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Abstract. The most reliable areal precipitation estimation is usually generated via combinations of different measurementsand

s. Path-averaged rain rate-rates can be derived from Commercial Microwave

& e (=]

Links (CML), where attenuation of the emitted radiation is strongly related with-to rainfall rate. CMLs can be combined with
data from other rainfall measurements or used individually. They are available almost worldwide and often represent the only

opportunity ef-for ground-based measurement in data-searce-regions-—Deriving-data-scarce regions. However, deriving rainfall

estimates from CML data requires extensive data processing;theugh. The separation of the attenuation time series ##-into rainy
and dry periods (rain event detection) is the most important step in this processing and largely-determines-—the-quality-of-the
has a high impact on the resulting rainfall estimates. In this study, we investigate the suitability of Meteosat Second Generation
Spinning Enhanced Visible and InfraRed Imager (MSG SEVIRI) satellite data as an auxiliary-data-based (ADB) rain event
detection method. We compare this method with two time-series-based (TSB) rain event detection methods. Fhe-investigation
uses-datafrom-390+-We used data from 3748 CMLs in Germany for four months in summer-the summer of 2021 and is-earried
out-for-data from the two SEVIRI-derived products PC-and-PC-Ph—We-analyse-PC and PC-Ph. We analyzed all rain event
detection methods for different precipitation-intensityrainfall intensities, differences between day and night, as well as their
influence on the performance of rainfall estimates from individual CMLs. The radar product RADKLIM-YW is-was used for

validation. The results show-showed that both SEVIRI products are promising candidates for ADB rainfall detectionmethods

and-led-to-at-Jeast-equivalentresults-as-, yielding only slightly worse results than the TSB methods with the main advantage,

that the ADB method does not rely on extensive validation for different CML datasets. The main uncertainty of all methods
was found for light rain. Slightly better results were obtained during the day than at night --which-is-caused-by-dewformation
on-CMI-antennas-and-due to the reduced availability of SEVIRI channels at night. In general, the ADB methods lead-led to

improvements for CMLs performing comparatively weakly using TSB methods. Based on these results, combinations of ADB
and TSB methods were developed by emphasizing their specific advantages. Compared to basic and advanced TSB methods,
these combinations were-able-to-improve-improved the Matthews Correlation Coefficient of the rain event detection from 6:53
€6:57-0.49 (0.51 resp.) to 6:62-0.59 during the day and from 0-47+(0-55-0.41 (0.50 resp.) to 6-6-0.55 during the night. Our
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results show that utilising-utilizing MSG SEVIRI data in CML data processing significantly increases the quality of the rain
event detection step, in particular for CMLs which are challenging to process with TSB methods. While the improvement is

useful even for applications in Germany, we see the main potential of using ADB methods in data-scarce regions like West
Africa where extensive validation is not possible.

1 Introduction

Preeipitation-Rainfall is the most important variable for hydrology and water management. It is characterized by a-high vari-

ability in space and time, especially in the case of convective rain events. The quality of hydrological modeling results depends

heavily on high-resolution and reliable areal preeipita

-rainfall data (Fu et al., 2011; Bruni et al., 2015; Rafieeinasab et al., 2015; Cristiano et al., 2017).
There are a variety of rainfall measurement methods whieh-that serve as a basis for the derivation of rainfall fields, each with
specific advantages but also drawbacks. Fipping-buckets-for-instanee-usually-provide-the-best-Rain gauges can provide point
measurements of precipitation with high accuracy, but they are prone to errors due to wind and evaporation (Sevruk, 2006) and
primarily lack spatial representativeness (Pollock et al., 2018).

Satellite data provide areal precipitation patterns-estimates almost worldwide with a spatial resolution in the order of several
kilometers. But they either suffer from a poor temporal resolution {like the GPM core satellite that has a revisit time of ap-
proximately 1 day in the tropics )-or from heterogeneous data quality and delayed availability (like merged satellite products
like IMERG )-(Hou et al., 2014). Additionally, complex retrieval and calibration algorithms have to be applied which cause
additional uncertainties (Maggioni et al., 2016).

Weather radars derive areal precipitation patteras-estimates with a high resolution of 5 minutes and 1 km (Atlas, 1990; Bartels
et al., 2004; Winterrath et al., 2012). However, the calculation of rain rate-rates from radar reflectivity is non-trivial (Uijlenhoet
et al., 2003; Steiner et al., 2004) and false echoes, clutter, and other measurement effects cause further problems (Villarini
and Krajewski, 2010; Wagner et al., 2012; Wagner, 2018). Schleiss et al. (2020) showed that radar data tends to underes-
timate particularly heavy rainfall in Scandinavian countries. Nevertheless, gauge-adjusted radar %WNCOHSICI—

ered to be one of the best possible data basis

dﬁfefeﬂt—measufefneﬂfs—m&t—ﬁmkes—ﬁ—pessrblﬁﬁfor spatial rainfall estimates, because they leverage the advantages and-negleet

from individual measurement devices (Bartels et al., 2004; Winterrath et al., 2012).

The opportunistic sensing of preeipita

%ﬂmp}&ts—%heﬂis&ef—&&eﬂﬁaﬂefrd&%fmﬂ%gyym Commercial Microwave Links (CML) measturements—to

-was first demonstrated in Israel (Messer et al., 2006) and the Netherlands (Lei-

jnse et al., 2007).

used-to-caleulate-precipitation-intensityln recent years CML rainfall estimation has become available on country-wide scales
Overeem et al., 2016; Graf et al., 2020). Rainfall attenuates the microwave radiation between two antennas of a CML. The
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relationship between attenuation and pfeapﬁaﬂem&ﬁgﬂfﬁeaﬂﬁyWWmeear for mgnals between 10 and
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regions of the world (Overeem et al., 2013; Rios Gaona et al., 2013; Overeem et al., 2016; D’ Amico et al., 2016; Graf et al., 2020; Rovers

A~

Additionally, the path averaged rainfall information from CMLs can complement conventional measurement methods (Liber-
man et al., 2014; Haese et al., 2017; Graf et al., 2021). Kumah et al. (2022) for instance derived rain intensities from MSG

satellite data by arandom forest algorithm trained with CML rainfall estimates. Hewevef—aﬂmﬂbefef—pﬂb}teaﬂeﬂs—eeﬂhﬁﬂ—fhaf

—Inlarge-areas-of Africa;forinstanee;radar-data-For regions with sparse observation networks like most parts of Africa, where
radar data is missing and even station data is missing-or-only sparsely available, so-a-mebite-phone-network-might-be-the-onty

approaches-are “individual- methods™foris a good opportunity to reduce the gap in the global availability of climate information
as recently emphasized by UNFCCC (2022).

The detection of rain events in CML attenuation time series is an important processing step for several reasons. First, it
defines the rainy periods for which a baseline has to be defined, typically from preceding dry time steps. Second. it filters
fluctuations that are not caused by rain, but by other disturbances e.g. from refraction, multi-path propagation, or mast sway.
MMI%WWWM event detection ssince-they-are-based

o-methods, we divide them into two categories, time series-
based (TSB) methods and methods based on auxiliary data of preeipitationrainfall patterns (ADB).
study are especially promising for CML processing in regions with otherwise sparse rainfall information.

