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Abstract—This paper addresses the opportunity to study the 

number of incidents in an operator’s network, NOS, depending on 

the meteorological factors. One developed a statistical study which 

correlates the number of incidents with weather factors in each 

region of Portugal. It is also developed a forecasting study, in order 

to better predict the number of incidents with a focus on the peak 

day. One concludes that each region has a different behaviour 

regarding the weather variable that is most related to the number 

of incidents, leading to better results when using data from 

Regions. Regarding the forecasting study, the best results appear 

when applying the NARX Neural Network. However, the output 

of this work cannot be applied in a real operation, due to the lack 

of corrected peaks hit. Though, it is the first step into a study to be 

implemented in the real world. 

Keyword—Alarms, Incidents, Faults, Correlation, Forecasting, 

Neural Networks. 

I.  INTRODUCTION 

The popularity of mobile devices has been increasing, as 
well as the demand for mobile communication technology, 
explained by the growth of low-cost cell phones and the 
improvements in network coverage and capacity. As the 
communications systems became more complex, the task of 
identifying and correcting faults in the network has turned into a 
critical task of a network management.  

A fault that could interfere with the services provided by the 
operator is costly. The detection of these before users can suffer 
from service degradation is a needed requirement for a proper 
communication system. Since it is not possible to avoid all faults 
in these systems, their detection and correction are essential. 

In fault management, there are some basic concepts essential 
to introduce. However, there is no standard in naming these 
notions: The Alarm, is an exceptional condition occurred. The 
Root Cause indicates the origin of the abnormal condition. The 
Incident (also referred as fault and root cause), is a malfunction 
of the system that could trigger several alarms. Finally, the 
Ticket, that in most cases are also referred as an alarm is the 
notification received by the network administrator. 

These failures have a significant impact on both operator and 
customers. For the first, it must provide excellent service to its 
clients. For the second, wants to be able to call when wanted, 
and to make it correctly. To achieve this, the operator needs to 
organize its workforce to respond in a quick way to the incidents 

that may exist. By knowing additional information about 
incidents, the operator saves time and money due to the 
workforce organization and with the customers’ satisfaction.  

A prediction of the number of incidents is information even 
more relevant to the operators, due to the importance of critical 
decision inside the organization. Besides, it is also important the 
study of the peaks of incidents, which are days of an unusual 
quantity of incidents. 

The major relevance of this study relies on the fact that exists 
insufficient information about the importance of weather in the 
occurrence of incidents in a telecommunication network. 

The goal of this work is to accomplish a statistical study to 
relate the meteorological variables with the incidents, as well as 
a forecast of the number of incidents. The first study will be 
realized by measuring the importance of meteorological factors 
and planned works in the occurrence of incidents. The second 
study relies in the forecasting on the number of faults. One 
accomplishes both studies using the data of each region of 
Portugal in separate, and then, using the data compiled. 

This study was done in collaboration with NOS, a network 
operator in Portugal. The conclusions of this work are intended 
to give additional information to the operators, to be possible an 
understanding of how the meteorological factors and the planned 
works affect the number of incidents in NOS’s network. 

In Section II one introduces the fundamental concepts 
regarding this work. Section III presents the description of the 
dataset, as well as the processing needed to this data. One also 
shows the statistical and forecasting implementation, as well as 
the assessment of these methods. In Section IV one demonstrates 
the scenarios used in work, with its analysis. Are also presented 
the results of the statistical and forecasting implementation. 
Finally, in Section V, the conclusion is shown. 

II. FUNDAMENTAL CONCEPTS AND STATE OF THE ART 

A. GSM, UMTS and LTE [1][2][3][4][5][6] 

The need for using the same radio access network either in 
GSM and UMTS leads towards one architecture which can be 
efficiently integrated into a single UMTS multi-radio network. 
This architecture is composed by the GERAN and UTRAN, 
responsible for all radio-related functionalities at GSM and 
UMTS, respectively. The remaining elements are the Core 
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Network, responsible for switching and routeing calls, the User 
Equipment for UMTS, and Mobile Stations, for GSM, being the 
interface that connects the user to the rest of the network. 

GSM standard is based on a Multi-Carrier, TDMA and FDD 
modes. A frame is subdivided into eight full slots, and one slot 
is equal to the one-time slot on one frequency, is the data 
transmitted in one slot denoted as a burst. 

WCDMA is used as the radio interface of UMTS, and it is a 
wideband DS-CDMA system. In this system, user information 
bits are spread over a wide bandwidth by multiplying this user 
information with chips. 

Regarding LTE, with the commitment for packet switched 
services optimization, and improvements in the user bit rates led 
the discussion for System Architecture Evolution. Some of the 
evolutions were made to involve fewer nodes to reduce latency 
and improve performance. These improvements were, for 
example, that the CS part of the network disappeared, and that 
LTE only support PS services. 

The downlink multiple access is based on the OFDMA, and 
the uplink access relies on the SC-FDMA. This technique for 
radio transmission and reception is a powerful way to minimize 
the problems of fading and Inter-Symbol Interference. 

B. Modelling alarms and incidents  

An alarm notification can be described, according to [7], 
with a set of valuable information that the network 
administrators are alerted, to prevent the service outage or 
degradation, described by five conditions: Resource, Alarm 
Type, Time, Severity and Information.  

The Severity parameter is used to range the malfunctions. 
These ranges are Critical, Major, Minor and Warning, organized 
from the most to the least severe, as stated in [8]. The Critical 
parameter indicates the need for an immediate corrective action, 
and the Warning it is only the detection of a potential service in 
fault. One can also describe them as cleared and indeterminate.  

