IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 2 August 2024, accepted 8 September 2024, date of publication 11 September 2024, date of current version 25 September 2024.

Digital Object Identifier 10.1109/ACCESS.2024.3458407

== RESEARCH ARTICLE

Rainfall Classification in Genoa: Machine
Learning Versus Adaptive Statistical
Models Using Satellite

Microwave Links

CHRISTIAN GIANOGLIO", (Member, IEEE), SARA ZANI“2, MATTEO COLLI"?,
AND DANIELE D. CAVIGLIA™'!, (Life Member, IEEE)

IDITEN Department, University of Genoa, 16145 Genoa, Italy
2 Artys, Darts Engineering Srl, 16121 Genoa, Italy

Corresponding author: Christian Gianoglio (christian.gianoglio@unige.it)

This work was supported by Artificial Intelligence for a Smart Rainfall System (AI4SRS) Horizon 2020 Framework Programme of the
European Union, under Grant 951847.

ABSTRACT Monitoring rainfall is becoming increasingly important due to the impacts of climate change.
In this context, opportunistic sensing based on satellite microwave links (SMLs) is gaining significant interest
for its potential to provide real-time, low-cost, and valuable information. In this work, we deployed a network
of 26 SML sensors over a survey territory corresponding to a catchment area of 140 km?, and the data
collected from it were used to train two machine learning (ML) algorithms and a statistical method to predict
wet/dry conditions. Additionally, a voting mechanism based on the majority vote of the three classifiers
enhances the performance of the individual methods. The results show that ML algorithms are valuable
solutions for real-time monitoring of rainfall, even in an extended sensor network. The voting mechanism

improves the prediction of low precipitation at the expense of a higher false positive rate.

INDEX TERMS Satellite microwave links, rainfall prediction, machine learning, smart rainfall system.

I. INTRODUCTION

The accuracy of precipitation monitoring and forecasting
is of vital importance for water resource management,
agriculture, urban planning, and flood prevention, in which
smart city decision-makers, civil protection bodies, and
infrastructure managers need timely information to undertake
effective measures for risk mitigation. In addition, the lack of
real-time information on the spatial distribution of rainstorms
hinders environmental protection agencies from accurately
predicting and responding to severe rainfall [1], [2], [3].
The development of rainfall monitoring systems capable of
observing the spatial evolution of rain fields in real-time aims
to enhance decision-makers ability to take informed actions
in favor of the safety of people, property, and infrastructure.
In this context, opportunistic monitoring systems based on
microwave links are gaining increasing attention within
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the meteorological services community, due to their low
implementation and operational costs, as well as their
potential to implement extensive territorial coverage, which is
enabled by the widespread availability of telecommunication
infrastructures [4], [5], [6], [7], [8], [9]. These systems
utilize terrestrial or satellite signals typically transmitted
in the microwave bands for commercial telecommunication
purposes. As a sub-category of commercial microwave
links (CML), the satellite microwave downlinks (SML)
typically operate in the Ku and Ka frequency bands, which
experience notable attenuation during precipitation, resulting
in measurable reductions in received power [10], [11],
[12], [13], [14]. For example, to estimate rainfall intensity,
the Smart Rainfall System (SRS) described in [14] and
[15] analyzes the downlink signals of the digital television
broadcast satellite (DVB-S) by measuring the RF power at
the output of a universal LNB (Low Noise Block). Similarly,
the NEFOCAST system, proposed in [13], exploits two-way
interactive satellite terminals (called SmartLNBs) for the
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same purpose, and to send their measurements to a satellite
hub on the return link. The NEFOCAST system was recently
enhanced by updating the acquisition mode and upgrading the
prediction algorithms [16].

