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

and devices by merging their individual advantages. Path-averaged rain rate can be derived from Commercial Microwave

Links (CML), where attenuation of the emitted radiation is strongly related with 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 of ground-based measurement in data scarce regions. Deriving rainfall estimates from CML data requires5

extensive data processing, though. The separation of the attenuation time series in rainy and dry periods (rain event detection)

is the most important step in this processing and largely determines the quality of 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. The investigation uses data from 3901 CMLs in Germany for four months10

in summer 2021 and is carried out for the two SEVIRI-derived products PC and PC-Ph. We analyse all rain event detection

methods for different precipitation intensity, 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 used for validation. The results show that

both SEVIRI products are promising candidates for ADB rainfall detection methods and led to at least equivalent results as the

TSB methods. The main uncertainty of all methods was found for light rain. Slightly better results were obtained during the day15

than at night, which is caused by dew formation on CML antennas and the reduced availability of SEVIRI channels at night. In

general, the ADB methods lead 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 the Matthews Correlation Coefficient of the rain

event detection from 0.53 (0.57 resp.) to 0.62 during the day and from 0.47 (0.55 resp.) to 0.6 during the night. Our results20

show that utilising 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.

1

https://doi.org/10.5194/amt-2023-175
Preprint. Discussion started: 4 October 2023
c© Author(s) 2023. CC BY 4.0 License.



1 Introduction

Precipitation is the most important variable for hydrology and water management. It is characterized by a high variability in

space and time, especially in the case of convective rain events. The quality of hydrological modeling results depends heavily25

on high-resolution and reliable areal precipitation (Fu et al., 2011; Bruni et al., 2015; Rafieeinasab et al., 2015; Cristiano et al.,

2017). There are a variety of rainfall measurement methods which serve as a basis for the derivation of rainfall fields, each

with specific advantages but also drawbacks. Tipping buckets for instance usually provide the best point measurements of

precipitation, but they are prone to errors due to wind and evaporation (Sevruk, 2006) and primarily lack spatial representa-

tiveness (Pollock et al., 2018). Satellite data provide areal precipitation patterns almost worldwide with a spatial resolution in30

the order of several kilometers. But they either suffer from poor temporal resolution (the GPM core satellite has a revisit time

of approximately 1 day in the tropics) or from heterogeneous data quality and delayed availability (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 patterns 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 from radar35

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 underestimate particularly heavy rainfall. Nevertheless, gauge-adjusted radar data is considered to be the

best possible data basis (Bartels et al., 2004; Winterrath et al., 2012). It is precisely the combination of different measurements

that makes it possible to leverage the advantages and neglect disadvantages of individual systems.40

The opportunistic sensing of precipitation is becoming available on country-wide scales (Overeem et al., 2016; Graf et al.,

2021). One example is the use of attenuation data from Commercial Microwave Links (CML) measurements to determine

precipitation. It was first initiated in Israel (Messer et al., 2006) and the Netherlands (Leijnse et al., 2007). Attenuation of CML

data is a disturbing effect for the operating telecommunication providers but can be used to calculate precipitation intensity.

The relationship between attenuation and precipitation is significantly more linear for signals between 10 and 40 GHz than45

between radar reflectivity and precipitation (Atlas and Ulbrich, 1977). Correspondingly, the line integrals of precipitation

can complement conventional measurement methods (Liberman 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 a random forest algorithm trained with CML

rainfall estimates. However, a number of publications confirm that CML data is also applicable as the only source for areal

precipitation (Overeem et al., 2013; Rios Gaona et al., 2015; Overeem et al., 2016; D’Amico et al., 2016; Graf et al., 2020;50

Roversi et al., 2020; van de Beek et al., 2020). In large areas of Africa, for instance, radar data and even station data is missing

or only sparsely available, so a mobile phone network might be the only addition to satellite data. The importance of CML can

therefore be rated much higher there. Chwala and Kunstmann (2019) and Uijlenhoet et al. (2018) give an overview of challenges

and background information on the usage of CML data as a source of precipitation measurements. CML data is affected by

reflection of the beam, dew formation on the antenna or fog which can be wrongly interpreted as precipitation echoes. Changes55

in propagation characteristics due to the influence of water vapour or temperature and drifts in signal characteristics due to
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strong solar radiation or air temperature cause further non-precipitation variations of the signals (Chwala and Kunstmann,

2019). Therefore, the rain event detection is a major step in estimating rainfall rates from CML signals. The different available

approaches are "individual methods" for rain event detection, since they are based only on one method or data set. They can

roughly be divided into time series-based (TSB) methods and methods based on auxiliary data of precipitation patterns (ADB).60

The TSB methods include the simple threshold models (Leijnse et al., 2008), the rolling standard approach (RS) (Schleiss

and Berne, 2010) and more complex ones such as Markov switching models (Wang et al., 2012) and 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.,65

2016) is usually not viewed as a TSB, but nevertheless uses CML attenuation time series by comparing neighboring CMLs

regarding attenuation effects within a radius of 15 km.