~

Examples of TSB methods are the simple threshold models (Leijnse et al., 2008), an approach using the rolling standard

deviation (Schleiss and Berne, 2010), Markov switch-
ing models (Wang et al., 2012) and-or short-term Fourier Transform approaches (Chwala et al., 2012). Messer and Sendik

(2015) provide a detailed description of these approaches. Machine Learning approaches to distinguish between wet and dry

time steps emerged in recent years, usually outperforming the previous methods (Habi and Messer, 2018; Polz et al., 2020;

Song et al., 2020). The "nearby-link" approach (Overeem et al., 2016) is usually-not-viewed-as-a-TSB;-but-nevertheless-uses



a hybrid TSB and ADB method because it compares CML attenuation time series by-comparingneighboring CMIsregarding
L Cfocts withi sof 15 ke

95 is-also-used-{vanhetSchip-etal; 2017 Kumah-etal5202H—Geostationary-of neighboring CMLs. Similar to CMLs, satellite

microwave links (SMLs) can be exploited to derive rainfall estimates. SML processing also includes rain event detection and

several methods are available (Giannetti et al., 2019; Giro et al., 2022).

Data sources in ADB methods can be weather radar (Overeem et al., 2011) or satellite data (van het Schip et al., 2017; Kumah et al., 2021
100 . Regarding satellite data, geostationary satellites such as MSG SEVIRI offer a temporal resolution of 15 minutes at 4x6 km

e estts—arcustatry-acnevea—with—+ta
5 - .

spatial resolution in mid-latitudes. This data is also used as areal precipitation (Roebeling et al., 2008; Roebeling and Holle-
man, 2009), although the derivation of precipitation from VIS and IR channels is often uncertain. According to NWC SAF

(Lahuerta Garcfa, 2021) even a distinction between light, moderate, and heavy precipitation is difficult. That is the reason why

they determine the probability of precipitation in their post-processed SEVIRI products.Hewever,such-a-productean-be-very

105

van het Schip et al. (2017) analyzed applying post-processed SEVIRI products as a wet-dry indicator in the Netherlands. A
shert-period-of They evaluated the resulting rainfall maps for 12 days-is-analyzed-with-foeus-oenlyonrainfallmapsnetallewing
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e-days and found improvements compared
110 to not separating the time series into wet and dry periods but a decreased performance compared to radar-based rain event

detectionapproach. So:it-is not straichtforward to evaluate the quality of their approach compared to standard rain even
r-. However, they
did not compare the methods for individual CMLs, different rainfall intensities, or day and night -although-there-are-no-visual
hannels-atnight and-the sateltite produet methodologiealty varies-greatly-periods for which the satellite products use different

115 channels and methodologies. They also did not combine their ADB method with a TSB method.
Kumah et al. (2021) obtained improved rain intensities for convective rain events when applying MSG SEVIRI data for rain

event detection of CML data. However, their results are based only on one CML in Kenya for daytime and rain intensities
above 0.5 mm/h-—

mmh~ 1. The limitation of both studies regarding the analyzed period, the number of CMLs, intensity classes, and da
120 and night differences limit the transferability of their results. None of the presented rain event detection methods can provide
a high-

uality classification for CML datasets with varying characteristics (e.g. sparse or dense network, various temporal

resolutions, different frequency ranges, etc.). CMLs with frequencies below 10 GHz which are commonly deployed in sparse
CML networks in rural Sub-Saharan Africa still pose great challenges for all available rain event detection methods. Yet, these
regions are often associated with a high potential for CML as the sole source of rainfall estimates.

125 In this study, m-the precipitation products PC and
PC-Ph, which are computed by NWC SAF using data from the SEVIRI radiometer en-board-onboard the geostationary satellite
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Table 1. Overview of rainfall sensors and products.

Sensor Product Spatial resolution Temporal resolution  Data points

(ongitude x latitude) (including missing values)
C:Band weatherradar  RADKLIM-YW  lkm x 1km S minutes 30.808.350.000.
MSG SEVIRL. PC&PCPh 34:5.1kmx4.0-64km 15 minutes 1.330.560,000.
CML - 3748 CML paths_ Lmin 165,649.270

METEOS ATare-applied-forrain-event-deteetion, are used to classify CML attenuation time series in rainy and dry periods. In
addition to comparing ADB (based on the PC-and-PC-Ph-productsPC and PC-Ph) and TSB (CML time series processing)

methods, this study presents a novel way of combining TSB and ADB rain event detection approaches to improve rain event
detection. In-order-to-To analyze the applicability of such new rain event detection methods, data sets of high data quality
are necessary. The present analysis is based on country-wide CML data from 4 months in summer-the summer of 2021 in
Germanyand-, As reference a high-resolution gauge-adjusted radar product is usedas-reference-

The research questions of this investigation are: (1) are PC-and-PC-Ph-PC and PC-Ph products suitable as a-wet-dry indieator
indicators for CML data? (2) Do the results vary with rain intensity? (3) Are there noticeable differences between day and

night? (4) Can a combination of TSB and ADB rain event detection methods outperform TSB-only and ADB-only methods?

2 Data

Fhe-evaluations—in-this-study-are-This study is based on CMLdata;radar-data-, weather radar, and SEVIRI data in Germany
for-a-period-of 19-weeks-between3tst-of May-covering the period from the 30th of April 2021 and-to the 10th of Oetober
September 2021. Tab. 1 summarizes the properties of these products.

2.1 CML data

061-EMLs-in-Germany-are-used; which-are-operated-byEriesson—This-is-onty-The CML dataset consists of a subset of alt
€MLs operated CMLs operated by Ericsson in Germany. The-path-lengths For the analyzed period, 3748 CMLs were available
for more than 30% of the time and thus considered in this study. The path length of the CML vary-varies between 0.2 km
and about 30 km (see-Fig—)- Yo-are—sherter-than+0-dan—and-ever 99-%are-shorter-than20-km—Thefrequeneies-typiesa
range-between+6-and the frequencies range from 10 to 40 GHz with shorter CMLs using higher frequencies —(see Fig.1). The

transmitted signal level (TSL) with a power resolution of 1 dB and the received signal level (RSL) with a power resolution

of 0.3 dB are saved-instantaneously measured every minute using a custom real-time CML data acquisition system (Chwala

et al., 2016). The total loss (TL) is the difference between TSL and RSL. Each CML consists of two sublinks for two-way data
transmission. The processing of the data is described in mere-detail-in-chapter-3-1+Section 3.2.
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Figure 1. Histogram-revealing-Scatter density plot showing the distribution of length and frequency of the 39643748 CMLs in Germany that

2.2 Radar-Weather radar data

RADKLIM-YW is a gauge-adjusted, climatologically-corrected radar product of the German Meteorological Service (DWD)ané

more-wek-known-, The hourly adjustment with data from automatic rainfall stations is identical to the one of the RADOLAN-
RW product is-used-Bartels-et-al- 2004 Winterrath-et-al5 201 2) but-the RAPDKLIM-YW datais-available-every-S-minutes—n
addition; elimatologicatty-based (Bartels et al., 2004; Winterrath et al., 2012). Daily sums are adjusted with daily measurements
of manual rainfall stations and climatology-based corrections of spokes and range-dependencies are carried out (Winterrath
et al., 2018). RADKLIM-YW data has a temporal resolution of 5 minutes and a spatial resolution of 1 km covering Germany
with 1100 times 900 grid cells. According to Kreklow et al. (2020), the range-dependent effects, which are particularly strong
in winter, are reduced. This improves preeipitationrainfall patterns and better represents orography compared to RADOLAN-
RW. At the same time, however, a slight underestimation of the total preeipitation-rainfall was determined.