Machine learning (ML) and signal processing algorithms
have been explored in the literature to cope with instanta-
neous recognition of rain/non-rain conditions, as summarized
below. In [10], an artificial neural network (ANN) identified
rain/non-rain periods from an SML in the Ku-band, showing
promising results to estimate rainfall from signal attenuation.
In [17], authors measured the instantaneous bit error rate
(BER) by computing the average and the standard deviation
of the received signals. A logistic regression analysis based
on BER measurements is used to identify wet and dry
periods. In [13], two Kalman filters were used to detect
precipitation events and estimate rainfall from attenuation
in the downlink channel of a commercial DVB satellite
signal. Reference [18] used a support vector machine (SVM)
to identify rain/non-rain periods from SML signals and
determined the attenuation baseline during rainy periods
by adopting a long-short-term memory network (LSTM).
Reference [19] trained a randomized trees classifier to assess
precipitation presence and estimated the rain attenuation from
the received power signal to compute the rain rate with
a l-minute time resolution. Reference [20] compared four
ML algorithms with reduced computational complexity to
classify rainy and non-rainy periods based on SML data.
The results demonstrated the potential of using shallow ML
algorithms to improve rain monitoring by SMLs. In [21],
the authors proposed a two-step methodology to train
ML algorithms classifying rain/non-rain events to avoid
collecting a large amount of data before training the models.
This methodology reduces the data amount being stored
and overcomes the problem of seasonality of data that can
significantly affect the prediction. In general, ML algorithms
require training on large datasets to capture the diverse signal
variations, often caused by spurious factors, which can impact
the accuracy of rain/no-rain classification [14].

Some examples of ML algorithms for predicting wet/dry
conditions from commercial microwave links can be found
in [22], [23], [24], and [25] where an SVM, a convolutional
neural network, and LSTMs were adopted respectively.
In [26], a one-class autoencoder was proposed predicting
wet/dry periods only using dry conditions acting as an
anomaly detector. In general, ML techniques enhanced the
classification accuracy in predicting rain/non-rain conditions
from microwave link signals with respect to model-based
approaches.

However, there is still a lack of research in the literature that
thoroughly examines the potential benefits of reconstructing
rainfall fields from an SML network across extensive territory
using the machine learning methods described above. Further
investigation is needed to understand the effectiveness of
these approaches in large-scale applications. In addition,
the performance of the proposed methods needs to be
evaluated across different SML configurations, including
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FIGURE 1. Example of a satellite microwave link, indicating the melting
layer height hyq;p, the link length /., and the projected length on the
Earth surface Ijjp .

satellite selection and signal features such as frequency and
polarization. As a consequence, this study aims to experimen-
tally evaluate the benefits of using machine learning-based
algorithms for the real-time classification of rain/non-rain
conditions by multiple SML sensors distributed over a wide
area. This work extends the results presented in [20] and [21]
where only two sensors, mounted in the same site, were
considered. The testing field utilizes a network of 26 SMLs,
part of the Smart Rainfall System (SRS) managed by
Artys, distributed across the representative territory of the
Polcevera river basin (Genoa, Italy). The advantages of
the Al-based method are quantified by comparing the
performance of Al techniques with the statistical algorithm
currently used by SRS. In particular, two algorithms, namely
a fully connected neural network with a single hidden
layer and a random forest, are compared with the statistical
algorithm. Furthermore, a voting mechanism, which provides
the classification based on the voting majority, is adopted to
enhance the performance of the individual methodologies.

The paper is organized as follows: Sec. II presents the
data acquisition system and the collected dataset, Sec. III
describes the classification algorithms and the training
procedure, Sec. IV shows the results, and Sec. V concludes
the paper.

Il. DATA ACQUISITION SYSTEM
Data were collected from January 2021 to June 2023 employ-
ing 26 SRS sensors, installed in 11 sites, that received the
signal power from satellites in the Ku-band. A detailed
discussion of the SRS system is provided by [14]. Briefly,
a SRS sensor consists of a receiving antenna located on
the Earth and positioned at a height hg,sennq, pointing to a
satellite as shown in Fig. 1. The power of the received signal
is affected by the occurrence of precipitation along the link,
as explained in [14]. In Fig. 1, [}« is the length of the part of
the path crossing the rain which extends from the receiving
antenna to the altitude of the melting layer %, .

