time intervals, this suggests a positively skewed distribution of
the fluctuations with relatively many outliers to the maximum attenuation. For the non-optimized min-max sampling, where
with increasing time intervals the maximum attenuation becomes increasingly dominant, this results in an increasing slope of
the fit (Figs. S1 to S4).

For the 15-minute min-max sampling strategy, the optimized values of « for the links range between 0.30 and 0.35. This is
close to the default RAINLINK value (Overeem et al., 2016b), which uses 0.33 for the contribution of minimum attenuation
and maximum attenuation. This is also reflected in the RMSE, MBE, 1% and slope of the fit (Figs. S1 - S4). This shows that
for microwave links in similar frequency domains and precipitation climatologies, this default value is a good estimate when
using 15-minute minimum and maximum signal intensities.

Moreover, occasionally the minimum attenuation is set to 0 dB km™!, due to the maximum received power (resulting in
minimum attenuation) being higher than the baseline power level, especially during low intensity events. Part of this is caused
by the assumption of the median of the average of the minimum and maximum received power levels representing the baseline
is not always valid, partly due to a skewness towards minimum power levels. For example, between 9:00 and 11:00 in Fig.
4t for the hourly time intervals, the maximum attenuations are constant, while the minimum attenuation changes between the
intervals 9:00-10:00 and 10:00-11:00. Still this results in a constant rainfall intensity (Fig. 4x). Combining this with the fact
that the minimum received power level (resulting in the maximum attenuation) nearly always is significantly less than the
baseline power level, a change in slope is induced at low rainfall intensities for all devices with both the optimized and default
min-max sampling (Fig. 12). For rainfall intensities below 1 mm h™!, the maximum power levels are higher than the baseline,
so that the minimum attenuation is set to zero. The minimum power levels are significantly lower than the baseline and are

treated as is. In the rainfall intensity computation, both attenuations are both treated in similar manner, giving too much weight
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to the maximum attenuation, causing an overestimation of the rainfall intensity. For slightly higher precipitation intensities, the
maximum power levels are still close to the baseline, so that barely any increase in rainfall intensity in the min-max sampling
is computed, while the 20 Hz rainfall intensity estimates do increase. When the rainfall intensity increases even further, both
the minimum and maximum received power levels are lower than the baseline, so that the min-max sampling method can be

365 used the way it has been designed to.
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Figure 11. Optimized fractional contribution of the maximum and minimum attenuation, «, as function of time interval for each device for

the optimized min-max sampling method. The dashed black line represents the default RAINLINK value, being 0.33. The data is based on
Figures S1 to S4.
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Figure 12. Comparison of rainfall intensities derived for min-max sampling at a 5S-minute time interval (using an optimized weight) versus
time-averaged rainfall intensities computed with the 20 Hz data for the RAL 26 GHz microwave link. The red dashed line is the 1:1 line and

the black line represents the linear regression line through the origin of which the slope is reported in the statistics box.

When focusing on the influence of the signal frequency on the rainfall estimates, the RAL 26 GHz link shows a larger RMSE
and lower 1> for the instantaneous and min-max sampling in comparison to the RAL 38 GHz link (Fig. 9). For both sampled
variables, the RMSE is roughly constantly 0.1 to 0.3 mm h™! higher, while the r? only differs at the longest time intervals around
0.1 to 0.2. These differences can predominantly be attributed to the difference in frequency, which causes different exponents
in the R — k relation and minor differences in wet-antenna attenuation, as the devices do not contain any other significant
differences. However, these differences in behaviour are of a smaller magnitude than the differences between the Nokia and the
RAL 38 GHz links. Overall, this indicates that a reduced duration of wet-antenna attenuation and a filter reducing the signal
fluctuations can significantly reduce the influence of the selected temporal sampling strategy.

Also a general comparison between the theoretical events and all rain events in the dataset reveals the influence of wet-
antenna attenuation on the performance of the rainfall retrieval algorithm. The increase of RMSE with longer time intervals
found for all rain events is not reflected in the theoretical events (only minor for the min-max sampling). As discussed, we
expect this difference to be caused by the influence of wet-antenna attenuation on the RMSE. Moreover, the wet-antenna atten-
uation seems to have a major influence on the estimated rainfall intensities for the individual events in Sect. 3.1. Additionally,
differences in baseline power levels between sampling strategies could play a role here. These differences in the baseline in the
dataset vary due to the differences in wet and dry periods between sampled intervals and strategies, and also due to longer term
changes in power levels (e.g., as a consequence of temperature). This shows that the performance of the sampling strategy and
rainfall retrieval algorithm is largely dependent on the wet-antenna attenuation and differences in baseline power levels. This

will be more elaborately discussed and put into context with previous studies in Sect. 4.
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4 Discussion

This study aimed to determine the influence of temporal sampling strategies on measuring rainfall using microwave links. To
do so, we resampled a 20 Hz signal to various temporal sampling strategies, partly mimicking sampling strategies employed
by mobile network operators, and compared the resulting rainfall intensities with averaged 20 Hz rainfall intensities. This way,
we were able to exclude the instrumental bias and uncertainty from the total bias and uncertainty, and focus on comparing the
influence of the temporal sampling strategies.

