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Abstract 

The evolution of mobile communication technologies to achieve higher 

throughputs has led to the use of higher frequency bands. 5G technologies 

are working on the mmWave spectrum, which are frequencies between 

30 GHz and 300 GHz, and it is expected that 6G would use even higher fre-

quencies. The wavelength of the signals in these bands are like those used in 

radars, giving the possibility to use the wave for other things besides trans-

mitting information. Network sensing is one of the use cases that can be ex-

ploited from the mmWave. Signal loss under different weather conditions 

has been studied and modeled for over 20 years. Based on these models, this 

thesis develops a deep learning LSTM model that accurately detects precip-

itation from a mmWave backhaul link. 
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Resumen 

La evolución de las tecnologías de comunicación para lograr mayores rendi-

mientos ha llevado al uso de bandas de alta frecuencia. La tecnología 5G tra-

baja con onda-mm, aquella cuya frecuencia se encuentra entre 30 GHz y 

300 GHz, y se espera que la siguiente generación utilice bandas de frecuen-

cia superiores. La longitud de onda de las señales en estas frecuencias es si-

milar a aquellas que utilizan los radares, abriendo la posibilidad de darles 

otro uso además de la transmisión de información.  Usar la red como un sen-

sor es una de las aplicaciones que pueden ser aprovechadas de la onda-mm. 

Las pérdidas de las señales bajo diferentes ámbitos climáticos han sido mo-

deladas y estudiadas por más de 20 años. Esta tesis desarrolla un modelo 

LSTM de Deep Learning que detecta lluvia de una manera precisa a partir 

de una señal de retorno, basándose en los modelos de atenuación desarro-

llados en el pasado. 

Palabras clave  Deep learning, JCAS, LSTM, onda-mm, RSSI, detección cli-

mática. 
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Symbols and abbreviations 

Symbols 
 

%RH relative humidity percentage 

c speed of light in vacuum ≈ 3×108 [m/s] 

𝝀 Signal wavelength 

F1 F1-score 

NaN Not a number 

Ri rain intensity 

 

Operators 
 

d

dθ
 derivative with respect to variable θ 

⊙ Hadamard product: element-wise vector multiplication 

tanh Hyperbolic tangent 

Σi sum over index i 

�̂� Vector y 

 

Abbreviations 
 

5G Fifth generation  

6G Sixth generation  

AI Artificial intelligence 

ANN Artificial neural network 

avg average 

CML Commercial microwave link 

CSI Channel state information 

CSI metric Critical success index metric 

CSV Comma separated values 

DL Deep learning 

EET Eastern European Time 

FAR False alarm ratio 

FDD Frequency division duplexing 

FN False negative 

FP False positive 

FSL Free-space loss 

GMT Greenwich Mean Time 

IoT Internet of things 

IRS Intelligent reflective surface 

ISAC Integrated sensing and communications 

ITU International Telecommunication Union 

JCAS Joint communications and sensing 
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LOS Line of sight 

LPP LTE positioning protocol 

LSTM Long short-term memory 

LTE Long term evolution 

MIMO Multiple input multiple output 

ML Machine learning 

mmWave millimeter wave 

MNO Mobile Network Operator 

NLOS Non line of sight 

NN Neural network 

NR New radio 

POD Probability of detection 

QAM Quadrature amplitude modulation 

QoS Quality of service 

radome Radar dome 

RF Radio frequency 

RFID Radio frequency identification 

RH Relative humidity 

RNN Recurrent neural network 

RSL Received signal level 

RSSI Received signal strength indicator 

SGD Stochastic gradient descent 

SPM Samples per minute 

SVM Support vector machine 

TN True negative 

TP True positive 

TS Threat score 

UE User equipment 

VRG Virtual rain gauge 

WMO World Meteorological Organization 
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1 Introduction 
 

The evolution of communication technologies continues to push the bound-

aries of time and message content. People have used letters, telegrams, and 

calls to communicate with each other and shorten the time it takes for a mes-

sage to get from one place to another. Unfortunately, these methods do not 

allow for much mobility between sender and receiver since each must be at a 

specified location to interact with the message. These problems have been 

solved with the use of mobile wireless communications. They have become a 

vital part of everyday communications with no sign of slowdown in their 

need. As a result, five, going on six, generations of mobile communications 

were studied, developed, and deployed. Thus, allowing for more complex 

types of communications between user and higher demands for the service, 

such as video calls. Furthermore, it is imperative to understand and research 

the electromagnetic signals on which such communications rely, as well as 

their behavior in different environments.  

Over the last few decades, the International Telecommunication Union 

(ITU) has issued recommendations regarding different signal attenuation 

models in different weather conditions. Engineers use these models while de-

signing communication networks to ensure that the link between transmitter 

and receiver is sufficiently strong to endure the environmental attenuation 

[4]. For example, water and oxygen molecules in the atmosphere absorb the 

signal waves at different frequencies [1], rain and fog also play a part in the 

attenuation of the electromagnetic signal [2], [3].  

Additionally, signals are more susceptible to becoming attenuated at 

higher frequencies, which is a key factor to consider for 5G network imple-

mentation and the development of 6G technologies. 5G operates in the milli-

meter wave spectrum, which are frequencies between 30 GHz and 300 GHz 

[4]. Millimeter waves (mmWave) improve spectral efficiency, raise data 

rates, and have a wide bandwidth. These high frequencies can be used for 

sensing given that the wavelength of the signal is adequate to detect objects, 

such as cars or people [6]. 6G research is focused on building smart networks 

that can be used as sensors in addition to being a communication network 

[7]. Therefore, mmWave networks could be used to measure environmental 

conditions from their attenuation and channel state measurements.  

In the past years, several studies explored the viability of using signal in-

formation from wireless communications to gather environmental infor-

mation. For instance, the signal channel state information (CSI) was used to 

measure relative humidity (RH) indoors [12]. Additionally, other researchers 

have used the model defined in [1] to measure the same parameter in an out-

door environment through links over 3 km long [13]. However, these meas-

urements experienced interferences from rain that required ignoring the data 

collected during rainfall. Nonetheless, this has widened the scope of the field 

to measure other weather conditions with the signal attenuation, as done in 
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[14]. Although, these studies have uncertain weather parameter measure-

ments considering that the weather stations are located kilometers away 

from the wireless link. 

Recently, an R-programming language-based algorithm named RAIN-

LINK was developed to map precipitation in wide areas using commercial 

microwave links [15] [16]. This algorithm uses the received signal level (RSL) 

over a 15-kilometer radius to determine whether there is precipitation as well 

as the intensity, useful for country wide data. However, this algorithm not 

only uses links that are kilometers long in a wide radius, but it solely focuses 

on liquid rain, thus disregarding solid precipitation, such as snow. Neverthe-

less, classification algorithms have been used to determine the type of pre-

cipitation from the RSL of a microwave link [17]. Although the algorithm pro-

vided a promising development in detecting and classifying precipitation 

through a wireless signal, it lacked data to classify snow events.  

Moreover, the measurement of snow and mixed precipitation has proved 

to be challenging for meteorologists [33]. Meteorological radars are expen-

sive, and their measurement coverage is limited above ground level, as those 

radars are pointed upwards towards the sky. This means that there are few 

measurements performed on ground level, limited by the location of ground-

level weather sensors. Hence, using mmWave signals to sense weather con-

ditions would complement the missing data given that they require a denser 

layout of antennas and the information. 

Therefore, the purpose of this thesis is to develop a deep learning model 

that detects rain from a 114-meter-long communication signal. For this pur-

pose, the thesis collects data from a backhaul signal and weather sensors lo-

cated in the Nokia campus in Espoo to train an artificial intelligence model 

that describes precipitation conditions. The weather sensors are located 

within a 500-meter radius from the radio link to ensure accurate hyperlocal 

weather measurements. The model is then tested by comparing the results 

with measurements recorded by the weather sensors and evaluating their 

metrics. Thus, contributing to the field of weather sensing using signal 

strength. 

This thesis is structured as follows. Chapter 2 reviews the state-of-the-art 

technologies and research on weather measurements and artificial intelli-

gence models. Chapter 3 describes the data collection setup, data pre-pro-

cessing and analysis, then it presents the artificial intelligence model design, 

the results, and finally, analyses the results and model performance. Chapter 

4 discusses learned lessons and proposing future work for weather sensing 

with 6G. Chapter 5 concludes the thesis by drawing conclusions from the re-

sults and analysis. 
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2 Literature Review 
 

This chapter explains the latest trends in 5G and 6G research, including joint 

communications and sensing. It then details the attenuation models used to 

understand mmWave behaviour. After that, sensing cases for radio frequency 

are explored, focusing on the use case of weather sensing. Finally, machine 

learning models are explained emphasizing on the metrics used to measure 

model performance. 

 

2.1 Joint Communications and Sensing 
 

As the deployment of 5G takes place around the world, researchers are al-

ready developing the innovations that will come with 6G networks. A recur-

ring theme among them, is the reuse of spectrum and hardware through com-

munication networks [11]. It is hypothesized that 6G would make use of a 

wider bandwidth, thus requiring to work on mmWave and higher frequencies 

[8]. Therefore, the equipment would be working at similar frequencies as ra-

dars do, opening the path to combine communications with radar function-

alities causing synergies. These synergies are known as joint communications 

and sensing (JCAS) or integrated sensing and communications (ISAC).  

JCAS relies on four 6G characteristics: dense networks, wide bandwidth, 

artificial intelligence (AI) and signal processing, and MIMO beamforming, as 

shown in Figure 1. For 6G technologies to provide a wide bandwidth the 

equipment requires to operate at a higher frequency. At higher frequencies, 

the signal absorption from atmospheric molecules rises [1] and the coverage 

reduces. Consequently, to cover the same area, more access points should be 

installed to ensure quality of service (QoS), creating a denser network. It is 

important to highlight that the electromagnetic spectrum is a limited re-

source that is slowly approaching its limits with the increased demands from 

different industries such as communications, military, scientific and automo-

tive. Hence, the synergy of using communication equipment as sensor to op-

timize spectrum usage.  

Furthermore, dense networks allow for a wider range of use cases for JCAS 

such as traffic monitoring, object detection and complementary sensing for 

autonomous vehicles, remote sensing, human activity and presence detec-

tion, smart manufacturing and industrial IoT, and weather monitoring 

[6][11]. This thesis focuses on weather monitoring using metrics collected by 

the radios, such as the received signal strength indicator (RSSI) and machine 

learning (ML) to sense rain. 
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Figure 1 Integrated communications and sensing drivers for mobile networks 

[6]. 

 

2.2 mmWave attenuation models 
 

As mentioned before, 5G and 6G communications can operate in the 

mmWave spectrum, which comprehends frequencies between 30 and 

300 GHz. These waves allow for denser networks that improve spectrum ef-

ficiency. Before divining into using these signals as sensors it is imperative to 

understand the physical laws by which they abide. The first element to take 

into consideration is the free-space attenuation of an RF signal. This model 

assumes that the transmission antennas are isotropic, thus radiating the 

same power in all directions, and there is line of sight (LOS) between the an-

tennas.  

The loss between two isotropic antennas is defined by the following equa-

tion 

 

 

where, 𝐿𝐹𝑆 is the free-space loss, R is the distance between the antennas and 

𝜆 is the signal’s wavelength. The signal wavelength is defined as 

 

 

where c is the speed of light in vacuum and the speed of free space electro-

magnetic propagation [5]. Replacing the value of 𝜆 in equation (1): 

 

 

where f is the transmission frequency in GHz and d is the distance between 

antennas in kilometers.  

 

𝐿𝐹𝑆[𝑑𝐵] = 20 log10 (
4𝜋𝑅

𝜆
), (1)  

𝜆 =
𝑐

𝑓
, (2)  

𝐿𝐹𝑆 = 92.4 + 20 log10 𝑓 + 20 log10 𝑑, (3)  
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Figure 2: Causes for attenuation in a wireless link. 

 

Other factors to consider for millimeter wave attenuation are gaseous and 

precipitation attenuation, foliage blockage, reflection, scattering and diffrac-

tion, some illustrated in Figure 2. First, gaseous attenuation consists of the 

absorption of the electromagnetic waves by oxygen, water vapor and other 

molecules in the air [4] [31]. Second, foliage blockage can be caused by trees 

close to the transmission path. Next, reflection occurs when the signal col-

lides with an object whose size is larger with regards to 𝜆, it can affect the 

power of a received signal depending on the strength and phase of the re-

flected signal. Next, scattering happens when the signal impacts an object 

smaller than 𝜆. The surface appears rough and irregular, thus, the reflected 

signal from the surface is spread out in random directions. Finally, diffrac-

tion is the phenomenon that allows signals to reach non line of sight (NLOS) 

receivers. The obstacle in the signal’s path causes a new wave front allowing 

it to reach the receiver. This thesis focuses on the losses caused by free space 

propagation, atmospheric absorption, and precipitation attenuation. 