The origin of these alarms can be considered into five 
categories, according to [8]. Communication, associated with 
the procedures to carry information. Quality of Service, related 
to the degradation of the quality of service. Processing, 
associated with a software or processing. Equipment, identified 
with an equipment fault, and finally, Environmental, related to 
the condition in which the equipment resides. 

According to [9], the primary sources of these failures are 
the human errors and acts of nature. In a study, [9] describes that 
28% of downtime was caused due to human errors, with 150 
outages in two years. Regarding acts of nature, the values 
decrease to 18% of downtime and 32 outages. One can conclude 
that despite acts of nature have fewer outages, the severity is 
highly superior, leading to a higher period of downtime.  

By the use of a management centre, the flux of alarms can be 
correlated, reducing the amount of information presented to the 
network administrators. This processing is achieved by 
removing redundant information or filtering low-priority alarms, 
according to [10]. 

C. Failure Prediction approach  

To make the best system prediction, one needs to 
characterise the data used. As reported by [11], the arrival of 
faults can be considered as a statistical process in time, shown 
as an ordered time series. This time series, as stated in [12], is 
multivariate (multiple data for one period) and stochastic, since 
the future results can only be estimated. One can also describe 
the time series is non-stationary due to the high-level of daily 
fluctuations. Concerning the linearity, it is annotated that the 
variables in the system could be both linear and nonlinear.  

Linear time series are well described by ARIMA, while 
nonlinear time series more adequately describes neural networks 
(NN). The efficiency of NN is strongly dependent on the inputs. 

To better understand the association of the number of 
incidents with weather variables, one needs to comprehend the 
relationship between these variables. A possible method to 
quantify this relation is by the calculation of the correlation 
coefficient. This coefficient is typically calculated by three 
methods: Pearson [13], Spearman [14] and Kendall’s τ [15]. 
These methods outcomes a number between -1 and +1, 
expressing how closely the two variables are related. The ±1 
shows a perfect relationship and 0 indicated no connection.  

The Pearson correlation is, according to [13], ideal if the data 
follow a bivariate normal distribution, being a method 
vulnerable to data deviation of any kind. According to [16], the 

Pearson coefficient 𝑟 is calculated by (1). 

𝑟 =
∑(𝑋𝑖 − �̅�)(𝑌𝑖 − �̅�)

√∑(𝑋𝑖 − �̅�)
2  ∑(𝑌𝑖 − �̅�)

2
 (1) 

where:  

• 𝑋𝑖: Represents the dataset 𝑋 in index 𝑖; 
• 𝑌𝑖: Represents the dataset 𝑌 in index 𝑖; 
• �̅�: Represents the mean of dataset 𝑋; 

• �̅�: Represents the mean of dataset 𝑌. 

Spearman method provides a distribution-free measure of 
correlation between two variables. In the Spearman coefficient, 
the ranks of the sorted values determine the result. Thus, the data 
is first sorted and then computed, by (2), according to [14]. 

𝑟𝑠 = 1 −
6 ∑(𝑅𝑝 − 𝑇𝑝)

2

𝑛3 − 𝑛
 

(2) 

where: 

• 𝑅𝑝: Represents the rank of dataset X in position p; 

• 𝑇𝑝: Represents the rank of dataset Y in position p; 

• 𝑛: Represents the number of ranks. 

The Kendall’s τ method, quite similar to the Spearman 
method, also measures the range of increasing or decreasing 
relationships between the pairs of variables monotonically. 
According to [15], one can define the concordant pairs by (3). 

𝑌𝑖 < 𝑌𝑗  𝑖𝑓 𝑋𝑖 < 𝑋𝑗  ∨  𝑌𝑖 > 𝑌𝑗  𝑖𝑓 𝑋𝑖
> 𝑋𝑗  ∨  (𝑋𝑖 −𝑋𝑗)(𝑌𝑖 −𝑌𝑗) > 0 

(3) 

where: 

• 𝑋𝑗: Represents the dataset 𝑋 in index 𝑗 ≠ 𝑖; 
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• 𝑌𝑗: Represents the dataset 𝑌 in index 𝑗 ≠ 𝑖. 

Similarly, one can define the discordant pairs by (4). 

𝑌𝑖 < 𝑌𝑗  𝑖𝑓 𝑋𝑖 > 𝑋𝑗  ∨  𝑌𝑖 > 𝑌𝑗  𝑖𝑓 𝑋𝑖
< 𝑋𝑗  ∨  (𝑋𝑖 − 𝑋𝑗)(𝑌𝑖 − 𝑌𝑗) < 0 

(4) 

To calculate the rank correlation, one uses (5). 

𝜏 =
2 (𝑃 − 𝑄)

𝑙(𝑙 − 1)
 (5) 

where: 

• 𝑃: Represents the number of concordant pairs; 

• 𝑄: Represents the number of discordant pairs; 

• 𝑙: Represents the actual size of the sample. 

To forecast the number of incidents, one starts with the 
simplest method to accomplish this study, the linear regression, 
one generically defined by (6), according to [17]. 

𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑎𝑛𝑑 = 𝑏0 +𝑚1𝑥1 +𝑚2𝑥2 +⋯+𝑚𝑘𝑥𝑘 (6) 

where: 

• 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑎𝑛𝑑 : Predictand; 

• 𝑏0: Regression constant; 

• 𝑚𝑘: Regression coefficient; 

• 𝑥𝑘: Predictor. 

