
Deep Learning Based Rain Attenuation prediction 

modeling for Microwave and mmWave Band 

基于深度学习的微波和毫米波频段雨衰预测模型

Master Thesis Defense 

8/11/2024

Presented By: Habte Endale Legesse(李济希）

Advisor: Prof. Xiong Lei(熊磊）



Deep Learning Prediction

Research Methodology 

Data Collection and Processing  

Research Background 1

4

5

2

3
目录

CONTENTS

Conclusion and Contributions 



E
arth

’s A
tm

o
sp

h
ere 

Background

3/26Deep Learning Based Rain Attenuation prediction modeling for Microwave and mmWave Band 

Transmitter Receiver 

Ionosphere 

Troposphere  

Space Wave  

Space Wave = Direct Wave 

+ ground reflected wave  

Direct LoS Wave

Tropospheric Propagation 

Earth's Surface  

Mode of Radio Propagation in the 

Wireless Environment 

Propagation 

Impairments 

Dominant Atmospheric Impairment!  

8/11/2024

Radio Propagation



Background 

Propagation 

Impairments 

such as Rain

becomes 

critical at 

high 

frequency!

4/26

The need for high frequency band increases 

Microwave Band (1-30GHz)  

mmWave Band (30-300GHz)
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𝑳𝟎 = 32.44 + 20log f + 20log D•Free space loss calculation

•Link budget calculation

•Rain attenuation

•Multipath fading

•Fade margin

•Fresnel zones calculation

Before a microwave or mmWave link installed, an analysis and calculation of the link has be made first !

The analysis should include the following: 

𝑝𝑟 =
𝑃𝑡𝐺𝑡𝐺𝑟𝜆

2

4𝜋𝐷2
Friis equation: 

𝒑𝒓 = 𝑷𝒕+𝑮𝒕 +𝑮𝒓 − 𝑳𝟎 − 𝑳𝒑

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

𝜸𝑹 = 𝒌𝑹𝟎.𝟎𝟏
α dB/km

= 𝒑𝒓 – Rx Sensitivity
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Medium Loss 
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Research Methodology 
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Data 
Collection

• 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 

ITU-R 
Methods 

• 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.  

• Dataset containing of rain rate, specific attenuation and total path attenuation for 8 years 
is compiled. 

Apply Deep 
Learning 

• Develop an LSTM prediction model which use the compiled dataset and make 
prediction of rain attenuation.  

• Compare the developed LSTM prediction model with other AI models and evaluate the 
performance.  
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Data Collection 
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Rainfall and microwave link information collected for Addis Ababa,

Highest rainfall rate per hour = 112.8 mm/hr  (Rainy)  

Lowest rainfall rate = 0 mm/hr (Non-Rainy)



Data Collection 
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Furi 

Station

Addis Ababa 

Station

The terrestrial LoS radio link was found between Addis 

Ababa station and Furi station the above link information. 

The radio link was using vertical polarization at a frequency 

of 11 GHz. 

Parameters AddisAbaba-Rx MountFuri-Tx
Elevation(m) 2842 2401
Latitude 08.52582°N 09.01067°N
Longitude 38.41125°E 38.44504°E
Antenna gain (dBi) 42 42
Antenna height (m) 10 10
Frequency (GHz) 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)
Circuit branching loss 6.8(dB) 6.8(dB)
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)

𝒑𝒓 = 𝑷𝒕+𝑮𝒕 +𝑮𝒓 − 𝑳𝟎 − 𝑳𝒑
= 30+42+42-139.6-0.9-6.8-0.35

𝒑𝒓 = -33.66dBm

𝑳𝟎 = 32.44 + 20log f + 20log D 

= 139.6 dBm

Fademargin = 𝒑𝒓 – Rx Sensitivity

= -33.66dBm-(-762)dBm 

=42.54dBm
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• Filter rain rate data raw data(zeros and non numerical values )

• Sort the rain rates in an ascending order

• Assign cardinal numbers n for rain rate values as n =1,2, 3. . ., Nr

• Determine the number of non-zero recordings, Nr.

• Calculate PDF, CDF and CCDF

• Calculate the percentage 

• Read the rain rate value along p(%)=0.01 , which is the value of 𝑅0.01

P(%) = Nr − n/Numberofminutsinayear ∗ 100
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Determination of Rain Rate 𝑅0.01
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Plotting of 𝑅0.01 distribution over Ethiopia 
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𝑅1 𝑝 = 𝑎(𝑅𝑡 𝑝 )𝑏

𝑅1 𝑝 is one-minute Rain Rate 

𝑅𝑡 𝑝 is t-minute Rain Rate, (t=15 for 

this study)

𝑎 = 0.0002𝑡2 − 0.0189𝑡 + 1.136

𝑏 = 0.0063𝑡 + 1.10366

[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.