In the case of atmospheric absorption, it depends on the transmission fre-

quency as some coincide with the mechanical resonant frequencies of the 

molecules in the air [4].  These frequencies are defined as oxygen and water 

vapor lines, the first study defined 44 oxygen lines and 34 water vapor lines 

[39]. Though, this thesis uses the ITU-R P.676-12 [1] which has 44 oxygen 

and 35 water vapor lines, as shown in Annex A. According to [1], specific gas-

eous attenuation is defined as: 

 

 

where 𝛾𝑜 is the specific attenuation of dry air, 𝛾𝑤 is the specific attenuation of 

water vapor, 𝑓 is the transmission frequency in GHz, and 𝑁𝑂𝑥𝑦𝑔𝑒𝑛
′′ (𝑓) and 

𝑁𝑊𝑎𝑡𝑒𝑟 𝑣𝑎𝑝𝑜𝑟
′′ (𝑓) are imaginary parts of the complex refractivities. They are de-

fined as: 

 

𝛾𝐺 = 𝛾𝑜 + 𝛾𝑤 = 0.1820𝑓 (𝑁𝑂𝑥𝑦𝑔𝑒𝑛
′′ (𝑓) + 𝑁𝑊𝑎𝑡𝑒𝑟 𝑣𝑎𝑝𝑜𝑟

′′ (𝑓))  [
𝑑𝐵

𝑘𝑚
] (4) 
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where 𝑆𝑖 is the ith line strength, 𝐹𝑖 is the ith line shape factor and the summa-

tions cover all the spectral lines in Annex A. 𝑁𝐷
′′(𝑓) is the Debye spectrum and 

the pressure-induced nitrogen absorption dry continuum. It is defined as fol-

lows: 

 

 

where 𝑑 is the Debye spectrum width parameter: 

 

 

where 𝑝 is the dry air pressure in hPa, 𝑒 is the partial water vapor pressure in 

hPa, thus 𝑝𝑇 = 𝑝 + 𝑒, and 𝜃 = 300/𝑇, 𝑇 being the temperature in Kelvin. The 

partial water vapor pressure for any height is defined as: 

 

 

where 𝜌 is the water vapor density. It can be obtained from the relative hu-

midity (RH) as follows [13]: 

 

 

in this case 𝑇𝐶 is the temperature in °C. 

Continuing, the line strength is defined as: 

 

 

where 𝑎𝑖 and 𝑏𝑖 are the corresponding oxygen and water vapor spectroscopic 

coefficients respectively. Next, the line-shape factor definition: 

 

𝑁𝑂𝑥𝑦𝑔𝑒𝑛
′′ (𝑓) = ∑𝑆𝑖𝐹𝑖

𝑖𝑂2

+ 𝑁𝐷
′′(𝑓)  (5) 

𝑁𝑊𝑎𝑡𝑒𝑟 𝑣𝑎𝑝𝑜𝑟
′′ (𝑓) = ∑ 𝑆𝑖𝐹𝑖

𝑖𝐻2𝑂

 (6) 

𝑁𝐷
′′(𝑓) = 𝑓𝑝𝜃2

[
 
 
 
 
6.14 × 10−5

𝑑 [1 + (
𝑓
𝑑
)
2

]

+
1.4 × 10−12𝑝𝜃1.5

1 + 1.9 × 10−5𝑓1.5

]
 
 
 
 

  (7) 

𝑑 = 5.6 × 10−4(𝑝 + 𝑒)𝜃0.8 (8) 

𝑒 =
𝜌𝑇

216.7
 (9) 

𝜌 = 1324.45 ×
𝑅𝐻

100%
×

exp (
17.67𝑇𝐶

𝑇𝐶 + 234.5
)

𝑇𝐶 + 237.15
  (10) 

𝑆𝑖 = 𝑎1 × 10−7𝑝𝜃3 exp[𝑎2(1 − 𝜃)]  for O2 (11) 

  

𝑆𝑖 = 𝑏1 × 10−7𝑒𝜃3.5 exp[𝑏2(1 − 𝜃)] for H2O (12) 
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where  𝑓𝑖  is the spectroscopic line frequency and Δ𝑓 is the line width, defined 

for oxygen as: 

 

 

and for water: 
 

 

The line width must take into account Zeeman splitting for the oxygen lines: 

 

 

In the case of water vapor lines, doppler broadening must be taken into con-

sideration: 

 

 

To finalize the atmospheric absorption, 𝛿 is a correction factor due to inter-

ference in the oxygen lines, defined as: 

 

 

The resulting specific attenuation from equation (4) can be seen in Figure 3. 

Next, it is necessary to define the losses due to precipitation, as defined in 

ITU-R P.838-3 [2].  The specific attenuation (γR) for a rain intensity (Ri) in 

mm/h is defined as: 

 

 

where 𝑘 and 𝛼 are functions of the frequency 𝑓 in GHz. This function is for 

frequencies between 1 and 1000 GHz. Using curve-fitting and power-law co-

efficients, 𝑘 is defined as: 

 

 

𝐹𝑖 =
𝑓

𝑓𝑖
[
Δ𝑓 − 𝛿(𝑓𝑖 − 𝑓)

(𝑓𝑖 − 𝑓)2 + Δ𝑓2 
+

Δ𝑓 − 𝛿(𝑓𝑖 + 𝑓)

(𝑓𝑖 + 𝑓)2 + Δ𝑓2
] (13) 

Δ𝑓 = 𝑎3 × 10−4(𝑝𝜃0.8−𝑎4 + 1.1𝑒𝜃), (14) 

Δ𝑓 = 𝑏3 × 10−4(𝑝𝜃𝑏4 + 𝑏5𝑒𝜃
𝑏6). (15) 

Δ𝑓 = √Δ𝑓2 + 2.25 × 10−6. (16) 

Δ𝑓 = 0.535Δ𝑓 + √0.217Δ𝑓2 +
2.1316 × 10−12𝑓𝑖

2

𝜃
 (17) 

δ = (𝑎5 + 𝑎6𝜃) × 10−4𝑝𝑇𝜃0.8 (18) 

γR = 𝑘𝑅𝑖
𝛼 [

𝑑𝐵

𝑘𝑚
] (19) 

log10 𝑘 = ∑(𝑎𝑗 exp [−(
log10(𝑓) − 𝑏𝑗

𝑐𝑗
)

2

])

4

𝑗=1

+ 𝑚𝑘 log10 𝑓 + 𝑐𝑘 (20) 
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Figure 3: Specific attenuation dB/km due to atmospheric gas absorption be-

tween 1 GHz and 350 GHz, with a pressure of 1013.25 hPa, temperature of 

15°C and water vapor density of 7.5g/m3. Based on the model by [1]. Water 

vapor attenuation 𝛾𝑤 (dotted discontinuous line), dry atmospheric attenuation 

𝛾𝑜 (discontinuous line) and the sum of both attenuations (solid line) as de-

fined by equation (4). 

 

for any 𝑘𝑉 or 𝑘𝐻 for vertical polarization and horizontal polarization respec-

tively. 𝛼 is defined as: 

 

 

for either αV or αH for vertical and horizontal polarization respectively. The 

constants 𝑎𝑗, 𝑏𝑗, 𝑐𝑗, 𝑚𝛼, 𝑐𝛼,  𝑚𝑘 and 𝑐𝑘 are included for both polarizations in 

the MATLAB function in Annex B. For all path geometries and linear or cir-

cular polarization, using 𝜃 as path elevation angle and 𝜏 as the polarization 

tilt angle, 𝛼 and 𝑘 can be calculated as [2]: 

 

 

An example plot for different Ri across frequencies between 1 and 1000 GHz 

with no transmission elevation angle nor polarization tilt angle, can be seen 

in Figure 4.  

 

α = ∑(𝑎𝑗 exp [−(
log10 𝑓 − 𝑏𝑗

𝑐𝑗
)

2

])

5

𝑗=1

+ 𝑚𝛼 log10 𝑓 + 𝑐𝛼 (21) 

𝑘 =
𝑘𝐻 + 𝑘𝑉 + (𝑘𝐻 − 𝑘𝑉) cos2 𝜃 cos 2𝜏 

2
 (22) 

𝛼 =
𝑘𝐻𝛼𝐻 + 𝑘𝑉𝛼𝑉 + (𝑘𝐻𝛼𝐻 − 𝑘𝑉𝛼𝑉) cos2 𝜃 cos 2𝜏

2𝑘
. (23) 
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Figure 4: Attenuation at different rain rates with elevation angle 𝜃 = 0 and 

polarization tilt angle 𝜏 = 0 for frequencies between 1 and 1000 GHz. 

 

To conclude, the power received at the transmitter can be modelled with 

the following equation: 

 

 

where 𝑃𝑇𝑥 is the transmission power, 𝐺𝑇𝑥 and 𝐺𝑅𝑥 are the antenna gains at 

the transmitter and receiver respectively,  𝐿𝐹𝑆 is the free-space loss, 𝐿𝐺  rep-

resents the gaseous absorption losses and  𝐿𝑅𝑖
 is the rain loss at a specific rain 

intensity. 𝐿𝐺  is defined as 

 

 

and 𝐿𝑅𝑖
 is defined as 

 

 

where 𝑑 is the distance between transmitter and receiver in kilometers.  

 

2.3 RF sensing use cases 
 

Over the past years, the use of radio frequency (RF) sensing has increased, 

as more applications for its use have surfaced. RF signals are used in the 

monitoring of activities and objects. Such technology allows for gesture 

tracking and more recently, the introduction of RF identification (RFID) in 

day-to-day applications [50]. It cannot go without mention that some RFID 

use cases rely heavily in Internet of Things (IoT). IoT constitutes objects with 

sensors and data processing abilities connected through a communication 

network to exchange data. It is thanks to this technology that it is possible to 

𝑃𝑅𝑥 = 𝑃𝑇𝑥 + 𝐺𝑇𝑥 + 𝐺𝑅𝑥 − (𝐿𝐹𝑆 + 𝐿𝐺 + 𝐿𝑅𝑖
) (24) 

𝐿𝐺 = 𝛾𝐺 × 𝑑 (25) 

𝐿𝑅𝑖
= 𝛾𝑅 × 𝑑 (26) 
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have smart karts at grocery stores that keep track of the taken products and 

sum their value or even smart stores where you grab the products you need 

and as you leave the store their cost is automatically charged from your bank 

account. Furthermore, smart devices can improve their performance by ad-

justing their transmission power to optimal values through RF sensing [10].  

Another use case for RF sensing is in the context of healthcare applica-

tions. At higher frequencies, more specifically in the terahertz (THz) band it 

is possible to use RF sensing to produce images [7] [8]. These images can go 

beyond what the human eye is able to perceive, allowing for improved moni-

toring of chronic diseases such as diabetes and asthma.  Similarly, these fre-

quencies can detect contaminants inside a container and inform the user of 

their presence in the contents in a handheld device, like a smartphone.  

Additionally, smart bandages can sense a wound’s healing process or smart 

refrigerators that can manage biological tissues and fluids. On top of that, RF 

sensors can perform different types of monitoring such as respiration rate, 

heart rate and fitness without any contact with the user [7] [8][50].  

Moreover, using RF sensing as a convergence of radar and communication 

opens the door to a world of possibilities.  Exploiting these convergences im-

proves safety for automated vehicles reducing accidents and risk of injury 

through high precision maps, vehicle trajectory and speed detection, and for-

eign object detection on roads. Moreover, accurate positioning though RF 

signals leads to gesture detection and activity monitoring, where mixed with 

machine learning (ML) the position a person can be classified and even falls 

detected [7] [8] [50]. Additionally, ML and RF sensing can be used in farming 

as a low-cost method to measure soil humidity [46]. 

 

2.3.1 Weather sensing 

 

Weather sensing is conventionally done using sensors specifically designed 

for the task, such as barometers for air pressure, rain gauges, weather radars 

and weather satellites for rainfall, and hygrometers for humidity [20]. How-

ever, weather sensing equipment is limited to its location and coverage area 

[14]. For example, weather radars can perform accurate measurements up to 

100 m above ground level. Therefore, establishing new methods for weather 

monitoring closer to the ground level in higher density can fill in the gaps left 

by the equipment limitations. Consequently, affecting applications for water 

management, flood warnings, agriculture, and weather prediction [23]. 

Over the past few decades, researchers have tested the use RF signals as 

weather sensors as a complement to weather radars. One of the use cases has 

been to measure relative humidity in the air. One example of this, is a mech-

anism that used support vector machine (SVM) classifier to measure indoor 

humidity from a 60 GHz mm-wave signal. The gaseous attenuation of a 

60 GHz signal is mainly due to oxygen absorption as this is the resonance 

frequency of oxygen molecules, as shown in Figure 5.  
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Figure 5: Variance in attenuation at different relative humidity percentages at 

the constant temperature of 15°C. 

 

The experiment extracted the channel state information (CSI) from the 

transmitted signal and eliminated the noise through principal component 

analysis and linear discriminant analysis algorithms. The classification 

mechanism proved to have a 95% accuracy in a 5% humidity interval. Addi-

tionally, it reacted 63.2 times faster than an electric hygrometer. Although 

the mechanism is susceptible to interference, once these problems are over-

come, it is a promising method for measuring humidity [12]. 

Another proposed method for relative humidity monitoring consists of us-

ing backhaul signals as sensors. This method uses the existing infrastructure 

built by and data already collected by mobile network operators (MNOs), 

thus, reducing costs in implementation. This method relies on the received 

signal level (RSL) values stored daily by the network operator to calculate, 

based on [1], the humidity that caused attenuation on the links. The study 

uses two backhaul links that transmit at 22.72 GHz and 21.32 GHz over 

3.8 km and 11 km respectively. Even though the measurements were suscep-

tible to interference by rain or fog in the area, the study had a 3% error in 

measuring RH. Consequently, proving that with some improvements, the 

method can be a reliable way of measuring humidity [13]. 

