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Summary:

In LTE networks, choosing the handover parameters is critical due to the two con-
tradictory handover problems: radio link failures and ping-pongs. In this thesis,
the users in the network are categorized according to their speed and data traf-
fic, where each category of users is assigned different handover parameters to
enhance its experience. An optimization algorithm is developed and then fuzzy
Q-learning optimization technique is used to optimally choose the handover pa-
rameters for the different users. Consequently, the optimum handover parameters
can be reached automatically. Simulations show that the proposed techniques
can optimize the handover parameters for each category of users by minimizing
the effect of the handover problems in this category. Also, simulations show
that fuzzy Q-learning has the minimum handover problems compared to other
techniques in the literature. Moreover, it has the optimum results even when the
number of users in the network changes and it is not affected by the dynamic
variations of the users’ speeds.
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Abstract

In Long Term Evolution networks, the aim of self-optimization is to collect the mea-
surements from the users and network nodes to enhance the network performance. Mobil-
ity robustness optimization (handover) is one of the main goals of self-optimization net-
works where the handover parameters are chosen automatically to cope with the changes
in the network. Usually, there are two contradictory handover problems: radio link fail-
ures and unnecessary handovers (ping-pongs). Decreasing some handover parameters
(e.g. handover margin) leads to less radio link failure, but higher ping-pongs. This is not
good for the network operators, as high ping-pongs rate causes large signalling overhead
to the network. However, having a high radio link failure decreases the users’ satisfaction,
especially the users using real time data (VOIP and video). For the users using non-real
time data (e.g. web browsing and F'T P download), the radio link failure problem will not
severely affect their satisfaction.

In the first part of the thesis, a new algorithm is introduced to choose the most suitable
values of the handover parameters, based on the user’s behavior. This is done by catego-
rizing the users in the network into four categories. The categorization is done according
to the users’ speeds and the data traffic used (real time traffic versus non-real time traffic).
The handover parameters in each category are optimized independent from the other cate-
gories. The proposed algorithm shows a better performance for each category of users in
terms of the most preferred metric for this category compared to dealing with all users as a
single category. The drawback of this algorithm is that the values by which the handover
margin changes should be determined by human experience or by trial and error.

Therefore in the second part of the thesis, fuzzy logic controller is used to automat-
ically minimize the handover problems. The best actions of the fuzzy logic controller
system are chosen using Q-learning technique, which is a popular reinforcement learning
technique. Since the users are categorized into four categories according to their speed
and the data traffic they use, the fuzzy Q-learning technique is applied to each category of
users solely. Fuzzy Q-learning proved its effectiveness than the first proposed solution and
the previous work on the category scale. Also, it has the minimum total handover prob-
lems. Moreover, the system depended less on the human experience, as the parameters of
the fuzzy logic controller are determined using the Q-learning technique. The proposed
fuzzy Q-learning technique showed robustness to changes in the number of users in the
system, as it is still the best solution when the number of users is halved or even doubled.



Chapter 1

Introduction

In this chapter, we explain the concept of self-organizing networks in LTE, which
is divided into self-configuration, self-optimization and self-healing. Within the self-
optimization, we explain the mobility robustness optimization (handover) problem which
is required to be solved within the network automatically. Also, we explain the fuzzy
logic controller, Q-learning technique and how they are used together.

1.1 Self-Organizing Networks (SON)

In Long Term Evolution (LT E), the network size increased dramatically. The number
of network nodes (eNBs) as well as the number of users (U Es) has increased, so the term
self-organizing networks (S ONs) has arisen. The aim of S ON networks is to automati-
cally configure the network parameters and decrease human intervention to just monitor-
ing the S ON processes. In other words, performance measurements are collected from the
network and then the parameters are set according to the configuration management [1].
Moreover, the network should be tolerable to any fault in the elements. S ON is divided
into three cases: Self-configuration, self-optimization and self-healing. In the first, the
new nodes are automatically configured during installation process [2]. The second is
considered the process in which the measurements of the users and the network nodes are
used to enhance the network performance. The last aims at reducing the impact that arises
from the failure of a network node. This healing is done by re-adjusting the parameters
in the neighbor cells so they can serve the users of the failed node. Self-configuration
is handled before the operation of the network nodes, while self-optimization is applied
during the operation of the network nodes [2].

1.1.1 Self-Configuration

Self-configuration is a pre-operational stage to minimize the long periods of getting
the optimum configuration at the deployment stage of new cells. It is divided into auto-
connectivity, auto-commissioning and dynamic radio configuration. Auto connectivity
is to set up the connection between the eNB and the network’s Operation And Manage-
ment (OAM) [1]. Auto-commissioning is to test the software and configuration of data,