Our results allow to estimate the source of error for estimated rainfall intensities originating from the applied sampling
strategy and puts rainfall estimates of previous and future studies in perspective in relation to their reference data. When
examining the influence of time interval on estimating rainfall intensity, as expected, an increase in sampled time interval
reduces the performance of the resampled rainfall estimates compared to the 20 Hz estimates. For the shortest intervals, the
performance, 1 s to 1 min, often does not vary largely with respect to the reference, especially when compared to the longest
intervals. An increase in resolution does not necessarily add much more information on the rainfall intensity for these short
intervals, due the generally limited variability in rainfall intensity for these intervals. As described by de Vos et al. (2018), the
performance of the rainfall retrieval algorithm is strongly dependent on the employed temporal sampling strategy. Moreover,
Leijnse et al. (2008) stress the importance of sufficient sampling, which allows to cover the temporal behaviour of a rain event.
For example, considering that a precipitation event in our dataset takes on average 30 minutes, the commonly used 15-minute
sampling interval would undersample an average precipitation event, which is also reflected in our analyses, showing that the
performance for almost all sampling methods decreases significantly from around 1 to 5 minutes and onwards.

As expected, a comparison between the considered sampling methods demonstrates that mean sampling generally outper-
forms the other methods. For the shortest time intervals, min-max sampling, especially the optimized version, performs roughly
equal to mean sampling. For longer time intervals, the performance decreases, as the minimum and maximum attenuation are
no longer representative for the average precipitation during the interval. Also, the non-optimized min-max sampling strategy
performs relatively well, but a bit less than the optimized version. This decay in performance is also partly reflected in the
statistical metrics of the high-intensity theoretical event, but not for the constant and low intensity event, partly caused by the
still fairly constant intensity of the low intensity event. Additionally, the min-max sampling contains a change in slope at low
rainfall intensities at longer time intervals, which we expect to be caused by the baseline level selection (i.e., the median of the
average of the minimum and maximum received power levels during the dry hours preceding a rain event). This method for
baseline determination causes the minimum attenuation (i.e., maximum power levels) during the interval to be higher than the
baseline at low rainfall intensities and be set to zero, which interferes with the algorithm as it was designed. This causes an
offset when using min-max sampling for low rainfall intensities.

Moreover, the minimum and maximum sampling strategy is mostly prone to overestimations of the rainfall intensity, espe-
cially for longer time intervals. For both the optimized and non-optimized sampling strategy, the residuals around the 1:1 line
are asymmetrically distributed, especially for longer time intervals. In general, underestimations of rainfall intensity are fre-

quently present but relatively minor, while an overestimation happens less frequently but often has a relatively large magnitude.
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This is either caused by short high-intensity rainfall intensities during a time interval or a short reduction in signal intensity,
which causes a relatively large maximum attenuation, such that the estimated rainfall intensity overestimates the 20 Hz rainfall
estimates.

The instantaneous sampling strategy performed surprisingly well for the shortest time intervals. For longer time intervals, es-
pecially 30 and 60 minutes, the performance is mostly related to the amount and duration of wet-antenna attenuation combined
with the average duration of a precipitation event in our dataset. For a device with a relatively short duration of the wet-antenna
attenuation, the Nokia link, the > was significantly less than for a device with relatively long-lasting wet-antenna attenuation,
the RAL 38 GHz link. However, it is important to note that the high r? in that case is not caused by the measurement of
rainfall, but solely due to the fact that for long time intervals wet-antenna attenuation is interpreted as rainfall in the algorithm.
Potentially, an improvement in performance of the instantaneous sampling strategy could be found in adapting the timing of
the time intervals, so that the values of the received power levels represent the middle of the intervals. Intuitively, especially
for relatively large changes in rainfall intensity during a time interval, it seems that these values could be more representative
for rainfall intensities than the last value of the interval.