Alternatively, a myriad amount of research has focused of using RF signals 

to detect and measure precipitation. The most common method is based 

upon using a commercial microwave link (CML) attenuation measurement 

[15]–[24]. It is worth highlighting the development of RAINLINK, an R-

based algorithm from the Netherlands [15][28][41]. RAINLINK can build 2D 

maps with precipitation values from the recorded RSL values of a widely 

spread network, by grouping links in a 15-kilometer radius together to calcu-

late the rain intensity in the area. The algorithm uses each of the links in its 

data source as a virtual rain gauge (VRG). It first detects precipitation by 

comparing the changes in the RSL among the links in the radius and then 

gives an estimate of the rain intensity on the area. However, the default 
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parameters in the algorithm are best designed to fit raining conditions in the 

Netherlands. So, it is necessary for the program to improve performance in 

other locations, such as Brazil, Italy, and Pakistan, to do stochastic calibra-

tion based on local weather conditions [41].  

Furthermore, water accumulation on the antennas may affect the estima-

tion of rain intensities [41]. Thus, it is important to keep in mind these effects 

when designing a VRG. In addition, estimation improves when the algorithm 

detects precipitation before providing a rain intensity estimation [22]. More-

over, the most CMLs used as VRGs are between 200 meters and 60 km in 

length and transmit in frequencies from 6 GHz to 40 GHz. It can be inferred 

from Figure 4, that as the distance the signal travels increases, the attenua-

tion caused by the rain raises as well. Therefore, the longer the link the better 

accuracy on the rain intensity estimation [20]. 

Similarly, a study in Korea and Ethiopia uses a backhaul link signal to es-

timate rain intensity [20]. The data is from a 3.2 km link that transmits at 

18 GHz a dual polarization signal and a 38 GHz vertical polarization signal, 

a 100 m link in E-band (75 GHz), several satellite links and a 16 km link with 

a carrier frequency of 11 GHz. The study compares the performance of differ-

ent deep learning (DL) models as means of estimation for the rain intensity. 

The models are a long short-term memory (LSTM) recurrent neural network 

(RNN) and an artificial neural network (ANN). The DL models receive as in-

put the mean, maximum and minimum RSL values. The study concludes that 

terrestrial links provide a better prediction as they are not affected by atmos-

pheric features. Also, higher frequencies are better to monitor precipitation. 

However, the predictions from the E-band link are not as accurate because 

the wavelength is much smaller than the raindrop size, thus at high rain in-

tensities it underestimates the values. The study concludes that the LSTM 

model outperformed the ANN model. 

To finalize, researchers were able to classify precipitation through a clas-

sification tree with an accuracy of 85%. The study collected data from a 11.9-

kilometer-long link with an 18.3 GHz carrier frequency and two 19.37 GHz 

links with different polarization over 12.8 km. Moreover, in order to classify 

the precipitation in three categories: dry, rain or sleet, the classification tree 

received the minimum and maximum RSL values recorded in 15-minute in-

tervals. Unfortunately, this study did not have significant data to train, vali-

date and test the model for classifying snow. The study concludes that this 

method of classification is promising and further research in the area is en-

couraged [30].  

 

2.4 Machine Learning 
 

Machine learning has increased in use over the past years. Its application on 

telecommunication technologies is becoming more common every day. As 

mentioned before, AI is a driver for the development of 6G. Thus, it is vital to 
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understand it and develop new models to drive innovation. There are differ-

ent ML algorithms, some of the most common used for classification are k-

nearest neighbor (KNN), decision tree, support vector machine (SVM), and 

neural networks (NN). The KNN algorithm draws conclusions from neigh-

boring values in the data set. Next, the decision trees follow a flow chart 

method where it learns the decision points from the data. The SVM algorithm 

follows a method similar to linear regression, it uses a linear boundary to 

predict [47].  

Finally, neural networks are best suited for non-linear operations through 

interlinked perceptrons or nodes. A perceptron is the basic element of an 

ANN, just like neurons in a brain, a NN consists of a network of perceptrons, 

as illustrated in Figure 6. Artificial neural networks are suited for nonlinear 

operations.  A perceptron is defined mathematically as [48]: 

 

 

where 𝑤𝑖 is the weight, 𝑥𝑖 is the ith input feature and 𝑏 is the bias and 𝜎 is the 

activation function. This thesis uses two activation functions. The first is rec-

tified linear unit (ReLU) [56] and it is defined as follows: 

 

 

The second activation function is the SoftMax function [57], which is defined 

as: 

 

 

𝑓(𝑥) = 𝜎 (∑𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

) (27) 

𝜎(𝑥) = {
𝑥, 𝑥 ≥ 0
0, 𝑥 < 0

 . (28) 

𝜎(𝑥)𝑖 =
𝑒𝑥𝑖

∑ 𝑒
𝑥𝑗𝑘

𝑗=1

 . (29) 

Figure 6: Multilayer neural network description [48]. 
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This equation is a variant of the sigmoid function for more than one class. It 

is primarily used as the output activation layer for classification algorithms 

[48]. It calculates the probability of each of the possible outputs, the classifi-

cation layer then selects the highest probable option. All in all, a NN acts like 

a large perceptron with many layers. Therefore, the mathematical represen-

tation of an ANN is: 

 

 

where �̂� is the output of size 𝑘, �̂� the input data of size 𝑛, and 𝜃 represents the 

weights and biases.  

The training of an ANN is focused on reducing the loss of the network by 

adjusting the weights of each node through an iterative method known as 

backward propagation [53]. It depends on the type of output, if its a regres-

sion or a classification output. Typically, on classification networks the loss 

function is a SoftMax or binary cross-entropy [48]. The network starts with 

random values for the biases and weights and calculates the output. Next, it 

compares the desired output against the calculated one, and it uses a non-

linear function to calculate the actual output. Then it works back from the 

desired output through each layer adjusting the weights with the following 

function: 

 

 

where 𝜃𝑖+1 is the updated weight, 𝜂 is the learning rate (a pre-set parameter), 

𝜃𝑖 is the previous weight and 
𝑑(𝑙𝑜𝑠𝑠)

𝑑𝜃
 is the gradient error [48]. After calculating 

the new weights, the network repeats the process [53]. Doing this calculation 

for each training data sample is costly, thus, to optimize the process the train-

ing data is divided into sub-groups named batches. The number of samples 

per batch is a hyperparameter set before training. This is known as stochastic 

gradient descent (SGD). The procedure changes by selecting a random batch, 

running the data through the network and calculating the loss for the batch 

and then updating the weights. This is repeated throughout the whole train-

ing data set. The number of times the whole data set is processed is called an 

epoch, which is another hyperparameter in the training process. The training 

stops when all the epochs are completed.  

It is pertinent that with backwards propagation it is possible to have a 

model overfitted to the training data. A way to avoid over fitting a model is 

using dropout during training. This method deactivates a random set of 

nodes during each iteration, the percentage of the turned off nodes is taken 

�̂� = [

𝑦1

⋮
𝑦𝑘

] = 𝑓(𝑥; 𝜃) (30) 

𝜃𝑖+1 = 𝜃𝑖 + 𝜂
𝑑(𝑙𝑜𝑠𝑠)

𝑑𝜃
 (31) 
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as a parameter for the layer. Additionally, batch normalization layers assist 

on reducing the overfitting by normalizing the batch of data that the network 

is using to train itself [48].  

Deep learning models are based on neural networks. The term deep refers 

to the number of hidden layers in the NN. One of the most used DL models 

are LSTMs [51]. LSTM is a recurrent NN that is used for time series, it can 

remember the previous predictions of the network. So, it learns time depend-

encies in the data.  Figure 8 illustrates how an LSTM layer in a DL model is 

setup. It receives a CxS array as input, where C is the number of features and 

S is the number of time steps, and the output is a DxS array, where D is the 

number of hidden units and S the number of time steps.  

The LSTM block, at the time step t, consists of a cell state 𝒄𝑡, a hidden state 

𝒉𝑡, an input gate 𝑖𝑡, a forget gate 𝑓𝑡, a cell candidate 𝑔𝑡, and an output gate 𝑔𝑡, 

as shown in Figure 7. Each of the gates has its own input weight W, recurrent 

weight R and bias b.  The cell state and hidden state are defined as: 

 

 

where ⊙ is an element wise vector multiplication and, 𝜎𝑐 is the state activa-

tion function, which is by default in MATLAB a tanh function. The input, for-

get, cell and output gates are defined in equation (34) to equation (37). For 

the input, forget and output gates, 𝜎𝑔 is the gate activation function, typically 

a sigmoid function [58]. 

 

 

 
Figure 7: LSTM block components [58]. 

𝒄𝑡 = 𝑓𝑡 ⊙ 𝒄𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡 (32) 

𝒉𝑡 = 𝑜𝑡 ⊙ 𝜎𝑐(𝒄𝑡) (33) 

𝑖𝑡 = 𝜎𝑔(𝑊𝑖𝒙𝑡 + 𝑅𝑖𝒉𝑡−1 + 𝑏𝑖) (34) 

𝑓𝑡 = 𝜎𝑔(𝑊𝑓𝒙𝑡 + 𝑅𝑓𝒉𝑡−1 + 𝑏𝑓) (35) 

𝑜𝑡 = 𝜎𝑔(𝑊𝑜𝒙𝑡 + 𝑅𝑜𝒉𝑡−1 + 𝑏𝑜) (36) 

𝑔𝑡 = 𝜎𝑐(𝑊𝑔𝒙𝑡 + 𝑅𝑔𝒉𝑡−1 + 𝑏𝑔) (37) 
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Figure 8: LSTM layer architecture [58]. 

 

2.4.1 Model performance evaluation 

 

After a model is trained it must be evaluated to verify it is not overfitted and 

it performs as expected. One of the methods used to verify a ML model’s va-

lidity is through a confusion chart. This chart contrasts the real observations 

with the predicted values by displaying the number of matching classifica-

tions and misclassifications of the test data. The models trained in this thesis 

are binary classification models, this means that their output is either one of 

two values. Figure 9 shows a typical binary confusion chart and the names it 

coordinates receive.  

The division of classifications and misclassifications into four categories: 

true positives, false positives, false negatives, and true negatives allows for 

the calculation of metrics to evaluate the model’s performance. The first and 

most simple metric is the accuracy, as shown in equation (38). It gives the 

ratio of right guesses over the total of data points. Amongst the accuracy it is 

important to evaluate a model’s probability of detection (POD) or sensitivity, 

as described in equation (39), which gives the ratio of right guesses among 

true values. Additionally, the false alarm ratio (FAR), or false discovery rate, 

details the proportion of predictions that misclassified false values.  

 

 
Figure 9: Binary classification confusion chart used for rain detection.  
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Similarly, the model's precision or success ratio (SR), as given by equation 

(41), is the inverse of the FAR, it showcases the proportion of right guesses 

among those misclassified.  In the case of weather detection and forecasting 

it is essential to use metrics that do not include the true negative classifica-

tion because the data is greatly uneven. Usually, it is the case that lighting, 

floods, rain, typhoons, hurricanes, are rare events of nature [47]. Thus, it is 

necessary to include indicators that ignore the true negatives. For this pur-

pose, are the critical success index (CSI) or threat score, defined in equation 

(42) and the 𝐹𝛽-score defined in equation (43). This thesis uses the F1-score 

which is when 𝛽 = 1, as shown in equation (44) [55]. 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 (38) 

𝑃𝑂𝐷 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (39) 

𝐹𝐴𝑅 =
𝐹𝑃

𝑇𝑃 + 𝐹𝑃
 (40) 

𝑆𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
= 1 − 𝐹𝐴𝑅 (41) 

𝐶𝑆𝐼 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 (42) 

𝐹𝛽 =
(1 + 𝛽2)𝑇𝑃

(1 + 𝛽2)𝑇𝑃 + 𝛽2𝐹𝑁 + 𝐹𝑃
 (43) 

𝐹1 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 (44) 
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3 Implementation 
 

This chapter describes the data collection environment and data pre-pro-

cessing and analysis. Next it describes the deep learning model design pro-

cess and after that the results from training different models. This chapter 

concludes with an analysis and comparison of the trained models. 

 

3.1 Data Collection 
 

LuxTurrim5G is a smart city ecosystem based on 5G connectivity and a sen-

sor network. This thesis uses data collected from a LuxTurrim5G pilot envi-

ronment located at the Nokia Campus in the city of Espoo, Finland.  The en-

vironment consists of two bus stops, 19 smart poles and a drone station dis-

tributed a 1.5 km path between the Kera train station and the Nokia Campus 

as shown in Figure 10. The smart poles are equipped with different IoT de-

vices, such as weather sensors and communication equipment  [34]. A list of 

the equipment used for measurements in this thesis and their location is in 

Table 1. 

 

Table 1: LuxTurrim5G pilot environment equipment location and measured 

parameters. 

 
Location Equipment Parameter Units 

M&G Bus Stop WXT536 Pressure 

Temperature 

Relative humidity (RH) 

Rainfall intensity 

hPa 

°C 

%RH 

mm/h 

UBT-m 80 Local RSSI dBm 

Pole 1 RWS200 Rain intensity 

Rain State 

Rain ON/OFF 

Pressure (1 min avg) 

Temperature (1 min avg) 

RH (1 min avg) 

Rainfall intensity 

mm/h 

categorical value 

categorical value 

hPa 

°C 

%RH 

mm/h 

Pole 103 WXT536 Pressure 

Temperature 

RH 

Rainfall intensity 

hPa 

°C 

%RH 

mm/h 

UBT-m 80 Remote RSSI dBm 

 

The relevant signal attenuation values are collected from a backhaul link 

consisting of two Nokia E-band (60–90 GHz) Wavence Ultra-Broadband 

Transceiver Millimeter wave 80 (UBT-m 80) backhaul radios, located on the 

Meet & Greet (M&G) bus stop and pole 103, 114 meters apart. More specifi-

cally, the radio on the bus stop is located on the rooftop of the bus stop shel-

ter, roughly 2.5 meters from the ground whereas the radio on pole 103 is lo-

cated 6.5 meters from the ground as shown in Figure 11.  
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Figure 10: LuxTurrim5G pilot environment map, with a 114-meter backhaul 

signal between pole 103 and Meet & Greet (M&G) bus stop and weather 

monitoring devices mounted on pole 1, pole 103 and M&G bus stop  [34]. 

