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Mobile networks represent a considerable industry globally and are known to rely on robust
and highly reliable systems. As a consequence, faults in the system may induce a significant loss
of credibility and revenues for mobile operators. However, while mobile network systems implement more features, they also become more complex and difficult to troubleshoot. In response to
this issue, this thesis explores the capabilities of cluster analysis methods in order to facilitate the
tasks of troubleshooting experts and reduce the cost of mobile networks maintenance.
A comparison of eight different clustering methods is proposed. Each of them is a combination
of a dimensionality reduction algorithm (Principal Component Analysis or Self-Organizing Maps)
and a clustering algorithm (K-means, OPTICS, or Growing Neural Gas with Post-Pruning), with
two exceptions which do not use dimensionality reduction.
The results show that OPTICS performs poorly for this task most of the time. However, Kmeans and Growing Neural Gas with Post-Pruning demonstrate interesting capabilities for detecting several mobile network faults. Both methods present advantages and disadvantages.
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1. INTRODUCTION
Mobile networks represent a large industry globally with 5.2 billion individual mobile
phone subscribers and 1.06 trillion US$ of revenue in 2019 [27]. Over the past, the industry faced a fast growth of user demands and consequently expanded its presence
worldwide. Therefore, mobile technology capabilities improved considerably, from the
first commercial 3G networks launched in 2001 [15], to the deployment of 4G Long Term
Evolution (LTE) in 2009 [19], and 5G in 2018 [54].
Due to the high demand, mobile networks are expected to be highly reliable and accessible. As a consequence, problems in a network can have a significant financial impact
and may induce a loss of credibility for mobile operators. However, mobile network systems are now very complex and produce an increasing volume of data that are difficult
to interpret. Therefore, in order to reduce the troubleshooting costs for mobile operators,
this study proposes a comparison of methods to improve the understanding of mobile
network data and facilitate the work of experts.
In response to the growing interest for reducing troubleshooting costs, Self-Organizing
Networks (SONs) were introduced into LTE [1]. They establish a concept of algorithms
delivering automation for – among others – configuration, optimization and healing. In
particular, self-healing is a category of SON that aims at automatically solving or mitigating faults in a network [2]. Therefore, due to the growing interest of mobile operators in
self-healing, this study focuses on methods to improve mobile network troubleshooting.
A problem can generally be split in multiple parts [4]. First, the symptoms are consequences of problems and are a sign that a problem exists. Then, first-level causes that
directly produce the symptoms. Following are higher-level causes which do not cause
problems directly but form a chain of causes leading to the problem. Finally, the root
cause is the source whose consequences created the problem (Figure 1).
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The different levels of a problem, adapted from [4].
There are essentially two approaches of solving problems:
1. Removing the symptoms or solving the first- or higher-level causes. This usually
provides a temporary relief, but the problem will eventually emerge with new
causes and symptoms.
2. Eliminating the root cause and preventing the problem from happening again.
The first approach finds its use in automatic systems where finding a quick solution is
critical. The second one, however, proposes a long-term solution for a more robust system: this is where Root Cause Analysis (RCA) comes into use. First defined in [60], RCA
is a process for identifying root causes of a problem and finding the actions needed to
solve them. More precisely, it consists of a set of tools and techniques that can be used
to achieve this goal.
RCA has an essential role for troubleshooting mobile networks. However, their complexity and the increasing volumes of data make them difficult to diagnose and correct by
experts. This tedious task can be replaced by a system that analyses the incoming data
automatically using machine learning methods.
Machine learning is a subfield of Artificial Intelligence which includes algorithms that can
learn to predict and recognize patterns without being specifically programmed. Machine
learning algorithms build models relying on sample data in order to perform efficiently
using the learned behaviors. There exist three main approaches to learning from data:
•

Supervised learning relies on data from which the elements we want to predict
are already known i.e. the data is labeled. Such algorithms learn to map the
known behaviors to patterns of data.
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•

Unsupervised learning uses data that is unlabeled. It mostly focuses on identifying similarities and dissimilarities in the data to find structures or groups of data
points.

•

Semi-supervised learning is between supervised and unsupervised learning. In
this case, part of the samples is labeled while the rest is unlabeled. Having a
small amount of labeled data can significantly increase the results of learning.

Supervised or semi-supervised learning have been applied for diagnosing mobile networks [23]. However, these methods often rely on artificial data or expert knowledge and
are difficult to use on real cases. In reality, experts in troubleshooting rarely have the
time to annotate the data they study. Consequently, even though there exist datasets
used for troubleshooting that can be analyzed, they do not contain labels indicating
whether a data point corresponds to a fault or not [26]. Therefore, unsupervised learning
techniques are better suited than others in this context because they can be used on
existing unlabeled datasets.
One of the main categories of unsupervised learning methods is cluster analysis [18].
Cluster analysis is the procedure of grouping data elements together in groups (called
clusters) such that elements in the same cluster are similar to each other and dissimilar
to objects in other clusters.
This study explores the capabilities of unsupervised cluster analysis methods to interpret
the incoming data and present network operators with a selected set of essential information. Therefore, we conduct a comparison of the performance of different cluster analysis methods to find relevant patterns in a mobile network. The detection of these patterns allows experts to identify the root causes of a possible issue faster, hence reducing
expert workload and the troubleshooting costs for mobile operators. In order to qualify
the algorithms accurately, they are evaluated based on their classification performance,
consistency, computation time, and sensitivity to parameter tuning. Finally, this study
provides recommendations based on the evaluation of clustering methods.
Chapter 2 contains a review of existing work to solve the indicated problem. Next, Chapter 3 details the clustering methods selected for the study. Then, Chapter 4 describes
the implementation of the methodology. Further, Chapter 5 presents the results of the
experiments and an analysis. Finally, Chapter 6 proposes a summary of the entire work
in the form of recommendations, and potential future research paths.
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2. RELATED WORK
Improving the mobile network reliability is a topic that has raised a lot of interest from
researchers and mobile operators. As a consequence, a variety of papers have been
published for this purpose. The large number of publications can be explained by the
variety of topics, from studies concerning different models, frameworks or methods, to
the kind of causes to detect.
Two kinds of causes appear frequently in publications: cyberattacks [47], [58] and network faults [23], [38]. For example, a method for detecting anomalies produced by diverse attacks is introduced in [47]. In particular, the authors of the latter study successfully tested their approach on two network datasets including signaling denial of service
attacks against the mobile network and attacks against mobile users. Another study [58]
focuses on detecting mobile networks of viruses (botnets) based on abnormal activities.
Then, researchers also attempted to improve mobile networks reliability by detecting
network faults. These faults are generally produced by a wrong configuration of the mobile network or special events that may affect the quality of service provided by the network, such as bad weather or an accumulation of users in a dense area. In this study,
we refer to network faults as abnormal behaviors perceived in a mobile network, such as
high interference between several network cells or lack of coverage.
In [38], the author introduces a method to monitor the resource consumption patterns of
a mobile network in order to detect possible faults introduced after a software update –
hence caused by a wrong configuration. Another study [23] proposes a data discretization method to improve the diagnosis of known network faults such as a lack of signal
coverage or the overload of a network cell.
In regard to these two categories of causes, this study focuses on the detection of mobile
network faults patterns. Several studies that focus on complementary topics to the detection of faults have been proposed, like a mobile network performance evaluation
method [59] or an improvement of experts knowledge acquisition techniques for selfhealing [30]. However, papers proposing methods for detecting patterns of mobile network faults are scarcer.
A method based on unsupervised learning is proposed in [23]. The diagnosis is done in
two steps: the data points features are first discretized in two states (high and low) using
cluster analysis to determine a threshold for each feature. Then, the different combinations of high and low features are mapped to a set of causes determined by experts using
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a Bayesian network. The approach is tested against synthetic data containing cases for
all the expected causes. In contrast, our study focuses on real data from which the potential causes are unknown.
Another approach based on Merged Growing Neural Gas (MGNG) [5] is studied in [25].
MGNG is an artificial neural network that learns to represent time-series data with an
undirected graph. In the latter study, the quantization error of the algorithm is used to
detect anomalies. The authors show the model produces a large quantization error when
processing anomalous data points, after training it on faultless data. Although the results
are interesting, this latter study provides neither any performance metric, nor explanation
on what causes the detected anomalies correspond to.
Then, a method for detecting mobile network faults is introduced in [26]. In addition to
detecting different patterns for causes using cluster analysis, the study proposes an automatic tool to map the patterns to causes. This is made possible with the annotation of
the clusters by experts after these have been found. Again, the results look promising
but there is no clear comparison between the performance of this method and other
ones. Therefore, we decide to study the first step of the approach – the detection of
patterns – and compare it with other clustering methods.
Due to the great interest of the industry in network anomaly detection techniques, there
have been several related contributions. For instance, two papers propose an extensive
survey on network anomaly detection techniques [3], [35]. However, these studies provide a general overview of the research area and do not specifically focus on mobile
networks, nor provide recommendations for them. In addition, these papers study network intrusions detection techniques, which is not the kind of causes our study focuses
on.
A research closer to our study was made in [55], which compares five clustering algorithms using performance metrics. The study reveals an interesting point where misuse
detection systems – using well-known attacks – have worse performances than clustering algorithms to detect new attacks. However, though closer to our work than the previously mentioned surveys, this paper concerns network intrusions and not network faults.
Finally, to the best of our knowledge, the study that is most similar to our work was conducted in [49]. The paper introduces a method that compares two clustering algorithms
– K-means clustering and hierarchical clustering – to detect anomalies in mobile networks. In contrast to our study, the latter uses only one feature corresponding to the
activity of mobile users, counting the number of inbound and outbound calls and text
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messages. Therefore, the anomalies detected by their system are limited to an abnormally high or low user activity in an area.
In this study, we propose a method for comparing several clustering techniques and
evaluating their performance for detecting different patterns of mobile network behaviors.
In addition, our method uses several Key Performance Indicators (KPIs) to detect different patterns leading to mobile network faults. Then, at the end of this study, we suggest
recommendations on the best clustering algorithms to use based on several evaluation
metrics obtained with our method.
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3. METHODOLOGY
The main objective of this study is to provide a detailed recommendation on clustering
methods for detecting patterns in mobile networks. It is not reasonable to compare all
existing clustering methods due to their significant number. To this end, this chapter details the various selected algorithms for dimensionality reduction and clustering in Sections 3.1 and 3.2, respectively.

