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Abstract

Cognitive Radio (CR) is the main enabling technology to solve the problem of spectrum scarcity
resulting from static allocation policies. This thesis focuses on Dynamic Spectrum Access (DSA) of
the Underlay type, which allows Secondary Users (SUs) to access the spectrum concurrently with
Primary Users (PUs) under the condition of strict adherence to interference constraints. The
challenge of efficiently allocating resources to ensure optimal performance under these complex
constraints constitutes the primary problem addressed by this research.

The core issue is to move beyond traditional performance metrics and shift towards maximizing
the Quality of Experience (QoE) for the end-user, which is quantitatively measured by the Mean
Opinion Score (MOS). To cope with the changing nature of the radio environment, the
Reinforcement Learning (RL) methodology was adopted for its superior ability to learn and make
decisions. In this research, two pivotal algorithms were applied and compared: the traditional Q-
Learning (QL) algorithm, and the Deep Q-Learning (DQL) algorithm, which integrates deep neural
networks to handle situations requiring speed in reaching the solution.

In this thesis, a central control model was proposed in which the Secondary Base Station (SBS)
acts as a single intelligent agent (Single Agent) that makes control decisions. This agent is
responsible for allocating Signal to Interference and Noise Ratio (SINR) thresholds for all
secondary users with the aim of maximizing the total MOS value while ensuring respect for
interference and distortion constraints. The simulation results and comparison with literature
showed the clear superiority of the proposed DQL model, as it achieved higher MOS values
(ranging between 4.8 and 3.86) and faster convergence speed (between 13.5 and 30 iterations).
In contrast, the proposed QL algorithm showed a lower Congestion Rate in scenarios with a large
number of users (more than 5), which clarifies that the DQL model is the most suitable for
maximizing Quality of Experience and response speed.
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Abstract

Cognitive Radio (CR) is the main enabling technology to solve the problem of spectrum scarcity
resulting from static allocation policies. This thesis focuses on Dynamic Spectrum Access (DSA) of
the Underlay type, which allows Secondary Users (SUs) to access the spectrum concurrently with
Primary Users (PUs) under the condition of strict adherence to interference constraints. The
challenge of efficiently allocating resources to ensure optimal performance under these complex
constraints constitutes the primary problem addressed by this research.

The core issue is to move beyond traditional performance metrics and shift towards maximizing
the Quality of Experience (QoE) for the end-user, which is quantitatively measured by the Mean
Opinion Score (MOS). To cope with the changing nature of the radio environment, the
Reinforcement Learning (RL) methodology was adopted for its superior ability to learn and make
decisions. In this research, two pivotal algorithms were applied and compared: the traditional Q-
Learning (QL) algorithm, and the Deep Q-Learning (DQL) algorithm, which integrates deep neural
networks to handle situations requiring speed in reaching the solution.

In this thesis, a central control model was proposed in which the Secondary Base Station (SBS)
acts as a single intelligent agent (Single Agent) that makes control decisions. This agent is
responsible for allocating Signal to Interference and Noise Ratio (SINR) thresholds for all
secondary users with the aim of maximizing the total MOS value while ensuring respect for
interference and distortion constraints. The simulation results and comparison with literature
showed the clear superiority of the proposed DQL model, as it achieved higher MOS values
(ranging between 4.8 and 3.86) and faster convergence speed (between 13.5 and 30 iterations).
In contrast, the proposed QL algorithm showed a lower Congestion Rate in scenarios with a large
number of users (more than 5), which clarifies that the DQL model is the most suitable for
maximizing Quality of Experience and response speed.
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