RADKLIM-YW is used to validate the binary classifications of rain event detection methods and the rainfall estimates derived
from CMLs using these methods. To compare the gridded RADKLIM-YW with the CMLs we averaged the grid for each
individual CML path weighted by the length of intersecting path segments in each pixel. RADKLIM-YW was aggregated to a

To answer the research question (2), whether the performance of rain event detection methods shows a rain rate dependenc
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we define intensity classes and group the 15-minute radar rainfall intensities. The classes light (0.1 to 2.5 mmh™ 1), moderate
2.5 to 10.0 mmh 1), and heavy (more than 10.0 mmh~ 1) rainfall are based on the (DWD, 2023) classification. Light rainfall

is further subdivided into the classes lightl (0.1 to 1.0 mmh 1) and light2 (1.0 to 2.5 mmh ™ 1). Values below 0.1 mmh~1 are

considered dry. The resulting classes are shown in Fig.7.

2.3 SEVIRI data

The Spinning Enhanced Visible and Infrared Imager (SEVIRI) radiometer from the geostationary satellite METEOSAT pro-
vides image data in two Visible-visible (VIS), one high-resotution-high-resolution channel (HRVIS), and nine Infrared (IR)
channels including also-one-Near-Infrared-one near infrared channel (NIR). The channels range from 0.5 to 14.4 micrometres
micrometers with a resolution of 3 km at the sub-satellite point. The high-resolution channel is not used for our purposes. Every
15 minutes the-a calibrated image of the full earth disc (lon: -79° —to 79°, lat: -81° —to 81°) is available including-calibration
(Schmid, 2000). No speeifie-deviee-space-borne radar or radiometer for precipitation measurement is en-beardon board, such
as for GPM (Hou et al., 2014). The-derivation-of preeipitationproduets—is-Precipitation products are derived based on two

approaches: either by regression of different channels and adjustment to precipitation measurements or, more sephisticated;
through-the-derivation-ef-sophisticatedly, by deriving microphysical parameters (Roebeling et al., 2008; Hernanz et al., 2019).
For the calculation of microphysical parameters, the 0.6 um channel (VIS) and the 1.6 um channel (NIR) is-are mandatory
(Roebeling et al., 2008).

The first product PE-Ph-PC-Ph is derived from the microphysical parameters Effective Radius (Reff) and Cloud Optical Thick-
ness (COT) at-during daytime. At night, when visible channels are missing, it is calculated by a regression of IR and Water
Vapour channels (WV). The second product PE-PC relies on different regression functions of available SEVIRI channels, alse
including VIS, IR, and WV channels at daytime and only IR and WV channels at night. Both-produets-The definition of day

and night time is derived from the variable pccond that is provided for both PC and PC-Ph. Both products are provided b

NWC SAF. Recent data is freely available, but long-term records must be requested individually.
We chose both products for this study because they provide the probability of precipitation in percent: PE-PC in increments of

10 and PE-Ph-PC-Ph in increments of 1=
Thoss(2014); Hernanz et-ak(2019); Lahuerta-Garefa-(2019)-
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they—shew-good-agreements—for-Germany—pure precipitation product, the precipitation probability products enabled us to
consistently alter the classification threshold similar to how it can be done for certain TSB methods. Example time series of

2 b) and ¢). More detailed descriptions and the evaluation of the two products

the precipitation probability are shown in Fi

are available from (Thoss, 2014; Hernanz et al., 2019) and (Lahuerta Garcia, 2019). Similar to RADKLIM-YW, we derived PC

and PC-Ph values along the CML paths. The validation of PC or PC-Ph wet and dry labels is based on the path averages of
RADKLIM-YW.

3 Methods
3.1 Rain event detection
3.1.1 Individual methods for rain event detection

Two-time-series-based- We used two existing time series-based (TSB) methods as a baseline for rain event detectionare-applied
forcomparison. The first one is the Rolling-Standard Deviationr-method-(RS)aceordingto-Sehleiss-and Berne(2010),-medified
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d-based on the rolling standard deviation of total loss
TL). Time steps for which the standard deviation of a 60-minute rolling window exceeds a certain threshold are considered

wet. This approach was originally suggested by Schleiss and Berne (2010) who used a fixed threshold. Later, Graf et al. (2020)
determined the threshold based on the 80th percentile of a-60-min-the 60-minute rolling standard deviation of TL multiplied by

a scaling factor %efeﬂswﬂ%sedhﬂg—faetefof 1.12 is¢

The second method is a machine learning approach based on Geavelt&teﬂa%Ne&fa}Nefwefk%—fref&Pel%e%al—eG%)whiehﬁ
eatted-€M in-the fottowing-—Thea convolutional neural network that was trained to classify TL time series into rainy and dry
time steps from Polz et al. (2020). This model provides a continuous probability between 0 and 1 that describes the likeliness
determines whether classification is more liberal or conservative. We adopted the classification threshold of 0.82 was-adopted-
Both-which was found to be optimal by Polz et al, (2020). This method will be called CNN. Fig. 2a) shows an example of the
CNN probability and the three thresholds used later in the combination of rain event detection methods. Both TSB approaches
were compared in Polz et al. (2020) based on hourly data with significantly better performance of CNN compared to RS.

We used PC and PC-Ph products from SEVIRI data as a-wet/dry-indicator-can-be-applied-based-on-different- ADB rain event
detection by applying a threshold on their precipitation probabilities. We use-the-threshelds40-%;-used the thresholds 30

9, 20 %, 10 % and 0.1 %. The last threshold represents probabilities greater than 0 %. The abbreviations for the thresholds
are e.g., P40P30 or P01, and the abbreviations for the specific data sets of PC-andPE-Ph-PC and PC-Ph are e.g., PCI0 or

bmﬂmgﬂ@#%ﬂﬂ%&%—%&p%&&tﬁ%%%ﬁ -minute fese}&&eﬂ—ef—SE%#}RI—d&ta%te—pfebabﬁﬁJ;Hs

kepteonstantfor151-minute-time-steps-of CMIdata—classification to a 1-minute resolution in the CML processing described