Regarding ADB approaches, best results are usually achieved with radar data (Overeem et al., 2011), but satellite data is also

used (van het Schip et al., 2017; Kumah et al., 2021). Geostationary satellites such as MSG SEVIRI offer a temporal resolution

of 15 minutes at 4x6 km spatial resolution in mid-latitudes. This data is also used as areal precipitation (Roebeling et al.,70

2008; Roebeling and Holleman, 2009), although the derivation of precipitation from VIS and IR channels is often uncertain.

According to NWC SAF (Lahuerta García, 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. However, such

a product can be very useful as an indicator whether it is raining or not. van het Schip et al. (2017) has carried out analyzes

applying post-processed SEVIRI products as a wet-dry indicator in the Netherlands. A short period of 12 days is analyzed75

with focus only on rainfall maps not allowing any conclusion on individual CMLs and their specific rain event detection

performance. Their satellite approach performs better than doing the CML processing without a rain event detection, but

worse than the radar-based rain event detection approach. So, it is not straightforward to evaluate the quality of their approach

compared to standard rain event detection approaches. In addition, there is no differentiation according to precipitation intensity

or between day and night, although there are no visual channels at night and the satellite product methodologically varies80

greatly. 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.

In this study, two precipitation products (PC and PC-Ph) from NWCSAF derived from the SEVIRI radiometer on-board the

geostationary satellite METEOSAT are applied for rain event detection. In addition to comparing ADB (based on the PC and85

PC-Ph products) 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 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 2021 in Germany and a high-resolution gauge-adjusted radar product is used as reference.
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Figure 1. Histogram revealing the distribution of length of the 3901 CMLs in Germany.

The research questions of this investigation are: (1) are PC and PC-Ph products suitable as a wet-dry indicator for CML data?90

(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

The evaluations in this study are based on CML data, radar data and SEVIRI data in Germany for a period of 19 weeks between

31st of May 2021 and 10th of October 2021.95

2.1 CML data

3901 CMLs in Germany are used, which are operated by Ericsson. This is only a subset of all CMLs operated in Germany. The

path lengths of the CMLs vary between 0.2 km and about 30 km (see Fig. 1). 72 % are shorter than 10 km and over 99 % are

shorter than 20 km. The frequencies typically range between 10 and 40 GHz with shorter CMLs using higher frequencies. The

transmitted signal level (TSL) with a power resolution of 1 dB and the received signal level (RSL) with a power resolution of100

0.3 dB are saved every minute using a custom real-time CML data acquisition system (Chwala et al., 2016). The processing of

the data is described in more detail in chapter 3.1.

2.2 Radar data

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

and it is used to validate SEVIRI and CML data. An adjustment to hourly data from precipitation stations similar to that of105
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the more well-known RADOLAN-RW product is used (Bartels et al., 2004; Winterrath et al., 2012), but the RADKLIM-YW

data is available every 5 minutes. In addition, climatologically-based corrections of spokes and range-dependencies are carried

out (Winterrath et al., 2018). According to Kreklow et al. (2020), the range-dependent effects, which are particularly strong in

winter, are reduced. This improves precipitation patterns and better represents orography compared to RADOLAN-RW. At the

same time, however, a slight underestimation of the total precipitation was determined.110

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 (VIS), one high resolution channel (HRVIS) and nine Infrared (IR) channels including also one

Near Infrared channel (NIR). The channels range from 0.5 to 14.4 micrometres 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 image of the full earth disc (lon: -79°-115

79°, lat: -81° - 81°) is available including calibration (Schmid, 2000). No specific device for precipitation measurement is

on-board, such as for GPM (Hou et al., 2014). The derivation of precipitation products is based on two approaches: either by

regression of different channels and adjustment to precipitation measurements or, more sophisticated, through the derivation

of 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 mandatory (Roebeling et al., 2008). The first product PC-Ph is120

derived from the microphysical parameters Effective Radius (Reff) and Cloud Optical Thickness (COT) at daytime. At night,

when visible channels are missing, it is calculated by a regression of IR and Water Vapour channels (WV). The second product