 

In addition, the Wavence UBT-m 80 radios are setup with a 2 GHz band-

width single carrier 128-QAM modulation FDD. They have a transmission 

power of 6.5 dBm and each has an antenna gain of 39 dBi and a LOS link. 

Furthermore, the UBT-m 80 radios are equipped with a radar dome (ra-

dome) and the transmission frequencies are 82 GHz and 72 GHz at the M&G 

bus stop and pole 103 respectively. These radio links record their respective 

received signal levels (RSSI) values every two seconds with a resolution of 

0.1 dBm. The RSSI at the M&G bus stop is recorded as “remoteRxPow” (re-

mote received power) whereas the RSSI at pole 103 is labelled as “lo-

calRxPow” (local received power) due to the location of the processing unit 

being at the bus stop. Thus, the Rx frequency at the bus stop is 72 GHz and 

the Rx frequency at pole 103 is 82 GHz. 

Moreover, the RSSI values are stored in a database and are queryable via 

HTTP request, with the earliest record being on the 14th of November 2021. 

The data for this thesis is obtained using a curl command to retrieve monthly 

data starting on November 2021 until October 2022. Each monthly query 

was stored as a JSON file in a workstation for pre-processing. 

As mentioned before, the environment is equipped with weather sensors, 

more specifically Vaisala WXT536 weather sensors and a RWS200 road 

weather station. The Vaisala WXT536 weather sensor measures barometric 

pressure, temperature, horizontal wind speed, humidity, and precipitation. 
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Figure 11: M&G bus stop and pole 103 equipment location, UBT-m 80 radio 

located 2.5 meters and 6.5 meters from the ground respectively, and the 

WXT536 weather sensor located at the top of the structure. 

 

The precipitation measurement relies on an acoustic Vaisala RAINCAP® 

Sensor which consists of a metal plate placed on top of the sensor [35]. There-

fore, this sensor is designed to detect hail and rain by the noise the particles 

produce when they collide against the sensor.  

 

Table 2: WXT536 parameter observation range, accuracy, and resolution 

[35]. 

 
Parameter Observation range Accuracy Resolution 

Barometric pressure 500 ... 1100 hPa ±1 hPa 0.1 hPa 

Air temperature -52 ... +60 °C ±0.3 °C 0.1 °C 

Relative humidity 0 ... 100 %RH ±3 %RH at 0 ... 90 %RH 

±5 %RH at 90 ... 100 %RH 

0.1 %RH 

Rainfall intensity 0 ... 200 mm/h - 0.1 mm/h 

Hail intensity - - 0.1 hits/cm2h, 1 hit/h 

 

The data from the WXT536 sensors located at the bus stop and pole is 

stored in a separate database queryable by HTTP request, with the records 

starting the 24th of May 2021. Nevertheless, the monthly data obtained with 

the curl command starts from November 2021, given that the focus of this 

thesis is to use RSSI to sense weather conditions. Thus, the data recorded 

before the UBTm-80 radios were installed and operational is ignored.  The 

list of the queried parameters, their ranges, accuracy, and resolution are in 

Table 2.  

However, the WXT536 sensor is not designed to measure snow intensity 

nor accumulation, for the reason that snowflakes do not produce sound when 

they collide with the sensor. Therefore, the demand of a sensor that could 

measure the precipitation intensity of snow during the winter months is sat-

isfied with the Vaisala RWS200 weather station, shown in Figure 12. It is 

equipped with a Vaisala PWD22 present weather detector, in addition to a 

WXT536 sensor. The PWD22 operates with a capacitive sensor in 
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conjunction with an optical forward scatterer with a 45° angle to identify the 

precipitation type [36]. Therefore, the PWD22 sensor improves the measur-

ing accuracy with a higher resolution of 0.01 mm/h. It reports the rain state 

with seven precipitation types, and a weather report using World Meteoro-

logical Organization (WMO) SYNOP (surface synoptic observations) code, 

detailed in Table C1. The sampling frequency, queried parameters, and their 

resolution in the RWS200 can be found in Table 3. 

The RWS200 weather station is located on the top of a parking garage be-

side pole 1, 280 meters away from the backhaul link. This is an acceptable 

distance for detecting liquid precipitation events with an intensity of 2 mm/h 

or less that can be labelled as light rain. In the case of heavy rain showers, 

which are more localized, and their intensity is between 5 and 10 mm/h, the 

station measurements serve as a guide to classify the period as rain. The 

weather measurements from the RWS200 station are accessed through a web 

portal where it is possible to manually create monthly reports and export 

them as CSV files. 

 

Table 3: RWS200 parameter observation range, accuracy, sampling rate, 

and resolution  [38]. 

 

Parameter 
Observation 

range 
Accuracy 

Sampling 

rate 
Resolution 

Barometric pres-

sure (1 min avg) 

500 ... 1100 hPa ±1 hPa 10 s 0.1 hPa 

Air temperature 

(1 min avg) 

-52 ... +60 °C ±0.3 °C 10 s 0.1 °C 

Relative humidity 

(1 min avg) 

0 ... 100 %RH ±3 %RH at 0 ... 90 %RH 

±5 %RH at 90 ... 100 %RH 

10 s 0.1 %RH 

Rainfall intensity  0 ... 999.99 mm/h 0.05mm/h or less within 10 

minutes  

60 s 0.01 mm/h 

Rain On/Off ON 

OFF 

 60 s - 

Rain State No rain 

Light/Moderate/Heavy precipitation 

Light/Moderate/Heavy snow 

60 s - 

 

 
Figure 12: RWS200 weather station equipped with WXT536 weather sensor 

and present weather detector PWD22. 
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3.2 Data pre-processing 
 

The data collection resulted in three different files for each of the sources: 

two JSON files composed of the RSSI and weather measurements from the 

UBT-m 80 radios and WXT536 sensor respectively, and a CSV file containing 

the measurements from the RWS200 weather station. A sample of these files 

is in Annex . In order to import the data into MATLAB for further pre-pro-

cessing, it was necessary to use a Python script to transform the JSON data 

into CSV file. The use of a Python script to reorganize the values proved to be 

faster than using MATLAB to extract and organize the dataset. In the case of 

the RSSI files, the script transformed the input file into a CSV file with three 

columns: Timestamp, pole103RSSI, and busStopRSSI. Where pole103RSSI 

and busStopRSSI were originally labelled as LocalRxPow and RemoteRxPow 

respectively. Similarly, the WXT536 JSON files were transformed into a 

seven-column CSV file with the values: timestamp, pressure, temperature, 

relative humidity, rain intensity, hail intensity, and location. The last column 

identifies the location of the WXT536 sensor which can be either Pole103 or 

BusStop. 

The next step is to import the CSV files and sync the timestamps in 

MATLAB. The files are imported as tables and converted then a timetable 

type. This data type allows for an easier handling of the timestamps in the 

table, permitting such thing as retiming a timetable and synchronization be-

tween timetables. To do so, the Timestamp column of the table must be a 

datetime datatype.  It is important to note that the data extracted as a JSON 

file is recorded in the GMT time zone while the data exported as a CSV file is 

recorded in the Eastern European Time (EET) time zone (GMT+3). Keeping 

this in mind, all datasets are converted into EET, so the measurements match 

the local time in Finland.  

 

 
Figure 13: Unprocessed M&G bus stop RSSI during ten days in June 2022.  
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Figure 14: Bus stop RSSI after double moving median outlier replacement 

from second pre-processing method during ten days in June 2022. 

 

This thesis uses three different methods for synching the data sets and 

RSSI pre-processing. The first method consists of obtaining the minimum, 

maximum, mean, and median RSSI values for pole 103 and the bus stop. 

These values are taken in time windows of 1, 5, 10 and 15 minutes for each 

location, differentiated by Rx frequency: 82 GHz for the bus stop RSSI and 

72 GHz for pole 103 RSSI.  The result is a table consisting of the following 

values: timestamp, frequency, minimum RSSI, maximum RSSI, median 

RSSI and mean RSSI. These values are joined with the RWS200 retimed ta-

ble, that consists of the last recorded value at the end of the interval, using 

the Timestamp column as key. 

The second method of synchronizing the data set involves the over-

sampling of the weather measurements. Consequently, the values recorded 

every minute are repeated every two seconds until the next recorded value. 

This is achieved through the retime function in MATLAB for timetables, us-

ing the previous recorded value every two seconds. Then the weather data is 

synched using the synchronize function where the timestamps are taken from 

the UBT-m 80 table and the nearest value from the weather data is added to 

the table row. This process yields a table with the values: timestamp, pole 102 

RSSI, bus stop RSSI, air pressure, temperature, rain intensity, rain on/off, 

rain state, relative humidity, and weather code.  

This method yielded the detailed behavior of the recorded RSSI, as shown 

in Figure 13, which showed evidence of outliers that were not properly han-

dled with the first method. In this case, the MATLAB filloutlier function 

served as the method to replace the outlier values. This function is set up to 

replace the outliers with the nearest value using a double moving median; the 

first with a two-minute window and the second with a five-minute window. 

Both moving windows are centered at the evaluated value, in summary, the 

moving median calculation is based on both preceding and succeeding val-

ues. An example of the resulting RSSI is in Figure 14. Though the resulting 
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RSSI has less outliers, it is still possible to identify visually drops in the RSSI 

during periods where no precipitation is recorded by the sensors. These re-

sulting outliers are identified and removed using a function that replaces a 

specified value in the time range where the outlier takes place with NaN. 

Then, using the MATLAB rmmissing function the records are removed from 

the timetable. The resulting RSSI is a signal with digital noise as depicted in 

Figure 15. 

 

Similarly, the third method oversamples the weather data using the same 

MATLAB retime function to synchronize it with the recorded RSSI. This 

method takes the digital noise into account while being designed for real time 

data streaming. Therefore, it focuses the moving mean on the values preced-

ing the current value. It first removes the previously identified outliers and 

then applies the moving mean to the recorded RSSI values. The function re-

ceives the width of the window as a parameter so it can be adjusted to the 

best fitting value. The function returns a signal without any digital noise, 

though some of the outliers that were previously removed using the moving 

median method are still identifiable within the signal, though the difference 

in magnitude of these values is lower than the raw signal.  

As for the data obtained from the RWS200 weather station, two of the rel-

evant values for this thesis are recorded by the sensor as strings: rain on/off 

(precipitation detection) and rain state. Thus, when the data is imported 

from the CSV file the values on those columns are treated as categorical data. 

The MATLAB function dummyvar converts each different value on the col-

umn with the categorical column into a new column where the value is “1” in 

the matching rows of the value and “0” otherwise. Consequently, the rain 

on/off column is split into two columns one having “1” values on the records 

where precipitation is detected and another column with “1” values for those 

records where no precipitation is detected. 

 

 
Figure 15: Bus stop RSSI after manually removing outliers during ten days in 

June 2022. 
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Figure 16: Bus stop RSSI after 15 minute moving mean and outlier removal 

during 10 days in June. 

 

Similarly, the rain state column is converted into seven columns for each type 

of precipitation, as listed in Table 3. The values of these columns are later 

grouped into three different categories as Dry, Rain and Snow columns to 

reduce the number of columns in the timetable. 

The grouping of the different categories allows to classify the type of pre-

cipitation when retiming the table. Keeping in mind thar retiming uses the 

mean values of the records inside the window, the dummy variables are av-

eraged as well. A row is classified as having no precipitation when the average 

of this value is equal to one. In case the value is less than one, it indicates that 

there was precipitation during the window, therefore the value is set to zero. 

The row is classified as rain if the average of the rain column is greater than 

the average of the snow column. Lastly the precipitation is classified as snow 

when the average is equal to or greater than the value for rain during the time 

window. 

Finally, with regards to the WXT536 recorded data, the Hail intensity col-

umn is disregarded from the data set as the number of hail events recorded 

was insignificant compared to the other precipitation data. Additionally, the 

measurements from both locations, pole 103 and bus stop, are averaged re-

sulting in one record per timestamp instead of two records differentiated by 

location. This is done in order to simplify the synching of the data with the 

RSSI measurements during the second and third methods as the values from 

both locations share the same row as they are in different columns. 
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3.3 Data Analysis 
 

The first topic to examine after the data pre-processing is the RSSI behavior 

during a rain event. Two measurements of precipitation are used for this pur-

pose, a snow event Ri measured with the PWD22 sensor on January 26th, 

2022, and a rain event mean Ri measured with the WXT536 sensors located 

at the bus stop and pole 103. The mean RSSI for the first case is calculated 

using the first method on a minute basis whereas the mean RSSI for the sec-

ond case is calculated using the third method with a 25-minute moving mean. 

These measurements are shown in Figure 17 and Figure 20, respectively. 

