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Abstract 

Clustering is one of unsupervised learning algorithm to group similar objects 
into the same cluster and the objects in the same cluster are more similar to 
each other than those in the other clusters. Forecasting is making prediction 
based on the past data and efficient artificial intelligence models to predict data 
developing tendency, which can help to make appropriate decisions ahead.  
 
The datasets used in this thesis are the signal attenuation time series data from 
the microwave networks. Microwave networks are communication systems to 
transmit information between two fixed locations on the earth. They can 
support increasing capacity demands of mobile networks and play an important 
role in next generation wireless communication technology. But inherent 
vulnerability to random fluctuation such as rainfall will cause significant 
network performance degradation.  
 
In this thesis, K-means, Fuzzy c-means and 2-state Hidden Markov Model are 
used to develop one step and two step rain attenuation data clustering models. 
The forecasting models are designed based on k-nearest neighbor method and 
implemented with linear regression to predict the real-time rain attenuation in 
order to help microwave transport networks mitigate rain impact, make proper 
decisions ahead of time and improve the general performance.  
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Abstract 

Clustering is een van de unsupervised learning algorithmen om groep 
soortgelijke objecten in dezelfde cluster en de objecten in dezelfde cluster zijn 
meer vergelijkbaar met elkaar dan die in de andere clusters. Prognoser är att 
göra förutspårningar baserade på övergående data och effektiva artificiella 
intelligensmodeller för att förutspå datautveckling, som kan hjälpa till att fatta 
lämpliga beslut. 
 
Dataseten som används i denna avhandling är signaldämpningstidsseriedata 
från mikrovågsnätverket. Mikrovågsnät är kommunikationssystem för att 
överföra information mellan två fasta platser på jorden. De kan stödja ökade 
kapacitetsbehov i mobilnät och spela en viktig roll i nästa generationens 
trådlösa kommunikationsteknik. Men inneboende sårbarhet för slumpmässig 
fluktuering som nedbörd kommer att orsaka betydande nätverksförstöring.  
 
I den här avhandlingen används K-medel, Fuzzy c-medel och 2-state Hidden 
Markov Model för att utveckla ett steg och tvåstegs regen dämpning 
dataklyvningsmodeller. Prognosmodellerna är utformade utifrån k-närmaste 
granne-metoden och implementeras med linjär regression för att förutsäga 
realtidsdämpning för att hjälpa mikrovågstransportnät att mildra 
regnpåverkan, göra rätt beslut före tid och förbättra den allmänna prestandan. 
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1 Introduction  

Mobility is very important for today’s communication systems. The terrestrial 
microwave links are used for short distance communication and are the 
basement of our daily communication with mobile phone.[1] During the 
transmission of information, the reduction of signal strength called attenuation 
[2]always happen and affect the quality of the communication system. Rain is 
one of the factors that could cause signal attenuation of terrestrial links. [3] 
 
When a microwave signal comes in contact with the rain drop, the signal 
strength gets reduced due to the absorption and scattering of energy of the 
signal by the rain drop.[4] Moreover, rain drop changes the polarization of the 
signal. [4] These would cause the attenuation of microwave signal and this 
attenuation is called rain attenuation. It is a major shortcoming in information 
transmission of terrestrial microwave link.  

1.1 Background 

Machine learning algorithms are general purpose tools that solve problems 
from many disciplines without detailed domain-specific knowledge. They have 
proven to be very effective in a large number of contexts. [5] Clustering and 
forecasting are two main domains of machine learning.  
 
Clustering belongs to unsupervised learning, which models a set of inputs 
where labeled examples are not available. [6] Clustering is aiming at grouping 
the similar objects into the same cluster and the objects in the same cluster are 
more similar to each other than those in other clusters. Forecasting is making 
prediction based on the past data and efficient artificial intelligence models to 
predict data developing tendency, which can help to make appropriate 
decisions ahead. Forecasting belongs to supervised learning, where the 
algorithm generates a function that maps inputs to desired outputs. [6] 
Sometimes, clustering is used as a preprocess step for label generation in 
supervised learning problems, when the data do not have corresponding labels.  
 

1.2 Problem 

Microwave networks have inherent vulnerability to random fluctuations of the 
wireless channel, which complicates the design of network links.[7] Long-
lasting channel fluctuations such as rainfall and other factors may bring 
significant network performance degradations. [7]  
 
In order to intelligently label out the signal attenuation caused by the rain, 
mitigate rain impacts and enable network systems to make proper decisions 
ahead of time, machine learning models for time series clustering and 
forecasting are needed to be developed and evaluated to help predict and 
improve the performance of microwave networks. 
 
Loss of rain attenuation on microwave networks is a problem needed to be 
solved. In this thesis, listed questions should be considered: 
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 What are the parameters related to rain attenuation on microwave 
networks? 

 What features should be used for clustering and prediction model? 

 What evaluation methods should be chosen? 
 
 

1.3 Purpose 

 
The thesis aims to label out the signal attenuation caused by the rain and make 
real time forecasting on rain attenuation data of microwave terrestrial. 
Different clustering and forecasting models are evaluated and compared for a 
better performance. The final models can make high accuracy on clustering and 
prediction on rain attenuation and help network systems make proper 
decisions to mitigate rain fade. 
 

1.4 Goal 

The clustering and prediction model, built in this thesis, can help microwave 
networks find an efficient way to analysis and mitigate rain attenuation in order 
to realize better control of the wireless transport network. Clustering and 
prediction model can help microwave networks improve performance facing 
random fluctuations and avoid sudden loss. Wireless technology plays an 
important role in next generation radio access networks and this model can 
help microwave network systems step forward.  
 

1.5 Benefits, Ethics and Sustainability 

 
Ethics concerns the morality of human conduct. [8]Based on ethical principle, 
which are non-maleficence, beneficence, respect for autonomy and justice, the 
data used in this thesis is confidential and the collection of data is in the legal 
way.  
 
Sustainability means continuance, the continued existence of something 
overtime.[9] The clustering and prediction model built in this thesis can help 
improve the performance of microwave networks to avoid sudden loss and 
make more sustainable network control decisions. 
 

1.6 Methodology / Methods 

Scientific methods for the thesis solution are also simply mentioned which will 
be explained in detail in chapter 4.  
 
Quantitative and Qualitative research methods are two basic categories of 
research methods. [10] 
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 Quantitative Research methods require large data sets and use 
statistics to verify or falsify the hypothesis and make the research project 
valid. Quantitative research can establish the relationships among the 
variables by single variable control and find causalities between the 
relationships 

 

 Qualitative Research methods use smaller data sets to reach tentative 
hypotheses and theories. 
 

A method must be selected for each project. This is the first choice of scientific 
standpoint and will affect the choice of research methods, strategies, data 
collection and analysis. [10] 
 
The existing clustering and forecasting algorithms are developed to solve the 
practical problem of rain attenuation prediction based on time series dataset. 
The qualitative research is more suitable and selected for this thesis. 
 
 

1.6.1 Philosophical assumption 

Philosophical assumption is the first step of research. It includes positivism, 
realism, interpretivism and criticalism. [10] 
 

 Positivism assumes that the reality is objectively given and 
independent of the observer and instruments. 
 

 Realism assumes that things, in the reality, are known, or are of a 
perceived existence or nature. 
 

 Interpretivism assumes that the reality is accessed only via social 
constructions. 
 

 Criticalism assumes that the reality is socially, historically, and 
culturally constituted, produced and reproduced by people 

 
Based on the purpose and goal of this thesis, realism is chose as the 
philosophical assumption. The dataset used in this thesis is from nature and the 
results should be regarded as accurate worldly experiences. Hence, realism is 
the best choice. 

 

1.6.2   Research methods 

The most common research methods are: experimental for quantitative 
research, and non-experimental for qualitative research including descriptive, 
analytical, fundamental, applied, conceptual and empirical. [10] 
 

 Non-experimental 
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Non-experimental is the research method that draws conclusions or 
describe behaviours and relationships between variables without testing 
causalities. 

 

 Descriptive 
Descriptive focuses on finding facts to establish the nature of something 
as it exists and can be used to find new characteristics, meanings and/or 
relationships in already existing data. 

 

 Analytical 
Analytical is the method using collected data and information to validate 
the hypotheses or make evaluation. 

 

 Fundamental 
Fundamental focus on the generation of new ideas and theories. It is 
also called basic research. 
 

 Applied 
Applied research method is used for solving practical challenges or 
answering specific question. The results are related to a particular 
situation.  

 

 Conceptual 
Conceptual is used for the establishment of new concepts and 
interpreting existing concepts. 

 

 Empirical 
Empirical is collecting the actual experiences and knowledge from real 
people and situations. 
 

In this thesis, the real time series data are used to solve the problem. Qualitative 
research is defined as the research method. Based on the purpose, evaluation 
based on existing statistical model and new clustering models will be developed. 
Hence, analytical and fundamental are more suitable than the other methods.  
 