PC relies on different regression functions of available SEVIRI channels, also including VIS, IR and WV channels at daytime

and only IR and WV channels at night. Both products provide the probability of precipitation in percent: PC in increments of

10 and PC-Ph in increments of 1. A detailed description of the respective products and their validation can be found at Thoss125

(2014); Hernanz et al. (2019); Lahuerta García (2019)

3 Methods

3.1 CML data processing

The processing of CML data must be handled with care. Various groups developed CML processing methods that depend

on e.g. the sampling strategy. In Germany, TSL and RSL of about 4000 CMLs are sampled instantaneously with a temporal130

resolution of 1 minute. Missing or corrupted data reduces the amount to 3901 CMLs used in this evaluation. Each CML has

two sublinks which each have one TSL and RSL time series. From a purely practical point of view, we only processed data

from the first sublink. A more detailed description of the processing of the data can be found in Graf et al. (2020). The most

important aspects of data processing are briefly outlined in the following.
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The high temporal resolution of the raw data is preserved for the processing of the data. Gaps of up to 5 minutes due to135

missing time steps or measurements are interpolated to obtain continuous time series. The total path loss along the CML

(TRSL) is then calculated as TSL minus RSL.

As a next step, wet and dry time steps have to be detected (rain event detection). This might be difficult, if attenuation signals

from noise and precipitation are very similar. High similarities occur for very low rain intensities or noisy CML data. Overes-

timation of total precipitation and of the number of wet time steps result if noise is classified as precipitation. Underestimation140

occurs if time steps with precipitation are missed. Consequently, the reliable separation of precipitation-induced attenuation

and noise from fluctuations in TRSL largely determines the quality of CML data. Being the central element of this manuscript,

it will be discussed individually in Chapter 3.2.

Then, the baseline attenuation is dynamically identified for the preceding dry period of each rain event in order to derive

the rainfall induced attenuation along the path. This baseline is the last dry time-step of the TRSL time-series and is set to be145

constant during the rain event.

The resulting attenuation may be overestimated due to wetting effects on the radome. To overcome this problem, a correction

of this wet antenna attenuation (WAA) according to Leijnse et al. (2008) is used. In this physical approach, the dependence

of WAA on antenna cover properties (refractive index and thickness), microwave frequency and rain intensity is defined. The

original parameters from Leijnse et al. (2008) are adopted.150

The corrected attenuation from CML was used to derive the precipitation rate using a k-R relationship in the form of a power-

law fit to drop-size-distribution simulations. The parameter settings were based on ITU recommendations (ITU-R, 2005) with

a close-to-linear relationship between attenuation and rain rate. According to Chwala and Kunstmann (2019); Graf et al. (2020)

they show good agreements for Germany.

3.2 Rain event detection155

3.2.1 Individual methods for rain event detection

Two time series based (TSB) methods for rain event detection are applied for comparison. The first one is the Rolling Standard

Deviation method (RS) according to Schleiss and Berne (2010), modified by Graf et al. (2020). Based on this approach, the

threshold is determined based on the 80th percentile of a 60 min rolling standard deviation multiplied by a scaling factor.

The constant scaling factor of 1.12 is adopted from Graf et al. (2020) and was also used by Polz et al. (2020). The second160

one is a machine learning approach based on Convolutional Neural Networks from Polz et al. (2020) which is called CNN in

the following. The classification threshold of 0.82 was adopted. Both approaches were compared in Polz et al. (2020) with

significantly better performance of CNN compared to RS.

The use of SEVIRI data as a wet/dry indicator can be applied based on different precipitation probabilities. We use the

thresholds 40 %, 30 %, 20 %, 10 % and 0.1 %. The last threshold represents probabilities greater than 0 %. The abbreviations165

for the thresholds are e.g., P40 or P01 and the abbreviations for the specific data sets of PC and PC-Ph are e.g., PC10 or

PC-Ph20. Before SEVIRI data can be used as a wet/dry indicator, the SEVIRI pixels must be remapped to the CML paths.
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This is done by a weighted-averaging, where the weights are determined from the proportion of the CML length covered by

the respective SEVIRI pixels. If several pixels are involved, the probability of precipitation often deviates from the original

binning into 1 % and 10 % steps. Because of the 15-minute resolution of SEVIRI data, the probability is kept constant for 15170

1-minute time steps of CML data.