The block diagram of a sensor is depicted in Fig. 2 of [14].
The received microwave input signal is downconverted from
the Ku-band to the L-band using a universal low noise block
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FIGURE 2. 26 SRS links in the city of Genoa used in data gathering.

(LNB) mounted on a parabolic dish. The LNB interface
amplifies and filters the signal feeding an RF detector [27]
which consists of a multi-stage logarithmic amplifier, oper-
ating as an RF power measurement device. It converts
the RF input power, covering a range from —45 dBm to
0 dBm, into a voltage ranging from approximately 100 mV
to 1.05 V. A low-cost, low-power 8-bit microcontroller unit
(MCU) [28] controls the entire operation of the SRS sensor.
Specifically, 64 times per minute, it performs an analog-to-
digital conversion (ADC) of the voltage corresponding to
the RF power level using its 10-bit ADC. Each conversion
result accumulates in a 16-bit unsigned integer variable, and
at the end of each minute, a UDP data packet containing
this and auxiliary information is composed and sent via the
WAN interface to a central server for further processing and
archiving.

The field of investigation consists of 26 sensors installed
at 11 different sites in the Polcevera stream basin within the
city of Genoa. It extends over an area of 140 km? with an
elevation ranging from the sea level to a maximum height of
1113 m. Table 1 presents the SRS links main information,
with the site names where the sensors are installed and the
satellite to which each sensor is pointed. Fig. 2 shows an
example of the horizontal projection of the SRS links (Lmk
in Fig. 1 and here represented with blue lines) associated
with the SRS sensors (blue circles); the red dots represent the
rain gauges operated by ARPAL, the Regional Agency for the
Protection of the Ligurian Environment, an instrumental body
of Regione Liguria [15]. Twenty-two rainfall-significant days
were selected based on data collected from rain gauges.
Rainfall intensity (RI) over the area was obtained from maps
collected by the regional weather radar installed on Mt.
Settepani, about 60 km away from the area [15]. The radar
provides a matrix of Rls for areas of one square kilometer,
represented by the grey grid in Fig. 2. Table 2 shows the
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maximum one-hour rainfall accumulation and total rainfall
accumulation for each of the 22 observed days. Values were
averaged among all data acquired from rain gauges indicated
by the red dots in Fig. 2. Table 3 shows the apparent positions
in the sky of the satellites selected for our survey (relative to
the center of the area) and the number of sensors pointed at
each satellite.

TABLE 1. Information about the SRS links.

ID site Site name Satellites
ST e | Emy
2 e ] s w
5 Polcevera_01_East 1‘;?;:2?1 (94% E))
Polcevera_01_West ;:;?:;t ((;0\)\\;3)
A Polcevera_02_West l_ﬁ:;fi:;t ((350\7\\2)
Polcevera_02_East Piusrtlr(;:?tl (945 g))
5 Polcevera_03 HAisSI;Z ;tl ?3%) ]\E)\)/)
O P
7 Polcevera_05 H‘?:;le aEtl ?3%) I\E}‘)/)
8 Polcevera_08 g:g ?sié ?Szvp;))
9 Polcevera_1 1 HAI:;)?S ;tl ?3%) 1‘3)\)/)
T I s
M
A. DATASET

To train the algorithms for rain/rainlessness prediction, it was
first necessary to build a suitable dataset by preprocessing
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TABLE 2. Maximum one-hour rain accumulation (Hmnax) and total
accumulation (Hy,) for the observed days, measured by the rain gauges.