1.6.3 Research approach 

Research approaches are used for drawing conclusions and establishing what is 
true or false. The most common research approaches are inductive and 
deductive but there is also a mixed approach, called abductive. [10] 
 

 Inductive 
Inductive is using alternative explanations from observations and 
patterns to formulate theories and propositions. 

 

 Deductive 
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Deductive is to verify or falsify hypotheses with reasoning tests of 
theories. It is usually achieved with quantitative methods and large 
datasets. 
 

 Abductive 
Abductive is the combination of inductive approach and deductive 
approach. It uses both approaches to get conclusions. 
 

Inductive research approach is used in this thesis for clustering and forecasting 
model building and evaluation. 
 

1.7 Delimitations 

This study is limited to clustering and forecasting model development and 
evaluation on attenuation caused by rain impact and not cover other channel 
impact elements of microwave network. The model is developed based on 
existing microwave network, in this way, microwave network building theory is 
not covered in this thesis. 
 

1.8 Outline 

This thesis is structured into eight chapters. The rest chapters are structured as 
follow: 
 

Chapter 2: Rain attenuation and time series data  
 

Chapter 3: Time series data clustering and forecasting 
 

Chapter 4: Methodology  
 

Chapter 5: Data preprocessing and statistical analysis 
 

Chapter 6: Clustering for signal attenuation time series 
 

Chapter 7: Forecasting for rain attenuation time series  
 

Chapter 8: Conclusion and future work  
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2 Rain attenuation and time series data 

Rain attenuation is a term of communication system. In this chapter, the 
background knowledge of terrestrial microwave link, factors of attenuation and 
rain attenuation models are introduced. The rain attenuation data are most in 
the form of time series data. The basic terms of time series data are also 
introduced in this chapter. 

2.1 Rain attenuation  

International Telecommunication Union(ITU) is a specialized agency of the 
United Nations that is responsible for issues that concern information and 
communication technologies. [11] The statistic model ITU-R P525[12], ITU-R 
P530[13] and ITU-R P838[3] mentioned in this chapter are all from ITU. ITU-
R P525 introduces the statistic model of free space path loss, ITU-R P530 
introduces some factors that can cause attenuation and ITU-R P838 introduces 
the statistic model of rain attenuation.  

2.1.1 Terrestrial microwave link  

A microwave link is a communications system that uses microwave to transmit 
information between two fixed locations on the earth. [1] They are very 
important to many forms of communication and impact a broad range of 
industries. Terrestrial microwave links are the basement of mobility, which is 
very crucial to our daily life. 
 
Microwave communication systems are mainly classified into satellite systems 
and terrestrial systems. Both of these two systems require transmit part and 
receive part. The transmit system converts baseband signal to microwave 
signal. The receive system converts microwave signal to baseband signal. [14]   
 
The World Administrative Radio Congress, WARC, has set off two frequency 
bands for satellite communications, C-band and Ku-band. [15] Both C-band 
and Ku-band communications require ground-based receivers to have a 
parabolic antenna to receive the signal. The antenna also has to be directed 
toward the satellite so that it focuses the parabola on the satellite transmission. 
[15] 
 
As for terrestrial communication system, it employs earth-based transmitters 
and receivers. The frequencies used are in the low-gigahertz range, which limits 
all communications to line-of-sight. [16] 
 
The links related in this thesis are all terrestrial microwave links. 
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Fig.1 Terrestrial microwave transmission [17] 

2.1.2 Factors of attenuation 

Free-space path loss (FSPL) is defined as the loss between two isotropic 
radiators in free space, expressed as a power ratio. [18] It is the loss in signal 
strength of an electromagnetic wave that would result from a line-of-sight path 
through free space, with no obstacles nearby to cause reflection or diffraction. 
 
As defined in ITU-R p525, with a point-to-point link it is preferable to calculate 
the free-space attenuation between isotropic antennas, also known as the free-
space basic transmission loss (symbol 𝐿𝑏𝑓 or 𝐴0) as follow: [12] 

𝐿𝑏𝑓 = 20 log (
4𝜋𝑑

𝜆
)     dB                                               (1) 

 
Where: 

𝐿𝑏𝑓: free-space basic transmission loss (dB) 

𝑑 : length of the link 
𝜆: wavelength, and 
𝑑 and 𝜆 are expressed in the same unit. 

 
Based on Recommendation ITU-R P530 report, the propagation loss on a 
terrestrial line-of-sight path relative to the free-space loss is the sum of different 
contributions as follow: [13] 
 

 attenuation due to atmospheric gases;  

 diffraction fading due to obstruction or partial obstruction of the path;  

 fading due to multipath, beam spreading and scintillation;  

 attenuation due to variation of the angle-of-arrival/launch;  

 attenuation due to precipitation;  

 attenuation due to sand and dust storms.  
 

Each of these contributions has its own characteristics as a function of 
frequency, path length and geographic location. [13] 

2.1.3 Rain attenuation model  

Rainfall attenuation is a significant consideration in link budget particularly as 
the terrestrial link design frequency exceeds the 10 GHz threshold and beyond 
[19]. Because the frequencies of links are within 7GHz to 39GHz, rainfall factor 
play an important role in propagation loss.  
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Based on ITU-R P838 report, there is a need to calculate the attenuation due to 
rain from a knowledge of rain rates. The specific attenuation Υ𝑅 (dB/km) is 
obtained from the rain rate R(mm/h) using the power-law relationship: [3] 
 

Υ𝑅 = 𝑘𝑅
𝛼                                           (2) 

 
Values for the coefficients 𝑘 and α are determined as functions of frequency, f 
(GHz), in the range from 1 to 1 000 GHz, from the following equations, which 
have been developed from curve-fitting to power-law coefficients derived from 
scattering calculations: [3] 
 

𝑙𝑜𝑔10𝑘 =  ∑ 𝑎𝑗exp [−(
𝑙𝑜𝑔10𝑓−𝑏𝑗

𝑐𝑗
)2]4

𝑗=1 +𝑚𝑘𝑙𝑜𝑔10𝑓 + 𝑐𝑘                  (3) 

 

α =  ∑ 𝑎𝑗 exp [−(
𝑙𝑜𝑔10𝑓−𝑏𝑗

𝑐𝑗
)
2

] + 𝑚𝛼𝑙𝑜𝑔10𝑓 + 𝑐𝛼
5
𝑗=1                      (4) 

 
where: 

 f: frequency (GHz)  
𝑘 : either 𝑘𝐻  or 𝑘𝑉 
α: either 𝛼𝐻 or 𝛼𝑉 

𝑘𝐻  and 𝛼𝐻  are for horizontal polarization and 𝑘𝑉  and  𝛼𝑉  are for vertical 
polarization.  
 

2.2 Time series data 

Time series data is a sequence of observation in order of time. It is a common 
data form in most cases. For example, weather variables like temperature, 
rainfall and wind; economic factors, financial indexes, exchange rate in field of 
economy and finance; activity of business, sales in marketing and logs, clicks of 
web.  
 

2.2.1 Time series data 

A time series is a set of observations 𝑥𝑡, each one being recorded at a specific 
time t. The main purpose of time series data analysis is to find out a suitable 
model to describe the sample data. 
 

2.2.2 Basic terms  

The basic terms for time series data analysis includes mean 𝜇, covariance 𝑐𝑜𝑣, 
cross-correlation function (CCF) and autocorrelation function (ACF).  
 
A time series model for the observed data {𝑥𝑡} is a specification of the joint 
distributions (or possibly only the means and covariances) of a sequence of 
random variables {𝑥𝑡} of which {𝑥𝑡} is postulated to be a realization. [20] 
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Autocorrelation function (ACF) is defined as: 
 

ρ(s, t) =  
𝑐𝑜𝑣𝑥(𝑠,𝑡)

√𝑐𝑜𝑣𝑥(𝑠,𝑠)𝑐𝑜𝑣𝑥(𝑡,𝑡)
                                             (5) 

 
𝑐𝑜𝑣𝑥(𝑠, 𝑡) = 𝑐𝑜𝑣(𝑥𝑠, 𝑥𝑡)                                             (6) 

 
The ACF measures the linear predictability of the series at time t, 𝑥𝑡, using only 
the value 𝑥𝑠 . If 𝑥𝑡  can be perfectly predicted from 𝑥𝑠  through a linear 
relationship, 𝑥𝑡 = 𝛽0 + 𝛽1𝑥𝑠, the correlation will be 1 when 𝛽1 > 0 and -1 when 
𝛽1 < 0.  
The cross-correlation function (CCF) is given by 
 

ρ𝑥𝑦(s, t) =  
𝑐𝑜𝑣𝑥𝑦(𝑠,𝑡)

√𝑐𝑜𝑣𝑥(𝑠,𝑠)𝑐𝑜𝑣𝑦(𝑡,𝑡)
                                          (7) 

 
𝑐𝑜𝑣𝑥𝑦(𝑠, 𝑡) = 𝑐𝑜𝑣(𝑥𝑠, 𝑦𝑡)                                          (8) 

 
Corresponding to ACF, the CCF is used to measure the linear predictability 
between two time series at time t, 𝑦𝑡 and s, 𝑥𝑠. 
 