In a specific case, when representing the number of incidents 
versus two variables, one uses a variation of the regression 
equation, described by (7). 

𝑦𝑠𝑢𝑟𝑓𝑎𝑐𝑒 = 𝑏0 +𝑚1𝑥1 +𝑚2𝑥2 +𝑚3𝑥1𝑥2 (7) 

where: 

• 𝑦𝑠𝑢𝑟𝑓𝑎𝑐𝑒: Regression surface. 

However, in more complex cases, another forecasting 
models are used. For example, in data similar to the one studied 
in this work, NN presents reliable results. The most widely used 
neural network is the multi-layer perceptron (MLP), one defined 
by (8), according to [18]. 

𝑦𝑀𝐿𝑃 = 𝛼0 +∑𝛼𝑗𝑔 (𝛽0𝑗 +∑𝛽𝑖𝑗𝑌𝑡−1) + 𝜀𝑡 , ∀𝑡

𝑢

𝑖=1

𝑞

𝑗=1

 (8) 

where: 

• 𝑦𝑀𝐿𝑃: Output of MLP; 

• 𝑌𝑡−1: Inputs of MLP; 

• 𝛼0, 𝛽0𝑗: Bias term; 

• 𝑢: Number of inputs; 

• 𝑞: Number hidden nodes; 

• 𝛼𝑗,𝛽𝑖𝑗: Connection Weights; 

• 𝜀𝑡: Random Shock. 

Support Vector Machines (SVM) is also a method to 
describe time series. The primary objective is to find a decision 
rule capable of selecting a subset of training data, as stated in 

[18]. One can mathematically define the SVM in two cases, first 
when the data is linearly separable, and the second into 
nonlinearly separable data. The first is defined by (9), according 
to [18]. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒                                                    
1

2
‖𝑤‖2

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜   𝑌𝑖(𝑤
𝑡𝑋𝑖 + 𝑏) ≥ 1; ∀𝑖 = 1,2, … , 𝑣

} (9) 

where: 

• 𝑤: Weight vector; 

• (𝑌𝑖 , 𝑋𝑖): Input-Output pair; 

• 𝑏: Bias term; 

• 𝑣: Number of vectors. 

Regarding the case where the data is nonlinearly separable, 
e.g. XOR classification, one is mathematically defined by (10), 
according to [18]. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒                 
1

2
‖𝑤‖2 + 𝐶 (∑𝜉𝑖

𝑁

𝑖=1

)

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡    𝑌𝑖(𝑤
𝑡𝑋𝑖 + 𝑏) ≥ 1 −  𝜉; ∀𝑖 =

                                                  1,2, … , 𝑣 ∧  𝜉𝑖 ≥ 0}
 
 

 
 

 (10) 

Where: 

• 𝜉: Slack variables; 

• 𝐶: Regularization constant. 

Regarding Bayesian Networks, [19] refers it as a 
convergence of Artificial Intelligence and Statistics, due to the 
creation of a probabilistic model, that can be used to query 
possible outcomes from the input data. One can define a Bayes 
network by (11), according to [20]. 

𝑃(𝑋1 = 𝑥1, … , 𝑋𝑛 = 𝑥𝑛)

=∏𝑃(𝑋𝑣 = 𝑥𝑣|𝑋𝑣+1

𝑛

𝑣=1

= 𝑥𝑣+1, … , 𝑋𝑛 = 𝑥𝑛) 

(11) 

where: 

• 𝑋𝑛: Dataset in index n; 

• 𝑋𝑣: Dataset in index v. 

Another method is the Nearest Neighbours, which determine 

a point in a dataset that is nearest to a query point, according to 

[21]. This is accomplished by examining the distribution of the 

distance between the query and data points. The identification 

of the distance is made by an evaluation of the number of points 

that are longer a factor of the distance between the query point. 

It is typically used the Euclidean distance, defined by (12), to 

proceed the classification, as stated in [22]. 

𝑑(𝑋, 𝑌) =  √∑(𝑋𝑖 − 𝑌𝑖)
2

𝑖

 (12) 

where: 

• 𝑑(𝑋, 𝑌): Euclidean distance between two points.  

In a study, [12] concludes that the best results to forecast 

faults appeared when applying dynamic models. One, 
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Nonlinear Autoregressive Network with Exogenous Inputs 

(NARX), demonstrates superior performance. According to 

[23], one formalizes NARX by (13). 

y(t) =  𝜓(𝑢(𝑡 − 𝑛𝑢), … , 𝑢(𝑡 − 1), 𝑢(𝑡), 𝑦(𝑡

− 𝑛𝑦), … , 𝑦(𝑡 − 1)) 
(13) 

where: 

• 𝑢(𝑡): Input of the network at time 𝑡; 
• 𝑦(𝑡): Output of the network at time 𝑡; 
• 𝑛𝑢: Input order; 

• 𝑛𝑦: Output order; 

• 𝜓 : Nonlinear function. 

According to [24], when the function 𝜓(. ) is approximate 
by an MLP, the resulting system is the NARX. 

To evaluate the accuracy of the models, one uses the Mean 

Squared Error (MSE), being one of the most common 

performance measure used, defined by (14), as stated in [18]. 

𝜀2̅̅ ̅ =
1

𝑙
∑(𝑌𝑡 − 𝑓𝑡)

2

𝑙

𝑡=1

 (14) 

where: 

• 𝑌𝑡: Represents the actual value; 

• 𝑓𝑡: Represents the forecasted value. 

