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This chapter serves as an introduction to this dissertation. In it, the framework 

where it has been developed is presented. Going into further detail, standalone 

photovoltaic installations and their energy storage systems are described. The tools 

explored in the rest of the dissertation, Hybrid Energy Storage Systems, and Machine-

Learning techniques, are introduced. Finally, the chapter presents the objectives of the 

thesis. 



 

 



 









 



 



 

 

 

 

 



 



Chapter 2: Energy Storage in Standalone 

Photovoltaic Installations

Chapter 1: Introduction

Chapter 3: Hybrid Energy Storage Systems in 

Standalone Photovoltaic Applications

Chapter 4: Installation Failure Prediction with 

Machine Learning Methods

Chapter 5: Battery Aging Estimation with Machine 

Learning Methods

State of 
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Systems

Chapter 6: Conclusions



 

 

 



 





 

This chapter delves into the problems of standalone photovoltaic installations, 

which rely on a solar-based energy generation system and a battery-based energy 

storage system. The focus is modeling and sizing these energy systems, the issues they 

face, and proposals on how to improve their performance and operation. 
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This chapter introduces Hybrid Energy Storage Systems as a solution for the 

problems of standalone photovoltaic installations. The storage technologies, sizing, 

and management of these systems are studied, and a specific solution is proposed for a 

case study. The system is implemented in a real installation, and its behavior is 

analyzed over some months of operation. 
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This chapter addresses failure prediction in standalone photovoltaic installations, 

as a means to provide more information to energy management strategies and 

operators. This way, batteries can be intelligently charged or preemptive maintenance 

tasks can be scheduled. 
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This chapter addresses aging estimation for lithium-ion batteries like the ones proposed 

for HESS in previous chapters. This is necessary to develop models that are more robust 

and control algorithms. The goal is to determine the remaining useful life of batteries 

embedded in the application, by using simple test cycles, extracting key features from them, 

and training machine learning algorithms. 
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This chapter collects the main conclusions of the previous chapters and establishes 

plausible future research lines. 
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