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Background

Radio Propagation

: . Dominant Atmospheric Impairment!
Mode of Radio Propagation in the ¥ ¥
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Background

Problems and Motivations

What is Rain Attenuation and
how it shall be estimated?

ITU-R Methods:

The need for high frequency band increases »

Frequency Band Ranges and Demand Growth

B 3G(0.9-2.1 GHz) =& Demand Growth [ 50

25| ™= 46(0.7-26 GHa) : _ ITU-R P.530
=56 (23100 G4 Propagation  Rain ITU-R P.837
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0 Impairments |nduced ITU-R P.838
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% becomes fading has | UeOvellEL
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Background
oS Propagations

The fundamental equation that governs the propagation of radio waves in free space:

P,G.G.A?
Pr = "(anD?)
Before a microwave or mmWave link installed, an analysis and calculation of the link has be made first !
The analysis should Include the following:

*Free space loss calculation Ly =32.44 + 20log f + 20log D

-Link budget calculation pr= P¢+G¢ 4G — Lo — Lp\

‘Rain attenuation  yz = kR, dB/km e
*Multipath fading

*Fade margin = p, — Rx Sensitivity

*Fresnel zones calculation ¢, - /x ;‘3

Friis equation:
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Research Methodology

 Rainfall data of 15-minute integration time of 8 years period is collect from National
Metrology Agency of Ethiopia and Microwave Link information operating at 11 GHz in
Addis Ababa city is collected from similar research work and Addis Ababa University

 Preprocess collected data using MS-Excel, Python and Matlab

i« Utilize ITU-R models (ITU-R P.530-17, ITU-R P.837-7 and ITU-R P.838- -3) to calculate rain |
rate, specific attenuation and total path attenuation due to rain. ,

ITU-R '« Dataset containing of rain rate, specific attenuation and total path attenuation for 8 years
V[ 1 Is compiled. ;

 oEmm N EEE  EES O S F EEE F EEE § EES § EEE § EEE § EEE O EEN § EEE § EEE § EES § BN F EESm § EEm § EEm B BN R Emm -— e - EEm E EEE R S O EES § S 5 EEs f EEE B Emm

.« Develop an LSTM prediction model which use the complled dataset and make
prediction of rain attenuation.

I
I
Apply Deep : « Compare the developed LSTM prediction model with other Al models and evaluate the ;

BN . performance. .

H EEN N EES O ESS F S F S F S S S O S S S S S S S S F S S S F S S S F R F R F S R B F R F S S S R e R e e »
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Data Collection

Rainfall and microwave link information collected for Addis Ababa,
Highest rainfall rate per hour = 112.8 mm/hr (Rainy)
Lowest rainfall rate = O mm/hr (Non-Rainy)

RainRate{(mm/yhr}

Mean Rain Map of Ethiopia
RainRate(mm/hr) of Addis Ababa City 14 1340
' 37.98
94
100 1 9.2 12 - 32.55
) )
9.0
~ -27.13
80 1 )
8 10
E - 21.70
60 1 e
g8 1628
0 - 10.85
6
5425
20 1
4 0.000
38.638.839.039.239.439.639.840.040.2
0.
| | | | | | | | lon (deg) 4 36 38 40 42 4 46
2015 2016 2017 2018 2019 2020 2021 2022
DateTime |0n { detﬂ
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Data Collection

Elevation(m) 2842 2401
o e CREET 08.52582°N 09.01067°N
Vorosone MR e Addis Ababa - Longitude 38.41125°E 38.44504°E
st SRR S PR NSRS Antenna gain (dBi) 42 42
N oD Antenna height (m) 10 10
11
True azimuth (° 23.92 203.93
Vertical angle (° -1.59 1.48
Link length (km 16.42
Tx line loss (dB/100 4.53 4.53
Tx line loss (dB 0.91(dB) 0.91(dB)
5 Circuit branching loss 6.8(dB) 6.8(dB)
2 Tx power (dBm 30 30
® Free space loss (dB 139.6 139.6
Rx threshold level(dBm -76.2 -76.2
Atmospheric absorption loss 0.35(dB) 0.35(dB)
Effective frequency spacing 21.7(MHz) 21.7(MHz)
Line-of-Sight Mapped To Surface Elevation Profile Total Distance: 16.4km
== Surface Elevation (m) == Line of Sight Elevation (m) Elevation Difference: -451m The terrestrial LoS radio link was found between Addis

3,000

Ababa station and Furi station the above link information.