Event Date Hpgx [mm]  Hyy [mm]
22 Jan 2021 22.5 110.2
30 Jan 2021 12.4 33.1
10 Feb 2021 5.7 17.3
10 Apr 2021 10.0 59.6
11 Apr 2021 5.8 32.0
11 May 2021 7.6 47.6
14 May 2021 19.2 51.8
03 Oct 2021 34.2 121.7
13 Nov 2021 17.1 49.7
08 Dec 2021 5.0 27.7
24 Apr 2022 8.2 15.7
18 Aug 2022 8.1 30.8
02 Sep 2022 9.6 9.6
24 Sep 2022 27.0 47.1
03 Nov 2022 17.2 33.9
09 Nov 2022 3.5 12.7
15 Nov 2022 4.4 31.6
21 Nov 2022 7.6 31.7
15 Dec 2022 11.1 43.1
21 Dec 2022 5.0 36.2
13 Apr 2023 9.6 26.8
30 Jun 2023 8.7 22.3

TABLE 3. Satellite links pointed by the SRS sensors.

Satellite name Azimuth [deg] Elevation [deg] N. Sensors
Astra (19.2 E) 165.5° N 37.8° 9
Eutelsat (5 W) 199.5° N 36.9° 7
Hispasat (30 W) 229.1° N 25.9° 5
Hot Bird (13 E) 174.2° N 38.6° 1
Turksat (42 E) 137.1° N 29.2° 4

the information acquired from the various sensors. Several
steps and different kinds of sensors were involved in this
procedure, which is reported in Procedure 1. The inputs of
the procedure are the data collected by TBRG, radar, and SRS
sensors. While TBRG and SRS data are available with a time
resolution of 1 minute, radar data were sampled at a rate of
1 sample/5 minutes, corresponding to a total of 288 maps
per observed day. Consequently, the SRS data, used for
algorithm training, were reframed to fit the frequency of the
radar maps. After that, for each link illustrated in Fig. 2 and
described in Table 1 and for each observation during a day,
the intersections of the SRS links with the radar grid were first
determined to retrieve the RI along each link, which typically
spans multiple radar cells. Knowing the length i[i,,k of the
projection of ;. (Fig. 1) on the Earth’s surface, the lengths
of the link segments within each grid cell were calculated.
The total RI (RI) was then calculated by multiplying the
RI in each cell by the portion of the link intersecting that
cell, expressed as a percentage, and summing these weighted
intensities. Since the goal of this study is to recognize wet/dry
intervals, thus addressing a binary classification problem, the
new RIs were thresholded to map them into {0; 1} following
the rule:

6]

|0 if RI < thy
y= 1 ifRAlzl‘hR]

where thg; = 0.1 mm/h as in [20].
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Procedure 1 Dataset Collection
Input:

« TBRG data: time resolution 1 minute, they provide
information about the RI only in specific points and
they are used to determine interesting days from the
precipitations profile.

« Radar data: time resolution 5 minutes, they provide the
ground truth of the RI for cells with an area of 1 squared
km in all the monitored territory.

¢ SRS data: time resolution 1 minute, used to train the
classification algorithms.

1. Dataset creation

1) 22 interesting days d chosen with TBRG data

2) SRS dataresampled with a time resolution of 5 minutes

to cope with radar data —> x; € R?88x1

3) choose a threshold on RI (thg;) to determine if it is

raining or not at a certain observation

4) for each SRS link do

for each observation x; in a day do
- Find the intersections of the link with the
radar grid
- Determine the link length in each inter-
sected cell
- Extract the RI for each intersected cell and
multiply by a factor depending on the
link portion that lays on that cell
- Sum all the contributions of the weighted
RIs —> RI
- If the new RI value (RAI ) is greater than
thgy itis raining (y; = 1), otherwise not
0i=0)
end for
end for
2. Output: Dy

As a result, the dataset utilized in this study can be
formalized as:

Diink = {(x,y)d, xe R288X1, y € {0; 1}288><l;
d=1,...,22} 2)

where link is one of the SRS links in Table 1.

lil. METHODOLOGY
A. CLASSIFICATION ALGORITHMS
Based on previous studies [20], [21], two ML algorithms,
a fully connected neural network (FC) with one hidden
layer, and a random forest (RF), were compared with the
statistical adaptive model (ADA) described in [21] based on
a thresholding mechanism. The ADA algorithm is currently
used by the SRS system to predict wet/dry intervals: it directly
processes raw data, whereas FC and RF require feature
extraction from raw data.