Previous studies demonstrated the performance of various sampling strategies for measuring rainfall with CML networks.
Our results are in line with Pudashine et al. (2021), who show that the min-max sampling strategy only slightly outperforms
the mean sampling strategy, but in most cases performs similarly. At a 15 min sampling time interval, de Vos et al. (2019)
demonstrate that min-max sampling generally outperforms instantaneous sampling in the Netherlands. Ostrometzky et al.
(2017) show that min-max sampling combined with the quantization effect (i.e., the discretization of the signal intensity) can
lead to significant biases for rainfall retrieval. Leijnse et al. (2008) compared 18 Hz sampling, averaged 15-minute sampling and
instantaneous 15-minute sampling methods with each other (together with simulated microwave link data based on 15-second
radar data) and showed the limitations of the instantaneous sampling compared to the other two methods. These findings are in
line with our results and confirm that the differences are not solely caused by instrumental biases between the microwave links
and the used reference instrument (e.g., rain gauge or radar).

Our study shows the significant influence of wet-antenna attenuation on the performance of sampling strategies, especially
with increasing sampling intervals. The rainfall intensities measured with the Nokia link, which is affected only during a
relatively short period by wet-antenna attenuation, were less affected by the temporal sampling strategy than the RAL 38 GHz
link, a device transmitting in the same frequency domain but with an increased wet-antenna attenuation effect. An additional
difference between these devices is the reduced signal fluctuation in the Nokia link, likely caused by an internal filter. However,
these differences do not have an influence of the same order of magnitude on the raw signal. Where the filter causes the
fluctuations to reduce roughly by 0.5 dB, the additional wet-antenna attenuation for the RAL is roughly 2 dB higher. Therefore,
we attribute the largest differences between the Nokia and RAL 38 GHz links to the difference in wet-antenna attenuation.

This is confirmed when studying the statistical metrics of the theoretical rain events and comparing these with the actual rain
events. The simulated Nokia and RAL links do not show significant differences for the theoretical rain events. The implemented
differences in noise between the theoretical links do not result in differences between the statistical metrics similar to the actual

events for the two devices in any of the theoretical rainfall events. A comparison between theoretical events with and without
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noise shows that the addition of noise has a significant contribution to the rainfall estimates, especially for the instantaneous
sampling strategy at longer time intervals. The most significant differences between the theoretical events and the actual events
can be found in wet-antenna attenuation and differences in baseline power levels between sampling strategies, which shows the
importance of these two mechanisms on rainfall estimates. Additionally, it should be noted that the duration of the theoretical
events is not equal to the average duration of a rainfall event in the Wageningen data (2 h and roughly 30 min, respectively),
but was chosen to resemble the individual events. However, we do not expect this mismatch in timescales to have a significant
effect on the statistics of the theoretical rain events. Overall, this shows that knowing the attenuation caused by a wet antenna
and the total drying duration would be beneficial when estimating rainfall using microwave links. Additionally, it would create
more need to adjust for the instrumental bias.

Different algorithms to correct for wet-antenna attenuation exist. Kharadly and Ross (2001) developed a model allowing to
correct for wet-antenna attenuation, which was extended by Minda and Nakamura (2005) to be able to cope with the drying of
antennas. Schleiss et al. (2013) first experimentally studied the role of wet-antenna attenuation on a 38 GHz microwave link
signal during and after a precipitation event and showed that the attenuation increases exponentially during the first part of a
rain event towards a maximum of 2.3 dB and also decreases exponentially afterwards. Subsequently, they proposed a model
applicable without the need for additional measurements. In parallel, Overeem et al. (2013) also found a value of 2.3 dB for
the wet-antenna attenuation as an average for a complete telecom network in the Netherlands. Subsequently, Overeem et al.
(2016a) applied this value as a constant for correcting attenuation due to wet antennas for each microwave link. Graf et al.
(2020) found that for a telecom network in Germany a correction based on rainfall intensity outperformed a method based on
the time during and after a precipitation event. Leijnse et al. (2008) propose to use a more physics-based model to compute the
wet-antenna attenuation, which uses signal frequency, antenna cover properties and rainfall intensities. Note that algorithms are
applied irrespective of the number of wet antennas (0, 1 or 2). It may even be raining along the CML path, whereas antennas
remain dry.

Using 20 Hz data as reference data to compare the estimated rainfall intensities has as advantage that the direct instrumental
bias is excluded in our analysis. These instrumental biases are included in the comparisons done by van Leth et al. (2018a) and
similar to our comparison between the 20 Hz estimates and the disdrometer (Sect. 2). Zinevich et al. (2010) describe various
errors and uncertainties that arise when comparing rainfall estimates from commercial microwave links with rain gauges, for
example uncertainty in the drop size distribution, wet antennas or baseline variations. Also, Leijnse et al. (2008) describe
similar influences of these uncertainties and stress the need to include all potential error sources in an analysis. Our results
and those from van Leth et al. (2018a) suggest that these uncertainties, especially wet-antenna attenuation, baseline variation
and the non-linear effect of the power law, even affect the performance of the rainfall estimates when using the same device as
reference data.