S The radio link was using vertical polarization at a frequency
% 29 of 11 GHz. Lo = 32.44 + 20log f + 20log D
& 2.400 P, = Pt+Gt +Gr — LO A Lp =139.6 dBm
- g T - e — 30+42+42-139.6-0.9-6.8-0.35 Fademargin = p,. — Rx Sensitivity
O B A3 A3 28 33 2 a5 o} §B &% 1N A1 83 O o® oD o w5 ¥ 0B Pt b oh O p, = -33.66dBm = -33.66dBm-(-762)dBm
Distance (km) =42. 54d Bm
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Determination of Rain Rate R o4

e Filter rain rate data raw data(zeros and non numerical values ) - — ROOLmmALS min
* Sort the rain rates in an ascending order
 Assign cardinal numbers n for rain rate values asn =1,2, 3. . ., Nr
 Determine the number of non-zero recordings, Nr.

e Calculate PDF, CDF and CCDF

« Calculate the percentage | P(%) = Nr - n/Numberofminutsinayear = 100
* Read the rain rate value along p(%)=0.01 , which 1s the value of R o1

0.005

R0.01(mm/hr)15-min

0.000

T T 3 T T 1
0 1000 2000 3000 4000

1007 —— RainRate(mmihr)

50 +

RainRate(mm/hr)

T T T T T T T T 1 | . PDF Temp.CCDF
0 1000 2000 3000 4000 - CDF I R.H.CCDF
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Determination of Rain Rate R o4

Plotting of R, ¢4 distribution over Ethiopia

50 mmn on'‘n" 50 mn
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One-Minute Rain Rate Modeling

_ b
Rl (p) — a(Rt(p)) . Power Low Method —— R0.01(mm/hr)15-min
' —— R0.01(mm/hr)1-min
R, (p) is one-minute Rain Rate v
R:(p) is t-minute Rain Rate, (t=15 for c
this study) g
a = 0.0002t% — 0.0189¢t + 1.136 %0-005-
b = 0.0063t + 1.10366 ] NS
S ~
where a and b represent the conversion variables 0.000-
obtained from a statistical analysis of rainfall da
(IJ 10|00 | 20I00 | 30|00 40|00

1] Emiliani, L.D., L. Luini, and C. Capsoni, Analysis and Parameterization of Methodologies for the Conversion of Rain-Rate Cumulative
Distributions from Various Integration Times to One Minute. IEEE Antennas and Propagation Magazine, 2009. 51(3): p. 70-84.
2] AlKhedhairi, K.I. and J. Din. Conversion of 15-minutes to 1-minute rain attenuation derived from tropical rain attenuation

measurement. in 2011 IEEE International RF & Microwave Conference. 2011.
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Determination of Specific Attenuation(ITU-R P.838-3)

________________________
_____________________________________

---------------

The ITU- R P.838 provides a method for calculating the speC|f|c attenuation of radio signals due to rain, using a
\ power-law relationship between attenuation and rain rate for frequencies ranging from 1 to 1,000 GHz. It provides !
i coefficients for different frequencies and polarizations, essential for designing terrestrial microwave communication

 links. This method is crucial for predicting signal loss in varied weather conditions, ensuring the reliability of
{ communication systems.