3.1

Dimensionality reduction techniques

The curse of dimensionality is a well-known problem in machine learning. First mentioned in [7], it refers today to the fact that clustering high dimensional data is much more
difficult than working with lower dimensions. Indeed, the distances between all data
points appear to be approximately the same as the number of dimension rises [10]. Consequently, clustering data points that are equidistant from each other is meaningless in
most cases.
The number of dimensions causing the curse of dimensionality to happen is unknown.
However, the difference in distance between the data points decreases (by a factor of 4)
for datasets with up to 20 dimensions [10]. While our dataset – detailed in Section 4.1 –
is composed of relatively few dimensions (6), the classification performance is likely to
improve by using dimensionality reduction.
Dimensionality reduction is the process of reducing the number of components of a dataset by approximating its most significant features. In addition to improving the clustering, it can significantly reduce the algorithm’s running time owing to the smaller vectors
to process. This is an important aspect for troubleshooting mobile networks, in which
time is a crucial factor.
Part of our experiments are about applying different dimensionality reduction methods to
a dataset before clustering. Numerous algorithms for this purpose exist, though we select
two of the most popular ones: Principal Component Analysis (PCA) [28], [50] and SelfOrganizing Map (SOM) [33]. The main interest in comparing these methods is in their
different ways to process the data: PCA is a statistical procedure while SOM is an artificial neural network. Both methods are detailed in the following subsections in the order
of ascending complexity.

8

3.1.1 Principal component analysis
PCA [28], [50] is one of the oldest and most popular methods used for linear dimensionality reduction. It transforms the input to more significant and less correlated vectors
based on its eigenvectors.
The algorithm can be split in the following steps:
1. Calculate the covariance matrix,
2. Calculate the eigenvalues and eigenvectors of the covariance matrix,
3. Sort the eigenvectors and select 𝑘 most significant ones, and
4. Project the dataset to the selected eigenvectors,
where 𝑘 is the target number of dimensions for the input dataset.
First, the covariance matrix is a square and symmetric matrix of dimensions 𝑑 × 𝑑, where
𝑑 is the original dataset dimension. The matrix contains the covariance for every pair of
variables such that the rows and columns of the matrix represent each variable of the
dataset. A matrix cell represents the covariance of the row variable and the column variable it is associated with. As an example, here is the covariance matrix 𝐴 for 𝑑 = 3,
where the variables are 𝑋, 𝑌, and 𝑍:
cov(𝑋, 𝑋) cov(𝑋, 𝑌) cov(𝑋, 𝑍)
𝐴 = [cov(𝑌, 𝑋) cov(𝑌, 𝑌) cov(𝑌, 𝑍) ] .
cov(𝑍, 𝑋) cov(𝑍, 𝑌) cov(𝑍, 𝑍)

( 3. 1 )

Once the covariance matrix has been obtained, we can calculate the 𝑑 eigenvalues and
𝑑 eigenvectors of 𝐴. The eigenvectors denote the directions of the highest variances of
a set of vectors. As an example, the two arrows in Figure 2a represent the eigenvectors
of a two-dimensional (2D) generated dataset containing two elongated blobs.
Then, the next step is to sort the eigenvectors by descending order of eigenvalues. The
eigenvalues represent the significance of each variable such that the eigenvector associated with the highest eigenvalue is the most significant component. Hence, we can
select the first 𝑘 components into a vector 𝑊, as they are the most significant, and calculate the new dataset 𝑌 = 𝑊 𝑇 × 𝐷 where 𝐷 is the original dataset.
To illustrate, the longest arrow of Figure 2a represents the principal component for an
example dataset. Therefore, the histogram (Figure 2b) corresponds to the 1D projection
of the dataset along the principal component. In this case, the dimension is reduced from
2 to 1 by choosing the most significant component.
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(a)

(b)

(a) A plot of randomly generated 2D data. The arrows represent the dataset eigenvectors. (b) The histogram of the dataset presented in (a) after application of PCA to reduce the dimension from 2 to 1.

3.1.2 Self-organizing map
SOM [33] is an artificial neural network trained to output a representation of the input
data into a map of lower dimensions while conserving the topology of the data. The
method is comparable to vector quantization, in such a way that the SOM produces
nodes associated with weight vectors that are spatially and globally ordered. SOM is
commonly used for visualization and clustering purposes [22] in various domains [14],
[56], [63], including also mobile networks [26].
There are essentially two types of main algorithms for SOM [31]: 1) the original algorithm
processing one data point at a time, which was mostly built on the theory; and 2) a batch
training that processes all inputs simultaneously. We use the latter method here because
it requires fewer parameters and it converges much faster than the former method. Additionally, most commercial implementations of SOM use the batch training process, including the MATLAB implementation [32] which has inspired the Python implementation
[44] that we use in this study.
We use a 2D map with hexagonal tiles, rather than rectangular ones for their greater
accuracy [31]. In contrast, the choice of the map size does not follow apparent rules and
is more of a trial-and-error process. Still, the map width and length ratio is recommended
to have the ratio of the two largest principal components to guarantee a faster convergence in learning than for square maps [31]. The principal components are obtained as
described in Section 3.1.1.
Each node is represented by a model 𝑚𝑖 , where 𝑖 is the index of the node in a map of n
nodes such that 𝑖 ∈ {1,2, … , 𝑛}. The models are set up using the linear initialization
method which consists in sampling vectors along the two largest principal components
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of the dataset. While initialization with random vectors is possible, using linear initialization makes the model converge faster [31].
A model 𝑚𝑖 is essentially a weight vector of length 𝑑, the dimension of the input dataset,
and is associated with a list of data items. A node can be a winner node, also called best
matching unit (BMU) of a data point 𝑥. The BMU of 𝑥 is the closest node to 𝑥. The distance measure used is the Euclidean distance. Hence, the list of data associated with a
model 𝑚𝑖 correspond to all the data vectors for which 𝑚𝑖 is their BMU. Therefore, the
BMU for a data item 𝑥𝑗 is calculated as:
( 3. 2 )

𝐵𝑀𝑈(𝑥𝑗 ) = argmin ||𝑥𝑗 − 𝑚𝑖 || ,
𝑖∈{1,2,…,𝑛}

where 𝑗 is the row index of the data points.
In one iteration cycle, for each BMU, all nodes are updated so that their model approaches the input data items. The equation to update the models is:
𝑚𝑖 (𝑡 + 1) =

∑𝑁
𝑗=1 ℎ𝑐𝑖 (𝑡) ∙ 𝑥𝑗
∑𝑁
𝑗=1 ℎ𝑐𝑖 (𝑡)

( 3. 3 )