3.1.2 Combinations of rain event detection methods

r- The main goal of this study is to improve rain
event detection compared to already available methods by combining TSB and ADB methods. Using TSB methods, detecting
light rain events is more difficult than detecting strong rain events because it is harder to differentiate smaller attenuation
from fluctuations induced by other factors than rain. ADB methods do not use TL for rain event detection, overcoming this
issue, but in the case of SEVIRI, uncertainties are introduced by the indirect measurement principle and the difficulties of
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separating light rain from no rain. We therefore propose to combine TSB and ADB methods to exploit their advantages. We
use different probability thresholds for CNN and the two SEVIRI products to derive rain event detection variants with either
high confidence in the correct classification of rainy time steps or high confidence regarding dry time steps. The used thresholds
are shown in 2. CNN10 and PCO/ are liberal variants in the end;-a-compromise-is-unavoidable—This-isnotneeessarity-the-ease

omoiato o1 erentmetnoaS—areapp G vige O 1O aava ag o1—a oaS;—a—-combdinatio

than-the-other-one;sense that they classify rainy time steps already for low probabilities, potentially introducing many FPs.
Hence, time steps that are predicted to be dry have a lower chance of being FN. Vice versa, CNN94 and PC30 are considered
conservative variants because they only classify time steps with a very high probability as rainy. This leads to a low number of
EP while introducing more FN.

Our procedure of combining the rain event detection variants consists of five individual steps presented in Fig. 3 and algorithm
1 shown in Fig. Al. We either combined CNN and PC or CNN and PC-Ph. In the following the combination of CNN and PC
is explained. In step 1, we choose a method with an intermediate threshold as a starting point which is either CNN82, PCOI,
or PCI0. Step 2 uses the dry time steps from the liberal variant PC/0 (even if it was used as the starting point) that has a high
confidence for dry time steps to replace rainy time steps from Step 1. Steps 3 and 4 use time steps with high confidence to be
rainy from CNN94 and PC30 to replace time steps classified as dry after Step 2. In step 3, dry time steps from CNN/0 are used
to replace previously rainy time steps. The combination of CNN and PC-Ph is identical using PC-Ph with the same thresholds
instead of PC. The results of six combinations are shown in Fig. 5. We named the combinations based on their initial product
used for Step 1 as the other steps were identical for each combination e.g. PCI0-combined

In total, we will evaluate two TSB methods (RS and CNN, eight ADB methods (derived from the two SEVIRI products PC and
PC-Ph with four thresholds respectively), and six combinations of TSB and ADB methods.

O vatid 5o S

3.2 CML data processin:

Deriving rainfall estimates from CMLs is a delicate matter (Uijlenhoet et al., 2018). Various research groups developed individual
CML processing methods that depend on e.g. the sampling strategy of data. The reasoning-of ourapproach-is-that-dry-time
steps-in-a-very-wet (liberal)-variant-of-a-most important aspects of data processing are briefly outlined hereafter while a more
detailed description of the processing steps can be found in Graf et al. (2020). We removed default values and outliers that were
outside the range [-10,40] dB for TSL and [-99,01 dB for RSL from the analysis. The total path loss along the CML (TL) was
then calculated as TSL minus RSL. We interpolated gaps in TL time series of up to five minutes to obtain a more continuous
data availability.

10
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Figure 2. Example time series of five days showing the probability for rainy time steps from a) CNN, b) PC, and ¢) PC-Ph for the TL time
series in d). The dashed lines ,b

in a) and c) represent the thresholds that separate the probabilities into rainy and dry time steps. Higher

thresholds (CNN94, PC30, PC-Ph30) lead to a conservative rain event detection, classifying only time steps as rainy which have a high

robability of being rainy. Vice versa, low thresholds (CNN10, PC10, PC-PhOl ) lead to a liberal rain event detection, only time steps that

are very likely dry are dry. Additionally, the combination of PC10 with CNN and PC variants as rain event detection methods is shown in d).

11
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Figure 3. Flow chart for building a combination based on TSB and ADB rain event detection methods This step-wise approach starts with
an already well-
we) from a very liberal (or conservative) classification from the two methods used are added to the previous classification. If PCis used as a
starting point, Step 2 and 4 also use PC. The same is true for PC-Ph. For CNN82 as a starting point, we computed one variant with PC and
one with PC-Ph. An algorithmic description of this flow chart can be found in Fig. AL,

erforming classification as a starting point. Then, during each step, time steps that have a high likeliness of being dr
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For the rain event detectiona

teonservative)variant—The-, we used two TSB methods, two ADB methods with four different thresholds as well as six

combinations of TSB and ADB methods. As SEVIRL is only available with a 15-minute resolution, we resampled their
classification to a 1-minute resolution with a forward-fill. We computed the following processing steps for each rain event
detection method on a I-minute basis to derive individual rainfall estimates. The baseline attenuation was dynamically identified
from the preceding dry period of each rain event to derive the rainfall-induced attenuation along the path. The baseline was
determined by the last dry time step of the TRSL time series and was set to be constant during the rain eventdetection-of these

- As Water on the CML antenna covers can lead to additional attenuation, this so-called wet antenna attenuation (WAA) effect

has to be compensated for. We used the WAA correction from Leijnse et al. (2008). In this physical approach, the WAA depends
on antenna cover properties (refractive index and thickness), microwave frequency, and rain intensity. We used the parameters
iven by Leijnse et al. (2008). The rainfall rate was derived from WAA-corrected attenuation using the k-R relationship. The
parameter settings for the k-R relation were taken from ITU recommendations (ITU-R, 2005). From a purely practical point of
view, we only evaluated data from the first of the two available sublinks.
For evaluation with the reference, the binary classifications from the TSB methods and all resulting rain rates were resampled to
a 15-minute resolution. We believe that a resampling to 15 minutes and the fact that RADKLIM-YW is adjusted to rain gauges
suffices to overcome the potential temporal mismatch between radar and ground-based CML observations. The evaluation
with a 15-minute resolution might lead to worse results than one on an hourly basis. But for future applications of SEVIRT
products for CML processing in regions with sparse reference data like Sub-Saharan Africa, this high temporal resolution is of
advantage.

3.3 Statistical measures

The Pearson-—correlationr PCCradar rainfall estimates at a 15-minute resolution serve as the ground truth for the computation of
the scores listed below. For binary classification scores, the ground truth is considered wet if the path-averaged radar rain rate
rref) along the CML path is larger than 0.lmmh~ 1. The Pearson correlation coefficient (PCC) is used to evaluate the shape

uality, in terms of the linear correlation, of different CML rainfall
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estimates (7.,,;) derived by using the proposed methods for rain event detection.

POC = —2Tres ~Trep)(remt —Temi)

6]

where the 7 indicates the mean of a quantity. The relative bias (RB, Eq. 2) is then used to measure an over-, or underestimation
that cannot be derived from the PCC.