3.2.2 Combinations of rain event detection methods

According to Polz et al. (2020) it is hardly possible to detect light rain events and accurately define dry periods in CML

data at the same time. All existing rain event detection methods use a threshold that allows to choose between a more liberal

detection (with better detection of small events but at the expense of more false positives) or a more conservative one (with175

better detection of dry periods, but at the expense of more false negatives). In the end, a compromise is unavoidable. This is

not necessarily the case when combinations of different methods are applied. In order to exploit the advantages of different

methods, a combination seems to be particularly promising if auxiliary-data-based (ADB) methods are used in addition to TSB

methods. For the implementation, those time steps which can be classified dry or wet with a high degree of reliability have to

be identified in both approaches. The challenge is defining the specific threshold and deciding when and where one method is180

more reliable than the other one.

In this study we apply a combination of different rain event detection variants, using different thresholds, for the TSB method

CNN and the ADB method based on PC-Ph SEVIRI data. Each rain event detection variant is first calculated independently on

raw CML data. The reasoning of our approach is that dry time steps in a very wet (liberal) variant of a rain event detection are

most likely also dry in reality, and vice versa for wet predicted time steps in a very dry (conservative) variant. The rain event185

detection of these highly reliable time steps is adopted and used to overrule the classification as wet or dry generated from a

previously calculated default rain event detection, which has only a lower confidence.

Our procedure of combining the rain event detection variants consists of 5 individual steps shown in Fig. 2. In step 1, we

choose a method (either CML-TSB or SEVIRI-ADB) that shows a good average performance as a first guess. Step 2 and 5

use wet variants of both data sets and provide additional high-confidence dry time steps. Step 3 and 4 derive additional high-190

confidence wet time steps from dry variants of both data sets. Since later steps can modify earlier classifications of wet and dry

time steps, the priority of the individual steps increases. The order of steps 2-5 might be changed but it is recommended that

two conservative and two liberal variants are applied. The chosen individual combinations are mentioned in Chapter 4.3.

3.3 Statistical measures

The Pearson correlation PCC is used to evaluate the shape and temporal agreement of different precipitation time series.195

Focusing only on whether wet and dry time steps match between different data sets leads to categorical scores based on a

confusion matrix (see equation 1):
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Figure 2. Flow chart for building a combination based on two different rain event detection methods. In this step-wise approach, which starts

from a mean variant, only reliable wet (resp. dry) time steps derived from both methods are used to modify the mean variant based on a dry

(resp. wet) variant.


TP FP

FN TN


 =


WET/wet DRY/wet

WET/dry DRY/dry


 (1)

with uppercase and lowercase denoting observed event and prediction, respectively. The number of correctly assigned wet

time steps are called True Positives (TP) and the correctly assigned dry ones True Negatives (TN). False Positives (FP) represent200

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 True Positive Rate (TPR), the Positive Predictive Value (PPV), the Accuracy

Correlation Coefficient (ACC) and the Matthews Correlation Coefficient (MCC) were selected from a large number of possible

categorical statistical measures.

TPR =
TP

(TP + FN)
(2)205
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PPV =
TP

(TP + FP )
(3)

ACC =
(TP + TN)

(TP + FP + FN + TN)
(4)

MCC =
(TP ·TN −FP ·FN)√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(5)

The TPR is the probability that an actual positive (wet time step) will also test positive. For the PPV only the positive values

(TP and FP) are used. It is applied to show how “wet” a certain data set is. ACC compares the true values to the total population.210

According to Polz et al. (2020) it depends on the class balance. With a precipitation probability of 5-10 % in Germany, the

majority of time steps are dry. Due to this skewed distribution the main focus of the analysis is based on the MCC which is

affected much less by unbalanced distributions. The MCC is high, if both wet and dry classes are well represented.

3.4 Intensity classes

Despite the methodologically different rain event detections, the separation of dry and wet time steps is usually easier in the215

case of heavy precipitation since either the precipitation signal differs more clearly from the baseline CML signal or auxiliary

precipitation data can more easily detect heavy precipitation. In order to confirm the assumption that heavy precipitation is

easier to detect than light precipitation and to be able to evaluate the performance for different intensities, four additional

intensity classes are applied in addition to the total precipitation. The classes for light, moderate and heavy precipitation are

based on the (DWD, 2023) classification. “Light” precipitation is subdivided into two classes. This results in the five classes220

for "light1", "light2", "moderate", "heavy" and "total" precipitation shown in Tab. 2. Accordingly, the lower threshold for

precipitation in this analysis is 0.1 mm/h and values below are considered dry.