,

where 𝑁 is the number of rows of the input dataset, ℎ𝑐𝑖 is a neighborhood function and 𝑐
denotes the index of the current BMU for which models in the neighborhood are updated.
Therefore, every model will be updated concurrently such that their new weight vector
will be an average of all data inputs weighted by a neighborhood function.
The two most popular neighborhood functions of SOM are the bubble and the Gaussian
functions, respectively calculated by the following formulas:
ℎ𝑐𝑖 (𝑡) = {

1

if ||𝑚𝑐 − 𝑚𝑖 || < 𝜎 𝑡

0

if ||𝑚𝑐 − 𝑚𝑖 || ≥ 𝜎 𝑡

ℎ𝑐𝑖 (𝑡) = exp(

−||𝑚𝑐−𝑚𝑖 ||2
2∙(𝜎𝑡 )2

and

),

( 3. 4 )

( 3. 5 )

where 𝜎 𝑡 is the radius of the neighborhood function at the training iteration 𝑡.
The bubble function will either allow or not a node to be updated in the neighborhood,
while the Gaussian function will output a decreasing value as a node is further away from
the BMU.
We use a two-steps method for training called rough and fine training which generally
achieve successful trainings in practice [26], [32]. In the rough training phase, the goal
is to order the map globally by using a large initial radius linearly decreasing to a final
and smaller radius in a few training cycles. Then, the fine training aims at converging the
map into a stable state, using the last radius value used in the rough training phase and
keeping it constant through the iterations. Finally, we follow the experiment setup in [26]
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by using the bubble neighborhood function (3.4) in the rough training phase and the
Gaussian function (3.5) in the fine one.
Note that SOM can also be considered as a cluster analysis algorithm due to its vector
quantization nature, but it usually means that we need to set the number of nodes equal
to the number of clusters we want to analyze [16], [22], which is unknown in our case.

3.2

Clustering methods

Once the data dimensions have been reduced, we apply a cluster analysis method to
group the data points into clusters following a similarity measure. The notion of “cluster”
cannot be precisely defined [21], which is one of the reasons explaining why there are
multiple clustering algorithms. Over time, researchers have established various cluster
models to answer different definitions of what a cluster is. For the scope of this thesis,
we select some of the most popular models used in literature:
•

A centroid model based on calculating a mean vector for each cluster: K-means
[37], [39].

•

A density model, focusing on clustering data points based on their density:
OPTICS [6].

•

A neural model using the topology of the data: Growing Neural Gas (GNG) [24].

In addition to their popularity, our selection is motivated by the models being part of three
different categories. These three algorithms are detailed in the following subsections in
the same order they were listed: from simpler to more complex.

3.2.1 K-means clustering
K-means clustering [37], [39] is one of the most popular cluster analysis algorithms used
in data mining. Its principle is to group the input data into 𝑘 clusters of equal variances
by associating observations to the nearest mean vector. This vector corresponds to the
mean of all observations it is associated with.
Although several variants of the algorithm exists, we use the original Lloyd’s algorithm
[37] as implemented in the scikit-learn library [12]. The algorithm performs the following
steps:
1. Initialize 𝑘 vectors 𝜇𝑖 , 𝑖 ∈ {1,2, … , 𝑘}, with random samples from the input dataset.
2. Assign each observation to its nearest vector 𝜇𝑖 based on Euclidean distance. All
observations associated with the same vector 𝜇𝑖 are part of the same cluster 𝐶𝑖 .
3. Update each vector 𝜇𝑖 to correspond to the mean of all observations in 𝐶𝑖 .
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4. Repeat the steps 2 and 3 iteratively until none of the 𝜇𝑖 change significantly anymore.
One drawback of this algorithm is that the results can be different depending on the
vectors chosen randomly during the initialization step. Therefore, the algorithm is executed several times to find the best cluster setting. This is done by minimizing the withincluster sum-of-squares:
𝑘

argmin ∑ ∑
𝐶

𝑥∈𝐶𝑖

𝑖=1

||𝑥 − 𝜇𝑖 ||2 ,

( 3. 6 )

where 𝑥 is an observation within cluster 𝐶𝑖 .
As previously mentioned, K-means clustering requires the number of clusters 𝑘 as input.
However, we do not rely on a priori knowledge of the data and cannot infer the correct
number of clusters empirically.
Gómez-Andrades et al. [26] propose a method to find the most appropriate number of
clusters for K-means clustering. Their approach starts with computing different sets of
clusters 𝑆𝑘 = {𝐶1 , 𝐶2 , … , 𝐶𝑘 } for a series of 𝑘 such that 𝑘 = 2,3, … , 𝑃, where 𝑃 is a reasonable number of possible clusters.
Then, they calculate the Davies-Bouldin (DB) index [17] for all sets 𝑆𝑘 . The DB index is
a cluster separation measure evaluating the overall significance of a cluster set. It is
possible to calculate the similarity measure 𝑅𝑖𝑗 between clusters 𝐶𝑖 and 𝐶𝑗 by the following equation:
𝑅𝑖𝑗 =

𝐷𝑖 + 𝐷𝑗
,
𝑀𝑖𝑗

( 3. 7 )

where 𝐷𝑖 is the average distance between each point of 𝐶𝑖 , and 𝑀𝑖𝑗 is the distance between the centroids of 𝐶𝑖 and 𝐶𝑗 . Therefore, a high value of 𝑅𝑖𝑗 indicates that 𝐶𝑖 and 𝐶𝑗
describe a similar pattern. Contrarily, a low value of 𝑅𝑖𝑗 induces that 𝐶𝑖 and 𝐶𝑗 describe
different patterns. Hence, the DB index can be calculated as:
𝑘

1
𝐷𝐵 = ∑ max 𝑅𝑖𝑗 ,
𝑖≠𝑗
𝑘

( 3. 8 )

𝑖=1

where max 𝑅𝑖𝑗 corresponds to the measure 𝑅𝑖𝑗 for 𝐶𝑖 and its most similar cluster.
𝑖≠𝑗

Once the DB indices are computed for each set 𝑆𝑘 , we select the one set for which the
index is the smallest because it indicates a better cluster separation. However, the chosen set might still contain clusters for which the data distribution is similar. In other words,
they denote the same behavior in the network and will be difficult to set apart.
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The next step is to use the Kolmogorov-Smirnov (KS) test [41] to verify the null hypothesis that two arrays of sample observations are from the same distribution. The 𝑝-value
obtained by the test [40] determines the probability of having samples that confirm the
null hypothesis. Hence, we apply the KS test to each pair of clusters for each KPI. If any
pair of clusters for which any 𝑝-values obtained for their KPIs is greater than a certain
threshold called significance level (SL), the null hypothesis cannot be rejected (i.e., the
two clusters are statistically similar). In case there is such a pair in the previously chosen
set 𝑆𝑘 , we select the set 𝑆𝑘−1 and perform the test again until there is no similar pair of
clusters anymore and 𝑘 ≥ 2.

3.2.2 OPTICS clustering
OPTICS (Ordering Points To Identify the Clustering Structure) [6] is an algorithm for finding density-based clusters. It is based on DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) [20], one of the most popular density based clustering algorithm
[43]. The main advantage of OPTICS over DBSCAN is that it can detect clusters of different density.
Another advantage appears when choosing the parameters. Both algorithms use two
parameters: 𝜀 is the distance within which a minimum of 𝑀𝑖𝑛𝑃𝑡𝑠 points must be located
to be considered a cluster. While, for DBSCAN, 𝜀 is a fixed distance, OPTICS sees it as
a maximum distance from which the closest 𝑀𝑖𝑛𝑃𝑡𝑠 points are selected. The distance
parameter can also be omitted by considering it infinite, but it largely affects the complexity and computation time of the model. The parameters of OPTICS have a significant
influence on its outcome. Consequently, the simplification of the parameter selection is
even more important due to the limited knowledge on the input data.
OPTICS essentially creates an ordering of the points based on two measures. The core
distance of a point 𝑝 is
Undefined
core-dist 𝜀,𝑀𝑖𝑛𝑃𝑡𝑠 (𝑝) = {𝑀𝑖𝑛𝑃𝑡𝑠-distance(𝑝)

if |𝑁𝜀 (𝑝)| < 𝑀𝑖𝑛𝑃𝑡𝑠
otherwise,

( 3. 9 )