2.2.3 Stationary 

A common assumption in many time series techniques is that the data are 
stationary. It is an important property of time series for analysis. A stationary 
process has the property that the mean, variance and autocorrelation structure 
do not change over time. The definition of stationarity or weak stationarity is: 
The time series {𝑥𝑡, t ∈ Z} (where Z is the integer set) is said to be stationary if 
 

(1) E(𝑥𝑡
2 <  ∞ ∀𝑡 ∈ 𝑍) 

(2) E𝑥𝑡=𝜇  ∀𝑡 ∈ 𝑍 
(3) 𝑐𝑜𝑣𝑥(𝑠, 𝑡) = 𝑐𝑜𝑣𝑥(𝑠 + ℎ, 𝑡 + ℎ)  ∀𝑠, 𝑡, ℎ ∈ 𝑍 

 
It means a weak stationary time series has three properties, finite variance, 
mean value function 𝜇𝑡  is constant and does not depend on time t, the ACF 
depends on s and t through the difference of s and t.  
 
White noise is an important type of time series. The time series 𝑥𝑡 is said to be 
a white with mean zero and variance 𝜎𝑥

2 written as 
 

x~WN(0, 𝜎𝑥
2)                                                 (9) 

 
is and only if 𝑥𝑡 has zero mean and covariance function as: 
 

𝑐𝑜𝑣𝑥(ℎ) =  {
𝜎𝑥
2  𝑖𝑓 ℎ = 0
0    𝑖𝑓 ℎ ≠ 0

                                            (10) 

 
It is obvious that white noise process is stationary.  
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2.2.4 Trends and Seasonal Components 

An usual strategy to analyze time series is to decompose them in three main 
components [21]: trend, seasonality and irregular components, also known as 
residuals. The classical decomposition model is as: 
 

𝑋𝑡 = 𝑚𝑡 + 𝑠𝑡 + 𝑌𝑡                                              (11) 
Where 
 
𝑚𝑡 is trend component which is a slowly changing function. 
𝑠𝑡 is seasonal component. 
𝑌𝑡 is residuals. 
Most time series analysis want to estimate and extract the component 𝑚𝑡 and  
𝑠𝑡 in hope to get 𝑌𝑡 as a stationary time series. 
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3 Time series data clustering and forecasting 

Major time-series related tasks include query by content, anomaly detection, 
motif discovery, prediction, clustering, classification, and segmentation [22]. In 
this thesis, we mainly discuss about clustering and prediction. 

3.1 Unsupervised learning and clustering 

Unsupervised learning comparing with supervised learning is like ‘learning 
without a teacher’. Clustering is one type of unsupervised learning. It is the 
process of finding natural groups, called clusters, in a dataset. The objective is 
to find the most homogeneous clusters that are as distinct as possible from 
other clusters. Time series clustering is normally defined as: given a dataset of 
n time-series data D =  {𝐹1, 𝐹2, 𝐹3, ⋯ 𝐹𝑛 } ; the process of unsupervised 
partitioning of D into C =  {𝐶1, 𝐶2, ⋯ 𝐶𝑘 }, in such a way that homogenous time-
series are grouped together based on a certain similarity measure, is called 

time-series clustering. Then, 𝐶𝑖 is called a cluster, where D = ∪𝑖=1
𝑘 𝐶𝑖 and 𝐶𝑖 ∩ 𝐶𝑗  

= ∅ for 𝑖 ≠ 𝑗. 
 
Clustering of time series can be used in many cases, for example, recognizing 
dynamic changes in time-series, prediction (a hybrid technique combining 
clustering and function approximation per cluster can help user to predict and 
recommend) and pattern discovery. [23] 
 
There are three type of time series clustering: [24] 
 

 Whole time series clustering 
Whole time series clustering is considered as clustering of a set of 
individual time-series with respect to their similarity 
 

 Subsequence clustering  
Subsequence clustering is clustering time series segments extracted 
from a time series. 
 

 Time point clustering 
Time point clustering is clustering of time points based on a combination 
of their temporal proximity of time points and the similarity of the 
corresponding values 

 

3.1.1 Clustering methods 

 
K-means clustering 
K-means [25] is aiming at partition the n observations{𝑥1, 𝑥2, 𝑥3, ⋯ 𝑥𝑛 } into k 
clusters 𝐶 = {𝐶1, 𝐶2, ⋯𝐶𝑘 } and the total distance between all observations from 
their respective cluster centers is defined as an objective function. The main 
idea behind k-means is the minimization of this within-cluster sum of squares 
(WCSS). 
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𝑊𝐶𝑆𝑆 =  
𝑎𝑟𝑔𝑚𝑖𝑛

𝐶
∑ ∑ ‖𝑥 − 𝐶𝑖‖

2
𝑥∈𝐶𝑖

𝑘
𝑖=1                              (12) 

 
K-means starts with arbitrarily chosen initial cluster memberships or centers. 
The distribution of objects among clusters and the updating of cluster centers 
are the two main steps of the k-means algorithm. The algorithm alternates 
between these two steps until the value of the objective function cannot be 
reduced anymore. [24] K-means is a hard clustering method in which each 
observation can only belongs to one cluster. 
 
Fuzzy c-means clustering 
FCM [26](Fuzzy c-means) is extended from k-means and  allow for fuzzy 
partition, rather than hard partition. It is a soft clustering method in which the 
observations can belongs to one or more clusters. The objective function for 
fuzzy c-means is defined as: 
 

𝐽 =  
𝑎𝑟𝑔𝑚𝑖𝑛

𝐶
∑ ∑ 𝑤𝑖𝑗

𝑚‖𝑥𝑖 − 𝐶𝑗‖
2𝑘

𝑗=1
𝑛
𝑖=1                            (13) 

 
The element 𝑤𝑖𝑗

𝑚 tells the degree to each observation 𝑥𝑖 belongs to cluster 𝐶𝑗 and 

the value of  𝑤𝑖𝑗
𝑚  ∈ [0,1]. Value m is the fuzzifier 𝜖 𝑅 and 𝑚 ≥ 1. The common 

value of m is 2. 
 
 

𝑤𝑖𝑗
𝑚 = 

1

∑ (
‖𝑥𝑖−𝐶𝑗‖

‖𝑥𝑖−𝐶𝑙‖
)

2
𝑚−1𝑘

𝑙=1

                                              (14) 

 
 
Self-organizing maps(SOM) 
SOM [27] are a class of neural networks with neurons arranged in a low 
dimensional(often two-dimensional) structure and trained by an iterative 
unsupervised or self-organizing procedure.[24] The training process is 
initialized by assigning small random values to the weight vectors w of the 
neurons in the network. Each training-iteration consists of three steps: the 
presentation of a randomly chosen input vector from the input space, the 
evaluation of the network, and an update of the weight vectors. 
 
Hidden Markov Model(HMM) 
Hidden Markov Model(HMM) [28] is ubiquitous for modelling time series 
data. It is also one of the most important machine learning models in speech 
and language processing. HMM can represent probability distributions over 
sequences of observations and choose the best label sequence to assign labels 
or classes to each unit in a sequence. [29]  
 
Markov chain is as a kind of probabilistic graphical model: a way of 
representing probabilistic assumptions in a graph. [29] A Markov chain can be 
specified by the set of states, a transition probability matrix, an initial 
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probability distribution over states. Markov chain can solve the sequence of 
events which we can directly observe. As for Hidden Markov chain, it can help 
us to use observed events to deal with hidden events. For example, we can set 
an event sequence as 01001⋯ ,and 0 is cold weather and 1 is normal weather. 
This is the event sequence we can directly observe. The Markov chain is shown 
in Fig.2 

 
Fig.2 Markov chain for cold and normal weather 

 
For this sequence, three might be a 4 Hidden Markov model which we can’t 
directly observe as shown in Fig.3. 

 
 

Fig.3 4-state hidden Markov model 
 

A Hidden Markov Model can be defined as {N,M, π, A, B}. N is the number of 
hidden states, M is the number of observation states, π is the initial probability 
distribution, A is the transition probability matrix and B is a sequence of 
emission probabilities. As N and M can be determined by the observation 
sequence,  {π, A, B} are considered as the parameters of a HMM. 
 
HMM includes three main problems: [29] 
 

 Problem 1: Evaluation 
Given the HMM and observation sequence to calculate the probability of 
observation sequence. 
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 Problem 2: Decoding 
Given the HMM and observation sequence to find out the best hidden 
state sequence. 
 

 Problem 3: Learning 
Given the observation sequence and the number of hidden states to learn 
the parameters of the HMM. 

 
These three problems can be solved by three corresponding algorithms: 
 

Table 1 Problems and solving methods for HMM 
Problem Method 
Evaluation The Forward Algorithm [30] 
Decoding The Viterbi Algorithm [31] 
Learning Forward-Backward Algorithm [32] 

 
The Forward Algorithm 
The evaluation problem is to calculate the probability of observation sequence 
based on the given HMM. In order to solve this problem, we can compute the 
total probability of the observations just by summing over all possible hidden 
state sequences, but if there are N hidden states and the length of observation 
sequence is T, this method will need to calculate for 𝑁𝑇sequence and it is too 
costly.  
 