Following the approach of [21], a moving window with
a fixed length [ = 12 (corresponding to 1 hour of
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observations since data were reassembled over 5-minutes
intervals) is applied to the SRS signals in Dyx. For
each observation x; € Dy, an array is created from
which the features are extracted. This array, denoted
by w; = [Xi—i+1,Xi—142,-..,Xi], includes the previous
[ — 1 observations as well as the current one. The
extracted features from each w; are: mean(w;), std(w;),
skewness(w;), kurtosis(w;), min(w;), max(w;), sum(Aw;),
mean(Aw;), std(Aw;), min(Aw;), max(Aw;), where A indi-
cates the difference between two consecutive measurements.
The resulting dataset used for training ML algorithms can be
formalized as:

7;%]5 = {(X,y)d, X e ]RNWXNf7 ye€ {0, ]}wal;
d=1,...,22) 3)

where N,, = 276 represents the number of windows because
of the choice of / = 12, and Ny = 11 represents the number
of features. For the sake of comparison, ADA data are also
windowed with the same fixed length / = 12 resulting in:

[%)A = [(X,y)d, X e RMX |y e {0; 1)W1,
d=1,...,22) @)

B. TRAINING PROCEDURE

Sequentially, one out of every 22 days in ’Z;f:’l’,f was used for
testing, while the remaining days constituted the training set.
For the ML algorithms, given the imbalance in the data, with
a higher number of non-rainy observations, an oversampling
technique known as SMOTE [29] was applied to the training
set to balance the number of samples in the two classes. The
training set was divided into a training set and a validation
set, with split percentages of 80% and 20%, respectively.
The validation set was used to tune the hyperparameters of
FC and RF. For the FC, the hyperparameters include the
number of neurons in the hidden layer N = {50, 75, 100}
and the L2 regularizer A = {10’ with i = —4, =3, ..., 4}.
For the RF, the hyperparameters chosen are the number of
trees Nyee = {50,75,100}, the maximum depth of the
trees max_depth = {5, 10, None}, the minimum number
of samples to make a split min_sam = {2, 5, 10}, and the
minimum number of samples to consider a node as a leaf
min_leaf = {1, 5, 10}. For ADA, adjusting hyperparameters
consists of calculating thresholds on the five nonrainy days
preceding the one tested, as described in [21].

IV. RESULTS

Due to the significant imbalance between wet and dry obser-
vations in the dataset, only metrics that are not influenced by
this imbalance were considered in this study. The following
metrics were computed to evaluate the performance of the
classification algorithms:

o Specificity (Spe) = mT—fH,, which evaluates the
effectiveness of a classifier in predicting non-rainy
observations.
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e Recall (Rec) = T,.fr—PFN, which evaluates the effective-
ness of a classifier in predicting rainy observations.

o Harmonic Mean (HM) = zs's‘fig:cc, which balances

the two previous metrics and evaluates the overall

effectiveness of a classifier in predicting both events.

Here, TP and TN represent the correctly classified wet and
dry observations, respectively, while FN and FP represent the
incorrectly classified wet and dry samples. All the metrics
range between 0 and 1, where O indicates that the classifier
fails all predictions and 1 represents a perfect classifier.

Based on the previous study [21], three plots were created
for each algorithm to represent the results: (1) boxplots
of the three metrics calculated over the 22 observed days,
(2) the Rec metric computed on three intervals of RI along
with the Spe and HM metrics computed on all observations,
and (3) the classification results on the SRS signals. In the
following, we refer to RI as RI for simplicity.

Furthermore, the results were grouped into two sets.
The first set includes the results achieved by each link,
as represented in Fig. 2 and described in Table 1. The second
set groups the results of the satellites (Table 3) pointed by the
Sensors.