RB = Z(Tref _{rcml)
Tref

; 2

Binary classification scores are based on the confusion matrix (see equation-Eq. 3):

(TP FP) _ (WET/wet DRY/wet) 3)
FN TN WET/dry DRY/dry

with uppercase and lowercase denoting observed event-and-predietionevents and predictions, respectively. The number-of
correctly assigned wet time steps are called True Positives (TP) and the correctly assigned dry ones are True Negatives (TN).
False Positives (FP) represent the number of time steps where rain event detections are incorrectly assigned wet time steps and
False Negatives (FN) represent the number of incorrect dry time steps. The confusion matrix fully explains the performance

of a classifier, but since the interpretation of four individual numbers is not straightforward, the computation of additional
scores is necessary. The first simplification is to reduce it to the pair of True Positive Rate (TPR);-the Positive Predietive Value

DPY, La A e JRPERN on aeffeion A nd tha N\ haw Orre on aeffeion \] vare calected o

false alarm rate. We include both scores since the importance of a high TPR or FPR may be weighted differently depending on
the application of the CML rainfall rates.

TP
TPR= (TP+FN) “4)
TP FP
PPVELR = Fp 1 FP) (FP 1 TN) ©)
B (TP+TN)
ACC= (TP+FP+FN+TN)
OO (TP-TN —FP-FN)

V/(TP+FP)(TP+FN)(TN + FP)(TN + FN)
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the overall performance of rain event detection and thus use the Matthews Correlation Coefficient (MCC, Eq.6) which is more

robust to influences of the ana

distribution of wet and dry classes (the ratio is roughly 1:20). The MCC is high #f-only if the detection performance for both
wet and dry classes are-well-represented-

nsskewed

(TP-TN — FP-FN)

MCC =
V/(TP+FP)(TP+FN)(TN + FP)(TN + FN)

(6

The classifier Accuracy (ACC, Eq.7) is used to analyze the performance for diffefeﬂ%ﬂﬁfeﬂﬁﬁes—fetﬁddmeﬂa}ﬂﬂfeﬂﬁ%y

- - “the different rainfall intensity classes and #efal—pfeerpﬁ&&eﬂ—shew—m—?ab%eeeféﬁg}y—me

7oives the percentage of the

time steps in the intensity class that were detected as wet (dry for the dry class).
(TP+TN)

ACC = )

(TP+FP+FN+TN)

4 Resultsand Diseussion

In this section,

we first compare the ADB products derived from Meteosat-SEVIRI with the weather radar reference to assess their suitabilit
as wet-dry indicators within the processing of CML data. %eweﬂ%%eéﬂmﬁeffefmmw&eﬁ%mﬂm&ef%éwh
and-Subsequently,

we analyze the relative performance of ADB
ADB-methods—Finally,-we-investigated-the-and the combination of ADB and TSB methods with respect to the performance
of established TSB methods. Then, we analyze the performance regarding different rain intensity classes and investigate the

15



385

390

395

400

405

410

415

influence of different rain event detection methods on the performance of individual CMLs. All presented rain event detection

methods were used in combination with the CML processing routine described in Sec. 3.2 and the resulting data sets were
compared to the path-averaged weather radar reference on a 15-minute basis. All scores computed for all methods and the full

dataset are additionally shown in (see Tab. B1).

4.1 Performanee Rain event detection performance of raw the PC and PC-Ph SEVIRI productsproduct

To assess the quality of

both-data-—sets-have-been—path-averaged-the SEVIRI products, they can be compared directly to the weather radar reference.

To overcome the issue of their different grid sizes and to asses their quality for using them for CML processing, we compared
SEVIRI and RADKLIM-YW data as path averages along the CML paths.

areund-80-%of-the-wet-To compare the PCC of the different SEVIRI-based products and the applied thresholds, processin
the CML rainfall rates according to Sec. 3.2 was done using the SEVIRI wet-dry indicator.
Fig. 4 compares the performance of the RADKLIM-YWPC i

MIMMMM&%MMM&M
e 204,09 Gring e igh) v achived by o e reshold os PC and PC-P) (POI) However iy comesponds
), which
PC-Ph, only the FPR was significantly increased during the night, except for the P30 version which also showed a higher
predictions. The ratio of TP + I'P and TP  F'IV_describes how many more timesteps a method predicted as wet, compared
to the reference. Accordingly, PCOI showed 195% (151% for PC-Ph0I) more wet time steps than the radar data —and P360PC30
showed the opposite behavior with 36% (52% for PC-Ph30) less wet time steps than the reference (see Tab. B1).

results for PC during day and night. Fhis-was-also-refleeted-in-the performanee-metries ACC-and-MEC-The best performance
basedrm%MGGWﬂs—aelﬂeveeryW w@@w&g P10 as—&eempfemtsebefweeﬂ—eevef&geef—we{—fad-af
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Aeeefdmgf&ﬂieseﬂﬂalyses—threshold during daytime and by the PO/ threshold during nighttime.
7b) shows the accuracy of PO+PC and

the-resulting-data—sets—were-PC-Ph. The accuracy increases with a higher threshold whereas the relative bias shown in Fig.
7d) becomes more negative with higher absolute values suggesting an increasing underestimation compared to the reference

and-radar-data-For-this-purpese;statistical-measures-radar. This is due to an increasing amount of TN and FN predictions.
When computing CML rainfall rates based on the i

highest PCC was achieved using the PO/ threshold with values around 0.72. P10 showed only marginally lower scores. When
higher thresholds were applied, the performance decreased more severely. Overall, PC showed slightly higher scores than
PC-Ph and the performance during daytime was equal to or better than the performance at nighttime.

According to this analysis, PO/ and P10 were the most promising thresholds to apply for SEVIRI-basedADB-data-sets behaved
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Figure 4. TPR, FPR, MCC, and PCC of the PC (blue) and PC-Ph (orange) products when compared to the radar reference. The results of
each score are presented for different thresholds (x-axes) and split into day (light colors) and night (dark colors).

very similarly-to-the-two-TSB-datasets-, pure ADB wet-dry detection. Both, RSPC and €ENN—The-chosen-probability-level-of

RAPKEIM-YWPC-Ph show good classification and regression scores for these thresholds. Because of the bad PCC, P30 is
not suitable as a threshold for a standalone ADB method and we did not analyze its performance any further. However, we did
use it for wet labels with high confidence in the combination algorithm. PE-PHO (right-column-ofplO)-and-especiallyp20

4.2 Comparison of ADB (PC and PC-Ph), TSB, and combined rain event detection methods

Due to the increased number of products that are evaluated in this subsection, we limit the analysis to using only the MCC
as a measure of classification performance since it gives the best summary of the confusion matrix in on scalar value. Fig.5
shows an analysis that was carried out for the FSB-data-setstwo TSB methods RS (grey) and CNN and-for-(green) and for
six ADB methods using the three lowest thresholds ef PEC-and-PE-Ph-(.1, 10 and 20) (Fig-5)—ThelowestMECwas-found-for

N o ac bhelo mmth—(H o-ble hich = a_d1fH a
a S DCITOW—=~ B WO O1TOCKS )W t ates . tHty-—©
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—of PC (blue) and PC-Ph (orange).
The SEVIRI products, PC and PC-Ph, performed similarly well as the CNN and RS methods during daytime with MCC scores
ranging from 0.49 to 0.51. The best performance and-hi es-were-observe i ipttati

petformed-betterfor smaller-probability-thresholds—during daytime was achieved by PC-PhI0 and the worst by PC-Ph20.
During the nighttime, the CNN outperformed the ADB methods, while the standard deviation approach showed a similar

performance to PC and PC-Ph except for the higher P20 threshold which showed the worst performance. Probabilities of 20
% and above (not shown here) usualy-showed even worse resultsthan-RSIn-contrastPOI performed-atleast-as-wel-as-CNA;