It is possible to identify a decrease in the received signal power in both 

cases. Although, it is relevant to highlight the RSSI behavior during the meas-

urements in Figure 17 are different from those recorded in Figure 20. Diving 

deeper into the January event, using the PWD22 rain state measurement, as 

shown in Figure 18, it consists of mixed precipitation, more specifically light 

snow, and light precipitation. Therefore, it is possible to observe the RSSI 

behavior during both snow and rain events. There is a drop in the RSSI value 

from - 28 dBm to approximately - 41 dBm between 16:50 and 17:00, though 

it had already been snowing lightly for an hour. Moreover, the light snow 

precipitation did not cause a visual effect on the RSSI value, thus proving that 

the RSSI behavior during a snow event is less reliable on for the detection on 

such precipitation. Whereas Figure 21 clearly shows that the drops in the 

RSSI values are better correlated to a rain event. Though, in this case, the 

RSSI at the pole drops less than 3 dBm during the rain event. Therefore, snow 

has a bigger effect on the received signal power than regular rain. Nonethe-

less, this is indicative that the changes in the RSSI value can be used to iden-

tify precipitation events.  

 

 
Figure 17: Rain intensity measured by PWD22 and pole 103 mean RSSI cal-

culated using the first method during a snow event on January 26th, 2022.  
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Figure 18: Mean RSSI at pole 103 and rain state recorded by the PWD22 

optical sensor during a snow event on January 26th, 2022. 

 

The data collected during the snow event in January confirmed the limi-

tations of the WXT536 weather sensor. Figure 19 shows the measured pre-

cipitation during the event. The PWD22 measurements reveal that the event 

lasted over eight hours. During that time the WXT536 managed to record just 

one measurement of 0.05 mm/h for one minute. This is due that only one of 

the weather sensors at the backhaul link detected a precipitation intensity of 

0.1 mm/h while the other sensor did not detect anything. Thus, during winter 

the WXT536 measurements are unreliable, and it is not until late spring, 

when the precipitation is liquid, that such measurements should be used to 

train a deep learning model.  

 

 
Figure 19: Rain intensity measured by WXT536 and pole 103 RSSI calcu-

lated using the third method and a 25-minute window, during a snow event 

on January 26th, 2022. 
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Figure 20: Rain intensity measured by WXT536 and pole 103 RSSI calcu-

lated using the third method and a 25-minute window, during rain events on 

September 14th, 2022. 

 

 
Figure 21: RSSI at pole 103 and rain state recorded by the PWD22 optical 

sensor during rain events on September 14th, 2022. 

 

The next step in this analysis is to compare how the theoretical losses com-

pare to the received signal levels at the bus stop and pole 103. The theoretical 

model used for this comparison considers the transmission power, antenna 

gains, free space loss, gaseous attenuation, and rain attenuation, as shown in 

equation (45). The gaseous attenuation and rain attenuation are calculated 

based on [1] and [2] respectively, and the weather parameter values are those 

measured by the RWS200 station. However, this theoretical model does not 

take into consideration losses caused by reflections, diffractions, and losses 

in the feeder lines. The losses are plotted in Figure 22.a along with the Ri at 

while the calculated losses are plotted along with the measured RSSI in Fig-

ure 22.b. The same calculation is performed for the raining September event, 

and the results and comparison are in Figure 23. 

 

𝐿 = 𝑃𝑇𝑥 + 2𝐺𝑖 − (𝐿𝐹𝑆 + 𝐿𝐺 + 𝐿𝑅𝑖
) (45)  
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The first factor to highlight from this comparison is that the theoretical 

losses have no delay with regards to the raining event. Meanwhile, the meas-

ured RSSI takes some minutes to react to the precipitation, as the precipita-

tion does not start instantly as the theorical model suggests. The second de-

tail to highlight from the comparison is the differences in amplitude between 

the theoretical model loss and the real loss. The difference between the values 

is expected, due to the radio equipment is equipped with an amplifier of un-

known design and gain. Additionally, the RSSI, does not measure losses in 

the signal. Nevertheless, it should be highlighted that the theoretical model 

and the measured RSSI behave similarly during a precipitation event. Thus, 

confirming that rain affects the RSSI values. 

 

  
(a) (b) 

Figure 22: Calculation and comparison of theoretical losses and measured 

parameters. (a) Theorical losses calculated with weather parameters meas-

ured by RWS200 station on January 26th, 2022. (b) Calculated theoretical 

loss (dashed line) and measured RSSI at pole 103 on January 26th, 2022. 

 

 
(a) (b) 

Figure 23: Calculation and comparison of theoretical losses and measured 

parameters. (a) Theorical losses calculated with weather parameters meas-

ured by WXT536 sensor on September 14th, 2022. (b) Theoretical losses 

calculated with weather parameters measured by WXT536 and measured 

RSSI at pole 103 (dashed line) on September 14th, 2022. 
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The next step of this analysis is to view the correlation between the meas-

ured weather parameters and the RSSI, as shown in Figure 24. It is possible 

to identify that both the RSSI measured at the bus stop and pole103 are heav-

ily correlated. This is due that the main difference between the links is their 

transmitting frequency. Therefore, if an object causes an interference be-

tween one of the links, it is very probable it would also affect the link in the 

other direction. Additionally, the diagram shows that there is low correlation 

between the RSSI and the measured weather parameters. Nevertheless, it is 

imperative to highlight that the diagram considers linear dependency. As 

mentioned earlier, the relationship between received power and weather fac-

tors is not linear. Consequently, the graph proves that such relationship is 

not linear, showing that the temperature is the parameter with less influence 

on the RSSI. 

Understanding the relationship between the signal strength and the pre-

sent weather conditions also considers the effects of them in the equipment 

itself. Therefore, an additional test is performed on the antennas where water 

was injected directly to the bus stop radome. The RSSI response to the injec-

tion of water is shown in Figure 25. The test lasts 20 minutes, with multiple 

injections where RSSI responds to each of these and lowers. Although, the 

time it takes to change is significantly faster than the time it usually takes for 

the RSSI to drop under – 31 dBm during a rain event. Therefore, water in the 

radome does affect the RSSI values though when it is injected directly into 

the equipment the time response is faster than a regular precipitation event. 

 

 
Figure 24: Pole 103 RSSI, bus stop RSSI, relative humidity (RH), atmos-

pheric pressure (P), Temperature (Temp) and Rain intensity (Ri) correlations. 

Values taken from RWS200 station between November 2021 and May 2022. 
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Figure 25: Pole 103 RSSI response during water injection test.  

 

Lastly, during the data collection it became clear that the training data for 

the DL model would be uneven as less than 10% of the time there was any 

precipitation. Snow and mixed precipitation events occurred until the end of 

March 2022. Therefore, usable data for the machine learning training, vali-

dation and testing is that recorded between April and October 2022, totaling 

to 7,899,298 records. Additionally, the categorical data from the RWS200 

station detects precipitation with a higher resolution than the rain intensity 

sensors. Therefore, there are instances where the rain intensity measured by 

both the PWD22 and WXT536 is zero while Rain State is “Light precipita-

tion”, and the Rain On/Off value is “On”.  The Rain On/Off value matches the 

values for Rain State. Thus, when no precipitation is recorded, rain is off and 

when there is some type of precipitation the rain is on. Table 4 shows the 

percentage of records where each sensor does not detect any rain. Conse-

quently, the training data must be divided into smaller groups to achieve a 

more balanced training set.  

 

Table 4: Percentages of instances measured by different sensors where no 

precipitation is present between April and September 2022.  

  

Sensor 
Records without 

precipitation 

RWS200 Rain State 92.56% 

RWS200 Rain On/Off 92.56% 

PWD22 Rain intensity 94.35% 

WXT536 Rain intensity 97.28% 

 

 

3.4 Deep Learning Model Design 
 

As mentioned before, the best suited DL model for rain sensing is a LSTM 

model [20]. Therefore, this thesis designs and compares different LSTM 

models using different hyperparameters to improve model accuracy. It is 
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known that DL model training is an iterative process, as the hyperparameters 

change the model’s accuracy varies. This thesis uses the same layer structure 

for most of the DL models which is shown in Figure 26. The structure starts 

with a sequence input for two parameters, which are in this case the RSSI 

values at the bus stop an at pole 103. As this is a classification model, the 

output can take two values either “Dry,” for instances where it is not raining, 

and “Wet,” for instances where there is rain.  

 The hyperparameters that affect the performance of the model are the fol-

lowing: the sensor used for training (WXT536, PWD22 or RWS200 rain de-

tection), the threshold Ri, the sampling frequency, the moving mean window 

size, the input sequence size, testing data, testing data distribution, valida-

tion data distribution, layer hyperparameter, and the training options. The 

sensor and threshold Ri affect the amount of data that is classified as Wet in 

the training, validation, and test sets. In this case, all the models shown in 

this thesis are trained with the WXT536 sensor as the refence sensor. The 

sampling frequency determines the time resolution for the input on account 

of the definition of the number of samples per minute from the dataset, which 

is originally 30 samples per minute (SPM). The moving mean window size 

determines the length of the time window for the third method pre-pro-

cessing. The input sequence size determines how long the sequence is in 

minutes. 

During some training iterations the training dataset changed in size, af-

fecting training time and training samples. Given that the datasets are une-

ven, all wet instances were used and a random sample from the dry events 

are used for training and validation data. The testing and validation data dis-

tribution determines the percentage of dry samples are extracted from each 

of the data sets. The wet and dry records are then randomly mixed and used 

in the training process. The layer hyperparameter determines the number of 

nodes in the case of fully connected or LSTM layers and the dropout percent-

age for the dropout layer. Finally, the training options hyperparameters de-

fine settings such as batch size, number of epochs, the validation data, and 

validation frequency. 

 

 
Figure 26: LSTM Deep Learning model layers. 

Sequence Input 
(2)

Batch 
Nomalization

LSTM Dropout
Fully 

Connected
Batch 

Normalization

ReLU
Fully 

Connected
Batch 

Normalization
ReLU

Fully 
Connected

Batch 
Normalization

ReLU
Fully 

Connected (2)
Softmax

Classification 
Output



 

42 

 

As previously stated, the data for model training, validation and testing is 

pre-processed through the third method. Thus, the original sampling fre-

quency of the data set is 30 samples per minute. In order to maintain the 

number of Wet events as they represent a small percentage of the recorded 

data, the down sampling algorithm affects solely the input sequence. There-

fore, the number of wet records for datasets that share the same dataset is 

the same no matter the sampling frequency. 

For the sake of conciseness, this thesis focuses on six of these trained mod-

els. First, model 1, which is an illustrative model without down sampling the 

input sequence. Second, model 2 which is the best representative model of 

the input sequence down sampling. Third, model 3 which is the representa-

tive model after changing layer hyperparameters and a bigger training da-

taset. Lastly, models 4 to 6, which were trained in an iterative cycle to deter-

mine which Ri threshold provided the best CSI metric for each of the sensors. 

The rain intensities for these models and sensor thresholds start at 

0.01 mm/h, and then increase in factors of 0.05 mm/h until a maximum of 

3 mm/h. The training loop is designed to stop whether that limit is reached 

or both the CSI metric from the WXT536 and PWD22 sensors are less than 

0.1. Table 5 shows a summary of the hyperparameters used for each of the 

models.  

 

Table 5: Consolidation of the different training hyperparameters for each of 

the models. 

 
Model Layer hyperparameters Training options Other parameters 

1 lstmLayer(128,"Output-
Mode","last") 
dropoutLayer(0.5) 
fullyConnectedLayer(100) 
fullyConnectedLayer(100) 
fullyConnectedLayer(100) 

Max Epochs= 20 
Mini Batch Size= 512 
Validation Frequency= 
250 

Threshold Ri =0.1 mm/h 
SPM= 30 
Input sequence= 15 min 
Mean window= 5 min 
Training distribution= 40% 
Validation distribution= 20% 

2 lstmLayer(128,"Output-
Mode","last") 
dropoutLayer(0.5) 
fullyConnectedLayer(100) 
fullyConnectedLayer(100) 
fullyConnectedLayer(100) 

Max Epochs= 25 
Mini Batch Size= 512 
Validation Frequency= 
500 

Threshold Ri =0.5 mm/h 
SPM= 2 
Input sequence= 15 min 
Mean window= 5 min 
Training distribution= 30% 
Validation distribution= 10% 

3 lstmLayer(64,"OutputMode","last") 
dropoutLayer(0.3) 
fullyConnectedLayer(32) 
fullyConnectedLayer(16) 
fullyConnectedLayer(8) 

Max Epochs= 5 
Mini Batch Size= 256 
Validation Frequency= 
500 

Threshold Ri =0.5 mm/h 
SPM= 2 
Input sequence= 25 min 
Mean window= 5 min 
Training distribution= 15% 
Validation distribution= 1% 

4,5,6 lstmLayer(64,"OutputMode","last") 
dropoutLayer(0.3) 
fullyConnectedLayer(32) 
fullyConnectedLayer(16) 
fullyConnectedLayer(8) 

Max Epochs=3 
Mini Batch Size= 512 
No validations during 
training 
 

Threshold Ri= 0.01-3 mm/h 
SPM= 2 
Input sequence= 25 min 
Mean window= 15 min 
Training distribution= 5% 

 

All the models in this thesis are built, trained, and tested using MATLAB 

R2021b in a machine with Intel Core i7-11850H CPU, 16 GB DDR4 3200 

RAM and NVIDIA Quadro T1200 4 GB GGDR5 GPU. Models 1 and 2 were 
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trained using data from June and July 2022, while Model 3 was trained using 

data from April to July 2022. These models were validated with data col-

lected during August 2022 and tested with data collected between September 

13th and September 15th, 2022. Similarly, Models 4, 5 and 6 where trained 

with data from April to September 2022 and tested with data from October 

2022. In order to perform a consistent comparison between all the models, 

Models 1, 2 and 3 were also tested using the data collected during October 

2022. Histograms of the measured rain intensities for the different datasets 

can be seen in Annex E. 