Power Low Method 

where 𝑎 and b represent the conversion variables 

obtained from a statistical analysis of rainfall da



Determination of Specific Attenuation(ITU-R P.838-3)
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𝑓 𝑘𝐻 𝑘𝑣 𝑎𝐻 𝑎𝑣

11GHz 0.01772 1.2140 0.01731 1.1617

𝛾𝑅 Τ𝑑𝐵
𝑘𝑚 = 𝑘𝑅0.01α

𝑘 = 𝑘𝐻 + 𝑘𝑣 + 𝑘𝐻 − 𝑘𝑣 𝑐𝑜𝑠2 𝜃 𝑐𝑜𝑠 2𝜏 ∕ 2 =  𝟎. 𝟎𝟐

α  =
𝑘𝐻𝑎𝐻+𝑘𝑣𝑎𝑣+ 𝑘𝐻𝑎𝐻−𝑘𝑣𝑎𝑣 𝑐𝑜𝑠2 𝜃 𝑐𝑜𝑠 2𝜏

2𝑘
= 𝟎. 𝟐𝟓

𝜃 = 𝑡𝑎𝑛−1
𝑅𝑥 ℎ𝑒𝑖𝑔ℎ𝑡−𝑇𝑥 ℎ𝑒𝑖𝑔ℎ𝑡

𝑑
= −𝟏. 𝟓𝟒

𝜏 = 𝟎 (𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑃𝑜𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛) 𝛾𝑅 ൗ𝑑𝐵
𝑘𝑚 = 0.02 𝑅0.01
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The ITU-R P.838 provides a method for calculating the specific 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 

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.



Determination of Rain Attenuation(ITU-R P.530-17)
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𝐴 𝑑𝐵 = 𝛾𝑅 ൗ𝑑𝐵
𝑘𝑚 × d𝑒𝑓𝑓 𝑘𝑚

𝑟 = 
1

0.477𝑑0.633𝑅0.01
0.073𝛼𝑓0.123−10.579 1−𝑒𝑥𝑝 −0.024𝑑

𝑓 = 11 × 109 𝐻𝑧, 𝑑 = 16.42𝑘𝑚, 𝛼 = 0.25

𝑑𝑒𝑓𝑓 𝑘𝑚 =
16.42

3818.99𝑅0.01
0.018 − 10.579

𝑘𝑚

𝑑𝑒𝑓𝑓 𝑘𝑚 = 𝑑 𝑘𝑚 𝑟

𝐴 𝑑𝐵 =
0.33𝑅0.01

0.25
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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.
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LSTM Based Rain Attenuation Prediction 
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numpy
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tensorFlow

matplotlib

Seaborn

matplotlib.pyplot

IPython

lstm_model = 

tf.keras.models.Sequential{};

Import 

Libraries
Load Data

Process 

Data

date & time to dateime 

day sin day cos year sin year cos 

 split data(training, validation, test) 

Window

Generator

Class

def WidowGenerator{};

def split_window{};

make_dataset{};

Create 

LSTM 

Model

Compile 

and Fit 

Model

history = 

compile_and_fit(lstm_model, 

wide_window)

Evaluate 

Model

x = np.arange(len(performance))

metric_name = 

'mean_absolute_error'
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LSTM Based Rain Attenuation Prediction 
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numpy
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tensorFlow

matplotlib

Seaborn

matplotlib.pyplot

IPython

lstm_model = 

tf.keras.models.Sequential{};

Import 

Libraries
Load Data

Process 

Data

date & time to dateime 

day sin day cos year sin year cos 

 split data(training, validation, test) 

Window

Generator

Class

def WidowGenerator{};

def split_window{};

make_dataset{};

Create 

LSTM 

Model

Compile 

and Fit 

Model

history = 

compile_and_fit(lstm_model, 

wide_window)

Evaluate 

Model
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•Data Splitting: Sequential split of data into 70% 

training, 20% validation, and 10% testing.

•Order Preservation: No random shuffling to maintain 

time series integrity.

•Consecutive Sampling: Enables windowing for LSTM 

models.

•Model Assessment: Validation and testing on unseen, 

subsequent data for accurate performance evaluation.

•Sequential Data Format: Essential for LSTM to capture time-related patterns.

•Unix Timestamp Conversion: pd.Timestamp.timestamp transforms datetime to 

seconds since Unix Epoch.

•Uniform Numeric Sequence: .map() function standardizes date_time column for 

LSTM processing.

•Normalization Post-Conversion: Scales data, enhancing LSTM training 

efficiency.

•Cyclical Features: day-sin, day-cos, year-sin, year-cos functions to encode cyclic 

nature of day and year, helping the model to understand data.
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LSTM Based Rain Attenuation Prediction 
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•Data Windowing: Prepares sequential data for LSTM models by creating input and label 

windows.

•WindowGenerator: A class that defines window sizes, offsets, and indices for slicing data.

•Parameters: Includes window dimensions (input_width, label_width) and DataFrame inputs 

(train_df, val_df, test_df).

•Functionality: Calculates indices for inputs and labels, allowing for single or multi-step 

predictions. It’s a foundational component for structuring time series data for LSTM training and 

prediction.
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LSTM Based Rain Attenuation Prediction 
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•LSTM Model Creation: Sequential model with an LSTM layer 

(32 units) and a Dense output layer.

•Compilation & Fitting: Model compiled and fitted using a custom 

function on training data within a specified window.
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LSTM Based Rain Attenuation Prediction 
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•Evaluation: Model performance evaluated on validation and test sets, with 

results stored for comparison.
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1) 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 × 10−2 𝑑𝐵/𝑘𝑚 Total Path Attenuation: 6.77 × 10−2 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.



Contributions
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1) AI-based models show high accuracy when trained with adequate historical data.

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.

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

1) Employing LSTM and other AI-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

Prospect

24/26
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Thank you for taking the time to engage

with my Thesis Defense. 

I am open to any questions or feedback you 

may have.

感谢各位老师指导！
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