Table 1. Overview of rain intensity classes for evaluations

Title light1 light2 moderate heavy total

intensity [mm/h] 0.1 – 1.0 1.0 – 2.5 2.5 – 10.0 > 10.0 >= 0.1

4 Results and Discussion

We compared raw SEVIRI products with RADKLIM-YW to assess its suitability as a ADB wet/dry indicator for CML data.

Then, we analyzed the performance of CML rainfall derived with a total of eight TSB and ADB rain event detection methods.225
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Based on these results, we created six TSB and ADB combinations and evaluated their performance compared to individual

TSB and ADB methods. Finally, we investigated the influence of different rain event detection methods on the performance of

individual CMLs.

4.1 Performance of raw SEVIRI products

To assess the quality of SEVIRI data it was directly compared to radar data. At this first step, no CML data was involved, but230

both data sets have been path-averaged along the CML paths.

In Fig. 3a, TPR shows the percentage of wet RADKLIM-YW time steps per intensity class and precipitation amount, rep-

resented by SEVIRI data for different thresholds. The largest differences were obtained for small intensities. While for P01

around 80 % of the wet RADKLIM-YW time steps were correctly assigned wet, this proportion decreased to around 20 % for

P30. For higher intensities, the proportion was over 90 % for P01 and roughly 60 % for P30. In this way, 90 % of RADKLIM-235

YW’s precipitation amount was covered by P01 and only 50 % by P30. Differences between day and night existed, but the

general behavior over different rain intensity was similar.

According to TPR (blue column) in Fig. 3b, a maximum of 80 % of the wet time steps (according to radar data) are also

classified wet by SEVIRI (P01). However, this corresponds to only 25 % (nighttime) and 40 % (daytime) of the total SEVIRI

wet time steps (P01, PPV). Consequently, P01 showed more wet time steps than the radar data. P30 showed the opposite. This240

was also reflected in the performance metrics ACC and MCC. The best performance based on MCC was achieved by P10 as

a compromise between coverage of wet radar time steps and a meaningful number of wet and dry time steps. MCC was 0.53

during the day and 0.42 at night. This difference can probably be attributed to the missing SEVIRI channels at night. Although

the results between PC and PC-Ph were similar, there were slight tendencies: PCC revealed a significantly better performance

for PC-Ph than for PC. ACC showed similar tendencies, while the results for MCC were inconclusive.245

According to these analyses, P01 and P10 are promising candidates representing RADKLIM-YW precipitation. The direct

comparison of SEVIRI data and radar data was only of limited significance since the combination of CML raw data signals

and satellite information is important when using SEVIRI as a wet/dry indicator. So, the next step was to analyze CML data

based on SEVIRI and the TSB rain event detection methods RS and CNN.

4.2 Evaluation of individual methods for rain event detection250

Eight different rain event detection methods were used within one CML processing routine described in Chapter 3.1 and the

resulting data sets were compared to the reference RADKLIM-YW. First, they were evaluated based on the frequency of rainfall

occurrence and total precipitation amount. This described the average behaviour, but did not allow to draw any conclusions on

the temporal correspondence of CML data sets and radar data. For this purpose, statistical measures based on the confusion

matrix were compared in the second part of this subsection.255
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Figure 3. a) TPR of SEVIRI data and RADKLIM-YW per intensity class and the resulting RADKLIM-YW precipitation amount represented

by PC (left column) and PC-Ph (right column) for SEVIRI rain probabilities from P01 to P30 for day (top) and night (bottom). b) respective

TPR without subdivision into intensity classes and the statistical performance measures PPV, ACC, MCC and PCC.

4.2.1 Effect of rain event detection on total counts of wet time steps and precipitation

The distribution of rain intensities and total precipitation amount of eight rain event detection methods is shown in Fig.4.