where 𝑁𝜀 is the set of points within the distance 𝜀 of 𝑝, and 𝑀𝑖𝑛𝑃𝑡𝑠-distance(𝑝) stands
for the distance between 𝑝 and the 𝑀𝑖𝑛𝑃𝑡𝑠th closest point of 𝑁𝜀 (𝑝). The core distance is
undefined if there are not enough points (fewer than 𝑀𝑖𝑛𝑃𝑡𝑠) within the 𝜀-neighborhood.
Consequently, if it is defined, the point 𝑝 becomes a core point.
Then, the reachability distance of a point 𝑞 with respect to 𝑝 is calculated as follows:
Undefined
if |𝑁𝜀 (𝑝)| < 𝑀𝑖𝑛𝑃𝑡𝑠
( 3. 10 )
reach-dist 𝜀,𝑀𝑖𝑛𝑃𝑡𝑠 (𝑞, 𝑝) = {
max(core-dist 𝜀,𝑀𝑖𝑛𝑃𝑡𝑠 (𝑝), ||𝑞 − 𝑝||) otherwise.
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In case 𝑝 is not a core point, the reachability distance of 𝑞 w.r.t. 𝑝 is undefined. Otherwise,
it is equal to the maximum value between the core distance and the distance between 𝑝
and 𝑞.
The algorithm processes each point once. The core-distance of a point is first calculated.
If defined, the algorithm computes the reachability distance of its neighborhood and proceeds to the point with the next smallest reachability distance. Points are added to a
priority queue in the ascending order of their reachability distance. When there are no
more points reachable from the current queue, the next unprocessed point from the dataset is selected and the content of the queue is moved to an ordered list. The algorithm
iterates until all points have been processed.
The result of the algorithm is the “cluster ordering” of the input data and can be visualized
in a reachability-plot (Figure 3b). Unlike DBSCAN, OPTICS does not extract clusters
automatically. Among the existing algorithms, we use the most popular one: the ξ cluster
extraction as proposed by the authors of OPTICS [6].

(a)

(b)

OPTICS with ξ cluster extraction on 3 Gaussian clusters with added
noise. (a) the scatter plot and (b) the reachability plot. Colors denote different
clusters. The points labeled 0 were not clustered. ξ=0.05.
This method is named after its parameter ξ which denotes a steepness percentage. The
main principle is to choose where a cluster starts and ends using the steepness of the
reachability plot. Typically, a cluster starts with a downward slope and ends with an upward one (Figure 3b). A higher value of ξ significates the slopes need to be steeper in
order to be a cluster limit. Hence, a high ξ value will make the algorithm detect the most
significant clusters i.e. the larger “valleys” in the reachability plot. On the contrary, lower
values of ξ will produce the detection of less significant clusters.
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3.2.3 Growing neural gas with post-pruning
Growing Neural Gas (GNG) [24] is an alternative to SOM as a vector quantization
method. Similar to SOM, it conserves the topology of the initial dataset. However,
knowledge on the input data is not as important because GNG requires neither the
knowledge of the exact number of neurons, nor an a priori shape as parameters to use
it as a clustering algorithm.
GNG includes nodes 𝑠𝑖 associated with vectors 𝑤𝑠𝑖 and non-weighted edges to describe
the topology of the data. At each iteration, the algorithm generates a vector 𝑥 from a
probability density function of the data 𝑃(𝑥). The nodes are updated so that the closest
node 𝑠𝑖 to 𝑥 (the winner node) and its direct neighbors 𝑛 ∈ 𝑁𝑠𝑖 will move towards the
vector 𝑥. The direct neighborhood 𝑁𝑠𝑖 consists of nodes connected to 𝑠𝑖 by one edge.
Therefore, the nodes are updated by the following rule:
𝑤𝑠𝑖 (𝑡 + 1) = 𝑤𝑠𝑖 (𝑡) + 𝜀𝑎 ∙ (𝑥 − 𝑤𝑠𝑖 (𝑡)) and

( 3. 11 )

𝑤𝑛 (𝑡 + 1) = 𝑤𝑛 (𝑡) + 𝜀𝑏 ∙ (𝑥 − 𝑤𝑛 (𝑡)),

( 3. 12 )

where 𝜀𝑎 and 𝜀𝑏 are the learning rates for the winner node and the direct neighbors,
respectively.
Then, a new edge is created between the winner node and the second-nearest node to
𝑥. In addition, new nodes are added every 𝜆 iterations between two other nodes to decrease the quantization error.
Edges and nodes are eliminated based on an edge aging system. The age of an edge
increments whenever it is connected to the winner node of the iteration. Then, the age
is reset to 0 if it was supposed to be created during the current iteration. Otherwise, an
edge is removed if it is older than 𝛼𝑚𝑎𝑥 iterations. A remaining node is also removed if
left without any edge. This system is necessary as updating nodes may invalidate the
edges created previously.
One risk with GNG is that the few last training vectors 𝑥 chosen from 𝑃(𝑥) do not represent the input data well enough. Consequently, the model may not truly represent the
dataset either. To mitigate this issue, we use a variant of GNG called Growing Neural
Gas with Post-Pruning (GNG-PP) [13] which eliminates and repositions nodes to reduce
the quantization error. Most importantly, the post-pruning process eliminates nodes that
are not representative of the data and would otherwise be counted as clusters.
The algorithm first assigns each data point to its closest node using the Euclidean distance. This step allows us to separate the nodes in two sets: the ones which have data
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points assigned to them, and those which have none. We assign these latter nodes to a
set 𝑉. The nodes in 𝑉 are not useful for reducing the quantization error but can remain
useful for their connections to other nodes. Considering the different groups of nodes in
Figure 4, a set of rules determines their outcome:
1. A node 𝑣 ∈ 𝑉 and its possible edges are removed from the graph if:
a. 𝑣 has no edges – Group 𝑓,
b. All the edges of 𝑣 connect to other nodes in 𝑉 – Groups 𝑏, 𝑐, and 𝑒, or
c. It is connected to only one useful node 𝑠 ∉ 𝑉 – Groups 𝑎 and 𝑑.
2. Otherwise, 𝑣 is not removed if is connected to more than one useful node reachable within 2 edges – Group 𝑔.
Note the step 1c is modified from the original method where 𝑣 is supposedly relocated
in a zone that would decrease the quantization error. This step is not useful for clustering
because it affects neither the number of clusters, nor the data items that are assigned to
a cluster. Therefore, the method can be simplified with our modification.

(a)

(b)

A Growing Neural Gas graph before (a) and after (b) pruning. The
shaded areas represent an input data distribution. 𝑉 consists of all nodes outside of these areas. The circled groups correspond to different cases considered by the algorithm for pruning the graph.
Once a graph is pruned (Figure 4b), the next step is to apply a clustering algorithm. While
it is possible to use a traditional method like K-means to cluster a graph for SOM, this is
not convenient for GNG-PP. For SOM, all the nodes are connected to their neighbors
and form a graph with only one component. In contrast, GNG-PP produces a graph with
potentially several components which can be interpreted as separate clusters. Hence,
we apply a simple algorithm to mark all nodes part of the same connected component
as one cluster. The data items are then assigned the same cluster as their closest node.
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4. EXPERIMENT SETUP
After the methods are introduced, we implement a comparison process for the selected
clustering methods as depicted in the Figure 5. The input dataset is first presented in
Section 4.1. and then prepared for clustering through a pre-processing method described
in Section 4.2. Then, the different combinations of dimensionality reduction and clustering algorithms are detailed in Section 4.3. Next, Section 4.4 introduces the hyperparameter optimization method used to carry out the best results from the clustering methods.
Further, the evaluation process and metrics are explained in Section 4.5. Finally, the
software tools used for the implementation are listed in Section 4.6.
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Illustration of the implementation.

4.1

Dataset

The dataset used in this study represents LTE mobile network measurements. LTE is a
specification of mobile networks globally. Its architecture is based on three main components. The User Equipment (UE) represent the mobile phones, tablets, or any device
that can connect to the network. The Evolved Packet Core (EPC) corresponds to multiple
modules handling the connections and the data traffic. Finally, the Evolved Universal
Terrestrial Radio Access Network (E-UTRAN) is the air interface system allowing UEs to
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connect to the EPC [48]. The system is composed of Evolved Node Bs (eNodeB), which
correspond to the hardware allowing the connections (Figure 6).

LTE network diagram, adapted from [11].
The dataset consists of about 6 million timestamped data points with 133 features recorded for 4.5 hours in a European medium-sized city. All the measurements were triggered by a connection establishment or release event between an eNodeB and a UE,
following monitoring specifications from 3GPP (3rd Generation Partnership Project). The
release and establishment events also include those which are related to handovers between LTE cells. A handover operation corresponds to the transfer of the connection
between a UE and an eNodeB to another one, which generally has a better signal. This
operation usually happens when the user moves away from an antenna and closer to
another. In addition, a total of 319 network cells were monitored in this dataset. A cell
represents a land area served by at least one radio station.