Regarding the performance of linear regression, the 
coefficient of determination gives one simple fit indicator, 𝑅2. 
According to [25] this provides a reasonable and rapid model fit 
indication and can be computed by (15). 

𝑅2 = 1 −
∑ (𝑋𝑖 − 𝑋�̂�)

2𝑙
𝑖=1

∑ (𝑋𝑖 − �̅�)
2𝑙

𝑖=1

 (15) 

where: 

• 𝑋�̂�: Predicted value for 𝑥𝑖. 

Another method to define the performance is the standard 
deviation. According to [17], this method defines the square root 
of the average squared difference between the data points and 
their sample mean. 

D. State of the art  

With the increased use of the mobile phones, not just to make 
phone calls but even more to access the Internet, the network is 
growing in complexity, and then, producing more alarms. The 
minimization of failures with proper design and preventive 
maintenance is becoming more critical. The opportunity of 
acting preventively and proactively enhances the motivation of 
using incidents prediction to understand possible failures, to be 
possible a quick reaction of solving these problems. 

Some methods in cellular networks for correlating the alarms 
are studied. In [26], a framework to reduce the number of alarms 
to the network administrators is presented. This framework 
consists of the representation of the systems and devices as 
nodes in a graph, and then, if a device fails, by the traversing the 
graph, it is possible to reach the node which caused the fault. 

In [27], it is done a prediction of the expected number of 
failures in the network, by modelling of the number of failures 

as a time series. By applying a statistical method, some elements 
such as lightning or rainfall are identified as the most significant 
predictable causes of faults. Using the results from [12], it is 
proposed the used of the NARX as the most likely network for 
predicting quantities of reported failures in complex systems. 

Another use of NARX network is the study of turbines, as 
possible to see in [28]. The use of this kind of network was 
decided due to the capability of capturing dynamics of 
complicated systems, as in the case of the gas turbines.  

The influence of weather is extensively studied in other 
areas. One of them is the effect in electrical distribution 
networks. Reference [29] present us the study of the network’s 
outages in electric facilities, mainly related to weather factors.  

The other major area of study about the influence of weather 
on the people’s lives are the health issues. Reference [30], for 
example, presents the study of how the weather affects the mood 
of the citizens. Another example is presented in [31], similar to 
[30], with a correlation study about the weather variables 
regarding patient’s headache. 

III. DATASET AND IMPLEMENTATION DESCRIPTION 

A. Data Description 

The data used can be divided into two groups: Incidents and 
Meteorological. The first, provided by the Portuguese operator 
NOS [32], is consisted by two files. The first congregate the 
information from the incidents and the second the base stations’ 
localization. The meteorological data contains information 
received by Weather Underground [33] and from Instituto 
Português do Mar e Atmosfera (IPMA) [34]. The files received 
by the first covers the meteorological information except for 
electric discharges. Regarding the files received by IPMA, these 
are representative of one of the three meteorological stations 
capable of collecting electrical discharges. 

To obtain the meteorological data from Portugal, one uses 
the API for developers, provided by Weather Underground. One 
developed an application based on JSON to receive the 
information, incorporated with a Python application to save the 
data in an Excel file.  

B. Data processing 

Since it is used data from multiple sources, one needs to 
structure the several steps to organize and process the data from 
each source to obtain the final file. This processing comprises 
several procedures, including the removal of information not 
needed to structure the information, one described in Fig. 1. 

Fig. 1. Steps for processing the data. 

Two major objectives compose this thesis, the statistical and 
forecasting studies. The first implements a study on the 
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influence of each meteorological factors in the occurrence of 
incidents. The second is the study of different datasets and 
methods to predict the number of incidents. One described in 
Fig. 2 both implementations and the studies accomplished. 

Fig. 2. Schematization of processes.  

The first step for the statistical study is the calculation of the 
correlation coefficient. However, to achieve this, one needs 
several intermediate steps. To start, one needs to understand the 
physical location of each incident, achieved by an application 
which relates the incidents’ file with the base stations’ location.  

Knowing where the incident occurred, one needs to relate 
this information to the meteorological data. To organize the data, 
and for the 12-hour interval, one needs to establish the maximum 
values of each variable in this interval.   

Regarding the electrical discharges data, the first step is to 
discover the location of the region of each discharge, which 
appears with GPS coordinates. To accomplish this, one uses an 
API of Google Maps. The last step is the calculation of the 
maximum value of intensity and the number of discharges 
during the time intervals studied. 

Having the information about weather variables processed, 
one needs to finalize the processing in incidents file. The first 
step is the calculation of the number of incidents by day and 
merging the weather data. One uses the same application to 
calculate the planned works incidents. 

The last step necessary is to relate the information between 
electrical discharges and incidents by the time that each one 
occurred, in both files. With this last step, one has an organized 
file to process the remaining studies. The same procedure is done 
for each region of Portugal. Then, this data is compiled to form 
the Portugal file. 

C. Statistical Implementation 

The first step for the statistical tests of the number of 
incidents is their relationship versus one weather variable. This 
relationship is studied in two parameters: Correlation and 
Regression, both presented in Section II.C. The first method is 
achieved by the use of SciPy [35] libraries on Python. Regarding 
the regression method, is completed by the utilization of Excel 
chart tool. One represents a scatterplot and then, calculates the 
regression equation and determination coefficient.  

Regarding the two variables study, one accomplishes the 
simulation using Matlab, using the example presented in [36], 
and using (7). To have a method to compare the results, one 
calculated the maximum value that the regression surface has.  

Finally, for the more than two variables study, one uses the 
SPSS software to calculate the regression coefficients for each 
variable. For this study, it is used the actual values for each 
meteorological factor. 