Instead of summing over all possible hidden state sequences, the forward 
algorithm use recursion to reduce the complexity and summing the 
probabilities of all possible hidden state paths that could generate the 
observation sequence. The complexity is 𝑂(𝑁2𝑇). 
 
The Viterbi Algorithm 
Viterbi algorithm is an efficient method to solve the decoding problem of HMM. 
Finding out the best hidden state sequence can also be solved by calculating 
probability of all the sequences and the one with the largest value is the winner. 
But it also costs O(𝑁𝑇). Just like the forward algorithm, Viterbi algorithm can 
solve the problem in a dynamic way and takes the max over the previous path 
probabilities. In order to remember the best states for each step, Viterbi 
algorithm use back pointers to keep track of the path of hidden states that led 
to each state and finally trace back to the beginner to get the final best hidden 
state sequence. [29] 
 
The Forward-Backward Algorithm 
Most time we only have the observation sequence but we don’t know the 
parameters of the HMM. There is no method to precisely come up with the best 
{  π, A, B } to get max probability 𝑃(𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠|{ 𝜋, 𝐴, 𝐵 }). This becomes a 
learning problem and the local maximum solutions are considered. The 
forward-backward algorithm will estimate initial parameters for HMM and use 
forward algorithm and backward algorithm to calculate the probabilities to get 
to this position from both side. Then it uses these probabilities to calculate two 
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intermediate variables: expected state occupancy count and the expected state 
transition count. Finally use these two intermediate variables to re-compute 
new A and B probabilities and update. 

3.1.2 Similarity measurement 

In order to cluster the time series, similarity measurement methods are very 
important. If the distance between two time-series is defined across all time 
points, then distance is the sum of the distance between individual points. 
There are mainly three type of similarity measurement methods. [24] 
 

 Shape-based similarity measure is to find the similar time-series in time 
and shape, such as Euclidean, Dynamic Time Warping(DTW), Longest 
Common Sub-Sequence(LCSS). It is a group of methods which are 
proper for short time-series. 
 

 Compression based similarity is suitable for short and long time-series 
distance, Pearson’s correlation coefficient and Cosine wavelets.  
 

 Feature based similarity measure are proper for long time-series. 
 
The most common distance used in clustering is Euclidean distance. It is 
sensitive to scaling. Dynamic Time Warping is and very well in deal with 
temporal drift. It has better accuracy than Euclidean distance but lower 
efficiency [24]. LCSS (Longest Common Sub-Sequence) is noise robust and 
supports the elastic distances and unequal size time-series. 
 
There are two time series p and q with length i, j, i, j ∈ Z (where Z is the integer 

set) and p= {𝑝1, 𝑝2, 𝑝3, ⋯ 𝑝𝑖 }  and q= {𝑞1, 𝑞2, 𝑞3, ⋯ 𝑞𝑗  } . In hence, the distance 

between p and q with different similarity measurements are defined as follow: 
 
Euclidean distance (𝑖 = 𝑗 = 𝑛) 
 

𝑑𝑖𝑠(𝑝, 𝑞) = 𝑑𝑖𝑠(𝑞, 𝑝)                                                (15) 
 

𝑑𝑖𝑠(𝑞, 𝑝) = √(𝑝1 − 𝑞1)2 + (𝑝2 − 𝑞2)2 + (𝑝3 − 𝑞3)2⋯+ (𝑝𝑛 − 𝑞𝑛)2        (16) 

 
Squared Euclidean distance (𝑖 = 𝑗 = 𝑛) 
 

𝑑𝑖𝑠2(𝑝, 𝑞) = 𝑑𝑖𝑠2(𝑞, 𝑝)                                             (17) 
 

𝑑𝑖𝑠2(𝑞, 𝑝) =  (𝑝1 − 𝑞1)
2 + (𝑝2 − 𝑞2)

2 + (𝑝3 − 𝑞3)
2⋯+ (𝑝𝑛 − 𝑞𝑛)

2           (18) 
 
Dynamic time wraping (DTW) [33] 
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𝑑𝑡𝑤(𝑝, 𝑞) =     

{
 
 

 
 
0                                                                                               𝑖𝑓  𝑖 = 𝑗 = 0
∞                                                               𝑖𝑓 𝑖 = 0, 𝑗 ≠ 0 𝑜𝑟 𝑖 ≠ 0, 𝑗 = 0

𝑑𝑖𝑠(𝑝𝑖, 𝑞𝑗) + 𝑚𝑖𝑛 {

𝑑𝑡𝑤(𝑖 − 1, 𝑗)
𝑑𝑡𝑤(𝑖, 𝑗 − 1)

𝑑𝑡𝑤(𝑖 − 1, 𝑗 − 1)
                                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(19) 
 
longest common subsequence similarity measurement (LCSS)[34] 

𝐿𝐶𝑆𝑆(𝑝, 𝑞) = {

0   𝑖𝑓 𝑖 = 0 𝑜𝑟 𝑗 = 0

𝐿𝐶𝑆𝑆(𝑖 − 1, 𝑗 − 1) + 1   𝑖𝑓 |𝑝𝑖 − 𝑞𝑗| ≤  𝜃

max{𝐿𝐶𝑆𝑆(𝑖 − 1, 𝑗), 𝐿𝐶𝑆𝑆(𝑖, 𝑗 − 1)}  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                  (20) 

 
𝜃 is the matching threshold. 

3.1.3 Evaluation methods  

In order to evaluate the clustering experiments and results, the evaluation 
method for clustering should be independent of the evaluator and reliable. 
There are two kinds of clustering evaluation methods, internal evaluation and 
external evaluation. The difference between internal and external evaluation is 
whether or not external information is used for clustering validation, such as 
labels.  
 
The common internal evaluation methods include Davies-Bouldin index, 
Silhouette and dunn index. 
 
Davies–Bouldin index(DBI) [35] is a metric to evaluation clustering 
algorithm. The formula of DBI is defined as: 
 
 

𝐷𝐵𝐼 =  
1

𝑛
 ∑ (

𝑑𝑖+𝑑𝑗

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑐𝑖,𝑐𝑗)
)𝑗≠𝑖

𝑚𝑎𝑥𝑛
𝑖=1                                     (21) 

 
𝑑𝑖 is the average distance of all elements in cluster 𝑖  to the centroid 𝑐𝑖 . The 
clusters with low intra-cluster distances and high inter-cluster distances will 
have a lower DBI value. The algorithm with the smallest DBI value for the same 
dataset is the best choice. 
 
Silhouette method [36] is using the average distance 𝑎 (between 𝑜𝑖  to the 
other members in the same cluster 𝐶𝑎 ) to compare with the distance b (between 
𝑜𝑖 to the all members in the neighbor cluster 𝐶𝑏). The silhouette value is in the 
range of [-1,1] and the larger the value, the better the clustering result. 
 
Confusion matrix and F-measure are external evaluation methods. 
Confusion matrix is a table with the results of false positives, false negatives, 
true positives, and true negatives. F-measure (F1 sc0re) and accuracy are 
defined as:[37] 
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F1 score =
2∗true positive

2∗true positive+ false negative+false positive
                       (22) 

 

Accuracy =  
true positive+false negative

true positive+true negative+ false negative+false positive
          (23) 

 
 
 
 
The confusion matrix is shown as follow: 
 

Table 2. Confusion matrix 
 True condition 

Condition positive  Condition negative 
Predicted 
condition 

Predicted 
condition 
positive 

true positive false positive 

Predicted 
condition 
negative 

true negative false negative 

 
Precision and Recall 
Precision, also called Positive predictive value, is defined as:[37] 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                            (24) 

 
Recall, also called Ture positive rate, is defined as: 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                 (25) 

 
Clustering models based on K-means clustering, Fuzzy c-means clustering and 
Hidden Markov Model are developed in this thesis. The evaluation method used 
for clustering results are DBI, confusion matrix, precision value, recall value 
and F-measure. 
 

3.2 Time series forecasting  

The time series forecasting methods and corresponding evaluation methods are 
introduced in this part. 

3.2.1 Forecasting methods 

 
ARIMA 
Auto-regressive integrated moving average (ARIMA) models are the most 
general class of models for predicting a time series which can converted to be 
stationary by transformations such as differencing and logging. In an ARIMA 
(p, d, q) model, p is the order (number of time lags) of the autoregressive model, 
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d is the degree of differencing (the number of times the data have had past 
values subtracted), and q is the order of the moving-average model.  
 
Linear regression  
Linear regression is the method to model the relationship between variables 𝑋 
and output variables 𝑌 by fitting a linear equation to observed data. 
  

 If there is only one variable in 𝑋, it is called simple linear regression.  