Additionally, we illustrate that the magnitude of these additional biases could depend on the selected sampling method. These
biases can be separated into a directly affected part and an indirect part. Rainfall intensities are most often directly affected
when choosing an instantaneous sampling method, especially for longer time intervals. Moreover, wet-antenna attenuation

and the role of the exponent in the R — k relation also seem to play a direct role in the performance of the selected sampling
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strategy, especially when considering the individual rain events and compare the theoretical events with the whole dataset.
Indirectly, we suspect that observed biases, especially between sampling strategies, can occur mostly due to variations in
baseline power levels between selected sampling methods. The latter group is hard to consider beforehand and will most often
be an unavoidable source of uncertainty for other studies. In general, our efforts allow future studies to focus on estimating the
uncertainty of their observed rainfall intensities using microwave links and uncover the instrumental bias of these links.

When extrapolating our results to CML networks, first of all it should be noted that not all CML networks contain similar
frequencies and link lengths. Next to a change in the parameters for the R — k relationship, our results show a slightly increased
RMSE and reduced r? for the RAL 26 GHz link compared to the RAL 38 GHz link. These devices operate similarly, except
at a different frequency, which results in different a and b parameter values in the R — k relationship. For 38 GHz, b is larger
than 1, while for 26 GHz, b is smaller than 1. Also, between the devices a minor difference in wet-antenna attenuation can
be observed, which could be a consequence of differences in frequency. Therefore, we attribute the observed differences to
differences in frequency and wet-antenna attenuation (possibly as a consequence of frequency).

The International Telecommunication Union (ITU-R, 2005) reports values for the a and b parameters, though several studies
found location dependent parameter values. Leijnse et al. (2007b) showed differences up to 10% in the b parameter compared
to the ITU recommendations, when deriving these parameters using raindrop size distributions measured in the Netherlands
by Wessels (1972). In this study, we used the a and b parameter values as reported by van Leth et al. (2018a), who determined
these based on the five disdrometers along the path. Yet overall, Chwala and Kunstmann (2019) illustrated that the a and b
parameters are relatively independent of the drop size distribution at low frequencies, especially below 40 GHz. Additionally,
Berne and Uijlenhoet (2007), Overeem et al. (2011) and Overeem et al. (2021) demonstrate that using a and b parameter values
which are not specifically calibrated to the area of application only results in minor errors in the rainfall estimates. This is likely
a consequence of the near-linear relation between attenuation and rainfall intensity.

Other differences between our results and actual CML networks can be found in the difference in polarization. Most mi-
crowave links in CML networks are vertically polarized, instead of the horizontal polarization that we study. For this specific
study, however, there are no significant differences between the vertical and horizontal polarization of the RAL 38 GHz link,
probably due to the fact that our reference data, i.e., the 20 Hz estimates, have the same polarization, and thus attenuation at
the same frequencies. Network operators choose for the vertical polarization, due to the oblate raindrop shape which induces
an increased attenuation for horizontal polarization compared to the vertical polarization. For other purposes than this study, it
can be important to consider the polarization of the device.

Furthermore, CML networks often employ a signal power quantization of 1 dB, while the data we use in this experiment
has been designed to prevent the power quantization effect on the rainfall estimates. Leijnse et al. (2008) demonstrate that this
power quantization can have a significant effect on the estimated rainfall intensities when using CML networks, especially
for low rainfall intensities. Chwala and Kunstmann (2019) show that the quantization effect limits the minimal detectable
rainfall intensity. Future studies could complement our study by focussing on the influence of power quantization on the
rainfall estimates using the same dataset. Additional uncertainties arise from the wet-dry classification. We used disdrometer

observations to classify the weather as dry or wet, while these nearby in-situ data are usually not available in a CML network,
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which could for example result in baseline variation uncertainties. For example, Messer and Sendik (2015) provide an overview

of various wet-dry classifications and how this affects the baseline power levels.

5 Conclusions

In this study, we examined the influence of temporal sampling strategies on estimating rainfall using microwave links based on
a dataset containing three different microwave links obtained by van Leth et al. (2018a). We compared the mean, instantaneous
and min-max sampling strategies and various time intervals ranging from 1 s to 60 min with with 20 Hz rainfall estimates of
the same device, allowing us to exclude the direct instrumental bias in this comparison. Some of the applied sampling methods
are also employed in current CML networks. Moreover, we used disdrometer data for a wet-dry classification to determine the
baseline power levels.