It was previously mentioned that weather data is very uneven, and events 

like rain are more of an exception than a rule. In order to evaluate the per-

formance of each model’s different metrics are applied to their prediction re-

sults. The POD, in equation (39), and FAR, in equation (40), assist in the 

understanding of how well the model is classifying and misclassifying the 

predictions. The optimal model would have a high POD and a low FAR. The 

CSI metric, in equation (42) and F1-score, in equation (44), summarize the 

information from the POD and FAR metrics ignoring the true negatives (TN) 

in the results. Thus, none of these metrics consider the TN, being accuracy, 

equation (38), the only one to do so. Thus, it weighs in the amount TN in its 

value which can be misleading with an uneven dataset. Therefore, the metrics 

considered for reviewing model performance are CSI metric and F1. 

 

Table 6: Percentages of instances measured by different sensors where no 

precipitation is present for the different test sets. 

 

Test Sensor 
Records without 

precipitation 

1 RWS200 Rain On/Off 57.49% 

PWD22 Rain intensity 69.55% 

WXT536 Rain intensity 80.72% 

2 RWS200 Rain On/Off 90,05% 

PWD22 Rain intensity 92,46% 

WXT536 Rain intensity 96.47% 

 

3.5 Results 
 

It was mentioned before, six models are selected in this thesis out of over 109 

trained models. Keeping in mind that models 1, 2 and 3 are tested with two 

data sets while models 4, 5 and 6 are tested with one data set. The first dataset 

contains the recorded RSSI values and weather measurements from Septem-

ber 13th 21:00, 2022 to September 15th 21:00, 2022. This data set will be re-

ferred as the September test or test 1, all results from testing and validation 

are consolidated in Annex F. The second dataset contains records from the 

October 1st 00:00, 2022 to November 1st 00:00, 2022; it is referred as the 

October test or test 2. Similarly, confusion charts and prediction plots are in 

Annex F  for this test. Table 6 shows the percentage of the records that are 



 

44 

 

classified as Dry according to the minimum recorded rain intensities or de-

tections from each sensor. Additionally, the confusion charts for each sensor 

and test follows the structure shown in Figure 9.  

 

Table 7: Best model performance metrics by sensor during the October test, 

models with best metrics per sensor highlighted. 
 

Sensor Model Accuracy CSI POD FAR F1-Score 

PWD22 1 0.9145 0.3243 0.5443 0.5549 0.4897 

2* 0.9328 0.3041 0.4645 0.5317 0.4664 

3 0.9488 0.4647 0.5895 0.3129 0.6345 

4 0.8936 0.3798 0.8648 0.5962 0.5505 

5 0.8726 0.3458 0.8937 0.6394 0.5139 

6 0.9357 0.4576 0.7196 0.4431 0.6279 

RWS200 1 0.9017 0.3323 0.4693 0.4929 0.4875 

2 0.9101 0.2871 0.3636 0.4230 0.4461 

3 0.9360 0.4390 0.5031 0.2251 0.6101 

4 0.9050 0.4664 0.8335 0.4857 0.6361 

5 0.8868 0.4333 0.8692 0.5365 0.6046 

6 0.9378 0.5197 0.6764 0.3083 0.6840 

WXT536 1 0.9168 0.1961 0.6421 0.7798 0.3279 

2 0.9375 0.2033 0.5045 0.7460 0.3379 

3 0.9465 0.2855 0.6765 0.6694 0.4442 

4 0.8636 0.1720 0.8962 0.8245 0.2935 

5 0.8399 0.1540 0.9221 0.8440 0.2669 

6 0.9201 0.2351 0.7768 0.7479 0.3807 

* Model 2 metrics based on PWD22 Ri=0.1 mm/h. 

 

Model 1 took six hours and 33 minutes to train. The results for the model’s 

performance during the September test are summarized in Table F1. Simi-

larly, the confusion charts and metric plots are shown in Figure F16 to Figure 

F21 for the October test data. Figure 27 shows the predictions from Model 1 

in a time window from October 16 5:30, 2022 to October 17 9:30, 2022. The 

measurements and classifications from the weather sensors for test 2 are in 

Figure F13 to Figure F15. In a similar matter, Model 2 was trained in 20 

minutes. The September results for this model are summarized in Table F2. 

With regards to the October test, the model’s predictions for the October time 

window are in Figure 28 and the confusion charts and metric plots for the 

whole month are in Figure F22 to Figure F27. In the case of Model 3, the total 

training time was 14 minutes. The predictions for the September test and 

confusion charts are shown in Figure F10 to Figure F12, with the metrics from 

each sensor contained in Table F3. A snippet of the predictions from this 

model during the October test are in Figure 29, and the confusion charts and 

plots for CSI metric, POD, F1-score, and FAR for the testing period are in 

Figure F28 to Figure F33. 
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Figure 27: Snippet of Model 1 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 

 

 
Figure 28: Snippet of Model 2 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 

 

 
Figure 29: Snippet of Model 3 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 
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Figure 30: Snippet of Model 4 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 

 

 
Figure 31: Snippet of Model 5 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 

 

 
Figure 32: Snippet of Model 6 predictions for the October test data, Ri rec-

orded by WXT536 sensor. 
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(a) (b) 

 
(c) 

Figure 33 Training CSI metrics with varying Ri compared to (a) WXT536 Ri 

measurements, (b) PWD22 Ri measurements, and (c) RWS200 rain detec-

tion. 

 

In order to calculate and plot the metrics in Annex F, all model predictions 

were compared to the precipitation classification according to a Ri from 0.01 

to 3 mm/h increasing in multiples of 0.05 mm/h from the different sensors. 

As RWS200 classification does not depend on rain intensity, the CSI metric 

remained the same throughout the test. The iterative process stopped once 

the highest Ri is reached or when the CSI metric value for both WXT536 and 

PWD22 sensors is below 0.1. Table 7 shows a summary of the best metrics 

for each of the models in comparison with the sensors. In the case of Model 2 

the best values with regards to the PWD22 sensor is when Ri is equal to 

0.1 mm/h. 

 

3.6 Analysis 
 

It is pertinent to highlight that the six models selected for analysis are repre-

sentative of the iterations made throughout training and testing the DL 

model. Model 1 represents the models trained without changing much of the 

hyperparameters and input data. The training process started varying the 
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threshold rain intensity, training distribution and validation distribution. 

The model was additionally trained for a high number of epochs, which 

shows that it was overfitted to the data from the WXT536 sensor. Due to be-

ing the best performing model during the September test metric comparison, 

as shown in Table 8. However, this is still a complex DL model, since the 

model needs an input of RSSI values for 15 minutes, which translates to a 

2x450 array. Additionally, it has three 100-node fully connected layers plus 

a 128-hidden LSTM layer that sum up to 100,878 learnables. Thus, a model 

of this magnitude takes over six hours to train. 

However, down sampling the input considerably reduces the training 

time, as Model 2 took 20 minutes to train, having the same structure as 

Model 1 and more epochs during training. Model 2 is a good representative 

of the effects of reducing the sampling frequency in a recursive DL model. It 

receives the same input duration in a 2x30 array, outperforming in the Octo-

ber test the accuracy of Model 1. Moreover, it achieves scores within 5% of 

the CSI and F1 metrics during the October test, as seen in Table 7. The train-

ing of the models converged to a 90% training accuracy within two epochs, 

therefore the number of epochs was reduced to five for the training of Model 

3. 

Model 3 is representative of reducing the hyperparameters and keeping 

the down sampling of the inputs. It contains 20,026 learnables, making it five 

times smaller than model 1 and 2. Additionally, its input sequence lasts ten 

minutes longer, thus having a 2x50 array as input. The advantages of this 

model are also evidenced on its training time, being six minutes faster than 

Model 2. During the training of this model, it was apparent that validation 

consumes training time. As mentioned before, the model’s training accuracy 

converges within two epochs, as witnessed in Figure F57. Therefore, to opti-

mize training time for the models based on metrics, and simplify the algo-

rithm, the number of epochs was reduced to two and the models were not 

validated during training. Thus, achieving a training time of two minutes per 

model. 

 

Table 8: Best model performance metrics by sensor during the September 

test, models with best metrics per sensor highlighted. 
 

Sensor Model Accuracy CSI POD FAR F1-Score 

PWD22 1 0.8683 0.6293 0.6293 0.0864 0.6293 

2 0.8342 0.4784 0.4969 0.0723 0.6472 

3 0.8935 0.6783 0.7314 0.0967 0.8083 

RWS200 1 0.7654 0.4624 0.4722 0.0428 0.6324 

2 0.7278 0.3696 0.3734 0.0267 0.5397 

3 0.8029 0.5493 0.5601 0.0341 0.7091 

WXT536 1 0.8987 0.5909 0.7986 0.3056 0.7428 

2 0.8925 0.5272 0.6540 0.2688 0.6904 

3 0.8597 0.5102 0.7946 0.4123 0.6757 
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The overall performance of models 1, 2 and 3 during the September test 

shows that Model 3 performs best compared against more sensitive sensors 

than the first two models. Thus, not only is Model 3 simpler in structure, but 

it also performs better than more complex models. In addition, the accuracy 

of the models improves when tested against a bigger dataset. Notably is this 

due to the higher ratio of true negatives detected in the data set due to it being 

unbalanced. 

Moreover, with the automated training based on metrics for models 4, 5, 

and 6 it is evidenced that Model 6 is the model that performs best in compar-

ison with the most sensitive sensor, which is the RWS200 rain detection. 

Even though, the performance of this model is best when comparing the met-

rics, Model 3 has a lower FAR. In this case, the weight of the POD for Model 

6 helps it achieve a better accuracy. It is worth noting that the Ri threshold of 

0.5 mm/h for models 2 and 3 was set empirically from the performance of 

other models during the training process. Thus, obtaining another model 

with a similar threshold rain intensity, 0.45 mm/h, as it is the case for Model 

6, supports the observations from the empirical parameter setting.  

Additionally, models 4 and 5 have a similar threshold for Ri as Model 1. 

The case for Model 5 is peculiar since it performs best compared against the 

PWD22 minimum rain detection while being trained with the minimum Ri 

from the WXT536 which is 0.05 mm/h. However, this model is not the best 

performing when compared to the other models against the PWD22 CSI met-

ric. Unfortunately, this model has the highest FAR in comparison with all the 

sensors. Thus, justifying its overall poor performance. 

The majority of the models’ CSI metric and F1-scores peak at the lowest 

rain intensity. This is due to the number of records predicted as rain not 

changing as the number decreases in the testing data. Thus, causing less ac-

curacy in the models. This is also evidenced in the POD and FAR charts. The 

ratio of correctly classified rain records increases as the threshold increases 

at the cost of the other predicted values becoming false detections or false 

positives.  

Furthermore, the classification model proposed in [30] has an accuracy of 

86.42% for precipitation detection. The model’s confusion chart was adapted 
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Figure 34: Confusion chart for precipitation detection in [30]. 
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for rain detection is shown in Figure 34. Thus, the values for precipitation 

classification were grouped as Dry and Wet predictions. Under this adapta-

tion, the CSI for the model is 0.5728, F1 is 0.7328, POD is 0.8907 and FAR is 

equal to 0.3775. Unfortunately, the precipitation classification model was 

tested against a data set significantly smaller than the testing datasets used 

in this thesis. It can be seen by comparing the metric values in Table 7 and 

Table 8, that a bigger testing dataset yields to a bigger proportion of false 

detections, thus affecting the FAR in the model. The September test, like the 

test dataset for the precipitation classification model presented in [30], fo-

cuses on data recorded during a high precipitation event. Therefore, the ac-

curacy of the models is calculated during an exceptional time. In this case, 

Model 3 outperforms the precipitation classification model when the metrics 

of this model are calculated against PWD22 measurements. In the case of 

only taking model accuracy as performance metric, all six models designed 

and trained in this thesis outperform the model proposed in [30] for rain de-

tection.  
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4 Discussion 
 

The models trained and tested in this thesis are similar to those used in [20], 

in the study researchers used a LSTM link to measure rain intensity over a E-

band link. Nevertheless, the models used in [20] do not use a sequential in-

put, they have three parameters as input: minimum, maximum, and mean 

RSL over a period of one minute with 6 SPM. Their model proved to be inac-

curate for high rain intensities, as high frequencies experience larger losses. 

Nonetheless, if it were to be scaled down and use a Ri threshold from the 

model, it would be possible to sense precipitation. E-band signals could have 

limitations on rain intensity measurement, though further studies could fo-

cus on precipitation classification.  

Regarding precipitation detection, Annex F includes some examples of 

different models trained. For instance, classification tree models had a high 

FAR and a low POD. Thus, the need for better performing models led to the 

design of LSTM NN. The models trained with PWD22 sensor as detection 

metric have lower accuracies, though their CSI metric and F1-score values are 

higher than those of the models analyzed in this thesis. At the moment of 

training such models, the metric that was given more importance was accu-

racy. Therefore, the pursuit to improve the performance of those models was 

abandoned. It should be pursued in future work to design and train a LSTM 

model that would be trained with more accurate detections of precipitation. 