4.2

Pre-processing

While a measurement contains important information regarding the quality of the connection, not all the 133 dimensions are useful for detecting patterns for troubleshooting
the network. For example, the dataset contains multiple columns corresponding to identification numbers or other specific measurements unrelated to the health of the network.
In addition, a problematic behavior in a mobile network can rarely be assessed with a
single data sample. However, patterns can be found in a collection of data points recorded over a certain amount of time.
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Finally, the large volume of the input data would translate to a high computation cost for
the selected algorithms because they read data as input and, consequently, the execution time of an algorithm may be significantly slower.
For all these reasons, to improve the results and reduce the computation time, we decide
to pre-process the data before applying the clustering methods.

4.2.1 Aggregation and feature selection
First, as this study aims at supporting future RCA applications, we need to be able to
locate cells for which a potential cause is found. To solve this problem, the data points
are grouped cell-wise to obtain multivariate time-series for each cell. Then, we aggregate
the data cell-wise on a certain time-window. The choice of the time-window offers essentially different levels of granularity and computation cost.
During the aggregation, we collect several KPIs based on expert knowledge, in order to
analyze the air interface coverage and quality related issues:
•

RSRP 5th percentile: The Reference Signal Received Power is measured in decibel milliwatts (dBm) and correspond to the strength of the signal received by a
UE, in the downlink direction. We select the 5th percentile of the measurements
as most of them are relatively high and we seek to focus on problematic cells.

•

RSRQ 5th percentile: The Reference Signal Received Quality is also measured
in decibel milliwatts. It denotes the quality of the signal received by a UE. Like the
RSRP, this value is measured in the downlink direction.

•

SINR 5th percentile: The Signal to Interference plus Noise Ratio describes the
quantity of the signal that is actually interpretable in comparison to the received
interference and noise. This value is measured in the uplink direction by the
eNodeB.

•

Accessibility: This measure denotes the ratio of successful connections from a
UE to the network over all connection attempts.

•

Coverage: It is the ratio of measurements representing a sufficiently high coverage over all measurements. Hence a UE has a high coverage if the source cell
(the one the UE is connected to) RSRP is high enough (more than -115dBm) or
if it has a neighbor cell it can connect to with a high enough RSRP value (more
than -112dBm).

•

Interference: A neighboring cell to the UE is considered interfering with the source
cell if it operates on the same radio frequency and if the RSRP of both cells are
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similar (less than 5dBm of difference). Therefore, the interference KPI corresponds to the ratio of the interfering neighboring cells out of all the measured
neighboring cells.

4.2.2 Statistical standardization
The dataset contains features sampled from different distributions. For example, a ratio
from 0 to 1 for Accessibility and decibel milliwatts from about -140dBm to -44dBm for
RSRP. Standardization is a solution to prevent different feature ranges and mean values
to influence the comparison. Therefore, the dataset is standardized with the z-score formula (4.1) so that each feature set of values has a mean equal to 0 and a standard
deviation equal to 1:
𝑧=

𝑥 − 𝑥̅
,
𝑠

( 4. 1 )

where 𝑧 is the z-score, 𝑥 is a sample value of a feature set 𝐹, 𝑥̅ denotes the mean of 𝐹
and 𝑠 the standard deviation of 𝐹 [34].

4.3

Combination of methods

The comparison conducted in this study applies to a set of combinations of the presented
dimensionality reduction algorithms and clustering methods. The set is listed in Figure 5.
In this study, the codebook of vectors generated by the SOM is used as input for both Kmeans and OPTICS. However, GNG-PP is not applied to SOM as they both perform a
form of vector quantization. This would increase the quantization error significantly as
the number of inputs is considerably reduced. Therefore, we consider that comparing
both methods separately is more relevant.
PCA is used in combination with all three clustering methods presented. Contrary to
SOM, PCA does not reduce the number of data points but only the dimensions. Therefore, GNG-PP can efficiently perform vector quantization before clustering.
Finally, evaluating the performance of using a dimensionality reduction algorithm before
clustering can be of interest. Although the models are exposed to the curse of dimensionality, the dataset has a rather low (6) number of dimensions. Then it makes sense to
compare the clustering methods on the pre-processed dataset as well.
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4.4

Hyperparameter optimization

In machine learning, hyperparameters are parameters that are set to an algorithm before
training. Consequently, choosing the right hyperparameters for an algorithm can drastically change its output.
While hyperparameters can be chosen manually, it is not always the optimal method
because small adjustments may have a large impact on the output. This effect can make
hyperparameter selection a difficult task for humans and it applies to many of the hyperparameters used in the clustering methods compared in this study. Therefore, we use
a hyperparameter optimization algorithm in order to obtain better performances than if
we choose the hyperparameters manually.
There are several approaches to hyperparameter optimization. First, Grid Search can be
seen as a “brute force” method. Its procedure is to test all combinations of subsets of the
hyperparameter space and computing a performance measure for each combination.
One of the main issues of Grid Search is its exponentially increasing computation time
when adding more hyperparameters.
Random Search is a variant of Grid Search. It replaces the fixed set of hyperparameters
combinations by choosing them randomly and it has been shown to outperform Grid
Search [8]. However, other methods have been shown to perform better and converge
faster than Random Search, including Bayesian optimization [9].
Bayesian optimization is a method that builds a probabilistic model of an unknown function and attempts to maximize a target variable. In our case, the unknown function is a
clustering method and the target is a classification performance metric. Therefore, the
Bayesian optimization algorithm takes ranges of hyperparameters as input and will compute the unknown function with different parameters combinations. The algorithm learns
from its experiences and will select the next combination of parameters based on the
ones that have already been attempted.
Hence, there is one function per clustering method which hyperparameters need to be
optimized. One function will apply a clustering method on each set of time-window aggregations. In other words, one set corresponds to the aggregation of data points by
network cell for a certain time-window, as explained in Section 4.2.1. This is done so
that, in a real situation, clustering can be achieved in a reasonable amount of time on a
localized set of data incoming from the network monitoring tools.
Then, the classification performance metric corresponds to the median of all Silhouette
values calculated for each set. Silhouette [51] is a method to measure the quality of
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clusters of data. The Silhouette value is calculated based on the similarity of a data point
to its own cluster and to other clusters. It is comparable to the Davies-Bouldin index used
for cluster selection using K-means clustering. However, we choose Silhouette here as
it describes the results of clustering better: the Silhouette value ranges from -1 to 1,
where a value closer to -1 means data points are wrongly clustered (they should be part
of another cluster) and 1 means they are correctly clustered. In comparison, the DaviesBouldin index is ranged from 0 to the infinite and a small index corresponds to a better
clustering.
In addition, the median is used here instead of the mean of all Silhouette values. This is
because we assume a clustering method is not only good if the average performance is
high, but also if the algorithm performs consistently well. Therefore, the median offers a
better metric to be maximized by the Bayesian optimization method.

4.5

Evaluation

It is well known that there is no “free lunch” in machine learning [61], [62]. In other words,
there is no specific algorithm that can solve all problems, but rather algorithms that are
better suited for one or another use case. Therefore, we propose a set of four metrics to
evaluate the most relevant clustering method to use depending on the requirements of
the user.
First, the classification performance. The most important metric is the performance of the
method itself, or in other words, the quality of the clusters. Diverse measures have been
introduced in Sections 3.2.1 (DB index) and 4.4 (Silhouette). After several experiments,
we decide to use the Silhouette as it describes better the quality of the clusters with
manual verification. In particular, the classification performance corresponds to the mean
of Silhouette values obtained from clustering the time-windows subsets one at a time.
Then, the consistency of a method is measured. This metric allows us to evaluate how
the quality of the results varies from one input to another. Therefore, the consistency
corresponds to the standard deviation of the Silhouette values of the time-window subset
clustering. This way, in combination with the classification performance metric, we make
sure the evaluated algorithm has a similar performance on different input distributions
and not only for one fortunate situation.
Next, the computation time of a method is calculated. Depending on the use case, it may
be important to have a trade-off between computation time and performance. This is
measured as the average time used to process a clustering method (dimensionality reduction and clustering included) over the clustering of all time-window subsets.
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Finally, we measure the sensitivity to hyperparameter tuning of an algorithm. The methods that are analyzed in this study present different hyperparameters. The latter are often
essential to obtain the best possible output using the method, as described in Section
4.4. Therefore, the sensitivity metrics aims at measuring how difficult it is to find the optimal hyperparameters for a method, as they may change based on input. For this matter,
we calculate the sensitivity 𝑠 as formulated in [36] by the following:
∑𝑥∈𝑄(𝑓(𝑥, 𝐷) − 𝑝(𝑥, 𝐷))2
𝑠=√
,
|𝑄| − 1