_________________________________________________________________________

_____________________________________

] —VR (dB/km)1-r;1in
Yr (%B/km) = kRg01°

0.006 +

0.004 - rr'_'_,_,_,—'_r

[kHaH+k,,av+(kHaH k,,a,,) cos? 6 cos 27]

o = =0.25

YR (dB&m)

llGHz 0.01772 1.2140 0.01731 1.1617
_1 (Ry height—T, height
6 = tan 1( x helg x helg ) = —1.54 0.000 — Y — — =
d 0 1000 2000 3000 4000
. o 0.25
T =0 (Vertical Polarization) j YR (dB/km) = 0.02 Ry o1
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Determination of Rain Attenuation(ITU-R P.530-17)

The ITU-R P.530 provides a guide for designing LoS communication systems to predict radio wave
behavior in various atmospheric conditions for frequencies between 30 MHz to 100 GHz. It addresses
factors like free-space loss, atmospheric absorption, multipath fading, rain attenuation, refraction, and
diffraction, which affect signal strength and quality. The document also outlines a method for estimating

long-term rain attenuation statistics, crucial for the reliability of satellite and microwave communication
links. : —— A0.01(dB)15-min

A0.01(dB)1-min
A(dB) = yg (dB /km) X depr(km) N\ 0'00003__

desr(km) = d(km)r

‘ﬂme Factor __—
1
T

0.47700-633R00731 £0.123_1 0 579(1—exp(—0.024d))

0.00002

A0.01 (dB)

0.00001 +

0.00000

f=11x10°Hz,d = 16.42km, a = 0.25 = N = L

16.42 I A(d 0.33Rg,0,%2°
3818.99R,%31® — 10.579 o > (dB) = 3818.99R,%318 —10.579

deff (km) =

Deep Learning Based Rain Attenuation prediction modeling for Microwave and mmWave Band 15/26



Yy -l --
: HLIM.IT Fhn
d neering

C et A Scholof e
oS/ BN IAGTONG CNERRT

"\ 1) Research Background

Research Methodology

Data Collection and Processing
CONTENTS

Deep Learning Prediction

=~ Conclusion and Contributions




L STM Based Rain Attenuation Prediction

Step 1. Forget Gate

fr=ofWxlhe il )

Step 3. Cell Gate

Ct:ftxct—l”t)(?t)

» LSTM Cell
Y

C(tD) X C(t)

v I _ emX v X

Co
f(t) G Ac;\jgtt}on It G Ot 6
W

h(t-1) hit)

Step 2. Input and Candidate Gate

it = o(WiX[he-1,xe]+D})
Ce=tanh (WeX[he-xe] +be)

Step 4. Qutput Gate

0¢ = a(WoX[he-yxe] +ho)
ht= OI Xtanh(Ct)

«©

numpy
pandas
tensorFlow
matplotlib
Seaborn
matplotlib.pyplot
IPython

Evaluate
Model

P

date & time to dateime
day sin day cos year sin year cos
split data(training, validation, test)

" def WidowGenerator{}; |
def split_ window{};

make_dataset{};

Istm_model =
tf.keras.models.Sequential{};

history =
compile_and_fit(Istm_model,
wide_window)

x = np.arange(len(performance))
metric_name =
'mean_absolute_error'

8/11/2024
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L STM Based Rain Attenuation Prediction

> E— - «Sequential Data Format: Essential for LSTM to capture time-related patterns.
ZEIIRES - «Unix Timestamp Conversion: pd.Timestamp.timestamp transforms datetime to
Import tensorFlow | ds si UniE i
Libraries matplotlib | ’I seconds since Unix Epoc
matp?g;?g;”yplot : -Unlform Numeric Sequence: .map() function standardizes date_time column for
IPython | LSTM processing.