The use as accuracy as leading metric can mislead to bad performing mod-

els. For example, in the case where the test data is 95% of the time dry, a 

model that classifies every record as dry would be 95% accurate. This model 

would have a POD equal to zero, thus, being a useless model for precipitation 

detection. Therefore, the training loop to select the best performing models 

proved to be useful. Additionally, the result from this training cycle showed 

that those models trained empirically to yield setting the minimum rain in-

tensity as 0.5 mm/h were close to the best threshold value 0.45 mm/h. 

Additionally, further studies could use several links in mmWave frequen-

cies over the same area. This would bring forth a bigger variety, coverage, and 

data to train a DL model. These models could map the movement of a storm 

cloud over the coverage area. These studies should consider the effects of 

wind in the measurements, as wind direction affects the process in which ra-

dios are covered in water. Moreover, time and exposure to outdoor condi-

tions can influence the radome performance. The deterioration of the ra-

domes should be considered when designing the weather sensor. These mod-

els could also include precipitation classification, as more data is being col-

lected from the LuxTurrim5G environment.  

Furthermore, locating one of the radios on top of a bus stop, leads to block-

age of LOS by tall vehicles. In some instances, the RSSI dropped when a bus 

was parked in front of the bus stop, scaling on some occasions to loss of con-

nection. Moreover, having access to a test network proved useful. Although, 
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the databases are not regularly backed-up or maintained which could cause 

loss of historical data. Nonetheless access to the LuxTurrim5G data records 

proved crucial in the making of this thesis. 

Also, the channel state indicator (CSI) could be used as input for these 

models, as done in [27]. CSI is recorded as a complex matrix and can provide 

a better input for the deep learning models. Thus, allowing to use a wider 

variety of DL methods and models to for weather sensing. This information 

could yield a universal model, therefore avoiding the need to calibrate the 

equipment depending on its location [41]. The use of a sequential input 

LSTM model with CSI information would also allow the measurement of 

other weather parameters such as relative humidity, precipitation classifica-

tion and rain intensity measurement. 
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5 Conclusion 
 

This thesis successfully trained a deep learning model with an LSTM layer to 

detect precipitation over a 114-meter E-band backhaul link. The model de-

tected with precipitation with a 93% accuracy compared to professional rain 

detection equipment, as is the Vaisala RWS200 weather station. Further-

more, the model’s probability of detection of rain events is 0.68 with a false 

alarm rate of 0.31, thus having a F1-score equal to 0.68. Compared to other 

proposed model [30], this model has a higher accuracy with regards to pre-

cipitation detection. Though it is important to highlight that the size of the 

test data and the sensors used as reference influence heavily on the model 

performance, as the access to high end and high-resolution weather equip-

ment was fundamental for the development of the models in this thesis.  

Furthermore, choosing the right metrics to measure model performance 

is fundamental on the decision of the best suiting model for the given task. 

Accuracy is an important metric, but when using it in unbalanced datasets it 

may not give a clear picture of the model’s performance. Metrics such as POD 

and FAR help in improving the understanding of the models and summary 

metrics such as CSI metric and F1 give an overall picture and comparable 

value between models.  

Moreover, the chosen best performing model on this thesis, Model 6, was 

trained with performance metrics in mind that were different from model 

accuracy. Thus, proving the importance of the use of methods that prioritize 

performance metrics. Even more so in the case of doing exploratory training 

and analysis. Even though, Model 3 was empirically the best trained model, 

surpassing the performance of Model 6 when precipitation detection was 

based on measured rain intensity.  

Accordingly, mmWave signals can be used for purposes other than com-

munications. The use RSSI as a weather measurement parameter has been 

studied and developed over the past decade. This thesis contributes with a 

method for weather sensing using signal strength and deep learning algo-

rithms. The widening use of ML can boost the implementation of models as 

the ones trained in this thesis over different communication networks. Thus, 

improving weather nowcasting where a person can check their phone to 

know if they must take an umbrella before leaving their house.  
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A. Gaseous attenuation spectroscopic data 
  

 
Figure A1: Spectroscopic coefficients of oxygen lines. Columns represent: 

center frequency (𝑓0) [GHz], strength (𝑎1 and 𝑎2), width (𝑎3 and 𝑎4), and over-

lap (𝑎5 and 𝑎6)  [1][39]. Used as oxygen.txt for MATLAB function. 
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Figure A2: Spectroscopic coefficients of water vapor lines. Columns repre-

sent: center frequency (𝑓0) [GHz], strength (𝑏1 and 𝑏2), and width (𝑏3 , 𝑏4, 𝑏5 

and 𝑏6)  [1][39]. Used as water.txt for MATLAB function 
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B. MATLAB code 
 

Atmospheric absorption 
 
function [kappag] = AttenCoef_Gas_rh(T,P,RH,f) 
%ATTENUATIONGASRH Description: Code computes the total attenuation (ab-
sorption) coefficient 
% due to Oxygen and water vapor at any frequency 1<f<1000GHz, 
% temperature -100<t<50C, pressure 10^-5 mbar < P < 1013 mbar, 
% and Relative humidity RH%. 
% Source: Microwave Radar and Radiometric Remote Sensing, 
http://mrs.eecs.umich.edu 
%  Input Variables 
    %T: temperature in in degree C 
    %P: total barometric pressure in mbar 
    %RH: Relative humidity % 
    %f: frequency in GHz 
%   Output Products 
    %kappag: gaseous attenuation coefficient in dB/km 
%   Code updated to use ITU-R P.676-12 and convert relative humidity to  
%  water density by Carolina Mejia Lopez - NOKIA  
 
    %Transform relative Humidity to density (David, Alpert, Messer 2009) 
    rho_0=6.112*216.7*RH*exp(17.67*T/(T+243.5))/(100*(T+273.15)); 
    %Calculate atten. due to water vapor 
    [kappaH2O]=AttenCoef_WaterVapor(T,P,rho_0,f); 
    % calculate atten. due to oxygen 
    [kappaO2]=AttenCoef_Oxygen(T,P,rho_0,f); 
    % total atten. in dB/km    
    kappag=kappaH2O+kappaO2; 
end 
 
function [kappaH2O]=AttenCoef_WaterVapor(T,P,rho_0,f) 
% Source: Microwave Radar and Radiometric Remote Sensing, 
http://mrs.eecs.umich.edu 
% These MATLAB-based computer codes are made available to the remote 
% sensing community with no restrictions. Users may download them and 
% use them as they see fit. The codes are intended as educational tools 
% with limited ranges of applicability, so no guarantees are attached to 
% any of the codes.  
% 
%Code 8.1: Attenuation Coefficient of Water Vapor 
 
%Description: Code computes the attenuation (absorption) coefficient of 
%water vapor at any frequency 1<f<1000GHz, temperature -100<t<50C 
%pressure 10e-5mbar<P<1013mbar, and water vapor density 
%0<rho_0<20<g/m^3 
%Input Variables: 
    %T: temperature in Celsius 
    %P: total barometric pressure in mbar/hPa 
    %rho_0: water vapor density in g/m^3 
    %f: frequency in GHz 
%Output Products: 
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    %kappaH20: water vapor attenuation coefficient in dB/km 
 
%Book Reference: Sections 8-2.3 
 
%Code updated to ITU-R P.676-12 by Carolina Mejia Lopez - NOKIA  
    %Transform temperature to degrees Kelvin 
    T = T + 273.15;  
    linesW = 35; 
    FW=zeros(linesW,numel(f)); 
    Nwv=zeros(linesW,numel(f)); 
 
    %Load Parameters from Parameter List 
    load water.txt 
    fi=transpose(water(1:linesW,1)); 
    b([1:6],:)=transpose(water(1:linesW,[2:7])); 
 
    %Calculate values of computed inputs -eq(3) 
    theta=300/T; 
    %es(4) 
    e=rho_0*T/216.7; 
    % Line width for H2O - eq(6a) 
    Deltaf = b(3,:)*1e-4 .*(P*theta.^b(4,:) + b(5,:)*e.*theta.^b(6,:)); 
    % Doppler broadening -eq(6b) 
    Deltaf = 0.535*Deltaf + sqrt(0.217*Deltaf.^2+2.1316e-12*fi.^2/theta); 
    % Correction factor for oxygen, H2O = 0 - eq(7) 
    delta = zeros(linesW,1); 
    % Line shape factor eq(5) 
    for ii=1:linesW 
        FW(ii,:)=(f/fi(ii)).*((Deltaf(ii)-delta(ii).* ...  

(fi(ii)-f))./((fi(ii)-f).^2+Deltaf(ii)^2) ... 
             + (Deltaf(ii)-
delta(ii).*(fi(ii)+f))./((fi(ii)+f).^2 ... 

+ Deltaf(ii)^2)); 
    end 
     
    % Line strength - eq(3) 
    Si = b(1,:)* 1e-1 * e* theta^3.5 .* exp(b(2,:)*(1-theta)); 
 
    %Imaginary parts of the frequency-dependent refractivities - eq(2b) 
    for ii=1:linesW 
        Nwv(ii,:) = Si(ii)*FW(ii,:); 
    end 
    Nwv =sum(Nwv); 
 
    kappaH2O = 0.1820*f.*Nwv; 
end 
 
function [kappaO2] = AttenCoef_Oxygen(T,P,rho_0,f) 
% Source: Microwave Radar and Radiometric Remote Sensing, 
http://mrs.eecs.umich.edu 
% These MATLAB-based computer codes are made available to the remote 
% sensing community with no restrictions. Users may download them and 
% use them as they see fit. The codes are intended as educational tools 
% with limited ranges of applicability, so no guarantees are attached to 
% any of the codes.  
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% 
%Code 8.2: Attenuation Coefficient of Oxygen 
%Description: Code computes the attenuation (absorption) coefficient of 
%Oxygen at any frequency 1<f<1000GHz, temperature -100<t<50C 
%pressure 10e-5mbar<P<10e13mbar, and water vapor density 
%0<rho_0<20<g/m^3 
 
%Input Variables: 
    %T: temperature in Celsius 
    %P: total barometric pressure in mbar/hPa 
    %rho_0: water vapor density in g/m^3 
    %f: frequency in GHz 
%Output Products: 
    %kappa02: Oxygen attenuation coefficient in dB/km 
 
%Book Reference: Sections 8-2.3 
 
%Description: Attenuation Coefficient of Oxygen 
 
%Code updated to ITU-R P.676-12 by Carolina Mejia Lopez - NOKIA  
     
%Transform temperature to degrees Kelvin 
    T = T + 273.15;  
    linesO=44; 
    F=zeros(linesO,numel(f)); 
    No=zeros(linesO,numel(f));     
 
    %Load Parameters from Parameter List 
    load oxygen.txt 
    fi=transpose(oxygen(1:linesO,1)); 
    a(1:6,:)=transpose(oxygen(1:linesO,[2:7])); 
 
    %Calculate values of computed inputs - eq(3) 
    theta=300/T; 
    %eq(4) 
    e=(rho_0*T)/216.7; 
     
    %Width parameter for the Debye spectrum - eq(9) 
    d= 5.6e-4*(P+e)*theta^0.8; 
    %Debye spectrum - eq(8) 
    Nd=f*P*theta^2.*((6.14e-5)./(d.*(1+(f./d).^2)) ... 

+(1.4e-12*P*theta^1.5)./(1+1.9e-5*f.^1.5)); 
 
    % Correction factor for oxygen - eq(7) 
    delta = (a(5,:)+ a(6,:) .* theta).* 1e-4 .* (P+e) .* theta.^0.8; 
 
    % Line width for oxygen - eq(6a) 
    Deltaf = a(3,:)*1e-4 .*(P*theta.^(0.8 - a(4,:)) + 1.1*e*theta); 
    % Zeeman splitting - eq(6b) 
    Deltaf = sqrt(Deltaf.^2+2.25e-6); 
    for ii=1:linesO 
        % Line shape factor - eq(5) 
        F(ii,:)=(f/fi(ii)).*((Deltaf(ii)-delta(ii).* ...  