(4. 2)

where 𝑄 is a subset of all possible hyperparameter combinations for a method 𝑚, 𝑓 is
the evaluation function of 𝑚, 𝑝 denotes the classification performance, and 𝐷 stands for
the collection of time-window subsets. In our case, 𝑓 correspond to the calculation of the
Silhouette value. Then, in order to obtain a measurement, we must perform Grid Search
as introduced in Section 4.4, where 𝑄 represents the set of parameter combinations to
process.
In addition to these measurements, we aim at identifying the meaning of the clusters
obtained from the different methods in order to evaluate their capacity to detect relevant
patterns. Therefore, we present a set of probability density functions (PDFs) for each KPI
and for each cluster to experts so they can annotate the different detected clusters.
These annotations are useful to determine the diversity of clusters a method can detect.
Further, the PDFs are estimated with kernel density estimation (KDE), which provides
smoothed functions based on random samples. KDE requires a bandwidth parameter ℎ
to control the smoothness of the estimation, which considerably influences the results.
While several techniques for choosing the right bandwidth ℎ to provide smooth functions
which can represent the data distribution accurately, this study uses Silverman’s rule-ofthumb [53] calculated the following way:
ℎ = 0.9 ∙ min(𝜎,

1
𝐼𝑄𝑅
)
∙ 𝑛 −5 ,
1.34

( 4. 3 )

where 𝜎 is the standard deviation of the samples, 𝐼𝑄𝑅 is the interquartile range, and 𝑛 is
the number of samples.

4.6

Software

In order to implement the different algorithms and compare their efficiency, a set of software tools were used. The project is implemented in the Python programming language
with several libraries:
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•

NumPy [46] is the fundamental package for scientific computing. The project implements it to manipulate matrices of data and perform mathematical operations
such as sorting, reshaping, averaging, calculating percentiles, etc.

•

SciPy [57] is built on top of NumPy and provides advanced statistical and mathematical functions. It is used for computing the KS test and the Pearson correlation coefficient.

•

Pandas [42] provides data structures and data analysis tools. Its use in the project
covers data extraction and removing inadequate items.

•

Scikit-learn [12] includes various machine learning features. The project uses its
implementation of K-means clustering, DB index, OPTICS, and sample datasets
generation.

•

SOMPY [44] is a library for SOM. Its structure is similar to the official MATLAB
SOM Toolbox [32]. Small corrections have been made to correspond to the needs
of this project.

•

NeuPy [52] implements various neural network models. The training of GNG
models happens through this library.

•

Matplotlib [29] is a popular 2D plotting library. It is used throughout the entire
project for all generated charts such as scatter plots, bar charts, SOM, etc.

•

Bayesian Optimization [45] is a library for – as the name indicates – computing
Bayesian optimization. It implements one of the most popular method for Bayesian optimization, using Gaussian processes.
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5. RESULTS AND DISCUSSION
This chapter presents the results obtained in this study and their analysis.
The first step of the experiment is to prepare the dataset. As previously mentioned, we
aggregate the input data by subsets of a certain time-window. The choice of the timewindow affects the granularity of the analysis. Due to the measurements being recorded
for a short amount of time (4.5 hours), we decided to select a small time-window in order
to keep a significant number of data points to process. Therefore, we chose a 10 minutes
time-window for this analysis, as it provides a reasonable amount of data and computation time. In addition, it is also expected that possible network events can be detected
within 10 minutes aggregations, based on expert knowledge.
Before clustering, we performed a hyperparameter optimization procedure using Bayesian optimization. The latter method requires bounds values – the minimum and maximum
values – for each parameter to optimize as input. Hence, the parameter bounds of the
different clustering methods, as well as the results obtained with Bayesian optimization
are described in Table 1 to Table 5. Additionally, the hyperparameters values that are
set manually based on trial-and-error and visual inspection can be found in the below
tables for comparison purposes. Note that the parameter bounds were chosen based on
the default values given by the software packages detailed in Section 4.6, as well as the
methods documentations provided with the software tools, and trial-and-error experiments.
In addition, some of the combinations do not need hyperparameter optimization since no
hyperparameters need to be set manually, namely for the combinations None – K-means
and PCA – K-means. Here, and in the remainder of the document, None stands for a
method that is not using any dimensionality reduction algorithm. In addition, some parameters are calculated following the instructions of the literature, as for the map width
and map length of the SOM, which follow the recommendations in [31].
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Table 1. Hyperparameter optimization bounds and results for SOM – K-means.
Rough training epochs

Fine training epochs

Minimum

25

12

Maximum

60

45

Optimized

50

19

Manually
chosen

25

30

Table 2. Hyperparameter optimization bounds and results for None – OPTICS and
PCA – OPTICS.
MinPts

ξ

Minimum

2

0.005

Maximum

20

0.5

Optimized

2

0.005

4

0.19

10

0.13

Manually
chosen (None
– OPTICS)
Manually
chosen (PCA
– OPTICS)

Table 3. Hyperparameter optimization bounds and results for SOM – OPTICS.
Rough training
epochs

Fine training
epochs

MinPts

ξ

Minimum

20

15

2

0.005

Maximum

60

50

20

0.5

Optimized

53

49

4

0.054

Manually
chosen

25

30

4

0.05

Table 4. Hyperparameter optimization bounds and results for None – GNG-PP.
Epochs

αmax

λ

Max.
nodes
number

εa

εb

Minimum

15

10

5

70

0.1

1.0∙10-4

Maximum

40

20

100

150

0.5

0.1

Optimized

36

20

18

102

0.5

0.1

Manually
chosen

9

6

60

100

0.03

0.004
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Table 5. Hyperparameter optimization bounds and results for PCA – GNG-PP.
Epochs

αmax

λ

Max.
nodes
number

εa

εb

Minimum

15

10

5

70

0.01

1.0∙10-5

Maximum

40

20

100

150

0.5

0.01

Optimized

21

20

71

118

0.01

0.01

Manually
chosen

13

8

45

150

0.08

0.004

Further, we analyze the results of the different methods in the first three following sections using the evaluation metrics results in Table 6 and the different clusters that were
identified by experts in Table 7. The methods are presented in the order of ascending
theorical complexity: K-means-based methods, then OPTICS-based methods, and finally GNG-PP-based ones.
Table 6. Evaluation metrics results.
Classification
performance
(mean)

Consistency
(standard
deviation)

Sensitivity

Computation
time (s)

None – K-means

0.43

0.20

-

0.47

PCA – K-means

0.47

0.14

-

0.48

SOM – K-means

0.39

0.05

0.038

8.17

Average

0.43

0.13

0.038

3.04

None – OPTICS

-0.03

0.04

0.174

0.11

PCA – OPTICS

0.26

0.03

0.245

0.12

SOM – OPTICS

0.07

0.14

0.195

11.74

Average

0.10

0.07

0.205

3.99

None – GNG-PP

0.47

0.20

0.194

1.81

PCA – GNG-PP

0.39

0.18

0.252

1.20

Average

0.43

0.19

0.223

1.51
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Table 7. Clusters identified by experts. Low, Medium, and High correspond to equally distributed ranges of values relative to the KPI data distribution.
RSRP

RSRQ

SINR

Accessibility

Coverage

Interference

Low
power / Performance
degradation

Low

Low or
Medium

Low

High

High

Medium

Low
coverage

Low or
Medium

Low or
Medium

Low or
Medium

High

Low or
Medium

Low

Good /
Normal

High

High

High

High

Medium
or High

Low

Inter-site
interference

Medium

Medium

High

High

Medium
or High

Medium

Medium
downlink /
high uplink

Medium

Medium

High

High

Medium

Medium
or High

5.1

K-means-based methods

Several key points can be observed from the evaluation metrics results in Table 6. First,
K-means-based methods have one of the best classification performances on average
(0.43) in comparison to the other two categories (0.10 for OPTICS and 0.43 for GNGPP). Then, K-means has a low consistency (high Silhouette standard deviation) and the
lowest sensitivity to hyperparameter tuning, on average in comparison with the other
methods. Finally, the computation time of K-means itself is fast with PCA (0.48s) and
None (0.47s). Running SOM before K-means considerably increases the computation
time (8.17s). This phenomenon is also observed for OPTICS and is mainly due to the
training process of SOM.
Therefore, the sensitivity is only calculated for SOM – K-means because no hyperparameter needs to be optimized for the other methods. For this method, only the parameters of SOM are optimized (Table 1) and concern the number of training epochs of the
algorithm. The minimum values for Bayesian optimization are set following the instructions for a sufficient training in [31], and thus longer training procedures do not affect the
results of SOM significantly, explaining the low sensitivity.
Then, the high standard deviation can be deduced by two assumptions: (1) K-means
clusters tend to cover the same size of the data space. As detailed in Section 3.2.1, the
algorithm splits the data in clusters such that each data point is assigned to the closest
vector 𝜇𝑖 , which represents the mean of all data points associated to it. Therefore, the
data points tend to be equally distributed over the data space – not to be misinterpreted
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with the number of data points per cluster – in separate clusters, as depicted in Figure
7.