In general, our results show that an increase in the duration of the sampled time interval reduces the performance of the
resampled rainfall estimates. The instantaneous sampling method is most sensitive to this dependency on sampling interval,
while the mean sampling is most robust. This is also in line with expectations, as the instantaneously sampled power levels at
longer time intervals do not contain any information on the rainfall during the preceding time interval, so only describe what
occurs exactly at the moment of sampling. However, for the mean sampling still differences with respect to the reference can
occur due to the exponent in the R — k relationship being different from one. For the shortest time intervals, both instantaneous
and mean sampling perform roughly equal, except that instantaneous sampling shows a larger RMSE than mean sampling.
Similarly, for the shortest time intervals, min-max sampling performs roughly the same as mean sampling, but with an in-
crease in time interval the performance of min-max sampling shows a slightly larger decay than mean sampling (but smaller
than instantaneous). For the common 15-minute sampling strategy and the former Nokia CML, mean and min-max sampling
strategies clearly outperform instantaneous sampling. To a lesser extent, the mean sampling strategy outperforms the min-max
sampling strategy, except for the MBE value, due to the optimization based on the MBE.

The partitioning between the minimum and maximum attenuation, represented by « in the rainfall retrieval algorithm, shows
a decrease (i.e., more influence of the minimum attenuation) with an increase in time interval when optimizing this parameter,
as for longer time intervals the maximum attenuation is less representative for that entire interval. For all min-max sampling
time intervals, a change in slope occurs roughly below 2 mm h'!, which induces a positive offset for these low intensities when
employing a min-max sampling method. Generally, this sampling strategy is mostly prone to slightly underestimate or largely
overestimate individual rainfall intensities, which on average results in a relatively good fit. The large overestimations are
caused by the sensitivity of the maximum attenuation to incidental high attenuations, either as a result of short high-intensity
rainfall episodes or due to an outlier in maximum attenuation.

When comparing devices, the Nokia Flexihopper link, which was formerly part of a CML network, transmitting at 38.2
GHz, outperforms the other devices. This device mostly varies from the other two devices, the RAL 38 and 26 GHz links, in
terms of reduced magnitude and duration of wet-antenna attenuation and contains an internal filter reducing signal fluctuations.

Of these, the wet-antenna attenuation seems to dominate over the reduced noise, so that we attribute a significant part of the
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differences between the Nokia Flexihopper and RAL 38 GHz links to the wet-antenna attenuation. The RAL 38 GHz device
is specially sensitive to wet-antenna attenuation, which makes that even for long time intervals the RAL 38 GHz link still has
a relatively high r> compared to the Nokia link. If we compare the RAL 38 GHz link to the 26 GHz link, the RMSE and r?
are higher and lower, respectively, for the 26 GHz link. This is mostly caused by the somewhat increased uncertainty for the
RAL 26 GHz link, which we attribute to the difference in frequency. Also, the difference in exponent of the R — k relationship
between 26 GHz (b = 0.95) and 38 GHz (b = 1.05) could contribute to the found differences.

Additionally, a comparison of the results with theoretical events reveals the influence of wet-antenna attenuation and possibly
variations in baseline power levels between sampling strategies. In these theoretical events, the minor differences in statistical
metrics between the signal mimicking the Nokia link and that mimicking the RAL 38 GHz link can be attributed to noise
levels. In general, even between all the sampling strategies, minor differences occur for the theoretical events. Other processes,
of which wet-antenna attenuation being the most significant, are excluded in these theoretical events. This illustrates the sig-
nificant influence wet-antenna attenuation can have on the rainfall estimates, independent of the selected sampling strategy. On
individual rainfall event levels, additional differences in rainfall estimates can arise due to variations in baseline power levels
between devices and sampling methods. Overall, our study illustrates the influence a selected sampling strategy and related
effects can have on the estimated rainfall intensity using microwave links, but does leave the instrumental bias to consider for

future studies.

Author contributions. LDvdV carried out the research under the supervision of MCG, RH, AO and RU. LDvdV performed the data analysis

with input from all co-authors. LDvdV prepared the manuscript, with contributions from all co-authors.

Competing interests. The authors declare that they have no competing interests

27



575

580

585

590

595

600

605

610

https://doi.org/10.5194/egusphere-2023-1971
Preprint. Discussion started: 13 September 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

References

Atlas, D. and Ulbrich, C. W.: Path- and Area-Integrated Rainfall Measurement by Microwave Attenuation in the 1-3 cm Band, Journal of
Applied Meteorology and Climatology, 16, 1322—1331, https://doi.org/10.1175/1520-0450(1977)016<1322:Paairm>2.0.Co;2, 1977.