A. BOXPLOTS

Figures 3 and 4 represent the boxplots of the metrics (Spe
in blue, Rec in black, HM in green) for three links and
three satellites, respectively. Each plot reports the results for
the three algorithms presented in Sec. ITI-A. The lower and
upper parts of the boxes represent the first and third quartiles,
respectively, while the horizontal line within the box indicates
the median, i.e., the second quartile. The whiskers describe
the variability outside the quartiles. Finally, the mean is
represented by a diamond shape.

Additionally, a voting mechanism is employed over
the three algorithms, where the label is assigned based
on the majority of votes. This voting mechanism aims to
enhance the robustness and accuracy of the classification by
combining the strengths of each algorithm, potentially reduc-
ing the impact of any individual algorithm’s weaknesses. The
results are reported as ‘Voting’ in the figures. In both figures,
ADA consistently achieves the highest Rec but also presents
the lowest Spe, indicating that it correctly classifies most of
the rain observations while having a high false-positive rate.
Consequently, ADA shows the lowest HM metric. FC and
RF exhibit a similar trend, with Spe and Rec showing a
balanced behavior, having close median values and similar
distributions. Finally, the voting mechanism yields a higher
Rec compared to FC and RF but lower than ADA, and a
higher Spe compared to ADA but lower than FC and RF. As a
result, the Voting HM is similar to the FC and RF ones.

B. BARPLOTS

Figure 5 and Fig. 6 (a)(b)(c) present the Rec metric calculated
for three intervals of RI for the three links and satellites:
low-level rain (0 < RI < 2 mm/h), intermediate-level rain
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(a) Boxplot Murta Eutelsat

(b) Boxplot Polcevera_04 Turksat

(c) Boxplot PonteX Astra
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FIGURE 3. Spe (blue boxes), Rec (black boxes), and HM (green boxes) for rainy days for three different links.
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FIGURE 4. Spe (blue boxes), Rec (black boxes), and HM (green boxes) for rainy days for three satellites.

(2 <RI < 6 mm/h), and high-level rain (RI > 6 mm/h).
Furthermore, Fig. 5 and Fig. 6 (d)(e)(f) display the Spe and
HM metrics.

In both figures, the ADA consistently outperforms all
other algorithms across the three RIs. However, it also has
the lowest Spe, resulting in the poorest HM performance.
Interestingly, FC exceeds RF in terms of Rec for all Rls, but
RF shows a higher Spe. This leads to similar HMs, with a
difference of less than 2%, except in Fig. 6, where the gap
is 2.6%. Finally, with Voting, there is an increase in Rec
performance across all intervals and a decrease in the Spe
metric. Overall, the HM metrics show a slight improvement
compared to FC and RF. In conclusion, by applying
the voting mechanism, the performance in predicting rain
observations improves compared to using a single algorithm,
albeit with a drawback in classifying non-rainy samples.
Overall, it achieves the best trade-off by attaining the
highest HM.

C. CLASSIFICATION

Figures 7, 8, and 9 present three days of SRS signals classified
by the three algorithms and the voting mechanism for the
three links. In each plot, 276 observations were classified.
The x-axis represents the number of observations, whereas
the y-axis shows the RI in mm/h on the left and the SRS
received power in dBm on the right. The blue dots represent
TN samples, the purple dots represent FP samples, the green
dots represent TP samples, and the red dots represent FN

VOLUME 12, 2024

samples. The cyan bars represent RI measurements higher
than O mm/h.

Figure 7 contains 127 rainy and 149 non-rainy samples
with a maximum RI of 23.9 mm/h. All the algorithms
present a good trade-off in classifying wet/dry conditions.
In particular, RF attains the highest Spe score, while voting
presents the highest Rec, meaning that more rainy data are
correctly classified if the results of all the algorithms are
considered. However, Spe is 11% lower than that achieved
by RF, which leads to a lower HM. Consistent with the results
presented in Sec. I'V-B, the rainy samples corresponding to a
higher RI are well classified, while observations with a low
RI have a higher misclassification rate.