Overall, all rain event detection methods underestimated the occurrence of light precipitation and overestimated the occurrence

of heavy precipitation, albeit with a general lower frequency of occurrence for the latter. Since all data sets showed this

tendency, this can be attributed more to the general performance of CML data than to the rain event detection method. This260

behaviour probably resulted from both the WAA correction tending to correct too many small intensities (Graf et al., 2020),

and a tendency of radar data to underestimate heavy rain intensities (Schleiss et al., 2020). The SEVIRI-based ADB data sets

behaved very similarly to the two TSB data sets RS and CNN. The chosen probability level of SEVIRI data dominated the

behaviour with a clear decrease of rainfall occurrences with higher precipitation probabilities. For ADB methods the night is

slightly wetter than the day and a similar tendency occurred in the TSB data sets. Regarding precipitation amounts, the TSB265
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Figure 4. Percentage deviation of CML with the rain event detections RS, CNN as well as the SEVIRI probabilities represented by PC (left

bars) and PC-Ph (right bars) P01 till P20 and RADKLIM-YW for counts per intensity class and precipitation amount for day (top) and night

(bottom). Blue (resp. red) columns indicate overestimations (resp. underestimations) of CML data sets.

data sets as well as SEVIRI P01 and PC10 (left column of p10) agreed very well with RADKLIM-YW. PC-Ph10 (right column

of p10) and especially p20 tended to underestimate precipitation amounts. Based on these results, a performance similar to that

of the TSB data sets was to be expected from the SEVIRI data.

4.2.2 Performance measures based on the confusion matrix

Based on the confusion matrix, the MCC was chosen as a meaningful criterion for performance with regard to rainfall intensity,270

differences between the two SEVIRI products as well as day and night differences. Again, there was a subdivision into intensity

classes. The analysis was carried out for the TSB data sets RS and CNN and for the three lowest thresholds of PC and PC-Ph

(.1, 10 and 20) (Fig.5). The lowest MCC was found for rain intensities below 2.5 mm/h (first two blocks), which illustrates

the difficulty of rain event detection for CML data. This was particularly important as these low intensities made up a large

amount of all rainfall and therefore dominated the mean statistical measures. Both TSB and ADB approaches naturally show275

weaknesses for light rain. TSB methods have to distinguish between precipitation signal and noise and the ADB method with

SEVIRI data has to distinguish between precipitation and non-precipitating clouds. For higher intensities all rain event detection

methods were robust. The best performance and highest MCC values were observed for moderate rain where precipitation

signals are clearly visible in the CML time series and hardly any convective and small-scale precipitation is involved, which is

more difficult to detect.280

Comparing both SEVIRI products, PC performed slightly better than PC-Ph for most intensities and precipitation probabil-

ities. The pre-analysis in Chapter 4.1 showed different results. The reason for this deviant behaviour is that for the latter case,

the combination of CML signals and the SEVIRI product was responsible for the performance. P01 for instance showed too
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Figure 5. Same CML data sets and classes as in Fig. 4 but showing the MCC compared to RADKLIM-YW. PC10 will be applied for further

evaluations and is marked in brown.

many wet time steps but provided very good results when applied as a wet/dry indicator. The probability threshold had a larger

influence on the rain event detection and hence the performance of the product than the differences between PC and PC-Ph.285

In general, CNN performed better than RS for all intensities as shown by Polz et al. (2020) for a different period. SEVIRI

performed better for smaller probability thresholds. Probabilities of 20 % and above (not shown here) usually showed even

worse results than RS. In contrast, P01 performed at least as well as CNN, usually even better.

At night, the results of RS were worse than during the day. This was most notable for small intensities. One reason could

be dew formation on the CML radomes causing an increasing signal attenuation due to increasing number and size of droplets290

on the radomes. The RS method is only partially capable of distinguishing between such dewing events and precipitation.

CNN did not show differences between day and night because it coped better with this issue. The SEVIRI-based products also

showed slightly worse results for nighttime, but this was probably more due to the lack of three SEVIRI channels in the VIS

and NIR at night. The calculation of microphysical variables is mainly based on those channels. Their absence consequently

limits the reliability of all derived precipitation products. Differences between day and night already became apparent for the295

same precipitation probability with usually wetter nights. Additionally, ADB methods such as SEVIRI’s wet/dry indicators are

more independent from noise and artefacts in the CML time series. Hence, they were less affected by dew than TSB methods.

SEVIRI-based rain event detection with probabilities up to 10 % provided a at least similar performance as the CNN method

and showed significant improvements compared to the RS method. PC10 (marked in brown) showed the best performance

when combining with the CNN method (described and shown in the next section) and is thus used as a new ADB method for300

all final results in the following sections.
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4.3 Combinations

The main goal of this study is to improve the rain event detection compared to the conventional methods. This can be achieved

by combining the advantages of different methods and overcoming certain disadvantages in this way. The main principle is to

use a robust rain event detection, which performed well over all analysed metrics and rain intensity classes, as a first estimate.305