Berne, A. and Krajewski, W. F.: Radar for hydrology: Unfulfilled promise or unrecognized potential?, Advances in Water Resources, 51,
357-366, https://doi.org/10.1016/j.advwatres.2012.05.005, 2013.

Berne, A. and Uijlenhoet, R.: Path-averaged rainfall estimation using microwave links: Uncertainty due to spatial rainfall variability, Geo-
physical Research Letters, 34, https://doi.org/10.1029/2007g1029409, 2007.

Berne, A., Delrieu, G., Creutin, J.-D., and Obled, C.: Temporal and spatial resolution of rainfall measurements required for urban hydrology,
Journal of Hydrology, 299, 166—179, https://doi.org/10.1016/s0022-1694(04)00363-4, 2004.

Brauver, C. C., Overeem, A., Leijnse, H., and Uijlenhoet, R.: The effect of differences between rainfall measurement
techniques on groundwater and discharge simulations in a lowland catchment, Hydrological Processes, 30, 3885-3900,
https://doi.org/https://doi.org/10.1002/hyp.10898, 2016.

Chwala, C. and Kunstmann, H.: Commercial microwave link networks for rainfall observation: Assessment of the current status and future
challenges, WIREs Water, 6, https://doi.org/10.1002/wat2.1337, 2019.

Chwala, C., Keis, F., and Kunstmann, H.: Real-time data acquisition of commercial microwave link networks for hydrometeorological
applications, Atmospheric Measurement Techniques, 9, 991-999, https://doi.org/10.5194/amt-9-991-2016, 2016.

Cristiano, E., ten Veldhuis, M.-C., and van de Giesen, N.: Spatial and temporal variability of rainfall and their effects on hydrological response
in urban areas — a review, Hydrology and Earth System Sciences, 21, 3859-3878, https://doi.org/10.5194/hess-21-3859-2017, 2017.

de Vos, L. W., Raupach, T. H., Leijnse, H., Overeem, A., Berne, A., and Uijlenhoet, R.: High-Resolution Simulation Study Exploring the
Potential of Radars, Crowdsourced Personal Weather Stations, and Commercial Microwave Links to Monitor Small-Scale Urban Rainfall,
Water Resources Research, 54, https://doi.org/10.1029/2018wr023393, 2018.

de Vos, L. W., Overeem, A., Leijnse, H., and Uijlenhoet, R.: Rainfall Estimation Accuracy of a Nationwide Instantaneously Sampling
Commercial Microwave Link Network: Error Dependency on Known Characteristics, Journal of Atmospheric and Oceanic Technology,
36, 1267-1283, https://doi.org/10.1175/jtech-d-18-0197.1, 2019.

Fencl, M., Rieckermann, J., Schleiss, M., Stransky, D., and Bares, V.: Assessing the potential of using telecommunication microwave links
in urban drainage modelling, Water Sci Technol, 68, 1810-8, https://doi.org/10.2166/wst.2013.429, 2013.

Graf, M., Chwala, C., Polz, J., and Kunstmann, H.: Rainfall estimation from a German-wide commercial microwave link network: optimized
processing and validation for 1 year of data, Hydrology and Earth System Sciences, 24, 2931-2950, https://doi.org/10.5194/hess-24-2931-
2020, 2020.

Habi, H. V. and Messer, H.: Recurrent Neural Network for Rain Estimation Using Commercial Microwave Links, IEEE Transactions on
Geoscience and Remote Sensing, 59, 3672-3681, https://doi.org/10.1109/tgrs.2020.3010305, 2021.

Hoedjes, J., Kooiman, A., Maathuis, B., Said, M., Becht, R., Limo, A., Mumo, M., Nduhiu-Mathenge, J., Shaka, A., and Su, B.: A Conceptual
Flash Flood Early Warning System for Africa, Based on Terrestrial Microwave Links and Flash Flood Guidance, ISPRS International
Journal of Geo-Information, 3, 584-598, https://doi.org/10.3390/ijgi3020584, 2014.

Imhoft, R. O., Overeem, A., Brauer, C. C., Leijnse, H., Weerts, A. H., and Uijlenhoet, R.: Rainfall Nowcasting Using Commercial Microwave
Links, Geophysical Research Letters, 47, https://doi.org/10.1029/2020g1089365, 2020.

ITU-R: Attenuation by atmospheric gases and related effects, Report, International Telecommunication Union, 2005.