 If there are more than one variables in 𝑋 , it is called multiple linear 
regression. [38] 

 If there are more than one variables in 𝑌, it is called multivariate linear 
regression.[39] 

 
 
K Nearest Neighbour(KNN) regression 
K nearest neighbour is a non-parametric method for classification and 
regression. [40] The main idea of KNN is finding out k closest neighbours to 
the input using a similarity measurement method, such as Euclidean distance. 
KNN regression is using the k closet neighbours of the input to do regression 
process and the most common method is taking the average value of them. 
 
Artificial neural network (ANN) 
The artificial neural network (ANN) methods have been proved by their 
predictive potentiality and are widely applied to a variety of areas including 
simulation, classification, and recognition or forecasting. [41] ANN consists of 
a large number of parallel processing neuros, working independently and 
connecting to each other by weighted links. It is capable of simulating complex 
nonlinear system due to its ability of self-learning, self-adaption and 
generalization. 

3.2.2 Evaluation  

Root mean square error(RMSE) is a common method to evaluate the 
differences between the predicted values with actual values. 𝑦𝑡  is the actual 
value at time t and 𝑦�̂� is the predicted value. 
 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦�̂�−𝑦𝑡)2
𝑛
𝑡=𝑖

𝑛
                                           (26) 

 
Mean absolute percentage error (MAPE), is a measure of prediction 
accuracy of a forecasting. 
 

MAPE =  
100

𝑛
∑ |

𝑦𝑡−𝑦�̂�

𝑦𝑡
|𝑛

𝑡=1                                         (27) 

 
In this thesis, the forecasting models are developed based on KNN regression 
and linear regression. The evaluation method used is RMSE. 
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3.3 Related work 

3.3.1 Long-term rain attenuation prediction 

In order to design digital fixed line-of-sight links, both in clear-air and rainfall 
conditions, prediction methods for the propagation effects should be taken into 
account and long-term rain attenuation prediction plays an important role in 
it. [18] Most common long-term prediction model concludes Rice and 
Holmberg (RH), Kitami, Crane, Moupfouma and ITU-R model. [42]  
 
ITU-R model is widely used by most researchers. Based on data pooled from 
the United States, Consultative Committee of International Radio(CCIR) or 
ITU-R gives an estimate of cumulative distribution of rainfall rate for the entire 
globe by dividing into five zones. [43]. 
 
Based on ITU-R P530-16[18], steps for ITU-R model is:  

 Step1: Obtain the rain rate 𝑅0.01  exceeded for 0.01% of the time (with an 
integration time of 1 min).  
 

 Step2: Compute the specific attenuation, Υ𝑅  (dB/km) for the frequency, 
polarization and rain rate with Eq.2 
 

 Step3: Compute the effective path length, 𝑑𝑒𝑓𝑓 of the link by multiplying the 

actual path length 𝑑 by a distance factor 𝑟.  
 

 Step4: An estimate of the path attenuation exceeded for 0.01% of the 
time is shown as:  

𝐴0.01 = Υ𝑅 𝑑𝑒𝑓𝑓 = Υ𝑅𝑑𝑟                                    (28) 

 

3.3.2 Short-term rain attenuation prediction  

Comparing with long term rain attenuation prediction, short-term rain 
attenuation prediction is aimed at getting attenuation prediction value for next 
5 minutes or even longer based on recent history. It doesn’t need long time 
statistical analysis results. The prediction attenuation value can help controller 
to make decision on signal transmission routine to avoid propagation loss 
caused by rain. 
 
There have been notable works on rainfall attenuation time series prediction, 
mostly reliant on statistical probabilities. Some examples of techniques 
proposed include the Hidden Markov Model (HMM) [44], the Gaussian 
conditional distribution [45], Adaptive Modulation and Coding (AMC) 
technique [46]. Common time series prediction model ARIMA and Markov 
chain can also be used for short term rain attenuation prediction for single link.  
 
Van De Kamp (VDK) model [47] is a short-term prediction model relying on 
online measurement of rain attenuation slope. It has been verified that the 
spread of the conditional attenuation slope distribution of rain attenuation is 
increased as the level of conditioned attenuation increases while the 
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distribution remains symmetric. This means that given a certain attenuation 
level, the attenuation value should be expected to stay unchanged, since the 
mean value of the slope is 0 dB/s.  [47]  
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4 Methodology  

Different problems can be solved with different methodologies. In this chapter, 
the exiting research strategy, data collection methods, data analysis methods 
and quality assurance are mentioned and corresponding methodologies chose 
in this thesis are also introduced. 

4.1 Research Strategy 

Research strategy is the methodologies to help making the research objectives 
come true.  Theses methodologies are for the research, which includes 
organizing, planning, designing and conducting research. [10] The research 
strategies for quantitative research and qualitative research are different. The 
common research strategies for quantitative research are: 
 

 Experimental research 
Experimental research is usually used on large dataset to explore the 
intra relationship between the variables in a statistical way. It would 
verify or falsifies the hypotheses. 

 

 Ex post facto research 
Ex post facto research is similar to the experimental research. But it is 
often used when the data has already been collected and can’t control the 
data collection based on different variables like experimental research. 
This method is also a research strategy for qualitative research. 

 

 Surveys 
Surveys is a descriptive way for research to find out the frequency and 
relationships between variables. The data of survey can be collected in 
two different ways: cross-sectional and longitudinal.  Longitudinal 
surveys collect data in a period of time but cross-sectional in a single 
point of time. Survey is also a research strategy for qualitative research. 

 

 Case study 
Case study is the strategy for the exploration of a unclear real life events 
in an empirical way. Case study is also a research strategy for qualitative 
research. 
 

The common research strategies for qualitative research are: 

 Action research 
Action research is a research strategy for the improvement of the 
methods that are used for problem solving and discussion. It is also 
suitable for understanding the setting of a given dataset. 

 

 Exploratory research 
Exploratory research uses the surveys for the understanding of the 
problems and explore the relationships between variables as much as 
possible with qualitative data. 

 



22 
 
 
 
 

 Grounded theory 
Grounded theory is an inductive theory discovery method to develop the 
theory based on the collection and analysis of data. 

 

 Ethnography 
Ethnography is a strategy to study people in a descriptive way. 

 
Ex post facto research, action research and grounded theory are used as 
research strategies for the building of clustering model and prediction model 
based on the given data and the corresponding improvement for the models. 

4.2 Data Collection 

The data collection are the methods used for the collection of the data to do the 
research. The common methods for data collections are [10]: 
 

 Experiment 
Experiment is in order to analysis the relationships of different variables 
to collect large amount of data. 

 

 Questionnaire 
Questionnaire is collecting data by question design and get the answers 
of the questions.  

 

 Case study 
Case study is the data collection method for case study research strategy. 
It is an in-depth analysis of a small amount of participants. 

 

 Observations 
Observations is recording the behavior with focus on situations or 
behavior in a culture.  

 

 Interviews 
Interviews is collection of data by gather the answers from the 
participants with a deep understanding. 

 

 Language and Text 
Language and text are used for interpreting discussions, conversations, 
texts, and documents 

 
The data collection is carried out by the stakeholder and the data collection 
method they used are experiment and interviews. 

4.3 Data Analysis 

Data analysis is the method to analyze the data after collection process. The 
most commonly used data analysis methods for quantitative research are:[10] 
 

 Statistics 
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Statistics is using the statistical methods for data analysis including 
result evaluation and population calculation. 
 

 Computational mathematics 
Computational mathematics is using algorithms, numerical methods, 
and symbolic methods to do calculation and simulation. 

 

And for qualitative research, the most commonly used are：[10] 
 

 Coding 
Coding is turning qualitative data into quantitative data to analyse 
transcriptions of interviews and observations. 

 

 Analytic induction and grounded theory 
Analytic induction and grounded theory is an iteration method that 
alternate between collections and analyses until the final solution is 
gotten. 

 

 Narrative analysis 
Narrative analysis focuses on literary discussion and analysis. 

 
In this thesis, statistics, computational mathematics and analytic induction and 
grounded theory are used for data analysis. Statistics and computational 
mathematics are used in the pre-processing part and evaluation part. The 
analytic induction and grounded theory is used in the building processing of the 
clustering model and forecasting model. 

4.4 Quality Assurance 

Quality assurance is the final step of the research and to validate and verify 
research material. The quantitative research, with a deductive approach, must 
apply and discuss validity, reliability, replicability and ethics [10].  
 

 Validity 
Validity is to make sure the measurements used are actually measuring 
the expected values. 

 

 Reliability 
Reliability is the stability of the measurement and the consistency for 
each test.  

 

 Replicability 
If another researcher follows the same process and method, the same 
results can be gotten. 

 

 Ethics 
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The moral principle in the process of research. It includes protection of 
participants, maintenance of privacy, avoiding coercion and having 
consent in written form, and treating material with confidentiality. 

 
The qualitative research, with an inductive approach, must apply and discuss 
validity, dependability, confirmability, transferability and ethics [10].  
 

 Validity 
Validity in qualitative research, makes sure that the research has been 
conducted according to existing rules. 
 

 Dependability 
Dependability is similar to reliability to judge the correctness of results. 

 

 Confirmability  
The research doesn’t include personal bias that affect the outcomes. 