At night, the results of RS were worse than during the day. This—was-most-notablefor-smal-ntensities—One reason could
be dew formation on the CML radomes-antenna cover causing an increasing signal attenuation due-to-inereasing-number

and-size-of droplets-on-theradomes—The RS
and-preeipitation—resulting in increased standard deviation which leads to false classification as wet. The CNN did not show
differences between day and night beeause-suggesting that it coped better with this issue. The SEVIRI-based-SEVIRI-based

products also showed slightly worse results for-during nighttime, but this was prebably-mere-likely due to the lack of three
SEVARESEVIRI channels in the VIS and NIR at mght ?he%a%eul&&e&eﬁmemphyﬁe&kvaﬁableﬁ%maﬂﬂybasedﬂﬂ%hese

SEVIRI-based rain event detection with probabilities up to 10 % provided a atteast-similar performance as the-EAN method
and-showed-significantimprovements-compared-to-the-RS method-PC10 (marked-in-brown)-showed-the-best performanee-when
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4.3 Combinations

Fhe-main-goal-of thisstudy-isto-improve-the-and as CNN during the daytime, but performed worse than CNN during the night.
Fig. 6 shows an example time series of TL, TP, FP, and FN classifications, and rainfall rate of the PC/0 and CNN methods as
well as the combined method PCI0-combined. It can be seen that the choice of rain event detection method has an impact on

the resulting rainfall rate. The combined method improves the classification performance and correlation of rainfall rates com-

pared to the eonventional-methodsTh an—be-achieved-by-combininethe-advantages—of-different-methods—and-overcomine

and TSB methods.

+-Either-CAMn addition to the individual TSB and ADB methods, Fig. 5 shows six different combined methods (purple and
red colors) that are composed of either cnn, PCOI5-, or PC10 +-PE-PhOL as a starting point, and done for either PC or PE-Ph1O

—Additi i tantof PC-Ph. As before PC is shown on the left and PC-Ph on
the right.

The main difference among the combinations is that PC data performed better than PC-Ph at daytime and similar at nighttime.
CNN and PC(-Ph)10 were the best performing TSB and ADB methods and were, therefore, compared to the combined
products. PCI0-combined showed the largest overall improvements with an MCC of 0.59 compared to 0.52 (CNN) and 0.52

PC-Phl0) at daytime and 0.55 compared to 0.50 (CNN) and 0.41 (PC10) at nighttime. PC10-combined also showed the lowest
relative bias of -2.1% compared to CNN combined with a-threshetd-of-6:94-—

4 F har e Mo ctancweare-dertved—from-SEVIR Lwith-a-nrecin oOn

chosenas-the-firstestimate;Step2-hasno-effeeton2.6% and PCOI combined with -10.8% (see Fig. 4 d). The rel. bias was also
lower than that of pure TSB or ADB methods. In the following, we concentrate on PC/0-combined to evaluate the performance

ain using a combination of ADB and TSB methods in more depth, for different intensity classes and individual CMLs.
PC10 showed the best performance when combined with the seleetion-of-wet-and-dry-time-steps—CNN method (described and

shown in the next section) and is thus used as a new ADB method for all final results in the following sections.
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Figure 5. Matthews correlation coefficient (MCC) of pure TSB, ADB, and combined methods. P01, P10, and P20 refer to the respective PC

and PC-Ph thresholds. The results are split into day- (light colors) and night-time (dark colors). The best performing day and night products

of each group are marked with a triangle.

540

4.3 Performance of rain event detection methods for different rain intensity classes

545 Fig. 7 shows the accuracy and relative bias for the TSB, ADB, and combined methods. The relative bias is, for all individual
intensity classes, a percentage of the average reference rainfall rate (mean over all classes) such that Fig. 7 b) is the sum of the

550 4.3.1 MCECC-ofcombinations

It can be observed that for all methods the accuracy increased with increasing intensity and that the CNN in-the-first-step-of

555 building-a-combination-and-performed better than RS for all intensities which confirms the results of Polz et al. (2020) for the

same CML network, but a different period. Therefore, we omit RS and-pt0att the-SEVIRI-data-with-probabilities-of-0-1
Yo-and-of +0-%-respectively—
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Figure 6. Example time series of total loss (TL) (a), classifications compared to the reference (b), and rainfall rates (c). The scores provided

in the bottom legend are computed for data from the CML and period shown in this figure.
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560 The-improvements-by-combining-in the remaining results section. Overall, all rain event detection methods beeame-obvious

time steps there, also-for the total-elass-lead to an underestimation of light to heavy rainfall which was only partly compensated

565 by an overestimation from false positives (dry class).
PC performed better than PC-Ph for light to moderate intensity and similar for heavy intensity, but had a lower accuracy for
the dry class suggesting more false positives for PC when the same threshold was chosen.
Although more methods are shown, we will focus on the best TSB (CNN). ADB (PCI10), and combined (PCI0-combined)
methods from here on to sharpen the analysis.

570  For the lowest class light] we observed large differences in accuracy with 60.1% (CNN), 73.2% (PC10), and 77.8% (PC10-combined),
WWMWMM&@(%WWWM

(CNN yand-0: 91.0% (PCI0), and 94.3% (RSPCIO-combined)at-daytimeand-0-6-eompared—to-0-55-(. The TSB and
575 combined methods showed a similar dry accuracy which was higher than for the ADB methods.
The positive relative bias due to FPs (Fig. 7c) dry class) is similar for CNN }ﬁﬁé&%&%ﬁgﬁtﬂfﬁe—@embm&&eﬂs—aﬁ

580

depth—(11.3%), PC10 (8.9%), and PCI10-combined (12.7%). The relative bias for the light, moderate, and heavy classes is

negative (underestimation) for all methods but has a smaller absolute value for PC10-combined. For example, the bias for the
light2 class is -7.1% (CNN), -8.4% (PC10), and -4.4% (PCI0-combined). Overall, PCI10-combined (-2.1%) shows a much

lower bias than the TSB and ADB methods CNN (-11.5%) and PC10 (-20.8%).

585 4.3.1 Performanee-of-econfusion-matrix-values-vs—intensity

In-erderto-Fig. 8 shows histograms of the occurrence and accumulated rainfall amount of CNN, PC10, and PCI10-combined

using logarithmic bin widths to be able to unde

F methodvisualize differences for all intensity classes.