Figure 8 contains 8 rainy and 268 non-rainy samples with
a maximum RI of 46.6 mm/h. ADA presents the highest Rec,
classifying correctly one sample more at the beginning of
the rain period compared to the other algorithms. However,
FC classifies all non-rainy data correctly, thus presenting the
highest HM. The voting attains the same scores as RF, having
the same Rec as FC but with a slightly lower Spe since
4 samples after the rain period are considered as rain samples.

Figure 9 contains 206 rainy and 70 non-rainy events
with a maximum RI of 64.6 mm/h. ADA presents a very
high Rec score, but it poorly classifies non-rainy data,
resulting in the lowest HM score. FC has the highest Spe
and HM, thus presenting the best trade-off performance in
classifying wet/dry conditions. FC and RF poorly recognize
rainy observations associated with low RI events. Voting
mitigates this behavior, presenting the second-highest Rec
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FIGURE 6. (a)(b)(c) Rec divided into three rain intensity intervals for three satellites. (d)(e)(f) Spe and HM calculated for the three satellites.

score, which is 11% higher than FC but 15% lower than ADA. showed a very high TP rate, it also had a high FP rate,
Furthermore, the voting Spe is affected by the ADA results, resulting in a high Rec even for low RI values but a poor

resulting in a drop of almost 15% compared to FC. Spe. In contrast, ML algorithms achieved higher Spe and

lower Rec, struggling in classifying events with low RI
D. DISCUSSION but resulting in a better HM. The introduction of a voting
In general, ML algorithms have improved the ADA method mechanism improved the Rec metric with a small decrease

currently in use in the SRS system by providing a better in Spe compared to individual ML algorithms, indicating a
trade-off in recognizing wet and dry periods. Although ADA similar trade-off.
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FIGURE 7. Classification results with ADA (a), FC (b), RF (c), and Voting (d) on the day 2021-11-13 Murta Eutelsat link.
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FIGURE 8. Classification results with ADA (a), FC (b), RF (c), and Voting (d) on the day 2022-09-02 Polcevera Turksat link.

In conclusion, employing a voting mechanism could
improve classification accuracy, potentially by applying
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a weighting system. This system would assign higher
importance to ML algorithm predictions when it is not raining
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FIGURE 9. Classification results with ADA (a), FC (b), RF (c), and Voting (d) on the day 2021-01-22 PonteX Astra.

yet, thereby reducing the FP rate introduced by ADA, and
giving more weight to ADA predictions once rainfall has
started.

V. CONCLUSION

In this study, two machine learning algorithms were com-
pared with an adaptive statistical model for classifying rainy
and dry periods based on data derived from the processing
of satellite microwave link signals. Data were acquired from
a network of 26 sensors located across a river basin in
Genoa, Italy, pointing to five different satellites. The study
period covered twenty-two days between 2021 and 2023,
selected based on data extracted from a network of rain
gauges. Rainfall intensity data from a weather radar served
as the ground truth to identify rain/non-rain observations
for each link. For performance evaluation, a leave-one-
out cross-validation approach was employed, with one out
of the twenty-two days used as the test set. Performance
was measured using recall, specificity, and harmonic mean.
In addition, a voting mechanism was explored in which
the majority vote of the three algorithms determined the
prediction of wet/dry periods. The results indicated that
ML algorithms provided the best trade-off in classifying
rain/not-rain events but struggled with recognizing rainy
observations with low rainfall intensity. In contrast, the
statistical algorithm exhibited a very high recall but low
specificity, indicating a high false positive rate. The voting
mechanism showed a similar trade-off to the ML algorithms,
with a higher recall but lower specificity. Future work will
focus on improving the performance of the two metrics by
incorporating a weighting mechanism into the voting process
and possibly integrating other classification algorithms.
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