 

 Transferability  
As much information are included and described for the other 

researcher, the other researchers can follow the research process.  

 

 Ethics 
The moral principle in the process of research. It includes protection of 
participants, maintenance of privacy, avoiding coercion and having 
consent in written form, and treating material with confidentiality. 
 

As this thesis is based on qualitative research and inductive approach. Validity, 
dependability, confirmability, transferability and ethics should be applied. The 
clustering and forecasting models developed in the thesis are evaluated with 
corresponding evaluation method to confirm the reliable of the final results. 
The whole process can be followed by other researchers. The ethic part has 
already discussed in chapter 1.5. 

4.5 Software development method 

The software development methods are introduced in this part. After choosing 
corresponding research methods and strategies, deciding methods used for the 
development of software to solve the problem comes to the next step. 
 

 Waterfall method 
Waterfall method is an old software development process model. It has 
been widely used in both large and small software intensive projects and 
has been reported as a successful development approach especially for 
large and complex engineering projects. [48] 
 
The waterfall model divides the software development lifecycle into five 
distinct and linear stages: 
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1) requirements analysis and definition 
2) system and software design 
3) implementation 
4) test  
5) maintenance.  
 
The phases in a waterfall development are more linear than other 
models. But in principle, any stage should not start until the previous 
stage has finished and the results from the previous stage are 
approved.[48] 
 

 Agile method 
Agile methods deal with unstable and volatile requirements by using a 

number of techniques. The most notable are:  

1) simple planning  

2) short iteration 

3) earlier release  

4) frequent customer feedback.  

 

These characteristics enable agile methods to deliver product releases in 

a much short period of time compared to the waterfall approach.[48]  

 

Agile methods go through all development stages a little at a time, 

throughout their software development life cycle. In one agile release, 

the steps may not be clearly separated.[48] 

 

The development method used in this thesis is agile. In the waterfall method, 
the five stages have to follow each other step by step, but during working on the 
thesis projects, some requirements are adjusted at all times. Hence, agile 
method is more suitable.  
 
In order to manage the process of the development, Kanban board is chosen. 
Kanban board is a Japanese word meaning a signboard, and it is used in 
manufacturing as a scheduling system. It is a flow control mechanism for pull-
driven Just-In-Time production, in which the upstream processing activities 
are triggered by the downstream process demand signals.[49] 
 
The Kanban board provides visibility to the software process, because it shows 
assigned work of each developer, clearly communicates priorities and 
highlights bottlenecks.[49] All the tasks are visualized as cards attached to the 
board and belongs to three states: “TO-DO”, “In Process” and “Done”. In this 
way, the organization and management of tasks is clear by using Kanban board. 

  



26 
 
 
 
 

5 Data preprocessing and statistical analysis 

5.1 Datasets information 

There are two datasets used in this thesis:  
 

 Attenuation dataset: 
The main time series dataset includes the signal attenuation values for 
one terrestrial microwave link from 2015.7.1 to 2015.7.29. The length of 
this link is 1.26km. The sample interval is 10 seconds.  

 

 Rainfall dataset: 
The auxiliary time series dataset includes the rainfall values from 
2015.7.1 to 2015.7.29 with sample interval 15 minutes. The auxiliary 
dataset is from Swedish Meteorological and Hydrological Institute 
(SMHI).  

5.2 Missing value  

There are three kinds of missing data: [50] 
 

 Missing completely at random (MCAR) 

 Missing at random (MAR) 

 Missing not at random(MNAR).  
 

The missing map for attenuation dataset is shown as follow. The missing value 
is not missing as random. Hence, the missing values are set as 0 after 
normalization process.  

 
Fig.4 Missing map for attenuation dataset 
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5.3 Implementation ITU-R838 rain attenuation model  

The signal attenuation can be caused by many factors as introduced in chapter 
2 and rainfall is one of them. In data preprocessing part, the ITU-R838 rain 
attenuation model is implemented based on the rainfall dataset and a 
comparison with the attenuation dataset. The result is shown in Fig.5. 

 
. Fig.5 Simulation results of rainfall attenuation model and real data 

 
Based on the model ITU-R 838[3], coefficients k and α are defined as functions 
of frequency, f (GHz), in the range from 1 to 1 000 GHz and polarization 
direction. The frequency of the link is 32.445 KHZ and length is 1.26km. In this 
way, values for the coefficients k and α are 0.2646 and 0.8981. The 
implementation results are shown in Fig.5. 
 

 The pearson correlation between the values of manually implemented 
model based on rainfall data and the real signal attenuation data is 
0.4493. The RMSE value is 0.2219. 

 

 The pearson correlation between the values of manually implemented 
model based on rainfall data and the real signal attenuation data at rain 
time is 0.6031. The RMSE value is 0.0706. 

 

 After binarization of the values of manually implemented model based 
on rainfall data and the real signal attenuation data at rain time, the 
pearson correlation value is 0.9913. The RMSE value is 0.0011. 

 
After the comparison, we can point out that signal attenuation at rain time have 
significant relationship with rainfall, but ITU-R838 rain attenuation model is 
not an accurate model to fit the data.  
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5.4 Manually labelled data 

Based on the comparing of values of ITU-R 838 rain attenuation model and real 
signal attenuation values in chapter5.2, the attenuation caused by the rainfall 
lasts longer than the rainy time. And the sample interval of rainfall dataset is 
much larger than attenuation dataset.  
 
It is not precise to directly use rainfall data as a label for rain or not rain event 
for attenuation data. In order to get the ground truth value of the label, the rain 
or not rain labels are assigned to the attenuation dataset manually. 

5.5 Basic statistical analysis for manually labeled data 

There are 66 rain events are labeled for the attenuation dataset. The basic 
statistical result for the rain events are shown in the following table. 
 

Table 3. Basic statistical analysis for manually labeled data 
 Min value Max value Median value Mean value 
Magnitude(db) 0.1 21.4 2.75 4.028788 
Duration(min) 8.333333 425.8333 40.08333 62.71212 

 

5.6 Rescaling 

The rescaling processing is for attenuation dataset and it contains two steps. As 
the attenuation value of one link is in direct proportion to the length of the link, 
the first step of rescaling is dividing the link length variable from the dataset. 
The second step is using the min-max method to rescale the data into range 
[0,1]. 
 
The formula for min-max method to rescale dataset x into [0,1] is: 
 

𝑅𝑒𝑠𝑐𝑎𝑙𝑒𝑑(𝑥) =
𝑥−min (𝑥)

max(𝑥)−min (𝑥)
                                 (30) 

 

5.7 Binarization 

The binarization step is for rainfall dataset. The rainfall values larger than 0 are 
assigned as 1 and the others are assigned as 0. 
 

5.8 Basic statistical analysis for attenuation dataset 

The autocorrelation and partial autocorrelation(PACF) plot of attenuation 
dataset is shown in Fig.6,7. 
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Fig.6 Autocorrelation of signal attenuation time series 

 
Fig.7 Partial autocorrelation of signal attenuation time series 
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6 Clustering for signal attenuation time series 

In order to get good clustering results to label the rain and no rain attenuation 
data, different clustering models are developed and evaluated in this chapter, 
including one-step clustering, two-step clustering and HMM. One-step 
clustering is directly using the clustering algorithm to doing clustering and get 
the results. Two-step clustering is doing one more clustering process based on 
the results of one-step clustering. 
 
As mentioned in chapter 3, there are three types of time series clustering: whole 
time series clustering, subsequence clustering and time point clustering.  
 

 The one-step clustering methods used in this chapter are subsequence 
clustering. 

 Two-step clustering and HMM are time point clustering. 

6.1 One-step clustering 

K-means and Fuzzy c-means are two time-series clustering algorithm. When 
the number of cluster K is set, the time series will be grouped into k groups 
based on similarity measurement.  

6.1.1  Parameter setting 

In order to do clustering, the attenuation time series is cut with same time 
interval and each subsequence is defined as one input vector for the clustering 
model. 
 
The parameters that should be defined in the one-step clustering including: 

 Length of subsequence 

 Cluster number k 
 
The attenuation dataset includes 250560 observations. In order to get a good 
clustering result, the k-means clustering and fuzzy c-means clustering are 
developed with different length of input vectors (from 10, 20 to 1000 
observations) and different cluster numbers(from 2 to 12).   
 
Davies Bouldin index(DBI) is used for the evaluation of different parameter 
setting models. The smaller the DBI, the better the clustering performance. The 
results for the best cluster number and corresponding DBI value for different 
input vector length are shown in Fig.8. 
 
When the length of input vector changes from 10 to 1000, the best clustering 
number k of K-means has the tendency to get larger. The DBI value increase 
with the length increase from 10 to 200 and tend to be stable when the length 
of input vector is longer than 200 observations.  
 
But for Fuzzy c-means, the best clustering number k is stable within 2 to 5. The 
DBI value increase with the increase of input vector length. 
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(a)k-means 

 
(b)Fuzzy c-means 

Fig.8 Relationship within cluster number and vector length 
 

As shown in the Fig.8 , for both k-means and fuzzy c-means, when the input 
vector length is shorter than 100 observations and the cluster number set as 2, 
the performance of clustering are better.  