: *Normalization Post-Conversion: Scales data, enhancing LSTM training
| efficiency.
clical Features: day-sin, day-cos, year-sin, year-cos functions to encode cyclic

date & time to dateime
day sin day cos year sin year cos
split data(training, validation, test)

W e e e e M M M M e f e f e f e E—  E—  — 1.00 A

| «Data Splitting: Sequential split of data into 70% | /
'tralmng 20% validation, and 10% testing. |
: -Order Preservation: No random shuffling to maintain |
| ' time series Integrity. :
i *Consecutive Sampling: Enables windowing for LSTM |
|
|
|

Time of day signal

0.50 1
0.25

0.00 1

; models.
| *Model Assessment: Validation and testing on unseen,
| subsequent data for accurate performance evaluation. ; ; 5 z

S Time [h]
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L STM Based Rain Attenuation Prediction

P T 0195 — nputs class WindowGenerator():
; nurT:jpy g @ Labels def _init_(self, input width, label width, shift,
pandas i train df=train df, val df=val df, test df-test df,
I mpo rt tensorFlow i 0.185 @ } labelacolumns=hlnne):
. @ # Store the raw dota.
Librari matplotlib g 01801 self.train df - train df
loraries Seaborn g : self.val df = val df
matplotlib.pyplot . ° - ’ ’ : ° i self. test_df = test_df
IPython E
yt E -2 1 # Work out the Label column indices.
date & time to dateime E N felf.label_column? = label_columns
. . z if label columns is not Nene:
day sin day cos year sin year cos = self. label_columns indices = {name:  for 1, name in
Spllt data(training, validation, teSt) § ] . i ) -enumerate(labél_calumns):-
- _ 0 ! § 3 ¢ 3 & self.column_indices = {name: i for i, name in
WlndOW def W|d0WGenerat0r{}1 ; 01 ® enumerate(train_df.columns)}
Generator r dEf Spllt—WmeW{}’ = :; # Work out the window parameters.
CIaSS make_dataset{}; é 5] — self.input width = input_width
L/ E ] self.label width = label width
} S self shift = shift
. . . Time [h] . . self.total_window size = input_width + shift
«Data Windowing: Prepares sequential data for LSTM models by creating input and label
. self,input_slice = slice(@, input width)
WI ndOWS . self.input_indices = np.arange(self.total window_size)[self.input_slice]
‘WindowGenerator: A class that defines window sizes, offsets, and indices for slicing data. 1. Itestor = sef.total o size - s ol it
) . . . - - - - self,labels slice = slice(self.label start, None)
Y Paramete rS . I nCI UdeS WI ndOW d I menS |OnS (I n pUt_Wldth y I abe I_WI dth) and DataF rame I n pUtS self.label_indices = np.arange(self.total window_size)[self.labels_slice]
(trai n_df, Va. I_df, teSt_df) . def _repr_ (self):
Functionality: Calculates indices for inputs and labels, allowing for single or multi-ste e s st s st s
f*Total window size: {self.total window size}’,
predictions. It’s a foundational component for structuring time series data for LSTM training and .5 [ =070
pred iCtion ) f*Label column name(s): {self.label columns}'])
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L STM Based Rain Attenuation Prediction

lstm_model = tf.keras.models.Sequential(] T 0 &
# Shape [batch, time, features] =» [batch, time, lstm units] E
tf.keras.layers.L5TM{32, return_sequences=True), % 1
# Shape => [batch, time, features] E
tf.keras.layers.Dense{units=1) B ?3‘ —— Inputs
_4_
1) E @ Llabels
o -
‘ P $# Predictions
':t T T T T T T
0 5 10 15 20 25
history = compile and_fit({lstm model, wide window) _ o
= 04
g 8 8 8 8 8 8
IPython.display.clear_output() E 1 & % * 8 8
val performance['L5TM'] = lstm_model.evaluste(wide window.val, return_dict=True) =
performance[ 'LSTM'] = lstm model.evaluate(wide window.test, verbose=8, return_dict=True) E 27
272/272 1s 2ms/step - loss: 1.8768 - mean_absolute_error: 8.2230 g =37
_ g,
| 57
Istm_model = S 51
tf.keras.models.Sequential{}; 0 5 10 15 20 25
)
o 01 % ’
, 8 8
history = E 1 ® ®
compile_and_fit(Istm_model, %
wide_window) E -2
—
. . . g 37
*LSTM Model Creation: Sequential model with an LSTM layer = .
. AR
(32 units) and a Dense output layer. S
*Compilation & Fitting: Model compiled and fitted using a custom 0 : 10 15 20 25

function on training data within a specified window. Time [h]
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LSTM Based Rain Attenuation Prediction