(a)

(b)

Clusters plots using PCA – K-means. (a) represents the worst cluster set
(Silhouette value = 0.33). (b) represents the best cluster set (Silhouette value =
0.91).
Then, the second assumption (2) is that the data space can be considerably different
from a time-window subset to another. An example of this phenomenon can be observed
in Figure 7 for PCA – K-means. PCA offers a 2D representation of the dataset and generally forms two kinds of data shapes: one represents a blob shape where data points
are denser in the center and are more distant between each other as they are farther
from the center, as in plot (a). The second typical shape is an elongated blob and constituted of a few outliers (b). Consequently, some cluster sets result with a high Silhouette
because clusters are well separated, while others perform worse because the data points
are spread around a central point.
Further, by analyzing the PDFs obtained from the clusters, we can deduce that the identification of clusters computed by K-means with SOM and None is limited. This limitation
can be explained by the low number of detected clusters for the methods using SOM or
None: 2.3 and 2.1 clusters on average, respectively. As a consequence, very few patterns can be identified with these methods. In addition, the behavior of K-means to detect
clusters with a similar data space size makes clusters cover large areas (because of their
low number). Therefore, clusters likely contain data points that can be distant from others
in the same cluster. Consequently, this phenomenon increases the variance of the PDFs
and makes clusters more difficult to distinguish.
Therefore, observations show that methods using SOM and None can separate a dataset in two clusters most of the time: a Low power / Performance degradation cluster
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and a Good / Normal cluster (as defined in Table 7). This classification is made by observing that both clusters cover the same ranges of KPIs over different time-window. An
example using SOM – K-means is depicted in Figure 8. Here, the cluster 0 has a higher
coverage, higher RSRP, higher RSRQ, higher SINR and lower interference (i.e. the
Good / Normal cluster) than the cluster 1 (i.e. the Low power / Performance degradation
one). These two clusters can be observed regularly over different time-window subsets.

Sample PDF plots for each KPI obtained using SOM – K-means. Two
clusters can be identified.
Then, in the case of PCA, the average number of detected clusters is higher (3.6) than
with the two other solutions. Therefore, we conducted clusters annotation with expert on
PCA – K-means. First, we observe that a large number (91%) of the obtained clusters
have enough points to be considered reliable. We consider a cluster reliable if it is associated with more than 1% of the data points, which corresponds to strictly more than 3
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points on average. Then, this method can also detect Low power / Performance degradation and Good / Normal clusters in most of obtained the cluster sets, where they are
detected together in 93% of the sets, as reported in Table 8. However, in contrast to
SOM and None, which can almost only detect the two latter causes, the method using
PCA can find more patterns, such as Low coverage and Inter-site interference.
Table 8. Presence of identified clusters in all time-window subsets for PCA – K-means. Unreliable clusters (with less than three data points) are excluded.

PCA –
K-means

Low power
/ Performance
degradation

Low
coverage

Good
/ Normal

Inter-site
interference

Medium
downlink
/ high
uplink

100%

37%

93%

19%

0%

One major drawback of clustering with K-means is the presence of overlapping PDFs
between clusters. This problem affects the clusters identification since several clusters
can be assigned the same cause, which could be problematic for further use of this
method, in an automatic identification system for example.
This phenomenon is depicted in Figure 9. We can observe that clusters 0 and 1 present
similar PDFs for all the KPIs, and consequently a similar cause: Low power / Performance degradation. This issue can usually be observed for blob-shaped data (as for the
example in Figure 9), which therefore can be explained by the first assumption (1).
In the case of clustering elongated blobs, clusters may show different behaviors between
a group of outliers and the main blob. However, they are rarely well separated and a
cluster of outliers usually contains data points from the main blob as well.

33

Sample PDF plots for each KPI obtained using PCA – K-means.
As a conclusion, K-means-based methods offer a solution that is fast to implement and
compute. In combination with PCA, K-means can detect two main patterns in addition to
a few smaller causes. However, the identification of these clusters can sometimes be
difficult due to the large variance of feature PDFs caused by the tendency of K-meansobtained clusters to cover equally sized areas in the data space.

5.2

OPTICS-based methods

OPTICS clustering offers the worst classification performance on average out of all three
clustering algorithms (Table 6). In particular, None – OPTICS classification performance
is the lowest out of all nine combinations (-0.03). However, regardless of the low values
for this metric, OPTICS clustering highlights limitations of Silhouette.
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First, the average number of clusters detected using None (69.9) or PCA (88.8) is excessively high with relation to the number of input vectors (292 on average) and to potential network faults. On the one hand, for PCA – OPTICS, the classification performance (0.26) remains comparable to the results obtained for K-means and GNG-PP.
This can be explained by the way the Silhouette value is calculated: a high Silhouette
reflects dense clusters (1) that are distant from each other (2). This is the case for None
and PCA: clusters that contain few data points and are dense (1), and clusters are well
separated (2).
On the other hand, the classification performance using None is close to zero (-0.03)
which may be explained by the curse of dimensionality. The differences in distance between the data points being reduced with higher dimensions, clusters can be neither as
dense as for PCA, nor as distant from each other.
This low performance can be explained by the hyperparameters obtained with Bayesian
optimization (Table 2). Here, 𝑀𝑖𝑛𝑃𝑡𝑠 = 2 and ξ = 0.005 i.e. the lowest possible values
that could be obtained w.r.t the parameter bounds. With these parameters, OPTICS will
be able to detect clusters with a minimum of 2 points and the low value for ξ means the
algorithm will detect clusters with little significance – as explained in Section 3.2.2.
The mapping between the hyperparameters and the target values (median Silhouette)
obtained during Bayesian optimization is depicted in Figure 10. While the maps show a
convergence to the previously used hyperparameters, there are other combinations
which offer similar results, especially for None – OPTICS.

(a)

(b)

Bayesian optimization maps for None – OPTICS (a) and PCA – OPTICS
(b). The color range denotes the linearly interpolated median Silhouette values
obtained from clustering.
We can compare the results obtained for these two methods with Bayesian optimized
parameters against the manually chosen ones (Table 2). In the latter case, the number
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of clusters on average is considerably reduced for None (3.2) and PCA (2.4). In addition,
their classification performance is lower (-0.06 for None and 0.23 for PCA) and their
standard deviation increased considerably: 0.27 and 0.42, respectively. However, regardless of the lower classification performance and higher standard deviation, clusters
can be identified with more ease because their number is lower, and they contain more
data points.
In Figure 11, we can observe the PDFs of a sample clustering set obtained with PCA –
OPTICS in which the clusters -1 and 0 present PDFs that are very similar. This is confirmed by the causes identified by experts, since we can annotate both cluster -1 and 0
to Low power / Performance degradation.

Sample PDF plots for each KPI obtained using PCA – OPTICS with
manual hyperparameter selection.
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Then, for the same sample, the classification performance is -0.12, which means data
points are evaluated as belonging to the wrong cluster, according to the definition of
Silhouette [51]. This can be observed in the data points scatter plot (Figure 12) for the
same sample as in Figure 11, where the cluster 0 is surrounded with data points belonging to the cluster -1 and the distance between the centroids of clusters 0 and -1 is small.
In addition, choosing the hyperparameters for OPTICS is not trivial due to the high sensitivity of the method (Table 6). Therefore, a compromise must be made between the
number of clusters detected and their relevance. In the case of the latter sample, changing the parameters may increase the number of irrelevant clusters, or prevent the detection of interesting clusters, like the cluster 1 which can be identified as Good / Normal.