D. Forecasting implementation 

The simplest procedure to implement a prediction is using a 
regression equation. To complete the forecasting, it is used the 
equations provided by the SPSS. Then, to assess this method, 
one uses Excel to assess each equation. This procedure is 
presented in Fig. 3. 

Fig. 3. Regression Equation process. 

To apply the NARX network, one uses the Matlab Neural 
Network Toolbox, where this network is implemented. To use 
this method, it is needed the division of the data into three 
subsets, as described in [37]. These subsets are the training, 
validation and test. The training part, which represents 70% of 
the data, is used to computing the gradient and updates the 
network weights and biases. The validation subset, representing 
15% of the data, is when the validations errors are being 
monitored during the training part to validate the training. 
Finally, the test subset, representing 15% of the data, is used to 
compare different models, plotting the errors during the training 
process. The data is randomly divided into each of these three 
subsets at each time the network is trained, leading to different 
outputs each time the network is trained and validated. 

NARX is trained using a second-order algorithm, the 
Levenberg-Marquardt algorithm, due to the increased training 
speed compared to other algorithms. The inputs to train and 
validate the network can be divided into two files, one referring 
to the objective of the network, the number of incidents. The 
second, input, related to the several weather variables. 

The next step is to set the size of the network, where it is 
possible to change the number of neurons and the delay. To 
achieve the best network, one trains the network with several 
numbers of neurons and delays. After each training, it is 
necessary to consider the MSE, that is different in each training, 
of the three subsets. Due to this, it is necessary several pieces of 
training until reaching the optimal network. One described in 
Fig. 4 the representation of the network in training. 

Fig. 4. Training Network. 

The remaining forecasting simulation is implemented by the 
Weka [38] software. Weka collects a set of machine learning 
algorithms for predictive and classification tasks. In this work, 
one only used the classification option. 
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The first step for the Weka classification is the division per 
classes of each file, according to the number of incidents that 
occurred. One divides the file into three categories, A, B and C. 
The A class refers to the days with a low quantity of incidents, 
the B class the intermediate days, and finally, the C class 
represents the days of an abnormal number of incidents.  

To accomplish the training, one uses the option of Weka to 
cross-validation the data ten times. This means that the data is 
divided into ten equal parts, and then, uses nine of these parts to 
realize the training and the last section to test. This is done ten 
times, using every time a different part to test. The performance 
of each method is thus, the mean of all simulations. One 
described in Fig. 5 the process of Weka classification. 

E. Forecasting assessment 

To assess the forecasting methods, one uses two approaches. 
The first is the study of the results that the methods calculate. 
The second is the study of peaks of incidents, to recognize how 
these methods behave when the severity of incidents increases. 

For the Weka classification, one uses only the data from each 
Region. To assess this classification, one accomplishes three 
studies. The first is the percentage of corrected classification, in 
a global way. The second is the amount of corrected and false 
peaks detected. The last one is the percentage of corrected 
classification by each of the three classes. 

Concerning the study of NN and the regression, one 
calculates the MSE to assess each method. Regarding the study 
of the peaks of incidents, one calculates the mean and the 
maximum error together with the peaks that the method hits. 

One of the forecasting evaluation uses the error of false 
peaks, considered between the number of false peaks and the 
number of corrected forecasted peaks, calculated by (16). 

𝑒𝑓𝑝𝑒𝑎𝑘𝑠 [%] =
𝑓𝑝𝑒𝑎𝑘𝑠

𝑐𝑝𝑒𝑎𝑘𝑠 + 𝑓𝑝𝑒𝑎𝑘𝑠
× 100 (16) 

where: 

• 𝑒𝑓𝑝𝑒𝑎𝑘𝑠: Error between false and total forecasted peaks; 

• 𝑓𝑝𝑒𝑎𝑘𝑠: Quantity of false peaks; 

• 𝑐𝑝𝑒𝑎𝑘𝑠: Quantity of corrected peaks. 

IV. RESULTS ANALYSIS 

A. Scenario Description 

The scenario is composed by a dataset from 1st January of 
2016 until 28th of February 2017 in Continental Portugal. The 
scenario was decided in a meeting with NOS [32]. One describes 
in Table 1 some information about the incidents dataset. 

After a brief analysis of the data, one concludes that the 
number of incidents is directly related to the number of base 
station’s sectors in each region. However, it does not mean that 

with the increase of base stations, the number of incidents also 
increase. To better understand this behaviour, one conducted a 
study to relate the ratio of incidents per base station. 

Table 1. Information about dataset used 

Incidents 
Planned 

Works 

Incidents 

in study 

BS 

sectors 

Incidents 

per BS 

sectors 

Incidents 

per 1000 

inhabitants 

40037 1190 16238 6081 2.67 1.58 

 

One of the conclusions drawn is that the two regions with 
more incidents and base stations, Lisbon and Porto, are the ones 
with fewer incidents per base station. This can be explained due 
to the importance of those regions by the operator. On the other 
position are Portalegre and Évora. This can be explained due to 
the position of some base stations in locations sometimes 
unprotected from natural elements. 

Another conclusion that can be drawn is that the number of 
incidents per region size in Lisbon and Porto is significantly 
higher than the rest of the regions. One explained because these 
regions are hugely populated with people and base stations.  On 
the other hand, Beja is the region with less ratio, explained by its 
dimension. For the inhabitants’ study, the conclusions are 
similar, with Lisbon and Porto represented as some of the best 
regions for this ratio. However, Braga represents the best region. 
After a brief processing of the incidents file, one can relate some 
of the cause-effect in the occurrence of incidents. 