(fi(ii)-f))./((fi(ii)-f).^2+Deltaf(ii)^2) ... 
             + (Deltaf(ii)-delta(ii).*(fi(ii)+f))./ ...  
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((fi(ii)+f).^2 + Deltaf(ii)^2)); 
    end 
    %Line strength - eq(3) 
    Si = (a(1,:))*1e-7*P*theta^3.*exp(a(2,:)*(1-theta)); 
     
    %Imaginary parts of the frequency-dependent refractivities - eq(2a) 
    for ii=1:linesO 
        No(ii,:) = Si(ii).*F(ii,:); 
    end 
    No = sum(No)+Nd; 
    kappaO2 = 0.1820*f.*No; 
end 

 

Rain attenuation 
 
function [gamma_r] = rainatten(f,R,theta,tau) 
%RAINATTEN Rain attenuation prediction model based on ITU-R P.838-3 
% Code by: Carolina Mejía López - NOKIA 
% Input parameters: 
% R: Rain rate [mm/h] 
% f: frequency [GHz], 1GHz < f < 1000GHz 
% theta: path elevation angle [rad] 
% tau: polarization tilt angle [rad] 
% Output parameters: 
% gamma_r: Specific attenuation for rain rate [dB/km] 
 
    % Coefficient definition 
    nk=4; % number of elements in k coefficients 
    na=5; % number of elements in alpha coefficient 
    %Coefficients for k_h 
    m_kh=-0.18961; 
    c_kh=0.71147; 
    a_kh=[-5.33980;-0.35351;-0.23789;-0.94158]; 
    b_kh=[-0.10008;1.26970;0.86036;0.64552]; 
    cj_kh=[1.13098;0.45400;0.15354;0.16817]; 
    %Coefficients for k_v 
    m_kv=-0.16398; 
    c_kv=0.63297; 
    a_kv=[-3.80595;-3.44965;-0.39902;0.50167]; 
    b_kv=[0.56934;-0.22911;0.73042;1.07319]; 
    cj_kv=[0.81061;0.51059;0.11899;0.27195]; 
    %Coefficients for alpha_h 
    m_ah=0.67849; 
    c_ah=-1.95537; 
    a_ah=[-0.14318;0.29591;0.32177;-5.37610;16.1721]; 
    b_ah=[1.82442;0.77564;0.63773;-0.96230;-3.29980]; 
    cj_ah=[-0.55187;0.19822;0.13164;1.47828;3.43990]; 
    %Coefficients for alpha_v 
    m_av=-0.053739; 
    c_av=0.83433; 
    a_av=[-0.07771;0.56727;-0.20238;-48.2991;48.5833]; 
    b_av=[2.33840;0.95545;1.14520;0.791669;0.791459]; 
    cj_av=[-0.76284;0.54039;0.26809;0.116226;0.116479]; 
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    % Coefficient calculation 
    kh=zeros(nk,numel(f)); 
    kv=zeros(nk,numel(f)); 
    alphah=zeros(na,numel(f)); 
    alphav=zeros(na,numel(f)); 
     
    for i=1:nk 
        kh(i,:)=a_kh(i)*exp(-((log10(f)-b_kh(i))/cj_kh(i)).^2); 
        kv(i,:)=a_kv(i)*exp(-((log10(f)-b_kv(i))/cj_kv(i)).^2); 
    end 
    for i=1:na 
        alphah(i,:)=a_ah(i)*exp(-((log10(f)-b_ah(i))/cj_ah(i)).^2); 
        alphav(i,:)=a_av(i)*exp(-((log10(f)-b_av(i))/cj_av(i)).^2); 
    end 
    kh=10.^(sum(kh)+m_kh*log10(f)+c_kh); 
    alphah= sum(alphah)+m_ah*log10(f)+c_ah; 
    kv=10.^(sum(kv)+m_kv*log10(f)+c_kv); 
    alphav= sum(alphav)+m_av*log10(f)+c_av; 
     
    % Linear and circular polarization 
    k=(kh+kv+(kh-kv)*cos(theta)^2*cos(2*tau))/2; 
    alpha=(kh.*alphah+kv.*alphav+ ...  

(kh.*alphah-kv.*alphav)*cos(theta)^2*cos(2*tau))/(2*k); 
    gamma_r=k.*R.^alpha; %dB/km 
end 
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C. Weather sensor specifications 
 

Table C1: PWD22 rain state thresholds [38]. 

 

Weather type 
Light 

(mm/h) 

Moderate 

(mm/h) 

Heavy 

(mm/h) 

Drizzle ≤0.25 ≤0.5 >0.5 

Rain, precipitation, drizzle with rain, sleet/mixed ≤2.5 ≤7.6 >7.6 

Snow, soft hail, snow grains, ice pellets ≤1.25 ≤2.5 >2.5 
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D. Data samples 
 

 
Figure D1: Wavence UBT-m 80 unprocessed JSON file sample. 

 

 
Figure D2: WXT536 unprocessed JSON file sample. 

 

 
Figure D3: RWS200 unprocessed CSV file sample. 
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E. Training, Validation and Test Data Ri Histograms 
 

 

(a) (b) 

Figure E1: Models 1 and 2 training data from June 2022 to July 2022. (a) 

Histogram for rain intensities measured by PWD22 sensor. (b) Histogram for 

rain intensities measured by WXT536 sensor. 

 

 

(a) (b) 

Figure E2: Model 3 training data from April 2022 to July 2022. (a) Histogram 

for rain intensities measured by PWD22 sensor. (b) Histogram for rain inten-

sities measured by WXT536 sensor. 
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(a) (b) 

Figure E3: Models 1, 2 and 3 validation data from August 2022. (a) Histogram 

for rain intensities measured by PWD22 sensor. (b) Histogram for rain inten-

sities measured by WXT536 sensor. 

 

 

(a) (b) 

Figure E4: Models 1, 2 and 3 test data from September 13th 21:00 to Sep-

tember 15th 21:00, 2022. (a) Histogram for rain intensities measured by 

PWD22 sensor. (b) Histogram for rain intensities measured by WXT536 sen-

sor. 
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(a) (b) 

Figure E5: Models 4, 5 and 6 training data from April 2022 to September 

2022. (a) Histogram for rain intensities measured by PWD22 sensor. (b) His-

togram for rain intensities measured by WXT536 sensor. 

 

 
(a) (b) 

Figure E6: Models 1, 2, 3, 4, 5 and 6 test data from October 2022. (a) Histo-

gram for rain intensities measured by PWD22 sensor. (b) Histogram for rain 

intensities measured by WXT536 sensor. 
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F. Confusion diagrams and model predictions 
 

September test results 
 

 
Figure F1: PWD22 rain intensity measurements and precipitation classifica-

tion. 

 

 
Figure F2: PWD22 rain intensity measurements and precipitation classifica-

tion by RWS200. 
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Figure F3: WXT536 rain intensity measurements and precipitation classifica-

tion. 

 

Model 1 

 
Figure F4: Model 1 predictions for test September test. 
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(a) (b) 

Figure F5: (a) Model 1 confusion chart compared to detections from PWD22. 

(b) Model 1 confusion chart compared to detections from RWS200 for Sep-

tember test. 

 

 
Figure F6: Model 1 confusion chart compared to detections from WXT536 for 

September test. 

 

Table F1: Model 1 metrics for September test. 

 
Sensor CSI POD FAR F1-Score Accuracy 

PWD22 0.5939 0.6293 0.0864 0.7452 0.8683 

RWS200 0.4624 0.4722 0.0428 0.6324 0.7654 

WXT536 0.5909 0.7986 0.3056 0.7428 0.8987 
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Model 2 

 
Figure F7: Model 2 predictions for test September test. 

 
 

 
(a) (b) 

Figure F8: (a) Model 2 confusion chart compared to detections from PWD22. 

(b) Model 2 confusion chart compared to detections from RWS200 for Sep-

tember test. 

 

Table F2: Model 2 metrics for September test. 

 
Sensor CSI POD FAR F1-Score Accuracy 

PWD22 0.4784 0.4969 0.0723 0.6472 0.8342 

RWS200 0.3696 0.3734 0.0267 0.5397 0.7278 

WXT536 0.5272 0.6540 0.2688 0.6904 0.8925 
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Figure F9: Model 2 confusion chart compared to detections from WXT536 for 

September test. 

 

Model 3 

 
Figure F10: Model 3 predictions for test September test. 

 

 
(a) (b) 

Figure F11: (a) Model 3 confusion chart compared to detections from 

PWD22. (b) Model 3 confusion chart compared to detections from RWS200 

for September test. 
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Figure F12: Model 3 confusion chart compared to detections from WXT536 

for September test. 

 

Table F3: Model 3 metrics for September test. 

 
Sensor CSI POD FAR F1-Score Accuracy 

PWD22 0.6783 0.7314 0.0967 0.8083 0.8935 

RWS200 0.5493 0.5601 0.0341 0.7091 0.8029 

WXT536 0.5102 0.7946 0.4123 0.6757 0.8597 

 

October test results 
 

 
Figure F13: PWD22 rain intensity measurements and precipitation classifi-

cation by RWS200. RSSI pre-processed with a 15-minute mean window. 
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Figure F14: RWS200 rain intensity measurements and precipitation classifi-

cation. RSSI pre-processed with a 15-minute mean window. 

 

 
Figure F15: WXT536 rain intensity measurements and precipitation classifi-

cation. RSSI pre-processed with a 15-minute mean window. 
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Model 1 

 
(a) (b) 

Figure F16: (a) Model 1 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 1 accuracy for rain 

detection and confusion chat with RWS200 rain detection for October test. 

 

 
Figure F17: Model 1 accuracy for rain detection and confusion chart with 

WXT536 sensor as reference for October test. 

 

 
(a) (b) 

Figure F18: CSI metric as a function of Ri for Model 1 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F19: F1-score as a function of Ri for Model 1 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F20: FAR as a function of Ri for Model 1 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F21: POD as a function of Ri for Model 1 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 
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Model 2 

 
(a) (b) 

Figure F22: (a) Model 2 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 2 accuracy for rain 

detection and confusion chat with RWS200 rain detection for October test. 

 

 
(a) (b) 

Figure F23: Model 2 accuracy for rain detection and confusion chart with 

(a) WXT536 sensor as reference, (b) PWD22 Ri=0.1 mm/h measurements 

for October test. 

 
(a) (b) 

Figure F24: CSI metric as a function of Ri for Model 2 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F25: F1-score as a function of Ri for Model 2 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F26: FAR as a function of Ri for Model 2 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F27: POD as a function of Ri for Model 2 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 
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Model 3 

 
(a) (b) 

Figure F28: (a) Model 3 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 3 accuracy for rain 

detection and confusion chat with RWS200 rain detection. 

 

 
Figure F29: Model 3 accuracy for rain detection and confusion chart with 

WXT536 sensor as reference for October test. 

 

 
(a) (b) 

Figure F30: CSI metric as a function of Ri for Model 3 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F31: F1-score as a function of Ri for Model 3 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F32: FAR as a function of Ri for Model 3 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F33: POD as a function of Ri for Model 3 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 
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Model 4 

 
(a) (b) 

Figure F34: (a) Model 4 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 4 accuracy for rain 

detection and confusion chat with RWS200 rain detection for October test. 

 

 
Figure F35: Model 4 accuracy for rain detection and confusion chart with 

WXT536 sensor as reference for October test. 

 

 
(a) (b) 

Figure F36: CSI metric as a function of Ri for Model 4 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F37: F1-score as a function of Ri for Model 4 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F38: FAR as a function of Ri for Model 4 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F39: POD as a function of Ri for Model 4 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 



 

86 

 

Model 5 

 
(a) (b) 

Figure F40: (a) Model 5 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 5 accuracy for rain 

detection and confusion chat with RWS200 rain detection for October test. 

 

 
Figure F41: Model 5 accuracy for rain detection and confusion chart with 

WXT536 sensor as reference for October test. 

 

 
(a) (b) 

Figure F42: CSI metric as a function of Ri for Model 5 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F43: F1-score as a function of Ri for Model 5 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F44: FAR as a function of Ri for Model 5 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F45: POD as a function of Ri for Model 5 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 
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Model 6 

 
(a) (b) 

Figure F46: (a) Model 6 accuracy for rain detection and confusion chart com-

pared to PWD22 minimum Ri measurements. (b) Model 6 accuracy for rain 

detection and confusion chat with RWS200 rain detection for October test. 

 

 
Figure F47: Model 6 accuracy for rain detection and confusion chart with 

WXT536 sensor as reference for October test. 

 

 
(a) (b) 

Figure F48: CSI metric as a function of Ri for Model 6 during October test. 

(a) Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 
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(a) (b) 

Figure F49: F1-score as a function of Ri for Model 6 during October test. (a) 

Ri based on PWD22 measurements. (b) Ri based on WXT536 measure-

ments. 

 

 
(a) (b) 

Figure F50: FAR as a function of Ri for Model 6 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 

 

 
(a) (b) 

Figure F51: POD as a function of Ri for Model 6 during October test. (a) Ri 

based on PWD22 measurements. (b) Ri based on WXT536 measurements. 
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Other models 
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Figure F52: Bagged trees classification model, trained with data processed 

with method 1, from November 11, 2022 to April 30, 2022. Input parameters: 

minimum, mean, and maximum RSSI over 15 minutes. Test accuracy 83.1%, 

CSI metric 0.2986, POD equal to 0.3279, FAR of 0.2305 and F1 equal to 

0.4598. 
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Figure F53: Bagged trees classification model, trained with data processed 

with method 1, from November 11, 2022 to April 30, 2022. Input parameters: 

minimum, mean, and maximum RSSI, and transmission frequency over 15 

minutes. Test accuracy 83.0%, CSI of 0.3024, POD equal to 0.334, FAR of 

0.2392 and F1 equal to 0.4644. 
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Figure F54: LSTM model trained with the same parameters as Model 1, ex-

cept using RWS200 rain detection as reference sensor. Test accuracy 

78.22%, CSI of 0.5891, F1-score of 0.7414, POD equal to 0.7334, and FAR 

of 0.2503. Model tested with data from September 13th 21:00, 2022 to Sep-

tember 15th 21:00, 2022. 

 

 
Figure F55: LSTM model trained with similar parameters as Model 1, training 

distribution of 20%, validation distribution of 5%, 25 max epochs, validation 

frequency of 300, Ri threshold of 0.01mm/h and trained with PWD22 as ref-

erence sensor. Test accuracy 84.14%, CSI of 0.5658, F1-score of 0.7227, 

POD equal to 0.8355 and FAR of 0.3633. Model tested with data from Sep-

tember 13th 21:00, 2022 to September 15th 21:00, 2022. 
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Figure F56: LSTM model trained with similar parameters as Model 1, training 

distribution of 20%, validation distribution of 5%, 25 max epochs, validation 

frequency of 300, Ri threshold of 0.01mm/h and trained with PWD22 as ref-

erence sensor. Test accuracy 88.89%, CSI of 0.3101, F1-score of 0.4734, 

POD equal to 0.7833 and FAR of 0.6608. Model tested with data from Octo-

ber 2022. 

 

 
Figure F57: Training progress for a model with the same hyperparameters 

as models 3, 4, 5 and 6, displaying the changes in training accuracy and 

losses, and validation accuracy and losses. 