*Evaluation: Model performance evaluated on validation and test sets, with

results stored for comparison.

performance
0.25
{"Linear': {'loss': 1.1159884929656952,

‘mean absolute error’: 8.24249599874819623},
‘Dense’: {'loss': 1.1064506769130298,

'mean absolute error’: 8.27746206521987915},
‘Conv': {'loss': 1.117496371269228,

'mean absolute error’: @.231493532657R233},
'LSTM': {'lpss': 1,167550853451204,
‘mean absolute error’: 8.22566133737564087}]

0.20 1

0.15

0.10

0.05

mean absolute error [A0.01{dB) 1-min, normalized]

X = np.arange(len(performance))
metric_name = 0.00 -

'mean_absolute_error' N & &
- - 0 > ¢
N F

-

I Validation
[ Test
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Conclusion

11) Advanced knowledge of radio link characteristics is crucial for designers to optimize:

communication systems effectively, specially for higher frequency bands such as microwave,

mmWave and beyond.

2) One-minute rain rate modeling Is necessary to precisely prediction rain attenuation(ITU-R P.837)

|
and conversion of higher integration time rain rate such as15-minutes to 1-minute can be performed!

using statistical methods and rain attenuation can be computed based on the 1-minute data.
Specific Attenuation:1.55 x 1072 dB/km Total Path Attenuation: 6.77 x 102 dB

3) An LSTM model was developed and validated with 8 years of historical data, predicting rain

| attenuation with a mean absolute error of 0.226.
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Contributions

) Al-based models show high accuracy when trained with adequate historical data.

1

2) The deep learning model promises superior accuracy in predicting rain-induced attenuation with flexibility to
Integrate with ITU-R models for enhanced predictions.

3) The research findings are vital for microwave link design, offering data to optimize network performance in
specific locations with its rapid prediction capabilities making it ideal for real-time applications scenarios.

4) This thesis is a valuable resource for the microwave and millimeter wave communications community,

encouraging further research and development.

1) Employing LSTM and other Al-based models extensively for predicting stochastic events like rainfall to
enhance precision and accuracy should be done more using local data.
2) Expand research efforts to locations like Ethiopia, where measured rain attenuation data is not readily available,

to improve the robustness of communication systems
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Characteristics Analysis and Modeling of
Train-to-Train Wireless Channel in Station
Scenario

YINGFEI LIL,'< LE1 XIONG,' DAN FEL' RUI LIU AND HABTE ENDALE LEGESSE*
oo et s Engecivg. B s Unrcn, B D0 Coi

Correspondence should be addressed to Lei Xiong; Ixiong @bjtu edu en

ABSTRACT In this paper, ray tracing (RT) is used to analyze the characteristics of Train-to-Train (T2T)
wireless channel in 2.1 GHz frequency hand, including path loss, multipath clustering, delay spread, Rice
factor, angulr spread and channel nan-tationarity. i found that the change of environment hasa reat

Abstract—This paper presents a deep learning model for
predicting rain attenuation in tropical climates, where weather-
related interference is significant due to prolonged rainy
seasons. Utilizing local rainfall data and an 11GHz microwave
link profile from Addis Ababa, Ethiopia, historical attenuation
data in dB is obtained by the International Telecommunication
Union-Radiocommunication (ITU-R) and Crane models, which
shows rain attenuation up to 31.61dB and 28.65dB, respectively.
The proposed model utilizes this data as input and it
demonstrates high accuracy prediction with a mean absolute
error of 0.0485, indicating its effectiveness in forecasting rain-
induced signal degradation.

Keywords— Deep Learning, Rain Attenuation Prediction,
Microwave and Millimeter wave, Long Short-Term Memory
(LSTM) network.