Table 2. First processing in cause-effect problems. 

Cause Effect Examples 

Planned 

Work 
• Interruption. 

• Equipment replacement; 

• Tests. 

Severe 

weather 

• Energy supply; 

• Interruption; 

• Perturbation. 

• Electric board; 

• Air conditioner; 

• Power generator. 

Equipment 
• Perturbation; 

• Interruption. 

• Service quality alarms; 

• Hardware and software 

issues. 

Infra-

structure 
• Perturbation; 

• Interruption. 

• Cooling problems; 

• Vandalization. 

 

B. Scenarios Processing 

To test the procedures, one selects a pilot city to test the 
meteorological information and the data provided. The city 
chosen is Braga, due to the vast number of incidents during the 
period of the data. This study is presented into two intervals: 24-
hour and 12-hour interval. 

The first study is from the linear equations regarding one 
weather variable, one presented in Table 3, where Temperature 
is presented by T, Humidity by H, Precipitation by P, Wind 
Speed by W, Gust Speed by G, Number of Discharges by D and 
the Maximum Intensity Discharge by I. 

One can conclude from Table 3 that the number of incidents 
is mostly related with D and I. One also calculated the 

Fig. 5. Weka process. 
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determination coefficient, but since this value is small for all the 
variable, one does not present it. 

Table 3. Linear Equation for the 24-hour interval. 

 T 

[ºC] 

H [%] P 

[mm] 

W 

[km/h] 

G 

[km/h] 

D I 

[kA] 

m 0.02 - 0.05 0.03 0.05  0.06   0.20 0.11  

b 2.14 6.83 2.76 0.98 0.85 2.33 1.88 

 

One presents in Table 4 the results of the correlation 
coefficient study. It is presented a colour scheme by correlation 
method, where green represents the maximum value of 
correlation, the red a correlation near zero, and the yellow cells 
the intermediate ones. 

Table 4. Correlation results from 24-hour interval data. 

 T 

[ºC] 

H [%] P 

[mm] 

W 

[km/h] 

G 

[km/h] 

D I 

[kA] 

Pearson 0.08 -0.13 0.10 0.28 0.31 0.54 0.32 

Spearman 0.06 -0.08 0.14 0.19 0.20 0.30 0.26 

Kendall 

Tau 
0.04 -0.06 0.12 0.14 0.16 0.21 0.20 

 

One can conclude the same as before, where D and I are the 
variables mostly related with the number of incidents. The next 
step is the accomplishing of the same study, but using the 12-
hour interval. One described the linear equation in Table 5. 

Table 5. Linear equation for 12-hour interval. 

 
T 

[ºC] 

H 

[%] 

P 

[mm] 

W 

[km/h] 

G 

[km/h] 

D I 

[kA] 

m 0.02 - 0.03 0.01  0.04  0.04  0.14  0.04 

b 1.45 4.25 1.97 0.91 0.83 2.50 3.73 

 

From Table 5 one draws that D continues as the variable with 
a higher slope, an equal result as the 24-hour study. The 
conclusions of the determination coefficient are the same as 
previously. Regarding the correlation study, from now on, one 
only presents the Spearman result, presenting in Table 6 is 
presented the results from 12-hour simulation. 

Table 6. Correlations results  

 

The results maintain, with D as the mostly related variable, 
and T with the lowest value, the remaining conclusions are 
nearly the same as before. The next study is regarding the pair 
of variables. In this simulation, one uses two weather variables 
and study the relationship between the number of incidents, as 
described in Section III.C. One accomplishes this study using 
the two time intervals.  

From the two variables study, one concludes that, excluding 
the pair with electrical discharges, W and H is the most severe 
case. The results are equal from both intervals. With this 
information, one uses only the 24-hour interval for the remaining 
studies, since the results are nearly equal from both intervals. 

C. Regions Analysis 

The first phase is the analysis with one weather variable with 
the number of incidents. To better perceive the results from the 
Spearman coefficient, one presents the information of the most 
and least severe variable represented at each region in Fig. 6. 

            a) Most severe variable                        b) Least severe variable 

Fig. 6. The most and least severe variable at each region. 

One can conclude that from the north of Portugal, P is the 
variable which most appear. However, W and G also have 
meaningful results. For the least variable, T is the dominant 
variable. Regarding the centre of Portugal, one cannot draw 
great conclusions. However, P and T are the variables most 
present as the most severe. For the least severe, one also cannot 
draw any conclusion. However, W and G appear often in the 
interior of this area. Finally, for the south, T is the most relevant 
variable in the occurrence of incidents. For the less severe 
variable, there is no major conclusion. However, it is curious to 
relate that Beja has P has the most severe variable and T as the 
least severe variable. An explanation for this fact could be that 
the base stations in this area are prepared for the elevated 
temperatures since it is normal all over the year. 

The next step is the analysis, as done before, for the pairs of 
weather variables for each region. Using the same subdivision 
as before, one can conclude that for the north, P and T is the pair 
most related. It is curious to relate that P is again present in this 
result. For the least severe, T and H is the pair. Again, T appears 
as one of the least severe variables. Regarding the centre, one 
cannot take any reliable conclusion for the most and least severe 
pair. Lastly, for the south of Portugal, W and P represents the 
pair most severe in two regions. Regarding the least severe pair 
of variables, also two regions have T and H as this pair. 