28



615

620

625

630

635

640

645

https://doi.org/10.5194/egusphere-2023-1971
Preprint. Discussion started: 13 September 2023 EG U
sphere

(© Author(s) 2023. CC BY 4.0 License.

Jameson, A.: A Comparison of Microwave Techniques for Measuring Rainfall, Journal of Applied Meteorology, 30, 32-54,
https://doi.org/https://doi.org/10.1175/1520-0450(1991)030%3C0032: ACOMTF%3E2.0.CO;2, 1991.

Kharadly, M. M. Z. and Ross, R.: Effect of wet antenna attenuation on propagation data statistics, IEEE Transactions on Antennas and
Propagation, 49, 1183-1191, https://doi.org/10.1109/8.943313, 2001.

Leijnse, H., Uijlenhoet, R., and Stricker, J. N. M.: Rainfall measurement using radio links from cellular communication networks, Water
Resources Research, 43, https://doi.org/10.1029/2006wr005631, 2007a.

Leijnse, H., Uijlenhoet, R., and Stricker, J. N. M.: Hydrometeorological application of a microwave link: 2. Precipitation, Water Resources
Research, 43, https://doi.org/10.1029/2006wr004989, 2007b.

Leijnse, H., Uijlenhoet, R., and Stricker, J. N. M.: Microwave link rainfall estimation: Effects of link length and fre-
quency, temporal sampling, power resolution, and wet antenna attenuation, Advances in Water Resources, 31, 1481-1493,
https://doi.org/10.1016/j.advwatres.2008.03.004, 2008.

Maggioni, V., Meyers, P. C., and Robinson, M. D.: A Review of Merged High-Resolution Satellite Precipitation Product Accuracy during
the Tropical Rainfall Measuring Mission (TRMM) Era, Journal of Hydrometeorology, 17, 1101-1117, https://doi.org/10.1175/jhm-d-15-
0190.1, 2018.

Messer, H. and Sendik, O.: A New Approach to Precipitation Monitoring: A critical survey of existing technologies and challenges, IEEE
Signal Processing Magazine, 32, 110-122, https://doi.org/10.1109/msp.2014.2309705, 2015.

Messer, H., Zinevich, A., and Alpert, P.: Environmental monitoring by wireless communication networks, Science, 312, 713,
https://doi.org/10.1126/science.1120034, 2006.

Minda, H. and Nakamura, K.: High Temporal Resolution Path-Average Rain Gauge with 50-GHz Band Microwave, Journal of Atmospheric
and Oceanic Technology, 22, 165-179, https://doi.org/10.1175/JITECH-1683.1, 2005.

Molden, D.: Water for food water for life: A comprehensive assessment of water management in agriculture, Routledge, 2013.

Niemczynowicz, J.: The rainfall movement — A valuable complement to short-term rainfall data, Journal of Hydrology, 104, 311-326,
https://doi.org/https://doi.org/10.1016/0022-1694(88)90172-2, 1988.

Olsen, R., Rogers, D., and Hodge, D.: The aRbrelation in the calculation of rain attenuation, IEEE Transactions on Antennas and Propagation,
26, 318-329, https://doi.org/10.1109/TAP.1978.1141845, 1978.

Ostrometzky, J., Eshel, A., Alpert, P., and Messer, H.: Induced bias in attenuation measurements taken from commercial mi-
crowave links, in: 2017 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 3744-3748,
https://doi.org/10.1109/ICASSP.2017.7952856, 2017.

Overeem, A., Leijnse, H., and Uijlenhoet, R.: Measuring urban rainfall using microwave links from commercial cellular communication
networks, Water Resources Research, 47, https://doi.org/10.1029/2010wr010350, 2011.

Overeem, A., Leijnse, H., and Uijlenhoet, R.: Country-wide rainfall maps from cellular communication networks, Proc Natl Acad Sci U S
A, 110, 2741-5, https://doi.org/10.1073/pnas.1217961110, 2013.

Overeem, A., Leijnse, H., and Uijlenhoet, R.: Two and a half years of country-wide rainfall maps using radio links from commercial cellular
telecommunication networks, Water Resources Research, 52, 8039-8065, https://doi.org/10.1002/2016wr019412, 2016a.

Overeem, A., Leijnse, H., and Uijlenhoet, R.: Retrieval algorithm for rainfall mapping from microwave links in a cellular communication
network, Atmospheric Measurement Techniques, 9, 2425-2444, https://doi.org/10.5194/amt-9-2425-2016, 2016b.