Next, very conservative (liberal) rain event detection methods were used to derive time steps with high confidence of being

wet (dry) and replaced the time step from the previous estimate. For example, wet time steps were taken from a conservative

method which had only few but trustworthy wet time steps. Based on our data, the following five processing steps (see Fig. 2)

and the order thereof turned out to provide best results:

1. Either CNN, PC01, PC10, PC-Ph01 or PC-Ph10 served as a first estimate (typical individual method for rain event310

detection)

2. Additional dry time steps were derived from the very wet SEVIRI variant PC01 or PC-Ph01.

3. Additional wet time steps were based on the very dry variant of CNN with a threshold of 0.94.

4. Further wet time steps were derived from SEVIRI with a precipitation probability of at least 30 % (PC30 or PCPh30).

5. Finally, time steps were assigned dry, which were dry based on CNN with a threshold of 0.1 (very wet variant).315

The combinations are either based on PC or PC-Ph to minimize the expense of data processing. If a SEVIRI data set is

chosen as the first estimate, Step 2 has no effect on the selection of wet and dry time steps.

Figure 6 shows how the TRSL (top) was interpreted by different rain event detection methods for an arbitrary CML and 5

days. The CNN led to an overestimation of wet time steps and to more precipitation than radar data showed. PC10 was much

dryer with a tendency of underestimation of wet time steps. PC10all was a combination applying PC10 as a first estimate320

in step 1 of building a combination. It can also visually be regarded as a combination of the other two rain event detection

methods.

To assess the quality and the potential of combinations, the following analysis were performed: First, the best of six com-

binations were chosen based on the MCC. Then the selected combination, a TSB data set and a ADB data set were compared

in-depth, based on differences of TP, FP and FN with rain intensity. Finally, the performance of these three data sets was325

evaluated with regard to individual CMLs.

4.3.1 MCC of combinations

In order to evaluate the performance of combinations, the MCC of the TSB data sets and six different combinations are plotted

in Fig. 7, again the variant with PC on the left and with PC-Ph on the right. call means combination applying CNN in the first

step of building a combination and p01all and p10all the SEVIRI data with probabilities of 0.1 % and of 10 % respectively.330

The improvements by combining rain event detection methods became obvious for light precipitation with an increase of the

MCC between 0.3 and 0.1 for the lowest intensity classes. There was only minimal improvement for moderate precipitation,

and no improvement for heavy precipitation. The main difference among the combinations is that PC data performs better

than PC-Ph especially for lowest intensities and as a result of the large number of time steps there, also for the total class
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Figure 6. Example time series of a CML for 5 days. Raw TRSL (top) and CNN, PC10 and PC10all (green line) are opposed to RADKLIM-

YW (black line). Wet time steps which are assigned dry by CML (FN) are marked shaded red and dry time steps which are assigned wet (FP)

are marked shaded blue.

(all). Very similar results were obtained for the night. Again, PC performed slightly better than PC-Ph and combinations were335

superior to the applied TSB data sets. The combination PC10all (marked in brown) showed the largest overall improvements

with a MCC of 0.62 compared to 0.57 (CNN) and 0.54 (RS) at daytime and 0.6 compared to 0.55 (CNN) and 0.47 (RS) at

nighttime. Combinations are most effective for the very low intensities where the largest uncertainties of individual methods

were observed. For individual methods, there is often a trade-off between few FN (liberal) or few FP (conservative) that might

not be necessary when applying two data sets. Analyzing the same time steps or time series by different methods likely increases340

the reliability of a resulting rain event detection. In the following, we concentrate on PC10all to evaluate the performance of

such a combination in more depth.
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Figure 7. Same as Fig. 4 but for the combinations where CNN (call) and PC/PC-Ph with thresholds P01 (p01all) and P10 (p10all) serve as

the first estimate. PC10all will be applied for further evaluations and is marked in brown.

4.3.2 Performance of confusion matrix values vs. intensity

In order to be able to understand what distinguishes the individual methods for rain event detection, the distribution of TP, FP

and FN is plotted against intensity and shown for frequency of occurrence (top) and total precipitation (bottom) in Fig. 8. The345

left column show those distributions for the CNN method. The other columns reveal the corresponding differences between

PC10 and CNN (middle) and between the combination PC10all and CNN (right) for day and night. In summary, a typical TSB

method (CNN), a new ADB method (PC10) and a combination thereof (PC10all) were compared.

According to Fig.8a (middle), PC10 is drier than CNN with less TP. Improvements were achieved by a decrease in FP but

also a similarly large increase in FN during the day showed up. The results for the combination were different. Here, the desired350

effect of a general improvement became apparent: both FP and FN decreased for all intensities. TP and thus precipitation were

slightly increased.