Sample clusters plot using PCA – OPTICS with manual hyperparameter
selection.
Therefore, the latter observations highlight a limitation of the classification performance
metric as it is not necessarily reflecting the capability of the method for recognizing relevant patterns. Indeed, internal evaluation metrics such as the Silhouette and the DB index do not consider pattern relevance as a factor. However, other evaluation methods
usually involve the requirement for labeled data, which is considered unavailable in this
study. This is one of the reasons why expert annotation is needed for a better evaluation
of the method.
Another aspect to consider is the capacity for OPTICS clustering not to detect any cluster
for a given dataset in contrast to K-means, for which we force the minimum number of
clusters to be 2. While such cases are not considered for the calculation of the classification performance and consistency metrics, their interpretation is ambiguous. A high
proportion of failed detection can either mean the clustering method is not adapted, or
the dataset does not contain abnormal behaviors. However, comparing these results with
those for other clustering methods reveals that different causes can be identified, which
means OPTICS-based methods can fail to detect them.
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In the case of SOM – OPTICS, it is also possible to distinguish the two Good / Normal
and Low power / Performance degradation clusters in most cases. In contrast to the
methods using None and PCA, using SOM with Bayesian optimization provided hyperparameters that produce clusters that can be identified distinctively. This can be explained
by the vector quantization performed by SOM which reduces the number of data points
and therefore the distance between the ones that are close to each other.
However, the main issue with SOM – OPTICS is that it detects very few clusters: 25% of
the resulting cluster sets only contain one cluster, while 67% contain 2 clusters. This
difficulty can be observed in the reachability plots in Figure 13 in which valleys are very
flat, thus making potential clusters difficult to be detected.

(a)

(b)

Sample reachability plots for SOM – OPTICS. (a) shows a detected
cluster which forms an almost-flat valley (Silhouette value = -0.05). (b) shows
small valleys are detected (Silhouette value = 0.27).
Further, we observe in Table 6 that OPTICS clustering is the fastest clustering method
compared to K-means and GNG-PP (regardless of the dimensionality reduction process). However, if this is the case for a small dataset like the ones used in this study, the
computation time will increase exponentially as the complexity for this algorithm is 𝑂(𝑛2 )
if the distance 𝜀 is infinite, which is the case in our experiment. Therefore, for larger
datasets, it is recommended to choose a smaller value for 𝜀 to reduce the computation
time.
To conclude, the results from this study shows OPTICS-based methods offer limited results for finding patters of mobile network faults. While these methods can sometimes
detect two main patterns, they have not been able to detect other patterns driven by a
smaller number of data points. Instead, a larger number of clusters often result in finding
variants of main clusters that are not enough significantly different. The outcome for
OPTICS is likely to be similar with other density-based clustering algorithms, as the data
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points do not visually appear to form several clusters based on denser areas, in most
cases.

5.3

GNG-PP-based methods

GNG-PP-based methods offer one of the best classification performances on average,
but also the highest standard deviation (hence the lowest consistency), highest sensitivity, and highest computation time without using dimensionality reduction (Table 6). GNGPP is also the method that requires the most hyperparameters to select (6), which increases the method setup difficulty.
In comparison to the two other clustering algorithms, clustering with GNG-PP provides
slightly more clusters on average (3.4 for None and 3.8 for PCA). In addition, clusters
are usually easier to identify because their variance is smaller. As an example, Figure
14 shows the PDF plots for a sample clustering set obtained with None – GNG-PP. In
this case, the four clusters have distinctively different patterns and, in contrast to Kmeans, overlapping clusters are rare for GNG-PP.
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Sample PDF plots for each KPI obtained using None – GNG-PP.
We observed that distinctive patterns are also visible in most cluster sets obtained with
GNG-PP. Therefore, the proportion of presence of the different identified causes is reported in Table 9. We can observe None – GNG-PP can detect Good / Normal clusters
in only 11% of cases, when the latter cause is widely identified with K-means. On the
other hand, PCA – GNG-PP detects the latter cause more often (in 74% of cases) as
well as more diverse causes.

40

Table 9. Presence of identified clusters in all time-window subsets for GNG-PP-based methods. Unreliable clusters (with less than three data points) are excluded.
Low power
/ Performance
degradation

Low
coverage

Good
/ Normal

Inter-site
interference

Medium
downlink
/ high
uplink

None –
GNG-PP

100%

7%

11%

0%

0%

PCA –
GNG-PP

100%

19%

74%

7%

4%

If GNG-PP clustering appears to detect clusters more accurately, we can observe it can
sometimes provide clusters with a very small number of data points. In this study, we
consider that clusters with three or less data points are not reflecting a recurrent pattern
and are unreliable. Therefore, only 41% for None and 63% for PCA, of clusters are reliable. This problem is mainly causing the lack of diverse clusters identified as shown in
Table 9, because many of the unreliable clusters tend to show patterns that could be
identified.
Further, this problem can be explained by the training process of GNG-PP, which stops
after a given number of epochs and try to approach a vector picked from the input distribution. Therefore, the algorithm may terminate in a state in which nodes do not map to
the correct patterns and consequently explain the low consistency. An example of this
phenomenon can be observed in Figure 15, where the cluster 2 only maps to three data
points.

Sample clusters plot using PCA – GNG-PP. The graph is generated by
GNG-PP and the smaller points represent data points.
The latter issue can be mitigated by adjusting the different hyperparameters for GNGPP. For example, reducing the winner and neighbor learning rates would reduce the
probability to have nodes that are far away from the denser part of the graph, because
node updates would be less significant. However, the algorithm will detect less clusters
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and may be less efficient. Finding the right compromise to obtain the most accurate results without having irrelevant clusters is not trivial, which can explain the high sensitivity
of the method.
Another possible solution to improve the results would be to have a larger dataset, in
particular with a greater number of network cells. This is expected to increase the number
of faulty cells and therefore increase the reliability of rarer patterns.
Then, it is also possible for GNG-PP-based methods not to detect any clusters, like for
OPTICS-based methods. Again, this phenomenon can be expected if all the cells are
behaving normally, but it cannot be verified with unlabeled data.
Regarding the long computation time, we observed it is mainly dependent on the number
of epochs, the maximum number of nodes and the input vector size. Therefore, one can
adjust these parameters depending on the importance of computation time for their usage.
To conclude, GNG-PP-based methods appear to perform similarly to K-means, but
trades performance for a lower consistency, higher sensitivity and longer computation
time. In contrast to K-means, GNG-PP provides more accurate clusters (with less variance) but also more unreliable ones. However, with datasets containing a larger number
of cells, GNG-PP may perform significantly better than K-means.
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6. CONCLUSION AND RECOMMENDATIONS
As the mobile network industry grows, mobile network systems become more complex
and costly to maintain. As an effort for automating and reducing troubleshooting costs,
Self-Organized Networks, and in particular self-healing concepts, were introduced into
4G LTE technology. While a variety of studies were conducted in order to improve mobile
network troubleshooting, no review was found on clustering algorithms, supposedly well
suited for this task which generally involves unlabeled datasets. Therefore, the present
thesis proposes a comparison of several clustering methods in order to offer a selected
set of relevant data to experts.
The methodology first considers pre-processing real mobile network data that could be
used by experts for troubleshooting. Then, several combinations of dimensionality reduction algorithms and clustering models are applied and evaluated with different metrics. Finally, the clusters obtained from the most performant methods are annotated by
experts to evaluate their relevance.
Therefore, the results show that methods based on OPTICS, a density-based model, are
not well suited for the task as they rarely detect more than two relevant mobile network
causes.
Then, a popular centroid-based model – K-means – can detect various patterns with a
high proportion of reliable clusters – those which contain more than 1% of the input dataset –. The algorithm appears to be especially efficient when preceded by the dimensionality reduction algorithm PCA. However, the clusters obtained with this method often
overlap each other and have a large variety of data points making the cluster identification more difficult.
The last clustering algorithm addressed in this study was GNG-PP, a neural model. Like
K-means, it is able to detect main patterns as well as more specific ones. On the one
hand, GNG-PP is slower, more unstable, and more complex than K-means. It also provides more unreliable clusters that have insufficient data points to be significant. On the
other hand, this method can provide more accurate clusters in which data points follow
the same pattern and have a smaller variance, thus making the annotation easier.
In a nutshell, K-means-based methods would be especially recommended for systems
which input dataset contains data for a small number of cells or requires fast processing.
However, as larger systems are common in the industry, GNG-PP may perform better in
such cases because more input data points are expected to improve the reliability of
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clusters. Therefore, the clusters are more accurate than with K-means and contain network cells that are more relevant, consequently saving more time for experts.
Future research paths include a deeper comparison based on datasets of different sizes,
especially larger ones, as well as labeled synthetic data. This would enable the possibility
to compare clustering algorithms with the results of other studies using generated datasets.
Then, a system that automatically identifies root causes owing to a limited number of
labeled clusters could be investigated. Such a system was developed in [26] with SOM
– K-means, which can possibly be applied to our recommendations.
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