6.2 Clustering model 

Based on the results of chapter 6.1, when the input observations vector length 
smaller than 100 observations and cluster number set as 2, k-means and Fuzzy 
c-means can get better performance.  
 
The original sample interval of attenuation dataset is 10 seconds and the sample 
interval of rainfall dataset is 15 minutes which is equal to 900 seconds. Hence, 
the input vector length is set as 90 observations (15 minutes) for one-step 
clustering.   
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The clustering result of K-means and Fuzzy c-means clustering are shown in 
Fig.9. The similarity measurement for both K-means and Fuzzy c-means is 
Squared Euclidean distance. 

 
(a)K-means 

 
(b)Fuzzy c-means 

Fig.9 Result for one-step clustering 
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The observations in the cluster with a larger value of cluster centroid are 
labeled as rain (the blue points shown in Fig.9) and the others are labeled as 
no rain. (the red points shown in Fig.9) 

6.3 Two-step clustering  

After the one-step clustering, the attenuation observations can be labeled as 
rain and no rain based on the clustering result. In the process of one-step 
clustering, the attenuation time series is cut into same time interval (15 
minutes). For each observation in the same subsequence, they will get the same 
label as rain or no rain.  

6.3.1 K-means – K-means two step clustering 

The label result gotten from the one-step clustering can be considered as the 
shape feature for the subsequences which the observations are in. And for 
each attenuation observations, they have their own attenuation value which can 
be considered as the attenuation feature. Based on the rainfall dataset, the 
rainfall feature can also be defined by matching the subsequences, which the 
observations are in, to the rainfall data. 
  
In this way, each observation in one subsequence can succeed the shape feature 
and rainfall feature from the subsequence. Combining with its own attenuation 
feature, each observations can get three features: binary shape feature {0,1}, 
binary rainfall feature{0,1} and attenuation feature in range [0,1]. 

 
Fig.10 Structure of k-means – k-means two step clustering 

 
(a) One-step Kmeans clustering 
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(b) k-means-k-means clustering 

Fig.11 Clustering results comparison between one-step k-means clustering and 
k-means-k-means clustering 

6.3.2 FCM-FCM/K-means two step clustering  

K-means is a hard clustering method and can only assign one input vector to 
one cluster. But Fuzzy-c means is a soft clustering method, it can come up with 
the membership percentages for all clusters that the input vector might belongs 
to.  
 
In one-step FCM clustering, the cluster with a larger percentage value is 
selected as the final cluster for each input vector. In two step clustering, the 
percentage values of each subsequence belong to rain cluster can be considered 
as the shape feature of the subsequence. The observations can succeed this 
feature from the subsequence they belong to.  
 
The attenuation feature is also the attenuation value for each observation. 
The rainfall feature used in this part is a little bit different from the rainfall 
feature used in k-means-k-means clustering method. The rainfall feature used 
here is an imputed value of rainfall data based on the attenuation data. 

 
Fig.12 Method for rainfall feature calculation 

 
As shown in Fig.12 , the percentage of observations larger than 0 from start 
point observation to current point  observation in an attenuation subsequence 
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as b. The rainfall feature for current point observation is the binary rainfall 
data for this subsequence times b. Hence, the three features for one 
observations are all in the range of [0,1].  
 

 
Fig.13 Structure of FCM – FCM/k-means two step clustering 

 

 
(a)Two step FCM-k-means 

 
(b)Two step FCM-FCM 

Fig.14 Clustering results of two step FCM-FCM/k-means clustering 
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6.4 Hidden Markov model  

Hidden Markov model is used for finding out the hidden states of a time series 
and assign proper state label to the observations. As for attenuation dataset, the 
hidden states should be rain attenuation and no rain attenuation. The label of 
rain and no rain should be assigned to each observation. 
 
In this way, the observations in the attenuation dataset should be clustered into 
2 clusters. A 2-state Hidden Markov model is built. HMM usually contains 3 
main problems as mentioned in chapter 3:  
 

 Decoding 

 Learning  

 Evaluation 
 
In order to find out the 2-state HMM and assign state labels to observations, 
learning and decoding problems should be solved. The forward – backward 
algorithm is used to find out the local maximum solution for 2-state HMM 
learning.  

The initial transition matrix is [
0.5 0.5
0.5 0.5

] and the initial state probabilties model 

is [0.5 0.5].  The likelihood converged at 10 iterations. The final transition 

matrix is  [
0.997 0.003
0.001 0.999

] and the final initial state probabilties model is [0 1].  

 
Then the Viterbi algorithm is used to find out the most best hidden state 
sequence to solve decoding problem. The observations are assigned to label rain 
and no rain. The final clustering result is shown in Fig.15. 

 
Fig.15 Clustering result with HMM 
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6.5 Evaluation 

The confusion matrix, F1-score, precision and recall values are used to evaluate 

the clustering results comparing with the manually labeled data got in chapter 

5.4. 

The precision is the percentage of true positive in predicted true condition. It is 

the percentage of predicted rain attenuation data with right label in total 

predicted rain label data. The recall is percentage of true positive in true 

condition. It is the percentage of predicted rain attenuation data with right label 

in real total rain attenuation data.  

Table 4. Results for one-step clustering 

 Precision Recall F1-score Accuracy 

K-means 0.958824 0.249183 0.395564 0.928428 

FCM 0.956068 0.47501 0.634685 0.948607 

 

The 2 one-step clustering methods, both K-means and Fuzzy c-means, have 

high precision value and low recall. It means the predicted rain label 

attenuation of one-step clustering are nearly all correct, but most rain 

attenuation data are assigned to no rain label. Comparing k-means and Fuzzy 

c-means, precision values are nearly the same, but fuzzy c-means has higher 

recall value, F1-score and accuracy. FCM has better performance. 

Table 5. Results for two-step clustering 

 Precision Recall F1-score Accuracy 

K-means-k-means 0.823477 0.585375 0.684306 0.949238 

FCM-FCM/k-means 0.683991 0.781265 0.729399 0.945518 

 

The 2 two-step clustering model, k-means-k-means has a higher precision 

value, FCM-FCM/k-means has a higher recall value and they both have high 

accuracy value. In general, F1-score is a better evaluation method in this 

situation. FCM-FCM/k-means has higher F1-score value and has better 

performance. 
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Table 6. Results for k-means and k-means-k-means clustering 

 Precision Recall F1-score Accuracy 

K-means 0.958824 0.249183 0.395564 0.928428 

K-means-k-means 0.823477 0.585375 0.684306 0.949238 

 

Comparing one-step k-means and two-step k-means-k-means, the precision 

value of two-step clustering decreases 14.11%, but the recall value increase 

134.91%. The F1-score of two-step has an increase of 73%. Two step k-means-

k-means clustering has a significant performance improve than one-step. 

Table 7. Results for FCM and FCM-FCM/k-means clustering 

 Precision Recall F1-score Accuracy 

FCM 0.956068 0.47501 0.634685 0.948607 

FCM-FCM/k-means 0.683991 0.781265 0.729399 0.945518 

 

Comparing one-step FCM and two-step FCM-FCM/k-means, two step has a 

better F1-score with a improve of 14.92%.  

Table 8. Results for all clustering models 

 Precision Recall F1-score Accuracy 

K-means 0.958824 0.249183 0.395564 0.928428 

FCM 0.956068 0.47501 0.634685 0.948607 

K-means-k-means 0.823477 0.585375 0.684306 0.949238 

FCM-FCM/k-means 0.683991 0.781265 0.729399 0.945518 

HMM 0.383515 0.926664 0.542505 0.853109 

 

Comparing all these clustering models, HMM has the highest recall value and 

the lowest value. It means HMM can assigned 92.66% real rain attenuation data 

with the correct rain label, but some real no rain attenuation data are also 

assigned with the rain label. FCM-FCM/k-means has the highest F1-score.  

In general, FCM-FCM/k-means has the best performance among these models. 

But if the purpose is to assign as much real rain attenuation data with the 

correct rain label as possible, HMM has the best performance. 
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7 Forecasting for rain attenuation time series  

After using the clustering models introduced in chapter 6, the signal 
attenuation data are clustered into 2 clusters: rain attenuation data and no rain 
attenuation data. In this chapter, the data in rain attenuation cluster gotten 
from HMM is reframed by sliding window method. Real time forecasting model 
based on KNN is developed and evaluated.  
 

7.1 Sliding window 

When a time series dataset is given, the data can be restructured. We can use 
previous time steps as input variables and use the next time step as output 
variable. In this way, the previous time steps or lags can be used to forecast the 
value of next time step. [51] 

 
Fig.16 Sliding window method to restructure time series data  

 
The parameter setting for sliding window includes the length of the window and 
the sliding interval for each step. Based on the statistical analysis of manually 
label data, the shortest rain event lasts 8.3 minutes and the length of sliding 
window should be shorter than 9 minutes. The parameter setting in of 
forecasting model is: 
 

 Length of sliding window:  
o 3 min, 5 min, 9 min 

 Sliding step size: 
o  1 min 

 
In each sliding window, the last minute values are defined as the target values 
or output values. It means in a 5min sliding window, the first 4 minutes data is 
used to predict the last minute data. 
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7.2 K nearest neighbor regression 

K nearest neighbor is a non-parametric machine learning algorithm. When the 
number k is given, k closest neighbors to the input using a similarity 
measurement method.  