D. Portugal analysis 

With the statistics done in each region, it is important to 
understand the statistics of using the Portugal data. For the linear 

 
T 

[ºC] 

H 

[%] 

P 

[mm] 

W 

[km/h] 

G 

[km/h] 

D I 

[kA] 

Spearman 0.10 -0.14 0.12 0.21 0.21 0.30 0.15 
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regression equation and from the correlation coefficients, one 
can conclude that the most correlated variable is I. For this case, 
the least related variable is H, having almost 0 as the correlation 
coefficient. One presents in Table 7 the Spearman coefficient. 

Regarding the results for the pair of variables study, one can 
conclude that W and P are the most related one. T and H, by 
other hand, appears as the least related.  

Table 7. Correlations results from Portugal. 

 T 

[ºC] 

H 

[%] 

P 

[mm] 

W 

[km/h] 

G 

[km/h] 

D I 

[kA] 

Spearman 0.04 <0.01 0.09 0.19 0.14 0.07 0.21 

 

Regarding the planned works study, one compared the 
quantity of planned work with the incidents caused by other 
causes. One concludes that the number of incidents by planned 
works is in a much smaller quantity than the others. The same 
results appear in the number maximum of incidents occurred in 
one day. These results can be explained because the planned 
works are prepared, and for this reason, it is controlled the 
severity of this work. Since the number of planned works is not 
significative, this parameter will not be further evaluated. 

E. Forecasting 

Using the equations from the Portugal data, one concludes 
that the equation with the best result reaches an MSE of 9.24 
when using all the weather variables.  

Regarding the NARX results, one accomplishes a study with 
twelve networks with varied sizes and delays, to understand 
which have the best result. One also simulated the network 
without the variable H, since its correlation is approximately 
zero. One concluded that the best result appears when using 40 
neurons, 3 as delay and without the variable H. 

One accomplishes the study for the entire outputs, and for 
the peaks of incidents. One considered a peak the top 5% of 
incidents occurred. In Table 8 is presented a comparison 
between the Linear Regression and NARX with Portugal data. 

Table 8. Comparison between NN and Regression in Portugal study. 

 
Mean 

Error 
MSE 

Cor. 

Peaks 

N. 

Peaks 

Cor. 

Peaks 

[%] 

F. 

Peaks 

F. 

Peaks 

[%] 

NN 2 8.85 12 
230 

5.2 9 43 

Reg 2 9.24 3 1.3 2 40 

 

One concludes that there is no major difference between the 
mean value of incidents error using both methods. The main 
differences appear when studying the peaks. NN hits more 
peaks, but also increases the number of false peaks. Despite this 
conclusion, one can settle that these results are insufficient, with 
only 5% of corrected peaks in the best scenario. 

The next study is using the NN and the regression equation 
previously trained with Portugal data, but using the region data 
to forecast. One presents in Table 9 the average results for each 
region study together with the total peaks and the corrected ones. 

One can conclude that the regression equation obtains better 
results than NN, both in the general outputs as in peaks study. 
However, regarding peaks study, the values of false peaks are 
superior to the previous study, with nearly 90% of false peaks in 
NN. Again, these results are unsatisfactory, with only 7% of 
corrected peaks and a huge percentage of false peaks. 

Table 9. Comparison between NN and Regression in Region Study. 

 
Mean 

Error 
MSE 

Cor. 

Peaks 

Total 

Peaks 

Cor. 

Peaks 

[%] 

F. Peaks 

[%] 

NN 2 9 14 
264 

5.3 86 

Reg 1.9 7.8 19 7.2 67 

 

The next study it is created a regression equation and trained 
a NARX network for each region, and using the same data to 
forecast. One presents in Table 10 the complete results. 

Table 10. Comparison between NN and Regression in the second region 

Study. 

 
Mean 

Error 
MSE 

Cor. 

Peaks 

Total 

Peaks 

Cor. 

Peaks 

[%] 

F. Peaks 

[%] 

NN 3.5 3.6 64 
264 

24 17 

Reg 5.2 4.5 30 11 19 

 

One can conclude that, and as expected, this is the best result 
until this point. Both methods have the lowest MSE, as well as 
the increase in the percentage of corrected peaks and the lowest 
false peaks percentage. Nevertheless, both approaches cannot 
achieve great performances in the forecasting of the peaks, 
despite the superior results. One can also refer that this is an 
average result, meaning that is calculated the mean of all regions 
results. These results can range from 0% to 60% of corrected 
peaks or from 0% to 100% in false peaks. This demonstrates the 
fragility in this model regarding the inputs selection. 

The final study is the Weka [38] classification. As described 
in Section III.D, the first step is the division of dataset into 
classes. Then, using the four methods of classification, one 
accomplishes this study. In Table 11 is presented the comparison 
of the four methods. 

Table 11. Comparison of the four classification methods. 

 
Mean 

[%] 

Mean A 

[%] 

Mean B 

[%] 

Mean C 

[%] 

F. Peaks 

[%] 

Bayes Net. 73 98 4 18 56 

MLP 72 92 14 17 62 

Near. Neigh. 63 77 24 19 78 

SVM 73 99 1 8 22 

 

Observing the global accuracy, both Bayes Network, SVM 
and MLP have an accuracy very close, leading to being the best 
methods in this study. For the class A, both SVM and Bayer 
Network have good results. However, SVM has low accuracy in 
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class B and C. Nearest Neighbour appears as the best method to 
classify class B and C but has the most unsatisfactory result in 
the false peaks. For the false peaks study, the best result appears 
in the SVM simulation. 