At night, PC10 is much wetter than during the day with an increase of TP and a decrease of FN compared to CNN. For

intensities below 0.5 mm/h, there was a massive increase of FP, but not for higher intensities. The combination PC10all also

shows this SEVIRI issue, however, to a lesser extent. There are clear improvements for all intensities, except for intensities355

below 0.5 mm/h where FP was also increased compared to CNN. Since nights were usually wetter based on SEVIRI data, a

larger precipitation probability than 10 % to reduce FPs from SEVIRI might lead to overall improvements, but this was not

tested in this investigation.
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Figure 8. Top: The number of FP, TP, and FN time steps with a specific rain rate are compared for CNN (left) and the respective amount

of rainfall (bottom). diff_PC10-CNN reveal the respective differences between PC10 and CNN (middle) and diff_PC10all-CNN between

PC10all and CNN (right). a) is daytime and b) is nighttime. The rain intensities for FP and TP are estimated by the CML, while the rain

intensities for FN are taken from the reference.
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4.4 Influence of chosen rain event detection method on individual CMLs

The results so far were based on averaged metrics over all CMLs. The performance of individual CMLs might, however, differ360

from this mean behaviour and systematic differences between well and worse performing CMLs are possible for different rain

event detection methods. Therefore, scatterplots of different rain event detection methods and combinations against the CNN

method for ACC, MCC and PCC show the change of performance of each CML in Fig.9. PC10 and PC10all are compared

with CNN for day and night.

The differences between PC10 and CNN were small. No systematic differences were found using PCC. Based on ACC,365

the majority of CMLs are slightly improved by PC10 including the worst performing ones. Regarding MCC, the overall

performance is equal for CNN and PC10, only the worst performing ones were almost always improved here, too. A very similar

picture emerged at night, with improvements in particular for the worst performing ones. These CMLs with low performance

usually showed a high level of noise which is similar to the signal fluctuations caused by rainfall. Consequently, the separation

of precipitation signals is difficult for all TSB methods. The fact that ADB methods are independent from the CML time series370

is responsible for this improvement based on SEVIRI data. The combination PC10all showed clear improvements for ACC

and MCC compared to CNN for daytime and nighttime. Almost all CMLs were improved by the combination compared to

individual methods for rain event detection and especially the worse performing ones.

5 Conclusions

In this study we aimed to address the questions whether satellite-derived precipitation products are suitable indicators for the375

rain event detection in CML data with respect to day/night differences and rain intensities and whether combinations of TSB

and ADB methods show an additional added value. We achieved this by using 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 products from MSG SEVIRI can be used for the detection of rain events in CML380

attenuation time series. They performed even better than RS, one of the most commonly used rain event detection methods and

similar to the sophisticated CNN method. Minor differences between the SEVIRI products PC and PC-Ph exist, but the applied

precipitation probability dominated the overall behaviour. An improved PC-Ph product has been 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 at night than during the day due to the lack of the385

three SEVIRI channels (VIS and NIR). Since CNN did not show a decrease of 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 because the differences between CNN

and ADB methods at night were negligible, to keep computational effort low and to avoid inconsistencies in the resulting time

series. Compared to the ADB and CNN, the RS method can only partly be recommended. Especially at nighttime, when dew

formation on radomes is probably responsible for false positive rain event detection and therefore a decrease of quality.390
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Figure 9. Scatter density of PC10 (top) and PC10all (bottom) versus CNN for ACC (left), MCC (middle) and PCC (right) for a) day and b)

night.
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The quality of the rain event detection 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 context to climate change also requires a high-quality representation

of light rain. Low precipitation intensities show the largest potential for improvement and the main differences in this study

were also obtained there.395

The effort to use ADB is larger than for TSB methods because the processing of additional needed satellite data sets can

be time consuming. With stepwise combinations, as presented here, the effort increases accordingly. The shown additional

improvements by combinations are promising and justify the effort. We expect added value of combinations also for other

regions or different kinds of CML data sets. However, thresholds and the order of correction steps might vary, there. The

multitude of possibilities when combining different rain event detection methods is particularly interesting. Varying methods400

or thresholds depending on data quality or rainfall intensity is also possible.

In principle, combinations from two 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 easy to apply

and provide precise results where the separation of noise and precipitation 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 Faso405

for example has only 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 in this work, we expect to extract

useful ground-based rainfall information from such CMLs in this region with scarce rainfall data.
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