7.2.1 K nearest neighbor regression forecasting model 

 
As shown in Fig.17, when the real time timeseries is coming, KNN will be used 
to find out k nearest neighbors in the time series pool. The average value of 
target values of the ‘neighbors’ will be used as the predict value of the real time 
timeseries.  
 

 
Fig.17 K-nearest neighbor regression for real time forecasting based on time 
series pool 
 

7.2.2 Parameter setting 

The parameters for KNN regression forecasting model include  
 

 The length of real-time time series 

 The size of time series pool 

 Time ahead to predict 

 The value of k for KNN 
 
The length of sliding window used to reframe the data in rain attenuation 
cluster gotten from HMM is set as 3 min, 5 min and 9 min. In this way, the 
lengthes of real-time time series are 2 min,4 min and 8 min. The time ahead to 
predict is 1 min.  
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After reframing, 75% of the data in rain attenuation cluster gotten from HMM 
are used as the time series pool. In order to select the value k for KNN, 4-fold 
cross validation is used for different k (from 2 to 25), the smaller the RMSE 
value of the prediction, the better the model and k value. 

7.3 K nearest neighbor and linear regression  

 
Fig.18 K-nearest neighbor and linear regression for real time forecasting based 
on  
time series pool 
 
Similar to the frame of K-nearest neighbor regression, when the real-time time 
series is coming, KNN will be used to find out k nearest neighbors in the time 
series pool. When the nearest neighbors are selected, a linear regression model 
will be used on the ‘neighbors’ and their target value and fit this linear model to 
the real-time time series to get the final predicted value. The parameter setting 
part of this model is the same as K-nearest neighbor regression model in 
chapter 7.2.2. The similarity measurement used in KNN is Euclidean distance. 

7.4 Results and evaluation  

As the time interval of the original data is 10 seconds, in both K-nearest 
neighbor regression and K-nearest neighbor and linear regression model, the 
length of the real-time time series and time series pool are 2 min (12 
observations),4 min(24 observations) and 8 min(48 observations).  
 
After getting the k nearest neighbors, in order to simplify the process of using 
‘neighbors’ as new training set to train prediction model. The real-time time 
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series and ‘neighbors’ are sampled with the maximum value in each minute. 
Then the length of ‘neighbors’ and real-time time series for prediction are 2 min 
(2 observations),4 min (4 observations) and 8 min (8 observations). 
  
The data used for forecasting are after rescaling. Hence, the RMSE value for 
original data should be rescaled. 
 

Table 9. Results when sliding window size is 3 min 
 Value of K RMSE  Real RMSE  
Average  14 0.006797 0.152932133 
Linear regression 17 0.00060439 0.013598742 

 
Comparing KNN regression and KNN Linear regression models with 3 min 
sliding window, the values of k are similar, but RMSE value of linear regression 
is much smaller.  
 

Table 10. Results when sliding window size is 5 min 
 Value of K RMSE  Real RMSE 
Average  12 0.0032 0.071999827 
Linear regression 9 0.00044851 0.010091451 

 
When 5 min sliding window is used, the value of k for linear regression 
decreases from 17 to 9, but k value for KNN regression is not changed too much. 
The RMSE for both models are getting smaller. It means 5 min sliding window 
is better than 3 min.   
 

Table 11. when sliding window size is 8 min 
 Value of K RMSE  Real RMSE 
Average  7 0.0046 0.103499752 
Linear regression 6 0.0011 0.024749941 

 
When sliding window size is 8 min, the k values are nearly the same, but the 
RMSE values become worse than 5 min.  
 
For both two forecasting models, the k values decrease with the increase of 
length of sliding window and the RMSE values decrease first and increase later. 
 
Considering KNN itself, if k is one, the nearest neighbour would be gotten. 
When k is small, KNN would be overfitting. But for forecasting process, when 
the k is small, the training set of linear regression and target data for average 
computing are not enough, the forecasting process might be under-fitting.  
 
When the length of sliding window is short (2 min). The number of variables 
for linear regression model training is not enough and more ‘neighbours’ are 
needed for training.  With the increase of length of sliding window, the number 
of variables for linear regression model training is enough and less ‘neighbours’ 
are needed for training. Bur the increase of length of sliding window, the 
distances between the input time series and its ‘neighbours’ would increase.  



43 
 
 
 
 

The quality of ‘neighbours’ for linear regression training would reduce. Hence, 
with the increase of sliding window, the RMSE value decrease first and increase 
later. 
 
The results of K-nearest neighbour and linear regression forecasting model with 
different length sliding window are shown in Fig.19,20,21. 
 

  
(a)Residential (b)Predicted data and real value 

Fig.19 Results of 3 min sliding window for K-nearest neighbour and linear 
regression forecasting model 

 
 

  
(a)Residential (b)Predicted data and real value 

Fig.20 Results of 5 min sliding window for K-nearest neighbour and linear 
regression forecasting model 
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(a)Residential (b)Predicted data and real value 

Fig.21 Results of 9 min sliding window for K-nearest neighbour and linear 
regression forecasting model 

 
Overall, KNN with Linear regression has better performance than KNN 
regression and when the K is 9, sliding window size is 5 min, KNN with Linear 
regression can get the best performance. 
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8 Conclusions and future work 

This thesis presents that the clustering and forecasting models are developed 
and evaluated based on attenuation data to help predict and improve the 
performance of microwave networks. 
 
In order to intelligently label out the signal attenuation caused by the rain, one-
step clustering, two-step clustering and Hidden Markov Model are developed 
and evaluated. On-step clustering includes K-means and Fuzzy c-means. Two-
step clustering includes k-means - k-means, Fuzzy c-means – Fuzzy c-means/k-
means. Two-step clustering is the innovation point of this thesis. Two step 
clustering used the result of first step clustering as a feature and come to the 
second step clustering. The performances of two step clustering have significant 
improvement. 
 
In order to mitigate rain impacts and enable network systems to make proper 
decisions ahead of time, forecasting model based on K nearest neighbor 
regression and linear regression are developed and evaluated. In general, K 
nearest neighbor with linear regression has better performance than k nearest 
neighbor regression.  
 

8.1 Summary and discussion 

Two datasets are used in this thesis. One is the signal attenuation time series 
data and the other is the rainfall dataset. These two datasets have different 
sample intervals. The sample interval of rainfall dataset (15 minutes) is much 
larger than that of signal attenuation dataset (10 seconds).  
 
In order to find out the relationship between rainfall and signal attenuation, the 
ITR-838 rain attenuation model is implemented based on the rainfall data. 
After comparing the simulation rain attenuation data and real signal 
attenuation data, the RMSE value between these two time series are quite large. 
The time of attenuation in signal attenuation dataset can be matched with the 
rainfall time. Most attenuation in signal attenuation dataset should be caused 
by rain. Hence, ITR-838 model is not a suitable model to describe the rain 
attenuation in this case.  
 
After manually label out the rain attenuation data on signal attenuation dataset, 
different clustering models are built for rain attenuation data labelling. 
Comparing with the one step clustering, FCM has better performance, but the 
recall and F1-score are not high. In order to get a better labelling result, two-
step clustering model are built based on the results of one-step clustering. 
Comparing with k-means one step clustering, k-means-k-means have a 
significant improvement on performance. FCM-FCM/k-means is also better 
than one-step FCM clustering. 2-state HMM is also built for hidden state 
labeling. In general, FCM-FCM/k-means have the best performance and HMM 
has the highest recall value. In this case, HMM gets better result than the others, 
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The data used for real-time time series prediction models are the data with rain 
label assigned by HMM. The forecasting method is based on KNN. After finding 
out k nearest neighbors of real-time time series in the time series pool, average 
value of targets from ‘neighbors’ and linear regression method are used to 
generate the predicted of next time stamp. In general, linear regression has 
better performance and sliding window should not be too large or too small. In 
this thesis, the best length of sliding window is 5 minutes. 
 

8.2 Future work 

The forecasting model used in this thesis is the combination of KNN and linear 
regression/average method, there are more prediction models can be built with 
KNN and evaluated, such as ARIMA. 
 
The signal attenuation dataset used in the thesis is only belongs to one 
terrestrial link. The whole microwave terrestrial networks have plenty of links 
that might have similar or different attenuation tendency. The relationship 
feature between different links can also be used to do time series clustering or 
forecasting.  
 
During the process of labeling data manually, some attenuation periods are 
significant not caused by rain. There are many different factors of attenuation 
and rain is only one of them, as mentioned in ITU-R P530. These factors should 
also be considered in the future work. 
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