V. CONCLUSIONS 

The primary goal of this thesis is the study of the number of 
incidents regarding two main variables: Meteorological and 
Planned Works. After a brief analysis, one concludes that the 
incidents caused by the latter are much inferior to other causes. 
Due to this, one only deepens the study of the meteorological 
factors. With the possibility of perceiving how the number of 
incidents is related to the meteorological factors, the paradigm 
of the network administrators could end up changing. Knowing 
this information, the operators could better organize their team 
and network, providing better service to the customers. 

Five chapters compose this paper, being the first the 
Introduction. This chapter contains a summary of the mobile 
wireless communication evolution, as well as a brief 
introduction to the incidents thematic. One also presents the 
motivation and contents behind this work. 

In Section II, one provides the description of GSM, UMTS 
and LTE. Next, it is introduced the definition of incidents, 
providing the methods to accomplish the statistical and 
forecasting studies. It is also presented state of the art.  

In Section III, it is provided with the description of the 
dataset used. One also presents the processing of each dataset, to 
a final file. The organization of the statistical and forecasting 
studies are introduced, as well as its detailed explanation. 

Section IV starts with the description of the scenario in study. 
A ratio between some variables and the number of incidents is 
presented. From this study, one can conclude that Portugal does 
not have a homogenous country in relation to the metrics 
studied. This is explained due to the vast diversity in the number 
of inhabitants, size and infrastructures that each region has. 

In the first scenario, Braga, one could conclude that the 
results are similar using the two-time intervals. Due to this, one 
uses only the 24-hour interval further in work. Regarding the 
weather study, D appears as most related variable. Regarding the 
pair of variables, W and H surge as the most related pair.  

The following study is from the regions of Portugal. One 
subdivides the country into three parts, North, Centre and South, 
to accomplish the one variable study. For the north, one draws 
that P is the one which appears more often. However, W and G 
also have an important role. Regarding the least severe variables, 
T is the one which appears more often. For the centre, one cannot 
draw great conclusions from both most and least severe 
variables. However, P and T are the variables which appear more 
often as the most related, and W and G appear more frequently 
as the least related. Finally, for the south, T is the most important 
variable. For the least severe, there are no significant 
conclusions. Though, it is curious to relate that Beja has P as the 
most related variable and T as the least related. One could 
explain this situation since high temperatures are normal in Beja, 
and the sites could be prepared to deal with this situation. 

One completed the same study for the pairs of the variable. 
For the north, P and T appear as the most related pair. Regarding 
the least severe pair, T and H are the most present in this area. 
For the centre, one cannot draw any possible conclusions for 
both studies. Regarding the south, W and P is the most common 
pair, appearing in two regions. T and H also appears in two 
regions as the least severe pairs.  

To conclude the statistical study, one studies the data from 
Portugal. Despite knowing that these results do not represent 
each region, one completed the study to compare with the 
remaining ones. I reveal as the most related variable and H as 
the least related. For the pair of variables, W and P as the most 
related, T and H as the least related pair. One also accomplishes 
a study on planned work, concluding that the number of 
incidents caused by this variable is inferior to the remaining. 

The next step is the forecasting implementation. The first 
study is with the use of the Portugal data to train and forecast. 
For the regression, one reaches an MSE of 9.24, hitting 1.3% of 
peaks and reaching 40% of false peaks. For the NN, one reaches 
an MSE of 8.85, hitting 5.2% of peaks and 43% of false peaks. 
In this case, NN obtains better results. 

The second study, using the equation and NN trained before, 
one uses the data from each region to forecast. The regression 
obtains, in average, an MSE of 7.8, hitting 7.3% of peaks and 
reaching 67% of false peaks. On the other hand, NN reaches an 
MSE of 9, with 5.3% of peaks and 86% of false peaks. In this 
case, regression reaches better results, but remain unsatisfactory, 
reaching nearly 70% of false peaks. 

The following study is training and forecasting the network 
with region data. In this case, the regression obtains, in average, 
an MSE of 4.5, with 11% of corrected peaks and 19% of false 
peaks. For the NN, has in average an MSE of 3.6, hitting 24% 
of peaks and 17% of false peaks. These are the best results so 
far, as expected. The biggest problem is the peaks prediction, 
where the best result only hits 24%. 

To be able a comparison, one uses the Weka software. In this 
case, the best method to predict peaks is the Nearest Neighbours, 
with 19% of corrected ones. The problem is that this approach 
reaches 78% of false peaks. In average, the best methods are the 
Bayes Network and the SVM. 

One can globally conclude that the best results came from 
training the NARX with the data from each region and use the 
same data to simulate. However, regarding the peak study, this 
result is not satisfactory for use in a real scenario, where it hits 
only 24% of peaks. This can be explained due to the data 
applied, where it is only used one weather station per region. 

Regarding future work, a more profound analysis could be 
made, since this is a new field of study where it exists very few 
information about the relationship between incidents and the 
meteorological variables. It is important to refer that this thesis 
is part of a new study about this thematic, and one of the main 
goals is first to introduce and initiate the study for the theme. 
The first improvement can be applied to the incidents data, 
where a definition of the incidents caused be severe weather 
could be pointed. The second improvement is from the weather 
data, wherein this thesis it is used data from personal weather 
stations, which sometimes is fallible. Then, the next 
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improvement is by the use of weather stations nearby the base 
stations. In this thesis it is only studied the number of incidents, 
it could be essential to define the severity on each incident. 
Finally, in this thesis, it is addressed some of the machine 
learning algorithms, and it could be studied another algorithm. 
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