590 PCI0-combined showed the highest count of TPs and the lowest count of FNs. Despite this, the number of FPs was lower
than for PC10. PCI0 showed a similar TP count as CNN, but also has the highest amount of FPs. The other-columnsreveat
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the-eorresponding differences between-PE/0 and-CNN was the most conservative method with the lowest amount of FPs. The
average rainfall amount per count per CML was different for TPs and FPs. TPs occurred for higher rainfall rates and, therefore
this average was 0.43 mm (CNN), 0.39 mm (PC10), and 0.40 mm (PCI10-combined). FPs occurred for lower rainfall rates
and, therefore the average was 0.09 mm (middie)and-between-the-combinationPE10alt and-CNN (right)fer-day-andnight—In
summary;-a-typical- TSB-method(CNN );-a-new-ADB-method-(PC10)-and a-combination-thereef(PCJ0 combined) and 0.07
mm (PEFOattPCI0)were-compared:

Aeeording-to-Fig-2?a(middle);~. The average missed rainfall per FN, as measured by the radar reference, was 0.16 mm
CNN), 0.21 mm (PCI0is-drier-than-), and 0.15 mm (ENNPCI0-combinedwith-less—FPImprovements—were-achieved-by-a

Atnight).
To analyze the confidence of individual methods for light, moderate, and heavy rainfall predictions, we computed the probabilit
of a positive prediction to coincide with the reference (i.e. the ratio ~--—). For the lightl class, PELOPCI0-combined is

with 0.56 compared to 0.55 and 0.53 (CNN -
cor_hicher i ies_ T} bination PCLOal al l his SEVIRA | ’ s e ]
improvementsfor-all-intensities;-exceptfor-intensities-below-0-5-mm/h-where FP-was-also-increased-compared-to-and PC10).

For the light2 and moderate classes, PCI0 was the most, and CNN —Sinee-nights-were-usually-wetterbased-on-SEVIR-data;

tested-in-this-investigationwas _the least confident method. For the heavy class, CNN was the most, and PC10-combined was
the least confident method.

4.4 Influence of chosen rain event detection method on individual CMLs

The results so far were based on averaged-metries-over-all-CMsmetrics that we computed using all CML data. The perfor-
mance of individual CMLs might, however, differ from this mean behaviour-behavior, and systematic differences between welt

sCMLs that compare well or badly with

the reference are possible. Therefore, scatterplots of i

method-for ACC;-the MCC and PCC show-the-change-of-performanee-of-each-CMI-calculated for each CML individually are
shown to compare CNN and PCI0 to PCI0-combined in Fig. 2?-P€10 and-9. For the majority of CMLs, the MCC and PCC

could be improved by using PE+0attPC10-combined are-compared-with-instead of the best TSB (CNNfor-day-and-night—
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Figure 7. Accuracy (top) and relative bias (bottom) of selected TSB. ADB, and combined methods (see legend). Both scores are shown for
different intensity classes (x-axis) as defined by the radar reference. The accuracy is the percentage of correctly detected rain events in this
intensity class. The relative bias is computed as a percentage deviation of the mean of the full reference data such that the five leftmost classes
add up to the "all’ class on the right.

The-differences-between-) and ADB (PCI0and-CNN were-smal—No-systematie-differences-were-found-using PCC-Based
M%WMWW@M&PCI 0 including-the-weorst
(resp. CNNand-) was increased from 0.44 (0.51) t0 0.56.
The CMLs with the worst MCC from CNN were improved most when using the combination. For PCC the improvement was
with the worst PCC could not be improved by using PC10-combined._

Compared to the overall PCCs of PCI0, i

=~

of all CML’s PCCs is slightly higher for all three products. This means that individual CMLs have a higher linear correlation
with the reference than the full dataset. Therefore, one can assume that individual CMLs show different biases that could not
be compensated by any of the methods.
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Figure 8. In the top panels, the number of FP, TP, and FN time steps with a specific reference rain rate are compared for CNN (left), PC10

middle), and PC10-combined (right). The respective amount of rainfall is shown in the bottom row. All quantities are an average per CML.

The rain intensities for FP and TP are estimated by the CML, while the rain intensities for FN, where the CML rainfall rate is zero, are taken

from the reference. The numbers in each panel are color-coded according to TP, FP, and FN and show the integrated amount for each curve.

5 Discussion

5.1 Suitability of PC and PC-Ph products as wet-dry indicators for CML data

The performance of PC and PC-Ph as wet-dry indicators for CML data was analyzed in Sect. 4.1 and compared to TSB.
methods in Sect. 4.2. The results showed that the classification scores were only slightly lower than for the TSB methods.
In general, the probability threshold had a larger influence on the rain event detection than the differences between PC and
LC-Ph. Both products showed better performance for smaller probability thresholds. The linear correlation (PCC) of derived
CML rainfall rates with the reference was highest, when the threshold was lowest, which is due to the lower impact of FPs
on PCC compared to FNs. This is surprising because a more liberal classification than using PCOL was not possible. Usually,
extremely liberal or conservative methods are assumed to perform badly, which was the case for conservative thresholds P20
and higher.

In summary, PC and PC-Ph products perform surprisingly well as wet-dry indicators for CML data, Since these ADB methods
are independent from-the-CMI-timeseries-is-responsible-for-thisimprovement-of the CML data, they can significantly improve
the rain event detection step for noisy CMLs where erratic fluctuations hamper TSB methods. One limitation of the approach
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Figure 9. Scatter density comparison of the combination of ADB and TSB methods (PC10-combined) with pure ADB (PC/0, top row) and
TSB (CNN, bottom row) methods using the Matthews correlation coefficient (MCC, left column) and the Pearson correlation coefficient
(PCC, right column). Each score is computed individually for each CML. The red point is the mean of the respective metrics of all CMLs
per product.

based on SEVIRI data is that the temporal resolution can be more than one magnitude lower than the resolution of the CML
data (e. . However, the recently launched Meteosat Third Generation (MTG) satellites with the Flexible

Combined Imager (FCI) will improve the temporal resolution from 15 minutes of MSG SEVIRI to 10 minutes.

5.2

. 15 min. vs. 1 min.

Performance of a combination of TSB and ADB rain event detection methods compared to TSB-only and
ADB-only methods

The combined method was able to outperform both, pure ADB, and TSB methods in detecting rain events. It was able to make
a good trade-off between conservative and liberal methods used in the combination, which was shown by the superior MCC
scores,. Fig. 6 illustrated how such an improvement can be achieved, for example by reducing FNs that lead to a reset of the
baseline at a higher level that ultimately leads to too small rainfall rates for PC/0.
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The choice of a starting method for the combination only had a small impact on the results, because most, but not all, initial
predictions are overwritten in the combination process. The best MCC and lowest bias were achieved by PCI0-combined
which is why it was chosen for a more detailed comparison of scores for individual CMLs.

LCI10-combined improved the MCC and PCC scores for the vast majority of all CMLs and only single outliers achieved
better scores using the pure ADB or TSB method. Thus, we conclude that the combination algorithm is robust against varying.
CML behavior. A limitation of the proposed combination is that CNN relies on one-minute instantaneously sampled CML
data. However, a similar combination of ADB with other TSB methods that can handle for example the common 15-minute
"min-max" sampling should be easily applicable following the logic presented in 3.