I INTRODUCTION

The microwave and mmWave frequency bands are
essential for data transmussion, but are sensitive to
environmental factors like rain. which can scafter, absorb, or
diffract the waves, leading to signal power loss known as rain
attenuation. This affects the clarity and reliability of terrestrial
line-of sight link[1] and satellite communication link[2].
While in temperate regions, frequencies up to 10 GHz are
vigble, in ftropical areas, ramn interference can occur at
frequencies as low as 7 GHz due to lareer raindrops.

following ITU-R guidelines. The LSTM model trained on this of wireless ch:

data achieved an accuracy of 91.88%, surpassing the best
external model's accuracy of 87.99%. This approach holds
potential for improving satellite network performance through
rain attenuation prediction. Due to the variable and stochastic
nature of rain, finding one model is a big challenge. However,
by considering the gaps a limitations of previous research
work, a better approach can be made.

The rest of this paper is organized as follows. Section IT
describes materials and methods with graphical illustrations,
Section IT1, presents existing rain attenuation models, Section
IV explains the proposed prediction model, and finally
Section V concludes the paper.

1T MATERIALS AND METHODS

This study focuses on developing a deep learning method
of predicting rain attenuation using local data to accurately
predict the attenuation of a microwave link due to ramn.
Rainfall rate data were obtained for Addis Ababa city from
the National Matrology Agency of Ethiopia (NMAE)
recorded in 15-minute interval for 8 years This data is
visualized i Figl. Although the conventional rain
attenuation prediction models such as the ITUR models
provide a solid foundation for understanding of rain
attenuation, they are quite complex and have some limitatiog

1, which not only eauses the birth and death of multipath
clusters, but also makes the channel appear jics. In order to ize the
non-stationarity of T2T wireless channel, we introduce the time correlation coelicient (TPCC) of power
delay profile (PDP), analyze the non-stationarity of T2T wireless channel, and give the quasi-stationarity

distance. The results are basically consistent with the measured data.

INDEX TERMS High-speed rail, T2T, Ray-tracing, Multipath clustering and tracking, Non-stationary channel

modeling

I. INTRODUCTION

‘With the development of the next generation train con-
trol system, T2T communication has gradually hecome the
focus of academic research in order to ensure the real-time
and accuracy of high-speed railway mobile communication
system. T2T can assist train operation control system based

is easy to install the MIMO antenna system, it is possible to
combine the MIMO technology with the channel spatial char-
acterization study of T2T. A large-scale MIMO channel mea-
surement campaign was conducted in an indoor metro envi-
ronment at 3.5 GHz carrier frequency and 160 MHz band-
width by Asad Saleem et al. The channel parameters were

on Train-to-Ground (T2G) wireless reduce
communication delay, strengthen collision danger detection
and broadcast warning, and improve train operation effi-
ciency and safety. At the same time. T2T is also a key
technalogy for virtual coupling and autonomous driving.

So far, the international academic research on radio
wave propagation and wireless channel characteristics in
railway scenarios has basically focused on the T2G wireless
channel. For example, the channel models of tunnel scene [1-
3]. plain scene [4], viaduct scene [5-7], cutting scene [8, 9],
bridge crossing scene [10] and so on are established. How-
ever, the research on T2T wireless channel is relatively few.
‘Compared with T2I communication, T2T communication
presents high dynamic characteristics of both receiver and
transmitter. The rapid change of environment and scatterers

gated for both and cross
‘The results show that the antenna configuration and polariza-
tion type have a large impact on the channel characteristics.
The angular extension changes significantly when different
antenna polarizations are used on the transmit and receive
antenna sides [11]. Asad Saleem et al. investigated the statis-
tical properties of a novel geometry-based three-dimensional
(3D) stochastic model for next-generation vehicle-to- VBhIC]E
(V2V) multiple-inp ltiple-output (MIMO)
tions in a non-isotropic scattering environment [ 12].

The Roll2Rail project established by the European
Union in Shift2Rail is already conducting T2T wireless
channel research. Paul Unterhuber et al. conducted a mea-
surement campaign on an T2T channel traveling on two
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