Overeem, A., Leijnse, H., van Leth, T. C., Bogerd, L., Priebe, J., Tricarico, D., Droste, A., and Uijlenhoet, R.: Tropical rainfall monitoring
with commercial microwave links in Sri Lanka, Environmental Research Letters, 16, https://doi.org/10.1088/1748-9326/ac0fa6, 2021.

29



650

655

660

665

670

675

https://doi.org/10.5194/egusphere-2023-1971
Preprint. Discussion started: 13 September 2023 G
© Author(s) 2023. CC BY 4.0 License. E U Sp here

Pastorek, J., Fencl, M., and Bares, V.: Uncertainties in discharge predictions based on microwave link rainfall estimates in a small urban
catchment, Journal of Hydrology, 617, 129 051, https://doi.org/https://doi.org/10.1016/j.jhydrol.2022.129051, 2023.

Pollock, M. D., O’Donnell, G., Quinn, P., Dutton, M., Black, A., Wilkinson, M. E., Colli, M., Stagnaro, M., Lanza, L. G., Lewis, E., Kilsby,
C. G., and O’Connell, P. E.: Quantifying and Mitigating Wind-Induced Undercatch in Rainfall Measurements, Water Resources Research,
54, 3863-3875, https://doi.org/10.1029/2017wr022421, 2018.

Pudashine, J., Guyot, A., Overeem, A., Pauwels, V. R. N., Seed, A., Uijlenhoet, R., Prakash, M., and Walker, J. P.: Rain-
fall retrieval using commercial microwave links: Effect of sampling strategy on retrieval accuracy, Journal of Hydrology, 603,
https://doi.org/10.1016/j.jhydrol.2021.126909, 2021.

Raupach, T. H. and Berne, A.: Correction of raindrop size distributions measured by Parsivel disdrometers, using a two-dimensional video
disdrometer as a reference, Atmospheric Measurement Techniques, 8, 343-365, https://doi.org/10.5194/amt-8-343-2015, 2015.

Rios Gaona, M. F,, Overeem, A., Brasjen, A. M., Meirink, J. F,, Leijnse, H., and Uijlenhoet, R.: Evaluation of rainfall products de-
rived from satellites and microwave links for the Netherlands, IEEE Transactions on Geoscience and Remote Sensing, 55, 6849-6859,
https://doi.org/10.1109/tgrs.2017.2735439, 2017.

Schleiss, M., Rieckermann, J., and Berne, A.: Quantification and Modeling of Wet-Antenna Attenuation for Commercial Microwave Links,
IEEE Geoscience and Remote Sensing Letters, 10, 1195-1199, https://doi.org/10.1109/1grs.2012.2236074, 2013.

Sun, Q., Miao, C., Duan, Q., Ashouri, H., Sorooshian, S., and Hsu, K.: A Review of Global Precipitation Data Sets: Data Sources, Estimation,
and Intercomparisons, Reviews of Geophysics, 56, 79-107, https://doi.org/10.1002/2017rg000574, 2018.

Uijlenhoet, R., Overeem, A., and Leijnse, H.: Opportunistic remote sensing of rainfall using microwave links from cellular communication
networks, WIREs Water, 5, https://doi.org/10.1002/wat2.1289, 2018.

van het Schip, T. I, Overeem, A., Leijnse, H., Uijlenhoet, R., Meirink, J. F.,, and van Delden, A. J.: Rainfall measurement using
cell phone links: classification of wet and dry periods using geostationary satellites, Hydrological Sciences Journal, 62, 13431353,
https://doi.org/10.1080/02626667.2017.1329588, 2017.

van Leth, T. C., Overeem, A., Leijnse, H., and Uijlenhoet, R.: A measurement campaign to assess sources of error in microwave link rainfall
estimation, Atmospheric Measurement Techniques, 11, 4645-4669, https://doi.org/10.5194/amt-11-4645-2018, 2018a.

van Leth, T. C., Overeem, A., Uijlenhoet, R., and Leijnse, H.: Dataset: Wageningen Urban Rainfall experiment,
https://doi.org/10.4121/uunid: 1dd45123-c732-4390-9fe4-6e09b578d4t, 2018b.

Wessels, H. R. A.: Metingen van regendruppels te De Bilt., scientific report WR 72-6, KNMI, De Bilt, available via http://publicaties.
minienm.nl/download-bijlage/7976/metingen-van-regendruppels-te-de-bilt.pdf (in Dutch), 1972.

Zinevich, A., Messer, H., and Alpert, P.: Prediction of rainfall intensity measurement errors using commercial microwave communication

links, Atmospheric Measurement Techniques, 3, 1385-1402, https://doi.org/10.5194/amt-3-1385-2010, 2010.

30