5.3 Performance differences between day and night

We observed a notable classification performance drop during nighttime for PC and PC-Ph, but also for RS. For PC and PC-Ph
this day and night difference is very likely due to the missing SEVIRI channels in the VIS range at night. The calculation
of microphysical variables is mainly based on these channels. Their absence consequently limits the reliability of all derived

recipitation products. According to Fig. 4), this effect significantly increases the rate of positive predictions.

was able to perform equally well during nighttime, which leads to the assumption that signal fluctuations, caused for example
by dew on the antenna, that disturb RS can be distinguished by a more sophisticated pattern recognition algorithm like CNN.
The combined methods utilized the high confidence of the CNN and reduced the day and night difference.

However, the PCC results for PC and PC-Ph showed that a decrease in MCC during the night did not lead to a worse correlation
of derived rainfall rates.

5.4 Performance for different rainfall intensity classes

Our results confirmed that the detection performance is much higher for moderate and heavy compared to light rainfall. This
was already shown for TSB methods by Polz et al. (2020) and is now also confirmed for the ADB methods based on PC and
PC-Ph. The TSB methods have to distinguish between rainfall signal and noise which can become similar for low rainfall
intensities. The ADB method using SEVIRI data suffers from its indirect measurement principle and may have difficulties in
distinguishing between precipitation and non-precipitating clouds, particularly for light rain Admest at-EMbs-were improved

Although PCT0 was more liberal, i.¢. generally favoring positive predictions, the CNN was more confident in the prediction of
heayy rainfall. The combined method increased the performance on low rain rate TPs compared to the TSB method, because of
the higher confidence of the ADB method with only a small increase in the count and rainfall amount through FPs. Therefore,
we confidently claim that PC10-combined was able to improve the detection performance for the dry and all positive intensity
classes.
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6 Conclusions

In this study, we aimed to address the questions of whether satellite-derived precipitation products are suitable indicators for
the-rain event detection in CML data with respect to day/night differencesand-rain-intensities, different rain intensities, and
whether combinations of TSB and ADB methods show an additional added value. We achieved this by using PC-and-PC-Ph
PC and PC-Ph from MSG SEVIRI in an ADB rain event detection and compared the results to two TSB rain event detection
methods. Then, we combined the most promising variants in such a way that the most confident detection method was used for
any given time step.

The results clearly show that PC-and-PC-Ph-PC and PC-Ph products from MSG SEVIRI can be used for the detection of
rain events in CML attenuation time series. They performed even-better-thanRS;-one-of-the-most-commonly-used-rain-event

methodalmost as well as the TSB methods during daytime and worse
than CNN during nighttime. Minor differences between the SEVIRI products PE-and-PC-Ph-PC and PC-Ph exist, but the

apphied-chosen threshold of precipitation probability dominated the overall behavieurbehavior. An improved PE-Ph-product

has-been-PC-Ph product is available since April 2022 potentially making its application in rain event detection even more
attractive (personal communication with NWC SAF).

However, the performance of ADB methods based on SEVIRI were-worse-was lower at night than during the day due to
the lack of the three SEVIRI channels (VIS and NIR). Since ENN-CNN did not show a decrease ef-in_quality at night, it
would be logical to vary the rain event detection for day and night time. We did not aim for such a temporal variation beeause

to avoid

CNN, the RS method does not show particular advantages, except for the easy application.
The quality of the rain event detection methods clearly depended on the rain intensity, with a better performance for moderate

and heavy rain than for light rain. For flood forecasting light rain is often negligible but this is not the case for water balance
analyses. Additionally, the increasing threat of droughts in eentext-to-the context of climate change also requires a high-
quality representation of light rain. Low preeipitation-intensitiesshow-the-largestrainfall intensities show a large potential for
improvement and the-main-major differences in this study were also obtained there.

The effort to use ADB is larger than for TSB methods because the processing of additiorat-additionally needed satellite data

sets-can-be-time-consuming—With-stepwise-combinations—can be time-consuming. However, the global availability of the data
allows for the unified processing of CML datasets from different countries and we assume that extensive re-calibration is not

needed. Stepwise combinations with TSB methods that need to be adjusted to the characteristics of the CML data, as presented
here, the-effort-inereases—aceordingtydo need re-calibration and increase the effort. The shown additional improvements by

combinations are promising and justify the effort.

e-There is a multitude
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of possibilities when combining different rain event detection methodsis-partieularly-interesting—Varying-metheds-or-, Using
730 methods like the nearby link approach or using different thresholds depending on data quality or rainfall intensity is also
possible —
In principle, combinations frem—two-of multiple TSB methods are possible and may lead to improvements. However, we
recommend applying a combination of TSB and ADB methods to exploit the advantages of both approaches: TSB methods are
735 easy to apply and provide precise results where the separation of noise and preeipitation—rainfall signals is obvious. Whereas,
ADB methods show a better performance for noisy or unstable CML time series due to their independence from the actual
CML signal. Burkina Faso for example has only a few rainfall stations, but several hundred CMLs. Most CMLs outside the
capital Ouagadougou are long (>20km) and use frequencies around 7 GHz. Their time series are quite noisy and show large
fluctuations from other sources than rain. With abundant information from geostationary satellites and the methods presented
740 in this work, we expect to extract useful ground-based rainfall information from such CMLs in this region with scarce rainfall

data.

Data availability. CML data were provided by Ericsson Germany and are not publicly available. RADKLIM-YW was provided by the Ger-
man Weather Service (DWD) and are publicly available.: https://opendata.dwd.de/climate_environment/CDC/grids_germany/5_minutes/radolan
(last access: 28 July 2023; DWD CDC, 2023)

745 The PC and PC-Ph products were provided by Lloreng Lliso and José Alberto Lahuerta who are affiliated with NWC
SAF. Recent data is shown at https://www.nwcsaf.org/web/guest/nwc/geo- geostationary-near-real-time-v2021 (last access: 20

December 2023) and long-term records must be requested individually from NWC SAF.
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Algorithm 1
Combination of TSB and ADB methods. Example of CNN-PC-combined.

1: t +— [CNN&2

2. if @0 is dry then

3: t « dry > high confidence in dry predictions
4. if CNN94 is wet then

5: t < wet > high confidence in wet predictions
6: if PC30 is wet then

T t < wet > high confidence in wet predictions
s: if GNNIDI is dry then

9: t < dry > high confidence in dry predictions

Figure A1. Algorithm describing the combination CNN-PC-combined of PC and CNN starting with CNNS82. A given time-step of CML data

that needs to be processed is denoted by ¢. The different wet-dry methods give a wet or dry prediction for this time-step as described in Sect.
3.1.1.
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Table B1. Confusion matrix values TP, FP, TN, and FN as well as classification scores ACC and MCC and regression scores PCC and RB

for all considered methods.

Group_ Method TP FP N EN.  ACC MCC PCC  RB
CNN. 2511242 3125653 36575186 1062389 0903 051 0742 0.l
PCOIL 3103560 7412469 32288370 470071 0818 0438 073 -007
PC10. 2809793 5525566 34175273 763838 0855 0452 0707 0208
PC-Ph30 893173 815028 38883811 2680458 0919 0324 058 0711
PCI0-combined 3010509 3762008 35938831 563122 0.9 0566 0743 0021
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